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Abstract

The opinions and experiences of other people constitute an important source of information in
our everyday life. For example, we ask our friends which dentist, restaurant, or smartphone they
would recommend to us. Nowadays, online customer reviews have become an invaluable resource
to answer such questions. Besides helping consumers to make more informed purchase decisions,
online reviews are also of great value to vendors, as they represent unsolicited and genuine customer
feedback that is conveniently available at virtually no costs. However, for popular products there
often exist several thousands of reviews so that manual analysis is not an option.

In this thesis, we provide a comprehensive study of how to model and automatically analyze the
opinion-rich information contained in customer reviews. In particular, we consider the task of aspect-
oriented sentiment analysis. Given a collection of review texts, the task’s goal is to detect the individual
product aspects reviewers have commented on and to decide whether the comments are rather posi-
tive or negative. Developing text analysis systems often involves the tedious and costly work of cre-
ating appropriate resources — for instance, labeling training corpora for machine learning methods
or constructing special-purpose knowledge bases. As an overarching topic of the thesis, we examine
the utility of distant supervision techniques to reduce the amount of required human supervision.

We focus on the two main subtasks of aspect-oriented review mining: (i) identifying relevant prod-
uct aspects and (ii) determining and classifying expressions of sentiment. We consider both subtasks
at two different levels of granularity, namely expression vs. sentence level. For these different levels
of analysis, we experiment with dictionary-based and supervised approaches and examine several
distant supervision techniques. For aspect detection at the expression level, we cast the task as a
terminology extraction problem. At the sentence level, we cast the task as a multi-label text cate-
gorization problem and exploit section headings in review texts for a distant supervision approach.
With regard to sentiment analysis, we present detailed studies of sentiment lexicon acquisition and
sentiment polarity classification and show how pros and cons summaries of reviews can be exploited
to reduce the manual effort in this context. We evaluate our approaches in detail, including insightful
mistake analyses. For each of the tasks, we find significant improvements in comparison to relevant
state-of-the-art methods. In general, we can show that the presented distant supervision methods
successfully reduce the required amount of human supervision. Our approaches allow to gather
very large amounts of labeled data — typically some orders of magnitude more data than possible
with traditional annotation. We conclude that customer review mining systems can benefit from the
proposed methods.

keywords: sentiment analysis, customer review mining, opinion mining, aspect-oriented review
mining, distant supervision, weakly labeled data, indirect crowdsourcing
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1. Introduction

1.1. Motivation

We had the pleasure to spend 7 days in Umbria and La Corte del Lupo. The B&B is
indeed very well located if you wish to explore both the north and the south of this region.
During our stay we visited Assisi, Perugia, Montefalco, Orvieto, Cortena, Gubbio and
Arezzo - all located between 30 minutes and 1h 30minutes drive from Pertana. [. . .]

Breakfast was included in our room price. Most products used are self made (choco
pasta, marmelade, ...) or local products (salami, cheese). Coffee and tea as well as some
juices are served, cereals too. They also serve meals in the evening. Don’t mistake this
with a top restaurant, but the meals are very nice and "honest" and it’s 4 course including
wine and coffee for only 20 € per person. [. . .]

Service in general was very helpful - thanks Andrea & Max. The views from the garden
are lovely. The place itself was a little difficult to reach, as our sat-nav didn’t pick it up
and some of the roads leading towards Nocera Umbra are new. [. . .]

I would definetely recommend this place to anyone who wants to stay out of towns, in
a pretty landscape but not too far from the many lovely hilltowns in Umbria.1

No, citing the above piece of text is not a new idea of funding a dissertation project by placing
advertisements in publications. In fact, the text is an excerpt of a typical customer review found
on the website of a popular travel portal. Like these, thousands of customer reviews are written
and published on the Web each day. The subjects are manifold, ranging from reviews of electronic
products, books, or movies to reviews of hotels or restaurants. Indeed, every ratable product or
service may be addressed — for example, students also rate their professors and lecturers2,3.

In general, opinions and experiences of other people have always been of interest for a great share of
us. We ask our friends, relatives, acquaintances (people whom we trust) which dentist, hairdresser, or
restaurant they would recommend us. We are interested in their opinions towards political issues and
we consult professional product reviews4 when buying a new digital camera. We normally strive for
making informed decisions and our decision-making processes are often influenced by the opinions
of others.

In the last decade the World Wide Web has emerged as another important source for this kind of
information. People more and more tend to share their views, opinions, and experiences online —
for example, by writing blogs, posting comments on a microblogging service (e.g., Twitter), using a
social networking service (e.g., Facebook or Google+), publishing a product review, or commenting in
discussion forums and other types of social media. Undoubtedly, an increasing share of public dis-
course and popular opinion is taking place on the Web. With regard to online customer reviews, this
vast amount of unsolicited and genuine feedback represents a valuable resource for both, consumers
and vendors:

As a consumer, we benefit from online customer reviews by making more informed purchase de-
cisions. For popular products/services we have the diverse experiences of thousands of other con-

1Excerpt of a customer review for the agriturismo "La Corte del Lupo" by user "SuperH0liday" on tripadvisor.com (http:
//www.tripadvisor.com/ShowUserReviews-g666701-d1649130-r67507290 — accessed 12/2012)

2http://www.ratemyprofessors.com/
3http://www.meinprof.de/
4e.g., "Stiftung Warentest" in Germany or "Comsumer Reports" in the US
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1. Introduction

sumers directly at our fingertips. Nowadays, if we want to purchase a new laptop, plan our next
vacation, or search for a good recipe of Tiramisù, we typically consult online reviews and ratings
prior to making our decision. While we ourselves can observe this behavior, market researchers also
report that online product research has become an integral part of the consumers’ "purchase experi-
ence" [149, 170, 187].

As a vendor, we are naturally interested in our customers’ opinions. In this context, social media
in general, and online customer reviews in particular, represent an increasingly important source of
information. Reviews represent genuine customer voices that primarily can help us to understand
our customers’ likes and dislikes. We can quickly learn about problems with our products or services
and react accordingly — for example, by improving the product or adjusting our marketing cam-
paign. We further know that customer reviews influence the opinions and ultimately may affect the
purchase decision of other consumers [86, 166]. We are thus strongly interested in what customers
are saying about our products or our brand as a whole. Being able to monitor and analyze social
media is thus a cornerstone for implementing an online reputation management strategy5. Besides
learning about our own customers, we may also be interested in learning what people think about our
competitors’ products. In general, the analysis of user-generated content in social networks, blogs,
customer reviews, etc. must be regarded as an additional, important source of knowledge for busi-
ness intelligence applications. For example, compared to traditional (structured) surveys the analysis
of genuine, unsolicited user feedback comes with the advantage of being available in real-time at
quasi no costs.

We summarize that there is a genuine information need with regard to discovering the public
and individual opinions towards a given subject (e.g., a product, service, or brand). Traditional in-
formation retrieval systems, in particular web search engines, are of little help towards satisfying this
information need. These systems cannot distinguish documents on a dimension related to opinion or
sentiment. For instance, an information need such as "retrieve all documents that speak in disfavor
of product X", cannot be adequately answered with a conventional Web search engine6.

In the introductory example, we have cited an excerpt of a single review. In fact it is one of about
60 other reviews for this particular B&B on this particular travel portal. For other accommodations,
located in more popular destinations, we frequently observe several thousands of reviews on a single
site. On the one hand, we have vast amounts of information at our fingertips. On the other hand, we
are confronted with an increasing information overload. For example, when searching for an appro-
priate accommodation, it is nearly impossible to read all the reviews of relevant hotels. Furthermore,
processing even a small share of the (often contradictory) information is by itself a difficult cognitive
challenge. In consequence, with the ever increasing amount of public discourse and popular opinion
taking place on the Web, there is a strong demand for automatically analyzing and summarizing
the opinions expressed in natural language text. Researchers and practitioners typically denote this
task as opinion mining or sentiment analysis.

Naturally, sentiment analysis is not constrained to the analysis of customer reviews. In fact, senti-
ment analysis is studied and applied in very different scenarios and domains, such as political debates
[23, 247, 454], financial news [48, 100], and as part of recommender systems [186, 226] or multiple-
perspective question answering systems [352, 353, 363]. Recently, large-scale sentiment analysis of
user comments in microblogging services (e.g., Twitter) has received increasing attention [47, 140].
A quite popular application of sentiment analysis took place during the 2012 Summer Olympics in
London: A light show on the London Eye was driven by the Twitter users’ sentiments about the
Olympics7.

In summary, application scenarios for sentiment analysis are manifold. Depending on the spe-

5see for example Beal and Strauss [33] or http://www.nytimes.com/2009/07/30/business/smallbusiness/
30reputation.html

6 Handling this type of information need is the objective of so-called sentiment retrieval systems [161, 242, 288].
7http://www.bbc.co.uk/news/uk-england-london-18918318
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1.2. Problem Statement and Contributions

cific domain or scenario, different tasks and subtasks in sentiment analysis become important. Most
obviously, the nature of textual data varies between different domains — for example, we typically
observe more formal language in newswire text compared to the rather informal language or slang
in microblogging posts. In consequence, the complexity of analysis, and with that, also the concrete
methods for sentiment analysis may differ widely. In this thesis we explicitly set focus on the spe-
cific application scenario of analyzing sentiment in online customer reviews. While we provide a
comprehensive overview of review mining in general, we are primarily interested in aspect-oriented
customer review mining. The task’s main goal is to automatically determine and assess expressions
of sentiment towards individual aspects of a product. For example, we may find that most hotel
guests were pleased with their room in general, but many complained about the slow Wi-Fi connec-
tion and the loud air conditioning system. A system capable of such a fine-grained analysis allows to
generate a detailed summary of the customers’ opinions and thus can help to alleviate the information
overload we outlined earlier.

Regarding the most common approaches to sentiment analysis, we may differentiate between su-
pervised machine learning and rule/dictionary-based approaches. In either case a great amount of
manual effort is necessary to build adequate systems. Whereas supervised machine learning ap-
proaches typically involve the expensive task of creating labeled training corpora, rule/dictionary-
based systems rely on the availability of comprehensive lexicons and manual fine-tuning of rule sets.
As an overarching topic of this thesis, we will examine the utility of weakly labeled data for reduc-
ing the costs involved with training machine learning models or creating lexical resources. Weakly
labeled data refers to training data where the class labels were determined heuristically and not by
human supervision. We will show that user-generated content (e.g., customer reviews) often repre-
sents an appropriate data source for extracting weakly labeled training corpora. In the ideal case, the
benefits with weakly labeled data are twofold: First, we can reduce costs of acquiring training data
to nearly zero and thus can more easily scale our applications to other domains or languages. Sec-
ond, the size of weakly labeled corpora frequently exceeds the size of conventional, manually labeled
training corpora by some orders of magnitude. We can thus hope to build more accurate machine
learning models.

1.2. Problem Statement and Contributions

The main goals of this thesis can be summarized as follows: We primarily examine the task of aspect-
oriented customer review mining. Given a collection of review documents, the goal is to algorith-
mically detect and analyze all expressions of sentiment towards the different aspects of a reviewed
product or service. This problem setting involves mainly two subtasks.

• Product aspects: Given a specific type of product or service (e.g., digital cameras or hotels), we
want to automatically derive the most relevant product aspects for this particular type. Which
aspects characterize a product? Which aspects are most commonly discussed in customer re-
views of this product (e.g., picture quality, battery life, ease of use)? Knowing the relevant prod-
uct aspects, we must further develop methods to detect mentions of them in natural language
text.

• Sentiment expressions: Reviewers refer to product aspects in different contexts. They may use
factual language and simply describe some aspects (e.g., "the camera has a 3x optical zoom") or
they may express their opinion towards an aspect (e.g., "the 3x optical zoom works perfectly").
We are primarily interested in the latter case. Our goal is to automatically detect expressions of
sentiment in customer reviews. We further aim at analyzing the polarity of these expressions.
We want to know whether an utterance is predominantly positive (e.g., "works perfectly") or
negative ("is totally crap").
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In this thesis, we address both subtasks on different levels of granularity. We consider a fine-grained
analysis on expression/phrase level as well as a more coarse-grained analysis on paragraph or sen-
tence level. For both tasks we examine dictionary-based as well as machine learning approaches. As
an overarching topic, we will study the utility of weakly labeled data for each of the different sub-
tasks and methodologies. It is not our ambition to build and describe a fully functional, production
ready review mining system. Few or no additional insights would be obtained by implementing such
a system. Instead, we put emphasis on directly studying, implementing, and evaluating the relevant
subtasks/subcomponents of such a system. In detail, our contributions are as follows:

1.2.1. Models and Text Corpora

• As a starting point, we provide a detailed analysis about how sentiments are expressed in cus-
tomer reviews at different levels of granularity. We develop a discourse oriented model that can
be implemented at the sentence or paragraph level. We further devise an expression level model
that addresses the phrase level. We compare our models with various other models found in
the literature.

• We implement both models by creating precise annotation schemes and guidelines. Based on
this, we create four different, manually annotated text corpora. In particular, we consider the
relatively diverse domains of hotel and digital camera reviews. For each application domain,
we annotate two corpora (i.e., according to the two different levels of granularity). Each corpus
comprises several hundred annotated customer reviews.

• The text corpora primarily serve us for evaluation purposes, but also help us to understand
the problem setting more thoroughly. We present a detailed corpus analysis that provides in-
sight into which linguistic phenomena are relevant and need to be tackled when performing
sentiment analysis in customer reviews.

• We present a hierarchical model (denoted as product type taxonomy) that allows to integrate prod-
uct aspects at different levels of granularity. The model distinguishes a mention level and a con-
cept level and allows to encode semantic relations (e.g., "part-of" or "type-of") between different
aspects.

1.2.2. Product Aspect Extraction

We distinguish between fine-grained product aspect detection at the mention level and coarse-grained
detection at the concept level.

Fine-grained Analysis (Expression Level)

• For fine-grained analysis, we cast the task of determining a set of relevant product aspects as
an instance of a terminology extraction problem. Given a collection of reviews for a specific prod-
uct type, we automatically (unsupervised) generate a dictionary of associated product aspects.
We propose a pipeline architecture that involves steps such as candidate acquisition, candidate
filtering, variant aggregation, candidate ranking, and candidate selection. The components for
each step are exchangeable. We propose and experiment with varying algorithms (e.g., different
ranking metrics or acquisition heuristics).

• We consider an approach that uses weakly labeled data to improve the candidate filtering step.
We show that the data helps to increase the overall extraction accuracy.
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• We examine a dictionary-based approach to detect product aspects in customer reviews on the
mention level. Based on this approach, we can extrinsically evaluate the performance of our
terminology extraction pipeline.

• We manually refine the automatically created dictionaries and create knowledge bases accord-
ing to the product type taxonomy model introduced earlier. We show that manual refinement is
relatively effortless and allows to further increase the performance of fine-grained aspect detec-
tion.

Coarse-grained Analysis (Sentence Level)

• Also for coarse-grained analysis, the first step is to acquire a set of domain relevant product
aspects. We propose and examine an approach that is based on probabilistic topic modeling. Thus,
instead of relying on the knowledge of domain experts, we follow a data-driven approach. We
consider the method as being an integral part of a semi-automatic process where final results
depend on some manual refinement. We experiment with different document representations
and test varying parameter settings.

• We formalize the task of discovering coarse-grained product aspects as an instance of a hi-
erarchical multi-label classification problem. We consider the task at the sentence level, that
is, we classify sentences according to a set of predefined aspect-related topics. We compare a
dictionary-based approach (utilizing our product type taxonomy) with a supervised machine
learning approach. For the latter, we cast the task as a multi-label text categorization problem
and experiment with varying feature sets.

• For the same task, we also consider the utility of weakly labeled data. We propose a method
that extracts weakly labeled corpora by interpreting section headings as labels. We find that
classifiers trained on the automatically generated corpora show a similar classification accuracy
compared to classifiers trained on manually labeled data.

1.2.3. Sentiment Analysis

Fine-grained Analysis (Automatic Sentiment Lexicon Creation)

• Sentiment lexicons provide information about the sentiment status (e.g., the polarity or associated
emotion) of individual words and phrases. Whereas the major share of existing work considers
general purpose lexicons, we postulate and show that domain adapted dictionaries are better
suited for sentiment analysis in customer reviews.

• We propose a fully automatic method that exploits short summaries in customer reviews (the
pros and cons listings) to generate highly accurate, domain-specific sentiment lexicons. We
compare our method to four other state-of-the art approaches, including two thesaurus-based,
automatic approaches, as well as two handcrafted lexicons. As our method is fully automatic, it
scales out well to other domains. Besides being domain-specific, the lexicon is even capable of
defining polarity as a function of concrete sentiment targets. For example, we may have multiple
entries for the word "short", e.g., "short battery life" is negative, whereas "short shutter lag" is
interpreted positive.

Coarse-grained Analysis (Sentiment Polarity Classification)

• We provide a detailed analysis of supervised methods for the task of sentence level polarity
classification in customer reviews. We consider binary (positive vs. negative) and ternary classi-
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fication (positive vs. negative vs. factual/objective). We discuss and experiment with varying
feature sets and machine learning configurations.

• Again, we identify the pros/cons summaries of reviews as an adequate source for weakly la-
beled training data. We propose highly accurate methods for extracting and filtering such data.
We can show that these automatically created corpora can perfectly substitute (expensive) man-
ually labeled training data for the task of binary polarity classification.

• The task of ternary polarity classification typically involves a subjectivity detection step (i.e., dis-
tinguishing between objective and subjective passages). Using the weakly labeled data, we
examine an approach based on one-class classification with support vector machines.

1.3. Thesis Outline

We structure the thesis into four larger parts, namely Part I "Background", Part II "Models, Datasets,
and Problem Analysis", Part III "Tasks and Approaches", and Part IV "Discussion" (see Fig. 1.1, which
illustrates the thesis structure).

Part I covers two chapters that introduce the two main topics of this thesis: Chapter 2 provides an
overview of sentiment analysis in general and customer review mining in particular. We introduce
the relevant terminology in the field of sentiment analysis, discuss the main tasks and challenges in
customer review mining, and present some existing systems, including commercial products. Chap-
ter 3 gives an overview of the work with weakly labeled data. We take a holistic view and embed
this topic as part of a more general question, namely how to reduce the manual effort entailed with
creating labeled training copora.

Part II represents the linguistically oriented part of this thesis. Measuring and algorithmically treat-
ing the expression of opinions, require formalisms that can approximate this complex phenomenon of
natural language. Part II covers our attempt to do so. Chapter 4 formalizes the expression of opinion
for the domain of customer reviews. We elaborate on a coarse-grained discourse oriented model, as well
as on a fine-grained expression level model. We implement both models as annotation schemes which
we describe in Chapter 5. The chapter further presents basic statistics of our annotated text corpora
and all other datasets we use within the thesis. Chapter 6 presents the results of an annotation study
that we have conducted on the developed text corpora.

Part III addresses concrete approaches for subtasks of aspect-oriented review mining. We subdivide
the part into four relatively independent chapters, each addressing a different subtask. Chapter 7
covers the subtask of identifying the relevant aspects of a given product or product type. Besides
discussing various alternative approaches, we present and experiment with an approach that is based
on terminology extraction techniques. Chapter 8 addresses the same subtask, but on a more coarse-
grained level. We present different methods that allow to acquire and to detect the main aspect-related
topics discussed in customer reviews. To initially acquire a set of relevant topics, we propose a semi-
automatic process which is based on probabilistic topic modeling. To detect mentions of these topics
in text, we compare dictionary-based and machine learning approaches. Chapter 9 covers the subtask
of identifying sentiment expressions. We examine the utility of dictionary-based approaches for this
problem setting and propose a method that allows to automatically create domain-specific, context-
aware sentiment lexicons. Chapter 10 considers the subtask of detecting the sentiment polarity at the
sentence level. We discuss and compare different supervised methods to classify individual sentences
according to their polarity status.

Chapter 11 summarizes the thesis, discusses results, and points out some ideas for future work.
Appendix A contains detailed annotation guidelines that serve as a basis for creating our text corpora.
The guidelines also represent an ideal source to gain deeper insight into the shape of the corpora
without being forced to examine their raw data.
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Part I.

Background





Nothing exists except atoms and empty space; everything else is
opinion.

Democritus

2. Sentiment Analysis and Customer Review Mining

The purpose of this chapter is to place the contributions of our thesis into a wider context. We pro-
vide a broad overview of the relevant research areas and fields of application. We discuss the most
important problem settings, introduce the related terminology, and point out some basic approaches.
Section 2.1 starts with an introduction to sentiment analysis and Section 2.2 provides an overview of
customer review mining. Section 2.3 outlines the main research topic of this thesis, namely aspect-
oriented review mining. Due to its utility for market researchers and social media analysts, sentiment
analysis meanwhile caught much attention in the industry. Section 2.4 (in an exemplary manner) re-
views some commercial sentiment analysis services. Subsequently, Section 2.5 summarizes the most
relevant information provided in this chapter.

2.1. Sentiment Analysis

The term sentiment analysis describes a field of study in NLP which primary goal is to develop theories,
models, and approaches to algorithmically treat the expression of opinions in natural language texts.
Whereas early works in this direction date back to the 1970s/80s [63, 421, 431], sentiment analysis only
recently received increasing attention of both, researchers and practitioners. Looking at the number
of related publications, we find that the prominence of the research problem started to raise about
a decade ago [96, 297, 390, 452, 455]. Since then, we can observe a steady increase in the number
publications. For instance, a Google Scholar search for articles that mention "sentiment analysis" or
"opinion mining" in the title, reveals that in 2012 alone more than 350 new articles were published.
Loosely following Pang and Lee [294], the three main driving factors behind this growth of interest
are presumably:

• Availability: With the rise of the "Web 2.0", people started to share their opinions online. Large
amounts of "sentiment-laden", machine-readable data became available.

• Improved technology: Machine learning methods and tools for natural language processing
improved and became accessible for a larger audience.

• Applications: With the proliferation of sentiment-laden data, researches and practitioners real-
ized the opportunities with this kind of data (e.g., for market research or trend analysis).

2.1.1. Definitions, Tasks, and Terminology

Unfortunately, the relevant literature is quite inconsistent with regard to the use of terminology. Even
key terms such as sentiment analysis, opinion mining, or subjectivity analysis are not consistently defined.
By describing the most relevant subtasks in sentiment analysis, this section clarifies some important
terms. The goal is to define a uniform terminology that we will use throughout the thesis.

Sentiment Analysis vs. Opinion Mining vs. Subjectivity Analysis

According to Pang and Lee [294, chap. 1.5] the inconsistent terminology is mainly caused by the
diverse backgrounds of researchers. Whereas the term opinion mining primarily gained popularity
within the communities associated with Web search and information retrieval, the terms sentiment
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analysis and subjectivity analysis are more popular among NLP researchers and computational lin-
guists. Besides these terms, we also find combinations, such as sentiment mining [453], opinion
analysis [362], opinion recognition, or opinion detection [325]. We prefer the term sentiment analysis
over all other terms to denote the research area. We believe that the term exhibits a broader coverage,
better describes the different subtasks of the area, and meanwhile seems to exhibit a wider accep-
tance1. The following definition tries to capture the essence of the field of study. We heavily borrow
from the description in the designated Wikipedia article [428]:

Definition 2.1 (Sentiment Analysis). Sentiment analysis is a field of study that addresses the application
of NLP techniques to automatically identify and analyze subjective information in natural language texts.
The goal is to determine the author’s opinion about a specific target, or more abstract, about a specific topic.
Subjective information may become manifest as a judgment or evaluation, the author’s affective state when
writing, or the affective state the author wants to evoke in the reader. The author may express his attitude on
different levels of granularity, e.g., within individual text passages or as the general tone of the document.
Besides pure identification, sentiment expressions are typically associated with different types of semantic
categories, e.g., polarity, strength, or type of emotion.

The length and vagueness of the definition already indicates that it is far from easy to summarize
the main research problems related to sentiment analysis. In fact, sentiment analysis is a relatively
heterogeneous field of study. Depending on the application scenario, the type of textual data, and
the granularity of analysis, different subproblems emerge and diverse terminology is used. In the
following, we present the most prominent tasks in sentiment analysis and introduce the related ter-
minology:

Sentiment Polarity Classification

Probably the most well studied subproblem is sentiment polarity classification. Typically, the task is
considered as a binary classification problem: Given a subjective text (e.g., a customer review or an
editorial comment), the goal is to determine whether the general tone of the text is predominantly
positive or negative. For instance, does the reviewer recommend the product or not? Does the editor
support a specific viewpoint or does he2 oppose it? We will see in Chapter 10 that many other variants
of this basic task are suggested. For example, the task may be extended to an ordinal regression
problem where the goal is to classify a text according to a rating scale (e.g., 1="worst" to 5="best"). We
may further consider different levels of granularity — for example, document level classification vs.
sentence level classification.

Obviously, a crucial point is how we define the two poles of sentiment. What is a positive opinion
and what is a negative opinion? We cannot give a single answer here. A definition is much dependent
on the concrete application scenario and differences may be subtle. For example, in the context of
political debates, "positive" may refer to support and "negative" may refer to opposition [381]. When
classifying customer reviews, the definition typically considers the evaluative nature of the text. Does
the reviewer like or dislike the product? Providing a specific definition becomes even more important
when computationally treating the sentiment polarity classification task. We will elaborate on this in
Part II.

1 A Google phrase search reveals that the term "sentiment analysis" produces around one million hits whereas the term
"opinion mining" achieves only around 100,000 hits. A search for "subjectivity analysis" shows around 10,000 hits (queries
last issued in March 2012).

2 For reasons of simplicity and readability we will use the masculine third-person pronouns (he, him, his, himself) as generic
pronouns throughout the thesis.
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Subjectivity Classification

Also subjectivity classification is primarily considered as a binary classification task. The goal is to
separate subjective from objective information. Again, the problem may be tackled at different
levels of granularity. For instance, at the document level we may want to distinguish review-like
documents from non-review documents [28, 396], or factual newspaper articles from editorial com-
ments [359]. Subjectivity classification is also an important subtask in sentiment retrieval [161, 242, 288].
Pang and Lee [294] point out that, at the document level, the problem is quite closely related to the
task of genre classification [104, 206]. On a more fine-grained level of analysis, the task is to iden-
tify individual text passages (e.g., paragraphs, sentences, or clauses) as being subjective or objective
[295, 323, 434, 438, 455]. Fine-grained analysis may also involve the distinction between different
grades of sentiment strength or intensity [436, 439]. For example, considering this dimension can be
useful for automatically detecting offensive language in text [314, 397]. Very commonly, subjectiv-
ity classification is regarded as a prerequisite to sentiment polarity classification. First, subjective
documents or text passages are separated from objective ones and then only the subjective docu-
ments/passages are further analyzed with regard to polarity [211, 295, 455].

As with the definition of "positive" and "negative", it is quite difficult to exactly distinguish the
two classes "subjective information" and "objective information". Given a piece of text, even humans
have problems in separating subjective from objective passages [386, 417]. For example, consider the
following two excerpts from a hotel review: "The Wifi connection was slow." vs. "The Wifi connec-
tion was at most 16kb/s." The first statement is evaluative and we probably consider it as subjective
information (i.e., another person could conceive the connection speed as satisfying or even fast). The
second expression is at first sight a pure fact. However, we also know that a speed of 16kb/s indicates
a weak or overloaded Wifi connection. The statement is thus intended to imply a negative evaluation.
Shall we count this information as subjective? Again, an exact definition is much dependent on the
concrete application scenario and type of text. We will discuss this issue in more detail in Part II.

Emotion Classification

The task of detecting the expression of emotion in natural language text can be considered as a refine-
ment of the sentiment polarity classification task. The goal is to classify a piece of text according to a
predefined set of basic emotions. Whereas sentiment polarity is commonly viewed as dichotomous
("positive" vs. "negative"), emotion classification tries to identify more fine-grained differences in
the expression of sentiment. Most commonly, Ekman’s [112, 113] six "basic" emotions, anger, disgust,
fear, happiness, sadness, and surprise are used as class labels for this task [10, 11, 365]. Other theories,
such as Plutchik’s wheel of emotions with eight primary emotions [302], Scherer’s affect categories [334],
or Ekman’s extended model [114] may also serve as a basis. Besides deriving a categorization from
psychological theories of emotion, class labels may also be defined ad-hoc, based on concrete appli-
cation needs [47, 155, 384, 446]. Applications for emotion classification are manifold, ranging from
analysis of customer feedback [155] or observing trends in public mood [47] to analysis of clinical
records [300]. In general, emotion classification is closely related to the research area of affective com-
puting [301], which refers to the "study and development of systems and devices that can recognize,
interpret, process, and simulate human affects" [427].

Sentiment Source Detection

The task of sentiment source detection aims at identifying the person, the organization, or more
general, the entity which is the source of subjective information. For reasons of consistency, we
will denote this entity as sentiment source, but the terms opinion holder or opinion source are also quite
common in the literature [78, 79, 212, 363]. In many application scenarios (e.g., customer review
mining) the sentiment source is simply the author of the text. However, the problem may be more
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complex, involving nested sources of sentiment [417, 432]. For instance, newswire text often reflects
different perspectives of distinct sentiment sources (including the author). Wiebe et al. [417] provide
a good example:

The Foreign Ministry said Thursday that it was "surprised, to put it mildly" by the U.S.
State Department’s criticism of Russia’s human rights record and objected in particular to
the "odious" section on Chechnya.

The sentence contains three sentiment sources (including the author). The first source is the (Russian)
Foreign Ministry which is "surprised, to put it mildly" and which "objected in particular the odious
section on Chechnya". The second source is the U.S. State Department which criticizes Russia’s hu-
man rights record. Implicitly, the author is also a (potential) source of sentiment. Opposed to the
earlier mentioned classification problems, determining sentiment sources is predominantly regarded
as an information extraction task [36, 78, 211, 424]. It involves subproblems such as named entity recog-
nition and relationship extraction. A typical application for sentiment source detection is for example
a multi-perspective question answering system [363, 437, 455] that tries to answer questions of the form
"What is X’s viewpoint/opinion on topic Y?".

Sentiment Target Detection

As the name suggests, the goal of sentiment target detection is to determine the subject of a senti-
ment expression. Depending on the granularity of analysis, a sentiment target may refer to a concrete
entity or to a more abstract topic. For instance, in aspect-oriented review mining we are interested
in determining the reviewers’ evaluations of very concrete aspects. Such targets typically become
manifest at phrase or sentence level (e.g., "I really like the picture quality."). In this case, the task is
primarily regarded as an information extraction task [182, 184, 207, 216, 353, 468] and it involves sub-
problems such as named entity recognition and relationship extraction. In contrast, sentiment retrieval
systems are generally concerned with identifying opinions related to more abstract topics (e.g., "Which
blogs report positively, which negatively on the topic of Israeli settlement policy?"). Such an analysis is
normally conducted at the document level. At coarser-grained levels of analysis (e.g., document or
sentence level), sentiment target detection is mostly viewed as an instance of a text categorization or,
more general, as a problem in information retrieval. Sentences or documents are classified or ranked
according to their relevance towards a given topic [40, 111, 259, 460].

2.2. Customer Review Mining

As people increasingly tend to share their views, opinions and experiences online, vast amounts
of customer feedback data are easily available. For companies or market researchers such genuine
customer feedback represents an extremely valuable source of information. However, the data is
typically unstructured3 and we thus need text mining approaches to identify and interpret the relevant
information. Among the diverse sources and types of online customer feedback (e.g., in the form
of blog entries, comments in social networks, posts to message boards), online customer reviews
naturally represent a very valuable resource. Applying sentiment analysis techniques to analyze and
summarize this specific type of data is denoted as customer review mining.

In this section we provide an overview of customer review mining as research area and field of
application. We primarily set focus on two aspects. First, we elaborate on the type of data: What kind
of information is typically available in customer reviews, how are reviews structured, and which
sources for online review data exist? Second, we introduce and define the most relevant subtasks

3 In contrast to structured data, unstructured data does not adhere to any predefined data model, such as an XML schema
definition or a (relational) database schema. Most frequently, unstructured data comes in the form of natural language text.
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related to customer review mining: Which application scenarios exist and which information needs
are typically formulated?

2.2.1. Sources for Online Reviews

We regard an online review as a piece of text which is publicly available on the Web and which primary
purpose is to evaluate a ratable entity (e.g., a product or service). Sources for online reviews are
manifold. In the following we briefly describe the three most popular sources, namely review sites,
online shopping sites, and web logs.

• Review site: A review site is a website which main purpose is to gather and publish reviews at
a single place. The reviews may be authored by professional critics (e.g., http://reviews.
cnet.com) or the reviews are based on user-generated content — that is, they are based on
genuine customer experiences (e.g., http://www.buzzillions.com). We denote the for-
mer type as expert review site and the latter as consumer or customer review site. Review sites
may be further distinguished by their scope. Some sites collect reviews for a single product
type only (e.g., digital cameras: http://www.dpreview.com), some set focus on a specific
topic (e.g., travel: http://www.tripadvisor.com), and others are more generic (e.g., http:
//www.epinions.com).

• Online shopping site: It is now common practice that e-commerce sites allow users to review
the items they offer in their store. The primary motivation for this integration of online reviews
is to improve the overall "shopping experience" and thus to attract more customers. Prominent
examples are the online retailers Amazon.com and Ebay.com, which both provide millions of
customer reviews on their websites. Online shopping sites typically publish consumer reviews
(instead of expert reviews).

• Web log: The "blogosphere"4 represents another source for publicly available reviews. Blog-
gers comment on their newly purchased products (e.g., a mobile phone), on a recent experi-
ence with some sort of service (e.g. a restaurant or hotel), or on a brand as a whole. Besides
personal blogs that may occasionally contain review-like postings, specialized review blogs
exist (e.g., http://www.photographyblog.com/reviews/ or http://dinersjournal.
blogs.nytimes.com/). Whereas personal blogs typically represent genuine consumer opin-
ions, specialized blogs are most often authored by professional critics.

Throughout the thesis, we set focus on analyzing customer reviews and do not consider the anal-
ysis of expert reviews. Whereas expert reviews have the advantage of providing a very detailed and
profound analysis, consumer reviews represent genuine customer experiences. Knowing how cus-
tomers perceive a product, service, or brand, constitutes an indispensable information for vendors
(and also for potential customers). Customer reviews are typically shorter and less elaborated than
expert reviews. Also the quality and helpfulness of individual consumer reviews may be question-
able. But on the other hand, the amount of customer voices usually exceeds the number of publicly
available expert reviews by far. With an automatized analysis (i.e., a customer review mining system),
the sheer amount of the diverse customer voices can compensate for the reduced degree of detail or
lower quality of individual reviews.

4"blogosphere: all of the blogs on the Internet as a collective whole" (Merriam-Webster.com. 2012. http://www.merriam-
webster.com/dictionary/blogosphere)
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2. Sentiment Analysis and Customer Review Mining

2.2.2. Formats of Online Reviews

“Very Good! Friendly Staff. Nicely Renovated. Location great!”

Reviewed June 18, 2008

2 people found this review helpful

I stayed June 13-15 2008, and had booked a Priceline rate which (after 
taxes & fees) wound up being about $105 a night. (Not bad!) [...]

Location: 
Excellent! At the south end of the Mag Mile, about a block & a half north of
the Wrigley Building. Great for shopping & dining. Cab from Union Station
around $7, or the 151 bus for $2. [...]

The Room, #3522: 
Was clean and pleasantly decorated. Air conditioning worked good. We
had a lake-view and could see the sailboats on the water, as well as a view
of the Tribune Tower. My friend and I both raved about the beds & pillows -
so snuggly! We both slept like rocks. TV didn't have a lot of exciting options,
but we didn't watch much other than the Weather Channel. [...]

Bathroom:
Again, clean, tasteful, simple. Fine for two people, four would be tight. Nice
hot water, water pressure a touch on the weak side, but not enough that I
would complain. Bath & Body Works goodies - nice! Only complaint - wish it
had a vent fan, in case anyone leaves the restroom smelling not so great. [...]

I will go back again.

Liked — Staff and location.
Disliked — Restaurant prices seemed a little high, which is why I didn't go there. 
$15 for breakfast?

Value
Location
Check in / front desk

Rooms
Cleanliness
Service

Was this review helpful?

Stayed June 2008, traveled with friends

YesYes

Trixie
Kalamazoo, MI

Reviewer

3 reviews

Reviews in 3 cities

1 helpful vote

review title
rating (overall)

rating (aspects)

section
headings

pros / cons
summary

free text

target group

review quality

reviewer
reputation

review quality

Figure 2.1.: The layout of a typical online customer review5.

The format of online reviews typically differs between varying sources. Whereas blogs do not ad-
here to any predefined structure and are mostly plain text, review sites exhibit much more structure.
Most review and online shopping sites force their users to use predefined web forms to publish their
reviews. Users fill in fields such as "review title", "your overall rating", "your review", "pros/cons",
etc. Fig. 2.1 illustrates the structure of a typical online customer review. We explicitly highlighted the
most important parts of a review:

5Excerpt of an authentic customer review found on Tripadvisor.com (http://www.tripadvisor.com/
ShowUserReviews-g35805-d87592-r17020381).

16

http://www.tripadvisor.com/ShowUserReviews-g35805-d87592-r17020381
http://www.tripadvisor.com/ShowUserReviews-g35805-d87592-r17020381
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• Review title: Reviewers are encouraged to provide a descriptive heading of their review. As in
our example, a review title often indicates the overall tone of a review and frequently serves as
a brief summary of the most important impressions6.

• Overall rating: The overall rating refers to a single score that represents the reviewer’s overall
impression. Commonly, a five-star, ordinal rating scale is used, where one star translates to a
very negative assessment and five stars stand for a very positive rating (five-star scales are for
instance used by Amazon.com, Ebay.com, or Epinions.com). Another common form is a ten-
point rating scale, as for example used by IMDb.com or Reevoo.com. Three or four-point scales
occur rarely.

• Aspect rating: Besides providing an overall rating, some customer review sites allow to rate
individual aspects of a product. For instance, Tripadvisor.com encourages the user to explicitly
rate aspects such as "location", "service", "cleanliness", etc. when reviewing a hotel. Since the
relevant aspects depend on the reviewed product, individual aspect ratings are more common
for review sites with a clearly defined scope. Other sites may allow to rate aspects of selected
product types only. For example, Ebay.com defines ratable aspects for many electronic products
(e.g., mp3 players, digital cameras, or tablet computers), but not for other products such as
movies, shoes, or books.

• Review text: This is the part where the reviewer expresses his thoughts and opinions about the
reviewed product. As this part is typically represented as a free text field in the corresponding
web form, we will also refer to the review text as free text or free text part. Usually, review sites
limit the length of the free text — for example, Amazon.com limits the maximum number of
characters to 50,000 (Ebay.com restricts the length to only 3,500 characters). Some sites allow
to use HTML markup within the review text. Just like other prose, authors often structure
longer review texts with paragraphs and section headings. For instance, in our example, the
paragraphs and headings correspond to different ratable aspects (location, room, and bathroom)
of the reviewed hotel.

• Pros and cons: Reviewers summarize the main advantages and disadvantages of a product in
this section. Typically, the pros and cons are structurally separated so that readers (but also
machines, e.g., a web scraping7 tool) can easily differentiate between positive and negative com-
ments. The style and length of the summaries may differ between individual authors and re-
view sites. Some reviewers simply enumerate the main positive and negative aspects (e.g., like
the pros in our example), others go into more detail and formulate complete sentences. Some
review sites (e.g., Reevoo.com) only provide the pros and cons as free text fields and do not offer
a separate review text section. In this case, pros and cons are in tendency longer and contain
complete sentences.

• Review quality: Most review sites encourage users to rate the quality of individual reviews.
Such a procedure allows to rank the reviews by their helpfulness. For instance, Amazon.com
uses this rating to display the most helpful favorable and most helpful critical review on the
front page of a product review listing.

• Reviewer reputation: Statistics about individual reviewers such as the number of authored
reviews or the amount of helpful votes establish the reviewer’s reputation. We may use this
data to reason about the trustworthiness of a particular review and exploit this knowledge as a
further ranking measure.

6For instance, reviews.ebay.com demands that the review title should "summarize your experience with this product in one
sentence" (description of the respective field in the web form).

7The term web scraping denotes the task of (automatic) information extraction from websites.
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• Target group: Some review sites (e.g., Tripadvisor.com) allow to define a target group. It may
refer to the intended audience of the review and/or to a self description of the author. In our
example, the author classifies himself as traveling with friends (instead of traveling as a couple,
alone, with children, etc.). Such a classification represents another criterion to estimate the
helpfulness of individual reviews.

The most essential and informative part of a review is the part where the author can freely express
his thoughts and opinions. We regard this this part as obligatory for an online customer review8.
Other parts (e.g., the aspect ratings or the review helpfulness) can be considered as a form of meta-
data. Since the overall rating represents the most valuable type of metadata, it is typically considered
as obligatory. Based on the author’s options with regard to the free text fields, we can distinguish
different types of reviews. In particular, most reviews can be attributed to one of the three formats
depicted in Fig. 2.2:

review text

Format A

pros

cons

Format B

review text

cons

pros

Format C

Figure 2.2.: The three most popular formats for customer reviews.

• Format A (single review text) presents a single free text field where authors can comment on
the product. A prominent example for this format is Amazon.com.

• Format B (separate pros and cons) presents two separate free text fields for comments. Review-
ers are forced to make an explicit distinction between positive and negative comments. This
format is for instance used by Reevoo.com.

• Format C (review text and pros/cons) represents a combination of the two previous formats.
In addition to the main review text, the format encourages a reviewer to summarize the main
positive and negative points in separate sections. For example, reviews on Epinions.com or
Priceline.com adhere to this scheme.

2.2.3. Specifics of the Application Domain

Compared to other fields of application for sentiment analysis, such as the analysis of newswire text,
the domain of customer reviews exhibits some beneficial properties: The most obvious characteristic
is that a customer review is per se subjective. By definition, its primary purpose is to evaluate the
entity under consideration (e.g., a product or service). Subjectivity classification is thus primarily rele-
vant for more fine-grained analysis (e.g., on the sentence or sub-sentence level), but not for document
level analysis9.

8 Since we are interested in extracting customer sentiments from text, we do not consider "reviews" that solely consist of a
single, numerical rating score.

9 Nonetheless, subjectivity classification at the sentence level may improve the accuracy of document level polarity classifica-
tion [295].
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A further beneficial property is that reviews usually only reflect the perspective of the author. In
contrast, newswire text often reflects different perspectives from distinct sentiment sources (cf., Sec-
tion 2.1.1). Such a complexity, potentially comprising multiple nested sentiment sources, is typically
absent in customer reviews. Even if other sources than the author appear in a review (e.g., "My sister
complained about the short battery life of the camera."), it is not relevant to distinguish different
sentiment sources. For instance, it is irrelevant whether the reviewer or his sister complains about
the short battery life. What is relevant, is the mere fact that a complaint about the battery life exists at
all. This is in sharp contrast to analyzing newswire documents, for instance in the context of multi-
perspective question answering [37, 52, 412]. This task explicitly aims at determining the diverse
viewpoints of different sentiment sources.

We already pointed out that customer reviews typically come with machine-readable metadata.
Most importantly, the primary subject of the review is known. We know whether a review evaluates
product X, product Y, or product Z. In contrast, when analyzing a collection of blogs, it is unclear
which blog entry discusses a particular product. In addition, customer review sites enforce that a
reviewer concentrates on evaluating a single product. Comparative reviews (which are more difficult
to analyze) occur relatively seldom on customer review sites.

In general, when dealing with review documents of a specific product class (e.g., digital cameras)
or type of service (e.g., hotels), the related text corpus exhibits a higher homogeneity. Evaluating a
specific product type is much more concrete than discussing abstract topics, such as the latest devel-
opment in the monetary policy of the U.S. Federal Reserve or the situation of human rights policy in
Russia. Reviewers evaluate more concrete entities, namely the product and its various aspects. The
set of ratable and relevant aspects is finite and often known a priori. We can assume that the lexical
diversity10 with regard to aspect mentions and with regard to the expression of sentiment is lower
than in other domains (e.g., newswire text).

2.2.4. Subtasks in Customer Review Mining

• Review classification: This task directly corresponds to the sentiment polarity classification
task. The goal of review classification is to determine the general tone of a review. In its
most simple form the task’s objective refers to binary classification with the two classes "rec-
ommended" versus "not recommended". Review classification operates on the document level
and can thus be considered as an instance of text categorization11. Some of the earliest and most
influential studies which examine review classification are by Pang et al. [297], Turney [390],
and Dave et al. [96]. As with sentiment polarity classification, the task can be extended to dis-
tinguish more fine-grained classes. For instance, classifying a review according to a five-star
rating scale represents a natural extension [21, 38, 148, 154, 284, 296, 345, 348]. Obviously, this
rating inference problem is only relevant for corpora where explicit user ratings are absent (e.g.,
for product reviews extracted from web logs). Review classification is mostly irrelevant when
analyzing customer reviews from online shopping or dedicated review sites. The required in-
formation is simply provided as meta data and can be extracted from the website or is even
available via some application programming interface (API).

• Aspect-oriented review mining and summarization: For many application scenarios the coarse-
grained, document level classification of reviews does not provide the required level of detail.
Most reviewers express both, positive and negative sentiments in a single review. A generally
positive review may also contain negative statements (and vice versa for a predominantly neg-
ative review). For instance, a hotel review may praise aspects such as the friendly staff, the

10Lexical diversity measures the number of distinct words used in a text (see also Section 6.2).
11The goal of text categorization is to classify a document into a predefined set of categories based on the document’s contents

or topic. We refer to Manning and Schütze [249] or Sebastiani [338] for further details.
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rich breakfast buffet, and the nice room decor, but criticize that the bed was too soft and the air-
conditioning quite noisy. The goal of aspect-oriented review mining is to analyze the reviewers’
sentiment with regard to individual product aspects. Given a collection of customer reviews
for some specific product or product type, the two main tasks are 1) to automatically identify
all relevant aspects the reviewers have commented on and 2) to categorize the individual com-
ments according to their sentiment polarity (commonly positive vs. negative vs. neutral). Based
on this extracted information, structured summaries can be constructed, which enable quantita-
tive and qualitative analysis of a review corpus. We provide more details of the aspect-oriented
review mining task in Section 2.3.

• Review identification: The goal of review identification is to determine whether a given docu-
ment is a review or not. Naturally, it is only relevant when working with sources where we do
not know whether a document is a review. For example, when crawling documents from the
blogosphere, only a small subset of texts are actually reviews. We could also think of a generic
web search engine that, for a product-related query, restricts the results to reviews only. Review
identification is for example considered by Barbosa et al. [28] and Ng et al. [279]. It typically
involves subtasks such as subjectivity classification (reviews are per se subjective) and classifi-
cation by site structure (reviews exhibit common formats). It may further involve the subtask
of detecting the identity of the product or service which is reviewed in a document. Whereas
dedicated review sites provide such information as metadata, on other sites the same informa-
tion must be extracted from the text. Identifying mentions of concrete products in text can be
considered as an instance of named entity recognition12 (NER).

• Review helpfulness prediction: Whereas expert reviews normally provide very profound eval-
uations of a product, the quality and helpfulness of some consumer reviews may be question-
able. We have seen that review sites incorporate voting systems that allow users to report help-
ful and unhelpful reviews. Based on such explicit user feedback it is easy to rank reviews by
their utility. However, it may take time to gather enough user feedback and for non-review sites
(e.g., blogs) a voting system simply would not make sense. In such cases, review helpfulness
prediction tries to rate a review text according to its helpfulness and utility for other readers.
The task is typically formulated as a regression problem where features are, for instance, the re-
view length, the number of product aspect mentions, or the review structure (e.g., the number
of section headings or paragraphs). Review helpfulness prediction is for example addressed by
Ghose and Ipeirotis [141], Kim et al. [213], Moghaddam et al. [265], or Zhang and Varadarajan
[463].

• Review spam detection: Most review sites do not verify the content of the published reviews.
Typically, there is no restriction and anyone (not only the true customers) can register with the
site and publish a review under some pseudonym. Vendors may write very positive reviews,
praising their own products, while publishing extremely critical reviews of their competitors’
products. In fact, a real business exists around hiring fake-review authors13. The goal of review
spam detection is to counteract the proliferation of fake-reviews. Research in this direction is
for example conducted by Jindal and Liu [192, 193] or by Lim et al. [232]. Apparently, review
spam detection is already applied by some review sites such as Yelp.com14 or Google+ Local15.

12see for instance Jurafsky and Martin [198, chap. 22.1]
13 http://www.nytimes.com/2012/08/26/business/book-reviewers-for-hire-meet-a-demand-for-

online-raves.html
14http://officialblog.yelp.com/2010/08/dont-ask-for-reviews.html
15http://business.time.com/2012/08/28/why-you-shouldnt-trust-positive-online-reviews-or-

negative-ones-for-that-matter/
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2.3. Aspect-Oriented Customer Review Mining

For many application scenarios document level review classification is too coarse-grained and does
not provide the desired information. Pure classification merely helps to gather information about
how many customers are generally satisfied or unsatisfied. Based on these numbers we can discover
trends in the customers’ perception of a product, but we do not know the exact reasons for satisfaction
or dissatisfaction. We do not know what the customers like and we do not know what they dislike.
Aspect-oriented review mining16 goes one step further and analyzes the customers’ sentiment with
regard to individual product aspects17.

Whereas review classification considers only a single dimension (namely "sentiment polarity"),
aspect-oriented review mining involves the joined analysis of two dimensions. On one dimension
we want to discover all relevant product aspects and on a second dimension we want to identify
related expressions of sentiment and determine their polarity. In contrast to review classification,
the task is better characterized as a problem in information extraction than a problem in text cate-
gorization. We basically transform the unstructured information of a review text into a structured,
aspect-oriented summary. Fig. 2.3 illustrates this process.

“Very Good! Friendly Staff. Nicely Renovated. Location great!”

Reviewed June 18, 2008

2 people found this review helpful

[...] The room was clean and pleasantly decorated. Air conditioning worked good.
We had a lake-view and could see the sailboats on the water, as well as a view
of the Tribune Tower. My friend and I both raved about the beds & pillows -
so snugly! We both slept like rocks. TV didn't have a lot of exciting options,
but we didn't watch much other than the Weather Channel. [...]

INPUT: customer review

aspect sentiment expression

room

air conditioning

bed

pillow

sleep quality

TV
...

polarity

clean, pleasantly decorated

worked good

raved about, snugly

raved about, snugly

slept like rocks

not have a lot of exciting options
... ...

OUTPUT: structured summary

identify sentiment
expressions and

determine polarity

identify aspects

quantitative analysis qualitative analysis

Figure 2.3.: Generating structured summaries by extracting product aspects and related sentiment
expressions from unstructured customer review texts.

16 In the literature the task is also known as feature-based review mining [102, 177, 304]. However, we stick to the term aspect-
oriented throughout the thesis. Using the term feature may lead to confusion due to its different notion in the field of machine
learning.

17 For now, we use the term product aspect when referring to any ratable property of a product. This can be a real object (e.g.,
the camera lens) or a rather virtual property, such as the camera’s ease of use. We will present a more elaborated model in
Section 4.1.
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Aspect-oriented review mining may operate on different levels of granularity. It can be conducted
at the phrase level as for example indicated in Fig. 2.3. Alternatively, analysis may take place at the
sentence or paragraph level. At the phrase level we are interested in extracting individual mentions
of aspects and related expressions of sentiment. At the sentence or paragraph level we want to de-
termine whether a whole sentence (or paragraph) expresses sentiment on a relevant product aspect.
In the following we will give a brief overview of the two main subtasks of aspect-oriented review
mining, namely aspect extraction and sentiment polarity detection. We will discuss the main challenges
and survey basic approaches.

2.3.1. Product Aspect Extraction

The main problem in the context of aspect extraction is to identify those text passages which refer
to mentions of product aspects. Given a dictionary of relevant product aspects, the task would be
relatively easy. However, if the relevant product aspects are not known a priori, we need to derive
them by examining the provided collection of review documents. We thus need to devise methods
that automatically extract a set of the most relevant product aspects from a corpus of reviews. To do
so, we have to define a notion of relevance and we must define a desired level of granularity. We
may consider very fine-grained aspects (e.g., "color accuracy", "tone reproduction", "image noise",
or "chromatic aberration") or we may consider more abstract concepts (e.g., "image quality", "ease
of use", "battery", or "features"). Approaches to aspect extraction can be subdivided into three main
classes. In particular, we differentiate between unsupervised, supervised, and topic modeling approaches:

• Unsupervised approaches are typically frequency-based and often involve the use of prede-
fined linguistic or syntactic patterns to detect candidate phrases. Most commonly, the goal is to
automatically construct a dictionary of product aspects from a given review corpus. Unsuper-
vised approaches are for instance due to Hu and Liu [177], Popescu and Etzioni [304], Scaffidi
et al. [332], Wu et al. [445], Yi et al. [452] or Su et al. [368]. Although such frequency-based meth-
ods are generally simple, they actually achieve quite good results. On the negative side, we
observe that most approaches require manual tuning of parameters. Finding optimal parame-
ter settings can be difficult as they typically dependent on the concrete dataset. We will study
unsupervised approaches more closely in Chapter 7, where we will cast the task as a terminology
extraction problem.

• With regard to supervised approaches, we can distinguish sequence labeling and classification
methods. Sequence labeling techniques, such as hidden Markov models (HMM) [32, 310] or condi-
tional random fields (CRF) [223], are most commonly applied if aspect extraction is considered at
the phrase level. HMMs are for instance used by Jin et al. [190]. CRFs are considered by Jakob
and Gurevych [183]. Most approaches consider syntactic relations and rely on the output of a
natural language parser to derive appropriate machine learning features (e.g., Li et al. [230] or
Jakob and Gurevych [183]). The main advantage of supervised methods is that they are gen-
erally more accurate than unsupervised approaches. On the other hand, they require labeled
training data and are thus less portable to new application domains.

At coarser grained levels of analysis (e.g., sentence or paragraph level) traditional classification
techniques are most frequently applied. Given a small list of predefined aspects (e.g., 20 items),
the goal is to classify a sentence or paragraph as referring to one or more of the aspects. Classi-
fication at the sentence level is for example proposed by Ganu et al. [138] or Blair-Goldensohn
et al. [40]. The former consider the use of support vector machines (SVM) [88][250, chap. 15], while
the latter learn maximum entropy models (MaxEnt) [39, 281]. With regard to coarse-grained anal-
ysis, we will examine supervised methods more closely in Chapter 8. For phrase level analysis,
we will not further consider supervised methods in this thesis and instead refer, for instance, to
Jakob [182].
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• Probabilistic topic modeling represents a further approach to product aspect detection and
extraction. Blei [42] describes probabilistic topic models as "algorithms for discovering the main
themes that pervade a large and otherwise unstructured collection of documents". In the con-
text of customer reviews these "themes" ideally cover the mentioned product aspects. However,
traditional topic modeling approaches also cover the different shades of sentiment as indepen-
dent topics. Researchers therefore adapted existing approaches and most commonly propose
to model aspects and sentiment jointly [194, 233, 259, 383, 465]. Similar to traditional unsuper-
vised methods, topic models exhibit the advantage of not relying on labeled training corpora.
We will use a topic modeling approach to automatically acquire coarse-grained product aspects.
Appendix D discusses this problem setting in more detail.

Challenges

Besides the main subproblem of identifying and extracting product aspects, we are further confronted
with the following challenges:

• Relations among aspects: Product aspects are typically related among each other. For instance,
we can observe part-of or type-of relations between different aspects (e.g., a lens cover is part of
a camera lens and the landscape mode is a type of digital camera mode). Depending on the
application scenario, we may want to make these hierarchical relations explicit and construct
some sort of product aspect taxonomy (refer to Section 4.1). Another common relation is similarity.
It is reasonable to group similar aspects and to detect synonyms. For instance, we may want
to represent aspect references such as "image quality", "picture quality", or "quality of image"
by the single canonical form "image quality". Automatically grouping entities (e.g., product
aspects) and determining relations between them can be considered as a problem of ontology
learning [60, 244].

• Implicit aspect mentions: Given a dictionary of relevant product aspects, it is relatively easy to
identify explicit mentions of those aspects in a review text. It is much more difficult to discover
implicit mentions. For instance, consider the excerpt in Fig. 2.3. The phrase "slept like rocks"
implicitly refers to the aspect "sleep quality". Another example would be "the camera is too
heavy". Without explicitly mentioning the term, the reviewer criticizes the camera’s weight.

• Comparative reviews: By now, we tacitly assumed that a review only refers to a single product.
This is however not always true. A reviewer may evaluate a product by comparing it to other,
similar products. If this is the case, we need to determine the different product entities men-
tioned in the text. We carefully need to inspect which expressions of sentiment relate to which
product entity. This specific challenge is for example considered by Ganapathibhotla and Liu
[137] or Jindal and Liu [191]. Comparative evaluations are more common in expert reviews and
occur relatively seldom in customer reviews.

2.3.2. Sentiment Analysis

Regarding the dimension of sentiment analysis, the main challenge is to identify those text passages
where the reviewer evaluates the product or one of its aspects and then to determine the related sen-
timent polarity. Similar to the detection of aspects, we can distinguish unsupervised and supervised
approaches:

• Unsupervised approaches most commonly involve the use of a sentiment lexicon. Such a dic-
tionary lists terms and phrases that are typically related to the expression of sentiment. For
instance, words such as "nice", "fantastic", "love", "hate", "ugly", or "bad" would be contained
in a sentiment lexicon. Each entry is associated with a value that represents its prior sentiment
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polarity (the polarity without considering any context). Sentiment lexicons may be manually
created [360, 438] or constructed via an automatic process [22, 146, 201, 241, 312, 399]. We will
reconsider the automatic construction of sentiment lexicons more thoroughly in Chapter 9. Not
all unsupervised approaches rely on the existence of a sentiment lexicon. For instance, Popescu
and Etzioni [304] propose a method based on relaxation labeling [178]. Also most of the previ-
ously mentioned topic models fall into the category of unsupervised approaches.

• Supervised approaches try to build models of sentiment expression by learning from anno-
tated text corpora. As with supervised aspect extraction, we can mainly distinguish between
sequence labeling and classification approaches. Sequence labeling is primarily applied for
analysis at the phrase level [53, 469]. Traditional classification techniques are more common
for sentence or paragraph level analysis [40, 136, 210, 422], but they may also serve for senti-
ment analysis at the sub-sentence level [76, 438]. We will consider supervised approaches for
sentence level sentiment analysis more closely in Chapter 10.

Challenges

When trying to identify expressions of sentiment in natural language text and to determine the con-
veyed polarity, we are primarily confronted with the following challenges:

• Implicit sentiment: Besides explicit expressions of sentiment (e.g., "the check-in process went
fast"), sentiment may also be expressed implicitly ("needed to wait two hours to check in").
Whereas the first example includes a subjective assessment ("fast"), the second example merely
expresses a fact (two hour waiting time). To infer a negative evaluation of the check-in process
in the second example, we need to apply the common sense knowledge that a two hour waiting
time is normally inappropriate. In the literature this form of implicit sentiment is referred to as
objective polar utterance [433], evaluative fact [282], or is denoted as polar fact [386].

• Contextual polarity: The sentiment polarity of a phrase may be context dependent. For in-
stance, consider the sentence "the hotel staff was not very friendly". The negation "not" flips the
otherwise positive polarity of the word "friendly". Words, phrases, or syntactic constructions
that affect the sentiment polarity or sentiment strength are commonly denoted as sentiment or
valence shifters [303]. A detailed study of contextual polarity is for example conducted by Wilson
[434]. We will reconsider contextual polarity and sentiment shifters in Part II.

• Target-specific polarity: The sentiment polarity of words and phrases may depend on the mod-
ified target. For instance, consider the adjective "long". If it modifies the product aspect "battery
life", it refers to a positive evaluation. However, in the context of the aspect "flash recycle time"
it would be interpreted as negative. Most sentiment lexicons ignore this phenomenon and only
consider the prior polarity of words. We will address the construction of domain and target-
aware sentiment lexicons in Chapter 9.

2.4. Commercial Sentiment Analysis Services

Understanding customer opinions is of great importance for any business. Due to this strong infor-
mation need and the vast amount of sentiment-laden data published in the social media, sentiment
analysis caught much attention in the industry. Meanwhile, many start-up companies, but also some
of the established text analytics vendors offer social media analysis services that involve sentiment
analysis components. Also web search engines, such as Google Product Search18, integrate sentiment
analysis into their systems (e.g., review classification/summarization).

18http://www.google.com/shopping/
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Table 2.1 presents a comprehensive overview of some exemplary systems. Take note that the list
is not intended to be exhaustive; much more companies offer similar services. The table’s content is
mostly based on studying the vendors’ product descriptions, trying demo applications, reading white
papers, or analyzing available screenshots. Only a few companies provide more details about their
sentiment analysis components (e.g., in form of academic publications or patents). We thus cannot
go into much details here and our observations have to be interpreted with care. The screenshot in
Fig. 2.4 exemplarily shows some results obtained with a commercial sentiment analysis service.

Most commercial sentiment analysis approaches seem to rely on simple lexicon-based approaches.
They simply aggregate phrase level sentiment scores and ignore more complex linguistic constructs
(e.g., sentiment shifters). Some other systems apply natural language parsing and provide a rule
engine to model more complex constructs. Machine learning techniques for fine-grained sentiment
analysis (e.g., sequence labeling methods such as CRF or HMM) seem to be rather uncommon. We
presume that one reason is the cost involved with creating appropriate training datasets.

Figure 2.4.: Screenshot showing exemplary results with a commercial sentiment analysis service (Lex-
alytics demonstrator at http://www.lexalytics.com/web-demo). As input we pro-
vided the review excerpt from Chapter 1. The green (positive) and red (negative) high-
lighted phrases refer to the sentiment expressions the service could detect. The service
calculated an overall score, which is depicted at the very bottom.
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type of service product name type of analysis approach references

social media analysis Attensity Analyze phrase level polarity, entity recogni-
tion

sentiment lexicon, rule engine (?),
sentiment shifter detection [19]

” Clarabridge aggregated phrase level polarity
scores, emotion classification sentiment lexicon, rule engine [80]

” IBM Cognos Consumer Insight phrase level brand sentiment sentiment lexicon [179]

” Lexalytics Sentiment Analysis aggregated phrase level polarity
scores sentiment lexicon [229]

” Lithium Social Web Analytics phrase level brand sentiment, emo-
tion classification unknown [234]

” Salesforce Marketing Cloud polarity classification unknown [330]

”
Sysomos Social Media Monitoring
Dashboard polarity classification classification model [372]

review mining Google Product Search aspect-oriented sentiment sum-
mary

sentiment lexicon, fine & coarse-
grained aspect dictionary, machine
learning

[40, 278, 318,
383]

toolbox / API Alchemy API Sentiment Analysis phrase level polarity scores, entity
recognition sentiment lexicon (?) [8]

” Rapid-I RapidSentilyzer polarity classification classification model [313]
” Repustate Sentiment Analysis API clause level polarity scores sentiment lexicon (?) [321]

” SAS Sentiment Analysis aspect-oriented sentiment sum-
mary, polarity classification

sentiment lexicon, aspect taxonomy,
rule engine [331]

twitter analysis Sentiment 140 polarity classification classification model [145, 342]
” SocialMention.com polarity classification sentiment lexicon (?) [350]
” Twitrratr.com polarity classification sentiment lexicon (?) [392]

Table 2.1.: Listing of exemplary commercial sentiment analysis services (it is not intended to be exhaustive).
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2.5. Summary

In this chapter we placed the research topic of our thesis into a wider context. In particular, we pro-
vided a broad overview of sentiment analysis, customer review mining, and aspect-oriented review
mining. In Section 2.1 we defined sentiment analysis as field of study that addresses the applica-
tion of NLP techniques to automatically identify and analyze subjective information in natural lan-
guage texts. As the main subtasks in sentiment analysis, we introduced sentiment polarity classification
(positive vs. negative sentiment), subjectivity classification (opinion vs. fact), and emotion classification
(distinguish basic emotions expressed in a piece of text).

Section 2.2 discussed customer review mining as an important field of application for sentiment
analysis tasks. We distinguished varying sources for online reviews (e.g., review sites vs. blogs),
considered the typical elements of a customer review (e.g., overall rating, review text, pros/cons
summaries), and described the most common review formats. We further pointed out some beneficial
properties of the customer review domain, such as the availability of machine-readable meta data,
the reduced lexical diversity of related text corpora, and the irrelevance of distinguishing between
different sentiment sources. Section 2.2.4 presented the most important tasks in the context of review
mining, namely review classification (recommended vs. not recommended), aspect-oriented sentiment
summarization (extract and summarize sentiment polarity w.r.t. individual product aspects), review
identification (review-like vs. non-review), review helpfulness prediction (rate the utility of a review),
and review spam detection (fake review or not).

In Section 2.3 we introduced the task of aspect-oriented review mining. We elaborated on the two
primary problem settings in this context, namely automatic detection of relevant product aspects and
fine to coarse-grained sentiment polarity analysis. We pointed out the major challenges related two
both subtasks and sketched basic approaches. In particular, we differentiated between unsupervised,
supervised, and topic modeling approaches. We concluded the chapter in Section 2.4 with a brief overview
of existing commercial sentiment analysis services.
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The only true wisdom is in knowing you know nothing.

Socrates

3. Reducing the Costs of Human Supervision in Text
Analytics Tasks

As we learned in the previous chapter, and similar to other text analytics tasks, supervised machine
learning approaches play a major role for customer review mining (e.g., for review classification or
aspect-oriented sentiment summarization). Also special-purpose dictionaries (e.g., sentiment lexicons)
typically constitute an integral part of text analytics tasks. Unfortunately, creating such dictionaries
or training machine learning models usually involves a substantial amount of manual effort. For
instance, supervised machine learning requires annotated training corpora and providing such anno-
tations is typically a manual (and therefore costly) process. Corpora or dictionaries often need to be
created from scratch and tailored for a specific application domain. For example, different sentiment
lexicons need to be compiled for the analysis of hotel or digital camera reviews (see also Section 9.3).
Obviously, it would be of great advantage if the total costs for acquiring labeled training data or cre-
ating application specific dictionaries could be reduced to a minimum. Considering the acquisition
of training corpora, the following two factors are important:

• The amount of the training data necessary to achieve a desired accuracy.

• The average effort or cost required to obtain a single annotation — that is, the per-annotation
costs.

Tackling the first factor is predominantly a research topic in the machine learning community;
keywords are semi-supervised learning [70] and active learning [285, 343]. To address the second fac-
tor, researchers in the NLP community currently study the utility of crowdsourcing1 approaches; they
examine whether a workforce of non-experts can adequately substitute a group of expert annotators
[175, 347]. As an overarching research question of this thesis, we also address the second factor — that
is, we try to reduce the per-annotation costs. But instead of examining a crowdsourcing approach,
we consider another scheme for acquiring labeled/annotated data: We propose to automatically ex-
tract training data from the Web and build machine learning models based on large amounts of this
weakly labeled data [35, 90, 264, 393]. Our hypothesis is that many websites, especially user-generated
content (e.g., customer reviews), contain valuable (semantically rich) information that we can gather
to construct training data for many different tasks.

We examine the utility of weakly labeled data as a recurring topic throughout the thesis. Whereas
the paradigm is more generally applicable (see the next section), we particularly focus on the util-
ity of weakly labeled data for subtasks in aspect-oriented customer review mining (in Part III, we
will introduce and experiment with concrete approaches for product aspect detection and sentiment
analysis in customer reviews).

The purpose of this chapter is to briefly survey the topic of "weakly labeled data" and to place the
concept into a wider context, namely reducing the costs of human supervision in text analytics tasks.
The remainder of the chapter is organized as follows: Section 3.1 comprises the main part of this
chapter. We discuss how weakly labeled data can be used to reduce labeling costs and we introduce
the closely related concept of distant supervision (which we will also denote as indirect crowdsourcing).

1 The term crowdsourcing, which is combination of the words crowd and outsourcing, was introduced by Jeff Howe in a 2006
Wired Magazine article [173]. Howe [172] defines crowdsourcing as "the act of a company or institution taking a function
once performed by employees and outsourcing it to an undefined (and generally large) network of people in the form of an
open call". The Wikipedia defines it as "a process that involves outsourcing tasks to a distributed group of people", which
"can occur both online and off-line" [426].
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3. Reducing the Costs of Human Supervision in Text Analytics Tasks

As mentioned earlier, researchers mainly consider two other paradigms for reducing labeling costs.
Section 3.2 briefly discusses crowdsourcing approaches and Section 3.3 briefly reviews the most im-
portant concepts developed in the machine learning community.

3.1. Weakly Labeled Data, Distant Supervision, and Indirect
Crowdsourcing

To grasp the basic idea of exploiting weakly labeled data, consider the following example: One of the
largest sources for movie reviews is probably the Internet Movie Database (IMDb)2. Apart from pro-
fessional critics, also users of the site can write movie reviews. As these review texts are typically ac-
companied by numerical rating, it is straightforward to use them as training data for a sentiment clas-
sification task: Each review text represents a sample which is implicitly labeled by the user-provided
rating. We can easily devise a heuristic that aligns review texts (samples) and ratings (labels), so that
we can extract millions of these tuples to construct a huge training corpus. In the most basic case, we
would train a classifier that separates movie review texts according to the general tone of the docu-
ment (i.e., positive vs. negative). Exemplary studies, which build sentiment classifiers with weakly
labeled training from IMDb.com, report high classification accuracies of over 86% [295, 297].

Abstracting from this concrete example, the basic modus operandi of the described scheme is to
employ high-precision (possibly low-recall) heuristics to automatically derive labeled training data
from large semi- or unstructured datasets. Due to the lack of human supervision, such heuristically
derived training data may be noisy and we therefore denote it as being weakly labeled or weakly
annotated. Following recent publications [145, 264, 322, 370], we denote the modus operandi of au-
tomatically extracting training data as distant supervision. Equivalently, we also introduce the term
indirect crowdsourcing: Similar to traditional crowdsourcing, distant supervision approaches lever-
age data that is collected by a huge, undefined, and distributed group of people. But in contrast to
crowdsourcing, people are not directly/explicitly stimulated to generate a certain kind of data — by
heuristically aligning and mapping different data sources, distant supervision indirectly exploits the
massive workforce of the crowd. In the following, we elaborate more closely on distant supervision
by studying some more examples that apply this paradigm.

Distant Supervision for Information Extraction

A very valuable and attractive source for such approaches is Wikipedia3. As a concrete example,
the "Wikipedia-based Open Extractor" system by Wu and Weld [443] utilizes the English Wikipedia
corpus for the task of open information extraction [6, 7, 124]. To construct a training corpus, they heuris-
tically map the structured information from Wikipedia’s infoboxes4 to related text passages of the
associated Wikipedia article (see Fig. 3.1). For instance, the infobox of the Stanford University arti-
cle contains an attribute-value-pair 〈established, 1891〉. A sentence of the article that contains both,
the subject of the article (or a coreference to it) and the attribute value (here: 1891) (e.g., ". . . founded
the university in 1891 . . . "), indicates a natural language expression of the 〈established_in〉 relation
type and can be used as a training sample. Aggregating samples for various relation types over the
whole Wikipedia yielded a training set of about 260,000 annotated sentences. In a similar fashion,
Wikipedia’s infoboxes are used to train ontology learning systems [369, 441, 442]. Mintz et al. [264]
substitute the infobox information with structured knowledge extracted from the Freebase5 semantic

2http://www.imdb.com/
3Characteristics such as Wikipedia’s high coverage and diversity, its high quality [143], its factual language, and its internal

structure promote this special usage.
4In Wikipedia, infoboxes are fixed-format tables that summarize unifying aspects of interrelated articles.
5http://www.freebase.com/
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3.1. Weakly Labeled Data, Distant Supervision, and Indirect Crowdsourcing

Stanford University
Leland Stanford Junior University

Motto

Established

Type

President

Provost

Die Luft der Freiheit weht

1891

Private

John L. Hennessy

John Etchemendy

The Leland Stanford Junior University, commonly referred to as Stanford
University or Stanford, is an American private research university located in
Stanford, California on an 8,180-acre (3,310 ha) campus near Palo Alto. [...]

Stanford University
From Wikipedia, the free encyclopedia

"Stanford" redirects here. For other uses, see Stanford (disambiguation).

Not to be confused with Stamford University or Samford University.

[...] founded the university in 1891 in memory of their son, [...]

John L. Hennessy was appointed the 10th President of the University in
October 2000. [...]

John Etchemendy was named the 12th Provost in September 2000. [...]

Wikipedia infobox

Figure 3.1.: Distant supervision by mapping the structured information of Wikipedia’s infoboxes to
textual representations in the related article. For example, we can extract a sample that
indicates how the semantic relation "isPresidentOf" may be expressed in natural language
(". . . was appointed the . . . President of . . .").

database. They map typed relations between two entities (as encoded in Freebase) to unlabeled sen-
tences in a large text corpus. Based on the assumption that "if two entities participate in a relation, any
sentence that contain[s] those two entities might express that relation", they construct weakly labeled
training copora for a relationship extraction task. Hoffmann et al. [167] and Nguyen and Moschitti [280]
refine the distant supervision heuristics initially proposed by Mintz et al. [264].

Further works consider distant supervision approaches in the context of biomedicine. For instance,
Craven and Kumlien [90] train an information extraction system that searches for relationships be-
tween entities such as genes, proteins, diseases, or cell types in biomedical publications. They con-
struct a weakly labeled training corpus by mapping structured information from a protein database
to textual representations in PubMed6 articles. Similarly, Morgan et al. [266] consider information ex-
traction from biomedical publications. Using a weakly labeled corpus, they train a hidden Markov
model to detect mentions of gene names in PubMed abstracts.

Distant Supervision for Sentiment Analysis

The most cited text corpus for sentiment classification, namely the "Cornell Movie Review Dataset"
[296, 297], is based on an indirect crowdsourcing approach. As described in the introductory example,
IMDb.com movie reviews along with the user-provided ratings constitute the weakly labeled training
samples. Pang and Lee [295] construct a similar corpus for sentence level subjectivity classification.
They extract text snippets from RottenTomatoes.com7 as samples for the subjective class and plot
summaries from IMDb.com as samples for the objective class. Due to the simplicity and convenience
of the approach, many more corpora were constructed by exploiting the mapping between numerical
ratings and textual representation [44, 232, 265, 403]. Some review sites also provide numerical ratings
for individual aspects (see Section 2.2.2), which can be used to create more fine-grained annotations
[164, 348, 402].

6 PubMed is a database that covers abstracts of publications on life sciences and biomedical topics. http://www.ncbi.
nlm.nih.gov/pubmed/

7http://www.rottentomatoes.com
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[...]
The Leica DC VARIO-ELMAR 25-300 lens and the 10 Mpixel CCD gave very good results in almost all my shots both outdoor and indoor.
I have never noticed in my shots vignetting in the corners and even more important at wide-angle the geometric distortion is very limited
considered that we are talking of a 25-300 lens in an extremely compact body. I think Leica-Panasonic engineers made really an excellent
job in designing this lens. The optical stabilizer (which can be disabled) proved to be extremely effective as it reduce to a not negligible level
the risk of obtaining blurred photos.
[...]
The display is a 3" LCD with 460 K pixel, brightness can be automatically changed according to the external light conditions (or manually).
It is the best LCD I have ever found in a digital camera. It can be used without problems even in very bright light conditions.
This is important as this camera has no optical viewfinder.
[...]
Still another proprietary cable: instead of using the well established USB connectors Panasonic uses its own proprietary connector.
This means extra stuff (i.e. cable besides the already mentioned battery charger and battery) to carry with you unless you would like to
download images directly from the memory card.
[...]

Product Rating: Pros: Excellent zoom range and wide-angle (25-300) - bright and high resolution LCD

Cons: Proprietary USB cable and battery. No aperture and exposure time manual setting

Ease of Use:

Durability:

Figure 3.2.: Distant supervision by mapping aspect keywords from pros/cons summaries to sen-
tences in the review text.

Instead of exploiting review ratings to determine the sentiment polarity of a document, Read [315]
proposes to consider occurrences of specific emoticons8. If a paragraph contains a "smile emoticon"
(:-)), it is labeled as positive; if it contains a "frown emoticon" (:-(), it is annotated as negative. The
same procedure is used by Go et al. [145] and Pak and Paroubek [291], who construct weakly labeled
corpora of microblogging posts. Purver and Battersby [305] extend the basic idea and build a weakly
labeled dataset for emotion classification. In particular, they map emoticons and hashtags9 to the six
basic emotions defined by Ekman [114] (see also Section 2.1.1).

Similar to some approaches we will present in Part III, some researches examine the utility of pros/-
cons summaries for sentiment analysis tasks. For instance, [51] make the distant supervision assump-
tion that aspect keywords that are mentioned in the pros/cons are likely to be discussed in the review
text (see Fig. 3.2). They train a generative model that allows to predict which key aspects a given
review document discusses. The basic idea of exploiting pros/cons information to label sentences in
the review text originates from Kim and Hovy [210]. But instead of learning a model that predicts key
aspects, they propose a method that automatically extracts reasons for pros and cons from a review
document.

Further works that consider distant supervision approaches in the context of sentiment analysis
are for instance by Thomas et al. [381], who gather weakly labeled data from congressional floor
debates, and Barbosa et al. [28], who train a review identification system on heuristically constructed
training corpora. Naturally, the concept of indirect crowdsourcing is not constrained to information
extraction or sentiment analysis tasks. For example, Mihalcea [261] describe a heuristic that exploits
Wikipedia’s internal structure to create training samples for a supervised word sense disambiguation
system. Spitkovsky et al. [358] examine a "lightly-supervised" approach that leverages HTML markup
to guide the training of a natural language parser.

8The term emoticon refers to "a group of keyboard characters (as :-)) that typically represents a facial expression or suggests
an attitude or emotion and that is used especially in computerized communications (as e-mail)" (definition in MerriamWeb-
ster.com http://www.merriam-webster.com/dictionary/emoticon, retrieved 12/2012).

9A hashtag is a word that is prefixed with the symbol # (e.g., #happy or #sad). It is a form of metadata and typically groups
semantically similar or topic-related messages in microblogging services (definition adapted from Wikipedia: http://
en.wikipedia.org/w/index.php?title=Hashtag&oldid=535475973).
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3.2. Crowdsourcing Approaches

General Remarks

Considering the common ground of the cited case studies, we define distant supervision as follows:

Definition 3.1 (Distant Supervision). The paradigm of distant supervision describes the approach of heuris-
tically aligning two data sources, where one source is interpreted as the label set and the other as the sample set.
The sample set is typically extracted from the Web, the label set may originate from structured sources (e.g, a
knowledge base) or may also be extracted from unstructured sources such as the Web. The heuristic labeling
function is based on a distant supervision assumption, for example, that sentences occurring in the pros
of a customer review express positive sentiment. The purpose of distant supervision is to automatically gather
weakly labeled data that is used to train a machine learning algorithm.

An immanent presumption for distant supervision is that the processes of extracting data and align-
ing instances with labels are simple and accurate. We believe that the advent of user generated content
(UGC) is an enabling factor in that spirit. To support this believe, consider the following beneficial
characteristics:

• Homogeneity and Structure: Websites that rely on user generated content typically use struc-
tured interfaces (e.g., HTML web forms) to let users create content on their site. This structure
is reflected by the HTML-templates that render the content. In effect, user generated content
is more likely to exhibit some structure and thus promotes easy and accurate content extraction.
Furthermore, contributors often agree on style and structure conventions (e.g., the Wikipedia
"Manual of Style"10), which obviously enhances homogeneity and therefore also promotes the
use of web data extraction heuristics.

• Metadata: Also, in order to structure the content, UGC-enabled sites encourage their users to
provide metadata about their entries. For instance, metadata may be given in form of tags,
mappings to an existing topic (e.g., a forum entry), or a rating (e.g., for a product review).
Generally, such metadata have a clear semantic and lend itself to be used as labels for training
instances.

• Accessibility: Web 2.0 platforms typically store user generated content in databases. Rendering
this content as a web site is only one way to "export" the data. Due to the fact that data is stored
in databases, exporting it in a machine-readable format such as XML is very easy. Thus, many
platforms provide structured access to their content, e.g., by means of web-services or RSS-feeds.
In such cases web data extraction is a trivial task.

• Amount of Data: Due to their openness and simple interfaces, UGC-enabled websites pro-
vide the potential of massive online collaboration. The huge amount of information available
through popular sites promotes the use of high precision/low recall heuristics for the extraction of
labeled data.

3.2. Crowdsourcing Approaches

Annotated training corpora are traditionally created by a group of domain experts or explicitly briefed
persons (e.g., students with certain background knowledge). Selecting such experts as "laborers" to
do the tedious, time-consuming, and often redundant work of hand-labeling data induces high per-
annotation costs. Besides distant supervision techniques, researchers currently study the potential of
using crowdsourcing approaches.

10http://en.wikipedia.org/wiki/Wikipedia:Manual_of_Style
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3. Reducing the Costs of Human Supervision in Text Analytics Tasks

Crowdsourcing basically means to outsource a problem or a task to an undefined (typically dis-
tributed) workforce of people. As a prominent example, consider the "Millennium Prize"11. Mathe-
maticians (but not limited to) around the globe are attracted by an one million dollar award (and the
fame!) for correctly solving one of the seven most crucial mathematical problems. Another example is
Google’s "Android Developer Challenge"12. To promote their mobile operating system and to attract
developers to their platform, Google offered prizes for the most innovative applications.

However, crowdsourcing is more than a new form of holding contests and awarding prizes. Com-
panies and institutions have adopted it as an alternative business model [171, 371]. Amazon’s "Me-
chanical Turk"13 (AMT) may be regarded as a step towards a professionalization of this business
model. AMT provides the infrastructure for an online labor marketplace — basically, it connects
requesters announcing tasks to the system with workers who are monetarily rewarded for accom-
plishing them. Workers are typically paid by a piece-rate and wages depend on the complexity of the
tasks. Common tasks are for example labeling images, verifying hyperlinks on websites, transcrib-
ing audio, verifying addresses and phone numbers, classifying products into categories, or providing
spelling corrections. Tasks on AMT are mostly of simple and repetitive nature, but require human
intelligence and cannot be solved by computers.

Researchers currently study the impact of using such an undefined workforce of non-experts for
a variety of annotation projects in natural language processing. For instance, Snow et al. [347] and
Hsueh et al. [175] compare the quality and usability of non-expert annotations (obtained via AMT)
with expert annotations. Their basic findings are that crowdsourcing can be considered as a cheap,
fast, and yet reliable method to collect annotations. The plenitude of data and the acquisition of
parallel, independent annotations allows to compensate the increased noise that is introduced by
relying on non-expert annotators. Munro et al. [270] report similar results in the context of language
studies. Lofi et al. [240] consider crowdsourcing approaches for information extraction tasks.

Crowdsourcing approaches can be characterized by the way crowds are attracted [103]. Apart
from explicit pecuniary incentives, such as the wages paid on AMT, other, more implicit reasons for
collaboration exist. One important motivation is amusement. Some researchers exploit this fact and
design games with a purpose. For instance, von Ahn [401] creates a game where players collaboratively
annotate images or von Ahn et al. [400] propose a web-based game where users locate objects in
images. Similar crowdsourcing approaches exist for the purpose of creating annotated datasets for
music/sound retrieval [224] or preference ranking [34].

3.3. Machine Learning Approaches

Whereas distant supervision and crowdsourcing approaches serve to reduce the per-annotation costs,
certain machine learning techniques promise to reduce labeling costs by minimizing the required
amount of labeled training data. Probably the most prominent technique in this context is semi-
supervised learning (SSL) [70]. Halfway between supervised and unsupervised learning, it addresses
the problem of learning in the presence of both, labeled and unlabeled data. The underlying assump-
tion is that the required number of labeled samples can be reduced by taking advantage of large
amounts of unlabeled data (which is typically available at no costs). One of the earliest ideas to SSL
is self-learning (also denoted as bootstrapping) [196]. It is successfully applied in a variety of natural
language processing (NLP) tasks [3, 26, 85, 324, 406]. Another prominent scheme is active learning
(AL) [285, 343]. Active learning systems actively select the samples that a user should annotate. By
choosing the most "informative" samples, the hope is to increase the learning rate of a system and
thus to minimize the number of required samples.

11http://www.claymath.org/millennium/
12http://code.google.com/android/adc/
13https://www.mturk.com/
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3.4. Summary

Closely related to the SSL and AL is pre-labeling [25, 93], which however aims at reducing the per-
annotation costs. The idea is to assist the annotator by using the learned model to pre-label previously
unlabeled instances. The underlying assumption is that (1) only a fraction of pre-labeled instances
needs revision and (2) that it is easier to revise incorrect annotations than to produce new annotations
from scratch. Thus, the goal is to reduce the amount of actions required to label a single instance.

3.4. Summary

In this chapter, our goal was to provide an overview the distant supervision paradigm. We embedded
the topic as part of a more general question, namely how to reduce the manual effort that is typically
entailed with creating lexical resources such as labeled training copora. We introduced distant su-
pervision as a technique to automatically create weakly labeled training data for machine learning
algorithms. We presented a definition of the paradigm and described several successful applications
in information extraction, sentiment analysis, and natural language processing. We further pointed
out some beneficial properties of user-generated content and argued that the advent of this kind of
data represents an enabling factor for distant supervision approaches. In the last two sections, we
completed the picture by briefly discussing two other approaches for reducing labeling costs, namely
crowdsourcing and semi-supervised machine learning.

35





Part II.

Models, Datasets, and Problem Analysis





Whenever a theory appears to you as the only possible one, take this as a
sign that you have neither understood the theory nor the problem which
it was intended to solve.

Karl Popper

4. Modeling the Expression of Sentiment in Customer
Reviews

This chapter introduces our perspective on how to model the expression of sentiment in customer
reviews. Providing an analytic definition (in a mathematical sense) is rather impractical. Never-
theless, a thorough understanding and an accurate model of how sentiment is expressed form the
indispensable basis for developing annotation schemes, compiling evaluation corpora, and compu-
tationally treating opinions. Needless to say, the presented model is influenced by previous work on
modeling sentiment in natural language text, such as Bloom et al. [45], Ding et al. [102], Kessler et al.
[209], Polanyi and Zaenen [303], Popescu and Etzioni [304], Toprak et al. [386] and Wiebe et al. [417].
We indicate similarities and differences to these other models where appropriate and go into more
detail in a separate section on related work.

Although dealing with natural language and its use, we clearly state that our perspective on mod-
eling the expression of opinion is the perspective of an engineer rather than that of a linguist, psy-
chologist, or sociologist. It is not our ambition to develop a universal model that would cover also the
smallest linguistic nuance, nor is it our ambition to present or resemble a general cognitive theory of
emotion and opinion. Nonetheless, we do not neglect the models, theories, and concepts developed
in these fields of study. In summary, our fundamental requirements for the model are the following:

• Operationalization: An opinion is an abstract concept. Our model shall define its (abstract)
constituents in such a way that they can be measured. In that sense, operationalization corre-
sponds to reducing any existing ambiguities. In particular, we require that our model can be
implemented by a well-defined annotation scheme. Given annotation instructions, a human
must be capable of annotating a customer review in accordance to the model. Annotation in-
structions must be directly derivable from model assumptions and must be clearly expressible.

• Constructiveness: We refer to our model as being constructive if it can be implemented in
software, that is, a computational understanding of the model can be achieved. We restrict
our model in such a way that, with employing state of the art or conceivable technology1, a
computer program can be developed that is capable of automatically annotating a customer
review in accordance to the model.

• Aspect Orientation: Most customer reviews contain mixed opinions. Reviewers comment on
different aspects of a product — some aspects are praised, others are criticized. A "five out of
five star review" may also contain negative judgments and a "one out of five star review" may
nevertheless express positive sentiment on some aspects. A practicable model must be capable
of capturing opinion expressions at the level of aspects2.

• Focusing: One size does not fit all. Different application domains exhibit different character-
istics and therefore influence the model which is to be developed. For example, opinions ex-
pressed in newswire text are frequently conveyed by reported or direct speech events (e.g.,
"During the meeting, Berlusconi criticized the left sowing ’hatred and envy’ and ’politicized
judges’."). In contrast, reported and direct speech is virtually never used in customer reviews

1 Here, we address base technology that is employed in the context of NLP and machine learning, such as part of speech
taggers, natural language parsers, general sequence taggers, or classification and clustering algorithms.

2 The ability to recognize opinions at the level of aspects subsumes the capability of classifying the general tone of a product
review — for example, by aggregating the aspect level sentiment.
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and, as a consequence, does not need to be considered as part of a model. We explicitly re-
strict the model’s scope to the domain of customer reviews. We do not claim that the model
is applicable with the same level of fit in other domains, such as political debates or financial
news.

We model the expression of opinion in customer reviews at two different levels of granularity.
In particular, we consider a fine-grained expression level model and a more coarse-grained discourse
oriented model:

• Expression Level Model: The expression level model allows to capture individual utterances
of opinion at the mention level. For example, in the sentence "The images were soft and grainy,
the focus was inconsistent and the color were often oversaturated.", we can observe three aspect
mentions ("image", "focus", and "color") and each of them is associated with a negative senti-
ment. Modeling at the expression level allows to describe the individual linguistic constituents
and relations that make up the sentiment targets and expressions.

• Discourse Oriented Model: Aspects and sentiments may be modeled on a more coarse-grained
level. Reconsider the preceding example sentence. We may also classify the whole sentence
as expressing negative sentiment on the picture quality of the camera. Instead of considering
the individual linguistic constituents of an opinion expression, we are more interested in the
abstract function and properties of a specific text passage as part of the discourse structure of a
review document.

The rest of the chapter is organized as follows: Preliminary to discussing the actual models, Sec-
tion 4.1 defines our understanding of product aspects by introducing the concept of a product type
taxonomy. Next, we describe our perspective on modeling opinion expressions in detail. We describe
the discourse oriented model in Section 4.2 and introduce the expression level model in Section 4.3. We
discuss some limitations of both models in Sections 4.2.4 and 4.3.4. Section 4.4 reviews related work
on modeling opinions and identifies relevant differences. Section 4.5 summarizes the chapter.

4.1. Modeling Product Types, Products, and Aspects

As the section title implies, we distinguish between the terms product type, product, and product aspect.
We refer to a product type when addressing a whole class of products. For example, the classes of
digital cameras, mp3 players, hotels, or restaurants all constitute a separate product type. We use
the term product to denote individual instances of a product type, e.g., "Canon EOS 600D", "SanDisk
Sansa Clip+", "Hotel Adlon Kempinski", or "Curry 36". As illustrated in Fig. 4.1, product aspects may
be defined with respect to a concrete product (e.g., "Canon EOS 600D") or in terms of a whole product
type (e.g., digital cameras). How to model the aspects depends on the actual application scenario and
the requirements for a review mining system. Due to the shape of our review corpora, we decided
to model product aspects with regard to the product type. (Other researchers, e.g., Hu and Liu [177],
define aspects with regard to a concrete product.) Independent of this choice, aspects may either refer
to physical entities (e.g., the lens of a digital camera), or to abstract objects, such as "picture quality"
or "ease of use".

With regard to product aspects, we further distinguish between coarse-grained and fine-grained as-
pects. We speak of coarse-grained aspects when we mean the broader concepts that are predomi-
nantly commented on in reviews of a specific product type. In the following, we interchangeably de-
note this level of granularity as concept level or topic level. We cannot provide an accurate definition for
what constitutes a concept and restrict ourselves to examples3. In fact, our notion of coarse-grained

3Also see Buitelaar and Magnini [60, sec. 4.3] who discuss the problem of defining concepts w.r.t. ontology engineering.
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(a) aspects as attributes of the product type
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(b) aspects as attributes of a product

Figure 4.1.: The relation between the concepts product type, product, and product aspect. Product aspects
may be modeled as attributes of the product type (a) or of a concrete product (b).

aspects is data driven. Appendix D describes how we use probabilistic topic models to derive a set of
relevant topics from a large collection of review documents.

We speak of fine-grained aspects when we refer to concrete instances of an entity at the concept
level. For example, the aspects "battery life", "battery power", or "battery charger" are all instances
of the broader concept "battery and charging". We postulate that a fine-grained aspect is associated
with exactly one entity at the concept level. We denote this fine-grained level of analysis as mention
level; conceptual entities become manifest as concrete mentions of fine-grained aspects within a text.
A mention is a normalized, canonical representative of a textual surface form (the actual string) of an
aspect. For example, the fine-grained aspect "battery life" may also occur as "life of the battery" or
"battry life" (misspelling) at the textual surface.

Similar to Ding et al. [102], Popescu and Etzioni [304], or Kessler and Nicolov [207], we postulate
that the attributes of a product type can be hierarchically decomposed along semantic relations such as
"part-of" (meronymy), "type-of" (hyponymy), "feature-of", or "synonym-of"4. We introduce this kind
of hierarchy for both the concept level and the mention level of aspects. We propose to first decom-
pose a product type into a set of broader concepts. These concepts are then hierarchically structured
along semantic relations, resulting in a tree representation where the root node is the product type
and inner nodes are concepts. For example the concept user interface is a feature of the concept ease of
use which itself is a feature of the product type digital camera (root node). On the mention level, we
associate each fine-grained aspect to exactly one entity on the concept level (inner node of the tree), so
that each concept is related to a set of fine-grained aspects. Sets of fine-grained aspects may again be
hierarchically decomposed along semantic relations. We summarize our description more formally
in Definition 4.1:

4 See for instance Cruse [91] or Murphy [271] who study semantic relations in detail.
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Definition 4.1 (Product Type Taxonomy). Let P be a specific type of product or service (e.g., digital camera
or hotel). Then a product type taxonomy T is a tree with P as the root and subordinate concepts Ci as inner
nodes. A concept Ci is related to its parent (the root or an inner node) through a semantic relation. Each node
Ci, including the root, is associated with a set FCi

of normalized textual surface forms of products aspects,
denoted as fine-grained aspects. A set FCi

of fine-grained aspects may again be hierarchically structured along
semantic relations.

Figure 4.2 illustrates the constituents of a product type taxonomy (hierarchies at the mention level
are not explicitly depicted).

P

C1 C2 C3

C11 C12 C31

FC1

FC11

FC12

FC2

FC31

FC3

FP

concept level hierarchy

mention level hierarchy

Figure 4.2.: Building blocks of a product type taxonomy. The illustration highlights the hierarchical
decomposition at the concept and mention level.

The motivation for modeling product aspects in a hierarchy (opposed to a flat, unrelated list) fol-
lows two observations: First, decomposing objects (here products) along semantic relations is quite
natural. For instance, ontologies [152] represent domain knowledge in such a way. Another example
is the WordNet lexical database [263], which organizes synsets of nouns along meronymy and hy-
ponymy relations. Second, we can observe that sentiments propagate along such relations. That is,
sentiments expressed towards a part, type, synonym, or feature inherently address also the related
node. We can aggregate sentiments on each level of a hierarchy (concept and mention level), allow-
ing for multi-level fine-grained analysis. For example, when expressing negative sentiments on the
coverage of the flash (e.g., uneven coverage), a negative sentiment is inherently conveyed towards
the fine-grained aspect flash (and the equally named concept) and thus also to the product itself.
The hierarchical model therefore helps to structure and summarize the detected sentiment in a com-
prehensive form. A customer review mining tool may visualize the hierarchy and help the user in
exploring the extracted information.

Figure 4.3 exemplifies a product type taxonomy for digital cameras and illustrates how sentiments
propagate in this model. Concepts are depicted as blue rectangles, which are connected via part-of
and feature-of links. Each concept is associated with a set of fine-grained aspects (the green rectangu-
lar boxes). Again, for reasons of clarity and comprehensibility we do not illustrate semantic relations
between fine-grained aspects (e.g., that coverage and reach are features of a flash). Sentiment expres-
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Figure 4.3.: Propagation of sentiment within an exemplary product type taxonomy.

sions are linked to concepts via concrete mentions. Polarities attached to a sentiment expression are
depicted as circles, enclosing either a plus sign (positive), a minus sign (negative), or a zero (neutral).

We want to point out that it is not our intention to describe a complete domain ontology of a product
type. We rather regard our definition of a product type taxonomy as a simple tool that allows us
to express the important hierarchical relations between product aspects. We believe that it is flexi-
ble enough to describe the hierarchical relations of product aspects for very diverse product types
(e.g., digital cameras, mobile phones, hotels, restaurants, movies), and that it is of great value for
structuring and summarizing the information obtainable from customer reviews.

4.2. Discourse Oriented Model of Customer Reviews

Like the majority of text documents with informative character, a customer review is written in a
linear, coherent way. Consider an author reviewing his newly bought camera. He may start his review
with a brief introduction, referring to his personal context (e.g., "I’m an enthusiastic photographer
since more than a decade now..."), then formulate his thoughts on different aspects of the product,
first about the picture quality then about battery life, etc., he may give some advice on the usage of the
product and finally he may conclude by pointing out his overall impression. That is, we can observe a
flow of different topics (picture quality, battery life) and functions (personal context, evaluation, advice,
conclusion). Such shifts of topic or function represent a document’s discourse structure. We therefore
briefly review the concept of discourse as understood in NLP 5:

4.2.1. Discourse in Natural Language Processing

Very broadly speaking, discourse addresses language phenomena beyond the sentence level. We
cite Jurafsky and Martin [198, chap. 21] who point out that "language does not normally consist of
isolated, unrelated sentences, but instead of collocated, structured coherent groups of sentences". The
literature typically distinguishes between a fine-grained modeling of discourse structure and a coarse-
grained perspective. In fine-grained modeling one is interested in typifying the relations between
sentences of a document. For example, a sentence S1 may be related to a succeeding sentence S2 as

5Take note that in other fields of study, such as philosophy or sociology, the notion of discourse is understood more broadly.
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being the explanation for an incident described in S2. Other typical coherence relations are for example
"Cause", "Result", "Elaboration", or "Occasion" [198]. Fine-grained discourse structure is generally
represented in a hierarchy. For instance, Asher et al. [17, 18] or Somasundaran [351] study the fine-
grained discourse structure in the context of sentiment analysis.

We are interested in the coarse-grained discourse structure of a document — that is, we only con-
sider the coherency of text passages, but without addressing explicit coherence relations. Such a
shallow model is commonly denoted as discourse segmentation. Modeling the flow of topics and func-
tions can be regarded as an instance of discourse segmentation. In this specific case, coherence is
defined with respect to the two orthogonal dimensions topic and function.

4.2.2. Motivation

Our motivation to consider a discourse oriented model comprises mainly three aspects: First, we
believe that besides considering very fine-grained product aspects (namely individual mentions),
there exists also an information need to subsume concrete aspect mentions to coarser-grained aspects.
The discourse oriented model follows this path.

A second motivating factor is based on the observation that aspects and opinions are not necessar-
ily expressed explicitly. In such a case we cannot identify a specific phrase on the mention level that
conveys the information. The addressed aspect or sentiment may be recognizable only when con-
sidering context, i.e., a longer text passage, such as a whole sentence or paragraph. In the following
example the aspect is implicitly mentioned: "I really like that the camera fits into my pocket.". The
author addresses the size of the camera, but never explicitly mentions this aspect. The general tone of
this passage is positive, as the author states that he likes this characteristic of the camera. Also opin-
ions may be communicated implicitly, i.e., they cannot directly be attributed to a concrete sentiment
bearing text span. This is for instance the case if specific facts imply an evaluation or judgment. In
the literature the phenomenon is referred to as objective polar utterance [433], evaluative fact [282], or is
denoted as polar fact [386]. As an example for such a polar fact, consider the following sentence: "The
flash recycle time can reach up to 20 seconds.". Although the sentence contains only facts, it implies
an evaluation of the flash recycle time. A flash recycle time of 20 seconds is clearly not desired and
thus the sentence implies negative sentiment.

A third motivating factor is that we are interested in distinguishing the different functions which
text passages typically fulfill in the discourse structure of a review document. Although a customer
review is qua definition a highly focused and evaluative document, not every part of it addresses
a relevant topic or is of evaluative nature. For example, the introductory sentence we cited at the
beginning of this section is irrelevant with respect to evaluating the product, but it can be relevant
for estimating the trustworthiness or expertise of the author (e.g., a professional photographer could
be considered more proficient than a person who is completely new to photography). Differentiating
between discourse functions allows us to model and analyze customer reviews with respect to a further
dimension. For example, it is capable of distinguishing between explicitly evaluating, concluding,
problem describing, or advice giving text passages. We believe that there exists an information need
with regard to distinguishing these discourse functions. It is therefore our goal to derive the most
typical functions used in the discourse structure of customer reviews.

4.2.3. Model Description

Having motivated the discourse oriented model, we now describe its basic constituents and their
relations in more detail. Figure 4.4 provides a graphical overview of the model. The basic constituents
are represented by the three orthogonal (i.e., independent) dimensions, discourse function, topic, and
sentiment polarity. Each segment is at least attributed with a discourse function, but values on the
topic and polarity dimensions may be empty. An empty value on the topic dimension indicates an
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DiscourseSegment

CustomerReview

<<enumeration>>
Topic

Product

Ease of Use

Battery

Picture Quality
...

<<enumeration>>
DiscourseFunction

Personal Context
Sentiment
Comparison
Advice

Conclusion
...

1 1 ..
<<enumeration>>

SentimentPolarity

Positive

Both
Neutral
Negative

1

1 .. 0 .. 1

1 ..

0 ..

1 ..

Figure 4.4.: The discourse oriented model of sentiment in UML notation.

off-topic segment — that is, none of the predefined topics can be attributed with the text passage. An
empty value on the polarity dimension indicates that the segment contains only objective statements.
Segment boundaries are defined by the coherency with regard to all three dimensions. That is, each
shift in either the function, topic, or polarity dimension defines a new discourse segment.

Definition 4.2 (Discourse Oriented Model). A customer review is subdivided into a set of consecutive, non-
overlapping discourse segments. A discourse segment consists of a text passage that exhibits coherency with
respect to its discourse function, topic, and sentiment polarity. Each segment is associated with exactly
one discourse function. Furthermore, segments are either off or on-topic. On-topic segments are associated
with one or more predefined, domain dependent topics. Discourse segments may contain explicit or implicit
utterances of opinion. In that case, a segment is attributed with a sentiment polarity.

Discourse Function

A discourse function refers to the function of a segment with respect to the discourse structure of
a review. We postulate that a predefined set of discourse functions is universally applicable for all
customer reviews, independent of the addressed type of product. A complete list of these predefined
discourse functions is specified as part of the annotation scheme we present in Section 5.2. The anno-
tation guidelines in Appendix A.2.7 discuss the individual discourse functions in detail and provide
many examples. Section 6.1.3 analyzes the distribution of discourse functions in our hand-annotated
corpora.

Topic

A topic refers to the definition of coarse-grained product aspects as presented in Section 4.1 — that
is, a topic subsumes fine-grained aspects that are semantically or conceptually similar. For example,
in the digital camera domain, we can imagine topics such as "picture quality", "ease of use", "video
recording", "lens", or "battery life".
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Opposed to the set of discourse functions, the predefined set of topics is dependent on the specific
product type under consideration. We postulate that such a set of topics is inherent to each particular
domain and therefore, a list of topics can be compiled6. We present such a list of predefined topics for
the two product types "digital camera" and "hotel" in Section 5.2.

As the minimal unit for a discourse segment is a sentence, it is possible that multiple, different
topics are addressed in a single segment. We therefore model the association between topics and
discourse segments as a many-to-many relation. One discourse segment may be associated with
multiple topics (or none at all). This assumption contrasts other similar models [55, 136, 194] which
postulate that a sentence is associated with no or exactly one topic.

Sentiment Polarity

Sentiment polarity is modeled independently from the discourse function and topic dimensions. Also
off-topic segments may contain subjective information. For example, a reviewer may highlight what
a professional photographer he is and praise his skills. Each segment which expresses sentiment
is attributed with a sentiment polarity type of either "positive", "negative", "neutral" or "both". For
the same reason as we allowed for multiple topics, we introduce the special sentiment polarity type
"both". A segment is attributed with this type in case it contains positive and negative sentiment
expressions. Objective segments are simply not associated with any sentiment polarity type. Further-
more, we distinguish between polar fact segments and other polar segments. The sentiment polarity
of a polar fact segment is restricted to either "positive" or "negative". Take note, that we do not cover
sentiment strength/intensity in the discourse oriented model.

Summary

With the discourse oriented model we present a coarse-grained, topic-oriented perspective on mod-
eling customer reviews. We assume that a review can be partitioned into non-overlapping coherent
segments, where segment boundaries are aligned along sentence boundaries and are defined with re-
spect to a shift in one of the three dimensions. We further postulate that a predefined set of discourse
functions exists and is applicable to every customer review, independent of a specific product type.
Topics refer to coarse-grained aspects of a product. A predefined list of topics can be compiled for
each type of product. Sentiment (possibly in the form of polar facts) is recognized independently of
the other dimensions and without considering the sentiment strength. The minimal unit of text that
may constitute a discourse segment is a single sentence.

4.2.4. Limitations of the Discourse Oriented Model

Predefined Set of Topics

The model assumes that a fixed set of topics can be compiled for each domain of interest. But there
is no assumption on the cardinality of such a set. The set of topics could possibly consist of a single
element (effectively just indicating on or off-topic segments) or hundreds (effectively representing
each separate product aspect as a topic). That is, the cardinality of the set depends on the desired
granularity with regard to the topics. It is the task of the modeler to decide on the granularity (typi-
cally based on application needs). However, it is difficult to decide whether a compiled set of topics is
complete. A simple solution would be to add an artificial topic "OTHER" that subsumes all relevant
topics not included in predefined set of topics. We overcome the problem of determining the set of
topics by taking a data-driven approach. We basically use probabilistic topic modeling techniques that

6 Take note that a subset of coarse-grained product aspects is often incorporated as a collection of explicitly ratable aspects on
review sites. For instance, the website Epinions.com asks the reviewer to explicitly rate the aspects "ease of use", "durabil-
ity", "battery life", "photo quality", and "shutter lag" when evaluating a digital camera.
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help to explore and structure text corpora in an unsupervised manner. More details are provided in
Chapter 8.

Coarse-Grained Perspective

Due to its coarse-grained perspective, the model is not capable of capturing the basic constituents that
convey sentiment. Instead of considering the individual linguistic features that make up an opinion
expression, the model only captures the effects. For example, in this model we are not aware that a
negation "not" shifts the prior polarity of the expression "like" — we are only aware that a text passage
is attributed with negative sentiment. However, the level of granularity suffices to answer questions
such as "Which reviews contain passages that express positive/negative opinion on the location of
the hotel?". It also allows for tasks such as "Show all snippets that conclude a review and highlight
the service of the hotel".

Enumeration of Product Aspects

Discourse segments are aligned at sentence boundaries, thus the smallest unit of a segment is a single
sentence. Although we allow multiple topics to be associated with a single segment, the model does
not fit well when reviewers simply enumerate their likes and dislikes (e.g., "Friendly and attentive
reception staff, impeccably clean rooms every day, comfortable bed (if a bit short for my 6’3"), ipod
dock with radio, modern design without being overly pretentious, big flat-screen tv, and free Wifi!!!").
The model is intended to capture the general topic prevalent in a text passage instead of capturing
individual mentions at the sub-sentence level. In the previously cited example sentence nearly each
noun phrase is associated with a separate topic. We may attribute the topics "service", "cleanliness",
"sleep quality", "room amenities", "decoration", and "internet".

4.3. Expression Level Model of Customer Reviews

We now describe a more fine-grained perspective on modeling customer reviews which we denote
as expression level model. We are interested in identifying fine-grained (linguistic) constituents of sen-
timent targets and expressions and want to determine how they relate to each other. Opposed to the
discourse oriented model, which addresses the general topic and tone of a text passage, individual
mentions of targets and expressions along with their constituents are captured. Fig. 4.5 provides an
overview of the expression level model.
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Figure 4.5.: The expression level model of sentiment in UML notation.
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To point out the different linguistic constituents and their relations in example sentences, we in-
troduce a graphical notation (see Fig. 4.6). We outline sentiment expressions as a thick, solid rect-
angle with rounded edges. The example sentence contains the two sentiment expressions "soft" and
"cozy". The polarity of a sentiment expression is depicted by thumbs up and thumbs down symbols:
U(positive),D(negative) andR(neutral). We indicate the intensity by the following two arrows:
Ù (average) and Ú (strong). If the polarity of a sentiment expression is target-specific (to be discussed),
the outlining rectangle is grayed out, such as for the adjective "soft" in the example. Sentiment targets
are highlighted with a thick, solid, chamfered rectangle. In this case we have the single sentiment
target "king-size bed". All sentiment shifter annotations are illustrated with a thick, dashed rectangle
with rounded edges. Here, we have the word "really" as a shifter that modifies both sentiment expres-
sions. If a relation between any of the constituents is of importance, we put emphasis on it by adding
named pointers to the graphic. The pointers in the example describe that both sentiment expressions
target the same product aspect and that their intensity is shifted by the word "really". Take note that
we choose the name of a pointer to reflect its precise semantic, e.g., we write "amplifiedBy" instead of
"shiftedBy". For reasons of clarity, subsequent examples will only illustrate the constituents that are
relevant in the given context.

UÙ UÙ

The king-size bed was really soft and cozy .
targets

targets

amplifiedBy

amplifiedBy

Figure 4.6.: Graphical notation used to explain the constituents of the expression level model.

The following discussions are based on Example 4.1. It shows an artificial review that is intention-
ally kept simplistic, but suffices to exemplify the discussed ideas.

Example 4.1 (Invented Digital Camera Review)

(4.1) I am utterly disappointed with this camera, I really do not like it.

(4.2) Its picture quality is just respectable and not very convincing.

(4.3) And unfortunately the flash has only moderate reach and an uneven coverage.

(4.4) Also the battery life appears to have been reduced and charging time is somewhat long.

4.3.1. Sentiment Targets

A sentiment target refers to the textual surface form of a fine-grained product aspect. It is associated
with one or more sentiment expression and we postulate that there is an existential dependency be-
tween sentiment target and sentiment expression. In other words, a sentiment target does not exist
(or is not recognized) if no sentiment is expressed on it. We further model the association between
sentiment targets and sentiment expressions as a many-to-many relation. A single target may be ad-
dressed by multiple sentiment expressions and a single sentiment expression may relate to multiple
sentiment targets.
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Its picture quality is just respectable and not very convincing .
targets

targets

Sentence (4.2) exemplifies that a sentiment target may be associated with multiple sentiment ex-
pressions. The sentiment target "picture quality" is targeted by the two sentiment expressions "re-
spectable" and "convincing". In a sentence such as "Especially color accuracy and picture sharpness
are amazing.", the single sentiment expression "amazing" addresses the two different targets "color
accuracy" and "picture sharpness".

Concerning sentiment targets, we distinguish nominal, named, and pronominal mentions7. With re-
gard to these types, we basically follow the nomenclature8 used in the context of the "Entity Detection
and Tracking" task of the "Automatic Context Extraction" (ACE) evaluation campaign [87]. We speak
of a nominal mention (typically a noun or noun phrase) if the sentiment target refers to an explicitly
named product aspect, such as "picture quality" in sentence (4.2) or "battery life" in sentence (4.4).
Also named entities, e.g., "Canon EOS 600D", may represent the target of a sentiment expression (e.g.,
"I fell in love with my new EOS 600D."). We refer to this type of target as a named mention. In addition
we consider pronominal targets. Sentence (4.1) exemplifies this type:

I am utterly disappointed with this camera , I really do not like it .

references

The pronoun "it" refers to the antecedent "camera". The expression level model covers pronominal
relations by means of the "TargetReference" type. In this example the pronoun "it" takes the role of the
sentiment target (it is modified by the expression "like") and the aspect "camera" is considered as the
target reference (take note that here the camera is also a sentiment target by itself). We only consider
pronoun relations if the pronoun is target of a sentiment expression. For example, in sentence (4.2)
we disregard the possessive pronoun "its". We further restrict that a pronoun cannot take the role of
a target reference — that is, we do not model chained references. Observe that a target reference may
refer to the antecedent of multiple pronominal mentions.

4.3.2. Sentiment Expressions

We will now discuss the different constituents of a sentiment expression and how they relate to each
other. Naturally, the central part is the concrete utterance that conveys the sentiment, e.g., "disap-
pointed" in sentence 4.1. Its primary attribute is the sentiment polarity:

Sentiment Polarity

Similar to Polanyi and Zaenen [303], Wilson et al. [438], or Toprak et al. [386] we distinguish between
prior polarity and contextual polarity of a sentiment expression — that is, we distinguish between the
polarity of an expression when considered in isolation versus polarity when considered in the context
of potential sentiment shifters, such as negators or neutralizers. However, our definition of prior
polarity is different in the sense that we incorporate its potential dependency on a specific sentiment
target. To distinguish our notion of prior polarity from definitions in the literature, we denote it as
target-specific prior polarity (see also Fahrni and Klenner [125] or Klenner et al. [214]).

7Take note that, primarily for the purpose of corpus exploration, our annotation scheme for the expression level model covers
a fourth target type, namely "implicit mention".

8 refer to the annotation guidelines at http://www.ldc.upenn.edu/Catalog/docs/LDC2005T09/guidelines/
EnglishEDTV4-2-6.PDF
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Definition 4.3 (Target-Specific Prior Polarity). Let e be a sentiment bearing expression and
t be a sentiment target. Then the target-specific prior polarity p is given by a function
p(e, t)→ p ∈ {positive,negative,neutral}.

To see that the polarity of a sentiment expression is potentially dependent on its target, consider
for example sentence (4.4). When modifying the target "charging time", the adjective "long" has a
negative connotation. But when referring for instance to "battery life", it obviously communicates
positive appraisal. Observe that the prior polarity of a phrase may, but does not need to be dependent
on the target. For instance phrases such as "amazing", "love", or "excellent" are connoted with a
positive polarity independent of the concrete target.

Sentiment polarity, as defined in the expression level model, always refers to (target-specific) prior
polarity. It ignores any associated sentiment shifter. For example, consider the second clause of
sentence (4.1). The sentiment expression is "like" and it targets the pronoun "it" (referring to camera).
We assign the sentiment polarity "positive", ignoring the negation "not". The contextual polarity of the
sentiment expression would be "negative". However, we do not model contextual polarity explicitly,
as it can be derived from the target-specific prior polarity and the associated sentiment shifters.

DÙ UÙ

I am utterly disappointed with this camera , I really do not like it .
targets

targets

Sentiment Intensity

In addition to the prior polarity, a sentiment expression is attributed with a prior intensity. We distin-
guish between two degrees of intensity. A sentiment expression either exhibits an average or a strong
intensity. In contrast to prior polarity, we regard the intensity as immanent to the sentiment bearing
phrase, that is we model it as being independent of a sentiment target. As an example, consider again
sentence 4.1. Both sentiment expressions "disappointed" and "like" show an average intensity. The
reviewer could have used a more intense language. The statement may for instance read "I’m utterly
disappointed with the camera, I really hate it.". We would then attribute the sentiment expression
"hate" with a strong intensity. Our annotation guidelines in Appendix A.3 provide more examples
that show how we distinguish between average and strong intensity.

4.3.3. Sentiment Shifters

A sentiment expression may be modified by zero or more sentiment shifters. Sentiment shifters may
influence the polarity, the intensity, or the degree of certainty of a sentiment expression. Founded on
the concept of valence shifters, as proposed by Polanyi and Zaenen [303], and similar to Kessler et al.
[209], we distinguish six major types of sentiment shifters: negators, amplifiers, downtoners, solidifiers,
softeners, and neutralizers.

Negation

This is the most important sentiment shifter. It predominantly has influence on the sentiment polarity.
Most commonly, it is assumed that it flips the (target-specific) prior polarity of a sentiment expression
[209, 303] — for example, as in sentence (4.1).
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I am utterly disappointed with this camera , I really do not like it .

targets targetsamplifiedBy

amplifiedBy

negatedBy

However, negation may also influence the sentiment intensity and not necessarily flips polarity.
For instance, consider the following invented sentence from a hotel review:

(4.5) The breakfast was not fantastic, but it was adequate for the price.

The prior polarity of the sentiment expression "fantastic" is obviously "positive" and its intensity is
"strong". But negating "fantastic" does not flip polarity to "negative", it rather shifts polarity towards
"neutral". Similar to Liu and Seneff [238] or Remus and Hänig [319], we argue that negation has an
"asymmetric" influence on polarity/intensity. Let >polarity be an order defined on a sentiment po-
larity/intensity scale. For example, consider the order StronglyPositive >polarity Positive >polarity
Neutral >polarity Negative >polarity StronglyNegative. With regard to negation, we believe that the
following relations are true:

Positive (good) >polarity ¬Negative (not bad)
¬Positive (not good) >polarity Negative (bad)
[¬] StronglyPositive ([not] fantastic) >polarity [¬]Negative ([not] horrible)
¬Neutral (not adequate) =polarity Negative (bad)

 .

Intensity Shifters

A second type of shifters are intensifiers9. They either strengthen or weaken the prior intensity of
a sentiment expression. We distinguish between amplifiers (strengthen) and downtoners (weaken).
Although most intensifiers are adverbs (e.g., "very", "really", or "hardly"), they are not restricted to
this part of speech (see also Section 6.2.3). Sentence (4.1) illustrates this concept: It contains two
intensifiers. The adverb "utterly" amplifies the intensity of the sentiment expression "disappointed".
Being "utterly disappointed" conveys a stronger negative sentiment than just being "disappointed".
In the same manner, the intensifier "really" is used in the second clause of the sentence to amplify
the (negated) sentiment expression "like". Sentence (4.4) contains an example for a downtoner. The
adverb "somewhat" weakens the (prior) intensity of the sentiment expression "long".

Certainty Shifters

The third type of shifters affects the sentiment expression’s degree of certainty, i.e., the confidence, be-
lief, or commitment the author attributes towards his sentiment expression. We distinguish between
solidifiers and softeners10. A solidifier reflects an increase in the author’s certainty with respect to the
sentiment expression. Consider the following sentence:

(4.6) Without question, this hotel is a jewel.

The phrase "without question" acts as a solidifier for the sentiment expression "jewel". Typical words
or phrases that function as solidifiers are comment adverbs [163, p.156], such as "truly", "definitely",
"surely", or other phrases, such as "convinced", "confident", or "without doubt". A softener decreases
the degree of certainty. Sentence (4.4) contains an example. The word "appears" lowers the author’s
confidence in his negative opinion (namely, that the battery life is reduced). Other words and phrases
that are often used as softeners are for instance "seems", "might", "may", "probably", or "seemingly".

9see also Carter and McCarthy [67, pg. 908] or Polanyi and Zaenen [303]
10 Observe that, opposed to Rubin [327], who classify an utterance into five levels of certainty, we only consider a ternary

decision ("solidified", "softened", or "no modification").
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Neutralizer

This shifter type refers to words and phrases that set the sentiment expression into irrealis mood, ef-
fectively "neutralizing" it:

(4.7) This hotel really would be a jewel.

In this example sentence the modal operator "would" cancels out the positive appraisal of the hotel.
Due to the conditional mood, the hotel is only hypothetically a "jewel". Other modal operators, such
as "could", "should", or "ought to", may function as neutralizers too. Also subjunctive forms, typically
indicated by the word "if", may have this effect (e.g., "If the hotel is great, I will stay longer."). Further
indicators for the irrealis mood are words and phrases that express wishes, hopes, and expectations
of the author.

4.3.4. Limitations of the Expression Level Model

Sentiment Sources

We do not model sentiment sources (opinion holders) as it is our belief that knowing the source of
a sentiment expression is irrelevant when analyzing product reviews. First, the phenomenon that
other persons’ opinion is expressed is relatively seldom. In a preliminary study we analyzed thirty
randomly chosen reviews11 in the digital camera domain (294 sentences) and thirty randomly chosen
reviews12 on hotels (378 sentences). This study revealed that three sentences in the digital camera
set and only a single sentence in the hotel reviews contain a different source than the author13. The
second aspect that supports our belief is the observation that for the task of summarizing product
reviews knowing the concrete sentiment source is of little value. No information need exists in this
direction.

Comparisons

Besides discussing the advantages and disadvantages of a product in isolation, a reviewer may also
compare it to previously experienced products or to the product’s competitors14:

(4.8) I’ve had a Nikon D80 for over 2 years and take great pictures with it in all settings.

(4.9) The Nikon Coolpix s360 is a very bad camera as well, slightly better than this Canon.

The first sentence is an example for a comparison with a product experienced in the past. Here, the
positive sentiment ("great pictures") cannot be attributed to the entity which is reviewed. The author
introduces another product entity (Nikon D80) apart from the reviewed entity and comments on
one of its aspects. Also no comparative expression (e.g., "greater picture quality than...") is explicitly
used. Sentence 4.9 on the other hand, contains an explicit comparison using a comparative expression
("better than"). The underlying problem with comparisons is that mentioned sentiment targets can
no longer be reliably attributed to the reviewed entity; they may in fact refer to other product entities.
We decided not to model comparisons. In effect, we assume that a review always deals with a single
entity alone15.

11downloaded from http://www.epinions.com
12downloaded from http://www.tripadvisor.com
13We did not count sentences where the source is in the first person plural, e.g., "To tell the truth, we were pretty disappointed

with the hotel."
14 both sentences are taken from a review of Amazon user Lillian36 (grammatical mistakes not corrected), see http://www.

amazon.com/review/RN0F47SL1XWHE
15Take note that this is closely related to our decision not to model coreference structures.

52

http://www.epinions.com
http://www.tripadvisor.com
http://www.amazon.com/review/RN0F47SL1XWHE
http://www.amazon.com/review/RN0F47SL1XWHE


4.4. Related Work

Coreference

Mentions corefer if they refer to the same entity. A coreference chain is the set of expressions that all
refer to the same entity. In the presented expression level model we are not interested in captur-
ing complete coreference chains. We only model pronominal relations between two expressions and
that only if the pronoun is a sentiment target. We do not model coreference relations between noun
phrases or names:

(4.10) I recently bought the new Canon XYZ.

(4.11) I really like the camera, it’s just great.

In these example sentences all underlined mentions corefer to the conceptual entity "Canon XYZ".
In sentence 4.11 the mentions "the camera" and "it" are sentiment targets and anaphoric. The mention
"the camera" is an example of a (definite) noun phrase that references another entity. We therefore dis-
regard the relation between "camera" and "Canon XYZ" and only consider the pronominal anaphoric
relation between "it" and "camera". Our motivation to only capture pronominal relations is to reduce
the complexity of the model.

Semantic Relations between Sentiment Targets

In Section 4.1 we pointed out that product aspects can be are arranged in a hierarchy and defined
a product type taxonomy that associates different aspects by means of semantic relations. We can
observe that these relations also become manifest on the textual surface of a customer review. For ex-
ample, in sentence (4.3) the verb "has" expresses the "feature-of" relation between the mention "flash"
and the two mentions "reach" and "coverage". In contrast to Kessler et al. [209], we do not model
semantic relations on the textual surface level. It is not our goal to derive such relations from textual
evidence, but assume that they can be externally modeled as part of a knowledge base such as our
product type taxonomy.

4.4. Related Work

Throughout the chapter we introduced related work when indicated, focusing on the specific aspects
discussed. We now take a broader perspective and set the modeling of opinion expressions in reviews
into a wider context. At the most fundamental level, one can distinguish between psycholinguistic
models [83, 286, 287, 329] and computational models. Since we take the perspective of an engineer, we are
primarily interested in computational models. We roughly categorize related work in terms of their
primary perspective, distinguishing approaches in linguistics, statistics, and information extraction.

4.4.1. Linguistics

Private State

In her PhD thesis [418] and in a subsequent article [419], Wiebe presents a computational model
of recognizing subjective sentences in narrative texts. Her notion of subjectivity and opinion stems
from the concept of private state. This concept is central to a whole line of work following these
initial publications (cf., Bruce and Wiebe [57], Wiebe et al. [416], Wiebe [420], Wilson and Wiebe [432,
435], Wilson et al. [436, 438]) and forms the basis for the construction of the widely used "multiple
perspective question answering" (MPQA) corpus [413, 417] (we cover the characteristics of this corpus
more closely in Section 5.4.1).

A private state, as introduced by Quirk et al. [309], is a very general term defined as a "state that
is not open to objective observation or verification". Due to this broad definition, it covers concepts
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such as opinions, beliefs, thoughts, emotions, evaluations, or judgments. Wilson and Wiebe [435]
view private states with respect to their functional components, i.e., as states of "experiencers" (sen-
timent sources in our notion) holding "attitudes" (sentiment expressions) toward "targets" (sentiment
targets). Besides this decomposition in functional components, they distinguish between three types
of private state expressions in text, namely explicit mentions, speech events, and expressive subjective el-
ements (see also Banfield [27]). Each type of private state expression is represented by a span of text
and is associated with one or more sources (the persons that express or experience the private state),
a single (optional) target (what the private state is about) and the expressed attitude. Attitudes are
attributed with type (e.g., positive/negative attitude, positive/negative arguing, positive/negative
intentions, or speculation), intensity (low, medium, high, or extreme), and markers such as whether
the attitude is conveyed through sarcasm, repetition, or contrast.

This model and the resulting annotation scheme for the MPQA corpus of opinion annotations has
been extended in a series of subsequent work. For example, Wilson et al. [438] extend the model to
recognize contextual polarity, i.e., the polarity of a private state in the context of sentiment shifters.
Somasundaran et al. [355] additionally consider discourse-level elements by examining associations
between sentiment targets. They distinguish between "same target" relations, which reflect that tar-
gets refer to the same evocation of an entity (e.g., anaphora, part-whole, or instance-class relations)
and "alternative target" relations, which represent contrastive targets.

Our expression level model adopts some central aspects of the previously cited line of work, namely
the functional decomposition of attitude expressions into sentiment expressions and related senti-
ment targets (although we allow multiple targets to be related to a single sentiment expression). Op-
posed to them and for the named reasons, we do not cover the experiencer (sentiment source) of a
private state expression. We also do not consider speech events as they are practically not existent in
review documents. Also in contrast to them, we do not explicitly model the different aspects covered
by the term private state (e.g., emotion vs. judgment). In that sense, our notion of private state is
more shallow. A further difference is that we capture the constituents of sentiment intensity or de-
gree of certainty in more detail by modeling sentiment shifter types, such as amplifiers, downtoners,
solidifiers, or softeners. Similar to them, we model discourse level associations between targets: in
our case, anaphoric relationships.

Appraisal Theory

The appraisal system, as proposed by White and Martin [409] and developed within the tradition of
Systemic Functional Linguistics [158], is concerned with linguistic realization of opinions and attitudes
within text. Attention is paid to "the means by which writers/speakers positively or negatively eval-
uate the entities, happenings and states-of-affairs with which their texts are concerned" [409, p.2]. At
the most basic level, the appraisal framework distinguishes between attitude, engagement, and grad-
uation. These three subsystems are modeled as orthogonal dimensions that operate in parallel. The
attitude subsystem deals with the expression of "private states" and is subdivided into the three cat-
egories affect (emotions: expressing positive and negative feelings), judgment (ethics: evaluation of a
person’s behavior) and appreciation (aesthetics: evaluation of "things", including man-made and nat-
ural phenomena). Attitudes are attributed with positive or negative orientation. The engagement di-
mension is concerned with linguistic constructions, such as modality, polarity16, or comment adverbs,
that are used by speakers/writers to position themselves with respect to the expressed attitude. The
graduation subsystem considers the resources authors use to grade the strength of their evaluations.
With respect to attitudes, graduation refers to adjusting the degree of positive or negative orienta-
tion (sentiment intensity). On the other hand, with regard to engagement, graduation addresses the
author’s degree of confidence, commitment, or belief (degree of certainty).

16 In this context polarity refers to the grammatical notion, i.e., marking of affirmative or negative contrasts in a clause.
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The most evident differences to the scheme developed by Wiebe et al. [417] are the following: No
explicit decomposition into functional components such as source, expression, or target is conducted.
Also no distinction is made with regard to different types of expression (explicit mentions, speech
events, or direct subjective elements). On the other hand, the appraisal framework goes into more
detail on the attitude dimension (describing private states) by separating affect, judgment, and appre-
ciation. In general, both models describe similar phenomena (e.g., sentiment orientation, sentiment
intensity, or degree of certainty), but the appraisal framework provides a more fine-grained structure
by separating along the three axes attitude, engagement, and graduation.

Based on the notion of appraisal theory, computational models and annotation schemes have been
developed in the context of sentiment analysis: For example, Taboada and Grieve [373] present a
model for appraisal-based review classification. They enrich a document level model, capturing the
semantic orientation of reviews, by incorporating the three different types of attitudes (affect, judg-
ment, and appreciation). They hypothesize that adjectives can be attributed with an "evaluative po-
tential" with respect to each of the three types of attitude (e.g., "afraid" has an affect potential of 0.6,
a judgment potential of 0.3, and an appreciation potential of 0.1). In compliance with Whitelaw et al.
[411], Bloom et al. [45] define an appraisal expression as "a textual unit expressing an evaluative stance
towards some target". They regard an appraisal expression as a frame that is filled with attributes
such as the source, the target, the type of attitude, and the orientation. Their model also covers grad-
uation and polarity (in terms of affirmative/negative). In accord with our expression level model,
they postulate the existence of domain dependent target taxonomies, however they do not model
them along generic semantic relations such as "part-of" or "type-of". A further work is by Read et al.
[316], who conduct an annotation study in which book reviews are annotated according to the ap-
praisal framework. They annotate "appraisal-bearing" terms with the type of attitude, engagement,
and graduation.

4.4.2. Information Extraction

Models considered in this section have in common that sentiment analysis is considered as an in-
formation extraction task. The presented models typically eschew a general theory of opinion or
emotion, but mostly rely on the functional decomposition that is formulated by the private state the-
ory.

Relatively early and influencing work is due to Hu and Liu [177]. They model sentiment analy-
sis as extracting triples that consist of slots for an opinion target, an opinion passage, and the semantic
orientation of the opinion passage. In their model each unique opinion target (a concept or entity)
is represented by a finite set of words and phrases that are considered to be synonyms. They dis-
tinguish explicit and implicit targets, as well as explicit and implicit opinion passages. Although
they recognize the hierarchical representation of product types, their actual model is flat. They do
not consider sentiment intensity or general sentiment shifters, but recognize negation using a simple
polarity-flip model. The annotation scheme developed for evaluation purposes in Hu and Liu [177] is
even simpler than the actual model. Their corpus contains only annotations for targets and polarity.
Annotations are at sentence level and do not mark explicit text spans. The triple-based model is also
adapted by Popescu and Etzioni [304].

The models most closely related to our expression level model are due to Toprak et al. [386] and
Eckert et al. [109]. Toprak et al. present an annotation study of user-generated discourse, namely
customer reviews of online universities and online services. Similar to us, they model reviews on
two levels of granularity. On a coarse-grained level they differentiate sentences with respect to their
relevancy towards the overall topic of the review and whether it contains an opinion on the topic
(opinions may be explicit or polar facts). At this level they do not mark the concrete topic of the
sentence, nor the polarity of explicit opinions (polarity of polar facts is marked as positive, negative,
or both). Discourse functions (refer to Section 4.2) are also not considered. Their fine-grained model
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operates on the expression level. The basic slots that need to be filled are target, holder, opinion expres-
sion, polarity, and strength. They further consider sentiment shifters in terms of negators, amplifiers,
and downtoners. Targets may be related via an anaphoric link, but other semantic relationships are
not considered.

Eckert et al. [109] and Kessler et al. [209] also present an annotated corpus of customer reviews
(automobile reviews). Their annotation scheme is the most complex one which we can find in the
literature. Central to their model are entities and their relations. Their model captures entities regard-
less of whether they are part of a sentiment expression or not. For each identified entity the complete
co-reference chain is considered. Entities are typed by means of a subset of the ACE17 mention types
(extended by domain specific types) and may be interrelated via refers-to (co-reference), part-of, feature-
of, instance-of, member-of, or accessory-of links. Entities may be the target of a sentiment expression,
which are considered single or multi-word phrases. Each sentiment expression is attributed with
a prior-polarity (similar to us defined as target-specific) and may be modified by shifters that alter
the sentiment intensity (strengthen or weaken), the polarity (negators) or the degree of certainty (in-
crease, decrease, or neutralize). In addition to our expression level model, they consider an optional
opinion holder and model comparisons explicitly.

4.4.3. Probabilistic Topic Modeling

The line of work we cover in this section stems from research in topic modeling. In general, a proba-
bilistic topic model is a statistical model that is designed to recognize hidden (latent) topics underlying
a collection of text documents. Writing a document is modeled as a probabilistic generative process in
which an imaginary author first chooses the topics he is going to write about (a distribution of topics
is drawn) and then samples the individual words of the document from different language models that
are associated with each topic. Topic modeling approaches are generally unsupervised and therefore
scale well to large datasets. In the following we describe the statistical models on a rather high level
— more detailed information on some approaches relevant to our work is provided in Chapter 8.

When regarding product aspects as coarse-grained, abstract topics (like in our discourse oriented
model), topic modeling approaches represent a natural fit. It is therefore not surprising that in recent
years a multitude of approaches have been proposed to adapt topic modeling algorithms to incor-
porate the sentiment analysis dimension. Studies mainly differ in the way they incorporate opinion
expressions and how the basic model for topic inference is adapted. One of the earliest works in this
direction is due to Mei et al. [259]. They extend the basic mixture model of topics by representing
sentiment as two additional language models (positive/negative sentiment) that are orthogonal to
the topic-related language models18. In the probabilistic generative process, a word is either sam-
pled from one of the topic-related language models, the positive sentiment language model, or the
negative sentiment language model. The major disadvantage of this specific model is that due to the
strict separation of topic and sentiment language models, the interdependency between topic and
sentiment is not recognized. The model is not capable of capturing target/topic specific polarity.

Lin and He [233] and Jo and Oh [194] propose a joint model, integrating topic and sentiment in
a single language model. Whereas in standard models a single distribution of topics is associated
with one document, in their model a document is associated with multiple such distributions, each
corresponding to a sentiment label (e.g., positive or negative). Under this model a word is sampled
from a distribution over words that is conditional on topic and on the sentiment label — that is, topic
words and opinion words are drawn from the same distributions. Zhao et al. [465] suggest to explic-
itly separate opinion words from topic words by introducing additional language models, namely a
general opinion model and aspect-specific opinion models. In the generative process, indicator vari-

17The Automatic Content Extraction (ACE) program [87]
18 In fact, they also introduce a background language model for common English terms.
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ables determine whether a word is "generated" by a topic-related19 language model or by one of the
opinion models.

Compared to models centered around (psycho-) linguistic theories as discussed in the previous
sections, statistics-driven approaches naturally have a very shallow understanding of opinion. The
majority of models regard opinion simply as a polarity label (positive vs. negative) associated with a
word; sentiment intensity, for example, is generally not considered. Further, due to the bag-of-words
assumption (i.e., word ordering is ignored) that underlies each of the presented models, sentiment
shifters, such as negators or neutralizers, cannot be captured. For example, such models will probably
predict positive sentiment for a phrase "not good camera" and predict the sentiment for "not bad
camera" as being negative. Models differ with regard to how they represent target-specific polarity.
Whereas Mei et al. [259] do not consider this interplay at all, Lin and He [233] or Jo and Oh [194]
address this issue. A further distinction is the way product aspects (topics) are "generated". Whereas
Jo and Oh [194] assume that all words within a single sentence are produced by the same underlying
topic, other models allow multiple topics to be associated with a sentence. Titov and McDonald [382]
further differentiate between local and global topics and propose a multi-grain topic model.

In general, considering only the expressiveness and disregarding the concrete implementation as
statistical models, the presented approaches can be best compared to our perspective taken with
the discourse oriented model: We also assume the existence of a set of topics (representing coarse-
grained product aspects), that a review is based on a mixture of these topics, and have a shallow
understanding of opinion (represented as positive, negative, both or none).

4.5. Summary

In this chapter we presented our perspective on modeling the expression of sentiment in customer
reviews. We first introduced our notion of a product aspect. In particular, we distinguished the three
terms product type, product, and product aspect and differentiated between coarse-grained (concept
level) and fine-grained (mention level) aspects. We proposed to hierarchically structure aspects in a
product type taxonomy, which we primarily motivated by the observation that such a model helps
to structure and summarize detected sentiment in a comprehensive form.

As with regard to modeling product aspects, we also distinguished a coarse-grained and fine-
grained perspective concerning the actual expression of sentiment. The discourse oriented model
operates on the coarse-grained level, disregarding individual linguistic constituents of opinion. It ba-
sically assumes that a review can be decomposed into segments that are coherent with respect to the
three dimensions discourse function, topic, and sentiment polarity. We primarily motivated this type of
model by pointing out an information need with regard to extracting sentiments on the concept level,
but also by the observation that certain features (namely polar facts and implicit mentions) are difficult
to capture on a more fine-grained level.

With the expression level model we introduced a perspective that allows to capture the individ-
ual constituents of sentiment expressions. It mainly resembles the functional components of opinion
expressions as introduced in the theory of private states. The model basically distinguishes the con-
stituents sentiment target and sentiment expression and postulates a many-to-many relation between
them. Sentiment targets either directly refer to a mention of a product aspect or indirectly via a
pronominal relationship. Sentiment expressions are attributed with a polarity and intensity value and
may be modified by multiple sentiment shifters. Also the expression level model is primarily mo-
tivated by an information need. We believe that being able to extract and summarize aspects and
related sentiments on the fine-grained mention level additionally provides valuable information to
the users of a customer review mining system.

19 Similar to Mei et al. [259], they include a background language model. Additionally, they distinguish between a global
aspect model and T local aspect models (with T being the predefined number of aspects).
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Language is a part of our organism and no less complicated than it.

Ludwig Wittgenstein

5. Datasets and Annotation Schemes

Annotated corpora form a crucial basis for nearly all natural language processing (NLP) tasks. The
process of creation as well as the analysis of such datasets helps to understand and to quantify the
characteristics of a specific task. Furthermore, annotated corpora are fundamental to evaluation and
mistake analysis of concrete approaches. In case of supervised machine learning approaches, they
also constitute an obligatory requirement for the implementation (namely the training phase).

Whereas for other NLP related tasks such as information extraction widely accepted evaluation
corpora are available (e.g., the MUC1 and ACE2 datasets), no comparable corpora exist for the task of
aspect-oriented sentiment analysis. Regular and prominent academic competitions, such as the ones
held as part of the MUC or ACE program, have not yet been established within the research field
of sentiment analysis (with the exception of the TREC 2006-2008 Blog Tracks [243, 288] and tracks at
the NTCIR-6/7/8 workshops [339, 340] where sentiment retrieval systems were evaluated). This lack is
mainly due to the relative novelty of sentiment analysis as an area of research, its diversity of objec-
tives, and the heterogeneity of the researchers’ backgrounds and scientific communities. With regard
to the task of aspect-oriented sentiment analysis of user-generated content, the current situation is
that only few hand-annotated corpora exist and among these, the granularity as well as the schemes
of annotation differ widely. In view of these facts and for the purpose of attaining evaluation datasets
that exactly fit our needs, we chose to compile our own hand-annotated corpora from scratch.

The following Section 5.1 characterizes the nature of our datasets. We outline our motivation to ex-
amine two different genres of reviews and provide basic descriptive statistics about the datasets we
have compiled. Subsequently, Sections 5.2 and 5.3 describe the two annotation schemes we have de-
rived from the discourse oriented and the expression level model of opinion expression. The chapter
concludes with a review of related corpora in Section 5.4.

5.1. Dataset Characteristics

All the experiments we present in the following chapters are conducted on two different datasets we
sampled from a web crawl of prominent customer review sites. We crawled a document collection
of 417,170 hotel reviews from the travel website Tripadvisor.com and 180,911 digital camera reviews
from the online retailer Amazon.com as well as the review aggregation websites Epinions.com and
Buzzillions.com. The reviews represent typical user-generated content; they are all written by cus-
tomers/users instead of being authored by any professional editor. Texts exhibit a rather informal
style — they often lack correct English grammar, exhibit the use of slang words, and contain an
above-average amount of misspellings. Our web crawls are monolingual, all crawled documents are
written in English.

Our primary motivation to conduct experiments on two distinct datasets is to increase the sig-
nificance and reliability of our evaluation results. In particular, being able to compare results ob-
tained from two different domains allows us to analyze the generalizability of derived assertions
more soundly. It prevents us from drawing conclusions based on phenomena that might be inherent

1Created to compare competing information extraction systems at the Message Understanding Conferences (MUC) [151, 275],
which were held during the 1990s.

2The Automatic Content Extraction (ACE) program [87] is a successor of the MUC conferences and has also established
several corpora for the evaluation of information extraction systems.
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Figure 5.1.: Basic information about the customer review datasets used within the thesis.

only to one specific domain. Furthermore, we are able to examine the cross domain applicability of
the models developed in the preceding chapter.

We select the specific domains of hotel and digital camera reviews with the following intentions in
mind: First, they represent two quite distinct genres of customer reviews, namely reviews of products
(e.g., cars, mp3 players, refrigerators) and reviews of services (e.g., restaurants, hairdressers, health
clubs). Among both genres, digital cameras and hotels are very popular targets of customer reviews.
Second, both domains have been considered in other, related studies, which makes our results more
comparable. And third, as a very practical consideration, due to the relative popularity of the selected
domains, it is easier to crawl huge collections of review documents.

From the acquired web crawls we randomly sampled a set of 310 hotel reviews as well as a set
of 370 digital camera reviews. Based on these two collections, we have created four different, hand-
annotated text corpora: Each of the two collections is manually annotated according to the two dif-
ferent annotation schemes that we present in the next sections. Whereas on the sentence level we an-
notate the complete sample sets of 310 and 370 reviews, we only annotate subsets of 150 documents
each on the expression level. The decision to restrict the corpus size is simply due to the massively
higher effort coupled with annotating on the expression level. Figure 5.1 illustrates this setup.

The collections exhibit the statistics described in Tables 5.1 and 5.2. Both datasets are composed
of roughly 3,500 sentences and 60,000 tokens. The average length of a review is very similar in both
domains, while hotel reviews tend to be slightly longer (11.2 versus 9.4 sentences per review). Also
the average length of a sentence is similar with 17.4 and 17.5 tokens3 per sentence. The shortest
reviews in both collections are composed of a single sentence only and the shortest sentences consist
of a single token. An important observation that was also pointed out in several other studies [92,
96, 136] is that the distribution of reviews is significantly skewed towards positive reviews. Table 5.2
lists the share of reviews in the hotel and camera collections broken down into user ratings (with 5
being the best rating). Counting reviews with ratings 1-2 as negative and reviews with ratings 4-

3tokenized by StanfordCoreNLP tokenizer (http://nlp.stanford.edu/software/corenlp.shtml)
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5.2. Sentence Level Annotation Scheme

statistic hotel digital camera

Reviews 310 370
Sentences 3476 3493
Avg. sentence/review 11.21 9.44
Std. sentence/review 8.08 13.17
Min. sentence/review 1.00 1.00
Max. sentence/review 62.00 128.00
Tokens 60456 61076
Avg. tokens/sentence 17.39 17.49
Std. tokens/sentence 10.51 10.01
Min. tokens/sentence 1.00 1.00
Max. tokens/sentence 92.00 73.00

Table 5.1.: Descriptive statistics of the annotated review corpora.

rating hotel digital camera

1 12.6% 7.5%
2 9.3% 4.2%
3 15.3% 10.6%
4 29.7% 31.5%
5 33.2% 46.2%

Table 5.2.: The distribution of reviews with ratings from one to five stars.

5 as positive, we can observe that in the hotel collection nearly three times more positive reviews
exist than negative reviews. In the digital camera collection the skew is even more pronounced. We
observe around 80% positive reviews versus around only 10% negative reviews. Take note that this
imbalance is less pronounced in both corpora when examining the distribution at the sentence or
expression level. We will discuss these numbers and implications in more detail in Chapter 6.

In the following two sections we give an overview of the annotation schemes we derived from
the proposed discourse oriented and expression level models and briefly outline the basic annotation
process. The annotation schemes slightly adapt and extend the original models, mainly with addi-
tional features of exploratory nature. For a detailed discussion of the annotation process we refer to
the annotation guidelines presented in Appendix A. They cover many exemplary annotations and
give a deeper insight into the content of the created corpora.

5.2. Sentence Level Annotation Scheme

We implement the discourse oriented model at the sentence level — that is the unit of annotation is
a single sentence. At first sight this decision might seem contradictory to the notion of discourse we
introduced earlier ("language phenomena beyond the sentence level"). However, we believe that this
approach is adequate for the following two reasons: First, the process of hand-annotation becomes
much easier and is more efficient. Segment boundaries (i.e., sentence boundaries) can be automati-
cally detected and pre-annotated with very high accuracy. Thus, in the majority of cases the annotator
is relieved from setting boundaries manually — only in case of error he needs to revise the span of
an annotation. Second, by annotating on the sentence level, we do not lose any expressiveness of
the discourse oriented model. Discourse segments spanning multiple sentences can be automatically
reconstructed by combining consecutive, identically annotated sentences.
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5. Datasets and Annotation Schemes

Type «DiscourseSegment »

attribute usage valid values

DiscourseFunction* Mandatory for each sentence, defines the
discourse function.

exactly one of the functions defined in Ta-
ble 5.4

SentimentPolarity Defines the polarity value if the sentence
expresses an opinion or states a polar fact.

positive, negative, neutral, both,
or EMPTY

Topic Comma-separated list of the topics cov-
ered by the sentence.

domain dependent, one or more of the
topics defined in Tables 5.5a and 5.5b, or
EMPTY

PolarFact A flag indicating whether the sentence ex-
presses a polar fact.

true or false

NonFocusEntity A flag indicating whether the sentence tar-
gets an entity which is not in the primary
focus of the review.

true or false

Irrealis A flag indicating whether the sentence
refers to an irrealis event.

true or false

Confidence A flag indicating whether the annotator is
uncertain about correct annotation.

low or EMPTY

Table 5.3.: Attributes of the discourse segment annotation type.

5.2.1. Definition of Discourse Functions and Topics

The discourse oriented model postulates that, independent of the addressed product type, a fixed set
of discourse functions is universally applicable for capturing the "functional" dimension of customer
reviews. We obtained an initial set of discourse functions as part of a preliminary study. We ana-
lyzed and preliminarily annotated 30 reviews in the hotel, digital camera, and mp3 player domain
each (i.e., 90 reviews in total). The initially devised set consisted of 20 different functions, but was
further refined during the final annotation process. Functions such as "Wish" were removed as they
either occurred very rarely or correlated too closely with other functions and thus were very hard to
distinguish. As we will learn below, the final set consists of 16 distinct functions.

The predefined sets of topics are dependent on the product type. We utilized unsupervised, prob-
abilistic topic modeling to find the relevant topics. For both product domains, the topic inference
process was applied on collections of 50,000 documents. Manual analysis and revision of the auto-
matically derived topics provided the final set. Appendix D describes this process in more detail.

5.2.2. Annotation Scheme

The proposed scheme resembles the discourse oriented model and supplements the model’s basic
constituents by a set of additional attributes that we believe are helpful from a practical point of view.
The scheme is quite simple, consisting of a single type of annotation which we meaningfully denote
as «DiscourseSegment». Table 5.3 summarizes the attributes related to a discourse segment. Attributes
which are marked with a star symbol are mandatory.

Discourse Function

Each sentence is annotated with exactly one annotation of the DiscourseSegment type. The type’s
main properties are the DiscourseFunction, the SentimentPolarity and the Topic attribute. Defining the
"discourse function attribute" is mandatory for each sentence. The annotator is limited to choos-
ing a function from a set of predefined discourse functions. The set covers 16 + 1 named discourse
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5.2. Sentence Level Annotation Scheme

function description

Advice The reviewer gives an advice on using the product or how to circumvent
a particular problem.

Comparison The reviewer compares the product with another, similar product.

Conclusion The reviewer concludes and summarizes his comments and potentially
expresses a recommendation.

Expectation The reviewer describes what he expects from the product.

Fact The reviewer provides factual information about the product or its as-
pects (may be a polar fact).

General Remark The reviewer provides some general remarks that apply to the whole
class of products which is reviewed.

Lack The reviewer mentions the absence of a feature or part of the product.

Other Review The reviewer comments on other reviews of the product.

Personal Context The reviewer provides personal information, e.g., that he is a professional
photographer.

Problem The reviewer describes a problem that is encountered with the product
or one of its aspects.

Purchase The reviewer mentions his personal procedure in purchasing the product,
e.g., where and when he bought the product.

Requirement The reviewer describes his requirements with regard to the product or its
aspects.

Section Heading The reviewer uses a heading to structure the review.

Sentiment The reviewer explicitly expresses his opinion or feelings.

Summary The reviewer summarizes the advantages or disadvantages of the prod-
uct.

Usage The reviewer describes a concrete situation when using the product, po-
tentially commenting on his experience.

OTHER Any other discourse function that is not listed above.

Table 5.4.: List of predefined discourse functions with short descriptions. The functions are listed in
lexicographic order.

functions which are tightly related to the domain of customer reviews, but are independent of any
concrete genre. For the case that a sentence does not match any of the predefined functions, the
annotator chooses the special value named OTHER. The set of predefined discourse functions, each
complemented by a short description, is presented in Table 5.4. For detailed examples we refer to the
annotation guidelines provided in Appendix A.2.

Sentiment Polarity

For each sentence the annotator must decide whether the reviewer expresses an opinion or whether
the sentence contains rather factual information. Opinion expressing sentences or sentences stating a
polar fact are annotated by setting the value of the "sentiment polarity attribute". The annotator marks
the sentence as either containing predominantly positive, negative, or neutral opinions. Sentiment
intensity is not graduated. In case a sentence contains mixed polarity, i.e., positive and negative
comments, the polarity attribute is set to both. For sentences not expressing any opinion the attribute
is left empty.
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5. Datasets and Annotation Schemes

Topic

If the reviewer refers to the product or one of its aspects, such a sentence is denoted as on-topic. In that
case, the annotator fills the "topic attribute" by selecting one of the predefined topics compiled for the
hotel review and digital camera review domains. If the sentence covers multiple different topics, all
associated topics are enumerated by means of a comma-separated list. In case the sentence is off-topic,
that is, it cannot be associated with one of the predefined topics, the topic attribute remains empty.
As discussed in Section 4.1, topics can be hierarchically structured. We model a two-level hierarchy
of topics, effectively distinguishing main topics and subtopics. The sets of predefined topics and
subtopics for the hotel and digital camera domains are presented in Tables 5.5a and 5.5b. For the
domain of hotel reviews we distinguish 10 main topics and in addition 12 subtopics. The number of
topics in the camera domain is higher with 15 main topics and 13 subtopics. Appendix D explains
how we derived the set of topics. Observe that in comparison to other studies, which for example
only consider four or five distinct topics [40, 138], the coverage of our topic sets is much higher.

topic subtopics

cleanliness
decoration
dining breakfast
facility elevator, recreation
internet
location security, parking
service check-in/out
sleep quality noise, bed
room air conditioning, bathroom, room amenities, view
price

(a) hotel domain

topic subtopics

accessory
battery
connectivity software
ease of use user interface, user manual

features face detection, image stabilization, underwater capabil-
ity

flash
memory
optics focusing, zoom
appearance built quality, dimensions
picture quality low-light performance
price
screen/viewfinder
settings macro mode, scene modes
speed
video recording

(b) digital camera domain

Table 5.5.: List of predefined product aspects for the domains of hotel and digital camera reviews.
The aspects are presented in lexicographic order.
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5.3. Expression Level Annotation

Exploratory Attributes

In addition to expressing opinions explicitly, reviewers may evoke positive or negative impressions
by characterizing certain facts regarding a product. Typically, these facts are concerned with desirable
or undesirable properties of the product. The reader infers a positive or negative attitude by applying
commonsense knowledge — for example, by knowing that "fitting into a pocket" is a desirable prop-
erty for a digital camera. The annotator marks such sentences by setting the "polar fact attribute" to
true. A polar fact sentence is recognized as expressing opinion and thus must be accompanied with
a non-empty sentiment polarity attribute.

A typical customer review is explicitly related to a single product and describes its advantages and
disadvantages. However, reviewers may also cite and evaluate other, similar products, e.g., for the
purpose of comparison. Our goal is to manually identify such sentences in which the reviewer refers
to products other than the one being in the primary focus. We provide the "non-focus-entity attribute"
for this situation.

The presence of modal operators or other linguistic constructs may have a great influence on the
perception of an opinion. If reviewers evaluate a property of a product in an unreal context, the
polarity of the expression can be shifted or even neutralized. This is for example a typical case when
they express expectations, wishes, requirements or make their evaluation conditional on something.
The annotation scheme distinguishes sentences that refer to an irrealis event from sentences that refer
to real events by means of the "irrealis attribute".

Annotating natural language text is typically a difficult task. Annotators will likely encounter cases
where even provided guidelines cannot help to eliminate uncertainty about correct annotation. The
scheme allows the annotator to express his uncertainty by setting the "confidence attribute" to low.

5.3. Expression Level Annotation

In this section we present the annotation scheme for the expression level model. It is concerned
with the specific linguistic constituents of sentiment expressions and therefore consists of multiple
annotation types. Each annotation marks a specific span of text and is automatically attributed with
a (document-wide) unique ID. Spans of texts may cover multiple tokens, but are not allowed to cross
sentence boundaries. The different annotation types are interrelated to each other and the scheme
captures this aspect. Annotators use the annotations’ unique IDs to relate one annotation to another.

5.3.1. Annotation Scheme

In accordance to the expression level model, we decompose an opinion into three major constituents,
namely sentiment expressions, sentiment targets, and sentiment shifters. Each of these constituents is re-
flected by a separate annotation type. A sentiment expression annotation may refer to one or more
sentiment targets and may be modified by one ore more sentiment shifters. The sentiment expres-
sion and the sentiment target annotations are existentially dependent on each other — the former
cannot exist without the latter and vice versa. In other words, it is invalid to produce a sentiment ex-
pression annotation that has no target or to create a sentiment target annotation that does not target
any sentiment expression4. A sentiment shifter annotation is existentially dependent on a sentiment
expression, but a sentiment expression can occur without a referring shifter annotation.

To capture pronominal relations, the scheme offers a sentiment target reference annotation type. In
addition, we introduce an annotation type product aspect mention, which is used to cover mentions of
product aspects that are not part of a sentiment expression (i.e., that are not marked as a sentiment

4Our annotation tool chain enforces this requirement.
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Figure 5.2.: The annotation scheme for the expression level model of sentiment.

target). Figure 5.2 gives an overview of the different annotation types and their relations. In the
following, we discuss each type and its corresponding attributes in more detail.

Sentiment Expression

A sentiment expression is the central part of the expression level annotation process. It refers to the
expression that explicitly evokes an opinion and sets up the prior polarity and intensity. This can
be a single word or a whole phrase. All major parts of speech (adjectives, verbs, nouns, or adverbs)
may act as a sentiment expression. In Table 5.6 we summarize the attributes which are defined by
the sentiment expression annotation type. Again, attributes that are marked with a star symbol are
mandatory.

Type «SentimentExpression »

attribute usage valid values

sentimentTargetIDs* Associates the sentiment expres-
sion with corresponding senti-
ment targets.

valid annotation ids of a sen-
timent target annotations

sentimentShifterIDs Associates the sentiment expres-
sion with corresponding senti-
ment shifters.

valid annotation ids of senti-
ment shifter annotations

sentimentPolarity* Defines the polarity of the expres-
sion.

positive, negative, or
neutral

sentimentIntensity* Defines the intensity of the ex-
pression.

strong or average

isTargetSpecific Flag that indicates whether the
expression is target-specific.

true or false

Table 5.6.: Attributes of the sentiment expression annotation type.

The attribute denoted as "sentiment target IDs" is used to link the sentiment expression to one or
more sentiment targets. The annotator fills in the annotation ID(s) of the relevant sentiment target(s).
In case multiple targets are involved, a comma-separated list of IDs is given. By allowing for such
a list of IDs, the many-to-many relation between sentiment expressions and targets can be easily
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5.3. Expression Level Annotation

modeled. Take note that the attribute is mandatory — a sentiment expression is defined to be related
to at least one sentiment target.

In case a sentiment expression is modified by one or more sentiment shifters, the annotator in-
terlinks the types by means of the "sentiment shifter IDs" attribute. Again, a list of IDs allows for
easy implementation of the many-to-many relationship defined between sentiment expressions and
shifters. The attribute is optional — a sentiment expression does not need to be modified by any
shifter.

The "sentiment polarity" attribute refers to the target-specific prior polarity of the word or phrase
that is annotated. The annotator decides whether the sentiment expression conveys a predominantly
positive, negative, or neutral sentiment to its target. When making this decision, the sentiment
expression is always considered in isolation from any sentiment shifter.

A sentiment bearing phrase exhibits an immanent sentiment intensity which is captured by the
attribute "sentiment intensity". The annotator classifies the intensity of an expression into the two
levels average and strong. An expression is only annotated as strong if it clearly stands out with
regard to other expressions (refer to the annotation guidelines in Appendix A.3 for a more detailed
distinction).

In Section 4.3 we discussed the phenomenon of target-specific prior polarity. Words or phrases may
convey sentiment only in conjunction with a specific target or their polarity may flip with different
targets. To measure this phenomenon we incorporate the exploratory attribute "isTargetSpecific" to
the annotation scheme. The flag is set to true if the sentiment expression is target-specific, otherwise
we leave the attribute empty.

Sentiment Target

The sentiment target annotation refers to a product aspect that is targeted by a sentiment expression.
A target may become manifest as a single word, a compound noun, or a more complex phrase. The
part of speech is variable, but most commonly, nouns function as sentiment targets. We summarize
relevant attributes for this annotation type in Table 5.7. All attributes are optional.

Type «SentimentTarget »

attribute usage valid values

pronounReferenceID If the target is a pronoun, asso-
ciates it with the corresponding
product aspect.

valid annotation id of a refer-
ence annotation

isImplicit Flag that indicates whether the
target is implicit.

true or false

isProductName Flag that indicates whether the
target is a product name.

true or false

isExophoric Flag that indicates whether pro-
noun reference is exophoric.

true or false

Table 5.7.: Attributes of the sentiment target annotation type.

In case the sentiment is expressed towards a pronoun, the annotator marks the pronoun as sen-
timent target and lets the attribute "pronoun reference ID" point to the "sentiment target reference"
annotation that identifies the referred product aspect. The annotation of pronouns is restricted to
cases where the referred aspect is relevant for the examined product domain. Pronominal relations
that take not part in a sentiment expression are also not considered by the annotation scheme.

In the special case when the pronoun refers to a target that is not mentioned within the document,
a reference is called exophoric. Such references effectively "operate between the text and the external
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world" [67]. The annotation scheme offers the "isExophoric" attribute of the sentiment target type to
capture such a situation.

We distinguish between explicit and implicit mentions of product aspects. Whenever a sentiment
target addresses a text span that implies, but does not explicitly represent a nominal mention of a
product aspect, the annotator sets the "isImplicit" attribute of the sentiment target type to true. This
is generally the case when the reviewer paraphrases a product aspect. Take note that the "isImplicit-
flag" is not set if the sentiment target is a pronoun (we do not regard pronouns as implicit targets).

Despite nominal product aspects or implicit mentions, a named entity can constitute a valid sen-
timent target. We want to differentiate between these classes of sentiment targets and therefore in-
troduce the flag "isProductName". Whenever a sentiment expression targets a product name, the
attribute must be set to true. A product name may refer to the name of a producer (e.g., "Canon",
"Samsung", or "Sony"), to a specific model (e.g., "EOS 550D", "ES80", or "DSC-W570B") or to a combi-
nation of both (e.g., "Canon EOS 550D").

Sentiment Shifter

The sentiment shifter annotation type refers to an expression that shifts the polarity, intensity, or
certainty degree of a sentiment expression. A shifter may be composed of a single word or a longer
phrase. All word classes may act as a sentiment shifter, but most commonly adverbs function as such.
The sentiment shifter annotation takes a single mandatory attribute that defines the type of the shifter.
The annotation type is outlined in Table 5.8.

Type «SentimentShifter »

attribute usage valid values

type* Defines the type of the sentiment
shifter.

Negator, Amplifier,
Downtoner, Solidifier,
Softener, or Neutralizer

Table 5.8.: Attributes of the sentiment shifter annotation type.

The valid sentiment shifter types Negator, Amplifier, Downtoner, Solidifier, Softener,
and Neutralizer represent exactly the types defined in Section 4.3 and are thus not discussed any
further.

Sentiment Target Reference

Besides the three major constituents described previously, the expression level model considers sim-
ple co-reference relations. Whenever a sentiment target is a pronoun, the annotator identifies the
corresponding referent, i.e., the entity the pronoun refers to and relates it to the target. For this pur-
pose the annotation scheme provides the "sentiment target reference" annotation type. It is a simple
"marker" annotation that has no further attributes. The relation between a pronominal sentiment
target and its referent is annotated via the "pronoun reference id" attribute of the sentiment target
annotation type. We restrict a sentiment target reference to exclusively refer to nominal mentions of
product aspects.

Product Aspect Mention

The four presented annotation types sentiment expression, sentiment target, sentiment shifter, and sen-
timent target reference, together with their attributes and relations, implement the expression level
model. Not part of the expression level model, but introduced as further markable, is the annotation

68



5.4. Other Available Datasets

type product aspect mention: It refers to nominal or named product aspect mentions that are not di-
rectly targeted by any sentiment expression. Annotating product aspect mentions can be regarded
as a secondary goal. The main purpose of introducing this additional annotation type is to enable a
detailed evaluation and mistake analysis for the task of fine-grained product aspect extraction. The
annotation stands on its own and is not related to any other annotation type of the expression level
annotation scheme. Table 5.9 describes the product aspect mention annotation type. It provides the
single, optional attribute "isProductName" that differentiates nominal from named aspect mentions.

Type «ProductAspectMention »

attribute usage valid values

isProductName Flag that indicates whether the
mentioned aspect is a product
name.

true or false

Table 5.9.: Attributes of the product aspect mention annotation type.

5.4. Other Available Datasets

In this section we provide an overview of other, publicly available datasets that explicitly target or are
closely related to the task of aspect-oriented sentiment analysis. We are particularly interested in gold
standard corpora which may serve as reliable evaluation datasets. We therefore only consider hand-
annotated corpora more closely. Automatically extracted or boot-strapped datasets are not covered.
We refer to Pang and Lee [294, chap. 7] who provide a broader review of available datasets for
sentiment analysis.

Table 5.10 summarizes the attributes of the set of manually annotated and publicly available datasets
that are most relevant in our context (we restrict our consideration to English-language corpora). The
basic criteria we use to distinguish the presented corpora are the task the particular corpus has been
designed for, the granularity and expressiveness of the applied annotation scheme, as well as the domain
the annotated documents stem from.

5.4.1. MPQA Opinion Corpus

The MPQA Opinion Corpus is one of the most prominent and earliest annotated corpora in the field
of sentiment analysis. It was initially devised in 2002 [412] for the task of multi-perspective question
answering (MPQA) and was continuously extended to address several other tasks. As we discussed
in Section 4.4.1, the underlying model is centered on the concept of private state [309] and the derived
annotation scheme views these private states "in terms of their functional components — as states of
experiencers holding attitudes, optionally toward targets." [417]. The annotation scheme reflects these
functional components on the expression level. The original scheme [432] distinguishes between two
different ways to express private states (direct subjective annotation frame and expressive subjective
frame) and covers the source of such expressions by means of an agent frame. Private states are
attributed with polarity and intensity information. The original corpus is augmented by Wilson et al.
[438] to also contain information about the contextual polarity of direct subjective expressions. Wilson
and Wiebe [435] further extend the scheme to cover targets of private states, as well as attitude types
(distinguishing sentiment, agreement, intention, arguing, and speculation). Furthermore, Stoyanov
and Cardie [361] add an annotation frame that covers the topic of sentiment targets. Co-referring topic
frames are resolved and resulting clusters are labeled with a name.
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source/name task granularity annotation scheme domain language

NTCIR-6/7/8
[339, 340, 341]

(multilingual) senti-
ment retrieval sentence

subjectivity, polarity, topic relevance, sen-
timent source (as string), sentiment target
(as string)

news EN,CN,JP

TREC 2006/07/08
Blog Track [243,
288, 289]

sentiment retrieval document subjectivity, polarity (ranking), topic rele-
vance weblog EN

MPQA 2.0 [413,
417, 434]

multi perspective
question answering expression subjectivity, polarity, intensity, sentiment

source, sentiment target, attitude type news EN

Ding et al. [102],
Hu and Liu [177]

aspect-oriented senti-
ment analysis sentence

sentiment target/expression tuples (as
strings) attributed with polarity and in-
tensity

reviews (elec-
tronics) EN

Ganu et al. [138] aspect-oriented senti-
ment analysis sentence topic, sentiment polarity reviews

(restaurants) EN

Zhuang et al. [468] aspect-oriented senti-
ment analysis sentence sentiment target/expression tuples (as

strings) attributed with polarity
reviews
(movies) EN

Toprak et al. [386] aspect-oriented senti-
ment analysis

sentence & ex-
pression

polar fact, topic relevance, sentiment tar-
get (with anaphora resolution), sentiment
expression (with polarity, intensity), sen-
timent shifter, sentiment source

reviews (ed-
ucation,
services)

EN

JDPA Sentiment
Corpus [209]

aspect-oriented senti-
ment analysis expression

sentiment target (with co-reference res-
olution), sentiment expression (with po-
larity), sentiment shifter, entity relations,
sentiment source

weblog (cars) EN

Table 5.10.: Other manually annotated corpora for sentiment analysis.

Without doubt, the MPQA Opinion Corpus and the numerous studies which evolved around its
development are most influencing within the field of sentiment analysis. A major share of subse-
quently devised corpora adapts the concepts which emerged in this line of work. With regard to the
expression level model, we already pointed out in Section 4.4.1 that also the basic constituents of our
model and annotation scheme can be attributed to this line of research. Concerning the discourse
oriented model and scheme, we are aware that, for example, the recognition of polar facts is also
addressed by Wilson [433] where the phenomenon is denoted as objective polar utterance. The anno-
tation types covering neutralizers (expression level) or sentences with irrealis events (sentence level)
are closely related to the "insubstantial feature" introduced in [417].

The most recent version 2.0 of the MPQA Opinion Corpus comprises 692 documents, containing in
total 15802 sentences. The corpus mostly covers news text: It is composed of different subsets. The
major share (539 documents) stems from the original corpus, which contains selected foreign and U.S.
news stories from the years 2001 and 2002. Other subsets are based on articles from the Wall Street
Journal (85 documents), the American National Corpus5, and the ULA-OANC corpus6. We cannot
directly make use of the MPQA Opinion Corpus for training or evaluation purposes as the target
domain (news articles) and our application domain (customer reviews) are too different. However,
to create our own corpus, we adapted some of the underlying concepts to match the customer review
domain.

5.4.2. NTCIR and TREC Evaluation Campaigns

We know of two major evaluation campaigns that are also concerned with sentiment analysis. Both,
the NII Test Collection for IR Systems (NTCIR) workshop series, as well as the Text Retrieval Confer-
ence (TREC) workshop series, are rooted in the information retrieval community.

The sixth NTCIR workshop introduced a multi-lingual opinion analysis task (MOAT), which was
continued during NTCIR-7 and 8. The focus of the task is on cross-lingual sentiment retrieval and

5http://americannationalcorpus.org/
6http://nlp.cs.nyu.edu/wiki/corpuswg/ULA-OANC-1
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5.4. Other Available Datasets

opinion aware question answering. The provided evaluation corpora consist of news articles from Chi-
nese, Japanese, and English-language news sources. The English-language subcorpus of the NTCIR-8
test collection comprises 150 documents and 6564 sentences in total. The corpus is annotated at the
sentence level and provides information about the sentiment sources, sentiment targets, sentiment
polarity, as well as the relevance of the sentence with regard to a set of predefined, very broad topics
(e.g., "Cosovo civil war" or "nuclear weapons tests"). Sentiment sources and targets are provided as
simple string-valued attributes of the sentence annotation and are not explicitly resolved by means of
a separate annotation frame.

From 2006 to 2008 the TREC Blog track covered an opinion retrieval task. It follows the observation
that blog related queries often express an information need based on "opinion, or perspective-finding
nature, rather than fact-finding" [289]. The Blog06 Test Collection7 which was used throughout the
workshops is composed of about 3.2 million blog posts crawled over a period of three months and
covers multiple preselected topics. The opinion retrieval task required participants to identify blog
posts that express an opinion with regard to a specified target (named entity, event, or concept). Rel-
evance assessments and subjectivity information (including polarity) are provided at the document
level for pooled subsets of the submitted runs of the participants.

Both corpora, NTCIR and Blog06, can be regarded as aspect-oriented in the sense that they contain
assessments about target relevance. However, the task (sentiment retrieval) is of different nature than
ours: targets/aspects are defined broadly and span very diverse domains. Due to this and the fact
that annotations are rather coarse-grained, both datasets are not sufficient to evaluate aspect-oriented
customer review mining systems.

5.4.3. Customer Review Datasets

Hu and Liu Corpus of Consumer Electronic Reviews

Hu and Liu [177] have been the first to annotate a corpus of user-generated content for the purpose of
aspect-oriented sentiment analysis. It consists of 113 customer reviews, spanning 4555 sentences and
81,855 tokens. The reviews (crawled from Amazon.com and Cnet.com) address five different con-
sumer electronics products8 (two digital cameras, a DVD player, a mp3 player, and a cellular phone).
Granularity of annotation is at the sentence level. Each sentence is annotated with regard to the
contained "features" (product aspects) and the corresponding contextual sentiment polarity. In their
terminology, features refer to the fine-grained aspects of a concrete product. In other words, relevant
feature sets also differ between products of the same domain — for example, the two digital cameras
exhibit different sets of features. In average, they annotate 69 features for a product. Listing 5.1 shows
several exemplary sentence level annotations. Implicit mentions of features are marked with the [u]
attribute (e.g., as in the sixth sentence).

Listing 5.1: Examples of sentence level annotations within the Hu & Liu Corpus.
canon powershot g3 [+3]## i r e c e n t l y purchased the canon powershot g3 and am extremely s a t i s f i e d with the

purchase .
product [+3]## i t i s a very amazing product .
p i c t u r e [ + 2 ] , auto mode[+2]## but a t the same time , i t takes wonderful p i c t u r e s very e a s i l y in " auto "

mode , so t h a t even an average j o e l i k e me can use i t !
photo q u a l i t y [ + 2 ] , auto mode[+2]## i began taking p i c s as soon as i got t h i s camera and am amazed at the

q u a l i t y of photos i have took simply by using the auto mode .
photo [+3]## i was able to take grea t photos of the 4 th of j u l y f i r e works , and got some amazing shots of

the kids playing with s p a r k l e r s .
p i c t u r e [ + 2 ] , f e e l [ + 1 ] [ u]## i t takes grea t p i c t u r e s , operates quickly , and f e e l s s o l i d .
four megapixel [+1]## four megapixels i s grea t .

7http://ir.dcs.gla.ac.uk/test_collections/access_to_data.html
8 An extension of the original corpus with nine products is available and has been used in Ding et al. [102]
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As can be seen from the excerpt, the style of annotation is rather shallow. Although focused on
fine-grained aspects, the specific mentions (i.e., their text spans) are not annotated in the text. Also,
the contextual polarity information is not resolved to sentiment expressions and sentiment shifters.
The scheme can be compared most closely to our sentence level annotation scheme, but differs in
the following important points: With regard to product aspects, we annotate sentences on the con-
cept level instead of the mention level (e.g., they distinguish "picture", "photo", "picture quality", and
"photo quality", which we subsume to the single concept "picture quality"). We also provide infor-
mation about the discourse function of each sentence, which is not available in their corpus. Further,
we annotate additional information about polar facts and irrealis contexts. It has also been noted that
the Hu/Liu corpus partly lacks a consistent annotation. Feiguina and Lapalme [127] present a list of
these issues.

Ganu et al. Corpus of Restaurant Reviews

Ganu et al. [138] present a corpus of restaurant reviews that is annotated on the sentence level. The
corpus consists of approximately 3,400 sentences. Each sentence is categorized into one or more of
six predefined topics ("food", "service", "price", "ambience", "anecdotes", and "miscellaneous") and is
manually labeled with its sentiment polarity status ("positive", "negative", "neutral", or "conflict"). A
subset of 450 sentences is used to measure inter annotator agreement among three human annotators.
Relatively high kappa coefficients9 of above 0.8 are reported for three of the topic categories and for the
positive sentiment class. Except for the "anecdotes" topic, all other classes exhibit good agreement
with kappa values of above 0.6. Whereas being comparable in size and annotation scheme to our
sentence level corpora, the granularity with regard to the predefined set of topics is much lower. In
effect only four domain specific topics are annotated, the topics "anecdotes" and "miscellaneous" can
be subsumed as a class similar to our (implicit) off-topic category. Our datasets distinguish 22 (hotel)
and 31 (topics).

Zhuang et al. Corpus of Movie Reviews

Zhuang et al. [468] developed a hand-annotated corpus of movie reviews extracted from the Internet
Movie Database (IMDB). The dataset comprises roughly 16,000 sentences and 260,000 tokens in 1,100
reviews. Opinion is annotated with respect to the expression level, but the unit of annotation (i.e., the
text span or frame) is a sentence. Similar to the Hu/Liu corpus, expression level information is pro-
vided as attributes of a sentence annotation. With regard to sentiment targets they distinguish "fea-
ture words" and "feature types". Feature words resemble the mention level of aspects, whereas feature
types correspond to concept level aspects (topics). The list of predefined feature types comprises 20
categories. For sentiment expressions the contextual polarity is captured (positive or negative), but no
information about intensity or potential shifters (e.g., negation) is given. Only sentences containing
opinion word / feature word pairs are annotated. With regard to feature types the annotation scheme
is comparable to our sentence level dataset (we annotate topics), but we capture topic and sentiment
independent of each other and do not restrict the annotation to topic/opinion pairs. As with the Hu
& Liu dataset, no information about discourse functions, polar facts, or irrealis contexts is available.
With respect to the expression level, the annotations are less complex than ours. First, sentiment tar-
gets and expressions are not identified as annotation frames (they are string-valued attributes of a
sentence annotation) and second, important constituents, such as negation or amplification, are not
modeled.

9Cohen’s [84] or Fleiss’ kappa [131] are statistical measures commonly used to assess the agreement among annotators.
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Toprak et al. Corpus of Services Reviews

Similar to us, Toprak et al. [386] present a corpus that is annotated on the sentence and on the ex-
pression level. The corpus is composed of customer reviews (extracted from Rateitall.com and Epin-
ions.com) that target two different domains: online universities and online services. The dataset
covers 240 university reviews (2786 sentences) and 234 service reviews (6091 sentences). As we noted
in Section 4.4.2, their sentence level annotation scheme has three main attributes describing the sen-
tence’s relevancy with regard to the overall topic of the review, whether it contains an explicit opinion,
or represents a polar fact (in that case the polar fact polarity is given). They consider the sentence level
annotations as a precursor to expression level annotations and argue that it increases the reliability
of determining correct text spans. Expression level annotations include sentiment target, expression,
shifter, and holder identification. Sentiment expressions are attributed with a polarity (positive, neg-
ative, and neutral) and an intensity value (weak, average, and strong). With regard to sentiment
shifters, they capture amplifiers, downtoners, and negation. Also anaphoric relations are annotated
by means of a reference marker. Similar to us they do not annotate complete co-reference chains. The
basic constituents covered by their two annotation schemes tightly overlap with our schemes, since
both models are derived from the functional components underlying the MPQA annotation scheme.
Despite the fact that the corpus addresses relatively exotic domains10, we primarily miss topic and
discourse function annotations for our evaluation and exploration purposes.

2010 JDPA Sentiment Corpus

The most recent and most complex corpus in the context of aspect-oriented sentiment analysis is
the 2010 JDPA Sentiment Corpus for the Automotive Domain by Kessler et al. [209]. It contains 335 blog
posts on automobiles, spanning 13,126 sentences and 223,001 tokens. The annotation scheme operates
on the expression level and the basic constituents again represent the functional components of the
MPQA model. The central difference to our and the other annotation schemes is the way they han-
dle sentiment targets. Sentiment targets are annotated as mentions of entities, which they define as
"discourse representations of concrete objects (e.g., car, door) and non-concrete objects (e.g., handling,
power)" [209]. Despite domain specific entities, they also capture a subset of the entity types defined
by the ACE program [87] (e.g., "Person", "Organization", "Location", or "Time"). Named, nominal
and pronominal mentions are linked to the associated entities via co-reference chains. Additionally,
relations between mentions such as part-of, instance-of, or feature-of are marked within the discourse.
Sentiment expressions are related to concrete mentions and are attributed with prior polarity infor-
mation; however, prior intensity is not provided. For entities that have been judged to be important,
they separately provide an entity level sentiment polarity value that summarizes the sentiment to-
wards this entity and its parts. Their set of sentiment shifters follows the ideas presented by Polanyi
and Zaenen [303]. Similar to us, they cover negators, intensifiers (amplification and downtoning),
committers (solidifier, softener) and neutralizers. Implied mentions of product aspects, as well as
implicit sentiment expressions (polar facts) are not covered by their annotation scheme. They also do
not differentiate discourse functions and neither provide information on the concept level.

5.5. Summary

In this chapter we described the instantiation of the discourse oriented and expression level model
as annotation schemes. We pointed out that the discourse oriented model is implemented at the
sentence level and motivated this decision by an easier annotation process (without loss of expres-
siveness). In comparison to the original models, we extended both annotation schemes to cover ad-
ditional attributes that are mostly of exploratory nature and of value for a more detailed evaluation.
10Toprak et al. note that this is due to specific project requirements.
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To increase the significance and reliability of evaluation results, we chose to compile corpora for two
different domains, namely hotel and digital camera reviews.

We further discussed the nature of the corpora, highlighted the acquisition process, and presented
the datasets’ basic characteristics. Having two distinct annotation schemes and two distinct domains,
we created four manually labeled corpora. As annotating on the expression levels incurs a much
higher effort, the related corpora only consist of a subset of the sentence level corpora. Sections 5.2
and 5.3 covered detailed descriptions of both annotation schemes. With regard to the sentence level
annotation scheme we presented the predefined sets of discourse functions and topics and pointed
out how the sets were derived.

We motivated the basic decision to develop our own evaluation corpora from scratch by the lack
of adequate, widely accepted corpora that fit our purposes. Section 5.4 looked more closely on other
available datasets. By evaluating their characteristics we could further stress the need for compiling
our own evaluation corpora.
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In theory, there is no difference between theory and practice. But, in
practice, there is.

Jan L. A. van de Snepscheut

6. Corpus Analysis

The primary goal of our analysis is to gain insight into the nature of the different phenomena that we
discussed in the previous chapters. Apart from quantifying these aspects and providing descriptive
statistics of the corpora, our analysis is guided by the question of how to operationalize our models
in a real system. In particular, we aim at answering the following three questions:

• What is the relevance of the different aspects of our models with regard to aspect-based sen-
timent analysis systems? For example, which share of sentiment expressions exhibit a target-
dependent polarity and in consequence, does a system need to cope with this phenomenon?

• Are there any significant differences with regard to the domains of service (hotel) and product
(camera) reviews and if so, of which nature are they and how do they effect the design of a
customer review mining system?

• Which tasks and problems in customer review mining can be addressed by using the presented
corpora?

The remainder of this chapter is organized as follows: In Section 6.1, we analyze the corpora with
respect to the sentence level annotations and Section 6.2 covers the expression level annotations. In
each of the two sections, we analyze the different functional components of the particular annotation
scheme and discuss relevant corpus statistics with respect to the earlier mentioned questions. The
chapter is intended to provide the basic insights that can be drawn from an exploratory analysis of
the corpora. We leave more detailed and problem specific analyses for discussions in the context of
mistake analysis of particular approaches.

6.1. Sentence Level Corpus

6.1.1. Sentiment and Polar Facts

Within the hotel review corpus, 2540 of the 3476 sentences (73.1%) are polar, that is, they either contain
an explicit expression of sentiment or cover a polar fact expression. In the digital camera corpus, the
relative frequency of polar sentences is less, 2191 out of 3493 sentences (62.7%) contain polar language.
Both numbers are quite high and underline the assumption that customer reviews exhibit a high
proportion of subjective information. We can regard these numbers as lower bounds for the precision
of a sentence level subjectivity classifier. A baseline method that simply classifies each sentence as
subjective, would achieve precision values of 73% and 63%, respectively. We can further conclude that
a topic classification alone (i.e., without sentiment detection) is a valuable tool for customer review
mining: If more than 60% of sentences express sentiment, a system that only categorizes by topic,
is already very helpful with structuring the review information. Figure 6.1 presents the detailed
distribution1 of polar sentences with respect to the overall rating of a review (ratings range from 1 ∼
worst to 5 ∼ best).

1 Table B.1 contains the data that was used to create Fig. 6.1.
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(b) digital camera corpus

Figure 6.1.: The distribution of polar sentences in the sentence level corpora.

Correlation between User-Provided Rating and Sentence Polarity

The data shows, not very surprisingly, a strong correlation between the overall rating of a review
and the polarity of its contained sentences. The probability that a sentence in a review rated with
1 has a negative polarity is 0.52 (hotel) and 0.58 (camera), compared to a probability of 0.08 (hotel)
and 0.06 (digital camera) for positive polarity. In contrast, for reviews with an overall rating of 5, the
probability of a sentence to have positive polarity is 0.69 (hotel) and 0.54 (digital camera), whereas
negative polarity is unlikely with probabilities of 0.07 and 0.10. In both corpora, the relative frequency
of negative sentences prevails in reviews with ratings in the range of 1 to 3, whereas positive sentences
are more likely in reviews with ratings 4 and 5. Furthermore, we find that the relative frequency of
neutral sentences is higher in reviews with a mediocre overall rating of 3 (and 4 in the digital camera
dataset). We can conclude that the overall rating of a review is a good indicator for the polarity of
its contained sentences and appears to be a valuable feature with regard to a sentence level polarity
classification task.

A natural assumption would be that polar sentences more likely occur in extreme reviews (i.e.,
with overall ratings 1 or 5). Whereas the assumption seems to be true for the camera review dataset,
we find contradictory data for the hotel review corpus. For hotel reviews, we can observe that the
relative frequency of polar sentences increases with the overall rating of a review. The share of polar
sentences in reviews with an overall rating of 5 is much higher (78.5%) than in reviews with a rating
of 1 (62.9%).

Imbalanced Data

Also at the sentence level, the distribution of polarity is skewed towards positive ratings. However,
compared to the document level, the skew is less pronounced. The share of positive sentences of
all polar sentences is 70.0% (hotel) and 62.5% (digital camera), compared to 32.2% and 32.7% for
negative sentences. Thus, in both corpora, the ratio of positive polar versus negative polar sentences
is around 2:1, whereas on the document level the ratios are around 3:1 and 8:1 (cf., Section 5.1). This
lower "between class imbalance" reduces the effects that come with learning from imbalanced data
[72, 162, 188], at least for the distinction between positive and negative sentences.
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Neutral and Mixed Sentiment

Sentences with neutral sentiment or mixed sentiment occur very rarely. Reviewers expresses neutral
sentiment in only 1.9% (hotel) and 1.3% (digital camera) of all sentences. It is apparent, in particular
within the hotel review corpus, that neutral sentiment is more often expressed in overall neutral
reviews (rating 3). Sentences with mixed polarity have a share of only 3.1% in the hotel corpus and
1.7% in the digital camera corpus. We can conclude that capturing both phenomena as part of a
sentence level polarity classifier is less relevant. The majority of polar sentences is either positive or
negative.

Polar Facts

Tables 6.1a and 6.1b depict the distribution of polar facts in both corpora. The phenomenon is signif-
icant in both corpora. In the hotel corpus, polarity is expressed by means of polar facts in 16.7% of
all cases. In the digital camera corpus the number is 13.9%. It is noteworthy that polar facts are used
far more often to express negative sentiment. We can observe the following: Reviewers may induce
negative sentiment (as polar facts) by naming both, the occurrence of undesired or the lack of desired
behavior. On the other hand, they may express positive sentiment by describing the occurrence of
desired behavior. But it is very rarely that they evoke positive sentiment by naming the absence of
undesired behavior. This is one reason, why reviewers tend to describe the facts that lead to negative
sentiment more often than the facts that evoke positive sentiment. In consequence, we conclude that
the phenomenon of polar facts is significant, in particular with regard to the expression of negative
sentiment (> 30% of negative, polar sentences). It thus needs to be examined when building sentence
level polarity classifiers. Simple lexicon-based classifiers are likely to have difficulties in detecting
polar facts.

polarity polar fact ¬polar fact

positive 134 (8.65%) 1415 (91.35%)
negative 285 (34.88%) 532 (65.12%)
neutral 1 (1.54%) 64 (98.46%)
both 5 (4.59%) 104 (95.41%)

all 425 (16.73%) 2115 (83.27%)

(a) hotel corpus

polarity polar fact ¬polar fact

positive 87 (6.36%) 1282 (93.64%)
negative 213 (29.75%) 503 (70.25%)
neutral 1 (2.17%) 45 (97.83%)
both 4 (6.67%) 56 (93.33%)

all 305 (13.92%) 1886 (86.08%)

(b) digital camera corpus

Table 6.1.: The distribution of polar facts in the review corpora.

6.1.2. Topics

Within the hotel review corpus 2712 of 3476 sentences (78.0%) are on-topic. In the digital camera
corpus we count 2573 of 3493 sentences (73.7%) which are on-topic. These numbers confirm our
assumption that customer reviews are generally very focused documents and most of the provided
information is relevant to the discussed product or one of its aspects. Table 6.2 lists the distribution2

of topics for both corpora. In the hotel review domain, reviewers most often comment on the topics
"room", "service", and "location". These three topics alone account for roughly 50% of all sentences
in the corpus. Within the digital camera domain, the top five topics "picture quality", "ease of use",

2 Take note that, since a sentence may be attributed to multiple topics, the sum of the frequency counts is greater than the
number of sentences in the corpus. In consequence, summing up the relative frequencies of all topics plus the off-topic
category, reveals a number greater than 100%.
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topic frequency (share)

room 700 (20.14%)
service 593 (17.06%)
location 475 (13.67%)
PRODUCT 413 (11.88%)
dining 281 (8.08%)
sleep quality 265 (7.62%)
facility 164 (4.72%)
cleanliness 163 (4.69%)
price 160 (4.60%)
internet 65 (1.87%)
decoration 60 (1.73%)

ON-TOPIC 2712 (78.02%)
OFF-TOPIC 764 (21.98%)

(a) hotel corpus

topic frequency (share)

picture quality 489 (14.00%)
PRODUCT 473 (13.50%)
ease of use 334 (9.60%)
appearance 281 (8.00%)
battery 232 (6.60%)
optics 231 (6.60%)
settings 185 (5.30%)
price 161 (4.60%)
features 154 (4.40%)
video recording 128 (3.70%)
memory 95 (2.70%)
screen 90 (2.60%)
speed 87 (2.50%)
flash 70 (2.00%)
connectivity 68 (1.90%)
software 56 (1.60%)

ON-TOPIC 2573 (73.70%)
OFF-TOPIC 920 (26.30%)

(b) digital camera corpus

Table 6.2.: The distribution of topics in the review corpora.

"appearance", "battery", and "optics" account for around 45% of all sentences. In both corpora, the
product itself (category PRODUCT) is addressed in around 12-14% of sentences.

Table 6.3 shows the correlation between polar and on-topic sentences in a combined hotel and
camera review corpus. The contingency table shows a grand total of 6969 sentences in the combined
corpus. A subset of 4329 sentences is both, polar and on-topic. In other words, around 62% of all
sentences are relevant with regard to extracting on-topic, polar sentences. The other 40% are either off-
topic, non-polar, or both. We can further observe a strong correlation between on-topic and sentiment
bearing sentences. Computing the phi coefficient3 reveals a value of rφ = 0.53, indicating a relatively
strong association. Of the marginal total of 4731 polar sentences, 4329 (91.5%) are also on-topic —
that is, we have a conditional probability Pr (sentence is on-topic | sentence is polar) = 0.915. On the
other hand, 81.9% of all on-topic sentences are also polar (4329 of 5285 sentences). In consequence, we
can conclude that the property of being polar, is a good indicator for identifying relevant (i.e., polar
& on-topic) sentences. With an ideal polarity classifier (and without any specific topic classifier), we
could extract relevant sentences with an already high accuracy of 91.5%.

polar ¬polar

on-topic 4329 956 5285
off-topic 402 1282 1684

4731 2238 6969

Table 6.3.: A 2 x 2 contingency table showing the correlation between the topic dimension and the
polarity dimension. The presented numbers are based on a conflation of the hotel and
digital camera corpora.

3 The phi coefficient rφ is an index of association for two binary variables [97]. Similar to the Pearson product-moment correla-
tion coefficient, its value ranges from -1 (perfect disagreement) to +1 (perfect agreement) and a value of zero indicates no
association. Correlation coefficients greater than 0.5 are generally regarded as indicating a strong relationship.
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6.1. Sentence Level Corpus

The sentence level annotation scheme allows to attribute multiple topics to a single sentence. In
both corpora, the relative frequency of on-topic sentences with multiple topics is around 18%. In the
hotel corpus, we have 485 of 2712 (17.9%) on-topic sentences that are associated with multiple topics.
In the digital camera dataset we count 458 of 2573 (17.8%) sentences. The numbers indicate that
reviewers tend to address only a single topic within one sentence. Nevertheless, a relative frequency
of 18% shows that the phenomenon cannot be ignored and needs to be tackled when classifying
sentences with regard to topics. We conclude that the task of sentence level topic classification is
indeed a multi-label classification problem.

6.1.3. Discourse Functions

The sentence’s discourse function attribute specifies the function or role a sentence has in the dis-
course structure of a customer review. As part of the sentence level annotation scheme we defined
16 + 1 different functions, which we identified to be relevant in the domain of customer reviews.
Figure 6.2 presents the distribution4 of these functions in both corpora.
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Figure 6.2.: The distribution of discourse functions in the review corpora.

First, we can observe that the coverage of the predefined discourse functions is quite good. A share
of around 97% of all annotated sentences can be associated with one of the functions, only about
3% are associated with the "OTHER" category (examples for sentences that we annotated with the
discourse function "OTHER" are shown in Appendix A.2.7). Not surprisingly, the major share of
sentences (hotel: 44.7%, camera: 38.0%) is attributed to the discourse function "sentiment". Sentences
with factual information (category "fact") that cannot be attributed to one of the other, more specific
discourse functions, account for 25.5% (hotel) and 21.8% (camera) of all sentences. In consequence,
the remaining functions (excluding the category "OTHER") make up for shares of 27.3% (hotel) and
36.7% (camera).

4 Table B.3 contains the data that was used to create Fig. 6.1.
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Relevance of the Discourse Function Dimension

In Section 4.2 we motivated the consideration of discourse functions by pointing out an information
need with regard to this dimension. Relevant functions with respect to this information need are
especially the types "conclusion", "personal context", "advice", "problem", and "lack". For example,
conclusive passages are informative as they summarize the overall impression of a reviewer, and the
"personal context" may provide information about the trustworthiness of the reviewer. In the hotel
corpus, the discourse function "conclusion" has the maximum relative frequency (6.7%) among these
functions. In the digital camera corpus it is the function "personal context", with a relative frequency
of 5.8%. Considering the combined hotel and camera review corpus, we find that 51.3% of all reviews
contain at least one conclusive sentence and in 39.3%, reviewers provide personal context. Sentences
that contain advices account for 4.4%, problem descriptions for 2.9%, and passages that describe
a lack (of something desired) for 1.3% of all sentences. From the reported numbers we conclude
that examining the dimension of discourse functions is helpful in analyzing customer reviews. The
aforementioned five most relevant discourse functions are associated in total with one fifth (20.2%) of
all sentences.

6.1.4. Further Observations

The corpus analysis shows that only a relative small number (1.9%) of sentences contain a compari-
son. This number is relevant when considering whether an expression level model should cope with
comparative sentences or not. Our current expression level annotation scheme does not capture com-
parisons. The model lacks the possibility to express "sentiment relations" between two sentiment
targets. However, the low number of actual comparisons shows that reducing the complexity with
regard to this phenomenon is acceptable.

The sentence level annotation scheme further contains the exploratory attributes "non focus entity"
and "irrealis". The first attribute marks sentences that address an entity that is not the primary entity
in focus of the review (most commonly as part of a comparison). For the domain of customer reviews,
we find that the relative frequency of such sentences is very low, with below one percent (68 sentences,
resulting in a share of 0.98%). Also this observation confirms our hypothesis that reviews are highly
focused documents. We conclude that, at least in the examined sentence level corpora, it is of minor
interest to apply named entity recognition. The share of polar sentences that were marked with the
"irrealis" flag is 2.4%, showing that a detection of this phenomenon is also not necessarily needed to
significantly improve the accuracy of a sentence level polarity classifier.

6.2. Expression Level Corpus

6.2.1. Aspect Mentions and Sentiment Targets

Distribution of Mention Types

Recall that we distinguish between nominal, named, pronominal, and implicit mentions of product as-
pects. We defined a nominal mention as a noun phrase that explicitly refers to the product or one of
its aspects (e.g., "camera" or "image stabilization"). Named mentions refer to the product or an aspect
by means of proper names (e.g., "Canon EOS 550D" or "SteadyShot"). The expression level annota-
tion scheme distinguishes both types for each utterance of a mention, independent of whether it is
targeted by a sentiment expression or not (pronominal and implicit mentions are only captured when
addressed as sentiment targets). Table 6.4 shows the distribution of nominal versus named mentions.
We read the information as follows: Within the hotel review corpus, we count 2,158 (2,066 + 92) nom-
inal or named mentions. The majority (95.7%) is of nominal nature and only a small share is of type
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"named". The table also shows that 48.9% of all nominal mentions are associated with at least one
sentiment expression, whereas only 25 named mentions (27.2% of all named mentions) are marked
as sentiment target. The digital camera review corpus contains in total 2,149 (1,918 + 231) nominal
and named mentions. It is apparent that the relative frequency of named mentions is higher with
10.8% (although still low). The relative frequency of nominal mentions marked as sentiment target,
is similar to the hotel review corpus (45.2%). With regard to named mentions, it is much less (only
13.9%).

hotel camera

type all mentions sentiment targets all mentions sentiment targets

nominal 2066 (95.74%) 1011 (48.94%) 1918 (89.25%) 867 (45.20%)
named 92 (4.26%) 25 (27.17%) 231 (10.75%) 32 (13.85%)

Table 6.4.: The distribution of nominal and named mentions in the review corpora.

In Table 6.5, we examine the distribution of mention types with respect to sentiment targets. In
the hotel review corpus, a total of 1,203 phrases are annotated as sentiment target. The major share
(84.0%) of sentiment targets is expressed explicitly as a nominal mention. Only an insignificant share
of 2.1% refers to named mentions. Pronominal mentions account for 6.4% of targets and implicit
mentions for 7.5%. Considering the digital camera corpus, we observe that the relative frequency of
pronominal and implicit mentions is higher, with 10.4% and 8.8%, respectively. Nominal mentions
amount to roughly 78% in this corpus. Examining the numbers for the combined corpus, we can con-
clude that detecting nominal mentions is most important. Pronominal and implicit mentions account
for about 16%. In other words, perfect identification of these two mention types has the potential to
increase the recall level for sentiment target extraction by 16 percentage points. Considering them is
thus generally desirable. Detecting named entities is of minor importance — only 2.4% of sentiment
targets are expressed in this manner.

hotel camera combined

nominal 1011 (84.04%) 867 (77.90%) 1878 (81.09%)
named 25 (2.08%) 32 (2.88%) 57 (2.46%)
pronominal 77 (6.40%) 116 (10.42%) 193 (8.33%)
implicit 90 (7.48%) 98 (8.81%) 188 (8.12%)

1203 1113 2316

Table 6.5.: The distribution of sentiment target mention types.

In both corpora, we observe a similar distribution of sentiment targets. The average number of
sentiment targets per document is slightly less in the digital camera corpus (7.4 compared to 8.0
occurrences). We find that three out of the 150 annotated digital camera reviews do not contain a
sentiment target at all; in the hotel review corpus all reviews have at least one sentiment target. The
maximum number of targets is counted in the digital camera corpus with 40 occurrences. Comparing
these numbers to the basic dataset statistics presented in Table 5.1, we find that the differences cor-
relate with the different average lengths of review documents. The smaller average length of digital
camera reviews correlates to the lower average number of occurrences (the same is true for the higher
variability).

In both corpora the proportion of sentences containing at least one sentiment target is more than
50%. In the hotel corpus 53.0% contain a target, whereas in the digital camera corpus the proportion
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statistic hotel camera

avg. targets per document 8.02 7.42
std. targets per document 4.68 7.46
min. targets per document 1 0
max. targets per document 25 40
avg. targets per sentence 0.72 0.77
proportion of sentences with target 52.98% 55.61%

Table 6.6.: Statistics about the occurrences of sentiment targets in the review corpora.

is 55.6%. Both proportions are less than the 60% of on-topic, polar sentences we annotated on the
sentence level. Although we cannot directly compare these numbers, as the expression level corpora
only represent a subset of the sentence level corpora, the difference shows that implicit aspect men-
tions (as discussed earlier) and polar facts (which are not captured by the expression level scheme)
represent a significant share. We conclude that it is desirable to analyze customer reviews on multiple
levels of granularity. Phenomenons such as implicit mentions and polar facts are better addressed at
the sentence level.

Nominal Aspect Mentions and Sentiment Targets

As nominal mentions of product aspects represent the greatest share of mention types, we examine
these occurrences in more detail. Table 6.7 presents the basic statistics with regard to nominal aspect
mentions. Comparing the numbers of the hotel review and digital camera review corpora, we find
that the complexity of nominal mentions and targets is very similar. The average length of a nominal
mention is 1.28 tokens and 1.40 tokens, respectively. The low standard deviation indicates that the
majority of mentions is indeed composed of a single token (78.3% in the hotel corpus versus 71.6% in
the digital camera corpus). The maximum length is seven tokens for the hotel dataset (e.g., "room in
the back of the hotel") and nine tokes for the camera corpus. We count 490 distinct mentions5 in the
hotel corpus and 477 in the digital camera corpus.

statistic hotel camera

avg. tokens per mention 1.28 1.40
max. tokens per mention 7 9
std. tokens per mention 0.60 0.76
distinct mentions 490 477
root ttr of mentions 10.78 10.89

Table 6.7.: Statistics about the occurrences of the nominal mention type in the review corpora.

To further compare the complexity of the corpora, we compute a measure related to the root type-
token ratio (root-ttr), which was proposed to examine the lexical diversity of a corpus. The measure
is based on the simple type-token ratio [195], but uses the square root of the denominator to relieve
the influence of the sample size. It is computed as root-ttr = #distinct tokens√

#tokens
. In our case, we consider

mentions (instead of tokens) to compute the root-ttr. The sample size is the total number of (nominal)
mentions. A lower score for the measure corresponds to a lower lexical variability. We can observe
that the lexical diversity of nominal mentions is very similar in both corpora, being slightly lower in
the hotel review corpus (10.78 compared to 10.89).

5Recall that mentions refer to normalized (i.e., lemmatized) occurrences of aspects.
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Figure 6.3.: The lexical diversity of nominal aspect mentions. The normalized rank is plotted against
the recall.

Whereas the root-ttr is a single score, suited to compare the lexical diversity of two samples, the
degree of lexical diversity can also be explained by the information given in Fig. 6.36. We rank each
distinct mention according to its frequency of occurrence (giving a higher rank to more frequent
mentions). The horizontal axis of Fig. 6.3 displays the rank, normalized to the interval ]0; 1]. The
figure then reads for example as follows: With 10% of the most frequent mentions (normalized rank
0.1) around 67% (70%) of all occurrences of mentions in the corpus are covered. The plot mirrors
that the frequencies of occurrence basically follow a Zipfian distribution — that is, they are inversely
proportional to their rank (in this plot expressed as a flattening of the curve with higher ranks). Again,
we can observe that both corpora exhibit very similar numbers. The slightly steeper curve for the
digital camera corpus expresses that the most frequent mentions exhibit a slightly higher proportion.
The numbers are especially relevant when considering a lexicon-based approach to extract nominal
aspect mentions. For example, with regard to the examined corpora, to achieve a recall of 80%, a
lexicon of product aspects must contain around 25% of the total number of aspects occurring in the
documents. We will examine the distribution more closely when we analyze the different approaches
to product aspect and sentiment target identification.

Table 6.8 examines the distribution of part-of-speech patterns for nominal mentions of product
aspects. It shows the relevant numbers for the ten most frequent combinations (along with an ex-
emplary aspect mention that represents the pattern). Not surprisingly, noun phrases account for the
major share of combinations. The five most frequent patterns refer to nouns (potentially pre-modified
by an adjective) and exhibit a cumulated share of 92.8%. Verbs (VB) and adjectives (JJ) typically do
not constitute a valid nominal mention, but occur in the statistic. Looking at the actual data reveals
that all occurrences can be ascribed to mistakes by the automatic part-of-speech tagger. In conclusion,
the numbers show that with relative few part-of-speech patterns, a great share of nominal mentions
can be addressed.

6 Also see Table B.2, which presents the same statistic, but setting focus on the recall levels from 30% to 100%.
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rank part-of-speech tag example frequency share cumulated share

1 NN camera 2928 73.49% 73.49%
2 NN NN picture quality 510 12.80% 86.30%
3 JJ NN front desk 180 4.52% 90.81%
4 NN NN NN burst shooting mode 50 1.26% 92.07%
5 JJ NN NN front desk staff 36 0.90% 92.97%
6 NN IN DT NN size of the camera 29 0.73% 93.70%
7 VB NN build quality 27 0.68% 94.38%
8 VB shower 26 0.65% 95.03%
9 NN IN NN ease of use 21 0.53% 95.56%
10 JJ safe 20 0.50% 96.06%

Table 6.8.: The distribution of the ten most frequent part-of-speech tags of nominal aspect mentions.
The numbers are based on a conflation of the hotel and camera review corpora.

6.2.2. Sentiment Expressions

Table 6.9 summarizes the statistics with regard to sentiment expressions. In total, the hotel review
corpus contains nearly 1,400 sentiment expressions. In the digital camera corpus we annotated 1,196
expressions. As with sentiment targets, the average number of sentiment expressions per document
is higher in the hotel review dataset. Again, this observation can be ascribed to the greater average
length of hotel reviews. Since we defined sentiment targets and sentiment expressions as existentially
dependent on each other, the proportion of sentences containing explicit sentiment expressions/tar-
gets is the same7. The average number of tokens per sentiment expression is low with 1.23 and 1.32
tokens. In the hotel corpus, 86.7% of sentiment expression are composed of a single token, in the dig-
ital camera dataset the proportion is 81.0%. Regarding the proportion of sentiment expressions with
strong intensity, both corpora exhibit a similar distribution. In the hotel review corpus around 12.5%
of sentiment expressions have strong intensity compared to 16.0% in the digital camera dataset.

statistic hotel camera

sentiment expressions 1402 1196
avg. sentiment expressions per document 9.35 7.97
std. sentiment expressions per document 5.53 8.03
min. sentiment expressions per document 1 0
max. sentiment expressions per document 29 45
sentences with sentiment expression 53.04% 55.68%
avg. tokens per sentiment expression 1.23 1.32
unique sentiment expressions 488 473
root ttr 13.03 13.68
proportion of expressions with multiple targets 3.50% 3.68%
proportion of expressions with shifters 29.53% 33.28%
proportion of target specific expressions 20.54% 19.23%
proportion of expressions with strong intensity 12.48% 15.97%

Table 6.9.: Basic statistics about the occurrences of sentiment expressions in the review corpora.

Overall, we find 488 and 473 different types of sentiment expressions, resulting in root-ttr scores of
13.0 and 13.7. The numbers show that the lexical diversity of sentiment expressions is higher than

7The minimal difference is due to pronominal targets, which need not occur in the same sentence as the sentiment expression.
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Figure 6.4.: The correlation between the user-provided review ratings and the occurrence of polar
expressions.

the variability of nominal aspect mentions. This indicates that sentiment expression may be more
difficult to identify than nominal aspect mentions.

We further find that sentiment expressions that target multiple sentiment targets, represent only
a small share of all utterances of sentiment (3.5% and 3.7%). Reducing the complexity of a senti-
ment analysis systems with regard to this phenomenon can thus be regarded as acceptable. When
analyzing the number of sentiment expression that are affected by at least one sentiment shifter, we
can observe that shifters play a major role. Nearly a third of all sentiment expressions in both corpora
(29.5% and 33.3%) is associated with one or more shifters. We examine sentiment shifters more closely
in the next section.

Another important number is the proportion of target-specific sentiment expressions. Recall that
these are expressions that, depending on the context (i.e., the sentiment target), may shift polarity or
may be polysemous with respect to subjectivity/objectivity. Such expressions account for a relatively
large share of around 20% in both corpora. We thus conclude that recognizing target-specific senti-
ment expressions is an important factor in aspect oriented sentiment analysis. We further find that,
in both datasets, adjectives account for more than 90% of all target-specific expressions (hotel: 93.8%,
camera: 91.3%).

Figure 6.4 examines the distribution of prior polarities (for the illustration we only count sentiment
expressions which are not shifted by a neutralizer or negator). The distribution is highly skewed
towards positive prior polarity. In both corpora, positive polarity sums up to around 73%, whereas
negative polarity has a share of around one quarter (25.4% and 26.5%). Neutral polarity accounts for
only 2.9% and 1.1%, respectively. Not surprisingly, we find strong correlations between the overall
rating of a review and positive/negative polarities. For example, more than 90% of sentiment ex-
pression in "five star" hotel reviews have positive polarity. On the other hand, more surprisingly, we
observe that sentiment expressions with positive prior polarity also occur with a relative high propor-
tion in overall negative reviews. Positive sentiment expressions in "one-star" camera reviews account
for nearly a third and in two-star reviews the share of positive expressions nearly equals the share of
negative expressions (in both corpora). Also the amount of expressions with negative prior polarity
in overall positive reviews (four and five stars) is significant. This observation underlines the need
for fine-grained sentiment analysis — for example, on the sentence or expression level.

We also compare the lexical diversity of positive versus negative sentiment expressions and find
that expressions with negative prior polarity have a higher root-ttr in both corpora. In the hotel corpus
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lemma frequency share

great 82 8.17%
good 66 6.57%
clean 59 5.88%
nice 45 4.48%
friendly 42 4.18%
comfortable 36 3.59%
excellent 31 3.09%
helpful 29 2.89%
free 27 2.69%
recommend 16 1.59%

433 43.13%

(a) hotel corpus: positive

lemma frequency share

small 38 10.67%
problem 17 4.78%
no 14 3.93%
rude 10 2.81%
bad 10 2.81%
noisy 9 2.53%
not work 6 1.69%
awful 6 1.69%
slow 6 1.69%
complaint 6 1.69%

122 34.27%

(b) hotel corpus: negative

lemma frequency share

great 105 12.25%
good 90 10.50%
love 35 4.08%
like 27 3.15%
nice 27 3.15%
easy 25 2.92%
easy to use 18 2.10%
excellent 18 2.10%
well 16 1.87%
happy 15 1.75%

376 43.87%

(c) camera corpus: positive

lemma frequency share

problem 17 5.30%
bad 10 3.12%
small 7 2.18%
no 7 2.18%
blurry 7 2.18%
grainy 6 1.87%
issue 6 1.87%
not work 6 1.87%
expensive 4 1.25%
slow 4 1.25%

74 23.05%

(d) camera corpus: negative

Table 6.10.: The ten most frequent positive and negative sentiment expressions in the review corpora.

the numbers are 9.28 (positive) versus 9.61 (negative) and in the digital camera corpus we have 9.47
versus 10.73. The higher lexical variability indicates that it is more difficult to recognize negative
sentiment expressions.

Table 6.10 presents the ten most frequent positive and negative sentiment expressions in both cor-
pora. The difference in lexical diversity is mirrored by the higher proportion that the ten most fre-
quent positive expressions exhibit, compared to the ten most frequent negative expressions (43.1%
and 43.9% versus 34.3% and 23.1%). The tables further show some examples of sentiment expressions
with target-specific prior polarity, such as "free", "small", "slow", "grainy", or "blurry". The negation
"no" occurs in the list of negative expressions, as it is often used to express the lack of a desired aspect
or behavior.

As the lists of the most frequent sentiment expressions already indicate, the major share of senti-
ment bearing expressions belongs to the word class of adjectives. This is examined more closely in
Table 6.11. The first four rows of the table refer to the counts for single-token sentiment expressions
with part-of-speech being either adjective, noun, verb, or adverb. The fifth row refers to single-token
sentiment expressions of any other word class, as well as multi-word expressions. In the hotel dataset,
we can observe that the skew towards adjectives is more pronounced. 67.3% of all sentiment expres-
sions are adjectives, compared to 54.0% in the digital camera dataset. The dominance of adjectives as
part-of-speech is not surprising, since adjectives are the primary word class used to describe things.
Nevertheless, other parts-of-speech have a significant share and should be covered when detecting
sentiment expressions (e.g., by means of a sentiment lexicon). The table further examines the lexi-
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hotel camera

word class share frequency root ttr share frequency root ttr

adjective 67.26% 943 6.74 54.01% 646 7.24
noun 8.99% 126 6.77 9.87% 118 5.71
verb 6.35% 89 4.13 9.95% 119 3.85
adverb 4.78% 67 5.74 7.44% 89 5.30
other 12.62% 177 – 18.73% 224 –

Table 6.11.: The distribution of parts of speech of sentiment expressions.

hotel camera

shifter type affected expressions frequency affected expressions frequency

amplifier 19.26% 270 16.89% 202
negator 5.35% 75 7.19% 86
neutralizer 3.07% 43 8.19% 98
downtoner 2.21% 31 2.17% 26
softener 1.00% 14 1.92% 23
solidifier 0.50% 7 0.50% 6

Table 6.12.: The distribution of varying sentiment shifter types in the review corpora.

cal diversity of sentiment expressions with respect to the four most important word classes. In both
corpora, the root-ttr is lowest for verbs and adverbs. In fact, the five most frequent verbs ("recom-
mend", "love", "enjoy", "appreciate", "like") in the hotel corpus account for 47.2% of all occurrences of
sentiment expressions. In the camera dataset, the top five verbs ("love", "recommend", "like", "enjoy",
"die") amount to 54.2% of occurrences.

6.2.3. Sentiment Shifters

In this section we analyze the corpora with regard to the distribution of different sentiment shifter
types. The statistic presented in Table 6.12 describes the relevance of each type in terms of the number
of modified sentiment expressions. Earlier we learned that around 30% of all sentiment expressions
are affected by at least one sentiment shifter8. The great majority of these expressions is modified
through an amplifier. Nearly 20% of sentiment expressions in both corpora (19.3% and 16.9%) are
amplified. In consequence, amplifiers account for around 60% of all sentiment shifters in the hotel
review corpus and 47% in the digital camera dataset. The shifter types downtoner, softener, and solidifier
only play a marginal role – in sum they amount to less than 5% of affected expressions in both corpora.
With regard to neutralizers and negators we observe a higher relevance in the digital camera corpus
compared to the hotel corpus. In sum, they modify 15.4% of sentiment expressions in the camera
dataset and only 8.4% in the hotel review dataset. It is thus more difficult in the camera corpus to
detect the correct contextual polarity. Due to the greater effect of negators (potential "polarity flip")
and neutralizers ("nullifying" polarity) on contextual polarity, as well as the higher number of affected
expressions, these shifter types are of greater importance and should be recognized by sentiment
analysis systems.

Tables 6.13a to 6.13c list the five most frequent occurrences of the shifter types amplifier, negator,

8 Take note that the sums of the individual relative frequencies presented in this table are greater than the overall proportions
of affected sentiment expressions. The reason is that a single sentiment expression may be affected by multiple different
shifter types.
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lemma frequency share

very 226 47.98%
really 36 7.64%
pretty 22 4.67%
extremely 20 4.25%
just 16 3.40%

320 67.94%

(a) amplifier

lemma frequency share

not 119 74.84%
no 13 8.18%
never 4 2.52%
nothing 3 1.89%
without 3 1.89%

142 89.31%

(b) negator

lemma frequency share

if 31 22.63%
look for 11 8.03%
want 9 6.57%
when 7 5.11%
would 7 5.11%

65 47.45%

(c) neutralizer

Table 6.13.: The five most frequently used phrases for the sentiment shifter types, amplifier, negator,
and neutralizer. The numbers are based on a conflation of the hotel and camera review
corpora.

and neutralizer (we do not present statistics for the other types as the frequency of occurrence is too
low). Amplifiers and negators exhibit a very low lexical variability. Nearly 50% of all occurrences
of amplification are associated with the adverb "very". With respect to negation, the word "not"9

(not surprisingly) accounts for even three quarters of all occurrences. The root-ttr for amplifiers is
3.45 compared to only 1.51 for negators. The major share (22.6%) of neutralizing modification of
sentiment expressions can be ascribed to the conjunction "if", which generally introduces a conditional
clause. With a root-ttr of 4.61, the lexical variability of neutralizers is higher than the other examined
shifter types. We summarize, that in the examined corpora the shifter types amplification, negation,
and neutralization play a major role in defining the contextual polarity and intensity of sentiment
expression. The lexical variability of amplifiers and negators in particular, but also of neutralizers
is rather low, so that relative simple lexicon-based approaches may suffice to detect these kinds of
modification.

6.3. Summary

In this chapter we presented the results of an annotation study conducted on our manually labeled
sentence and expression level corpora. The major goals of this study were (1) to examine the rele-
vance of the different phenomenons described by our models and (2) to determine whether signifi-
cant differences between the two considered domains (hotel vs. digital camera) exist. The following
enumeration summarizes our most relevant findings:

• Corpus analysis confirms that customer reviews are highly focused documents.
About 60% of all sentences contain relevant information, that is exhibit a polar expression on at
least one of the predefined topics. Strong correlations between polarity and topic relevance are
found. 93% of polar sentences are on-topic. A system that only analyzes the polarity dimension
thus already achieves a very high accuracy with regard to topic relevance.

• The overall rating of a review is a good indicator for sentiment classification. For example, the
probability that a sentence exhibits a positive sentiment is about ten times higher in a five star
rated review compared to a one star rated review.

• The imbalance of positive versus negative sentiment is less pronounced when examined on the
sentence and/or expression level. On the sentence level, positive sentences occur about twice as
often as negatively attributed sentences. Significant shares of sentences in overall negative rated

9 Our annotation guidelines (cf., Appendix A.3) require that the annotation of contracted negations, as for example in
"doesn’t", "don’t", or "isn’t", only covers the n’t part of the contraction. As this contraction is lemmatized to the lemma
"not", all contracted negations are also counted as occurrence of this lemma.
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reviews are positive and vice versa. This observation further stresses the need for fine-grained
analysis on the sentence or expression level.

• Roughly 15% of all on-topic sentences refer to multiple topics. We conclude that topic catego-
rization on the sentence level is indeed a multi-label, multi-class classification problem.

• Nearly 97% of all sentences can be attributed to one of the predefined discourse functions, show-
ing a very high coverage of the set. The two functions "sentiment" and "fact" cover about 65%
of the sentences, 20% correspond to functions that represent an additional information need
("conclusion", "personal context", "advice", "problem" and "lack"). We conclude that it is worth
considering the discourse function dimension in a review mining system (but this may depend
on the concrete application scenario).

• With regard to sentiment targets in the expression level model, nominal mentions are most im-
portant, making up a share of over 80% of all mentions. Detecting pronominal and implicit
mentions can improve the recall of a review mining system by at maximum 16%. Named men-
tions play only a marginal role with a share of less than 2.5%.

• The occurrence frequency of sentiment targets approximately resembles a Zipfian distribution.
We find about 500 distinct mentions in both corpora, where the majority of these types occurs
only once. The 10% most frequent types make up for roughly 70% of all occurrences of sen-
timent targets. On the one hand, this favors lexicon-based approaches as small lexicons can
already capture the major share of occurrences. On the other hand, it shows the limits of such
approaches, as a lexicon can never be large enough to capture the types in the "long tail".

• More than 80% of all sentiment expressions refer to a single word and can be attributed to one
of the major parts of speech ("adjective", "noun", "verb", or "adverb") indicating that even simple
lexicon-based techniques promise reasonably good results.

• We find that more than 20% of all sentiment expressions exhibit a target-specific polarity. Ad-
jectives account for over 90% of these expressions. We conclude that it is of importance for a
review mining system to cope with this phenomenon and it is most reasonable to set priority
on detecting target-specific polarity of adjectives.

• Concerning sentiment shifters, we observe that 30% of all sentiment expressions are shifted,
where the majority (around 60%) is related to amplification. It is worth considering negation
and neutralization, as these types occur significantly often and have great influence on the con-
textual polarity. The shifter types "downtoner", "solidifier", and "softener" occur very rarely and
may thus be disregarded. The lexical diversity of the types "amplifier", "negator", and "neutral-
izer" is relatively low, so that again simple lexicon-based approaches may suffice.

• The annotation study did not reveal major differences with regard to the two different domains
(hotel vs. digital camera).
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Tasks and Approaches





Not everything that counts can be counted, and not everything that can
be counted counts.

William Bruce Cameron

7. Automatic Acquisition of Product Aspect Lexicons

7.1. Overview

Given a review document, the core task of an aspect-oriented customer review mining system is to
extract all mentions of product aspects the reviewer has commented on. The relevance or validity
of such an extraction can be defined along two dimensions. On the first dimension, relevance is de-
fined in terms of distinguishing factual information from evaluative information. Normally, the task
is to extract only mentions that are of evaluative nature. However, as we learned earlier (cf., Sec-
tion 6.1.2), not all entities that are evaluated are also relevant with regard to the target domain. For
instance, when mining hotel reviews, it is irrelevant to know that the reviewer loved the boat trip
he experienced on his first day of visiting New York City, but it is relevant to detect that he hated
the noisy air conditioning unit. So, on the second dimension, validity of an extraction is defined in
terms of its relevance to the target domain. In this chapter, we focus on the second subtask, namely
to identify mentions of relevant product aspects in customer review documents. We study unsuper-
vised, lexicon-based approaches. In particular, we cast the task of automatically generating a product
aspect lexicon as a terminology extraction problem.

The remainder of this chapter is organized as follows. In Section 7.2, we discuss related work
concerning the acquisition and application of product aspect lexicons in the context of customer re-
view mining. With regard to the acquisition process, we distinguish unsupervised and supervised
methods. Section 7.3 briefly reviews the main concepts in terminology extraction and gives a de-
tailed description of our approach. In Section 7.7, we present an extensive study of the approach with
many different configurations and in various evaluation scenarios. Section 7.8 summarizes the most
relevant findings and presents our conclusions.

7.2. Related Work

Most basically, the shape of a product aspect lexicon and the process of gathering it can be distin-
guished by the following four characteristics:

• Degree of supervision: This is the most fundamental distinction. A knowledge base can be
either manually compiled (i.e., under human supervision) or may be automatically derived
by means of an unsupervised1, algorithmic approach. Of course, automatic acquisition and
human supervision can be combined — for example, when manually refining or enriching an
automatically extracted lexicon.

• Definition of domain relevance: The domain relevance may be either defined with regard to
a specific product (e.g., "Canon PowerShot S100") or a whole class of products (e.g., digital
cameras). Both definitions are reasonable and depend on the specific task a review mining
system should fulfill. Naturally, a product centric definition of relevance allows for a more
fine-grained analysis of an individual product. Specific aspects that are only relevant to this
product, but not necessarily to the product class in general, can be captured. For example, in

1 Take note that we distinguish the process of creating a lexicon from the the process of applying the lexicon. While the creation
may be conducted in an unsupervised manner, application might indeed be implemented as part of a supervised approach
to product aspect extraction (e.g., as additional machine learning feature).
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the domain of restaurant reviews, the taste of the "tagliatelle" may be a relevant aspect for a
specific Italian restaurant, but not for any Japanese restaurant or the class of restaurants as a
whole. On the other hand, when the task is for instance to provide aspect-based comparisons
of different products (of the same genre), a product class/genre centric definition of relevance
is preferable. As indicated earlier, our corpora and approaches all follow a class/genre centric
definition.

• Degree of structuring: A knowledge base for the task of product aspect extraction might be
composed of a simple list of relevant terms (aspects) or may exhibit a more complex structuring.
Following Buitelaar and Magnini [60], we distinguish five levels of complexity with regard to
product aspect knowledge bases. The most basic level is a simple dictionary of terms. More
complexity is added when individual aspects are arranged in groups of synonyms. For example,
a knowledge base for mp3 players may contain the information that the aspects "headphone"
and "earplug" are synonymous. On the next level of complexity, synonym groups are clustered
into a set of (abstract) concepts. Such a lexicon might for instance provide the information that
the aspects "headphone" and "speaker" both belong to the concept "sound". Organizing concepts
or synonym groups hierarchically (as a taxonomy) determines the fourth level of complexity
and defining fine-grained relations between concepts refers to the most complex (fifth) level.

• Coverage: Corpus analysis has shown that the great majority of nominal product aspects (>
92%) becomes manifest in form of simple noun phrases2. However, more complex noun phrases
occur and implied product aspects typically do not become manifest as a noun phrase at all.
Thus, we can distinguish the coverage of a knowledge base with regard to the type of its entries.
A lexicon may comprise only simple noun phrases or other parts of speech. It may also cover
spelling variations and common spelling mistakes of its entries. The coverage may be further
enhanced by incorporating specific abbreviations that refer to a product aspect.

7.2.1. Unsupervised Approaches to Lexicon Creation

Manually crafting lexical resources for the task of aspect extraction is costly and time-consuming and
thus does not scale well to multiple target domains. Unsupervised techniques make the pledge to
overcome this disadvantage and meanwhile many studies can be found in the literature that address
such approaches — mostly in conjunction with sentiment analysis. In this section, our goal is to distill
the most substantial ideas and methods found in related work.

Most unsupervised approaches are corpus-based and in one or another way statistically analyze
simple occurrence counts derived from the corpus. Input to each approach is a domain relevant
corpus and output is a knowledge base containing identified product aspects. The different proposed
techniques can basically be distinguished by the degree of linguistic and domain-specific3 knowledge
that is incorporated, as well as by the specific statistical methods applied.

Frequent Itemset Mining

Hu and Liu [176, 177] present one of the earliest works on aspect-oriented customer review mining.
They cast the task of identifying relevant product aspects as a frequent itemset mining problem and
apply the well-known Apriori algorithm [4]. In this context, they define an itemset to be a set of words
that have been identified as term candidates and regard each sentence of the input corpus as a sin-
gle transaction4 — this way, they ensure that only words that occur jointly in a sentence can generate

2 In this case, we regard noun phrases composed of a single noun (e.g., "breakfast"), a compound noun (e.g., "breakfast
buffet"), or a single/compound modified by adjectives (e.g., "continental breakfast"), as simple.

3 Here, domain-specific refers to the generic domain of customer reviews (e.g., instead of newswire text).
4With respect to association rule mining, a transaction is the set of items that happen to occur together (e.g., all items in a

single purchase).
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multi-word terms. Candidate words are generated by applying a linguistic filter based on part-of-
speech tagging and syntactic chunking. Only nouns and noun phrases pass the filter. A minimum
support of 1% is applied to extract the frequent itemsets. Although casting the task as a data min-
ing problem and then applying a standard algorithm seems elegant, we believe that frequent itemset
mining does not fit well the problem of extracting domain specific terms, for mainly two reasons:
First, frequent itemset mining does not consider the order of items, but order of words is obviously
important in natural language. And second, subsets of frequent itemsets are inevitably also frequent
itemsets (this is basically the Apriori property). However, sub-terms of terms are not necessarily valid
terms in natural language (e.g., the sub-term "size bed" of the term "king size bed" is not a valid term
on its own). Hu and Liu propose to overcome these inherent drawbacks by post-processing the ob-
tained results with two heuristics that try to restore the validity of terms. The complete algorithm
produces an unordered list of nouns/noun phrases that are frequent within the target domain. Its
evaluation is performed extrinsically (as part of sentiment target extraction) on sentence level anno-
tated corpora (the "Hu and Liu Dataset of Consumer Electronics", cf., Section 5.4.3). The basic frequent
itemset mining approach shows a relatively low precision of 56% at a recall of 68%. With application
of the two proposed heuristics the precision is increased to 79% at the expense of a marginal decrease
in recall of one percentage point. The presented approach relies on several tuning parameters, such
as the minimum support, but the effect of these thresholds is not examined. Also, no information
about the size and intrinsic accuracy of the extracted lexicons is provided.

Web as a Corpus

Whereas the method by Hu and Liu exclusively examines documents of the target domain, Popescu
and Etzioni [304] propose to additionally incorporate the Web as a corpus. To gather term candidates,
the target corpus is parsed and nouns and noun phrases are extracted. Only those candidates that oc-
cur with a higher frequency than an experimentally set threshold are retained. To increase precision,
they utilize a component of their open domain information extraction system "KnowItAll" [123]. This
component basically assesses a term candidate’s domain relevance by computing the pointwise mutual
information (PMI) [458] between the candidate term and predefined meronymy discriminators5 that are
associated with the target product class. The computed PMI score is used as an additional filter to
prune irrelevant term candidates. The effectiveness of their method is evaluated by comparison to
Hu’s results (using the Hu/Liu dataset). They find that the PMI assessment, when only using the tar-
get domain as a corpus, improves precision in average by six percentage points, however at the same
time lowering the recall by 16 percentage points. Additionally incorporating the Web as a corpus6,
reveals an increase of 20 percentage points in precision, whereas recall decreases by seven percentage
points. Also this unsupervised approach relies on several tuning parameters (e.g., the minimum sup-
port or minimum PMI score), but this is not evaluated. It also remains unclear to which extent other
components of the "KnowItAll" system are employed during feature extraction process. The reported
results are thus very hard to verify.

Statistical Language Models

Wu et al. [445] propose to use statistical language models7 for the purpose of assessing product aspect
candidate terms. Again, candidate terms are retrieved by preprocessing the target corpus with a nat-
ural language parser and extracting identified nouns and noun phrases (without further justification,
Wu et al. additionally extract verb phrases as candidates). A statistical language model is learned on

5 Meronymy discriminators are lexical patterns that indicate a meronymy (part-of) relation between a term and a product
class (e.g., "X of the digital camera", "digital camera has X", or "digital camera comes with X").

6As proposed by Turney [389], they query a Web index and utilize obtained page hits as frequency estimates.
7 see for example Manning and Schütze [249, chap. 6]
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an unlabeled corpus of the target domain. Then each candidate term is evaluated, taking its prob-
ability of occurrence (according to the learned model) as a score. No specific information about the
type of language model (e.g., which n-gram order or whether smoothing is applied) is given. Also the
determination of the threshold parameter for pruning unlikely candidates remains unclear. In case an
unigram language model is applied, the method is similar to the frequent itemset mining approach.
An unigram language model also disregards the order of words and its probabilities basically resem-
ble the relative frequencies of words. The authors evaluate their approach on the extended version of
the Hu/Liu dataset and report a relatively low average precision at 42.8%. Recall is measured with
85.5%, leading to an f-measure of only 57.0%. No mistake analysis is conducted, thus reasons for the
low precision are not explained.

Deviation from Background Corpus

Also Scaffidi et al. [332] propose the application of a statistical language model. But opposed to Wu
et al., they assess the domain relevance of candidate terms by comparing token probabilities in the
target corpus with probabilities in a background corpus of generic English8. Candidate terms are ex-
tracted by a simple part-of-speech tag filter. Only single nouns or two-token compound nouns are
considered. Both types are assessed separately, but with the same approach. The actual frequency
of occurrence in the target domain is compared with the expected frequency9 when considering the
background corpus. Candidates that occur more often in the target domain than expected are as-
sumed to be domain relevant. A ranking of candidates is calculated by means of the probability that
the actual occurrence frequency is truly observed in the target domain. The basic idea of comparing
term distributions in a foreground and background corpus is a common approach in NLP. However,
Scaffidi et al. do not consider hypothesis testing methods (as for instance proposed by Dunning [108])
to determine the significance of computed probabilities. Also, they only consider unigrams and bi-
grams, and as they assess them separately, do not handle the case that an unigram only appears as
part of a bigram term (e.g., "life" in "battery life"). They only evaluate the precision of their approach
(by manual inspection of the generated extractions from a dataset of 5000 reviews). The presented re-
sults are quite as at maximum a number of 12 product aspects is extracted for a single product class.
This obviously promotes a high precision (85%) at the expense of a very low recall, which however
cannot be measured with their evaluation method.

Yi et al. [452] also propose to utilize a contrastive background corpus to determine domain relevant
terms. They assess approaches based on mixture language models and statistical hypothesis testing for
candidate selection and find that the latter consistently outperforms the former one. As term can-
didates they extract noun phrases which adhere to some domain specific, high precision/low recall
patterns. Since we use Yi’s approach as a baseline system for our experiments, we will provide more
details in following sections.

Latent Semantic Analysis

Whereas the previously discussed approaches all generate a simple list of relevant product aspects,
Su et al. [368] propose an unsupervised approach that groups extracted aspects to more general con-
cepts. As before, nouns or compound nouns are extracted as candidates. Heuristics based on Web
hits combined with a measure similar to the PMI score, as well as language specific (Chinese) char-
acteristics prune spurious candidates. Based on the assumption that the use of individual sentiment
bearing words (here only adjectives) is highly correlated to specific product aspect concepts, aspects
and opinion words are clustered jointly. Similar to the basic idea of latent semantic analysis (LSA) [99],

8 The 100 million word "British National Corpus of spoken and written conversational English" is used [46] as a background
corpus.

9 Expected frequency counts are estimated by assuming that the counts follow a binomial distribution.
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an "aspect-by-opinion-word matrix" is constructed that models the co-occurrence statistics. Aspects
are similar if they occur with similar opinion words and vice versa. A mutual reinforcement approach
is conducted that iteratively clusters aspects, updates co-occurrence statistics, and then clusters opin-
ion words and updates statistics again. For the extraction of product aspects, a very low precision of
52.5% and a relatively high recall of 86.5% is reported. However, the meaningfulness of their experi-
mental evaluation is questionable for mainly two reasons: First, recall is computed as the sensitivity
of the pruning steps, but not as the sensitivity of the whole extraction process. In fact, no annotated
corpus is used for evaluation. Second, it is unclear whether the language specific heuristics are trans-
ferable, for example to English language. The effectiveness of their clustering approach is measured
by manually labeling extracted aspects and calculating the similarity between automated and manual
labeling using the Rand index10 [311]. Experimenting with different tuning parameters, a maximum
accuracy of 75% is achieved for this task.

Further work is for example by Zhang et al. [459] and Qiu et al. [306]. They propose to use a
double propagation approach to leverage the correlation between aspects and sentiment bearing words.
Holzinger et al. [168] use a wrapper algorithm to extract product aspects from tabular data on Web
pages and refine their results with an ontology reasoning approach. Blair-Goldensohn et al. [40]
basically apply the approach of Hu and Liu [177], but propose additional heuristics for filtering term
candidates. Guo et al. [153] extend the basic idea of Su et al. [368] by employing a multi-level LSA
approach.

7.2.2. Supervised Approaches to Lexicon Creation

Liu et al. [236] set focus on extracting product aspects from the pros and cons parts of customer re-
views, which generally exhibit a high information density and relatively simplistic language. They
propose a supervised approach to learning extraction patterns that exploit lexical and shallow pars-
ing features. A human annotator creates a training corpus by identifying product aspects in a set
of pros/cons documents. Each aspect (simple or multi-word term) is masked by a generic symbol
and stored together with its contextual information of two adjacent words in a transaction file. In a
next step they apply association rule mining [4] to find frequent patterns of tokens and POS tags that
indicate the occurrence of a feature. But as they only use support (and not confidence) to detect rules,
what they actually do is just to find frequent itemsets. Again, since frequent itemset mining does
not consider the ordering of words, they need to perform extensive post-processing steps to discover
valid patterns. As mentioned before, we believe that the association rule mining approach does not
fit well in natural language processing tasks. In particular, this approach entails many heuristics and
empirically defined thresholds that would render unnecessary with dedicated methods to supervised
sequence tagging, such as techniques based on hidden Markov models [32, 310] or conditional ran-
dom fields [223]. Pros and cons are analyzed separately, that is different sets of patterns are generated.
Evaluation is performed by splitting the annotated corpus in a training and test set, but no informa-
tion about the size of the datasets is provided. Liu et al. [236] report significantly worse results for
extraction from cons than for pros documents, which they attribute to the higher lexical variability in
cons texts. An approach to grouping synonymous aspects by means of the WordNet dictionary is not
evaluated separately.

Also Feiguina and Lapalme [127] propose a supervised method to the creation of product aspect
dictionaries. Their approach is basically an application of the terminology extraction system pre-
sented in [299]. Based on a training corpus, they first learn a language model on part-of-speech
sequences which represent manually labeled product aspects. Then the most likely part-of-speech
patterns are used to identify a set of candidate terms. For each candidate several scores are computed
(e.g., TF/IDF, raw frequency, term cohesion). These scores, as well as the probability provided by

10 The Rand index examines clustering as a set of pairwise decisions. It calculates the percentage of pairwise correct decisions
(true positives and true negatives) and thus can be regarded as a measure of accuracy.
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the language model are used as features for a binary classifier that is trained on the labeled corpus.
The classifier is then applied to select valid terms from the set of candidates. Extracted terms are
automatically grouped by looking for common keywords and by means of their semantic similarity
as defined in WordNet. Unfortunately, evaluation is only performed by measuring the accuracy of
the created dictionaries. Reported results are relatively mixed, varying from 10% to 88% accuracy,
depending on the configuration. Due to the evaluation strategy, no results for recall are provided,
thus the applicability of the approach remains unclear.

Yu et al. [457] present a combination of unsupervised and supervised methods that extract and
group product aspects hierarchically. For extracting product aspects, they propose to leverage the
pros and cons parts of reviews. Frequent nouns and compound nouns from pros and cons are used
as samples for training a one-class support vector machine (one-class SVM) [248]. The learned model is
applied to identify valid terms in a set of candidates extracted from the free text part of the reviews.
Unfortunately, they do not provide further information about the feature set and feature representa-
tions used to learn the model. It is thus very hard to understand why and in which way the one-class
SVM helps to filter term candidates. The achieved results cannot be verified. Furthermore, the pro-
posal to automatically generate a training set by finding frequent nouns and compound nouns in pros
and cons is debatable. Although citing Liu et al. [236], in contradiction to Liu’s results, they assume a
high accuracy of the frequent noun heuristic. For grouping extracted aspects hierarchically, a two-step
approach is conducted. First, an initial hierarchy is constructed by exploiting parent-child relations
in product specifications. For this task, they rely on an existing wrapper generation approach [449]
to extract product specifications from web pages. The second step is to allocate extracted product
aspects to appropriate positions in the initial hierarchy. This is performed incrementally, applying a
multi-criteria optimization approach which finds the most similar aspect already present in the hi-
erarchy. All criteria assess the similarity of terms based on linguistic features. Evaluation of aspect
extraction and hierarchy induction is performed separately on a dataset comprising reviews of 11 dif-
ferent products. Unfortunately, they do not give information about their annotation scheme and the
labeling process; for example, it remains unclear whether annotations refer to the sentence or expres-
sion level. For the task of aspect extraction, they report an f-measure of 73% in average, improving
on the approaches of Hu and Liu [177] and Wu et al. [445] on their dataset. Automated hierarchy
generation is evaluated against a manually labeled gold standard, examining pairwise correctness of
parent-child relations. Here, an f-measure of 72% is reported in average.
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R

elated
W

ork

study supervision structuring coverage linguistic information/features basic approach

Hu and Liu [176,
177] unsupervised list of terms nouns / noun

phrases
part-of-speech tagging, sentiment lex-
icon

frequent itemset mining + nearest
noun phrase heuristic

Popescu and
Etzioni [304] " " " shallow parsing, meronymy discrimi-

nators, morphological cues PMI + Web as a corpus

Wu et al. [445] " " noun / verb
phrases dependency parsing statistical language models

Scaffidi et al. [332] " " noun
uni/bigrams part-of-speech tagging statistical language models + con-

trastive background corpus

Yi et al. [452] " " nouns / noun
phrases

part-of-speech tagging + beginning
definite noun phrase heuristic

likelihood ratio test + contrastive
background corpus

Su et al. [368] " concepts
nouns /

compound
nouns

part-of-speech tagging + language
specific heuristics

PMI + Web as a corpus + aspect-
sentiment co-occurrence analysis

Liu et al. [236] supervised synonyms arbitrary
n-grams part-of-speech tagging + WordNet pattern learning with frequent item-

set mining
Feiguina and La-
palme [127] supervised concepts arbitrary

n-grams " statistical language models + binary
classifier

Yu et al. [457] unsupervised /
supervised hierarchy nouns / noun

phrases full parse one-class SVM + multi-criteria opti-
mization (for hierarchy generation)

Table 7.1.: Unsupervised and supervised approaches for product aspect lexicon creation.
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7.3. Terminology Extraction

The overall goal of a terminology extraction system is to identify domain relevant terms in a given
text corpus. The input to such a system is a collection of documents of the target domain and the
output is a (typically ranked) list of identified, relevant terms. Often, and as is the case in our context,
the task of terminology extraction is a preceding step to more complex tasks. For example, common
fields of application are the creation of specialized glossaries [220, 398], ontology learning [60, 277],
or text mining in biomedical corpora [12, chap. 4].

7.3.1. Pipeline Architecture

A typical system for terminology extraction follows the pipeline architecture depicted in Fig. 7.1. The
extraction process is decomposed into the following five steps:

1. Linguistic pre-processing: Depending on the degree of linguistic analysis, different steps of
pre-processing are performed on the document collection. Commonly, the textual data is to-
kenized, split into sentences, tagged with part-of-speech symbols, and individual tokens are
stemmed or lemmatized.

2. Acquisition of candidate terms: Based on the results of the first step, application specific, lin-
guistic filters can be applied to find appropriate candidate terms. For example, part-of-speech
tag patterns are often used to extract all nouns and noun phrases. Domain dependent heuristics
may be used to increase the precision of the acquisition step.

3. Candidate filtering: In this step, additional domain specific heuristics are applied to prune
candidate terms — for instance, all named entities may be discarded or known "stop terms"
may be removed.

4. Aggregation of term variants: A single term may become manifest in different forms on the
textual surface — for example, a term may be misspelled or occur in plural and singular form.
Such variants are aggregated and mapped to a single canonical form of a term.

5. Candidate ranking and selection: The system computes the relevance of each acquired candi-
date and ranks the terms according to this score. Most commonly, statistical measures based on
occurrence counts are employed to define relevance, but also domain dependent heuristics may
play a role. Finally, a criterion for selecting the most relevant terms is applied.

Because the definition of term relevance is the central aspect in terminology extraction, and since the
underlying concepts are applicable across domains, we elaborate on them in more detail.

7.3.2. Definitions of Term Relevance

A multitude of statistical measures for defining term relevance is proposed in the literature on termi-
nology extraction11. Whereas the individual approaches differ widely, most basically, we can identify
the following three underlying concepts of term relevance:

Contrastive Domain Relevance

This concept defines the relevance of a term by means of contrastive analysis. The basic idea is that
a term has a higher (relative) domain relevance if it occurs frequently in the target domain and rel-
atively infrequently in a collection of contrastive documents. Typically, the collection of domain rel-
evant documents is denoted as foreground corpus, whereas the contrastive documents form the back-
ground corpus. The most obvious measure to determine the relative domain relevance of a term is to
11 For example, Kageura and Umino [199] or Wong [440] provide literature surveys of terminology extraction.
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Figure 7.1.: A pipeline architecture for terminology extraction.

utilize the ratio of relative frequencies in both corpora as a score [94, 110]. Ironically, the literature
on terminology extraction does not provide a consistent term for the concept of relative domain rele-
vance. It is also referred to as domain specificity [298], domain relevance [398], domain pertinence [336], or
informativeness [385].

Intra Domain Relevance

Opposed to a contrastive analysis, intra domain relevance (e.g., Wong [440]) refers to measuring the
significance of a term by studying its distributional behavior within the target corpus. For instance,
the most simplistic measure would be the raw frequency of a term candidate in the corpus; significant
terms are assumed to occur with higher frequency than other terms. Other measures rely on the cross
document distribution of term candidates. For example, Navigli and Velardi [276] assume that a
candidate exhibits a high relevance if it is evenly distributed across the corpus. They propose an
entropy based measure, which they denote as domain consensus.

Term Cohesion

Whereas both previously mentioned relevance concepts are applicable to simple terms (single word)
as well as complex terms (multiple words), the concept of term cohesion addresses only the significance
of complex terms. Kageura and Umino [199] refer to this notion as unithood of terms and define it
as the "degree of strength or stability of syntagmatic combinations or collocations". That is, term
cohesion measures the strength of association between the individual words that compose a complex
term. The most common statistical methods used to determine a score for the lexical cohesion are thus
closely related to techniques for finding collocations in natural language text. Hypothesis testing, such
as likelihood ratios [108], or information theoretic measures, such as PMI [458], are frequently proposed.
But also more linguistic informed methods, such as the NC-value approach [132] or measures that
build upon the limited compositionality12 of collocations [407], are proposed.

7.4. Terminology Extraction for Product Aspect Detection

We now discuss our terminology extraction approach to product aspect detection in detail. Sec-
tions 7.4.1 to 7.4.6 describe how we implement the individual steps of the extraction pipeline (for

12cf., Manning and Schütze [249, chap. 5]

101



7. Automatic Acquisition of Product Aspect Lexicons

the majority of steps, we propose several alternative approaches, which will be subject to experimen-
tation in Section 7.7).

7.4.1. Linguistic Preprocessing

We pre-process all text documents by means of the "Stanford CoreNLP" natural language analysis
tool13. In particular, we employ the POS tagger component [387], which performs tokenization, sen-
tence splitting, POS tagging, and lemmatization of the input text. We do not train a new model for the
POS tagger component on the collection of review documents, but rely on the default model, which
is trained on the Penn Treebank [251] — consequently, we use the Penn Treebank tag set14. All tokens are
further normalized by lowercasing.

7.4.2. Candidate Acquisition

The candidate acquisition component initially decides which phrases are further considered and
which of them are directly discarded. The definition of these filters potentially has a great influ-
ence on the recall and precision of the whole extraction process. Defining too restrictive filters may
significantly lower the recall, whereas too unconstrained filters may decrease the system’s precision.
We therefore experiment with two different filters and compare their performance.

Part-of-Speech Tag Filter

Based on the observation that nominal aspect mentions are nouns or noun phrases, we define ap-
propriate linguistic filters as part-of-speech tag patterns. The patterns are defined as regular expres-
sions15 over strings of POS tags. We define two different patterns for candidate extraction:

The first "base noun phrase pattern" (BNP1) corresponds exactly to the POS tag filter applied in
[453]:

BNP1 := NN |NN NN |JJ NN |NN NN NN |JJ NN NN |JJ JJ NN

This pattern restricts candidates to be composed of at maximum three words. The last word must be
a noun (NN) which may be preceded by other nouns or adjectives (JJ). Adjectives must only occur
as pre-modifiers to nouns. This pattern would for example match the term "intelligent/JJ auto/JJ
mode/NN".

We further examine the utility of a more relaxed pattern (BNP2). The pattern matches terms of
arbitrary length. It also allows for plural forms and matches proper nouns (identified by the tags
NNP or NNPS):

BNP2 := (JJ )*(NN\w{0,2} )+

Domain Specific Heuristics

All presented heuristics follow the principle of applying low-recall/high-precision patterns to very large
corpora (the basic assumption is that large corpus sizes compensate for low recall). Again, we follow
Yi and Niblack [453]. They propose a set of domain specific heuristics for candidate identification
which extend the basic part-of-speech tag filter. The heuristics are assumed to increase the precision
of the POS tag filter.

13http://nlp.stanford.edu/software/corenlp.shtml
14ftp://ftp.cis.upenn.edu/pub/treebank/doc/tagguide.ps.gz
15 We use the regular expression syntax as defined for the Java programming language (see http://docs.oracle.com/

javase/6/docs/api/index.html).
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• Definite Base Noun Phrase (dBNP): Originally, this heuristic restricts the BNPs to phrases
which are preceded by the definite article "the". Based on an analysis of the held out dataset16,
we extend the heuristic to also allow for demonstrative determiners such as "this" and "that".

• Beginning Definite Base Noun Phrase (bBNP): Based on the observation that a shift in focus
with regard to the discussed product aspects is often introduced by naming the new aspect at
the beginning of a sentence, Yi and Niblack [453] propose the bBNP heuristic. It further restricts
valid candidates to dBNPs that occur at the beginning of a sentence and that are followed by a
verb phrase (e.g., "The picture quality is great.").

As our corpus analysis has shown, a strong correlation between mentions of product aspects and
sentiment bearing phrases exists. We therefore hypothesize that incorporating knowledge about the
existence of sentiment expressions in the context of a candidate can improve the precision of the
extraction process. We employ a small, hand-crafted and domain-independent sentiment lexicon for
the purpose of finding sentiment bearing expressions. The lexicon consists of 520 adjectives and verbs
with strongly positive (170) or strongly negative (350) prior polarity. We assume that such a small
lexicon guarantees a high precision for determining sentiment expressions (possibly at the expense of
coverage). With regard to incorporating this knowledge, we experiment with two different strategies:

• Occurrence in Sentiment Bearing Sentence (SBS): Using the sentiment lexicon, we mark each
sentence as either sentiment bearing or factual. Only candidates that occur in sentiment bearing
sentences are extracted.

• Occurrence in Sentiment Bearing Pattern (SBP): For this heuristic, we define a set of very
simple syntactic patterns that relate candidate terms to sentiment expressions. Only candidates
that match one of these patterns are further considered. We employ the following patterns:

– Preceding adjective: A sentiment bearing adjective directly precedes the candidate term.
For instance, this pattern can extract phrases such as "horrible battery life".

– Succeeding adjective: A sentiment bearing adjective directly succeeds (potentially modi-
fied by an adverb) the candidate term. This pattern takes care of the fact that reviewers
often use informal, grammatically incorrect language. For example, in a sentence such as
"They have been always very helpful, service really fantastic." the pattern can match the
candidate "service".

– Simple predicative construction: A sentiment bearing adjective (possibly modified by an
adverb) is connected to the candidate term via a simple predicative construction. This
pattern can match constructions such as
"front desk staff was extremely rude".

– Simple verb construction: A sentiment bearing verb directly precedes (ignoring any deter-
miner) the candidate term, matching phrases such as
"... loved the breakfast buffet".

7.4.3. Candidate Filtering

Although the heuristics applied for candidate acquisition focus on high precision, they generate a
considerable number of irrelevant candidates that can be pruned by domain specific filters. We em-
ploy the following types of filtering:

16 cf., Section 7.6
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Review Stop Word Filter

We compile a list of review specific stop words and discard each candidate term that contains at least
one of the words. Opposed to general purpose stop word lists which comprise all types of word
classes and which are domain independent, we can restrict the stop words to a set of nouns relevant
for the domain of customer reviews. The list has been constructed based on observations on the held
out dataset and by (intelligent) extrapolation of these findings. It has a size of 176 entries. Roughly
categorized, it includes the following types of nouns:

• Sentiment bearing nouns: complaint, con, disappointment, drawback, problem, advantage,
plus, positive, pro, recommendation, etc.

• Review related: bottom line, competition, consumer, review, reviewer, rating, test, etc.

• Purchase related: deal, delivery, product, purchase, retailer, shipping, salesman, sales person,
seller, vendor, etc.

• Mentioning of persons: baby, folk, friend, guy, husband, people, wife, family, lady, kid, etc.

• Review related websites: amazon, epinion, buzzillions, tripadvisor, etc.

• Reasoning on product: reason, decision, surprise, question, idea, etc.

• Others: past, future, need, lack, . . .

Measuring Unit Filter

Frequently, numerical modifiers of a product aspect (e.g., "3x optical zoom", "512MB memory card",
or "10MP resolution") pass the part-of-speech tag filter. One may argue that they represent a valid
part of the aspect, but we believe that they overspecify the particular aspect. We thus remove any
numerical modifier of a candidate term that refers to a measuring unit. To do so, we employ simple
regular expressions.

Pre-Modifier Filter

Both presented part-of-speech filters for candidate acquisition allow nouns to be modified by multiple
adjectives. Whereas these kind of patterns are necessary to acquire candidates such as "intelligent/JJ
auto/JJ mode/NN", it leads to the extraction of many invalid terms (e.g., "great/JJ design/NN",
"modern/JJ design/NN", or "new/JJ design/NN").

In our context, we can mainly distinguish between two types of pre-modifiers that need to be
filtered out. The first type refers to sentiment bearing adjectives with stable (i.e., domain/target inde-
pendent) prior polarity (e.g., "great", "fantastic", "bad", or "horrible"). For these we can simply use a
stop word list, typically based on a general purpose sentiment lexicon.

The other type is related to adjectives that act as universal modifiers in term candidates (e.g., "new",
"long", "other", or "red"). The main problem is that the status of these adjectival pre-modifiers is
specific to the domain or even a concrete product aspect. For instance, the adjective "intelligent" is
part of the term when referring to the word sequence "intelligent design" as an (odd) creationists’
proposition, but is not part of a term when referring to the intelligent design of a digital camera. Also
the modifier "red" is typically not part of a term (e.g., "red camera"), but in the term "red eye reduction"
it is. As a consequence, we cannot simply provide a stop word list for these type of modifiers. We
experiment with two different approaches for filtering product aspect specific adjectival modifiers.
The first method is based on a filter proposed by Kozakov et al. [220] as part of their GlossEx glossary
extraction system. The second technique is an indirect crowdsourcing approach that uses signals
from pros and cons summaries of customer reviews (see Section 7.5).
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GlossEx Filter This filter measures the contrastive domain relevance of the pre-modifier and the lexical
cohesion between modifier and head noun. The contrastive relevance is calculated as the ratio of
relative frequencies. Let f+(pm) be the frequency of the pre-modifier pm in a foreground corpus C+

and f−(pm) be the frequency of pm in a background corpus C−. Then the ratio of relative frequencies
rrf(pm) is defined as

D := rrf(pm) =

f+(pm)
|C+|t
f−(pm)
|C−|t

, (7.1)

where |C+|t and |C−|t refer to the size (in tokens) of the foreground and background corpus. The
lexical cohesion is computed as the conditional probability Pr(head|pm), where head is the head
noun, which is defined as the first noun succeeding the pre-modifier pm. Using maximum likelihood
estimates, we compute the conditional probability as

A := Pr(head|pm) =
f+(head, pm)

f+(pm)
, (7.2)

where f+(head, pm) denotes the joint frequency of the head noun and the pre-modifier in the fore-
ground corpus. Kozakov et al. [220] suggest to apply Algorithm 7.1 to decide on the status of the
pre-modifiers:

Algorithm 7.1 GlossEx pre-modifier filter

if D < δlower and A < αupper then
remove pre-modifier

else if D ≥ δupper and A ≥ αlower then
keep pre-modifier

else if A ≥ αintermediate then
keep pre-modifier

else
remove pre-modifier

end if

A pre-modifier is removed if its domain relevance D is very low (smaller than the low threshold
δlower), unless the lexical cohesion (association) A is very strong (greater than the upper threshold
αupper). If the domain relevance D is strong, that is, greater or equal than the upper threshold δupper,
we keep the pre-modifier, unless the lexical cohesion is very low (i.e., lower than the threshold αlower.
In case the domain relevance is within the interval [δlower, δupper[, we retain the pre-modifier only if
its lexical cohesion is greater than the intermediate threshold αintermediate, otherwise it is removed.
We present the concrete parameter settings in Section 7.6.

Product Name Filter

For the task of creating a lexicon of product aspects we are only interested in finding nominal men-
tions. We thus want to discard all candidate terms that refer to product or brand names. Again, we
use a list of stop words for this filtering step. The lists are automatically generated, based on meta
data that is associated with the collection of crawled customer reviews. Each review in our collection
is accompanied with information about the product name and optionally (depending on the review
site) with the name of the producer. Applying simple regular expression patterns, we extract for each
product class a list of brand and product names. Whenever a term candidate contains a token that is
present in the appropriate stop word list, the candidate is discarded.
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7.4.4. Variant Aggregation

The goal of this step is to find all variants of a term and to identify a canonical representation. For
example, the variants "auto-focus", "auto focus", "autofocus", or "auto focuss" should all be mapped
to the canonical form "auto focus". The purpose of this step is twofold: First, by morphologically
clustering variants and associating them to a single representative, a resulting term lexicon has a
higher coverage and we can thus assume that it exhibits a higher recall when utilized for extracting
terms. Second, as we can aggregate and combine the frequencies counted for all variants of a term,
we prevent potential problems with data sparseness and can achieve more significant results during
candidate ranking and selection. Following Park et al. [298], we distinguish inflectional, symbolic,
compounding, and misspelling variants. In addition, we consider compositional variants:

Inflectional Variants This type of variant addresses the modification of words caused by the gram-
matical context. With regard to nouns, inflection refers mostly number (singular or plural) and case
(nominative or possessive) in English. Adjectives in English are generally not declined.

We utilize the lemmatization provided by the "Stanford CoreNLP" tool chain. For single word
terms, we use the lemma of a word as the canonical representative and associate all inflected forms
as variants (e.g., "hotel", "hotels", and "hotel’s" are mapped to the lemma "hotel"). Take note that
our part-of-speech tag patterns restrict single word terms to be nouns. For complex terms, we only
lemmatize the last word in the multi word sequence (e.g., we normalize "parking garages" to "parking
garage" and not to "park garage"). As our POS tag filters restrict adjectives and verbs to be pre-
modifiers, in effect, only nouns are affected by this variant aggregation step.

Symbolic Variants We try to normalize orthographic variants that are caused by the diverse us-
age of symbols for concatenating words. For instance, the forms "heating/air-conditioning unit",
"heating&air-conditioning unit", or "heating/air-conditioning-unit"
need to be recognized as symbolic variants of the same term. To identify this type of variant, we
employ a simple heuristic: We first remove all relevant symbols (e.g., "/", "-", "&", or "+") and then
split the word sequence at the boundaries defined by these symbols (e.g., "air-conditioning-unit" is
normalized to "air conditioning unit"). Then, we group all variants with the same normalized word
sequence and choose the variant with the highest frequency as the canonical form. In case of two or
more forms exhibiting the same frequency, we decide for the form with the least amount of symbols.

Compounding Variants Other orthographic variants are caused by varying use of word bound-
aries. For instance, reviewers may spell "air conditioning unit" or "airconditioning unit". A further
example is "auto focus" or "autofocus". We find such variants with an algorithm that simply removes
all whitespace characters in multi word candidates and looks for "join partners". For instance, both
"air conditioning unit" and "airconditioning unit" are mapped to "airconditioningunit" and thus can
be joined (i.e., can be recognized as variants). Again, we choose the variant which occurs most often
as canonical form. In case of a draw, we decide for the most separated form.

Misspelling Variants A third type of orthographic variation is due to misspellings of words. We
identify out-of-vocabulary words and try to match them to a correct variant. To do so, we apply
Algorithm 7.2.
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Algorithm 7.2 Misspelling Variant Aggregation

train spell checker S on the target corpus
C ← set of normalized candidate terms ordered by frequency

for all c ∈ C in ascending order do
if c is out of vocabulary and char_length(c) ≥ γ then

c∗ ← CORRECT(c)

if c∗ 6= NULL then
add c as variant to c∗

C ← C \ {c}
end if

end if
end for
function CORRECT(candidate)

V ← top five corrections from S

V ∗ ← ∅
for all v ∈ V do

if v ∈ C and edit_distance(v, candidate) ≤ dε ∗ char_length(candidate)e then
V ∗ ← V ∗ ∪ {v}

end if
end for
if V ∗ = ∅ then

return NULL
else

return variant v ∈ V ∗ with maximum frequency
end if

end function

First, we train a spell checker on the whole target corpus. For this purpose we use the tools pro-
vided by the LingPipe17 text processing tool kit. In particular, we train a context-sensitive spell checker
based on character language models and weighted string edit distance18. Then, for each candidate term, in
ascending order of their frequency, we check whether it needs to be corrected. We only try to correct
candidates that are composed of at least γ = 4 characters and which are out-of-vocabulary. We find
out-of-vocabulary candidates by looking up each word of the candidate in an English language dic-
tionary (we use WordNet [263]). If at least one word is not contained in the dictionary, the candidate
is assumed to be out-of-vocabulary.

Our procedure for correcting candidates is as follows: We use the trained spell checker to acquire
the five most probable corrections. For each proposed correction, we look up whether it is a known
candidate term, all other corrections are discarded. If the string edit distance between the correction
and the original candidate is less than a threshold, we add it to a set of valid corrections. The applied
threshold value is dependent on the length (in characters) of the candidate term. The intuition is to
allow for more misspellings in longer terms. We set the parameter ε = 1

8 , so that the allowed edit costs
increase by one every eighth character. From all valid corrections, we choose the correction with the
highest frequency. In case of a draw, we choose the one which is most probable according to the spell
checker. If our correction procedure successfully finds a correction, we add the original candidate as
variant to the correction and remove the candidate from the set of candidate terms.

17http://alias-i.com/lingpipe/index.html
18Kukich [222] provides a summary of techniques for correcting words in text.
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Compositional Variants In addition to the morphological variants considered in Park et al. [298],
we process variants that are based on different forms of composition used to express a semantic
relation between terms. For instance, to express the meronymy relation (part-of) between the terms
bag and camera we may use the compositional forms "bag of the camera" or "camera bag". We have
identified this type of variation to be very common in customer review documents. To find these
kinds of compositional variants, we apply the following algorithm:

We decompose each complex term into the single last noun19 C2 and the preceding modifiers C1.
For example, we decompose "front desk staff" into C1 = "front desk" and C2 = "staff". Then we com-
pose a variant pattern V = "C2 of (the|this|that)? C1(s)?", which effectively reorders C1 and C2 and
concatenates both parts with the expression "of" plus an optional determiner. This matches for in-
stance the phrase "staff of the front desk" (which admittedly sounds odd in this particular case). We
also match phrases in plural form by simply adding the letter "s" — for example, we can derive "de-
tection of red eyes" from the term "red eye detection". We count the number of word sequences in the
target corpus that match the generated pattern. If the aggregated counts have a minimum support of
σ, we add the composition with all possible forms (different determiners, as well as singular or plural
form) as variants to the complex term. Take note that for our application scenario (aspect detection
in reviews) this frequency-based pruning step can perfectly be omitted. False conversions, such as
"card of the memory" ("memory card"), do not harm the product aspect detection task. Such lexicon
entries are simply very unlikely to ever match. However, we prune such candidates for the purpose
of a faster detection process, which is guaranteed with smaller lexicon sizes.

7.4.5. Candidate Counting

It is not directly obvious how to count candidate terms. In our context, the basic question is to which
extend we interweave the process of generating candidate terms with counting them. In the follow-
ing, we consider three alternatives:

Filtered Counting The previous steps, candidate acquisition, candidate filtering, and variant ag-
gregation create a final list of candidate terms. During this process several heuristics are applied to
increase the precision of the generated list (e.g., the bBNP-filter or the SBP-filter). If we count only
those occurrences that pass these filters, we speak of filtered counting. For example, with regard to
the bBNP-filter, we recognize and count the occurrence of the term "picture quality" in the sentence
"The picture quality is . . . ", but do not count it in a sentence such as "I really like the picture quality
and . . . ". In case of filtered counting, we can directly interweave the counting of candidates with the
pipelined processing of the target corpus. Observe that applying filtered counting is contraindicated
in case a background corpus is employed to determine contrastive relevance scores. To achieve ac-
curate statistics, the filter would need to be applied also in the background corpus. But as the filter
is domain specific (e.g., searches for sentiment words in context) the statics are likely to be heavily
biased.

Open Counting We may also strictly decouple candidate generation and counting. In this case, we
regard the generated list of candidate terms as a dictionary and count all occurrences of dictionary
entries in the corpus — disrespecting any of the previously applied filters except the POS tag filter20.
We denote this method as open counting. Considering the previous example, we also count the oc-
currence in the second sentence with open counting. Assuming that the candidate generation process
exhibits a good precision, the intuition for open counting is that it avoids data sparseness and can
increase the confidence of statistical methods applied for ranking.

19 Take note that the choice of our part-of-speech tag filters guarantees that the last word of a complex term is a noun.
20 For the purpose of a very shallow word sense disambiguation method, we do not disregard the part-of-speech filter in open

counting.
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Weighted Counting Weighted counting basically represents a compromise between filtered and
open counting. We count any occurrence of a candidate term as in open counting, but weigh occur-
rences that match the low-recall/high-precision filters with a higher score. Considering the previous
example, we may count the occurrence in the first sentence with a value of 2 and in the second sen-
tence with 1.

7.4.6. Candidate Ranking and Selection

The previous steps generate an unordered list of normalized term candidates and associated vari-
ants. We denote this list as T . The goal of this step is to rank the candidates, so that we can select
those which most likely represent valid product aspects with regard to the target domain. In the
following, we present the statistical measures we apply and compare in our experiments. Tables 7.2
and 7.3 define the notation we use for subsequent descriptions. Additional notation is introduced as
necessary.

C+ C−

ws D11(ws) D12(ws)
¬ ws D21(ws) D22(ws)

(a) observed document frequency

C+ C−

f+(ws) f−(ws)

(b) observed word
frequency

Table 7.2.: Notation for frequencies of word sequences (ws) in a foreground corpus C+ and a back-
ground corpusC−. The notation "¬ws" refers to the set of documents that does not contain
the word sequence.

notation description

T List of candidate terms.
|C|d Size of corpus C in documents.
|C|t Size of corpus C in tokens.
|ws|t Size of word sequence ws in tokens.
|ws|c Size of word sequence ws in characters.
Tws Set of candidate terms that contain the word sequence ws, excluding ws.
T ∗ws Set of candidate terms that contain the word sequence ws, including ws.

Table 7.3.: Notations used in the context of candidate term ranking.

Raw Frequency (Intra Domain)

This represents a base line with regard to more elaborated methods. We simply define the ranking
order by descending raw frequency — that is, we rank candidate terms c in descending order by
f+(c).

Relative Frequency Ratio (Contrastive)

As we have noted earlier, relative frequency ratios measure term relevance as contrastive domain
relevance. We defined the measure for a single word in Eq. (7.1). Following Park et al. [298], we
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extend the measure by defining the relative frequency ratio for a multi-word term ws as

mrrf-score(ws) =

∑
wi∈ws

f+(wi)
|C+|t
f−(wi)
|C−|t

|ws|t
=

∑
wi∈ws

Pr+(wi)

Pr−(wi)

|ws|t
. (7.3)

In case of a multi-word term, the measure calculates the average relative frequency ratio of all words
contained in the term. For a single word term it equals the definition of Eq. (7.1).

Likelihood Ratio Test (Contrastive)

The likelihood ratio test (LRT) is a parametric hypothesis test which is used to compare two different
hypotheses H0 and H1 with regard to the fit to observed data. The LRT computes the ratio λ =
L(H0)
L(H1)

of the likelihood L(H0) for the null hypothesis and the likelihood L(H1) for the alternative
hypothesis. The value λ expresses how much more likely it is to make a certain observation under the
assumption H0 than under the assumption H1. As it is known that the value−2 lnλ is asymptotically
χ2-distributed [430], the likelihood ratio can be used to rejectH0 at a given confidence level. Dunning
[108] proposes to use the LRT to find collocations in text corpora and argues that in this context the test
is more robust with respect to data sparseness than for instance the χ2-test or the t-test. For ranking
term candidates, we apply the LRT to compute a measure of contrastive relevance as proposed by Yi
et al. [452]: We are interested in the two conditional probabilities

p1 = Pr(d ∈ C+|c ∈ d)
p2 = Pr(d ∈ C+|c /∈ d),

where p1 expresses the probability that a document d stems from the foreground corpus, given that
the candidate term c is contained in d and p2 refers to the probability that d stems from the foreground
corpus, given that c is not contained in d. As null hypothesis H0, we assume that p1 = p = p2, that is
the probability that a document is domain relevant is independent of whether a candidate is contained
in the document or not. As alternative hypothesis H1, we assume that p1 6= p2, that is we assume a
dependence on the occurrence of c in d. Using maximum likelihood estimates for p, p1, and p2 we
calculate the LRT-score as:

LRT-score =

®
−2 log λ if p1 > p2
0 if p1 ≤ p2

(7.4)

Appendix C.1.1 describes more details on how to estimate the probabilities and how to calculate
λ. The relation p1 > p2 basically expresses that it is more likely that a document d stems from the
foreground corpus when the candidate term c occurs in d, than when it not occurs in d. That is, terms
for which p1 > p2 holds are likely to be domain relevant. As we are only interested in these terms, we
set the LRT-score to zero for all other terms. The higher the LRT-score, the higher is the confidence
that p1 > p2 (i.e., the more confident we are that c is domain relevant).

Generalized Dice Coefficient (Term Cohesion)

To measure the association between words of a complex term, Park et al. [298] introduce a measure
that generalizes and adapts the Dice coefficient [101]. The measure aims at giving higher scores to
terms which exhibit high co-occurrence frequencies:

GDC-score(ws) =
|ws|t ∗ log10 f+(ws) ∗ f+(ws)∑

wi∈ws f+(wi)
(7.5)
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Take note that for single word terms the GDC-score equals the decadic logarithm of the term fre-
quency. Park et al. [298] propose to reduce the score for single word terms by multiplying with a
factor 0 < ρ < 1 (we define ρ in Table 7.4).

Diversity Value (Intra Domain)

Based on the observation that nested word sequences, which appear frequently in longer terms, are
likely to represent the key parts or features of a product, we propose a measure that gives higher
scores to such "key terms". For example, consider the word "lens". In the domain of camera reviews,
we find it nested in terms such as "autofocus lens", "zoom lens", "macro lens", "lens cap", or "lens
cover". On the other hand, words such as "cap" or "cover" are less likely to occur in many different
contexts. Under the assumption that reviewers tend to comment on the key aspects of a product, it
is reasonable to give such terms a higher weight. We hypothesize that the diversity of contexts, that
is, the amount of longer terms that contain a candidate c, is a good indicator for the association of c
with the product class under consideration. Inspired by the C-Value score proposed by Frantzi and
Ananiadou [133], we define the measure as

diversity-score(ws) = log2(|ws|t + 1)︸ ︷︷ ︸
A

∗

∑
wi∈ws

(f+(wi) ∗ log2(|T ∗wi
|+ 1))

|ws|t︸ ︷︷ ︸
B

, (7.6)

where the notation T ∗x refers to the set of candidate terms that contain x as nested term, including
x itself, and |Tx| is the cardinality of that set. The diversity-score has the following properties: The
factor B in Eq. (7.6) represents the average frequency of words wi contained in the word sequence ws,
weighted by the diversity of each component wi. The factor exhibits a high value if the individual
frequencies and diversity values are high. For a single word term, the factor B represents the raw
frequency weighted by the diversity. Take note that the factor does not measure term cohesion; we do
not consider the co-occurrence counts. To compensate the fact that B favors single word terms (B for
a complex term cannot be larger than B for any of the term’s components), we multiply with factor A,
which is higher for longer terms.

Combining Ranking Measures

As the presented ranking measures are based on different definitions of term significance, it is rea-
sonable to compute a combined score (e.g., combining a term’s contrastive relevance with its strength
of cohesion). We consider two different methods to combine ranking measures:

• Weighted sum: The final score is computed as a linear combination of the n selected individual
scores

scorefinal =
n∑
i=1

ωi ∗ scorei , where
n∑
i=1

ωi = 1. (7.7)

• Weighted rank: Let Ri(t) be a ranking function that orders candidates t ∈ T based on the score
scorei. Considering n selected measures, we compute the final rank of a candidate t as

Rfinal(t) =
n∑
i=1

ωi ∗Ri(t) , where
n∑
i=1

ωi = 1. (7.8)

Observe that both methods indeed result in different rankings of candidates. For instance, suppose
that score1(t1) = 30, score1(t2) = 20, score1(t3) = 10, score2(t1) = 100, score2(t2) = 300, and
score2(t3) = 200. Assuming ω1 = ω2 = 0.5, the weighted sum ranks t2, t3, t1 and the weighted
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rank results in the order t2, t1, t3. Defining the weights for the weighted rank is more intuitive as
the ranking functions take values in the same co-domain. Further observe that we may use a stacked
variant of both methods — that is, we may calculate different weighted sums and combine these in a
weighted ranking.

Selection Strategies

We distinguish three selection strategies:

• Top-k: The most straightforward strategy is to simply select the top-k candidates according
to the ranking. In this case, the parameter k predefines the size of a lexicon. As terms are
incorporated into a lexicon disregarding their absolute score, the advantage of this strategy is
that it can be applied independent of the chosen candidate ranking approach.

• Fixed threshold: In contrast, candidates may be selected by predefining a threshold value for
the minimum score. Whereas in the case of the LRT-approach the score is directly interpretable
(translates to a confidence level regarding the statistical test), other scores (e.g., diversity-score)
are based on heuristics and thus are not directly interpretable. In such cases, it is difficult to
define a reasonable threshold parameter for a minimum score. A test corpus or direct human
supervision is needed to empirically find optimal values.

• Dynamic threshold: As a third strategy, we refer to Jakob et al. [185], who propose a method to
dynamically calculate a threshold value. The method is derived from an algorithm for outlier
detection (Wilcox [429, chap. 3]). The algorithm basically computes a linear combination of the
mean and standard deviation of the LRT-score:

thresholdwilcox = µscore + σscore, (7.9)

where µscore refers to the mean of all the scores in a ranking and σscore refers to the standard
deviation of these scores. With regard to the LRT-approach, Jakob et al. [185] report improved
results when employing the dynamically calculated threshold instead of a fixed threshold. The
method is generally applicable, independent of the approach chosen for scoring the candidates.

7.5. Incorporating Weakly Labeled Data

Earlier we proposed to filter sentiment bearing pre-modifiers with stable prior polarity by means of
a simple stop word list. But we also encounter pre-modifiers with target-specific polarity (e.g., "long
battery life"). As the GlossEx filter (see Section 7.4.3) is a generic method, it cannot cope with this type
of modification. For example, the pre-modifier "long" is very likely to have a strong domain relevance
for digital camera reviews and is also very likely to exhibit a strong association with head nouns such
as "battery" (e.g., "long battery life") or "shutter" (e.g., "long shutter lag time"). A generic filter most
likely keeps the pre-modifier and produces invalid product aspects.

We propose to leverage user-provided pros/cons summaries, which typically accompany a cus-
tomer review. We hypothesize that valid pre-modifiers (e.g., "digital" in "digital camera" or "wireless"
in "wireless internet") occur similarly distributed with their head noun in both, lists of pros and lists
of cons. For invalid pre-modifiers, that is, target-specific sentiment words, we assume that they occur
(jointly with their head noun) either more often in lists of pros or lists of cons. In the following we
design a likelihood ratio test to operationalize our hypothesis. We consider the probabilities

p1 = Pr(pm|head; pros)

p2 = Pr(pm|head; cons),
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where p1 denotes the probability in a corpus of pros lists that pm occurs as pre-modifier, given that
the head noun head previously occurred, and p2 refers to the same probability, but in a corpus of cons
lists. To design a hypothesis test, we assume as null hypothesis H0 that p1 = p = p2. In words, we
assume that, independent of whether we consider the pros or cons corpus, the probability that pm
co-occurs with head is the same. The alternative hypothesis is that p1 6= p2, that is, pm co-occurs with
head with higher probability either in the pros or cons.

Take note that we explicitly design a test that considers the strength of association between modifier
and head instead of relying on the occurrence frequency of the whole phrase. During preliminary
studies we designed a test that examined the difference in the probabilities of occurrence in either
pros or cons documents. This test produced an unacceptable high rate of false positives. The reason
is that some correct terms exhibit an unequally high probability of occurrence in either the pros or
cons. The mention of such a term is inherently associated with a positive or negative assessment. For
example, the term "chromatic aberration", which refers to a type of distortion, is generally expressed
in a negative context and has thus a significantly higher probability to occur in a cons document.
The test would erroneously identify "chromatic" as a sentiment expressing modifier, thus removing it
from the candidate. Another example is the term "panoramic mode". As this term refers to a generally
desired feature, reviewers tend to comment on it (or just name it) more often in pros documents.
Again, the modifier (here: "panoramic") would be incorrectly removed. By comparing the strength of
association of modifier and head instead of the frequency of occurrence, we overcome this problem.

As in Eq. (7.4), we calculate the likelihood ratio λ and utilize the value −2 ∗ logλ to reject H0 at
a desired confidence level (Appendix C.1.2 explains how we derive estimates for p1, p2, p and how
we calculate λ). In case we can reject H0, we remove the pre-modifier pm from the term candidate
since we are confident that the combination occurs with higher probability either in the pros or cons.
Otherwise, we keep the pre-modifier.

7.6. Experimental Setup and Evaluation Metrics

Aspect Detection Algorithms

The previous section described a terminology extraction pipeline that allows to automatically gener-
ate a lexicon of product aspects. However, obtaining a product aspect lexicon is only one part. For
extrinsic evaluation, we also need to consider how to apply the dictionary — that is, how to to detect
mentions of product aspects in natural language text. For our experiments we examined two differ-
ent approaches, which differ mostly in the way linguistic information is incorporated. We do not go
into more details here as we set focus on approaches to automatic lexicon construction, rather than
examining different methods for lexicon application. We refer to Appendix C, which describes the
algorithms in detail and reports results of a comparative experiment. In short, our findings are that
the linguistically more informed Algorithm C.2 shows generally better results for aspect extraction
than Algorithm C.1, which basically performs simple string matching.

Baseline Approach

To measure the effectiveness of the different components and approaches, we establish a baseline
for comparison. We implement the "feature term extraction" component of the "Sentiment Analyzer"
system as described by Yi et al. [452]. We focus on the specific configuration for which they reported
the best results21. In particular their best feature term extraction configuration is as follows:

1. Acquire candidate terms with the BNP1 part-of-speech tag filter and application of the bBNP
heuristic.

21Yi et al. [452] perform an intrinsic evaluation and only report results for the precision of the different configurations.
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2. The original system does not apply any filtering, but we apply product name filtering.

3. The original system does not apply any variant aggregation.

4. Use open counting22 to aggregate frequency statistics in C+ and C−.

5. Rank candidates with the LRT-score.

6. Select the candidates with a minimum score of 3.8423.

7. Apply Algorithm C.1 (the less linguistically informed approach) for aspect extraction from nat-
ural language text.

Jakob [182] provides a detailed comparison of the frequent itemset mining approach by Hu and Liu
[177] and the feature term extraction by Yi et al. [452]. The basic findings are that Yi’s method consis-
tently outperforms the frequent itemset mining approach on different datasets. It is thus reasonable
to choose Yi’s method as a baseline for our experiments. We report detailed results for the baseline
method in Appendix C.3.

Definition of Fixed Parameter Values

Most of the extraction pipeline’s components are parameterized with different threshold values. We
fix the subset of parameters shown in Table 7.4, as they are not subject to further experimentation. To
find reasonable values for these parameters, we optimize them on a development set that consists of
customer reviews on mp3 players24.

parameter value component description

δlower 1.5 GlossEx filter lower threshold for relative frequency ratio

δupper 3.0 GlossEx filter upper threshold for relative frequency ratio

αlower 0.005 GlossEx filter lower threshold for pre-modifier/head cohesion

αupper 0.3 GlossEx filter upper threshold for pre-modifier/head cohesion

αintermediate 0.02 GlossEx filter intermediate threshold for pre-modifier/head cohesion

γ 3 misspelling aggregation minimum length of candidate in characters

ε 8 misspelling aggregation characters per unit of edit cost

σ 5 compositional var. agg. minimum absolute support

ρ 0.1 GDC-score reduction factor for single word terms

Table 7.4.: Definition of parameter values that are not subject to variation.

Intrinsic Evaluation (Accuracy of the Generated Lexicons)

With regard to evaluating NLP components, such as our terminology extraction process, we can ba-
sically distinguish intrinsic and extrinsic evaluation. Intrinsic evaluation refers to the task of assessing
the component in isolation, whereas extrinsic evaluation (or evaluation in use) assesses the component
as part of a more complex system. In our case, intrinsic evaluation refers to assessing the quality of

22At this point the description in [452] is inconclusive. It is unclear whether filtered or open counting is applied to aggregate
statistics. We assume that they use open counting.

23 3.84 is the critical value of the χ2-distribution for one degree of freedom at a confidence level of 95%.
24 We intentionally choose a domain differing from our test sets (hotel and digital camera reviews) to increase the generaliz-

ability of our experimental results.
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the generated lexicon of product aspects. We assess the quality by examining the precision of the pro-
cess. Traditionally the precision is calculated as the fraction of the results that are correctly returned
by a system. But, since the extraction process generates a ranked list of aspects, it is also reasonable
to evaluate the results with a metric known as precision@n25 (P@n). Given a maximum (cut-off) rank
n, P@n describes the precision value calculated over the first n results returned by the system. We
decide on the correctness of the results by manually inspecting the generated lexicon. For each entry,
a human supervisor decides whether it represents a valid product aspect in the target domain or not.
An entry is marked as a true positive if it satisfies the rules we have described in the annotation guide-
lines for sentiment targets and product aspect mentions in Appendix A.3. Otherwise it is marked as
false positive.

Extrinsic Evaluation (Accuracy of Aspect Extraction)

For extrinsic evaluation, we apply the generated lexicon to extract product aspects from the free text
part customer reviews. We assess the aspect extraction task by using the expression level annotations
of our hotel and digital camera datasets as a gold standard. Extrinsic evaluation is fully automated.
We apply and report the standard evaluation metrics used to assess information extraction systems,
namely precision, recall, and the f-measure26 (the harmonic mean of precision and recall). Depending
on the evaluation goal, we consider four different evaluation scenarios27:

• Scenario A — Extraction of product aspects. In this scenario, we evaluate how well a lexicon-
based approach performs in identifying product aspects in customer reviews. That is, we do
not consider the presence of sentiment expressions at all. Recall that our expression level anno-
tation scheme allows to differentiate between sentiment targets and uncommented mentions of
product aspects. For this task, we define the union of sentiment target and aspect mention anno-
tations as gold standard. Thus, any extraction that matches either a sentiment target annotation
or an aspect mention annotation is considered a true positive.

• Scenario B1 — Extraction of sentiment targets when polar sentences are identified with perfect
accuracy. In this scenario, we restrict valid matches to sentiment targets only. The extraction
algorithm has access to the gold standard to determine whether a sentence is polar or not. The
algorithm uses the expression level annotations and regards a sentence as polar, if at least one
sentiment expression annotation is present. Only lexicon matches that occur in a polar sentence
are extracted.

• Scenario B2 — Extraction of sentiment targets when individual sentiment expressions are iden-
tified with perfect accuracy (without perfect target association). Again, the extraction algorithm
has access to the gold standard sentiment expression annotations. For each sentiment expres-
sion SE, the algorithm extracts the lexicon match in the same sentence which is closest (fewest
number of interjacent tokens) to SE. In case of a draw, the match with the higher score is ex-
tracted.

• Scenario B3 — Extraction of sentiment targets when individual sentiment expressions are iden-
tified with perfect accuracy (with perfect target association). The algorithm can perfectly iden-
tify sentiment expressions and corresponding targets. It extracts each lexicon match that over-
laps a sentiment target.

Scenario A examines lexicon-based product aspect extraction independent from further sentiment
analysis. Thus, the scenario is comparable to a general terminology extraction task. Scenarios B1, B2,

25cf., Buckley and Voorhees [58]
26cf., Manning et al. [250, chap. 8]
27 Jakob [182] examines and motivates similar evaluation scenarios.
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and B3 examine how well a lexicon-based approach performs with regard to identifying sentiment
targets.

In this chapter, we primarily aim at evaluating the accuracy of aspect lexicon generation and
lexicon-based extraction. For now, it is not our goal to assess the accuracy of a sentiment expres-
sion detection and association task. We therefore provide the extraction algorithm in scenarios B1-B3
with perfect (gold standard) knowledge on the presence of sentiment expressions and, in case of B3,
also with perfect information on the association of sentiment expressions and targets.

These synthetic scenarios serve as upper bounds for real-world lexicon-based sentiment target ex-
traction. Scenario B1 resembles a task where a sentence has been priorly classified as subjective.
Scenario B2 resembles a task where individual sentiment expressions have been identified (e.g., with
a sentiment lexicon) and the association between targets is heuristically determined. We examine sce-
nario B3 to measure the influence of the algorithm used to associate sentiment expressions to targets
and to provide an upper bound for such algorithms.

Type of product aspect mention

Our expression level annotation scheme distinguishes four different types of product aspect men-
tions (nominal, named, pronominal, and implicit). As our terminology extraction process is designed for
finding nominal mentions of product aspects, we restrict the earlier mentioned scenarios accordingly.
That is, for aspect mention annotations the
"isProductName"-flag must not be true and for sentiment target annotations none of the flags "isIm-
plicit", "isProductName", or "isExophoric" must be true, nor must the attribute "pronounReferenceID"
be set. Evaluation of the baseline method compares results for both, only-nominal and all mention
types. For the other experiments, we concentrate on nominal extractions only.

Strict or lenient metric

We distinguish whether an extraction either exactly or partially matches the span of an annotation in
the gold standard. The strict metric only regards exact matches as true positives and considers all other
extractions as false positives. The lenient metric also allows for partial matches. In particular, a partial
match is accepted as true positive, if the extraction e and the gold standard annotation g have at least
one token in common. More formally, let the subscripts begin and end define the span boundaries of
an annotation in a document. If the predicate (ebegin ≤ gend & eend ≥ gbegin) holds, e is considered
a true positive, otherwise it is a false positive. For example, consider that in the gold standard we
annotate the aspect "intelligent auto mode". The strict metric requires to match exactly this phrase.
The lenient metric also allows "sense-preserving" matches, such as "auto mode" or "mode". However,
also less meaningful matches, such as "intelligent auto" or "auto", are considered correct with the
lenient metric.

Statistical Significance

As part of the evaluation, we compare different configurations against each other. If applicable, we
report the statistical significance of resulting differences in the evaluation measures. If not otherwise
stated, we employ a paired two-tailed t-test at a significance level of 99% (p-value < 0.01). Statistically
significant differences are indicated by using the common **-notation.

Corpora

• Development set: To determine the parameters listed in Table 7.4, we use a collection of 53,183
customer reviews on mp3 players (8,211,641 tokens) extracted from the websites Amazon.com,
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Epinions.com, and Buzzillions.com.

• Foreground corpora: We evaluate our system on the hotel and digital camera review datasets
that we described in Chapter 5. In particular, we use the web crawls of 417,170 hotel reviews
and 180,911 digital camera reviews. From these, we randomly extract subsets of 10, 20, . . . ,
100, 200, . . . , 1,000, 1,500, 2,000, . . . , 5,000, 7,500, 10,000, . . . , and 50,000 documents, where each
larger set is a superset of the smaller sets. For the baseline setting, we choose the set of 20,000
hotel (digital camera) review documents, containing 212,183 (180,846) sentences and 3,792,588
(3,260,502) tokens.

• Background corpus: For approaches that require a background corpus, we use a small subset
of the freely available "ukWaC corpus" [30] (2 billion words extracted from English language
websites). From the original 2.7 million documents in the corpus, we compiled a subset of
100,000 randomly selected documents, which contain 3,284,560 sentences and 83,778,171 tokens.
We choose this particular corpus based on the intuition that a general web corpus is a better
contrast to specific customer reviews than for example the "British National Corpus" [46], which
contains primarily more formal documents, such as newspaper articles, journals, or books.

• Pros/cons corpora: For parts of the experiments, we require weakly labeled data in form of
pros and cons documents. For the hotel domain, we use the pros and cons parts of customer
reviews which we extracted from the website Priceline.com. Out of a collection more than
500,000 reviews, we sample a subset of 100,000 reviews where pros and cons parts are both
not empty. With regard to the digital camera domain, we collected a set of 139,417 customer
reviews from the websites Buzzillions.com and Reevoo.com. Here, we sample a (smaller) subset
of 50,000 documents for pros and cons each.

• Test corpora: The final results of the extrinsic evaluation are reported based on the gold stan-
dard annotations of the expression level hotel and digital camera corpora.

Unless otherwise stated, the experiments in Section 7.7 are based on the 20,000 document subsets of
the foreground corpora, as well as on the complete 100,000 document background corpus.

7.7. Experiments and Results

In this section, we discuss the main results that we obtained with our terminology extraction ap-
proach to constructing a product aspect lexicon. In particular, we examine the influence of different
candidate filtering techniques (Section 7.7.1), the effects of different variant aggregation approaches (Sec-
tion 7.7.2), the influence of varying candidate acquisition methods (Section 7.7.3), and the effectiveness
of the proposed ranking metrics (Section 7.7.4). We further experiment with varying corpus and lexi-
con sizes (Sections 7.7.5 and 7.7.6) and evaluate our indirect crowdsourcing method for more effective
pre-modifier filtering (Section 7.7.7).

7.7.1. Influence of Candidate Filtering Techniques

We measure the effectiveness of the different filtering techniques in isolation and in combination. In
particular, we report intrinsic evaluation results for the review stop word filter, the sentiment pre-modifier
filter, the measuring unit filter, the GlossEx pre-modifier filter, as well as for the combination of all filters.
With regard to extrinsic evaluation, we only report results for the joint application of all filters.

As reference, we use the baseline system in combination with aspect detection Algorithm C.2. By
adding a particular filter to the baseline system, we can measure its influence in isolation. To deter-
mine the contrastive relevance of a pre-modifier pm in the GlossEx filter, we use the unigram statis-
tics of pm in the complete background corpus (i.e., 100,000 documents). We do not lemmatize the
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pre-modifier, but count its inflectional form. Further, we only count unigrams that match the part-
of-speech of the pre-modifier (for shallow word sense disambiguation). To compute the association
between pre-modifier and head noun, we use the unigram and bigram statistics of the foreground
corpus. The statistics with regard to the head noun are based on the lemmatized form of the head.

Intrinsic Evaluation Figure 7.2 shows the results for intrinsic evaluation of both datasets. When ap-
plying all filters jointly, the resulting lexicons consist of 975 entries for the hotel dataset (baseline: 1182
entries) and 767 terms with respect to the digital camera dataset (baseline: 953 entries). Compared to
the baseline, the precision of the complete lexicon is around 10 percentage points higher with regard
to the hotel corpus (all filters: 0.707, baseline: 0.612) and approximately 14 percentage points when
considering the camera corpus (all filters: 0.817, baseline: 0.676). Precision@40 increases from 0.625
to 0.675 (hotel) and 0.800 to 0.875 (camera). The figure shows that each filter has a positive effect on
the precision and that for both datasets, the GlossEx filter has the greatest influence. The other filters’
effects are more dependent on the application domain. For the digital camera dataset, we find that
review stop word filtering and measurement unit filtering are nearly equally important. For the hotel
corpus, measurement unit filtering only leads to a marginal improvement as numerical pre-modifiers
are less common in this corpus.
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Figure 7.2.: Intrinsic evaluation of the candidate filter approaches. The bar chart shows the proportion
of correctly extracted terms (precision).

Extrinsic Evaluation In Table 7.5 we present the results of the extrinsic evaluation for both datasets.
We find that the higher precision of the generated lexicons consistently leads to better results for
the product aspect and sentiment target detection tasks. All reported improvements are statistically
significant (comparison to Table C.2). The maximal gain in f-measure is around 4 percentage points
and is achieved in scenario B2 for both datasets. The minimal improvement with regard to the camera
dataset is around 3 percentage points compared to 2 percentage points for the hotel corpus. The table
also shows that not only a higher precision is responsible for the improved f-measure, but also higher
recall values: Except for the review stop word filter, all other filters prune false pre-modifiers of
different kinds in term candidates. Partial matches caused by such false pre-modifiers are reduced,
which results in less false negatives. Indeed, a mistake analysis of false positives and false negatives
in scenarios A and B3 reveals that after filtering only very few errors (< 0.5%) can be accounted to the
inclusion of false pre-modifiers of the types detectable by the filters.
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nominal mentions

dataset scenario precision recall f-measure

Hotel A 0.569 (0.018∗∗) 0.752 (0.022∗∗) 0.648 (0.020∗∗)
Hotel B1 0.461 (0.027∗∗) 0.751 (0.039∗∗) 0.571 (0.032∗∗)
Hotel B2 0.707 (0.048∗∗) 0.672 (0.042∗∗) 0.689 (0.045∗∗)
Hotel B3 0.857 (0.044∗∗) 0.751 (0.039∗∗) 0.800 (0.041∗∗)
Camera A 0.692 (0.042∗∗) 0.743 (0.018∗∗) 0.717 (0.031∗∗)
Camera B1 0.470 (0.027∗∗) 0.722 (0.023∗∗) 0.569 (0.027∗∗)
Camera B2 0.680 (0.042∗∗) 0.649 (0.032∗∗) 0.664 (0.037∗∗)
Camera B3 0.793 (0.025∗∗) 0.722 (0.023∗∗) 0.756 (0.024∗∗)

Table 7.5.: Results for product aspect and sentiment target extraction when jointly applying all filter
techniques. Reported results are based on the strict evaluation measure.

7.7.2. Influence of Variant Aggregation Techniques

In this section, we examine the influence of the different variant aggregation techniques. We only
evaluate extrinsically as we primarily expect the lexicons to achieve a better coverage due to the
added variants. As a baseline, we use the results from the previous section (all filters activated)
and compare it to a system that additionally incorporates all variant aggregation techniques into the
lexicon extraction pipeline. The misspelling variant detection as well as the compositional variant
detection are configured with the parameters defined in Table 7.4.

Table 7.6 shows the results for the joint application of the symbolic, compounding, misspelling, and
compositional variant aggregation approaches28. The obtained results do not suffice to confirm our
initial hypothesis that variant aggregation improves lexicon coverage and thus would lead to mea-
surable higher recall values. Although we can measure improved results with activated variant ag-
gregation for the digital camera corpus, the differences are relatively marginal (at maximum 1.1 per-
centage points for the f-measure) and are not statistically significant at the chosen 99% confidence
level. Regarding the hotel corpus, the influence of variant aggregation is even lower.

nominal mentions

dataset scenario precision recall f-measure

Hotel A 0.567 (-0.002) 0.751 (-0.001) 0.646 (-0.002)
Hotel B1 0.461 (0.000) 0.751 (0.000) 0.571 (0.000)
Hotel B2 0.706 (-0.000) 0.674 (0.002) 0.690 (0.001)
Hotel B3 0.855 (-0.002) 0.751 (0.000) 0.799 (-0.001)
Camera A 0.698 (0.006) 0.748 (0.004) 0.722 (0.005)
Camera B1 0.477 (0.007) 0.730 (0.008) 0.577 (0.008)
Camera B2 0.686 (0.006) 0.654 (0.005) 0.669 (0.005)
Camera B3 0.807 (0.014) 0.730 (0.008) 0.767 (0.011)

Table 7.6.: Results for product aspect and sentiment target extraction with all filters and all variant
aggregation approaches. Reported results are based on the strict evaluation measure.

Mistake Analysis To understand why the variant aggregation steps do not fulfill the anticipated
gain in recall, we perform a mistake analysis of the false negatives. In particular, we examine the
28Take note that we do not apply inflectional variant aggregation. When using part-of-speech pattern BNP1, we lemmatize all

words during aspect detection, which in effect is another form of inflectional variant aggregation.
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results produced in the setting with scenario B3 and strict evaluation. For this setting, we com-
pare the false negatives with and without variant aggregation. Concerning the hotel corpus, we
find 18 out of 251 false negatives (7.2%) which are candidates for variant aggregation — for instance,
"conciergelounge" (compound aggregation), "continetal breakfast" (misspelling aggregation), or "lay-
out of the room" (compositional aggregation). In the ideal case, that is when variant aggregation
successfully adds all the candidates to the lexicon, a maximum gain of 1.8 percentage points for recall
can be achieved (778 instead of 760 true positives). Concerning the digital camera corpus, we identify
21 out of 242 false negatives (8.7%) as candidates, constraining the maximum gain in recall to 2.4 per-
centage points (646 instead of 625 true positives). Thus, a first observation is that, even in the ideal
case, the expectable increase of recall is relatively low (< 2.5 percentage points). But our results vary
widely from the ideal case:

For the hotel corpus only one of the candidates ("conciergelounge") is successfully added by variant
aggregation (gain of 0.1 percentage points). For the digital camera corpus only 8 of 21 candidates are
additionally detected (gain of 0.9 percentage points). The major reason for these results is again
rooted in Zipf’s law. Our variant aggregation approaches could easily associate false negatives such
as "continetal breakfast" or "dtorage capacity" to their correct canonical forms, but the misspellings
simply do not occur at all in the 20,000 documents foreground corpora we use for generating the
lexicons. As our algorithm can only consider misspellings which are seen in the foreground corpus,
we cannot identify these variants. The same reason also prevents the detection of other variant types,
e.g., compositional variants such as "layout of the room" (the canonical form "room layout" does not
occur) or "feel of this camera".

A further fact which affects the influence of the variant aggregation steps is the following: Some
misspelling, compound, or symbolic variants occur by themselves so frequent in the foreground cor-
pus, that the LRT-ranking method adds them as entries to the generated lexicon. That is, independent
of whether variant aggregation is applied or not, some of the most frequent variants are part of the
generated lexicon. Consequently, this further lowers the potential influence of the aggregation step
on the achievable recall. However, when considering the manual post-processing of automatically
extracted lexicons (refer to Section 7.7.8), variant aggregation helps to lower the manual effort signif-
icantly.

7.7.3. Influence of Candidate Acquisition Patterns and Heuristics

The goal of this section is to study the influence of the different part-of-speech tag filters and domain
specific heuristics for initial candidate acquisition. We assess the different combinations of patterns
and heuristics by means of intrinsic and extrinsic evaluation. In particular, we examine the two dif-
ferent part-of-speech tag filters (BNP1 and BNP2) and the four different acquisition heuristics (dBNP,
bBNP, SBS, and SBP). We additionally consider the case when no heuristic is applied, resulting in 10
different configurations for each of the two datasets. Reported results for each configuration refer to
the application of the baseline method with all filters and variant aggregation approaches activated.
For extrinsic evaluation we use Algorithm C.2.

Intrinsic Evaluation Figure 7.3 shows the results of the intrinsic evaluation for the hotel and digital
camera datasets. We report the precision of the complete lexicons (red bars) and the precision@40
(blue bars). The line style of the bars indicates the part-of-speech pattern of a configuration, which is
either BNP1 (solid line) or BNP2 (dotted line).

For both datasets, the overall precision with part-of-speech pattern BNP2 is significantly lower than
with the pattern BNP1. This is expectable as the BNP2 pattern is less restrictive — it allows for the
inclusion of arbitrary long candidates and also proper nouns. Especially regarding the hotel corpus,
the inclusion of proper nouns is counterproductive in terms of lexicon precision. The lexicon gener-
ation process extracts many named entities such as locations (e.g., "New York City", "Union Square",

120



7.7. Experiments and Results

NO−HEURISTIC DBNP SBS SBP BBNP
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

 

 
precision BNP1 precision BNP2 precision@40 BNP1 precision@40 BNP2

(a) hotel corpus

NO−HEURISTIC DBNP SBS SBP BBNP
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

 

 
precision BNP1 precision BNP2 precision@40 BNP1 precision@40 BNP2

(b) digital camera corpus

Figure 7.3.: Intrinsic evaluation results with different acquisition patterns and heuristics.

or "LA") or sights (e.g., "National Mall", "Rockefeller Center", or "Lincoln Memorial"), which natu-
rally occur significantly more frequent in a corpus of hotel reviews than in a standard web corpus.
Compared to the configurations with the BNP1 pattern, we achieve precision values which are con-
sistently at least 15 percentage points lower in the hotel domain. The difference is less pronounced
when considering the digital camera dataset. Here, we observe precision values which are about 5
percentage points lower. The problem with the inclusion of named entities is less severe in the camera
domain.

Also, as expected, we find that the overall precision increases with the restrictiveness of the applied
candidate acquisition heuristic. For the hotel dataset (and BNP1 pattern), the lexicon precision im-
proves from 0.37 with no heuristic applied to 0.70 with the bBNP heuristic. With respect to the digital
camera corpus, the precision increases from 0.48 to 0.81. The results show that the SBP heuristic does
not provide any improvement in terms of lexicon precision over the bBNP heuristic for both datasets,
but it is apparent that both heuristics achieve a consistently high precision of the complete lexicon:
The measured results for the 40 highest ranked entries do not differ widely from the overall precision
(at maximum 7.5 percentage points). For the less restrictive heuristics these values differ at mini-
mum 16.5 percentage points (hotel: SBS) and at maximum 35 percentage points (camera: dBNP). We
find that the precision of the highest ranked lexicon entries is relatively independent of the applied
heuristic. For these entries the ranking algorithm alone provides reasonably good results.
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Extrinsic Evaluation For extrinsic assessment we consider the evaluation scenarios A and B229. Fig-
ure 7.4 shows the results obtained with the hotel dataset and Fig. 7.5 depicts the results for the digital
camera corpus. The different colors of the bars indicate the specific evaluation measure: red bars refer
to the precision, blue bars to the recall value, and green bars to the f-measure. Again, the line style
indicates the applied part-of-speech pattern. Take note that the limit of the y-axes ranges from 0.3 to
0.9 in all figures.
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Figure 7.4.: Hotel corpus: Extrinsic evaluation results with different acquisition patterns and heuris-
tics for scenarios A and B2.

The main observation is that the influence of the applied acquisition patterns and heuristics is
only moderately high. For evaluation scenario A we find a maximum difference in f-measure of 9.0
percentage points (hotel dataset, BNP1-bBNP vs. BNP2-dBNP) and for scenario B2 the maximum dif-
ference is 8.9 percentage points (hotel dataset, BNP2-bBNP vs. BNP2-no-heuristic). In both scenarios
and datasets, the f-measure improves with the restrictiveness of the applied heuristics.

We further find that the bBNP heuristic consistently outperforms the SBP heuristic in all configu-
rations and with regard to each evaluation measure (precision, recall, and f-measure). The intrinsic

29 We do not report results for all evaluation scenarios. However, scenarios A and B2 cover the aspect extraction task and the
sentiment extraction task. The tendency of the results for scenarios B1 and B3 are similar to B2 and do not provide further
insight.
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Figure 7.5.: Camera corpus: Extrinsic evaluation results with different acquisition patterns and
heuristics for scenarios A and B2.

evaluation already showed that the resulting lexicon with the SBP heuristic exhibits a lower precision
than with the bBNP heuristic. This is despite the fact that the SBP heuristic is even more restrictive
and generates a smaller lexicon (hotel-BNP1: 743 vs. 901 entries, camera-BNP1: 585 vs. 724 entries).
The precision with the SBP heuristic is in average about 3 percentage points lower than with the bBNP
heuristic.

Although the part-of-speech pattern BNP2 leads to a lower precision of the generated lexicons
(compared to pattern BNP1), we achieve better results for both corpora when considering the best
heuristic (bBNP) and the sentiment target detection task (scenario B2). Regarding the hotel corpus,
the f-measure is 1.3 percentage points higher and for the camera dataset the increase is 2.2 percent-
age points. This increase is mainly due to the higher recall achieved with the less restrictive pattern
(leading also to a slightly higher precision as some previously partial matches are matched correctly).
In most other configurations we also observe a higher recall with pattern BNP2, but typically a sig-
nificantly lower precision. From the intrinsic and extrinsic evaluation we can conclude that the bBNP
heuristic consistently achieves the best results. Depending on the goal (high lexicon precision or high
f-measure for sentiment target detection) either pattern BNP1 or pattern BNP2 is preferable. Consid-
ering that manual revision of automatically generated lexicons guarantees high lexicon accuracy, in
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that case, applying pattern BNP2 is indicated as it generally promises higher recall values.

7.7.4. Comparison of Ranking Measures

In this section, we evaluate the influence of the different ranking algorithms introduced in Sec-
tion 7.4.6. In particular, we consider the relative frequency ratio (MRRF), the likelihood ratio test (LRT),
the generalized Dice coefficient (GDC), and the diversity value (Diversity). We further report results for
rankings based on the raw frequency alone, which we regard as a baseline for the following experi-
ments. We examine the results for each algorithm in isolation and additionally consider reasonable
combinations of the algorithms. All combinations are based on the weighted rank approach. To rule
out the influence of varying lexicon sizes generated by the different algorithms, we choose a fixed
size for each dataset. We set the maximum lexicon size to the size of the lexicon generated by the
LRT-ranking with a minimum LRT-score of 3.84. For larger lexicons we prune the entries with the
lowest scores. In each configuration we apply all filter and variant aggregation approaches and for
extrinsic evaluation we utilize the Algorithm C.2.

Intrinsic Evaluation Figure 7.6 presents the results of intrinsic evaluation when the different algo-
rithms are applied in isolation. As before, we report results for the overall precision of the generated
lexicons (red bars) and for the precision of the top 40 entries (blue bars). For both datasets we find that
the algorithms Diversity, LRT, and MRRF outperform the baseline by far. Regarding the hotel corpus,
the raw frequency ranking achieves a precision of only 0.42, whereas for the three named algorithms
the precision values are 0.66, 0.70, and 0.72. For the camera dataset the precision values are 0.77, 0.81,
and 0.81 compared to 0.45. The precision of the lexicon generated by the GDC-ranking is even lower
than the baseline with 0.39 (hotel) and 0.43 (camera).

Comparing both contrastive term relevance measures, we observe that the
MRRF-approach consistently achieves slightly better results than the LRT-approach. on both datasets
The precision@40 improves to 0.88 (hotel) and 0.93 (camera), respectively. Lexicons generated by the
Diversity algorithm exhibit an overall precision that is about 5 percentage points lower than the best
results for both corpora. But nevertheless, they are significantly higher than the baseline and the
GDC-approach, which also do not incorporate a background corpus.

As a next step, we examine whether the combination of different ranking algorithms leads to im-
proved results. The hypothesis is that combining algorithms based on different definitions of term rel-
evance is beneficial. We study combinations of contrastive and term cohesion measures (LRT+GDC,
MRRF+GDC), contrastive and intra domain measures (LRT+Diversity, MRRF+Diversity), both con-
trastive measures (MRRF+LRT), combinations of all three types of measures (LRT+GDC+Diversity),
the three measures with highest precision in isolation (MRRF+LRT+Diversity), as well as all five ap-
proaches in combination. In addition, we combine the MRRF-approach with the ranking based on
raw frequency. We hypothesize that this combination is reasonable, as the MRRF-score alone does
not account very well for frequency: two terms that exhibit the same relative frequency ratios get
the same score, albeit one term may occur thousand times more often than the other. In this partic-
ular combination, we give a weight of ω1 = 2/3 to the MRRF-ranking and a weight of ω2 = 1/3 to
the raw frequency ranking. Also in the combinations MRRF+GDC and LRT+GDC, we give the con-
trastive relevance rankings a higher weight (2/3). For all other combinations, the weights are equally
distributed.

Figure 7.7 shows the results of jointly ranking candidates with multiple algorithms. The main
observation is that no combination achieves a significantly higher overall precision than the best
algorithm in isolation (MRRF). The best combination (MRRF+Diversity) only marginally improves
precision (hotel: +0.1 percentage points, camera: +0.5 percentage points), but is not statistically sig-
nificant. Although achieving relatively high values for precision@40 (hotel: 0.8, camera: 0.98), the
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Figure 7.6.: Intrinsic evaluation results with different ranking algorithms.

combination of all rankings leads to only mediocre results in terms of overall precision of the gener-
ated lexicons. It can also be observed that a combination (LRT+GDC) may lead to even worse results
than one of the rankings (GDC) produces in isolation.

Extrinsic Evaluation For extrinsic evaluation, we consider the same combinations as introduced
previously, except that, for reasons of clarity, we do not show results for the combinations LRT+GDC
and LRT+GDC+Diversity (they perform worse than the baseline with raw frequency). As in the
preceding section, we only report extrinsic evaluation results for scenarios A and B2. The results of
the extrinsic evaluation on the hotel dataset are depicted in Fig. 7.8, whereas Fig. 7.9 shows the results
regarding the digital camera dataset.

Also with respect to extrinsic evaluation, the main observation is that no algorithm or combination
clearly outperforms all other approaches. The best results in terms of f-measure are achieved by
the LRT and MRRF-approaches, as well as the combination MRRF+Diversity. We can conclude that
contrastive measures generally lead to better results than the term cohesion or intra domain measures
on our evaluation datasets. Both contrastive approaches exhibit a similarly high f-measure. Whereas,
the MRRF-approach shows a slightly higher precision, the LRT-approach achieves a minimally higher
recall.

Naturally, the differences in the results are more pronounced in scenario A as no gold standard
knowledge is incorporated (in contrast to the synthetic scenarios B1-B3). In this scenario, each al-
gorithm or combination improves on the baseline with raw frequency. The maximum difference in
f-measure is 7.0 percentage points for the hotel corpus and 11.5 percentage points for the camera
corpus. We find that the increased f-measure is solely due to a higher precision of the advanced ap-
proaches. Expectedly, the baseline exhibits a high recall value. However, its precision is relatively
low. For evaluation scenario A, the precision is 14.9 (hotel) and 22.3 (camera) percentage points lower
than the best results. The differences in scenario B2 are 4.6 (hotel) and 6.9 (camera) percentage points.
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Figure 7.7.: Intrinsic evaluation results with different combinations of ranking algorithms.

With regard to scenario B2 we cannot observe major differences in f-measure between the baseline
and the other approaches. For the hotel dataset the baseline achieves an f-measure of 0.67, whereas
the best approach exhibits an f-measure of 0.69. Concerning the camera dataset, the difference is 4 per-
centage points (0.63 compared to 0.67). In scenarios B1 and B3 (not shown in the figures), we achieve
maximum differences of 6.9 and 0.8 percentage points, respectively. Considering these results, we can
mainly confirm the following quite obvious assertions: The more accurate the information on senti-
ment expressions, the less important is the concrete algorithm to detect product aspects. For example,
the low precision of the raw frequency ranking is compensated by the (here synthetically) high ac-
curacy of sentiment expression detection. However, this means vice versa that the less accurate the
information on sentiment expression, the more important is the applied aspect detection approach.
Without any sentiment information (scenario A), the differences are quite high (max. 11.8 percentage
points).

7.7.5. Varying Foreground Corpus Sizes

In this section we are interested in studying the influence of the foreground corpus size. Recall that
our evaluation datasets stem from very popular domains (hotel and camera reviews) for which it is
easy to crawl tens of thousands and even millions of review documents from the Web. For other, less
popular product types, the available number of customer reviews is expectedly less. Also if the task is
to find aspects of a very specific product (e.g., Canon EOS 60D), the amount of customer reviews that
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Figure 7.8.: Hotel corpus: Extrinsic evaluation results with different ranking algorithms for scenarios
A/B2.

may serve as a foreground corpus is generally less compared to a whole product class. We therefore
examine how well the lexicon extraction performs with changing foreground sizes. In particular, we
vary corpus sizes from 10 to 50,000 review documents. Each larger corpus contains the reviews of the
smaller corpora. We apply the BNP1 part-of-speech pattern, utilize the bBNP candidate acquisition
heuristic and activate all candidate filters. No variant aggregation is performed in this evaluation
setting. We use the LRT-approach for scoring and ranking candidates. Again, the minimum score for
selecting a candidate is set to 3.84.

The results of this study are presented in Figs. 7.10 and 7.11. The figures refer to the two different
datasets and each depicts the results of extrinsic evaluation for scenarios A, B2, and B3. Whereas
the colors indicate the different evaluation measures (red: precision, blue: recall, green: f-measure),
the different marker types determine the examined scenarios (cross: scenario A, circle: scenario B2,
square: scenario B3). Since we vary the corpus size within a large range of values, we scale the x-axis
logarithmically.

As is to be expected, the recall of the generated lexicons increases with larger foreground corpora
sizes. For all three evaluation scenarios we can observe a roughly (despite a few outliers) monotonic
increase in recall. The more data we see, the higher the likeliness that a previously missed product
aspect is found with significantly high frequency in the foreground corpus. Naturally, the gradient of
this increase lowers with larger corpus sizes.

When considering precision, evaluation scenario A is most informative as no gold standard in-
formation is incorporated. We observe a steady drop in precision for both datasets. This is also
expectable with a lexicon based approach to aspect detection. The larger the generated lexicon30, the
higher is the absolute number of false entries (even at the same level of intrinsic precision), so that
more false positives are extracted, which lower the extrinsic precision.

30For the foreground corpus sizes of 10, 100, 1000, 10000, and 50000, the resulting number of lexicon entries for the hotel/cam-
era datasets are 4/2, 46/46, 257/213, 693/569, and 1502/1236 entries.
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Figure 7.9.: Camera corpus: Extrinsic evaluation results with different ranking algorithms for scenar-
ios A/B2.

For the synthetic sentiment target extraction scenarios B2 and B3 we cannot observe the same effect
of decreasing precision. After an initial drop in precision, the value steadily increases with corpus
size. In this case, the larger lexicon sizes favor the precision of the extraction task: While the sentiment
information prevents false lexicon entries to result in false extractions, the larger number of entries
reduces the amount of false positives due to partial matches. Thus, the higher lexicon coverage leads
to both, increased recall and precision. However, for the hotel dataset, we find that beyond a certain
size (around 5,000 documents), the precision drops again for both evaluation scenarios. This effect
is not observed for the camera dataset. Here, the precision increases monotonically. Comparing the
types of false positives encountered at sizes of 5,000 and 50,000 for the hotel dataset, we find that the
decrease in precision can be mainly attributed to a higher number partial matches counted as false
positives.

Concerning the f-measure, the results for the sentiment target extraction scenarios are slightly di-
verse within the two different datasets. Whereas for the digital camera datasets the results show a
steady increase in f-measure, for the hotel dataset we find that the decrease in precision beyond cor-
pus sizes of 5,000 is higher than the increase in recall (which consequently leads to a lower f-measure
for large corpus sizes). Also regarding evaluation scenario A, the highest f-measure is achieved at
corpus sizes of around 5,000 documents for the hotel corpus.

From the discussed results, we can generally conclude that even with relatively small corpus sizes
of around 1,000 documents, comparably high results for f-measure can be achieved. Regarding the
hotel corpus and scenario A, the results for a size of 1,000 documents are even better than for 50,000
documents. Concerning both datasets and the other evaluation scenarios, the maximum increase in
f-measure between sizes 1,000 and 50,000 is 7.2 percentage points (camera, scenario B3). On the other
hand, since the recall increases steadily with larger corpus sizes, it is obvious that the larger the corpus
the better the expectable results. That is in particular true when considering manual post-processing
of extracted lexicons. The largest extracted lexicon in our setting exhibits a size of 1502 entries only.
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Figure 7.10.: Hotel corpus: Extrinsic evaluation results with different sizes of the foreground corpus.

With comparably small effort false entries can be removed, thus preventing the described effect of
lower precision with larger lexicon sizes.

7.7.6. Varying Lexicon Sizes

In the previous experiments with the LRT-approach we used a fixed threshold value of 3.84 for select-
ing candidates. Although we can associate this threshold with a confidence level for the likelihood-
ratio statistical test (here: 99%), it is unclear whether this choice is reasonable and valid for different
domains. We therefore experiment with different lexicon sizes and examine the corresponding LRT-
scores. In particular, we apply the top-k selection strategy while varying k from 10 to 2,000 with
different step sizes. We choose a maximum k of 2,000 for the simple reason that the relatively restric-
tive acquisition heuristic bBNP does not find more candidates in our 20,000 document foreground
corpora.

The results presented in Fig. 7.12 are based on an extraction process with all basic filter and variant
aggregation approaches activated. As before, the green color represents the f-measure, whereas blue
and red refer to recall and precision, respectively. The different marker types indicate the different
test corpora (cross: hotel, circle: camera).

As expectable, precision decreases with larger lexicon sizes, whereas recall values improve. By
definition, the recall must increase monotonically in this evaluation scenario, which we can observe in
the figure: Adding lexicon entries may only reduce the number of false negatives, and never increase
it. On the other hand, the addition of entries may increase or decrease the precision value. In fact, we
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Figure 7.11.: Camera corpus: Extrinsic evaluation results with different sizes of the foreground cor-
pus.

find that the precision is relatively constant for medium sized lexicons and then drops significantly31

at a certain lexicon size. For the hotel dataset this point is at a size of about 1,100 entries and for
the camera dataset at roughly 900 entries. Translating these sizes to the corresponding threshold
value for the LRT-score, we find that in both datasets the threshold is about 1.5. Due to the drop
in precision, f-measure begins to decrease with lexicon sizes beyond the mentioned ones — in other
words, with the addition of entries exhibiting a score less than 1.5. Observing this threshold in two
independent datasets, we may conclude that it is generally reasonable to use a fixed threshold of 1.5
for the LRT-approach.

We further examine the results, we would achieve when calculating the threshold value dynami-
cally with the outlier detection approach proposed by Jakob et al. [185] (see also Section 7.4.6). For
both datasets, the mean value of the scores is relatively high with 289.1 (hotel) and 237.4 (camera).
The 40 highest scored term candidates all have scores of at least 1,000 and the highest scored can-
didates "hotel" and "camera" show values of over 60,000 and nearly 80,000, respectively. This also
explains the high standard deviation of ∼2,200 (hotel) and ∼2,450 (camera). Applying the outlier
detection selection strategy, we calculate very high thresholds, so that in both datasets only about
the 25 highest ranked candidates are selected. Using these small lexicons, the f-measure achieved for
both test corpora is consistently about 10 percentage points lower than the optimal value. For our
setting, we thus cannot confirm the findings by Jakob et al. [185], who observe an improvement with
dynamically selected threshold values for small foreground corpora (hundreds of review documents
instead of several ten thousands).

31Take note that the logarithmic scale of the x-axis further stresses this effect.
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Figure 7.12.: Extrinsic evaluation results with different lexicon sizes.

7.7.7. Effectiveness of Indirect Crowdsourcing Approach

In this section we examine the effectiveness of incorporating the weakly labeled data from pros and
cons parts of customer reviews. We consider the pre-modifier filter discussed in Section 7.5, which we
use to remove target-specific, sentiment related modifiers from candidate terms (e.g., "long" in "long
battery life" or "large" in "large room").

Recall that we designed a statistical test that compares the strengths of association between modi-
fiers and heads in pros and cons documents. To generate the necessary statistics for the test, we need
to count the frequency of the heads in isolation and the co-occurrence frequency of heads with their
modifiers. We define co-occurrence by means of a window of 3 tokens around the head: A modifier
co-occurs with a head h, if it precedes the first token of h with a distance of at most 3 tokens (i.e., at
most 2 interjacent tokens) or succeeds the last token of h, also with a distance of at most 3 tokens. This
less restrictive definition of co-occurrence allows us to capture different types of relevant modifier-
head combinations. For example for the modifier-head combination of "large" and "room", we can
find occurrences in such diverse phrases as "room is very large", "large hotel room", "liked the large,
comfortable room", or simply "large room".

As pros/cons corpora we use the document collections as described in Section 7.6. That is for
the hotel domain, we make use of 100,000 documents for pros and cons each. For the digital camera
domain, the set of pros and cons has a cardinality of 50,000 documents each. We found that results are
improved when applying a relatively high threshold for rejecting the null hypothesis of the statistical
test. In this particular experiment we set the threshold to 10.83 which corresponds to a confidence
level of 99.9%. Table 7.7 shows the results of applying the pros/cons pre-modifier filter. Take note that
the filter is applied in addition to the other, "basic" filters which we examined earlier. The indicated
improvements refer to the setting when only the basic filters are applied. No variant aggregation is
performed.

We find that incorporating weakly labeled data by means of the pre-modifier filter results in a sig-
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nominal mentions

dataset scenario precision recall f-measure

Hotel A 0.580 (0.011∗∗) 0.763 (0.011) 0.659 (0.011∗∗)
Hotel B1 0.479 (0.018∗∗) 0.774 (0.024∗∗) 0.592 (0.021∗∗)
Hotel B2 0.737 (0.030∗∗) 0.698 (0.027∗∗) 0.717 (0.028∗∗)
Hotel B3 0.889 (0.032∗∗) 0.774 (0.024∗∗) 0.828 (0.027∗∗)
Camera A 0.717 (0.025∗∗) 0.762 (0.019) 0.739 (0.022∗∗)
Camera B1 0.496 (0.027∗∗) 0.751 (0.029∗∗) 0.598 (0.028∗∗)
Camera B2 0.714 (0.034∗∗) 0.677 (0.028∗∗) 0.695 (0.031∗∗)
Camera B3 0.834 (0.040∗∗) 0.751 (0.029∗∗) 0.790 (0.034∗∗)

Table 7.7.: Results for product aspect and sentiment target detection when activating all filters and ad-
ditionally using the pros/cons pre-modifier filter. Improvements are reported with respect
to the same setting without the pros/cons pre-modifier filter.

nificant improvement of f-measure. The maximum increase of f-measure is 3.4 percentage points and
is observed for the camera dataset in evaluation scenario B3. The minimum gain in f-measure is 1.1
percentage points in scenario A for the hotel corpus, which is still significant with regard to the 99%
confidence level. We further observe that the improvement is due to both, higher precision and higher
recall, which is expectable: The pre-modifier filter is to remove erroneous modifiers from candidate
terms and thus reduces the amount of partial matches. This lower number of partial matches leads to
less false positives and false negatives (i.e., to higher precision and higher recall).

For the hotel dataset, the filter removes 36 false pre-modifiers, such as in "free breakfast", "helpful
staff", "comfortable bed", "spacious room", or "huge bathroom". It further removes pre-modifiers from
completely false candidates, such as "down side" or "only regret". In effect such terms are completely
removed from the generated lexicon: Scoring with a background corpus results in too low domain
relevance for the terms "side" or "regret". The size of the generated lexicon is reduced to 940 entries
(was 975)32. With regard to the digital camera dataset, we find that 33 false pre-modifiers are de-
tected, effectively leading to a lexicon with a size of 738 entries (was 767). Exemplary candidates with
detected false modifiers are "low price", "big screen", "proprietary battery", or "slow shutter speed".

The precision of the generated lexicons increases to 0.734 (+2.7 percentage points) concerning the
hotel dataset and to 0.846 (+2.9 percentage points) for the camera corpus. Despite this small in-
crease, and although relatively few lexicon entries are altered by means of the filter, we observe the
mentioned (significant) gain in f-measure of 3.2 percentage points. For both datasets this is mainly
because the affected lexicon entries exhibit a high frequency of occurrence in the evaluation datasets
(e.g., "large room" or "low price").

7.7.8. Manual Revision of Generated Lexicons

In the following, we manually revise the priorly extracted lexicons and examine achievable results
with the post-processed lexicons. By definition, intrinsic evaluation of the lexicons exhibits a perfect
accuracy of 100% (using our annotation guidelines as reference). As a basis for the manual revision,
we use the lexicons generated with the BNP2 part-of-speech tag pattern, the bBNP acquisition heuris-
tic and all filter (including the pros/cons pre-modifier filter) as well as variant aggregation techniques
activated. We opt for the BNP2 pattern as it generally allows for higher recall — the lower precision
is compensated by the manual validation process. For ranking we use the LRT-approach.

32 By removing false pre-modifiers, the observed frequency of occurrence for the head noun may be increased. These higher
counts may lead to a higher LRT-score, potentially promoting a candidate to the lexicon. In our case, a single term is
promoted to the lexicon.
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nominal mentions

dataset scenario precision recall f-measure

Hotel A 0.793 (0.164∗∗) 0.792 (0.173∗∗) 0.793 (0.169∗∗)
Hotel B1 0.598 (0.109∗∗) 0.818 (0.183∗∗) 0.691 (0.138∗∗)
Hotel B2 0.804 (0.158∗∗) 0.760 (0.176∗∗) 0.781 (0.168∗∗)
Hotel B3 0.914 (0.115∗∗) 0.818 (0.183∗∗) 0.863 (0.156∗∗)
Camera A 0.776 (0.138∗∗) 0.837 (0.089∗∗) 0.805 (0.116∗∗)
Camera B1 0.539 (0.111∗∗) 0.830 (0.115∗∗) 0.654 (0.118∗∗)
Camera B2 0.772 (0.140∗∗) 0.760 (0.130∗∗) 0.766 (0.135∗∗)
Camera B3 0.873 (0.144∗∗) 0.830 (0.115∗∗) 0.851 (0.129∗∗)

(a) strict evaluation metric

nominal mentions

dataset scenario precision recall f-measure

Hotel A 0.869 (0.131∗∗) 0.867 (0.142∗∗) 0.868 (0.137∗∗)
Hotel B1 0.649 (0.068∗∗) 0.887 (0.134∗∗) 0.749 (0.094∗∗)
Hotel B2 0.869 (0.112∗∗) 0.821 (0.137∗∗) 0.844 (0.126∗∗)
Hotel B3 0.991 (0.043∗∗) 0.887 (0.134∗∗) 0.936 (0.097∗∗)
Camera A 0.869 (0.097∗∗) 0.937 (0.032∗∗) 0.902 (0.068∗∗)
Camera B1 0.608 (0.074∗∗) 0.937 (0.045∗∗) 0.738 (0.070∗∗)
Camera B2 0.854 (0.080∗∗) 0.841 (0.070∗∗) 0.847 (0.075∗∗)
Camera B3 0.984 (0.076∗∗) 0.937 (0.045∗∗) 0.960 (0.060∗∗)

(b) lenient evaluation metric

Table 7.8.: Results for product aspect and sentiment target detection with manually revised lexicons.
Improvements are reported with respect to the results of the previous section.

The manual revision is performed by a single human annotator. As the precision of the automati-
cally extracted lexicons is already sufficiently high, the revision process can be performed in approx-
imately 3 hours for each lexicon. In addition to using the results from the LRT-ranking, we manually
select the ten most frequent terms that represent a valid product aspect, but are not included in the
automatically derived lexicons. We add these terms to the revised dictionaries. For the hotel do-
main, this includes for example the terms "internet", "area", or "value". As can be seen, these are all
terms that are so frequent in common language that the contrastive LRT-score is lower than the fixed
threshold of 3.84. After the whole process, the lexicons consist of 1,040 (hotel) and 1,271 (camera)
entries.

We regard these reworked lexicons as a reference to results achievable with the fully automatic
approaches presented earlier: Table 7.8 presents extrinsic evaluation results with the manually revised
lexicons in comparison to the best reported results so far (Table 7.7). Whereas Table 7.8a refers to
results interpreted with the strict evaluation metric, Table 7.8b shows results according to the lenient
metric.

First, we note that for both metrics and in all evaluation scenarios, the f-measure increases signif-
icantly (at minimum 6.0 percentage points and at maximum 16.9 percentage points). With regard
to strict evaluation, we even observe a minimum increase in f-measure of more than 11 percentage
points in each scenario. In particular, for the aspect detection evaluation scenario A, we achieve an
f-measure of 79.3 percent for the hotel dataset and a value of 80.5 percent for the camera corpus. In
the synthetic scenario B3, the results are even higher with 86.3% (hotel) and 85.1% (camera). The
considerably improved f-measure in all scenarios is based on both, higher recall and higher precision
values. Whereas the higher precision is mainly due to sorting out false lexicon entries (e.g., "day",
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"city", or "street" in the hotel domain), the increased recall stems from the application of the less re-
strictive BNP2 acquisition pattern and the manual addition of the ten most frequent aspects, which
were missing in the original lexicons. With regard to recall, we observe very high gains in the hotel
dataset with improvements between 17.3 and 18.3 percentage points. Concerning the camera corpus,
the gains in recall are between 8.9 and 13.0 percentage points. In absolute numbers we achieve recall
values of about 80 percent and more in both datasets and in the different evaluation scenarios.

When considering the lexical variability discussed in Chapter 6, we can conclude that the semi-
automatic approach examined in this section, is capable of incorporating roughly the 25% most fre-
quent nominal mentions in the test corpora. From corpus analysis we also know that nearly 70% of
all distinct nominal mentions occur only once in the evaluation corpora. As discussed before, these
rare mention types are hard or impossible to detect with frequency based methods such as the LRT-
approach. Due to the roughly Zipfian distribution of distinct mention types, even with our relatively
large foreground corpora of 20,000 documents, the majority of mention types occurs only once in the
corpus. However, for both corpora the 125 most frequent mention types (25% of around 500 distinct
types) already account for nearly 80% of all occurrences. The semi-automatic process is able to de-
tect the majority of these terms and thus achieves recall values of around 80 percent. Looking at the
results evaluated with the lenient metric, we even observe recall values of over 90% for the camera
dataset and nearly 90% for the hotel corpus. A major share of the rare mention types occurring only
once are derivations of more frequent (lexicon included) terms — for instance, the rare term "rooftop
swimming pool" refers to a specific type of "swimming pool", which is frequent in the corpus. With
the lenient metric such occurrences are evaluated as correct extraction. We further know from the
mistake analysis conducted in Appendix C.3, that in most cases (∼75%) the sense of the extraction
remains unaltered with such partial matches. Thus, the lenient metric only slightly overestimates the
"true" f-measure (i.e., when counting sense-preserving partial matches as correct).

With respect to precision, the most significant gains are achieved in scenarios A and B2. We observe
improvements of over 14 percentage points and more in both datasets (strict metric). But also in the
synthetic scenario with the highest accuracy of sentiment information (B3), gains of 11.5 (hotel) and
14.4 (camera) percentage points are measured. With lenient evaluation the gains are less. Although
lexicons with perfect accuracy let expect perfect precision in the synthetic scenario B3 under lenient
evaluation, we observe precision values of slightly less than 100%. The single source of false positives
in this configuration is the case when compositional variants, such as "design of the camera", are
not included in the lexicon, but the involved terms (here: "design" and "camera") are. In this case
we count a single false positive (the second term, here: "camera"). Reduced precision in synthetic
scenarios B1 and B2 is also partly due to this issue, but mainly due to the insufficient information
regarding sentiment expressions. False positives in scenario A are primarily caused by the missing
context awareness of the lexicon approach, as well as the lexical ambiguity of lexicon entries. We
find that, for the hotel review domain, the observed precision values are generally higher than for
the digital camera domain, whereas the recall values are generally lower. We attribute this finding
to the different lexicon sizes (the hotel lexicon has a smaller size) and to the slightly different lexical
variability of the two domains.

When comparing the two different datasets in each evaluation scenario, we find that the results for
the f-measure are very similar when utilizing the manually revised lexicons (maximum difference less
than 4 percentage points). Especially in scenario A, which does not rely on gold standard information,
we observe nearly identical results for the f-measure (about 80 percent). This observation indicates
that results for other domains may not differ significantly.
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7.8. Summary and Conclusions

In this chapter, our goal was to provide a detailed study of lexicon-based approaches to the extraction
of fine-grained product aspects in customer review datasets. We stressed the relevance of this task by
highlighting its importance as subtask of an aspect-oriented sentiment analysis system. In particu-
lar, we set focus on unsupervised, corpus-based techniques for the automatic creation of the needed
knowledge bases.

In the introductory part, we elaborated on the basic characteristics of such knowledge bases.
We pointed out that they are mainly characterized by their degree of supervision during acquisi-
tion (manual, semi-automatic, or fully automatic acquisition), their immanent definition of relevance
(product or product-class centric), their degree of structuring (only terms or higher level semantic
information), and by their coverage.

Related work in Section 7.2 gave an overview of other studies that are most relevant in our context.
We basically distinguished unsupervised and supervised approaches to lexicon creation, while con-
centrating on works that explicitly target the area of sentiment analysis. Our goal was to distill the
most substantial ideas and methods examined in the literature, which we summarized in Table 7.1.

Section 7.3 introduced the basic concepts of terminology extraction. We reviewed the typical
pipeline architecture of such a system and elaborated more closely on measures for defining term
relevance. In particular, we identified measures based on contrastive domain relevance, intra domain
relevance, as well as term cohesion. In Section 7.4, we cast the task of finding product aspects as an in-
stance of a terminology extraction problem. We discussed our concrete approaches to each step of the
extraction pipeline in detail. A specific approach to incorporate weakly labeled data was proposed in
Section 7.5.

Section 7.7 covered our experiments. Our goal was to examine the general applicability of lexicon-
based approaches, as well as to study the influence of the various parameters and different configura-
tions of our system. We evaluated the system intrinsically and extrinsically. For extrinsic evaluation,
we compared lexicon-based extractions with the gold standard annotations of our customer review
corpora. We examined a scenario for product aspect detection and three different scenarios for sen-
timent target extraction. To view the lexicon-based target detection in isolation, we explicitly did
not rely on automatic sentiment discovery techniques, but provided synthetic sentiment information
from the gold standard annotations. Since the system is tailored towards the detection of nominal
mentions of product aspects, results were mainly reported with regard this mention type. In the
following we summarize the major findings of our experiments:

• Lexicon-based approaches to product aspect detection show consistently good results in differ-
ent settings. With relatively effortless manual revision, f-measures of 80% are measured for two
different datasets. In the best fully automatic setting f-measures are only about 10 percentage
points lower.

• Product aspect extraction with a lexicon mainly suffers from the following problems: False
positives are produced by the missing context awareness, lexical ambiguity of terms, as well as
an inaccurate lexicon acquisition process. False negatives are mainly due to low frequency terms
(Zipf’s law) and too common terms that are not included with a contrastive term relevance
measure. Unrecognized part-of-speech patterns of aspects only play a minor role. Instead of
extending the acquisition patterns (e.g., to include also verbs and prepositions as for "easy/JJ
to/TO use/VB"), the small set of affected aspects is preferably manually added to the lexicon.

• Regarding the accuracy of extracted lexicons, we identified primarily four types of errors. Fre-
quency based methods for lexicon acquisition erroneously tend to extract non-aspect terms that
are generally either closely related to (1) the product type (e.g., "subway") or (2) the domain of
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reviews (e.g., "problem"). Third, the acquisition heuristics and ranking measures do not pre-
vent the extraction of false pre-modifiers and also tend to find overly specific terms (e.g., "4gb
memory card"). Both failure types often lead to partial matches.

• The presented candidate filtering techniques significantly increase the accuracy of the extracted
lexicons. For both datasets, accuracy is more than 10 percentage points higher. All filters con-
tribute to the improved results, while the GlossEx method is responsible for the major share.
The higher lexicon quality lets observe f-measures that are up to 4 percentage points higher.
Leveraging the weakly labeled data from pros and cons lists to remove unidentified false pre-
modifiers, additionally improves f-measure up to 3.4 percentage points.

• The application of variant aggregation techniques promises only minor improvements in recall
(< 2.5 percentage points in the best case). Closer analysis showed that the major share of vari-
ants is not detected due to their rarity, that is, their non-occurrence in the foreground corpus.
Instead or in addition to aggregating variants during lexicon acquisition, the step may also be
performed during lexicon application. Using fuzzy/approximate string matching algorithms33

during lexicon application may improve results.

• With regard to acquisition heuristics we found that the bBNP heuristic consistently outperforms
all other methods. Incorporating sentiment information in the acquisition process (as with the
SBP heuristic) did not improve results. The less restrictive BNP2 part-of-speech pattern expect-
edly exhibits a lower lexicon accuracy, but allows for improved recall values. When applying a
manual revision process, which compensates the lower precision, it is indicated to use the BNP2
pattern.

• Experiments with the five different ranking algorithms showed that contrastive relevance mea-
sures such as the LRT-score or MRRF-score perform best. Using raw frequency only leads to
very low lexicon accuracy. Combining different measures in a weighted-rank scheme did not re-
veal any improvements. For sentiment target detection, the results further show that differences
between the various methods become less significant the more accurate sentiment information
is available (this is generally true). By implication, this means that accuracy and coverage of the
lexicons becomes more important the less accurate the sentiment information.

• The presented unsupervised terminology extraction approach benefits from larger foreground
corpora sizes. Comparison to results reported on the Hu/Liu corpus showed major improve-
ments. For the fully automatic setting, we achieved the best f-measure with foreground corpus
sizes between 1000 and 5000 documents. Larger corpora lowered the precision. However, in
a semi-automatic setting (i.e., with a manual post-processing step), increasing the foreground
corpus is generally better.

• Our experiments with varying lexicon sizes revealed that a fixed threshold of 1.5 for the LRT-
score achieved the best results on both datasets. At least when using large foreground corpora,
we could not confirm that dynamically computed thresholds, as proposed by Jakob et al. [185],
lead to good results. These thresholds only selected the 25 highest ranked candidate terms.

33 Gusfield [156] provides a good overview of approximate string matching techniques.
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When you can measure what you are speaking about, and express it in
numbers, you know something about it; but when you cannot measure
it, when you cannot express it in numbers, your knowledge is of a
meager and unsatisfactory kind: it may be the beginning of knowledge,
but you have scarcely in your thoughts advanced to the stage of science.

Lord Kelvin

8. Detection of Product Aspect Mentions at the
Sentence Level

In this chapter, we examine methods for implementing the topic dimension of the discourse oriented
model for customer reviews. In particular, our goal is to automatically attribute each discourse seg-
ment with one or more coarse-grained aspects from a set of predefined topics. We cast the task of
attributing discourse segments with topics as an instance of a multi-label text categorization problem
and experiment with lexicon-based and supervised machine learning approaches. We further pro-
pose an indirect crowdsourcing method that exploits the correlation between section headings and
topics in reviews. As predetermined by our annotation scheme, we implement the discourse oriented
model at the sentence level. We refer to Appendix D which explains how we automatically derived
the set of predefined aspects with a probabilistic topic modeling approach.

The remainder of this chapter is organized as follows: Section 8.1 formalizes the concrete problem
setting as a multi-label classification task. In Section 8.2, we cover our lexicon-based approach for
topic classification and Section 8.3 describes the supervised methods that we experiment with. In
Section 8.4, we propose a method for acquiring weakly labeled data that can be exploited for learning
a topic classification model. We summarize and conclude our findings in Section 8.5. Related work
will be discussed within the individual sections.

8.1. Problem Description

As already indicated in Section 6.1.2, the task of attributing topics to discourse segments (that is
sentences) is actually a multi-label text categorization problem (around 15% of on-topic sentences
are associated with multiple topics). In contrast to standard, single-label classification, a multi-label
classifier may assign multiple labels to a single instance. For example, consider the sentence "This
camera is so easy to use and takes great pictures in low-light conditions.". The sentence addresses
two relevant topics and an ideal multi-label classifier would assign the labels "ease of use" as well as
"low-light performance". To put it more formally:

Definition 8.1 (Multi-label Classification). Let L = λ1, λ2, . . . , λk be a finite set of k distinct labels and
X = x1, x2, . . . , xn the set of instances that are to be classified. Then, a multi-label classifier is a function
c : X → P(L), with P(L) being the power set of L. In other words, a multi-label classifier maps an instance
xi either to the empty set ∅ or to any subset of L.

Besides taking into account the multi-label characteristic of our problem setting, we need to con-
sider a further aspect: With the product type taxonomy (refer to Section 4.1), we introduced a hier-
archical organization of the predefined set of categories (i.e., coarse-grained aspects). For example,
the broader category "sleep quality" may subsume the narrower concepts "bed" and "noise". For a
more precise understanding of this aspect, we formalize the three main properties with regard to our
hierarchy1:

1We partly adapt the notation used by Esuli et al. [122].
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Definition 8.2 (Properties of the Hierarchical Label Organization). Let λ ∈ L be one of the predefined
labels and let ⇓ (λ) / ⇑ (λ) denote the set of all descendant/ancestor categories of λ (excluding the root node of
the hierarchy). Further, let Xλ ⊆ X be the subset of instances which are labeled with λ. Then our hierarchy
fulfills the following three properties:

1. Each instance x ∈ Xλ that is labeled as category λ, implicitly belongs to all ancestor categories λa ∈⇑ (λ).
That is, x ∈ Xλ ⇒ x ∈ Xλa

|∀λa ∈⇑ (λ).

2. An instance x ∈ Xλ that is explicitly labeled as λ does not belong to the descendant categories λd ∈⇓ (λ).
In other words, a parent category may be broader than the union of all its descendant categories. In fact,
we allow that

⋃
λd∈⇓(λ)

Xλd
may be a proper subset of Xλ.

3. The labels of a multi-labeled instance xmay stem from arbitrary subtrees of the hierarchy. More precisely:
Let λ1 and λ2 be the labels attached to instance x. Then ⇑ (λ1)∩ ⇑ (λ2) may in fact be the empty set ∅.

Whereas for traditional binary or multi-class classification, it is straightforward to calculate stan-
dard evaluation metrics such as accuracy, precision, recall, or f-measure, it is not directly obvious for
multi-label, hierarchical classification tasks. Appendix E describes the metrics we use to evaluate our
approaches.

8.2. Unsupervised, Lexicon-Based Approach

In this section we discuss a lexicon-based approach to discovering coarse-grained product aspects in
customer reviews. As introduced earlier, the concrete goal is multi-label classification of sentences,
where the labels represent the coarse-grained aspects (topics) predominantly discussed within a sen-
tence. The basic idea with a lexicon-based approach is simple:

Each lexicon entry is associated with one of the predefined topics. For example, the terms "water
pressure", "restroom", "toiletries", and "bathroom amenity" are all linked to the same topic "bathroom".
During application, a review sentence is parsed and all token sequences that match a lexicon entry
are extracted. For instance, in the sentence "The restroom is pretty good, with fresh smelling portico
toiletries.", the terms "restroom" and "toiletries" are extracted. By looking up the terms’ associated
topics, we determine the relevant labels for a sentence. In this case, we would find that both terms
refer to the aspect "bathroom" and thus would attach the label "bathroom" to the sentence. With
respect to the labeling task, lexicon-based approaches exhibit the following properties :

• Accuracy: Matching token sequences can be compared to a very simple rule-based system. Each
match triggers a rule that outputs the appropriate label. As these "rules" are manually crafted,
it can generally be assumed that they show a relatively high precision.

• Sensitivity: The achievable recall with a lexicon-based approach mainly depends on the size and
coverage of the employed knowledge base. Typically, a knowledge base for customer review
mining is limited to cover nominal (e.g., "camera size" or "startup time") and possibly named
mentions of product aspects, but does not address implicit mentions. For example, phrases such
as "fits into pocket" (referring to aspect "dimensions") or "starts up rapidly" (referring to aspect
"speed") are not included. Such a limitation generally lowers the recall.

• Lack of context-awareness: A negative impact on precision is due to missing context-awareness.
Each match is evaluated separately and no context information is considered. For example, due
to a missing word sense disambiguation, a sentence such as "The desk in our room was much
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too small." may be falsely attributed to the topic "service" as the word "desk" is included in the
lexicon as short version of the term "front desk".

• Flexible and interpretable: In contrast to models obtained with machine learning approaches
such as SVMs or logistic regression, a knowledge base has the advantage of being directly inter-
pretable. This eases the ability to fine-tune and configure the approach to specific application
needs. For instance, one can easily add missing terms to improve the coverage, adjust the lexi-
con to reflect changes of the predefined topic set, or modify the desired depth of hierarchy.

• Manual effort: Naturally, the manual construction of high-quality knowledge bases induces a
considerable amount of effort and involves several iterations of fine tuning.

8.2.1. Implementation

Our knowledge base implements the product type taxonomy we introduced in Section 4.1. That is, we
represent the set of coarse-grained aspects in a hierarchical manner and associate each fine-grained
aspect to exactly one of the nodes in the hierarchy. We restrict the depth of this concept level hierarchy
to only two levels (not counting the root). Each "cluster" of fine-grained aspects is also hierarchically
organized. Furthermore, our knowledge base represents the semantic relations between the different
aspects on both, the concept and mention level2. It is constructed in a manual process, which is
composed of the following steps:

1. Initial terminology extraction: We apply the terminology extraction approach that we dis-
cussed in the previous chapter to obtain a flat, unstructured list of fine-grained product aspects
for the product type under consideration. In particular, we use the configuration described in
Section 7.7.8 — that is, we use the BNP2 extraction pattern and the bBNP acquisition heuristic
together with all filters and variant aggregation techniques. For ranking, we employ the LRT-
score and a threshold of 3.84. Extraction is performed on corpora of 20,000 review documents
each. After manual revision, the resulting lists cover 1,040 (hotel) and 1,271 (camera) product
aspects (associated variants not counted).

2. Manual clustering: Given a flat list of fine-grained product aspects, we manually cluster all
terms according to their association with one of the predefined topics (i.e., the number and
shape of clusters equals the number and shape of the topics). For the major share of terms,
finding the correct cluster is straightforward for a human. However, for some terms, especially
single word terms, the correct association may be unclear or ambiguous. For instance, it may be
difficult to decide on the related topic for the term "room service". We may either link it with the
topic "service" or with the concept "dining". In such cases we consult the results of the LDA topic
modeling process (see Appendix D). We look up the strength of association of the term with the
topics in question: we determine the shares of sentences that contain the term and are linked
to a relevant topic. In the exemplary case of "room service", we find that the term significantly
more often occurs in the context of the concept "dining" (highlighting the fact that reviewers
typically evaluate the room service in terms of food quality). Terms that we cannot reliably
associate with one of the predefined topics are simply discarded. To provide some numbers,
the largest cluster in the hotel domain — "service" — is represented by 90 unique fine-grained
aspects, whereas the smallest topic — "security" — is related to only five aspects.

3. Hierarchical organization and semantic relations: Having clustered the list of fine-grained
product aspects, the next step is to hierarchically organize each cluster along the four semantic

2Considering the categorization of Buitelaar and Magnini [60], our knowledge base can be considered as adhering to the
fourth or fifth level of complexity.
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relations "part-of", "feature-of", "type-of", and "synonym-of". This step is also performed man-
ually and straightforward for a human. Take note that for the experiments conducted in this
chapter, we do not consider the mention level hierarchy, but consider only the concept level hi-
erarchy and the clustering. The semantic relations will be exploited in the context of sentiment
lexicon extraction, which we will describe in Section 9.3.

The whole process of clustering and organizing the individual terms took about 12 person-hours
of work for each of the two knowledge bases (hotel and camera). We implement the product type
taxonomy by means of an XML Schema — that is, the actual data, the hierarchy, and the relation
information are stored as an XML document. Listing 8.1 shows an excerpt of such a document. Take

<?xml version="1.0" encoding="UTF-8"?>
<producttype parent-relation="root" label="hotel">
...
<aspect label="dining" parent-relation="feature-of" defines-subtopic="true">
<aspect label="restaurant" parent-relation="feature-of">

<aspect label="hotel restaurant" parent-relation="type-of"/>
<aspect label="restaurant staff" parent-relation="feature-of"/>
...

</aspect>
...
<aspect label="breakfast" parent-relation="feature-of" defines-subtopic="true">

<aspect label="hotel breakfast" parent-relation="type-of"/>
<aspect label="breakfast offering" parent-relation="feature-of">
<aspect label="breakfast option" parent-relation="synonym-of"/>
<aspect label="breakfast choice" parent-relation="synonym-of"/>
<aspect label="breakfast selection" parent-relation="synonym-of"/>
<aspect label="breakfast spread" parent-relation="synonym-of"/>

</aspect>
...

</aspect>
...

</aspect>
...

</producttype>

Listing 8.1: Excerpt from an XML document representing the product type taxonomy for the hotel
domain. The attribute "parent-relation" defines the relation type between the aspect and
its parent. By setting the attribute "defines-subtopic" to "true" an aspect is marked as
constituting one of the predefined topics.

note that the knowledge base does not provide any confidence scores. We neither quantify our con-
fidence in including an aspect within the dictionary, nor do we provide a value that indicates our
confidence in the topic association. Furthermore, the lexicon does not encode any information about
correlations between the different topics or individual terms. Each term is associated with exactly one
topic. Figures 8.1 and 8.2 illustrate the concept level hierarchy of the resulting knowledge bases. It
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Figure 8.1.: Product type taxonomy for the domain of hotel reviews (restricted to the concept level).
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Figure 8.2.: Product type taxonomy for the domain of digital camera reviews (restricted to the concept
level).

is important to note that the presented concepts form a subset of the topics we initially gathered by
means of the topic modeling approach. Whereas we annotated our evaluation corpora with the com-
plete set of topics, for the experimental setups in the following sections, we subsume or discard some
"rare" topics: Naturally, the real support (i.e., within the manually annotated datasets) differs from
the support estimated by the topic modeling approach. We found that for some topics that exhibited
a low, albeit sufficient estimate, the true support in the evaluation corpus was too low. Each of these
topics is either subsumed within another topic or is discarded (i.e., considered as "off-topic"). For
the hotel domain, all topics exhibited a sufficient support, thus no topic was subsumed or discarded.
With regard to the digital camera domain, we subsumed the topics "image stabilization", "underwater
capability", and "face detection" within the main topic "features", the topics "macro mode" and "man-
ual mode" within the main topic "settings", and "lens" within "optics". The topic "customer service"
was discarded.

For the actual task of attributing coarse-grained aspects to sentences, we utilize the knowledge
base as described in the introductory part of this section. In particular, for matching candidates, we
apply the linguistically informed aspect detection procedure defined by Algorithm C.2. Further, we
make use of the variants attached3 to each entry of the knowledge base so that, for instance, spelling
mistakes or compound variants can be detected.

8.2.2. Experiments and Results

Experimental Setup

We conduct our experiments on the sentence level annotated corpora of hotel and digital camera re-
views. We do not perform any optimization of the lexicons nor any other fine-tuning (i.e., there is
no need to set aside a separate development set). We use the complete corpora as presented in Chap-
ter 5. However, we distinguish two different experimental settings. In the first setting, we evaluate
the lexicon-based approach on all sentences, irrespective of their status regarding the expression of
sentiment. In the second setting, we only take into account polar sentences. For this distinction, we
utilize gold standard knowledge: Polar sentences are all sentences that have been attributed with a
"sentiment polarity" annotation (i.e., including also polar facts). Taking the label-based perspective
(see Appendix E), the total number of instances in the first setting (all sentences) is 3861 for the hotel

3 Variants are collected in a separate file. The final (binary encoded) lexicon that is used for the actual extraction and labeling,
is merged from the XML document and the variants file.

141



8. Detection of Product Aspect Mentions at the Sentence Level

all sentences polar sentences

aspect/label instances precision recall f-measure instances precision recall f-measure

recreation 52 0.909 0.962 0.935 38 0.925 0.974 0.949
parking 68 0.967 0.853 0.906 50 0.980 0.960 0.970
view 73 0.940 0.863 0.900 58 0.964 0.931 0.947
internet 65 0.918 0.862 0.889 61 0.964 0.869 0.914
breakfast 117 0.861 0.846 0.853 88 0.923 0.955 0.939
bathroom 120 0.800 0.867 0.832 115 0.879 0.887 0.883
bed 116 0.724 0.948 0.821 107 0.779 0.953 0.857
service 581 0.833 0.754 0.791 506 0.917 0.761 0.832
dining 271 0.706 0.790 0.746 195 0.740 0.846 0.789
room 628 0.629 0.912 0.745 530 0.719 0.908 0.802
elevator 29 0.583 0.966 0.727 24 0.605 0.958 0.742
check in-out 131 0.832 0.641 0.724 86 0.917 0.640 0.753
facility 160 0.609 0.787 0.687 130 0.656 0.777 0.711
sleep quality 262 0.778 0.603 0.680 235 0.817 0.609 0.698
decoration 60 0.968 0.500 0.659 57 0.967 0.509 0.667
room amenities 126 0.760 0.579 0.658 91 0.754 0.571 0.650
price 159 0.794 0.535 0.639 130 0.816 0.546 0.654
air conditioning 37 0.826 0.514 0.633 36 0.818 0.500 0.621
location 470 0.829 0.506 0.629 368 0.877 0.579 0.697
noise 146 0.978 0.301 0.461 128 0.974 0.297 0.455
security 27 0.800 0.148 0.250 23 1.000 0.174 0.296
cleanliness 163 0.567 0.104 0.176 159 0.708 0.107 0.186

micro-average 3861 0.750 0.692 0.720 3215 0.814 0.708 0.757
macro-average 3861 0.766 0.645 0.667 3215 0.813 0.666 0.696

Table 8.1.: Hotel corpus: Results for the lexicon-based detection of coarse-grained product aspects.
The table distinguishes between results for all sentences and results for the subset of polar
sentences.

dataset and 3329 for the digital camera corpus4. Restricting the evaluation corpus to polar sentences
only (the second setting), we observe 3215 (hotel) and 2525 (digital camera) instances in total.

Regarding the hierarchy, we evaluate by using the relabeling approach described in Appendix E.2.
For the hotel review dataset, our product type taxonomy defines 10 main topics and 12 subtopics.
Considering only main topics, the maximum number of instances is attributed to the aspect "room"
(628) and the minimum amount to the topic "decoration" (60). For subtopics the maximum number of
instances is 146 for the aspect "noise" and the minimum number is 27 for the topic "security". Regard-
ing the digital camera dataset, we have 15 main topics and 8 subtopics. Here, the maximum/mini-
mum number of instances are 483 ("picture quality") and 55 ("software"), as well as 160 ("dimensions")
and 48 ("low-light performance").

Results and Mistake Analysis

We summarize our results of the lexicon-based classification in Tables 8.1 and 8.2. For each label/class
we report precision, recall, and f-measure for both evaluation settings. Topics are ordered descend-
ingly by the f-measure achieved within in the "all sentences" setting.

The main observation is that we achieve quite good results, even with the very simple lexicon-
based approach (and without performing any fine-tuning). In particular, we find micro-averaged f-
measures of 72.0% (hotel) and 70.0% (digital camera), respectively. Macro-averaged results are lower
with 66.7% and 66.5%5, indicating that "large" classes (i.e., covering many instances) exhibit a slightly
higher f-measure in average. When considering only polar sentences, we consistently observe better

4 Observe that due to the attribution of multiple labels to a single sentences and our label-based perspective, the actual
number of instances is higher than the amount of sentences in the test corpus.

5 Take note that with macro-averaged computation, the f-measure does not need to exhibit a value between the precision and
recall scores.
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all sentences polar sentences

aspect/label instances precision recall f-measure instances precision recall f-measure

software 55 0.877 0.909 0.893 40 0.925 0.925 0.925
battery 232 0.921 0.849 0.883 142 0.960 0.845 0.899
zoom 112 0.862 0.893 0.877 90 0.898 0.878 0.888
video recording 128 0.831 0.922 0.874 96 0.885 0.958 0.920
optics 219 0.784 0.913 0.844 166 0.843 0.904 0.872
focusing 54 0.810 0.870 0.839 40 0.872 0.850 0.861
screen 113 0.720 0.956 0.821 85 0.792 0.941 0.860
memory 95 0.741 0.905 0.815 43 0.745 0.884 0.809
price 161 0.854 0.727 0.785 116 0.897 0.750 0.817
user manual 49 0.682 0.918 0.783 41 0.771 0.902 0.831
flash 70 0.619 1.000 0.765 45 0.652 1.000 0.789
shooting modes 80 0.747 0.775 0.761 55 0.792 0.764 0.778
ease of use 326 0.712 0.752 0.731 276 0.806 0.754 0.779
features 150 0.674 0.773 0.721 108 0.693 0.815 0.749
user interface 113 0.647 0.779 0.707 85 0.734 0.812 0.771
settings 182 0.672 0.731 0.700 101 0.667 0.772 0.716
picture quality 483 0.434 0.899 0.586 439 0.584 0.895 0.707
connectivity 68 0.702 0.485 0.574 37 0.783 0.486 0.600
speed 87 0.745 0.402 0.522 70 0.867 0.371 0.520
dimensions 160 0.744 0.381 0.504 124 0.780 0.371 0.503
appearance 269 0.676 0.357 0.467 220 0.745 0.345 0.472
low-light performance 48 1.000 0.188 0.316 42 1.000 0.143 0.250
built quality 75 0.500 0.120 0.194 64 0.583 0.109 0.184

micro-average 3329 0.664 0.739 0.700 2525 0.744 0.735 0.740
macro-average 3329 0.706 0.688 0.665 2525 0.761 0.686 0.687

Table 8.2.: Camera corpus: Results for the lexicon-based detection of coarse-grained product aspects.

results. With regard to both datasets, the micro-averaged f-measure is approximately four percentage
points higher (75.7% and 74.0%) in this setting. We find that this increase is mainly due to a signif-
icantly higher precision (+6.4 and +8.0 percentage points). As the majority of false positives stems
from a lack of context awareness (see next paragraph), we conclude from the increased precision with
polar only sentences, that in this setting the correlation between a product aspect mention and the
associated topic is stronger.

We now take a closer look at the main causes for false positives. To do so, we randomly sample
a set of 300 false positives for each experimental setting ("all sentences" and "polar sentences") and
analyze these representative subsets. The samples stem from a combined set of false positives from
both application domains (hotel and camera). Naturally, we find similar reasons as already discussed
in Section 7.6. The great majority of false positives originates from the lack of context awareness of
the lexicon-based approach. With regard to the experimental setting "all sentences", 84.9% of false
positives can be attributed to this issue. As examples, consider the sentences "The lamp next to the
bed had a hole in the base." or "The front desk was like being waited on at a fast food restaurant.". In
the first sentence the lexicon-based approach matches the keyword "bed" and in the second sentence
it is the word "restaurant". The former sentence is erroneously labeled as topic "bed", the latter as
topic "dining". A second cause for false positives is the ambiguity of lexicon entries. An entry may
be polysemous by itself (e.g., "sheet" mostly referring to "bed sheet" in our context) or its association
to a topic may be ambiguous (e.g., "room service"). In experimental setting 1, such mistakes account
for 9.6% of false positives. A third cause that can be distinguished is partial matches as for instance
in "If you want to sleep quietly, make sure you get a courtyard or pool room.". Here, the keyword
"pool" is extracted instead of matching the correct term "pool room". The sentence is erroneously
associated with the topic "recreation". These kind of errors sum up to 5.5%. With regard to experi-
mental setting 2 ("polar sentences"), we observe the same tendency. However, the share of errors due
to context awareness is slightly lower with 81.5%. The other numbers are 15.2% for false positives
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due to ambiguity and 3.3% for partial matches.
We perform a similar analysis for false negatives. We randomly sample a set of 300 instances which

stem from a combined set of false negatives from both application domains. In this case, we only
consider the setting with polar sentences (recall between both experimental settings does not deviate
much). We can distinguish four main types of errors: The major share of false negatives is due to
implicit mentions of the topic, mostly by paraphrasing it. For instance, by uttering "I agree, it is
nearly impossible to break this camera.", the reviewer implies a positive evaluation of the aspect
"built quality". Or with the expression "Great camera to put in pocket and have at all times.", he
addresses the topic "dimensions". We observe that 57.5% of all false negatives stem from this type
of implicit mention. Another form of implicit mention, which is not covered by our lexicon, is the
use of adjectives and verbs that indicate a product aspect mention (e.g., "The camera is fast." –>
"speed" or "Zooming more than about 3x or 4x yields nothing but blurry pictures" –> "zoom"). We
find that this type accounts for 23.8% of errors. In total, implicit mentions (either by paraphrases or
adjectives/verbs) are responsible for 81.3% of all false negatives.

The third and fourth type of errors are more closely related to the actual coverage of the lexi-
con. We distinguish errors due to a missing lexicon entry (e.g., "The dynamic range mode is very
effective in avoiding blown-out highlights.") or due to a missing variant (e.g., misspellings: "The
panaroma mode is the one new to me and it is good."). The former error type accounts for 14.0%,
whereas the latter sums up to 4.7%. From these results, we can basically conclude that to improve
the recall, it is most important that a system must cope with implicit mentions of product aspects.
Including the set of most significant and frequent phrases (e.g., "put in pocket", "easy to operate" or
"is fast") in addition to nominal mentions, promises to increase the recall of a simple lexicon-based
approach.

The results show further that there exist significant deviations with regard to the accuracy of the dif-
ferent classes. For the hotel dataset (polar sentences), the best results are obtained for the class/aspect
"parking" with an f-measure of 97.0%, compared 18.6% for the aspect "cleanliness" with the worst re-
sults. Concerning the digital camera dataset, the deviation is similar with an f-measure of 92.5%
("software"), compared to 18.4% ("built quality"). It is obvious that some kind of topics are relatively
easy to detect with a lexicon-based approach, whereas others raise difficulties. Taking a closer look,
we generally find that topics which are related to a very concrete aspect (e.g., "software" or "parking")
receive better results than very abstract topics such as "cleanliness" or "speed". Due to the restriction
of the lexicon to mostly nominal product aspect mentions, this observation is not really astonishing.
Abstract topics are more often referred to by paraphrases and other implicit mentions: The low f-
measure obtained for these classes is in nearly all cases due to a very low recall. For instance the
classes "security", "noise", or "low-light performance" exhibit a perfect or nearly perfect precision, but
a very low sensitivity between 14.3% and 29.7%. Taking a look at the false negatives produced by
these classes also shows that such abstract topics are mostly referred to in an implicit manner. In
consequence, we draw the same conclusion as indicated in the previous paragraph.

On a meta level, when comparing the results obtained for both corpora (hotel vs. camera), a further
implication is that our main results and conclusions are consistent over different product domains
(strengthening the validity of the results). The overall macro and micro-averaged results differ only
slightly (≤ 2% for micro and macro-averaged f-measure) and also other tendencies observed in the
data behave similarly.

8.2.3. Related Work

Bloom et al. [45] examine the problem of extracting "appraisal expressions" and linking these to a
set of predefined target entities. They manually create taxonomies of relevant target types for two
domains, namely movie reviews and (generic) product reviews. The complexity of both taxonomies
is relatively low. Basically, lists of terms are associated with generic concepts such as "product part",
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"experience", "company", "marketing", or "support". The authors do not motivate their choice of
concepts and do not provide any information regarding the manual process of creating the lexical
resources. It is unclear which types of terms are covered, neither is the size of the resulting lexicons
known. Evaluation is performed by manually inspecting a small random sample (160 tuples for each
domain) of the output of their system. Despite the small evaluation set, no statement about the recall
of their system can be made.

Cadilhac et al. [61] design an ontology for the domain of restaurant reviews (in French). With regard
to the different levels of complexity (see Buitelaar and Magnini [60]), their knowledge base can be
ascribed to the highest level, modeling a concept hierarchy and relations between them. They apply
the restaurant ontology in an expression level extraction task and argue that the semantic information
can be used to improve the tasks of aspect detection and of linking aspects to sentiment expressions.
They further propose to use the ontology for summarizing the results of the review mining process.
Their actual ontology is composed of 239 hierarchically organized concepts, which are associated
with 646 instances (i.e., terms representing the concepts) and 36 different relations. Evaluation is
performed on a very small hand-annotated dataset of French restaurant reviews (4000 words only)
by comparing their manually crafted ontology with two automatic approaches which extract lists
of aspects [177, 304]. Their experiments show slightly higher precision and recall values for their
handcrafted knowledge base. They argue that the improved recall is due to the fact that relations are
used to identify implicit mentions of product aspects. However, they do not provide any numbers
regarding the significance of their findings, which (concerning the small evaluation set) would have
been of importance. They neither provide any information about the employed annotation scheme
and annotation process, which eventually renders the validity of their results questionable.

Streibel and Mochol [366] propose an ontology for mining trends in the context of market research.
Their ontology evolves around abstract categories such as "product quality", "service", or "image",
which are most relevant in market research. Each category is implemented by a set of keywords
that may be organized in synonym groups. Their generic ontology is implemented (in German) with
the advice from domain experts in market research. Unfortunately, they neither provide information
about the size of their knowledge base, nor do they evaluate the proposed system.

Cheng and Xu [75] use ontologies for topic extraction and polarity analysis in reviews of the au-
tomotive domain. They describe an approach to merge existing ontologies to a larger knowledge
base, but do not explicitly evaluate the performance or effects of this step. A manually created on-
tology, which basically represents a concept hierarchy, is automatically extended by means of heuris-
tically extracting related terms from a domain-specific lexicon. Whereas in the original ontology 363
concepts are covered by 1,233 terms, the enrichment process adds 9,033 lexical representations. Eval-
uation is performed by measuring the effectiveness of their ontology for the task of topic extraction.
Within an evaluation corpus of 1,000 sentences (extracted from customer reviews), a gold standard of
2,038 terms is manually annotated. Again, no information about the annotation process is provided. It
is also unclear how they define a correct match (i.e., a true positive) — it may be a correctly identified
topic or a lexical match. Comparison of their approach to a generic terminology extraction system as
well as an opinion mining system [304], shows significantly better results for both, precision (94.44%)
and recall (89.35%). They find that the enrichment process achieves a major boost in recall (+70 per-
centage points) and at the same time increases the precision (+6 percentage points). However, due to
the small dataset, the unclear annotation process, and the imprecise definition of correct matches, it
is difficult to assess the validity of the results.

Similar to Cheng and Xu [75], also Carenini et al. [64] present an approach to automatically enrich
an existing knowledge base. Given an existing concept hierarchy, they apply term similarity heuris-
tics to map automatically extracted product aspects to one of the concepts of the hierarchy. Employed
similarity measures6 are exclusively based on the semantic distance of words in WordNet [263] and

6 A subset of the measures proposed in [59] is applied.
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the method for aspect extraction equals the approach presented in [177]. The final, enriched con-
cept hierarchy is obtained after manual refinement. As in [75], the process of enrichment only adds
new lexical items, but no new concepts or relations are detected. Evaluation is performed only for
the mapping algorithm, but not for the actual task of extracting product aspects from text. Results
retrieved by the automatic method are compared with gold standard mappings in two different do-
mains (digital camera and DVD reviews). Both gold standards are rather small, containing not more
than 116 mapped terms.

Further works which study the applicability of pre-built lexicons or semi-automatic approaches to
lexicon creation are for example found in [136, 464, 468]

8.3. Supervised, Machine Learning Approach

In this section, we examine the use of supervised machine learning approaches for the discovery of
coarse-grained product aspects in customer reviews. We basically cast the task as an instance of a text
categorization problem and train maximum entropy classifiers on our sentence level corpora. In this
context, we are primarily interested in answering the following three questions:

• Our first goal is to generally compare the results achievable with supervised classifier methods
to the relatively simple, purely lexicon-based approach we discussed in the previous section.
As supervised methods require a tedious and costly manual annotation of training data, the
question is whether the induced effort leads to significantly better results.

• When learning feature-based classifiers, such as maximum entropy models, it is not directly
clear which set of features serves best for the task at hand. Our aim is to answer the question
which feature set fits the specific task of attributing sentences to coarse-grained product as-
pects. In this context we also examine a hybrid approach, combining supervised classifiers with
a lexicon-based method. We incorporate the lexicon information as feature to the maximum
entropy model.

• As already mentioned, creating training data for supervised methods is typically very costly. We
are therefore interested in the question of whether we can successfully exploit weakly labeled
data to reduce these costs in our specific scenario. In particular, we identified that section head-
ings provided in customer reviews often correspond very well to our coarse-grained concepts
of product aspects. We employ high-precision heuristics to extract related sentences that we can
use as training samples for supervised classification. We cover this approach in the separate
Section 8.4.

8.3.1. Implementation

In this section we describe our method of implementing the hierarchical multi-label classification task
with supervised machine learning techniques. First, we transform the original problem so that we can
make use of standard classification algorithms. We briefly discuss this transformation process and
explain why we follow this path, instead of applying dedicated, more complex algorithms to multi-
label classification. Second, we describe the different sets of features we experiment with and explain
how we incorporate information from our lexicon as features to the maximum entropy classifiers.

Problem Transformation

Figure 8.3 gives an overview of the complete transformation process. First, we flatten the concept
hierarchy and relabel the original corpus. In a second step, we transform the original multi-label
problem to multiple binary classification problems and create corresponding training corpora. Based
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Figure 8.3.: Implementing hierarchical multi-label classification by an ensemble of multiple binary
classifiers.

on these corpora, we train a set of binary classifiers that (in combination) allow to label sentences in
accordance to our model.

Hierarchy Flattening Although incorporating structural information, such as provided by our con-
cept hierarchy, may improve the performance of classification algorithms [62, 106, 122, 217, 253, 326,
404], we do not intend to make use of it in our classification models. We simply flatten the hierarchy
as described in Appendix E.2 and relabel the corpus accordingly. We then use the relabeled corpus
to learn the desired classification models. It is important to remark that, although we withhold the
hierarchical information (i.e., dependencies between categories) from the actual learning algorithm,
the information is still available within an application (e.g., for visualization purposes). In summary,
we are aware that the overall classification performance may deteriorate when disregarding the hi-
erarchy information. But as we will see, also this simpler approach achieves very good results and
suffices to study the questions defined earlier.

Binary Relevance Transformation Many supervised machine learning algorithms are not directly
applicable for multi-label classification tasks. To cope with this problem, typically one of the fol-
lowing approaches is utilized: Either the original multi-label problem is transformed to one or more
single-label problems (solvable with traditional learning algorithms), or a specific learning algorithm
is adapted to directly deal with multi-label instances. For our experiments, we opt for the relatively
simple problem transformation approach as it suffices for the purposes defined earlier. Further, the
approach has the major advantage of being independent of any specific machine learning algorithm.
After transformation, any of the multitude of well-known single-label learning procedures for text
categorization can be applied.

An overview of different problem transformation methods is provided by Tsoumakas and Katakis

147



8. Detection of Product Aspect Mentions at the Sentence Level

[388]. The methods basically differ with respect to the loss of information coming along with the
transformation process. Most naively, and with the greatest loss, we could either simply discard all
multi-label instances or randomly select single labels from all multi-label instances — clearly both
approaches are not desired. The most commonly used techniques are label power set and binary rele-
vance transformation. The label power set method7 creates a new, artificial label for each distinct subset
of labels found in the data. For example, if we find instances which are multi-labeled as {A, B, C} in
the data, we create an artificial label "A+B+C". The advantage of such a transformation is that it pre-
serves all information on the correlations and interdependences between labels. However, the major
drawback is the exponential increase of the label set’s cardinality and consequently a data sparsity
problem. As the cardinality of our label sets for both domains is relatively high compared to the size
of our datasets, the binary relevance transformation better fits our needs:

Let k = |L| be the number of distinct labels associated with a given corpus C. Then for each label
λ ∈ L, we construct a "binary" corpus Cλ containing all the instances of the original corpus, with
each instance of the newly created corpus being either labeled as λ or ¬λ. We label an instance as λ
if the original label set contains λ, otherwise we set the label to ¬λ. This transformation results in k
different binary corpora Cλ1 , . . . , Cλk

and on each corpus Cλ, we train a binary classification model
Mλ : X → {λ,¬λ}. In other words, each of the k classification models is able to predict the presence or
absence of one particular label λ. For multi-label classification, we use the set of learned classifiers as
an ensemble. To (multi-label) classify a new instance x ∈ X , we apply all classifiersMλ1

. . .Mλk
of the

ensemble and output as a label set the union of all positive labels that are output by the individual
classifiers. If all classifiers output the negative label ¬λ, we consider the instance as belonging to
a class "other" or, in our specific case, as being "off-topic". For example, with regard to the hotel
review domain, we may train (amongst others) two distinct binary classifiers that can distinguish
between aspects "service" and "not service", as well as "location" and "not location", respectively. If
both classifiers predict positively, we would label a sentence as being related to both aspects, "service"
and "location". If both classifiers predict negatively, we would consider the sentence as being off topic.

The advantage of the described binary relevance approach is (besides its simplicity) that it avoids
the data sparsity problem discussed earlier. On the other hand, as the transformation reduces the
available information to the presence or absence of a particular label, while disregarding any other,
classifiers are unable to learn correlations and interdependencies between different classes (e.g., that
the aspect "cleanliness" may be related to the aspect "bathroom"). Also the computational overhead
is increased. For each prediction all k classifiers need to be consulted. We are aware of these disad-
vantages. We may achieve better results with more complex approaches to multi-label classification,
such as [74, 81, 115, 147, 254, 333, 461, 462]. However, to answer the questions we have formulated in
the introductory part, it is irrelevant whether the absolute results might be improved by, for example,
2 percentage points in f-measure.

Feature Engineering

Since we reduced the task of identifying coarse-grained product aspects to a traditional text catego-
rization problem, it is intuitive to employ the standard set of features as proposed in the relevant
literature. However, in contrast to the classic setting (e.g., the Reuters RCV1 evaluation corpus [227])
where the task is to classify whole documents, we apply text categorization at the sentence level.
Due to the comparably small number of words within a sentence, categorization at the sentence level
may differ substantially from document-level classification. Bag of words feature vectors will be even
"sparser" than in document categorization, potentially lowering the classification performance. It it
thus not directly clear whether previous results with regard to feature selection are transferable to our
specific setting: Although not particularly consistent, the tendency in text categorization literature is

7in analogy to the power set construction method known from automata theory
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mostly that other features, apart from the simple "bag of words" approach, do not lead to significant
improvements or even deteriorate performance [31, 65, 107, 228, 267, 338, 378].

For our experiments, we distinguish two classes of feature types: "Basic features" and "knowledge-
rich features". With basic features we refer to features derived from the lexical information (i.e., the
words/tokens) and shallow linguistic preprocessing (e.g., lemmatization, part-of-speech tagging).
These feature types have in common that they can be derived in an automated manner and do not in-
volve any manual intervention. In contrast, knowledge-rich features make use of a manually curated
knowledge base8. In our case, these types of features are all based on the information encoded in the
product type taxonomy lexicons we presented earlier.

We consider the following preprocessing steps and basic feature types for representing a sentence:

• Bag of words (BOW): We tokenize the sentence (with the Stanford CoreNLP tokenizer) and
create a single feature for each unique token. We use a standard stop word list for filtering
irrelevant tokens and do not case fold tokens. The feature value represents the term frequency
of a token within the sentence. We use the BOW representation as our baseline.

• Downcase (DOW): As BOW, but we lowercase each token.

• Lemmatization (LEM): As BOW, but we reduce each token to its lemma (e.g., "eating", "ate" –>
"eat"). Take note that with lemmatization we also lowercase each token. The intuition with this
representation is to lower the overall number of different features, while preserving the topic
relevant semantics of a token.

• Part-of-speech tags (POS): As a further shallow linguistic feature, we consider the part-of-
speech of a token (tagging is based on the Stanford CoreNLP tagger). To do so, we simply
concatenate token and POS tag (e.g., "eat_VB"). We only use the first two letters of the PennTree-
bank encoding [251] — for instance, we do not distinguish between the tags "VBN" (verb: past
tense) and "VBG" (verb: present participle), but simply encode the information that the token
is a verb ("VB"). In general, part-of-speech tags can be helpful for a very simple word sense
disambiguation.

• Token n-grams (NGR): Instead of creating features from single tokens (unigrams) only, we may
derive features from token n-grams (i.e., combinations of adjoining tokens). The intuition is that
capturing longer "phrases" may encode more precise semantic information. For example, the
bigram "room service" may be a better indicator for the topic "dining" than the two unigrams
"room" and "service" considered separately. If we use bigrams, we abbreviate with NGR-2; if
we combine unigrams and bigrams, the notation is NGR-1+2.

The following enumeration summarizes the knowledge-rich feature types we examine:

• Lexicon term match (LEX-MAT): We create a separate feature for each term/phrase of a sen-
tence that matches a lexicon entry. The features encode the canonical form of the matching
token sequence and the fact that a lexicon match occurred. For example, if the sequence "air-
conditioning unit" matches, we create a feature "LEX-MAT:air conditioning unit". As with token
n-grams, the idea is that longer phrases may be semantically richer than isolated words. Fur-
ther, such a feature represents the information that a term has been identified by a human as
being important for a specific topic.

• Lexicon sentence label (LEX-LAB): We use the lexicon-based classifier to label the sentence —
that is, for each lexicon match, we look up the corresponding topic. For each unique label dis-
covered, we create a feature of the form "LEX-LAB:<label>" (e.g., "LEX-LAB:room amenities").

8 Take note that only the step of creating the knowledge bases is manual, the actual extraction of knowledge-rich features is
of course fully automated.
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The feature value reflects the number of matches that correspond to the particular label (within
the sentence). The idea is to add the vote/prediction of the lexicon-based classifier to the system.

• Lexicon context labels (LEX-CTX1): Instead of considering the lexicon-based predictions for the
current sentence only, we may include the predictions for sentences in the immediate context.
In particular, we add the labels of the immediately preceding and the immediately following
sentence. Our intuition is that topics addressed in adjacent sentences are correlated. Knowing
the topic of the previous and following sentences may help for classifying the current sentence.

• Lexicon context term matches (LEX-CTX2): We look at the preceding and following sentence
and add each lexicon match in these adjacent sentences as a feature for the current sentence. As
for the LEX-MAT feature, we use the canonical form of the matching lexicon entries.

8.3.2. Experiments and Results

Experimental Setup

For our experiments, we use the multinomial logistic regression classifier (maximum entropy classi-
fier) of the LingPipe text processing tool kit9. For regularization/smoothing we use a Gaussian prior
distribution with a fixed variance. To estimate the regression coefficients, the implementation uses a
specific form of stochastic gradient descent [66]. The following table summarizes the parameter settings
for the MaxEnt classifier10:

parameter value description

prior variance (regularization) 8.0 the fixed variance of the Gaussian prior
simulated annealing type (optimization) exponential the type of annealing schedule which defines

the learning rate for numerical optimization

initialLearningRate (optimization) 0.002 minimum relative improvement in error dur-
ing an epoch to stop search

base (optimization) 0.9975 base of the exponential decay
minImprovement (optimization) 0.000001 minimum relative improvement in error dur-

ing an epoch to stop search
minEpochs (optimization) 100 minimum number of search epochs
maxEpochs (optimization) 1000 maximum number of search epochs

Table 8.3.: Parameter settings for the MaxEnt classifiers.

We do not perform any optimization of the hyperparameters for classification — for example, the
Gaussian prior is fixed to a prior variance of 8.0 for each classifier we train. Thus, there is no need for a
separate development dataset. We use the complete corpus for validation. To prevent the overestima-
tion of accuracy and to guarantee generalizability of the reported results to independent datasets, we
use 10-fold cross validation. In particular, all reported results are based on 10 rounds of 10-fold cross
validation. 10-fold cross validation randomly splits the original corpus into 10 distinct folds. The
classifier is trained on 9 of the 10 folds and is tested on the single remaining fold. The folds are "ro-
tated" 10 times so that every observation is used for both, training and testing. The 10 results obtained
with every rotation are averaged to produce a single estimate. To further cope with the variability of
results and to compare different settings (e.g., different feature sets) with statistical significance, we
repeat 10-fold cross validation ten times for each setting. Naturally, each of the ten rounds is based
on a unique partitioning of the original corpus. To make results obtained for different settings com-
parable, the partitioning is based on a pseudo-random permutation of the corpus with a manually

9 http://alias-i.com/lingpipe/demos/tutorial/logistic-regression/read-me.html
10 Some of the descriptions haven been adopted from the LingPipe documentation.
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Figure 8.4.: Repeated 10-fold cross validation. To guarantee comparability of different classifier con-
figurations, the partitioning is consistent for all experiments.

defined seed. That is, the ten distinct partitionings for each round of 10-fold cross validation are the
same for each considered setting. Figure 8.4 illustrates this experimental setup.

Feature Engineering

We first discuss our results with regard to the comparison of different feature sets. Table 8.4 shows
the results for the basic feature types. We report the micro and macro-averaged f-measure for relevant
combinations of feature sets, while distinguishing the experimental settings "whole corpus" vs. "polar
sentences only". All differences (shown in brackets) are computed in reference to the baseline feature
set (bag-of-words). Combinations of feature types are indicated by a "+" symbol. The tables are
ordered ascendingly by micro-averaged f-measure as observed for the "all-sentence" corpus (baseline
is fixed).

There exist two main results we can consistently read from the data: First, considering the absolute
numbers, the maximum increase in micro/macro-averaged f-measure that we achieve by extending
the baseline feature set is moderate at three to four percentage points. Second, besides case folding
and lemmatization, other linguistic preprocessing or token n-gram representations do not improve
results. Differences between feature sets with and without adding part-of-speech tags or token 1+2-
grams are marginal and, when comparing pairwise, mostly not significant (pairwise t-test at 99%
confidence level, measures not shown here). Lowercasing the tokens achieves an improvement of
around 1.5 to 2.0 percentage points compared to the baseline. With lemmatization we observe a fur-
ther increase of around 1.5 to 2.0 percentage points. All results are consistent over domains (hotel
vs. camera), corpus subsets (all vs. polar), and different approaches to averaging (micro vs. macro).
In summary, we find that our results for sentence level topic categorization confirm the earlier men-
tioned tendency we found in the literature on document-level classification: Incorporating more so-
phisticated linguistic preprocessing and longer phrases does not improve results. We may hypothe-
size (albeit, without further examination) that the improvements by lowercasing and lemmatization
actually stem from relative data sparseness. Reducing the number of features by mapping tokens to
a "canonical" form, observably helps in our case. But in general (given enough training data), capi-
talization and different inflected forms may in fact be identified as helpful cues for classifying text.
However, as in our case, creating "enough" training data is very costly. Also, the drastic deterioration
in performance when using lemma bigrams only (around -25 percentage points) is likely to be related
to data sparseness (the majority of bigram features occurs only once in the training data).
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all polar

features micro-f macro-f micro-f macro-f

BOW (baseline) 0.754 0.714 0.789 0.744
NGR-2+LEM 0.540 (-0.214**) 0.464 (-0.250**) 0.553 (-0.236**) 0.466 (-0.279**)
BOW+DOW 0.768 (+0.015**) 0.736 (+0.022**) 0.804 (+0.014**) 0.768 (+0.024**)
NGR-1+2+LEM+POS 0.783 (+0.029**) 0.750 (+0.036**) 0.817 (+0.028**) 0.778 (+0.034**)
NGR-1+2+LEM 0.783 (+0.029**) 0.752 (+0.038**) 0.819 (+0.030**) 0.777 (+0.033**)
BOW+LEM+POS 0.785 (+0.031**) 0.754 (+0.039**) 0.817 (+0.028**) 0.778 (+0.034**)
BOW+LEM 0.785 (+0.032**) 0.756 (+0.041**) 0.817 (+0.028**) 0.778 (+0.034**)

(a) hotel corpus

all polar

features micro-f macro-f micro-f macro-f

BOW (baseline) 0.715 0.698 0.734 0.705
NGR-2+LEM 0.517 (-0.198**) 0.475 (-0.222**) 0.525 (-0.209**) 0.465 (-0.241**)
BOW+DOW 0.729 (+0.015**) 0.714 (+0.016**) 0.753 (+0.019**) 0.725 (+0.019**)
BOW+LEM+POS 0.734 (+0.019**) 0.723 (+0.026**) 0.759 (+0.024**) 0.737 (+0.032**)
NGR-1+2+LEM+POS 0.736 (+0.021**) 0.722 (+0.024**) 0.763 (+0.029**) 0.734 (+0.029**)
BOW+LEM 0.738 (+0.024**) 0.729 (+0.031**) 0.765 (+0.031**) 0.746 (+0.040**)
NGR-1+2+LEM 0.746 (+0.031**) 0.729 (+0.032**) 0.769 (+0.035**) 0.742 (+0.037**)

(b) digital camera corpus

Table 8.4.: Comparison of results for different sets of basic features. Differences to the baseline (bag-
of-words) are shown in brackets. All differences are significant at the 99% confidence level.

We now consider the results obtained when introducing knowledge-rich features from the lexicon-
based classifier. Table 8.5 summarizes our findings in this regard. As a baseline we choose the best
basic feature set (BOW+LEM) and, again, all differences are calculated in reference to the baseline.
We first experimented with all lexicon-based features (MAT, CTX-1/2, and LAB) in isolation. We find
that including the information about the context does not lead to any improvement. In fact, we con-
sistently observe that the performance slightly decreases. In case of the lexicon-based labeling, we
must consider that provided context knowledge is not perfect — the lexicon-based labeling has an
average precision of around 70%-75%. To eliminate the influence of partly incorrect information, we
also experimented with including (synthetically perfect) context information from the gold standard
(GOLD-CTX). But also when allowing the classifier access to gold standard annotations, the context
features lead to inferior results. We thus conclude that our initial hypothesis on knowing about the
topic of adjacent sentences may help in labeling the current sentence, cannot be confirmed. On the
other hand, features based on lexicon matches (MAT) and the actual lexicon labeling (LAB) do help.
Including information about matching terms increases the averaged f-measure around 1.0 to 1.5 per-
centage points. Including the labels has a stronger effect, with improvements between 2.5 and 5.0
percentage points. Combining both feature types (LEX-MAT+LAB) shows only very marginal gains
compared to using the label only (LEX-LAB). In fact, the differences measured for the hotel corpus
are not significant at a 99% confidence level (for the camera corpus they are). We also tested a com-
bination of all lexicon feature types, but no significant deviation (neither positive, nor negative) is
observed. In summary, we find that following a hybrid approach, by including lexicon information
as features to a supervised classifier, is superior to using the supervised classifier alone. We observe
improvements of up to 5.5 percentage points in macro-averaged f-measure.
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all polar

features micro-f macro-f micro-f macro-f

BOW+LEM (baseline) 0.785 0.756 0.817 0.778
baseline+LEX-CTX2 0.781 (-0.004**) 0.751 (-0.005**) 0.816 (-0.001) 0.775 (-0.003)
baseline+LEX-CTX1 0.782 (-0.003**) 0.755 (-0.001) 0.815 (-0.002**) 0.776 (-0.002)
baseline+GOLD-CTX 0.784 (-0.001) 0.743 (-0.013**) 0.815 (-0.002**) 0.773 (-0.006**)
baseline+LEX-MAT 0.792 (+0.007**) 0.765 (+0.010**) 0.825 (+0.008**) 0.794 (+0.016**)
baseline+LEX-LAB 0.809 (+0.024**) 0.801 (+0.045**) 0.843 (+0.026**) 0.829 (+0.050**)
baseline+LEX-MAT+LAB 0.810 (+0.025**) 0.801 (+0.045**) 0.846 (+0.028**) 0.831 (+0.052**)
baseline+LEX-ALL 0.812 (+0.027**) 0.801 (+0.045**) 0.846 (+0.028**) 0.829 (+0.050**)

(a) hotel corpus

all polar

features micro-f macro-f micro-f macro-f

BOW+LEM (baseline) 0.738 0.729 0.765 0.746
baseline+LEX-CTX2 0.734 (-0.005**) 0.722 (-0.007**) 0.760 (-0.005**) 0.738 (-0.008**)
baseline+LEX-CTX1 0.735 (-0.003**) 0.722 (-0.007**) 0.759 (-0.007**) 0.734 (-0.011**)
baseline+GOLD-CTX 0.736 (-0.002) 0.729 (-0.000) 0.767 (+0.002) 0.742 (-0.003)
baseline+LEX-MAT 0.752 (+0.014**) 0.741 (+0.012**) 0.778 (+0.013**) 0.759 (+0.013**)
baseline+LEX-LAB 0.772 (+0.033**) 0.770 (+0.040**) 0.803 (+0.038**) 0.796 (+0.050**)
baseline+LEX-ALL 0.777 (+0.038**) 0.772 (+0.043**) 0.807 (+0.042**) 0.799 (+0.053**)
baseline+LEX-MAT+LAB 0.778 (+0.039**) 0.774 (+0.045**) 0.809 (+0.044**) 0.801 (+0.055**)

(b) digital camera corpus

Table 8.5.: Comparison of results for different sets of knowledge-rich features. Differences to the base-
line (bag-of-words + lemma + POS tags) are shown in brackets. All differences are signifi-
cant at the 99% confidence level.

Comparison to Purely Lexicon-Based Approach

Also without further optimization (no parameter tuning, no feature selection11, and no dedicated clas-
sification algorithm for hierarchical multi-label data), we observe that the approach based on su-
pervised classification shows significant improvements in comparison to the purely lexicon-based
method. Tables 8.6a and 8.6b illustrate this comparison in numbers. The tables report the f-measure
achieved with the best performing maximum entropy classifier (BOW+LEM+LEX-MAT+LAB) for
each coarse-grained product aspect. The numbers in brackets represent the difference to the lexicon
classifier (cf., Table 8.2).

For the hotel corpus we find that the supervised approach increases the f-measure by around 9 per-
centage points (micro-averaged) and around 13.5 percentage points with respect to macro-averaged
results. We further observe that this increase is consistent for the settings with all and only polar sen-
tences, raising the validity of the results. For the digital camera dataset, we have similar results. Here,
the increase is slightly lower with 7-8 percentage points in micro-averaged f-measure and around 11
percentage points in macro-averaged f-measure. In general, we find that improvements in terms of
macro-averages are higher compared to looking at the micro-averages. This is the case when small
categories (i.e., with fewer instances) benefit disproportionately in comparison to large categories. In
fact, for the hotel dataset we observe major improvements of over 30 percentage points for the rela-
tively small categories "cleanliness", "security", and "noise". For the camera corpus such topics are for
instance "built quality", "low-light performance", and "dimensions".

Recall that the lexicon-based approach particularly exhibits inferior performance with regard to
more "abstract" topics (e.g., "sleep quality", or "noise"), compared to topics which cover many concrete

11See for example Manning et al. [250, chap. 13.5]
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aspect/label f-measure (all) f-measure (polar)

recreation 0.939 (+0.004) 0.941 (-0.008)
view 0.905 (+0.005) 0.941 (-0.006)
internet 0.893 (+0.004) 0.915 (+0.001)
parking 0.886 (-0.020) 0.959 (-0.011)
breakfast 0.881 (+0.028) 0.938 (-0.000)
bathroom 0.863 (+0.031) 0.917 (+0.034)
cleanliness 0.852 (+0.676) 0.876 (+0.690)
location 0.842 (+0.214) 0.887 (+0.190)
bed 0.826 (+0.005) 0.850 (-0.007)
elevator 0.817 (+0.090) 0.849 (+0.107)
service 0.816 (+0.025) 0.879 (+0.047)
noise 0.809 (+0.348) 0.840 (+0.384)
room 0.807 (+0.063) 0.836 (+0.034)
sleep quality 0.805 (+0.125) 0.838 (+0.140)
dining 0.794 (+0.049) 0.824 (+0.035)
check in-out 0.777 (+0.053) 0.791 (+0.038)
facility 0.727 (+0.041) 0.749 (+0.038)
price 0.719 (+0.080) 0.729 (+0.074)
decoration 0.719 (+0.059) 0.710 (+0.043)
room amenities 0.710 (+0.052) 0.668 (+0.018)
air conditioning 0.677 (+0.044) 0.700 (+0.079)
security 0.563 (+0.313) 0.641 (+0.345)

micro-average 0.810 (+0.091) 0.846 (+0.089)
macro-average 0.801 (+0.134) 0.831 (+0.135)

(a) hotel corpus

aspect/label f-measure (all) f-measure (polar)

software 0.905 (+0.012) 0.929 (+0.004)
battery 0.898 (+0.015) 0.907 (+0.008)
video recording 0.866 (-0.008) 0.920 (-0.000)
focusing 0.866 (+0.027) 0.887 (+0.026)
zoom 0.854 (-0.023) 0.885 (-0.003)
price 0.850 (+0.064) 0.876 (+0.059)
optics 0.849 (+0.006) 0.875 (+0.003)
memory 0.816 (+0.001) 0.779 (-0.029)
screen 0.812 (-0.010) 0.841 (-0.019)
dimensions 0.794 (+0.290) 0.828 (+0.326)
ease of use 0.783 (+0.052) 0.826 (+0.047)
flash 0.779 (+0.014) 0.821 (+0.032)
shooting modes 0.777 (+0.017) 0.780 (+0.002)
user manual 0.773 (-0.009) 0.827 (-0.004)
settings 0.769 (+0.069) 0.751 (+0.035)
user interface 0.745 (+0.038) 0.793 (+0.022)
picture quality 0.735 (+0.150) 0.800 (+0.093)
features 0.725 (+0.005) 0.775 (+0.026)
appearance 0.683 (+0.215) 0.719 (+0.247)
speed 0.678 (+0.156) 0.673 (+0.153)
low-light performance 0.672 (+0.356) 0.669 (+0.419)
connectivity 0.670 (+0.097) 0.738 (+0.138)
built quality 0.510 (+0.317) 0.516 (+0.331)

micro-average 0.778 (+0.078) 0.809 (+0.069)
macro-average 0.774 (+0.109) 0.801 (+0.113)

(b) digital camera corpus

Table 8.6.: Comparison of results for maximum entropy versus lexicon-based classification. The Max-
Ent classifier is based on the best performing feature set (including knowledge-rich fea-
tures), but without any further optimization of hyperparameters.

entities (e.g., topic "bathroom"). In the former case, the sensitivity of the lexicon-based method is
typically very low. We find that especially this type of topics benefits from the supervised approach.
For example, we see improvements of nearly 70 percentage points for the topic "cleanliness" or over
40 percentage points for the aspect "low-light performance". The recall (not shown in the table) for
these categories increases drastically. In Table 8.7 we take a closer look at the most important features
for three of these "difficult" topics. In particular, the tables show excerpts of the estimated maximum
entropy models12 for the aspects "hotel:noise", "hotel:cleanliness", and "camera:built quality". Our
intention to present this exemplary data is to point out the importance of some tokens/terms that
are very hard to integrate in a lexicon-based approach. For instance, with regard to the topic "noise",
besides observing very obvious features, such as "quiet", "noisy", "noise", or "hear", we also find
tokens such as "sleep", "night", "quite", "wall", or "thin". We can use this example to show that a
supervised classifier exhibits superior performance (compared to a lexicon-based approach) mainly
for three reasons: First, a lexicon that is based on mostly nominal mention types does not include
important terms such as "quiet", "noisy", or "hear". Second, even for nominal terms, it may be very
hard for a human to correctly associate them to a topic. Nouns such as "sleep", "night", or "wall"
cannot directly be identified as being relevant for the topic "noise". Third, the classifier is able to
learn weights for each term and to calculate a probability based on the interplay of occurring terms.
With regard to the lexicon-based classifier, the decision is simply based on the presence or absence of
indicator terms. To point out some more interesting examples: With respect to the aspect "cleanliness"
we find (at a first sight) surprising features such as "well", "would", or "pet friendly". The token "well"
seems to be a good indicator because it is often used within the phrase "well kept" (see corresponding
bigram feature), whereas the word "would" is apparently used in phrases such as "would need some
cleaning" or "cleaning would help". With regard to "pet friendly", it seems that reviewers correlate
the term to the "cleanliness" of a hotel (presumably with a negative connotation). For the topic "built

12 For didactic reasons, we choose models based on the NGR-1+2+LEM+LEX-MAT+LAB feature set (i.e., including bigrams).
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# feature symbol coefficient

1 quiet 3.750
2 noisy 2.612
3 noise 2.054
4 loud 1.943
5 hear 1.925
6 LEX-LAB:noise 1.877
7 sleep 1.314
8 LEX-MAT:noise 1.083
9 LEX-LAB:sleep quality 1.073
10 night 0.984
11 quite 0.890
12 wall 0.875
13 thin 0.860
14 problem 0.836
15 LEX-LAB:air conditioning 0.794
16 door 0.701
17 outside 0.665
18 could hear 0.659
19 all night 0.655
20 floor 0.653
21 street noise 0.620
22 siren 0.616
23 earplug 0.615
24 next 0.614
25 elevator 0.577

(a) hotel: "noise"

# feature symbol coefficient

1 clean 5.992
2 LEX-LAB:cleanliness 2.016
3 smell 1.184
4 mold 0.954
5 stain 0.925
6 LEX-MAT:cleanliness 0.794
7 cleanliness 0.794
8 dirty 0.793
9 very clean 0.625
10 room clean 0.614
11 well 0.578
12 sheet 0.527
13 would 0.515
14 bathroom 0.509
15 very well 0.508
16 hotel clean 0.504
17 old 0.439
18 black mold 0.416
19 smell like 0.411
20 housekeeping 0.381
21 well keep 0.376
22 maid 0.363
23 problem housekeeping 0.352
24 maid service 0.348
25 pet friendly 0.342

(b) hotel: "cleanliness"

# feature symbol coefficient

1 feel 1.458
2 build 1.190
3 durable 1.153
4 scratch 1.149
5 break 1.051
6 solid 0.971
7 drop 0.805
8 LEX-LAB:built quality 0.780
9 make 0.775
10 quality great 0.770
11 LEX-LAB:appearance 0.757
12 water 0.711
13 quality 0.660
14 already break 0.648
15 seem 0.634
16 still work 0.629
17 plastic 0.623
18 after 0.621
19 over 0.572
20 already 0.545
21 kid 0.533
22 case 0.529
23 cheaply make 0.527
24 cheaply 0.527
25 damage scratch 0.485

(c) aspect "built quality"

Table 8.7.: Top 25 features for three different MaxEnt classifiers. The coefficients represent the esti-
mates of the maximum entropy model for the positive outcome in a binary classification
task.

quality", we observe interesting indicators such as "water", "plastic", or "kid" (which we do not further
comment on).

Mistake Analysis

In this section we examine the most common types of mistakes encountered with the supervised clas-
sification approach. Our primary intention is to point out the most promising paths for improvement.
The concrete approach to mistake analysis is as follows: We pick out exemplary categories/topics for
which we achieved either low precision or low recall and then analyze the main reasons for false posi-
tives and false negatives. We consider the results produced by the best performing MaxEnt classifiers
with the BOW+LEM+LEX-MAT+LAB feature set. Representatives for comparably low precision are
for instance the topics "flash" and "picture quality". On the "polar sentences" sub corpus we observe
(nonetheless good) precision values13 of 73.2% (76.7%) for these particular aspects (macro-averaged
precision for the related corpora are at 81.3% and 87.3%, respectively). As representatives for low
recall, we choose the topics "built quality" (recall: 48.5%) and "security" (recall: 56.1%).

We first take a closer look at correctly identified sentences and compare with false positives. A very
basic observation is that true positives typically contain strong indicators (i.e., features with a high
weight coefficient) which correctly identify the overarching topic. Further, in most cases multiple
strong indicators exist in the context, while indicators for other categories are absent. For instance the
sentence "Only complaint is that the flash coverage begins to weaken beyond about 10 feet.", contains
the three strong indicators "flash", "coverage", and "weak", but no strong indicators for other topics.
Such a type of sentence is nearly always correctly identified by the classifier. On the other hand, a
common pattern for false positives is when a single strong indicator exists for the false class, while
only weak indicators provide clues for the true class. For example, consider a sentence like "100+
photos, most with flash, and the camera was still going strong.". The binary classifier for the topic
"flash" produces a false positive — the true class is "battery". We have the single strong feature "flash",
but only very weak indicators for the true topic ("going" + "strong"). Without any further information

13not shown in the tables
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from the context (e.g., "battery life" is mentioned in the previous sentence), the classifier consequently
misconceives the occurrence of the strong indicator. So in such cases, the MaxEnt classifier is no
better than the lexicon-based classifier which totally neglects context information. Here, the context
is simply not indicative enough and admittedly such a sentence is also hard to categorize for a human.
We may summarize this type of failure as "weak context information".

Another common case when lack of information leads to false positives, is when sentences are sim-
ply too short. For instance the sentence "Style and color is great." contains only the three tokens "style",
"color", and "great" after stop word filtering. The true class for this sentence is "appearance", but the
classifier falsely identifies it as being related to the topic "picture quality". The classifier learned that
the feature "color" (in terms of color reproduction in pictures) is much more closely related to the
topic "picture quality" than to "appearance". And in fact, it is a markedly stronger indicator for the
positive class "picture quality" than the feature "style" is for the negative class "not picture quality". In
the absence of further information ("great" also indicates "picture quality"), the classifier cannot take
an accurate decision.

The previous example also points towards another characteristic that is the cause of reduced accu-
racy. We have seen that one reason for misclassification was the ambiguous token "color". It has a
stronger correlation with the topic "picture quality" as it is more likely to appear in "picture quality
sentences" than in "appearance sentences". But a second reason is also the considerably higher prior
probability for the topic "picture quality" compared to the topic "appearance". Corpus analysis has
already shown that the majority of comments within a customer review is related to only a few topics.
In our case, reviewers much more often comment on the aspect "picture quality" than on the aspect
"appearance". In consequence, the classifier is confronted with highly imbalanced data. Learning ac-
curate models in the presence of such imbalanced data is a research topic on its own [72, 118, 162, 188].
We observe that in cases when information is lacking (e.g., short sentences) or context information is
weak, this produces false positives for the larger class and false negatives for the smaller class.

A further (foreseeable) issue we encounter is related to the relatively simple approach of trans-
forming a multi-label problem to multiple binary classification tasks. We already mentioned that the
binary relevance transformation approach basically neglects the information on interdependencies
between categories. In fact, we observe that sentences which are truly multi-labeled in the original
data, relatively more often lead to misclassification. For example, consider the sentence "The location
was central and close to everything, however resulting in a constant noise level during nights.", which
refers to the two topics "location" and "noise". A binary classifier that learns to discriminate "location"
sentences from "non location" is likely to miss the relation between location and noise. Out of all pos-
itive examples for the class "location", only a few include also the mention of topic "noise". And, as
the concept "noise" is more often expressed without referring to the location, the number of negative
examples mentioning "noise" is higher than the number of positive examples. The binary classifier
is likely to learn that noise features are more indicative for the "non location" class. Imbalanced data
further pronounces this issue.

The major reason for reduced recall is data sparsity. Natural language allows to refer to a topic in
nearly arbitrary many ways. While the classifier is good in detecting very common indicator phrases,
it falls off when reviewers paraphrase a topic by means of very specific formulations. There simply
exist too few training data to successfully discover such cases. For instance, consider a sentence like
"The sealing rubbers dry out after a while, so inform clients to use silicon gel.", which is labeled as
topic "built quality". Weakly indicative features such as "sealing", "rubber", or "client" appear only
once in the context of the "built quality" topic. The same is true for a sentence such as "I walked to the
walgreens in the morning and saw drug paraphernalia on the ground.". While referring to the topic
"security", the actual category is only implied. A human knows that discovering drug paraphernalia
on the ground is typically a sign for a more dangerous area. However, the classifier has too few
data to learn this correlation. Data sparsity is a general problem in supervised machine learning (cf.,
Bishop [39, chap. 1.4]). In our case and going along with the issue of imbalanced data, we observe that
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especially the small categories "security", "decoration", "air conditioning", "built quality", or "low-light
performance" suffer from low recall.

In summary, we identify the following four predominant causes for failures:

• Weak or missing context information: Classifying sentences (especially short ones) is, in com-
parison to document classification, prone to this type of error. The difficulty is inherent to our
specific task. We tried to alleviate the issue by providing the classifier with information from
the adjacent sentences. However, we could not achieve any improvement by incorporating
these type of features (see the previous section). We hypothesize (without further proof) that
the amount and complexity of possible correlations between adjoining sentences is too high in
relation to the size of our training data.

• Imbalanced data: This issue is also inherent to our task. It is a fact that a small number of topics
is far more often referred to by reviewers. However, here is potential for improving the classifier
performance. A good overview of learning in the presence of class imbalance is provided by
He and Garcia [162]. Most common approaches to handle imbalanced datasets are sampling
techniques [49, 119, 239], cost-sensitive learning [116, 246, 405], and the adaptation of kernel-
based methods [134, 169, 444] such as support vector machines.

• Binary relevance transformation: Transformation of the multi-label problem to a binary classi-
fication task neglects inter-class correlations and leads to an increased misclassification rate. We
already pointed out in Section 8.3.1 that more sophisticated methods have been proposed in the
literature to handle multi-label data directly.

• Data sparsity: The most obvious approach to overcome the data sparsity problem is to increase
the size of the training dataset. But also very obviously, this is the most laboriously approach.
Semi-supervised learning [1, 71] and active learning [285, 343] represent algorithmic approaches
to alleviate the issue at reduced costs. For our specific setting, we will examine an approach
based on incorporating weakly labeled data in the next section of this chapter.

8.3.3. Related Work

Ganu et al. [138] examine the use of support vector classifiers for detecting the prevalent topic(s) of a
sentence. Their manually labeled corpus of restaurant reviews covers four domain related topics and
two miscellaneous topics. For each of these topics they train a separate, binary SVM classifier. As
features they use stemmed tokens. Results are reported as precision and recall values, separately for
each topic. For the four domain related topics a macro-averaged f-measure of 73.4 is achieved. Taking
all topics into account, the macro-averaged f-measure decreases to 67.1. micro-averaged results are
not reported. The authors do not further explain their choice of topics. For example Brody and
Elhadad [55] who experiment with the same corpus, find a different, more fine-grained set of topics.

Also Blair-Goldensohn et al. [40] examine the application of supervised machine learning methods
to classifying sentences with regard to the topic dimension. They as well consider service reviews,
namely restaurant and hotel reviews. For each domain manually labeled corpora of roughly 1,500
sentences are created (the corpora are however not publicly available). They also distinguish only a
very small number of topics, four in the restaurant domain and five in the hotel domain. As Ganu
et al., they train binary classifiers for each topic, but they use maximum entropy models (multinomial
logistics regression) instead of SVMs. No information is provided with regard to the feature set used
for classification. Results for the restaurant dataset are comparable to the numbers reported by Ganu
et al.. Blair-Goldensohn et al. report a macro-averaged f-measure of 71.1 compared to 73.4. Achieved
results for the hotel domain are slightly better with a macro-averaged f-measure of 76.4.

157



8. Detection of Product Aspect Mentions at the Sentence Level

8.4. Exploiting Weakly Labeled Data

In this section we examine the utility of weakly labeled data for extracting coarse-grained product
aspects with a supervised classification approach. In this regard, we basically extend the previous
section. We apply the same techniques (e.g., binary relevance transformation, MaxEnt classifiers), but
additionally incorporate weakly labeled training data. Obviously, our motivation for considering the
use of weakly labeled samples is based on the expectation to successfully reduce the costs of gathering
training data for supervised learning. In the following we provide an overview of the basic idea. Our
concrete implementation is described in Section 8.4.1.

While sifting through numerous customer reviews, we found that authors (especially of longer
reviews) often structure their writings by providing section headings. In this context, we observed
two common patterns: Section headings either introduce a new topic/aspect or they refer to one of
the discourse functions we have presented earlier. This is natural, as the section headings reflect the
actual flow of topics and discourse functions within a review on a more abstract level. To give a few
examples: Section headings referring to the discourse function "advice" may for instance read "My
advices", "A few advices", "Tip", or "Some hints". Section headings for the topic "built quality" may be
"On built quality", "Durability", or "Robustness:". The majority of "discourse section headings" refers
to the function "sentiment". They introduce sections which enumerate either the advantages (pros) or
disadvantages (cons) of the reviewed entity. Exemplary headings would be "Pros", "The good", "The
positive", "Downsides", "What I dislike", or "Drawbacks:".

The basic idea of our approach is very simple: We make the intuitive assumption that there is
a strong correlation between the section heading’s semantic and the actual semantic of the headed
content (in the following referred to as headed segment). Figure 8.5 illustrates this idea. The excerpt
from a hotel review shows the three section headings "Room:", "Location:", and "Atmosphere and
service:". Naturally, the topic implied by each of these headings is reflected by the related paragraphs.
For instance, the first two sentences of the "location" segment "We loved staying in Pacific Heights,
and we found it a really good alternative to staying in the city center. It’s a lovely neighborhood
[...]." clearly correlate with the topic. Interpreting the heading as label, these two sentences constitute
perfect positive samples for training a "location" classifier. The same is true for the first two sentences
of the "room" segment. The sentences "Our queen bedroom was quite big, and our window faced the
tiny interior courtyard. Sure, the view towards the Golden Gate Bridge would have been nicer [...]."
are without question related to the topic "room".

However, whereas on the level of paragraphs our assumption is valid at quasi a one hundred
percent, this is not the case when referring to the sentence level. For example, consider the first
sentence of the "atmosphere and service" segment. The sentence "These two go hand in hand in this
hotel." is actually a comment on the the heading and does not relate to the topic on its own. Extracting
such a sentence as positive example for the "service" topic would introduce noise into an heuristically
generated training set. A human annotator would have labeled such a sentence as being "off-topic".
The example thus shows that a heuristic which creates positive samples by extracting sentences from
a headed segment and using the heading as a label, in fact may generate an inconsistent training set.
In other words, such training data is only weakly labeled and is likely to contain more noise than
traditionally curated training corpora. We are thus interested in examining whether this type of data
can actually help in our context.

8.4.1. Implementation

We now discuss our concrete implementation of the basic idea to exploit section headings as labels.
We first provide details on the extraction heuristics we use to automatically generate the labeled data.

14The illustration shows an excerpt of a Tripadvisor.com review by user "cantona7": http://www.tripadvisor.com/
ShowUserReviews-g60713-d80983-r76549118
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"Fantastic place,. Wouldn't want to stay anywhere else."
Reviewed August 17, 2010

[...]

Room: Our queen bedroom was quite big, and our window faced the tiny
interior courtyard. Sure, the view towards the Golden Gate Bridge would
have been nicer, but we knew we had booked a budget special, so didn’t
expect marvelous views either. And to be honest, the nice little courtyard
made it a very quiet option. The room looked just like we had imagined it
from pictures on the hotel’s website; a beautifully decorated room with
excellent furniture and nice unique touches. [...]

Location: We loved staying in Pacific Heights, and we found it a really good
alternative to staying in the city center. It’s a lovely neighborhood, quite
affluent, with beautiful homes, and the hotel is not far away from the shops
and restaurants of Fillmore Street. It doesn’t take long to go the city center
by bus or taxi either and we felt by staying there we got to see more than just
the tourism and business centers of San Francisco.

Atmosphere and service: These two go hand in hand in this hotel. The Drisco
is certainly not a big anonymous chain hotel. Instead, it is friendly, more
homely, welcoming and makes an effort to properly host you. We received a
very warm welcome from all staff we encountered. It was always really nice to
talk to the employees, from cleaner to waiter to concierge.
[...]

Value
Location
Sleep Quality

Rooms
Cleanliness
Service

Figure 8.5.: An indirect crowdsourcing approach that exploits section headings as user signals14.

Second, we demonstrate how we use the generated training data to support the task of detecting
coarse-grained product aspects in customer reviews.

Extraction of Weakly Labeled Data

The illustration in Fig. 8.6 provides an overview of the extraction process. A first step is to use a web
crawler to collect huge amounts of customer reviews for the desired product type. Of course, these
reviews must be of a type that includes free text comments. In our case, we utilize the collections of
hotel and digital camera reviews we have introduced in Chapter 5. Recall that both collections consist
of several hundred thousand documents. The next step is to process each individual review:

Extract Paragraphs We automatically partition the free text part of each review into a set of non-
overlapping paragraphs. This step is performed by a heuristic that simply splits the free text’s string
representation at boundaries defined by at least two consecutive newline characters. In printed mate-
rial, it is a convention to start a paragraph at a new line and to indent it. But as indention is typically
not directly available in HTML forms, reviewers most commonly use two or more newline charac-
ters to indicate a paragraph break. Thus, our very simple heuristic performs very well in detecting
paragraph boundaries. Take note that not all customer reviews are structured by paragraphs — many
authors do not use line breaks at all. So the result of this step may also be a "partitioning" into a single
paragraph only.
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Figure 8.6.: Schematic overview of the process that generates a labeled training corpus from section
headings.

Extract Headings Having segmented the review into a set of paragraphs, only two possibilities
exist for the occurrence of a heading: A heading either occurs as its own (short) paragraph (i.e., it is
separated from other text by at least two newline characters) or it appears at the beginning of a longer
paragraph. Now the task is to distinguish headings from regular text. If the particular review site
allows to use HTML tags for structuring, we can simply look for heading tags in the HTML source
of the review. However, not all sites allow to use HTML and if available, not all reviewers make
use of this option. Refraining from the HTML markup, we identified two intuitive patterns that are
strong indicators for a heading. The first pattern applies to headings that occur in its own paragraph:
If a paragraph consists of a single line that is not terminated by a punctuation mark (except for a
colon) and is no longer than hmax characters, it is most likely a valid section heading. After some
experimenting, we set hmax to 40 characters (including whitespace). The second heuristic applies to
headings that appear at the beginning of a longer paragraph: Here, we basically use the colon symbol
(’:’) as strong indicator. We consider the first hmax characters of the paragraph. If the string contains
a colon character that is not followed by a digit (e.g., as in "11:00 am") or another punctuation mark
(e.g., as in ":-)"), we regard the substring to the left of the colon as a heading. The heading candidate
may consist of any alpha-numeric and whitespace characters, but must not contain a newline symbol.
For both heuristics we set the minimum length of a heading hmin to 3 characters. We use regular
expressions for encoding the constraints defined by the two patterns and for extracting the actual
headings. Both heuristics provide a reasonably high precision and a good recall (the majority of
section headings follows one of the two patterns). However, take note that only a few paragraphs
are actually entitled by a section heading. The most common case is that reviewers do not provide
headings at all. Further, a paragraph may also be subordinate to a preceding paragraph that is directly
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headed. In fact there exists a 1:N relation between headings and paragraphs (a heading may set the
topic for multiple paragraphs).

Cleansing and Normalization While the precision for the task of distinguishing headings from reg-
ular text is high, the extracted headings still contain a lot of "noise" that masks the actual "label" we are
interested in. For instance, we may extract the headings "The service:", "On the service:", "1. Service:",
"About the service:", or "Towards the service". Obviously all headings label subsequent paragraphs as
referring to the topic "service". So the next step is cleansing and normalization of extracted headings.
We would like to remove the clutter in form of different prepositions, determiners, or enumeration
symbols and map the label to a canonical form (e.g., "service" instead of "hotel services"). To remove
the clutter, we apply several cleansing operations, for example including:

• Delete preceding/trailing whitespace and dashes (e.g., " – Service – " –> "Service").

• Delete preceding enumeration markers such as "1.", "a)", "*", etc. (e.g., "* Service" –> "Service").

• Delete preceding determiners and possessive pronouns
(e.g., "My final thoughts" –> "final thoughts").

• Delete "filler phrases" such as "Comment on the. . . ", "As for the. . . ", "About the. . . ", etc. For this
purpose we created a lexicon of the most common filler phrases used in section headings of
customer reviews. We use it as a stop word list (e.g., "As for the service" –> "service").

• Delete review related terms/phrases such as "Problem with. . . ", ". . . issues", ". . . highlights", etc.
(e.g., "Service issues" –> "Service").

There are more heuristics which we do not list here. Our basic procedure to find a reasonable set of
cleansing operations was iterative. We identified the most frequent "noise" pattern, generalized from
it and implemented a cleansing step to remove this particular type of clutter. We ran our extraction
procedure again, verified the results and identified the next common pattern until results were sat-
isfiable. For normalization, we lowercase the whole heading and use the Stanford CoreNLP tool to
lemmatize each token (e.g., "Hotel Services" –> "hotel service"). In addition, we remove any preced-
ing reference to the name of the product type. For instance in the case of hotel reviews, we delete the
occurrences of "hotel" in headings, such as "hotel room", "hotel location", or "hotel amenity".

Clustering/Grouping At this point the extracted headings are merely strings, not related to any of
the predefined topics we are interested in. For instance, after cleansing and normalization we may
find headings such as "neighborhood", "location", "surrounding area", or "immediate area" which all
refer to the same topic "location". Our goal is thus to identify, group and associate all headings that
are semantically similar to one of the predefined topics. For this task we can perfectly use the product
type taxonomy which encodes exactly the required information. Just as the lexicon entries, relevant
section headings are normally of the nominal mention type. For each processed heading, we look up
whether a matching lexicon entry exists (including all variants). In case of a match, we use the most
specific subtopic related to the matched term as the label we associate with the heading. For instance,
the heading "parking fee" would match a lexicon entry that is categorized as a feature of the subtopic
"parking". We thus associate the heading with the label "parking". We found that for a few (hotel: 2,
camera: 3), but very frequent headings, no corresponding lexicon entry exists. We manually associate
such headings with the correct group.

Associate Paragraphs to Section Headings Irrespective of whether we can associate a label with a
section heading or not, we need to correctly identify the paragraphs that are related to the heading.
We use a simple heuristic: We iterate through all immediately following paragraphs and attach them
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to the heading until we reach a paragraph that is a heading on its own or starts with a heading.
To prevent erroneous extractions, we link at most the first distmax paragraphs to a single heading.
The intuition with such an upper bound is also that more distant paragraphs are more likely to be
inconsistent with the actual topic indicated by the heading. A further parameter pmax constrains the
maximum size of a single paragraph. We assume that valid paragraphs are bound in their length.
In fact, this restriction prevents some errors which would have been introduced due to imperfect
heuristics (here we trade recall against precision).

Extraction, Filtering and Labeling Sentences We now have a set of headed segments. Our heuris-
tics partitioned the review into a set of paragraphs and when possible, associated a heading to an
individual section. From the set of headed segments we extract those whose heading can be associ-
ated with one of the predefined topics. All other segments (headed or not) are simply discarded. As
our final task is to generate a training set for classifying sentences, we need to extract sentences from
the paragraphs. This is done by using a standard sentence splitter tool (we use Stanford CoreNLP).
To remove sentences that are most likely not valid candidates for our training set, we apply several
filter steps: First, we discard all sentences that consist of fewer than tokmin = 4 tokens after stop
word removal. Second, we introduce a parameter indexmax that constrains the maximum index of a
sentence within a paragraph. Our observation is that the first sentences within a paragraph exhibit
a stronger correlation to the section’s topic than following ones. Authors may get off the subject in
longer paragraphs. Our observation also correlates with the concept of topic sentences15. We discard
all sentences that occur at a position greater than indexmax. Sentences that pass the filters are labeled
with the topic induced by the heading and are added to the related training corpus.

Incorporating Weakly Labeled Data

We consider two alternatives for incorporating the automatically created training data:

• Train classifiers on weakly labeled data only: This approach has the obvious advantage that
there is no need at all for the expensive step of manually creating a training corpus. As our
heuristics for extracting training data are agnostic to the particular product domain, such an
approach scales well over different domains. However, as the training data is imperfect, we
assume that the overall accuracy does not reach the performance of a system that is provided
with access to manually labeled data.

• Use weakly labeled data in addition to manually labeled corpus: In the previous section we
have seen that most of the loss in recall is related to data sparsity. With the automatically ex-
tracted samples, we can add additional training data at virtually no cost. The hope is to relieve
the problems with data sparsity to a certain extent and in consequence increase the overall re-
call of the system. However, the question is whether the noise introduced by using the weakly
labeled data deteriorates the overall precision, thus overcompensating the expected value.

8.4.2. Experiments and Results

Basic Experimental Setup

Both, the heuristic process for gathering weakly labeled training data, as well as the maximum en-
tropy classifier are parameterized. To guarantee comparability with previous results the MaxEnt
classifier takes the same parameters as defined in Table 8.3. With regard to the heuristic extraction
process, we use the parameter values given in Table 8.8. As the table shows, we do not fix the values
15 Citing the Merriam-Webster Online Encyclopedia, a topic sentence is "a sentence that states the main thought of a paragraph

or of a larger unit of discourse and is usually placed at or near the beginning" (http://www.merriam-webster.com/
dictionary/topic%20sentence).
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parameter value description

hmax 40 the maximum length (in characters) of a valid section heading
hmin 3 the minimum length (in characters) of a valid section heading
pmax 4000 the maximum length (in characters) of a valid paragraph
pmin 60 the minimum length (in characters) of a valid paragraph
tokmin 4 the minimum length (in tokens, after stop word removal) of a valid sen-

tence
distmax experiment the maximum distance of a paragraph to the section heading
indexmax experiment the maximum index of a sentence within a paragraph

Table 8.8.: Parameter settings for the MaxEnt classifiers.

for the parameters distmax and indexmax as they are subject to experimenting. The parameter distmax
takes either the value 1 or 2, that is we either consider the first paragraph only, or consider both, the
first and second paragraph. We vary the maximum sentence index in 1, 2, 3, 4, or 10, considering
either only the first, the first two, the first three, etc. sentences within a paragraph.

We run our extraction heuristic on the crawled customer review collections we introduced in Chap-
ter 5. Prior to application, we filtered out reviews which free text part was shorter than 200 characters.
For the hotel domain this resulted in a collection of 393,360 customer reviews and for the digital cam-
era scenario we obtained 127,143 reviews.

Basic Statistics of Weakly Labeled Corpora

We will first present some basic statistics of the extracted training data and then take a closer look
on its actual quality. The basic statistics are presented in Table 8.9. We read the table for example as

hotel digital camera

corpus #paragr. #sent. reviews/sent. #chars #paragr. #sent. reviews/sent. #chars

w-1-1 9,266 9,172 42.89 809,429 4,623 4,576 27.78 436,614
w-1-2 ” 17,376 22.64 1,519,060 ” 8,073 15.75 769,873
w-1-3 ” 23,546 16.71 2,059,176 ” 10,628 11.96 1,018,249
w-1-4 ” 27,894 14.10 2,431,007 ” 12,411 10.24 1,193,163
w-1-10 ” 36,898 10.66 3,190,582 ” 15,988 7.95 1,534,321
w-2-1 12,157 12,020 32.73 1,089,434 6,711 6,639 19.15 662012
w-2-10 ” 46,166 8.52 4,036,135 ” 23,739 5.36 2,308,970

Table 8.9.: Basic statistics of the weakly labeled training corpora for topic classification. The corpus
name indicates the parameter settings used for extraction. For instance, the notation "w-2-
4" refers to a weakly labeled corpus that is created with distmax = 2 and indexmax = 4.

follows: Within the 393,360 hotel reviews our high-precision/low-recall heuristics were able to find
9,266 paragraphs that immediately follow a section heading and which could be correlated to one
of the predefined topics. Considering only the first sentence within all these paragraphs, we obtain
9,172 valid sentences16. The ratio "reviews per sentence" expresses how many reviews we need to
process in average to find a single (valid) weakly labeled sentence. Considering only the first para-
graph and sentence, we need to parse 42.89 reviews in average. Observe that this number gives an
estimate on how many reviews we need to crawl for a given training corpus size. Naturally, the ratio
decreases with increasing tolerance of the heuristics. For instance, when setting indexmax = 10, we
need four times less reviews for obtaining a single labeled sentence. The table shows that the ratio
is generally lower for the digital camera review collection. We hypothesize that this stems from the
different review types. Tripadvisor.com (hotel reviews) allows reviewers to provide explicit ratings

16Some sentences are filtered out because they are too short (< tokmin).
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for individual aspects. On the other hand, most camera reviews in our collection stem from Ama-
zon.com, where reviewers do not have this opportunity. They are thus animated to provide more
structure within the free text part. The table further shows that even in the most conservative set-
ting (w-1-1), the automatically extracted hotel corpus is around three times larger than the manually
compiled training set. For the digital camera domain this ratio is around 1.5:1.

Accuracy of Extraction Heuristics (Intrinsic Evaluation)

We now consider the accuracy of various corpora. More precisely, we measure the data quality in
terms of the proportion of correctly labeled data. The correctness of an extraction is evaluated by
manual inspection. In particular, we randomly sample 200 sentences from a specific corpus and
manually mark them as being either correct or false. For this analysis we only consider the hotel
corpus and assume that our results are transferable to other domains. We first compare the data
quality of corpora when increasing the tolerance with respect to the sentence index (we fix distmax = 1

and vary indexmax).
Considering only the first sentence of a paragraph, we observe a precision of 0.91, that is 182 of

the examined samples are correctly labeled by the heuristics. As expected the precision decreases
with higher tolerance. Varying indexmax with values 2, 3, 4, and 10, we find precision values of 0.85,
0.82, 0.80, and 0.72. To more closely examine the influence of this parameter, we compare to a corpus
that is based of sentences at index 10 only (i.e., only considers sentences at 10th position within a
paragraph). In this case the precision drops to 0.51. These numbers confirm our hypothesis that the
first sentences within a paragraph are more indicative for the topic induced by the section heading.

Next, we examine the influence of the distmax parameter. To this end we analyze two additional
corpora. When extracting sentences (indexmax = 1 is fixed) from both, the first and second paragraph,
we observe a precision of 0.70. This is around 20 percentage points lower than when considering
only the first paragraph. To further underpin the dramatically worse behavior of the heuristic with
increasing paragraph distance, we examine a corpus that consists of sentences taken from the second
paragraph only. Here, we find a precision of merely 0.24, indicating that is not reasonable at all to
incorporate other paragraphs than the first one.

Classification Performance (Extrinsic Evaluation)

In the following we discuss our results with regard to the performance of classifiers trained on weakly
labeled data. As we want to compare to results of the previous section, the particular setup for the
underlying experiments is analogous to the one described before (see Section 8.3.2): Our experiments
cover the two alternatives for incorporating weakly labeled data as discussed earlier in the imple-
mentation part. When training on weakly labeled data only, we train on the complete weak corpus
and test on the complete gold standard corpus (no need for cross validation). When using the weakly
labeled corpus as additional dataset, we use 10-fold cross validation with regard to the gold standard
corpus. That is, for each fold we use the complete weak corpus and 9/10 of the gold standard corpus
for training. The remaining tenth of the gold standard corpus is used for evaluation. To increase
validity of results, we repeat this process 10 times with differently permuted gold corpora. To guar-
antee comparability, we use the same pseudo random numbers for permutation as in the previous
section (all training and test folds are the same). Of course, we also use the same feature generators.
In particular, we use unigrams with lemmatization and downcasing. As we are especially interested
in reducing the manual effort involved with the task of detecting coarse-grained product aspects, we
also neglect the use of the manually created knowledge-base. For the following experiments we do
not use any of the knowledge-rich features. All tables report results for the polar subset of the gold
standard corpus.

One obvious problem which we encounter when using the weakly labeled dataset is that this data
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all collapsed

features micro-f macro-f micro-f macro-f

baseline 0.817 0.778 0.824 0.805
weakly-1-1 0.804 (-0.013**) 0.771 (-0.007**) 0.824 (-0.000) 0.811 (+0.006**)
weakly-1-2 0.797 (-0.020**) 0.755 (-0.024**) 0.818 (-0.007**) 0.802 (-0.004**)
weakly-1-3 0.785 (-0.033**) 0.742 (-0.036**) 0.808 (-0.016**) 0.796 (-0.009**)
weakly-1-4 0.783 (-0.035**) 0.738 (-0.040**) 0.808 (-0.016**) 0.794 (-0.011**)
weakly-1-10 0.765 (-0.052**) 0.715 (-0.064**) 0.798 (-0.026**) 0.782 (-0.024**)

(a) hotel corpus

all collapsed

features micro-f macro-f micro-f macro-f

baseline 0.765 0.746 0.780 0.782
weakly-1-1 0.756 (-0.010**) 0.746 (+0.000) 0.773 (-0.007**) 0.789 (+0.006**)
weakly-1-2 0.765 (-0.001) 0.742 (-0.004**) 0.781 (+0.001) 0.792 (+0.009**)
weakly-1-3 0.766 (+0.000) 0.740 (-0.006**) 0.774 (-0.007**) 0.792 (+0.009**)
weakly-1-4 0.752 (-0.013**) 0.725 (-0.020**) 0.770 (-0.010**) 0.782 (-0.000)
weakly-1-10 0.740 (-0.026**) 0.708 (-0.038**) 0.765 (-0.015**) 0.774 (-0.009**)

(b) digital camera corpus

Table 8.10.: Results for varying the parameter indexmax (weakly labeled data only). Differences to the
baseline (gold standard corpus only) are shown in brackets. Double asterisks indicate a
significance at the 99% confidence level.

is (in contrast to the manually crafted corpus) not multi-labeled. Our heuristic is not capable of de-
tecting whether a sentence discusses multiple topics. We find that the majority of extracted sentences
which actually should be multi-labeled, targets a single main topic and one or more of its subtopics.
For example, the extracted sentence "Small sized room with TV, DVD player, small table and tiny
bathroom (with tub and Aveno products though)." addresses the main topic "room" and the subtopics
"room amenities" as well as "bathroom". With our binary relevance transformation approach to multi-
label classification such a sentence would count as a negative example for the subtopic categories. In
order to relieve this issue, we also look at results when collapsing subtopics, that is only considering
the main topics for evaluation. In the following tables the standard scenario with all topics (main and
sub) is denoted as "all", whereas the simplified scenario is named "collapsed".

We first consider the results when using weakly labeled data only. Table 8.10 summarizes the
achieved micro and macro-averaged f-measures for varying parameter indexmax17. As reference to
training with weakly labeled data only, we use our results when training with the gold standard
only (see Section 8.3.2). The obtained results are quite encouraging: The best setting with training on
weakly labeled data achieves f-measures which are only slightly below the baseline which has access
to "perfectly" labeled data. In terms of micro-averaged f-measure the most conservative weakly la-
beled setting (weakly-1-1) achieves a value of 80.4% (75.6%) which is only 1.3 (1.0) percentage points
worse than the baseline. In other words, we can completely do without manual labeling and still
achieve very competitive results. Considering the macro-averaged results, the gap is even slightly
less.

When comparing the results with varying indexmax, we observe the same tendency as with the
intrinsic evaluation. With increasing tolerance of the heuristics (trading precision for recall), the
classification performance deteriorates (more pronounced in terms of macro-averaged f-measure).
Confirming the intrinsic evaluation results, we conclude that choosing the more precise heuristics
(indexmax ≤ 3) is most reasonable.
17 We do not consider different values for distmax as the intrinsic results with higher values were not promising.
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all collapsed

features micro-f macro-f micro-f macro-f

baseline 0.817 0.778 0.824 0.805
weakly-1-1 0.825 (+0.008**) 0.801 (+0.023**) 0.833 (+0.008**) 0.822 (+0.017**)
weakly-1-2 0.833 (+0.015**) 0.785 (+0.007**) 0.826 (+0.002**) 0.816 (+0.011**)
weakly-1-3 0.823 (+0.006**) 0.777 (-0.002) 0.820 (-0.004**) 0.814 (+0.009**)
weakly-1-4 0.820 (+0.003) 0.767 (-0.012**) 0.818 (-0.007**) 0.807 (+0.001)
weakly-1-10 0.783 (-0.034**) 0.742 (-0.036**) 0.814 (-0.010**) 0.800 (-0.005**)

(a) hotel corpus

all collapsed

features micro-f macro-f micro-f macro-f

baseline 0.765 0.746 0.780 0.782
weakly-1-1 0.794 (+0.028**) 0.781 (+0.035**) 0.802 (+0.022**) 0.812 (+0.029**)
weakly-1-2 0.796 (+0.030**) 0.777 (+0.031**) 0.802 (+0.022**) 0.806 (+0.023**)
weakly-1-3 0.788 (+0.023**) 0.773 (+0.028**) 0.802 (+0.021**) 0.815 (+0.033**)
weakly-1-4 0.775 (+0.009**) 0.757 (+0.011**) 0.790 (+0.009**) 0.798 (+0.016**)
weakly-1-10 0.766 (+0.000) 0.746 (+0.000) 0.789 (+0.009**) 0.792 (+0.009**)

(b) digital camera corpus

Table 8.11.: Results for varying the parameter indexmax (weakly labeled data + manually annotated
data). Differences to the baseline (gold standard corpus only) are shown in brackets.
Double asterisks indicate a significance at the 99% confidence level.

We further examine the specific "collapsed" scenario which considers only the main topics. Here,
we can even observe improved results (macro-averaged) with using the weakly labeled data. Obvi-
ously, the quality of the automatically extracted datasets is sufficiently high. The positive effects due
to the larger size of the generated corpora overcompensate the negative effects introduced by slightly
lower data quality.

In the following we present the results when using the weakly labeled data in addition to the man-
ually labeled corpus. The results of the corresponding experiments are shown in Table 8.11. We
consistently observe improved results for both product domains. Using the most conservative setting
for the extraction heuristic, we improve the macro-averaged f-measure by 2.3 (3.5) percentage points
compared to when not using the weakly labeled data. The increase in micro-averaged f-measure
is slightly lower with 0.8 (hotel) and 2.8 (camera) percentage points. Whereas the absolute results
achieved within the "collapsed" scenario are higher, the improvement by using weakly labeled data
is less compared to the scenario with all topics.

In summary, we can conclude that exploiting the weakly labeled data is reasonable for both imple-
mentation approaches. If no manually labeled data is available or too costly to obtain, the automated
extraction of training corpora promises to achieve competitive results. In the other case, if training
data is available, but too sparse, additionally using weakly labeled data is very likely to improve the
overall classification performance.

8.5. Summary and Conclusions

In this chapter, our goal was to provide a detailed study of approaches for handling the topic dimen-
sion of the discourse oriented model for customer reviews. In particular, our goal was to automati-
cally attribute each discourse segment (sentence) with one or more coarse-grained aspects from a set
of predefined topics.
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Section 8.1 described the problem setting and formalized the task as an instance of a hierarchical
multi-label classification problem. We pointed out that both, multi-label classification and hierar-
chical classification, can either be reduced (transformed) to traditional classification problems or can
be tackled with dedicated algorithms. In both cases, we opted for the simpler transformation ap-
proaches.

In Section 8.2, we presented a simple lexicon-based approach for the (sentence-oriented) discovery
of coarse-grained product aspects. Lexicons were automatically extracted by means of the termi-
nology extraction techniques presented in the previous chapter. A manual post-processing step in-
troduced the necessary semantic information: We associated each individual lexicon entry with one
of the predefined topics and hierarchically structured them along semantic relations. The resulting
knowledge base implemented the product type taxonomy as defined in Section 4.1. Classification
was conducted by simply matching lexicon entries within a sentence and then looking up the related
coarse-grained product aspect(s). Our main findings were:

• Even with the relatively simple lexicon-based approach and without performing any further
fine-tuning, we achieve quite good results: When considering only polar sentences (which is
most relevant in a review mining system), we observe micro-averaged f-measures of 75.7%
(hotel) and 74.0% (digital camera).

• The main reason for reduced precision is the lack of context awareness with a lexicon-based
approach (> 80% of all false positives). Classification is based on matching individual words and
phrases only, disrespecting any contextual clues. Thus, the most promising way of improving
the precision of a lexicon-based approach is to include rules that take the context into account.
Further reasons for false positives were ambiguity of lexicon entries and partial matches because
of missing entries.

• Loss in recall is mainly due to the failure of recognizing implicit mentions of aspects (> 80% of all
false negatives). To improve the recall, a lexicon could (in addition to nominal mentions) include
a set of the most common phrases that reviewers typically use to paraphrase specific aspects.
Further causes for false negatives were missing lexicon entries and unrecognized variants.

• The results showed significant deviations in accuracy, depending on the particular class/aspect
under consideration. Whereas very concrete aspects, which are mainly represented by nominal
mentions of concrete entities, achieve good results, "abstract" topics are more often referred to
by implicit mentions, thus receiving significantly worse results. The very low f-measure for
some particular aspects is primarily due to very low recall, precision values are generally quite
good.

In Section 8.3, we experimented with a supervised machine learning approach. In particular, we
used our sentence level corpora to train maximum entropy classifiers. To tackle the hierarchical multi-
label data, we used binary relevance transformation and flattened the hierarchy. With regard to our
experiments, we were primarily interested in answering the following two questions: First, how does
the supervised approach compare to a simple lexicon-based method and do results justify the addi-
tional costs caused by the necessity to provide labeled training data? Second, which set of features/-
variables is most effective when classifying review sentences according to their topic? The following
listing summarizes our findings:

• Also without further optimization and not using a dedicated classification algorithm for hier-
archical multi-label data, we observed significant improvements in comparison to the purely
lexicon-based method. With the best combination of features, the macro-averaged f-measure
increases by around 13.5 (hotel) and 11.0 (camera) percentage points. Both, precision and recall
lead to the improved f-measure.
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• Most significant improvements are observed for the more "abstract" topics which were diffi-
cult to recognize with the purely lexicon-based approach. The learning algorithm successfully
discovers also implicit mentions.

• Experimenting with different feature sets revealed that lemmatized unigram features exhibit
the best results for our corpora. Including other features such as part-of-speech tags or bigrams
does not improve performance.

• Using a hybrid (lexicon + supervised) approach, by providing lexicon information as features
to the supervised classifier, showed significant improvements. By adding lexicon matches and
lexicon predictions as features, we can increase macro-averaged f-measure up to 5.5 percentage
points compared to the baseline (lemmatized unigram features).

• We hoped to increase precision by including features based on lexicon matches and lexicon
predictions in adjacent sentences. But providing the classifier with this context information
even slightly deteriorates its performance.

• Mistake analysis revealed mainly four types of failures, including "imbalanced data", "data spar-
sity", "information loss due to the binary relevance transformation", and "weak or missing con-
text information". Based on this analysis, we pointed out most promising ways for improve-
ment.

In Section 8.4 we examined the utility of weakly labeled data for extracting coarse-grained product
aspects with a supervised classification approach. Our primary motivation was to reduce the costs
of gathering training data needed for supervised learning. The basic idea was to exploit the semantic
relation between section headings and entitled paragraphs, which reviewers often use to structure
their writings. To this end, we split reviews in paragraphs (if possible) and identified associated
section headings. By relating headings to the predefined topics, and interpreting them as labels,
we could extract weakly labeled training sentences. Our main questions in this context were: How
well does a system perform that is trained on the automatically extracted data alone? Further, we
wanted to know whether a combination of weakly and manually labeled data can improve the overall
classification performance. Our results were:

• Using the weakly labeled data alone, only slightly deteriorates performance in comparison to
a system that has access to manually labeled data. The macro-averaged f-measure was at max-
imum 0.7 percentage points lower. We conclude that the positive effects due to the larger size
of the generated corpora overcompensate the negative effects introduced by the slightly lower
data quality (nonetheless, 91% of the "weakly" labeled data are correctly labeled by the extrac-
tion heuristics).

• We can also answer the second question in the affirmative: Enriching a manually labeled corpus
by means of the heuristically extracted training data promises to increase overall classification
performance. On our corpora we observed increases in macro-averaged f-measure by 1.7 (hotel)
and 3.3 (camera) percentage points.

• Experiments with the tolerance of the extraction heuristics revealed that the most conservative
setting (trading recall for precision) achieved best results. More precisely, it is most reasonable
to only use the topic sentences in paragraphs directly following a section heading for training.
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Your highness, when I said that you are like a stream of bat’s piss, I only
mean that you shine out like a shaft of gold when all around it is dark.

Monty Python’s Flying Circus

9. Automatic Acquisition of Domain-Specific Sentiment
Lexicons

In previous chapters we pointed out that aspect-oriented customer review mining mainly involves
two core tasks: The first task aims at identifying the relevant aspects that are discussed within a re-
view and the second task is to analyze the sentiments expressed towards these aspects. Whereas the
previous two chapters extensively studied the "aspect dimension" of review mining, we will now fo-
cus on the "sentiment dimension". In this context we can distinguish two broad categories — namely,
lexicon-based or supervised classification approaches to polarity detection1. In this chapter our goal
is to examine lexicon-based approaches (we cover supervised methods in the next chapter).

More precisely, we are interested in the task of automatically constructing sentiment lexicons.
As we have learned in previous chapters (see for example Section 6.2.2), one major challenge is that
the actual sentiment polarity of an expression is often dependent on the referenced target/aspect
(e.g., "long+ battery life" vs. "long– flash recycle time"). Although this phenomenon is known and
discussed in the literature [14, 77, 105, 125, 189, 214, 306], the vast majority of approaches focuses on
creating general purpose lexicons. However, especially in the context of customer review mining,
the use of such lexicons is rather suboptimal as they fail to adequately reflect the domain-specific
lexical usage. To this end, we propose a novel method that allows to automatically adapt and extend
existing lexicons to a specific product domain. We follow a corpus-based approach and exploit the
fact that many customer reviews exhibit some form of semi-structure. In particular, we make use of
the structural clues inherently provided by the pros and cons summaries of reviews. We sketched the
basic idea of this approach in Bross and Ehrig [56].

The remainder of this chapter is organized as follows: Section 9.1 provides a general overview of
lexicon-based polarity detection, categorizes different approaches, and considers the most relevant
related work. In Section 9.2, we briefly review two existing approaches to lexicon construction that
we will (amongst others) use for comparison and basis for adaptation. Subsequently, Section 9.3
presents our approach to automatic acquisition of a context-aware sentiment lexicon. Experiments
and results are discussed in Section 9.4. We summarize our findings and point out our conclusions in
Section 9.5.

9.1. Overview and Related Work

When reviewing the literature and inspecting available systems, it is apparent that the use of sen-
timent lexicons is the most common approach to sentiment analysis. In this section we provide an
overview and introduce a framework for comparing different approaches. Our framework catego-
rizes the properties of sentiment lexicons along different dimensions, which we structure in a hierar-
chical manner. Figure 9.1 illustrates the basic constituents of our framework. As with product aspect
lexicons (Chapter 7), we basically differentiate between construction and application of lexicons. In
the whole chapter, we are primarily concerned with the process of lexicon construction and touch its
application only on the surface2.

1Of course, we have approaches in between — for example, with semi-supervised methods or by combining lexicon-based
and supervised detection.

2How to apply the lexicon for extracting the relevant information is a question on its own. For example, with regard to ex-
pression level analysis, a major challenge is to correctly identify the relations between sentiment expressions and sentiment
targets. Take note that this step may actually be performed in a supervised manner [183, 207]
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Figure 9.1.: A framework for the categorization of sentiment lexicons. Siblings in the tree represent
properties that are considered to be orthogonal to each other.

The very basic properties we distinguish are concerned with a lexicon’s coverage, its type of content,
and the acquisition process.

9.1.1. Lexicon Coverage

With regard to coverage, we differentiate between general purpose and domain specific lexicons.
The assumption with general purpose lexicons is that the sentiment status of lexicon entries is inde-
pendent of the concrete application domain. Whereas this is assumption is true for a great share of
words/phrases (e.g., "great", "love", "bad", "hate", etc.), we have seen earlier that the sentiment status
may depend on the domain or context. Further, many expressions that are per se not sentiment laden
(e.g., "long", "hot", "classic", "old"), may obtain an evaluative connotation within a specific context
(e.g., "classic hotel building" vs. "old hotel building"). Our observation is that recent research has
recognized the need for domain specific lexicons [77, 105, 214].

9.1.2. Content Type and Application Scenario

We further differentiate with respect to the lexicon’s type of content. Obviously, the content is closely
related to the application scenario. Concerning this dimension, the majority of lexicons can be at-
tributed to one or more of the following three categories: The sentiment status of a lexicon entry
may encode the word’s degree of subjectivity, its polarity, or a related type of emotion / mood. Sen-
timent lexicons that primarily serve the task of subjectivity detection are for instance discussed in
[26, 157, 245, 414, 415]. In contrast, lexicons that are used in the context of customer review min-
ing most commonly address the polarity value of individual words and phrases. Naturally, this
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information is most valuable, as we are primarily interested in identifying the positive and negative
comments of reviewers. However, researchers also formulate an information need with regard to a
more fine-grained analysis of textual sentiment expressions. Besides, or in addition to considering the
polarity, they categorize expressions by different types of emotion or mood3 (e.g., happiness, anger,
sadness, etc.). Such an information need is for example postulated by Bollen et al. [48], who analyze
microblogging messages to predict stock market changes, Garcia and Schweitzer [139], who examine
emotions in product reviews, or more generally by Davidov et al. [98] and Strapparava and Mihal-
cea [365]. Most prominent lexical resources in this context (all manually compiled) are the Harvard
General Inquirer4 [360], the Affective Norms for English Words (ANEW) dictionary5 [50], WordNet-Affect6

[364, 395], and the Dictionary of Affect in Language (DAL) [408].

Polarity Value — Scale of Measurement

In case of a sentiment polarity lexicon, we can further distinguish by the specific representation of
the polarity values — more precisely, by their scale of measurement. Many lexicons use a binary scale
(i.e., "positive" vs. "negative") [146, 160, 177, 312], others provide more fine-grained information by
using an ordinal scale. For example, quite common is a 5-point scale7 that distinguishes "strong" and
"medium" positive/negative expressions and a neutral category [450]. Also ternary scales ("positive",
"negative", "neutral") are used [82, 438]. Furthermore, some lexicons make use of a continuous scale
by computing scores for the polarity value [40, 320, 391, 399].

Concerning the acquisition of sentiment lexicons, we basically differentiate between manual as-
sembly and automatized construction. The majority of publicly available, manually compiled re-
sources are general purpose lexicons (e.g., the OpinionFinder Subjectivity Lexicon [438] or the Harvard
General Inquirer [360]). Obvious disadvantages of the manual approach are the considerable manual
effort, the typically low coverage of created lexicons, and the high costs of scaling vertically (i.e., to
cover additional domains). With regard to automatized lexicon construction, we further distinguish
three different dimensions: We differentiate according to the concrete approach, the degree of supervi-
sion, and whether the resource is constructed from scratch or on the basis of an existing sentiment
lexicon.

9.1.3. Automatic Lexicon Construction

The vast majority of automatic approaches falls into two classes: They are either dictionary-based (ex-
ploiting the semantic relations between dictionary entries) or they are corpus-based (exploiting dis-
tributional properties to derive the sentiment status of individual words or phrases). Approaches
following either of the two directions have typically in common that they involve a seed set of pre-
labeled examples, which is (often iteratively) used to derive the sentiment status of more and more
entries. For this purpose, approaches test the semantic similarity between unknown words and la-
beled seed words.

Dictionary-based Approaches

For dictionary-based approaches, researchers most commonly use a thesaurus or more knowledge-
rich lexical databases such as WordNet [263]. A common assumption is that semantic relations, such
as synonymy or antonymy, transfer the sentiment status of related words (in case of antonymy the

3see Plutchik [302] for more information
4http://www.wjh.harvard.edu/~inquirer/Home.html
5 also adapted to German language [394]
6http://wndomains.fbk.eu/wnaffect.html
7inspired by the psychometric Likert-scale commonly used in questionnaires [231]
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polarity is flipped) [146, 177, 202, 211]. For example, the adjective "lovely" transfers positive polar-
ity to its synonyms "admirable", "adorable", "amiable", "pretty", and transfers negative polarity to
its antonyms "awful", "unlovely", "ugly". Albeit being transitive, the strength of the relations weak-
ens with the distance (in fact there exist synonym paths from "good" to "bad" of length 3 in WordNet
[146]). Appropriate measures need to be devised to account for the path length [59, 146, 180, 202, 211].
Besides synonymy and antonymy, some researchers propose to use additional WordNet relations,
such as "similarity", "derived-from", "pertains-to", "attribute", or "also-see" [120, 395]. Takamura et al.
[376] and Andreevskaia and Bergler [13] also consider the less intuitive hyponymy relation. A fur-
ther dictionary-based approach is to infer semantic relatedness of entries by calculating similarity by
means of the glosses [22, 120, 377].

Corpus-based Approaches

Also with corpus-based approaches the primary idea is to calculate a measure of semantic relatedness
and use this (most often in conjunction with labeled seed words) to derive the sentiment status of
other words or phrases. Examining these approaches more closely, we identify mainly four different
ways to infer relatedness: It may be defined by co-occurrence statistics, distributional context similarity,
contrastive analysis, or by exploiting linguistic or structural clues.

Co-occurrence Representatives for approaches based on co-occurrence statistics are for instance the
works by Turney [390, 391]. Extending the general idea of co-occurrence, Turney and Littman [391]
hypothesize that also the "semantic orientation8 of a word tends to correspond to the semantic ori-
entation of its neighbors". Using the Web as a corpus, they apply measures of association, such as
pointwise mutual information (PMI), to derive a correlation statistic of an unseen word with a set of
positive and negative seed words. Also Remus et al. [320] follow this basic approach to construct a
sentiment lexicon for the German language.

Context Similarity Besides inferring relatedness of two terms directly by their
co-occurrence, it is a common approach in statistical semantics to define similarity indirectly by means
of the words’ context. In Firth’s Contextual Theory of Meaning, the basic assumption is that "a word is
characterized by the company it keeps" [130]. Analogously to Turney, it is suggested that words with
a similar context also exhibit a similar sentiment status. Corpus-based approaches that exploit this
idea are for instance [29, 399, 414].

Contrastive Analysis In Section 7.3 we have learned that contrastive analysis of foreground and
background corpora can be used to extract candidate terms for a product aspect lexicon. Analo-
gously, this general approach can be applied to automatically generate sentiment lexicons. For exam-
ple, Maks and Vossen [245] examine log-likelihood and relative frequency ratios to distill a lexicon
of subjective words for the Dutch language. For this purpose they propose to use newspaper articles
and comments on newspaper articles as (subjective) foreground corpus and a collection of Wikipedia
articles as (objective) background corpus. A similar idea is introduced by Stepinski and Mittal [359],
who compare corpora of editorial/opinion and general news articles in the context of sentiment clas-
sification9.

Linguistic Clues The previously cited approaches to corpus-based lexicon generation are of purely
statistical nature and do not rely on any deeper linguistic analysis. However, other studies have

8Turney and Littman use the term semantic orientation to refer to the prior sentiment polarity of a word.
9In fact, no sentiment lexicon is generated, but two contrastive corpora are extracted to train a sentence level sentiment

classifier.
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identified general linguistic patterns that help in detecting the sentiment status of words and phrases.
The earliest work in this direction (we are aware of) is by Hatzivassiloglou and McKeown [160].
They basically exploit the observation that conjunctions (e.g., "and" and "but") "impose constraints on
the semantic orientation of their arguments" [160]. Whereas the conjunction "and" generally implies
that conjoined phrases exhibit the same sentiment polarity, the conjunction "but" implies opposing
polarities. For instance, whereas the phrase "the hotel staff was helpful and courteous" sounds natural,
the phrase "the hotel staff was helpful and impolite" does not. Hatzivassiloglou and McKeown [160]
use these linguistic constraints to extract positive and negative oriented adjectives from a text corpus.
In addition to the "conjunction rule", they also examine morphological clues to identify synonyms
and antonyms (e.g., "adequate" vs. "inadequate" or "thoughtful" vs. "thoughtless"). In the context of
customer review mining, the conjunction rule is for example applied by Popescu and Etzioni [304] or
Fahrni and Klenner [125]. Kanayama and Nasukawa [203] extend the basic (intra-sentential) rule by
also looking at inter-sentential conjunctions (e.g., "The hotel staff was generally helpful. However,
the front desk staff was a bit impolite."). Also Ding et al. [102] exploit intra and inter-sentential
conjunctions, but in addition analyze the target-specific prior polarity of words.

Structural Clues Kaji and Kitsuregawa [200, 201] examine a method that uses structural clues in
HTML documents to extract corpora of positive and negative sentences. In particular they identify
tables and listings in HTML documents that address the advantages and disadvantages of discussed
entities. Indicative keywords (e.g., "pros", "cons", "weaknesses") that are structurally related to the
tables and listings are used to filter out irrelevant data. They apply their method to a corpus of
120 million HTML documents and are able to extract around 500.000 polar sentences (with negative
sentences being slightly more frequent). Whereas they show in [200] how to use the extracted data
to train a sentiment classifier, they also consider generating sentiment polarity lexicons from such
corpora [201].

9.1.4. Degree of Supervision

Orthogonal to the concrete method (i.e., dictionary vs. corpus-based), we distinguish the approaches’
degree of supervision. If we count techniques that are based on the provision of small seed sets as
semi-supervised, the majority of methods to sentiment lexicon generation falls into this category. To
name a few, this includes dictionary-based approaches such as [40, 177, 211] or corpus-based ap-
proaches such as [390, 399, 414]. Completely unsupervised methods are for example by Hatzivas-
siloglou and McKeown [160], who use linguistic clues in combination with a clustering approach or
Kaji and Kitsuregawa [201], who exploit structural clues in HTML documents. We are not aware of
any fully supervised approach to sentiment lexicon generation (although some approaches rely on
supervised classification after an initial bootstrapping phase, e.g., [22, 324, 367]).

9.1.5. Lexicon Adaptation

All previously considered approaches generate the sentiment lexicon from scratch, using either gen-
eral purpose dictionaries or raw text corpora. More recently, researchers examine methods to adapt
existing sentiment lexicons. Typically, the purpose of adaptation is either to augment a general pur-
pose sentiment lexicon to better fit a specific domain or to extend a monolingual lexicon to cover
multiple languages. Domain adaptation is for instance examined by Choi and Cardie [77] who propose
an approach based on linear programming, Du et al. [105] who introduce an information theoretic
framework, or Qiu et al. [306] who expand existing lexicons by means of linguistic patterns. Jijkoun
et al. [189] consider domain adaptation in the context of sentiment retrieval and Gindl et al. [144] pro-
pose a method to identify terms that exhibit an ambiguous sentiment polarity in different domains.
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An approach to language adaptation is for example presented by Mihalcea et al. [262]. In particular,
they examine dictionary-based and corpus-based methods for translating a sentiment lexicon.

9.1.6. Hybrid Approaches

In addition to purely dictionary or corpus-based approaches, some researchers study the utility of
hybrid approaches that combine indicators from the different sources. For instance, Hoang et al.
[165] propose to use semantic relations in WordNet to create an initial sentiment lexicon, which is
then refined by incorporating statistical information gathered from the Web as a corpus. Both sources
(WordNet and the Web corpus) are combined by means of an error minimization algorithm. Also Lu
et al. [241] propose to combine various sources of signals that indicate the sentiment polarity of words.
In particular, they consider four types of signals: Information is collected from a general purpose
sentiment lexicon, from a thesaurus, from linguistic clues, and from structural clues in domain specific
documents. All different signals are combined in an optimization framework that is based on a linear
programming approach.

9.1.7. Notes on Comparing Lexicons and Approaches

It is apparent that our analysis of related work does not provide any numbers which indicate the
effectiveness of the different approaches. In fact, most of the results presented in the various studies
cannot reliably compared to each other: Application scenarios differ widely, standardized reference
corpora are lacking, and evaluation procedures vary. Citing reported results may thus be misleading
and we decided not to do so. Statements on relative effectiveness are only possible if authors have
tested their system in direct comparison to other approaches. Studies that provide such a comparative
analysis are explicitly marked in Table 9.1 (see column "Evaluation").

As introduced in Chapter 7, procedures for evaluating lexical resources can be mainly subdivided
into intrinsic (accuracy of the lexicon itself) and extrinsic evaluation (accuracy as part of an appli-
cation). The cited works mostly follow this scheme. With regard to intrinsic evaluation, a common
approach is to manually inspect the generated lexicon entries. In addition, some studies propose
heuristics to estimate the lexicon accuracy. For example, [146, 160] test the ratio of "morphological
antonym pairs" (e.g., helpful-unhelpful, polite-impolite, competent-incompetent, etc.) that exhibit
opposing polarity (correct) and pairs that show the same polarity (incorrect). Intrinsic evaluation
only allows to analyze the precision of the lexicon generation process. Recall is often (qualitatively)
estimated by means of the lexicon size or by considering the overlap with other lexical resources
[22, 146, 391, 399]. Extrinsic evaluation is dependent on the application scenario and most studies
come up with a proprietary gold standard that suits their specific needs. Despite the use of differ-
ent reference corpora, comparison of extrinsic evaluation results is particularly difficult as the actual
techniques for applying the sentiment lexicon play a major role. For instance, the lexicon may be
applied within a fine-grained, expression level sentiment analysis system or a more coarse-grained,
sentence or document-level analysis. To summarize our overview, Table 9.1 presents (what we con-
sider) the most relevant related work regarding sentiment lexicons, highlighting the main properties
of the different approaches.
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author approach coverage size content degree of supervision evaluation

Stone et al. [360] manual acquisition general purpose,
words

103 binary polarity — —

Wilson et al. [438] manual acquisition general purpose,
words

103 subjectivity + qua-
ternary polarity

— extrinsic with gold
standard [413]

Liu et al.10 automatic acquisition +
manual revision

general purpose,
words

103 binary polarity semi-supervised extrinsic with gold
standard [102, 177]

Hu and Liu [177] D: WordNet relations, disre-
garding path lengths

general purpose,
adjectives only

103 binary polarity semi-supervised extrinsic with gold
standard [102, 177]

Godbole et al. [146] D: WordNet relations + fil-
ter heuristics

general purpose,
words

103 continuous, nor-
malized polarity

semi-supervised intrinsic with heuris-
tic and gold standard
[438]

Blair-Goldensohn et al. [40] D: WordNet relations + la-
bel propagation

general purpose,
words

104 continuous polarity semi-supervised extrinsic with own
gold standard

Rao and Ravichandran [312] D: WordNet relations + la-
bel propagation

general purpose,
words

n/a continuous, nor-
malized polarity

semi-supervised intrinsic with gold
standard [360] (com-
parative)

Baccianella et al. [22] D: WordNet relations +
gloss classification

general purpose,
words

105 continuous, nor-
malized polarity

semi-supervised intrinsic, gold stan-
dard [68]

Turney and Littman [391] C: Web corpus + co-
occurrence + PMI scoring

general purpose,
words

n/a continuous polarity semi-supervised intrinsic with gold
standard lexicon
[160, 360]

Fahrni and Klenner [125] C: Domain specific corpus +
conjunction rule

domain specific,
adjectives only

n/a ternary, target-
specific polarity

semi-supervised extrinsic with own
gold standard (com-
parative)

Kaji and Kitsuregawa [201] C: Web corpus + structural
clues + statistical scoring

general pur-
pose, adjective
phrases

102-103 binary polarity unsupervised qualitative, intrin-
sic with own gold
standard

Velikovich et al. [399] C: Web corpus + context
similarity + graph propaga-
tion alg.

general purpose,
phrases

105 continuous polarity semi-supervised qualitative, extrin-
sic with own gold
standard (comparative)

Lu et al. [241] D+C: hybrid approach + op-
timization via linear pro-
gramming

domain specific,
adjectives

103 binary, target-
specific polarity

semi-supervised extrinsic with own
gold standard (com-
parative)

Table 9.1.: Related work with respect to sentiment lexicon acquisition. The table distinguishes between manual lexicon acquisition, dictionary-based
approaches (D), corpus-based approaches (C), and hybrid approaches (D+C).
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9.2. Baseline Approaches - Label Propagation in WordNet

Before discussing our own contribution, we briefly review two existing approaches that we will use
as a baseline for later experiments. We choose the algorithms by Blair-Goldensohn et al. [40] and
Rao and Ravichandran [312] because they represent state-of-the art, dictionary-based approaches to
generating a general purpose sentiment lexicon. Both exploit WordNet relations and are based on
a semi-supervised learning method called label propagation [466]. Whereas the core idea is the same
(label propagation), the algorithms differ in some important points and it is unclear which one leads
to better results. So in addition to setting up a baseline, our goal is to compare the effectiveness of
both existing approaches. In the following, we first provide a short overview of the common ideas to
both algorithms and then present each in some more detail.

Input to both algorithms is a thesaurus (WordNet in this case) and sets of seed words with known
labels (i.e., the prior polarity). Output is a lexicon where each entry is associated with either positive
or negative prior polarity (in form of a polarity score). Higher (absolute) scores indicate the algo-
rithm’s stronger confidence in the polarity classification. The basic approach is to interpret WordNet’s
semantic relations as edges of a directed graph and to apply a label propagation algorithm to itera-
tively push the seed information along the edges. Similar to random walk algorithms (e.g., PageRank
[290]), the result is that nodes (i.e., words) with many paths to seeds ("authorities") receive higher
polarity scores11. A main advantage of the label propagation algorithm over ad-hoc heuristics, such
as the ones used in [146, 177, 202], is its foundation on a well defined objective function, which is
known to converge [466]. For these reasons and for the reason that label propagation has shown su-
perior performance compared to other graph based algorithms (e.g., mincuts) [312], we opt for the
mentioned baseline approaches.

9.2.1. Rao et al. Method

Let G(V,E) be a graph with vertices V and edges E. Then the vertices v ∈ V represent the lexicon
entries in WordNet and an edge e ∈ E indicates a relevant semantic relation between two entries.
Unfortunately, Rao and Ravichandran [312] do not sufficiently describe the exact procedure of en-
coding WordNet relations in G. In particular, it is unclear how WordNet’s synsets are treated and
whether the available part-of-speech labels are used for disambiguation. We assume the following
transformation procedure:

Let w be a word that is covered in the WordNet database. If applicable, WordNet distinguishes
different part-of-speech labels for w, including noun, verb, adjective, or adverb. We create a vertex
v = wpos for each part-of-speech label pos associated with w. For instance, for the word "nice" we cre-
ate vertices niceadj and nicenoun (the city Nice in France). This procedure is applied to the complete
WordNet database, so that ultimately V represents a part-of-speech disambiguated set of all words
in WordNet. In addition to distinguishing the four part-of-speech labels, WordNet differentiates mul-
tiple senses of a word by organizing its entries in synonym sets (synsets). For example, the adjective
"nice" is associated with five different synsets. We fold the synsets part-of-speech-wise, that is, we
create a single synset for each part-of-speech label. Let syn1, . . . , synk be the synsets associated with
a specific part-of-speech label pos of word w. Then we take the union Syn(wpos) =

⋃k
i=1 syni and

regard each s ∈ Syn(wpos) as a synonym of wpos.
In [312] the label propagation algorithm is implemented as follows: For each vertex vi ∈ V they

consider the corresponding synonym set Syn(vi) and lookup related vertices vj . For each such pair
(vi, vj) an undirected edge eij is added to E. Based on this edge set E, an n × n stochastic transition
matrix T = (tij) is created, where n = |V |. Let A = (aij) be the n×n adjacency matrix corresponding

10http://www.cs.uic.edu/~liub/FBS/opinion-lexicon-English.rar
11Take note that the basic idea of applying the PageRank algorithm to WordNet for sentiment lexicon induction was also

formulated by Esuli and Sebastiani [121].
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9.2. Baseline Approaches - Label Propagation in WordNet

to E, that is, aij =

{
1 if eij ∈ E,
0 otherwise.

Then T is derived by column-normalizing the matrix A:

tij = P (j → i) =
aij∑n
k=1 akj

,

where tij represents the transition probability from vj to vi. Now, label propagation can be viewed as
iterative matrix multiplication of the transition matrix T and a label matrix Y , leading to the following
algorithm:

1. Create a positive seed set Pos ⊂ V and a negative seed set Neg ⊂ V (naturally Pos ∩ Neg = ∅).

2. Initialize an n × 3 label matrix Y = (yij) by means of the seed sets, where yi1 = 1 if vi ∈ Pos
and yi2 = 1 if vi ∈ Neg. Further, set all entries yi3 = 1 if vi /∈ Pos ∪Neg. All other entries yij are
initialized with 0.

3. Propagate the seed information by updating Y = TY .

4. Row-normalize Y so that each row sums up to 1 and the probability interpretation of the label
matrix is preserved.

5. Clamp the positive and negative seeds in Y to their original value.

6. Repeat from step 3 until Y converges.

9.2.2. Blair-Goldensohn et al. Method

Rao and Ravichandran [312] point out that their label propagation implementation requires the ex-
ploited semantic relations to be transitive, that is propagating a label along relations must be consis-
tent with regard to the sentiment polarity. A consequence is that they cannot utilize the antonym re-
lation — sentiment polarity is assumed to be flipped along such paths. In contrast, Blair-Goldensohn
et al. [40] adapt the standard label propagation algorithm and also allow to incorporate the non-
transitive antonym relation. Further major differences are that they include a third seed set Neut
which is composed of well-known neutral words and that they compute a polarity score instead of a
polarity probability value. The concrete method is as follows:

The vertex set V is extracted from WordNet exactly the same way as described for the previous
method. Analogously to deriving the folded synonym set Syn(v) for each vertex, they construct
antonym sets Ant(v). Then they encode the synonym and antonym relations between vertices by a
transition matrix T = (tij), where

tij =


1 + λ if i == j,

+λ if vi ∈ Syn(vj) & vi /∈ Neut,

−λ if vi ∈ Ant(vj) & vi /∈ Neut,

0 otherwise

and λ ∈]0, 1] is a decaying parameter that controls the effect of path lengths for label propagation.
Smaller λ have the effect that the magnitude of propagated scores is reduced with increasing path
length. Again, label propagation is implemented as matrix multiplication:

1. Create a positive seed set Pos ⊂ V , a negative seed set Neg ⊂ V , and a neutral seed set Neut ⊂ V
(naturally all sets must be pairwise disjoint).
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2. Initialize an n× 1 score vector s0 by means of the seed sets, where

s0i =


+1 if vi ∈ Pos,

−1 if vi ∈ Neg,

0 otherwise.

3. Propagate the seed information by updating the score vector to sm+1 = T sm.

4. Sign correct all scores of seed words vl ∈ Pos ∪ Neg so that sgn(sm+1
l ) = sgn(s0l ).

5. Repeat from step 3 until M iterations have been conducted.

6. Compute the final score vector s by thresholding and then scaling logarithmically:

si =

{
log(|sMi |) ∗ sgn(sMi ) if |sMi | > 1,

0 otherwise.

9.2.3. Adaptations

Sign-correct Step in Blair-Goldensohn et al. Method

During our experiments we found that the original approach by Blair-Goldensohn et al. [40] may
lead to unintended low polarity scores for some seed words. For instance, we observed that the word
"amazing" constantly received a polarity value close to zero in nearly all configurations. The main
reason for this result is the fact that we tacitly disregard the different senses of a word by combining
all synsets related to a single word. In the case of "amazing", there exists a synset with the sense
"inspiring awe or admiration or wonder" which contains words such as "awesome", "awing", "awe-
inspiring", but also "awful". Obviously most senses of the word "awful" and related words exhibit a
negative connotation, which leads to a low polarity value for the original seed word "amazing". To
avoid this behavior, we rewrite the "sign-correct" step of the original approach. Our goal is to ensure
that the computed absolute polarity value for a seed word is at least as high as if it had no relations
to other words. Algorithm 9.1 implements the new version of the "sign-correct" step.

Algorithm 9.1 Adapted version of the sign-correct step

function SIGN-CORRECT(iteration)
minSeedScore← (1 + λ)iteration

for all s ∈ Pos ∪Neg do
pols ← abs(polarity(s)) . gets the current, absolute polarity value of s
pols ← max(pols,minSeedScore)

if s ∈ Neg then . ensure that negative seeds have a negative sign
pols = pols ∗ (−1)

end if
updatePolarity(s, pols) . updates the current polarity of s

end for
end function
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9.3. Creating Domain-Specific Sentiment Lexicons Using Weakly
Labeled Data

Both baseline approaches generate general purpose sentiment lexicons that associate a fixed prior po-
larity with each entry. However, we have learned in Section 4.3 that the sentiment polarity of words is
typically context dependent. In particular, the polarity may depend on the sentiment target (cf., Sec-
tion 6.2.2). In this section we propose and discuss an approach that exploits weakly labeled data in
customer reviews to derive the domain and target-specific prior polarity of words. Recall that a ma-
jor observation was that adjectives account for over 90% of these target-specific expressions. We thus
concentrate on detecting target-specific prior polarity of adjectives. The approach is unsupervised
and thus easily scales vertically to other product domains. We use the gained context-aware informa-
tion to augment an existing general purpose lexicon. Experiments with our method show significant
improvements in precision and recall compared to various state-of-the-art baseline approaches. In
general, we define a target-specific sentiment lexicon as follows:

Definition 9.1 (Target-Specific Sentiment Lexicon). Let T be a sentiment target and S be a sentiment ex-
pression. Then a target-specific sentiment lexicon Lts is a dictionary that maps tuples of type (T,S) to sentiment
polarity values p ∈ R. Polarity values p < 0 indicate negative sentiment polarity of a tuple, whereas p > 0
indicates positive polarity. A target-independent sentiment expression S may be included by adding a tuple of
the form (*, S), where the asterisk * refers to a wild card character.

9.3.1. General Idea

Similar to the approach presented in Section 7.5, the general idea is to leverage the information con-
tained in pros and cons lists, which are often attached to customer reviews. A reasonable assumption
is that authors choose positive expressions when describing a product aspect in the pros, whereas
negative expressions are used in the cons. In that sense, we regard "pros" and "cons" as labels and the
associated text as positive and negative samples from which we can extract the desired information.
Input to our algorithm is a collection of customer reviews C with associated pros and cons lists (C+

and C−) and a product type taxonomy P .

We illustrate the basic idea in Fig. 9.2. First (1.), we apply the taxonomy as a lexicon and identify all
mentions of product aspects T withinC+ andC−. Simultaneously, we use high precision heuristics to
find potential sentiment expressions S (i.e., adjectives) that are linked to the aspects. This procedure
generates a huge number of tuples (T,S). In a next step (2.), we utilize the semantic relations encoded
in P to group tuples that have a similar target. Each such group is associated with a single "canonical
tuple" as representative. Then, for each group, we acquire the occurrence counts (3.) in C+ and C−

and apply statistical means (4.) to decide whether a group predominantly stems from the pros or from
the cons. A group that significantly more often occurs in pros than in cons is considered as having
positive semantic orientation and vice versa for groups originating from the cons. Optionally, we
regard the acquired positive and negative sentiment expressions as (additional) seeds in a WordNet-
based label propagation algorithm. The goal of this step (5.) is to increase the coverage of the final
lexicon. For instance, if we have found that "large" in the context of "screen" is positive, we can
expand this observation via WordNet to the assumption that also "big", "great", "bombastic", etc. are
very likely to be positive in this context (and vice versa for "small", "little", "smallish", etc.). In the
following we consider the individual steps in some more detail.
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Figure 9.2.: Creating target-specific sentiment lexicons by exploiting the weakly labeled data in pros
and cons summaries of customer reviews.

9.3.2. Extraction Process

Product Aspects

We use a lexicon-based approach to detect all known product aspects mentioned in the pros and cons.
To this end, we employ the product type taxonomies created for the hotel and digital camera domains
and use Algorithm C.2 for the actual matching. Thus, aspect detection only requires a lexicon and
pre-processing of the texts with a part-of-speech tagger (again we use the Stanford POS tagger).

Sentiment Expression Candidates

Having identified the product aspects, our next goal is find adequate sentiment expression candidates
and correctly relate these to the aspects. We use pattern-based extraction instead of relying on a
natural language parser to guide the relation extraction process. The main reason is that pros and cons
attached to customer reviews mostly do not consist of complete, grammatically correct sentences.
Authors often simply enumerate the advantages and disadvantages in comma-separated or similarly
structured lists. Our method is as follows:

First, we consider all commas and similar enumeration markers (e.g., "*", "a)", "1.") as boundaries
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of so-called extraction units. We restrict valid co-occurrences of product aspects and sentiment ex-
pression candidates to these units — that is, a valid relation between an aspect and an expression
must not span such a boundary. The basic idea with extraction units is to compensate for the fact
that we cannot consider the real dependencies that a natural language parse would provide. Natu-
rally, we also consider the beginning and end of complete sentences as boundaries. Second, for the
actual extraction, we define high-precision patterns based on the part-of-speech tags associated with
an extraction unit. For instance, consider an extraction unit that reads "the/DT zoom/NN button-
s/NN are/VB quite/RB small/JJ" (abbreviated POS tags attached to each word). We are interested
in extracting the tuple (zoom buttons, small). To generalize from this particular example, we can de-
fine a pattern such as DT A1 VB RB JJ1, where A1 masks an identified product aspect (here "zoom
buttons") and the subscripts denote the parts that should be extracted as a tuple. With this pattern,
we can extract from other extraction units such as "the rooms were very outdated" (rooms, outdated)
or "the battery life is rather short" (battery life, short). We can further generalize patterns by making
parts optional or including valid alternatives. For instance, we can generalize the previous pattern to
[DT] A1 VB [RB] JJ1.1 [CC [RB] JJ1.2], where the notation with square brackets marks op-
tional parts. This pattern also matches token sequences like "rooms were small and very noisy" from
which we can extract the two tuples (rooms, small) and (rooms, noisy)12.

In total, we identified 9 high-precision patterns for the extraction of aspect/sentiment expression
tuples from pros and cons. Table 9.3 (page 188) lists these patterns and provides information about
their relative frequency in our corpora. Table 9.4 (page 189) gives additional insight by showing
concrete instances of the patterns, including examples and extractions. Our basic procedure for gath-
ering the patterns was to collect the part-of-speech sequences for all extraction units, measure the
frequency of each distinct sequence, and then to analyze the 100 most frequent ones. Analysis of a
part-of-speech sequence was mainly to look at the covered text of exemplary extraction units and to
decide whether we can formulate a high-precision extraction pattern. Based on these very specific
patterns, we formulated more general patterns, occasionally extrapolating from the known, valid
sequences. In summary, gathering valid patterns was a completely manual task. We evaluate the
effectiveness of the different patterns in Section 9.4.2.

Sentiment Shifters

The previous discussion tacitly disregarded the fact that the "labels" pros/cons indicate the contex-
tual polarity of expressions, whereas we are interested in extracting the (target-specific) prior polarity.
For example, excerpts from a cons-labeled text may read "display not very large" or "battery life not
long enough". Clearly, we would make an error when counting the tuples (display, large) or (bat-
tery life, long) with negative polarity. We would have neglected the sentiment shifter "not". Another
cons-labeled example may read "would like to have a large display". Here, sentiment is shifted by
a neutralizer which would render an extraction (display, large) erroneous. To interpret contextual
polarity correctly, we thus need to cope with sentiment shifters. We have learned earlier (cf., Sec-
tion 4.3.2), that in terms of sentiment polarity, only negation and neutralization are relevant. As we
can compensate potential errors in detecting sentiment shifters by the large number of extractions and
subsequent statistical analysis, we can resort to heuristics. In other words, it does not count whether
an individual extraction is correct or not, it is important that the vast majority is correctly handled.

Both, for negation and neutralization detection we use dictionary-based approaches. For negation
detection we look for tokens such as "not", "n’t", "never", "although", etc. and flip the polarities of
affected sentiment expression candidates. The scope of negation is restricted to the extraction unit
the indicating token occurs in. As it is very uncommon in lists of pros and cons, we do not further

12 Take note that although the examples show the inflected forms, we actually extract the lemmatized results, e.g., (room,
small) instead of (rooms, smaller).
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consider the occurrence multiple negatives13. For detection of neutralization we use indicators such as
"would", "could", "should, "might", "wish", "hope", etc. and simply discard the associated extraction
unit(s). In contrast to negation, we allow that the scope of neutralization may span the boundaries
defined by the extraction units. For example, we would discard the complete sequence "wish it had a
larger display, stronger flash, otherwise perfect camera", instead of discarding only the first extraction
unit "wish it had a larger display".

9.3.3. Grouping and Counting

The next step is to count the extracted tuples so that we can subsequently assess their polarity value by
statistical means. We have learned earlier that the occurrence frequency of product aspect mentions
approximately follows a Zipfian distribution. A few different aspects account for a large share of all
mentions. For these very frequent aspects (and related tuples) it is very likely that we find statistically
relevant correlations with target-specific sentiment expressions. With regard to more rarely occurring
aspects (and the related tuples) we have a problem. The already low occurrence frequency of the
aspect alone is even more reduced as it is distributed among multiple aspect-sentiment tuples. To
relieve this situation and to eventually increase the coverage of the generated sentiment lexicon, we
try to group similar aspects and subsequently calculate with the aggregated counts.

Recall that individual product aspects are related to each other via "part-of", "feature-of", "type-
of", and "synonym-of" relations within our product type taxonomy. For grouping, we exploit the
latter two relations. In particular, we postulate that the target-specific prior polarity of an adjective is
consistent with regard to product aspects that are related to each other via the "type-of" or "synonym-
of" semantic relation. For example, the positive prior polarity of "large" in the context of the aspect
"screen" is also valid for the (near) synonyms "display", "monitor", or "video screen", as well as for the
derived types "touch screen", "LCD screen", or "swivel screen". We are aware that this assumption is
not always true and counter examples can be brought in. However, although this may cause that we
construct some false entries, it is very unlikely that these mistakes lead to errors when applying the
lexicon for polarity detection. If the association was erroneous, it is simply unlikely that we would
find such a tuple in the actual data. For instance, if for some reason we falsely create an entry ("battery
life", "cold", negative), chances to observe this adjective in the context of the aspect in real data are
very low.

Our counts represent document frequencies, where we regard each pros or cons text as a single doc-
ument (a single pros/cons document may consist of multiple extraction units). We use the following
notation: Let C+(ws) be the document frequency of a word sequence ws in a corpus of pros docu-
ments, and let C−(ws) be defined analogously. Further, the variables C+(ws1, ws2) and C−(ws1, ws2)
refer to the document frequency of co-occurrences (ws1, ws2) in the corresponding corpora. For all
counts we will make use of aggregated group counts and statistically analyze the group as a whole.

9.3.4. Statistical Assessment

For statistical assessment of whether a group of tuples occurs significantly more often in the pros or
cons, we design a hypothesis test analogous to the one introduced in Section 7.5. We consider the
probabilities

p1 = Pr(S|T ;Pros)
p2 = Pr(S|T ;Cons),

where S is a sentiment expression candidate and T is a product aspect. Then p1 denotes the proba-
bility in a corpus of pros lists that we observe S, given that the product aspect T occurs in the same

13Double or multiple occurrences of negatives are handled as if only a single negation occurred.
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extraction unit, and p2 refers to the same probability, but in a corpus of cons lists. Again, the null
hypothesis H0 is that p1 = p = p2, that is, we assume that, independent of whether we consider the
pros or cons corpus, the strength of association between the sentiment expression and product aspect
is the same. The alternative hypothesis H1 is p1 6= p2, that is, either p1 > p2 or p2 > p1. If the test
rejects H0, we postulate that the tuple (T, S) has positive prior polarity if p1 > p2 and otherwise has
negative polarity. We estimate p, p1, and p2 as

p =
C+(S, T ) + C−(S, T )

C+(T ) + C−(T )
, p1 =

C+(S, T )

C+(T )
, p2 =

C−(S, T )

C−(T )
,

and as test statistics we use the log-likelihood ratio test as defined in Eq. (C.2).

9.3.5. Expansion and Incorporation to an Existing Lexicon

The previous steps showed how to acquire the target-specific polarity of adjectives from pros/cons
summaries in customer reviews (e.g., "large" in the context of "screen"). In this section, we present
methods for incorporating this knowledge into an existing general purpose lexicon. Before we do so,
we would like to expand the previously acquired knowledge. For instance, we can conclude that also
"big", "great", or "huge" have a positive connotation in association with "screen", whereas antonyms
such as "little", "small", or "tiny" are negatively connoted. For this purpose we use WordNet and
apply the label propagation algorithm in a similar fashion as described in Section 9.2.

In contrast to the baseline approaches, we cannot calculate a universally valid polarity score for the
lexicon entries. Lexicon entries may now be dependent on a sentiment target. We thus need to adapt
the lexicon construction procedure: The basic idea is to run the label propagation algorithm for each
of the groups extracted in step 2. Let G be such a group of similar product aspects. Then we collect
all adjectives SG that have been found to exhibit a significant sentiment polarity in the context of G.
Let S+

G be the subset of positively connoted adjectives and let S−G be the subset of expressions with
negative polarity. For expansion we experiment with two different strategies:

• Strategy A: We extend the original positive seed set Pos∗ = Pos ∪ S+
G as well as the original

negative seed set Neg∗ = Neg ∪ S−G and run the label propagation algorithm as before. The
intuition of combining the seed sets is to provide the algorithm with as much labeled data as
possible. However, within the results we now have the problem to distinguish universally polar
words from expressions that are only polar in the context of G. We only want to add lexicon
entries (t, s, score) where s is really dependent on t ∈ G. For instance, we want to add an entry
("screen", "huge", +), but not an entry ("screen", "excellent", +). Obviously, all words in S+

G \ Pos
and S−G \ Neg belong to the target category. Out of the remaining sentiment expressions, we
select the k ones with highest absolute polarity value. For these, we lookup their polarity in
the lexicon that is to be extended and compare with the polarity we have found through target-
specific expansion. We only include a new entry if the signs of the polarities differ. That may
be the case if the target-specific polarity flips the original polarity or the original polarity value
was zero. Algorithm 9.2 explains the procedure more formally.

• Strategy B: We only consider S+
G \ Pos and S−G \Neg as positive and negative seed sets and run

the label propagation algorithm as before. With this strategy we can assume that each word that
reaches a sufficiently high polarity score is target-dependent on G and thus represents a valid
extension to the existing lexicon. Again, we select only the k sentiment expressions with the
highest absolute polarity value. See Algorithm 9.2 for more details.

183



9. Automatic Acquisition of Domain-Specific Sentiment Lexicons

Algorithm 9.2 Target-Specific Expansion and Lexicon Extension

Let L be an empty target-specific sentiment lexicon
Initialize L with entries from general purpose lexicon
Let SGr = SG1

, SG2
, . . . , SGn

be the set of group specific sentiment expressions SG
Each (s, p) ∈ SG is a tuple of the form (expression, polarity value)
for all SG ∈ SGr do

if strategy = A then
S∗G ← SG ∪ Pos ∪Neg . adds original seeds

else if strategy = B then
S∗G ← SG \ {Pos ∪Neg} . removes original seeds

end if
S∗G ← EXPAND(S∗G) . Uses label propagation via relations in WordNet
S∗G ← TOP-K({S∗G \ SG}, k) . selects the k entries with highest absolute polarity
for all (s, p) ∈ {S∗G ∪ SG} do . adds original group specific sentiment expressions

polarityL ← POLARITY(L, s) . looks up polarity in L
if sign(polarityL) 6= sign(p) then

L← L+ (s,G, p) . adds to lexicon, G is the aspect’s canonical form
end if

end for
end for

9.3.6. Gathering Domain Relevant Sentiment Expressions

In addition to evaluating the target-specific polarity of sentiment expressions, our goal is to exploit the
extracted tuples for collecting a set of domain relevant, but target-independent sentiment expressions.
For instance, in the hotel domain we observe tuples such as (room, homey), (room, well-furnished),
(room, well-stocked), (room, mildewy), or (room, ratty). None of the enumerated sentiment expres-
sions is contained in any of the general purpose sentiment lexicons. Some of the words are even not
contained in WordNet. Further, we also observe many misspellings, for example (room, confortable),
(room, beutiful), (room, spatious), or (room, cosy). All these exemplary tuples have in common that
their frequency of occurrence is rather low, so that statistical assessment with the log-likelihood ratio
test shows insufficient confidence in associating the tuples with either positive or negative polarity.
Thus, in addition to statistically assessing the combinations of targets and sentiment expressions (i.e.,
for obtaining target-specific polarity), we evaluate the polarity of extracted sentiment expressions
independently from their associated targets. Occurrence frequency is now defined for each distinct
sentiment expression rather than for each distinct tuple. Considering an individual sentiment ex-
pression, we may now have more statistical evidence for deciding on its polarity. For instance, we
may observe the tuples (room, confortable), (bathroom, confortable), (hotel, confortable), and (bed,
confortable) all with a frequency of five occurrences in the pros. For each distinct tuple the statistical
evidence may not be sufficient, but when aggregating the counts we have a frequency of 20 for the
expression "confortable" in the pros part. This may be sufficient to find that it is positively connoted.

In particular, our procedure for finding domain relevant, target-independent sentiment expressions
is as follows: First, we aggregate the counts for each distinct sentiment expression by summing up
the counts for each tuple the expression occurs in. We now have frequencies C+ (pros) and C−

(cons) for each distinct sentiment expression. Then, analogously to the assessment of target-specific
expressions, we design a log-likelihood ratio test which considers the occurrence probabilities in the
pros versus the cons corpus. Again, the null hypothesis is that the word is equally distributed in both
corpora and the alternative hypothesis is that it is more likely to occur in either the pros or in the
cons corpus. For this test we require a confidence level of 99% which corresponds to a log-likelihood
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ratio of 6.63. We further reduce the size of the extracted lexicon by considering only the top-k positive
and negative expressions (ordered by absolute score). In our experiments we set k to 750, so that the
complete lexicon contains 1,500 entries. All results obtained with the approaches presented in this
section will be discussed in Section 9.4.4.

9.4. Experiments and Results

9.4.1. Experimental Setup

Our main evaluation goal is to assess the effectiveness of the different construction procedures intro-
duced previously. We do so by examining the quality of each of the resulting sentiment lexicons. In
particular, we distinguish the following three types of failures:

• Type-1 (false polarity): A lexicon entry truly exhibits a prior sentiment polarity, but the polarity
value is incorrect. For example, a lexicon entry such as (*, fantastic, -5.9) correctly refers to
a word with prior polarity ("fantastic"), but its polarity value is erroneously negative (-5.9).
Another example would be a target-specific entry such as ("battery life", "short", +2.1), where
"short" clearly is sentiment bearing, but was incorrectly classified as positive.

• Type-2 (non-polar entry): The construction process may generate a lexicon entry that does not
exhibit a prior sentiment polarity at all. For instance, entries such as (*, "analog", +1.0), (*, "put",
-2.0), or ("battery life", "cold", -1.0) would be erroneous as the related sentiment words are not
polar14.

• Type-3 (missing entry): This type of error occurs if the lexicon does not contain an entry that
has been marked in some related gold standard dataset. For instance, if our expression level
annotation dataset contains a comment "... staff behaved really ignorantly ...", but entries such
as (*, "ignorantly", -1.8) or ("staff", "ignorantly", -2.1) are both missing, then the sentiment cannot
be correctly detected.

Our evaluation procedures are designed to address these three error types. As in Chapter 7 we con-
sider intrinsic and extrinsic evaluation.

Intrinsic Evaluation

With intrinsic evaluation, we manually inspect the lexicon entries. It allows us to find errors of type-1
and type-2. To enable a more fine-grained analysis, we consider six different regions of each lexicon:
We subdivide the lexicon so that partition L+ covers all positive and partition L− all negative entries.
We order the entries of each partition descending by their absolute polarity score. Then, each of the
two partitions is further subdivided into three equally sized sub-partitions L+/−

top , L+/−
mid , and L+/−

bottom.
From each of these six sub-partitions we randomly sample 50 lexicon entries as representatives for the
corresponding region of the sentiment lexicon (manually inspecting the complete lexicons is out of
question at lexicon sizes of more than 103 entries). With this approach, we can evaluate the positive
and negative polarity parts separately and can further verify the validity of the computed polarity
scores as a confidence measure.

14Take note that, when regarding polarity detection as a three-way classification task (positive, negative, and neutral), type-2
errors are actually the same as type-1 errors. However, we believe that separating the two error types is more convenient
with regard to following discussions.

185



9. Automatic Acquisition of Domain-Specific Sentiment Lexicons

Extrinsic Evaluation

With extrinsic evaluation, our goal is to measure the effectiveness of the different lexicons in the ac-
tual context of customer review mining. It further allows us to address errors of type-3 (missing
entries). Take note that our main goal is to compare different lexicon construction approaches, rather
than evaluating a complete lexicon-based customer review mining system. We thus mainly neglect
challenges such as relation detection between sentiment expressions and targets or correct handling
of sentiment shifters. Consequently, to consider lexicon quality in isolation, we design synthetic eval-
uation scenarios that have access to gold standard information (to a different extent). In particular, we
consider the following two evaluation scenarios which both operate on the expression level corpora:

• Scenario A — Polarity classification when sentiment expressions S and related sentiment tar-
gets T are provided with perfect accuracy: Given a tuple (T, S) from the expression level cor-
pus, the lexicon is used to look up the polarity value. Type-1 errors (misclassifications) produce
a false positive for the predicted class and a false negative for the true class. Type-3 errors pro-
duce a false negative for the true class. Type-2 errors cannot occur in this scenario and thus
cannot be measured. We use gold standard information with regard to sentiment targets and
target-sentiment-relations. This allows us to examine the lexicon effectiveness in isolation from
errors introduced by inaccurate target extraction or imprecise relation detection. The scenario
gives us a realistic measure to compare the recall of different approaches and to assess their
precision in terms of polarity classification.

• Scenario B — Polarity classification when the sentiment target T is provided with perfect ac-
curacy, but sentiment expressions S and relations to targets must be algorithmically detected:
Given a sentiment target T from the expression level corpus, we proceed heuristically by con-
sidering words in the same extraction unit as T (and occurring within a window of size δwindow)
as potential sentiment expressions S and looking them up in the lexicon. Matches of type (T, S)

or (∗, S) are used to define the sentiment polarity associated with T . If multiple matches are
found, we simply sum up the corresponding polarity scores. Type-1 and type-3 errors may
occur due to the same reasons as before. In addition they may be caused by an incorrect associ-
ation of sentiment expressions with T . In this scenario type-2 errors may occur, so that we can
measure precision more realistically than in scenario A.

Datasets and Corpora

• Pros/cons datasets: We use extended versions of the datasets described in Section 7.7. For
the hotel domain, we use pros and cons parts of customer reviews that we extracted from the
website Priceline.com. This dataset contains a sample of 150,000 reviews where pros and cons
parts are both not empty. With regard to the digital camera domain, a similar sample of 100,000
reviews is extracted from the websites Epinions.com, Buzzillions.com, and Reevoo.com.

• Test corpora: The final results of the extrinsic evaluation are reported based on the gold stan-
dard annotations of the expression level hotel and digital camera corpora.

• Set of polar seed words: For our experiments with the label propagation approaches we use
a set of words with unquestionable prior polarity (e.g., "good", "bad", "like", "love", "hate"). In
total, the set consists of 120 polar words, where 54 words exhibit a positive polarity and 66
words a negative polarity. All words are tagged with part-of-speech information to guarantee
a shallow word sense disambiguation. We cover the four major parts of speech, namely nouns,
adjectives, adverbs, and verbs. The seed words are manually selected to best fit the domain of
customer reviews. However, they are not optimized for any of the two specific target domains
(hotel or digital camera reviews). For the label propagation approach by Blair-Goldensohn et al.
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[40] an additional set of explicitly neutral words is needed. We adapted a standard stop word list
by including some supplementing entries that have been proven useful during our experiments.
The lists of seed words are presented in Appendix F.

Parameter Values

Table 9.2 summarizes all parameters used in the experiments and defines their values.

parameter fixed value component description

λ 0.2 Blair-Goldensohn approach decrease of influence with increasing
path lengths in WordNet

M 5 Blair-Goldensohn approach number of iterations

θlrt−target 3.84 statistical assessment minimum score to reject H0 in the LRT-
test for target-specific entries

θlrt−domain 6.63 statistical assessment minimum score to reject H0 in the LRT-
test for domain-specific entries

kdomain 750 domain lexicon generation upper bound for the number of posi-
tive and negative expressions (each) in-
cluded in the domain-specific lexicon

λexpansion 0.2 lexicon expansion decrease of influence with increasing
path lengths in WordNet

Mexpansion 3 lexicon expansion number of iterations

θscore 0.5 evaluation minimum absolute (aggregated) polar-
ity score for classifying a token se-
quence as polar

δwindow 5 evaluation width of the window used in evalua-
tion scenario B

Table 9.2.: Definition of parameter values for the experiments with sentiment lexicon construction.

9.4.2. Effectiveness of Extraction Patterns

In this section we take a closer look at the effectiveness of the different patterns we have designed for
extracting tuples of sentiment expressions and product aspects from pros and cons texts. In particular,
we consider the recall of each of the patterns within the different corpora. The precision of the patterns
will be indirectly evaluated as part of subsequent sections. Table 9.3 lists the 9 high-precision patterns
we use for our extractions. Two-character sequences, such as "RB", "NN", or "JJ", refer to part-of-
speech tags of a token. The special character "A" refers to an identified product aspect, which may be
a single token or a sequence of tokens. Patterns 4 and 8 also include a word (e.g., "no" or "too"). Such
a pattern only matches if the relevant token equals the corresponding character sequence. Whereas
Table 9.3 shows the generalized forms of patterns, Table 9.4 lists individual instances of the patterns.
The table is sorted by the total occurrence frequency of the patterns in both pros/cons corpora. The
column "pattern-id" refers to the "id" in Table 9.3 and indicates the corresponding generalized form
of the pattern instance.

When analyzing the numbers in Table 9.3, the major observation is that a single pattern (pattern
1) accounts for far more than the half of all extractions. In the camera corpus the proportion is even
nearly 80% of all extractions. Taking a closer look at the pattern instances, we find that it is the
simple pattern JJ1 A1 (i.e., an adjective preceding a product aspect) that accounts for nearly 50% of
all extractions in both corpora. The very similar pattern 3 (JJ1.1 JJ1.2 A1) accounts for additional
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id freq. part-of-speech/token pattern propn. camera propn. hotel

1 167,913 [RB|DT] JJ1 A1.1 [(IN [DT] (A|NN))|(CC (A1.2|NN|JJ))] 77.89% 55.25%
2 41,368 [DT] A1 VB [RB] JJ1.1 [CC [RB] JJ1.2] 1.61% 29.02%
3 21,838 JJ1.1 J1.2 A1 16.50% 2.12%
4 7,792 [EX VB] ”no”1 A1.1 [(CC A1.2)|VB] 2.66% 3.40%
5 4,981 A1 [RB] JJ1.1 [CC [RB] JJ1.2] 0.86% 3.06%
6 4,770 (JJ| [DT] A| NN) CC JJ1 A1 0.44% 3.23%
7 4,493 [RB] JJ1 A1 CC [RB] JJ2 A2 0.39% 3.11%
8 1,296 [DT] A1 [VB] (”too” JJ)1 0.11% 0.86%
9 609 PR VB DT [RB] JJ1 A1 0.04% 0.43%

255060 100% 100%

Table 9.3.: List of generalized high-precision extraction patterns used for the detection of sentiment
expressions in pros and cons texts.

16.5% in the camera dataset, which together with pattern 1 is nearly 95% of all extractions. Within the
hotel dataset the situation is different. The dominance of only a few patterns is less pronounced.

Thus, the second major observation is that the effectiveness of the individual patterns is to a large
extent dependent on the underlying dataset. The pros and cons texts underlying the camera dataset
are mostly incomplete sentences, simply enumerating the positive and negative aspects of the re-
viewed product. On the other hand, in the hotel pros/cons dataset extracted from Priceline.com,
the ratio of grammatically correct sentences to simple enumerations is much higher. In consequence,
more "elaborated" patterns, such as pattern 2, exhibit a higher relative frequency. In the hotel dataset
this pattern accounts for roughly 30% of extractions, whereas in the camera corpus it is less than 2%.

In summary, we believe that the presented set of 9 high-precision patterns is generally applicable to
different types of pros/cons datasets and allows for a reasonably high rate of extraction per pros/cons
text. Taking the 2 ∗ 150, 000 hotel pros and cons texts and the 2 ∗ 100, 000 texts in the camera dataset,
we have 500, 000 pros/cons in total. From these we were able to extract roughly 270, 000 tuples15,
which results in a rate of one extraction for every second pros/cons text.

15We found 255,060 matching patterns, but most of them allow for multiple extractions.
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# freq. pattern-id pattern instance example extraction (aspect, sentiment expr.) propn. camera propn. hotel

1 148,720 1 JJ1 A1 short1 (lag time)1 (lag time, short) 44.47% 48.59%
2 21,838 3 JJ1.1 JJ1.2 A1 free1.1 hot1.2 breakfast1 (breakfast, free); (breakfast, hot) 16.03% 2.02%
3 12,463 2 A1 VB JJ1 (battery life)1 is short1 (battery life, short) 0.74% 8.51%
4 10,687 2 DT A1 VB JJ1 the location1 was great1 (location, great) 0.34% 7.57%
5 7,374 1 RB JJ1 A1 not many1 features1 (features, many) 1.71% 3.93%
6 7,206 4 ”no”1 A1 no1 (image stabilization)1 (image stabilization, no) 2,57% 3.05%
7 5,685 2 DT A1 VB RB JJ1 the buttons1 are quite small1 (buttons, small) 0.14% 4.06%
8 5,343 2 A1 VB RB JJ1 lens1 is very basic1 (lens, basic) 0.29% 3.68%
9 3,786 7 JJ1 A1 CC JJ2 A2 compact1 size1 and light2 weight2 (size, compact); (weight, light) 0.29% 2.53%

10 3,512 6 JJ CC JJ1 A1 clean and attentive1 staff1 (staff, attentive) 0.36% 2.27%
11 3,142 1 DT JJ1 A1 no free1 wifi1 (wifi, free) 0.27% 2.07%
12 2,851 1 JJ1 A1.1 CC A1.2 plastic1 buttons1.1 and casing1.2 (buttons, plastic); (casing, plastic) 0.32% 1.82%
13 2,339 5 A1 JJ1 elevators1 slow1 (elevators, slow) 0.51% 1.27%
14 2,026 5 A1 RB JJ1 price1 very high1 (price, high) 0.30% 1.23%
15 1,885 2 DT A1 VB RB JJ1.1 CC JJ1.2 the room1 was very quiet1.1 and clean1.2 (room, quiet); (room, clean) 0.01% 1.38%
16 1,837 2 DT A1 VB JJ1.1 CC JJ1.2 the colors1 are true1.1 and natural1.2 (colors, true); (colors, natural) 0.02% 1.33%
17 1,693 2 A1 VB JJ1.1 CC JJ1.2 flash1 is minimal1.1 or inadequate1.2 (flash, minimal); (flash, inadequate) 0.04% 1.21%
18 1,145 1 JJ1 A1 IN NN questionable1 value1 for money (value, questionable) 0.39% 0.50%
19 1,088 1 JJ1 A1 IN A2 mono1 (sound recording)1 in video2 (sound recording, mono) 0.19% 0.63%
20 1,068 2 A1 VB RB JJ1.1 CC JJ1.2 towels1 were so hard1.1 and rough1.2 (towels, hard); (towels, rough) 0.01% 0.78%
21 954 5 A1 CC JJ2 A2 location1 and fast2 & (check in)2 (check in, fast) 0.06% 0.65%
22 723 1 JJ1 A1 IN DT A2 spotty1 (internet service)1 in the room2 (internet service, spotty) 0.11% 0.43%
23 570 1 JJ1 A1 IN DT NN minimal1 parking1 on the street (parking, minimal) 0.11% 0.32%
24 550 8 A1 VB (”too” JJ)1 bed1 was (too soft)1 (bed, too soft) 0.03% 0.38%
25 532 1 JJ1 A1 CC NN noisy1 aircon1 and street (aircon, noisy) 0.07% 0.33%
26 511 1 JJ1 A1 CC JJ lightweight1 construction1 but sturdy (construction, lightweight) 0.07% 0.32%
27 506 9 PR VB DT JJ1 A1 it has a short1 (battery life)1 (battery life, short) 0.03% 0.34%
28 476 8 A1 (”too” JJ)1 pool1 (too small)1 (pool, too small) 0.78% 0.28%
29 334 7 RB JJ1 A1 CC JJ2 A2 very quiet1 rooms1 & fast2 internet2 (rooms, quiet); (internet, fast) 0.04% 0.21%
30 332 7 JJ1 A1 CC RB JJ2 A2 many1 features1 & very low2 noise2 (features, many); (noise, low) 0.04% 0.21%

Table 9.4.: The 30 most frequent instances of the nine extraction patterns presented in Table 9.3. The pattern id refers to the corresponding generalized
pattern.
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9.4.3. Comparison of Baseline Approaches

In this section, our goal is to compare several approaches and dictionaries that set up a baseline for
our following experiments. In particular, we consider the two label propagation methods by Rao et al.
[312] and Blair-Goldensohn et al. [40], as well as two manually compiled sentiment lexicons. For the
two label propagation methods, we report results for the parameter sets that we have found to per-
form best in preliminary experiments (see Table 9.2). Further, in contrast to the original approaches,
we use additional WordNet relations including "similar-to", "derivationally related", and "see also".
Anticipating results presented in Section 9.4.6, we found that such a configuration leads to improved
results.

The lexicon, which we here denote as "MPQA", is an excerpt of the MPQA Subjectivity Lexicon [438].
Out of the original lexicon we extract those terms that are marked as "strongly subjective" and which
exhibit either a positive or negative prior polarity. Further removing some stemmed forms, results
in a lexicon of 4,422 entries (the original lexicon consisted of roughly 8,700 entries, but led to inferior
results in comparison). The "Liu" sentiment lexicon16 is a dictionary that has been created specifically
for the task of customer review mining. It consists of roughly 6,800 entries, explicitly containing
many misspellings and colloquial expressions that are frequently used in user generated content. The
lexicon has been created with the help of automatic methods (synonym/antonym expansion), but
was manually revised and extended over a period of many years. In addition to the four baseline
dictionaries, we consider using the set of polar seed words alone, that is, without further expansion
by means of label propagation in WordNet. The configuration is denoted as "polar-seed-words" or
shortly "seed" in the following. Configurations prefixed with "BG" indicate that label propagation
with the Blair-Goldensohn et al. method is used. Analogously, the prefix "Rao" is used.

Extrinsic Evaluation

Tables 9.5 and 9.6 present the results of the extrinsic evaluation for the hotel and digital camera cor-
pora. Each table differentiates between the precision, recall, and f-measure values for the positive
and negative polarity classes and further provides the macro-averaged results computed over both
classes.

The first observation is that the Rao et al. method (Rao) performs consistently worse than the Blair-
Goldensohn et al. method (BG). The differences in macro-averaged f-measure are 15-25 percentage
points in both scenarios and in both domains (hotel and camera). Whereas the precision is very high
with the Rao method (> 90%), its recall is comparably low at around 40%. The main reason is that
with the Rao method the resulting lexicon is much smaller than the lexicon obtained with the BG
approach. The first method expands the set of polar seed words to a lexicon of around 800 entries,
whereas the second method generates roughly ten times more entries (∼ 7,500). Besides the distinct
ways of implementing label propagation, another cause for the smaller lexicon sizes with the Rao
method may be that it does not directly allow to incorporate the antonym relation.

The second main observation is that the f-measure is significantly higher for the positive polarity
class than for the negative class. We find this result for all approaches in all scenarios and both
domains. The average difference between the f-measure obtained for the positive and negative class
is about 20 percentage points. While both precision and recall are lower for the negative polarity class,
it is primarily the lower recall causing inferior results. Looking at the false negatives of both classes,
we find that in the negative class the ratio of complex sentiment expression (in contrast to single
words) is higher. Such complex expressions (e.g., "left something to be desired" or "should come
with") are lacking in the considered sentiment lexicons. Closely related is another reason. Recall
that our corpus analysis (cf., Section 6.2.2) revealed that the lexical diversity of negative sentiment

16See http://www.cs.uic.edu/~liub/FBS/sentiment-analysis.html for some further explanations.
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positive negative macro-average

Lexicon Size P R F1 P R F1 P R F1

polar-seed-words 120 0.991 0.433 0.602 1.000 0.256 0.408 0.996 0.344 0.505
BG-seed 2850 0.955 0.659 0.780 0.981 0.438 0.606 0.968 0.548 0.693
Rao-seed 776 0.974 0.497 0.658 1.000 0.273 0.429 0.987 0.385 0.543
MPQA 4422 0.981 0.454 0.621 0.891 0.270 0.414 0.936 0.362 0.517
Liu 6789 0.964 0.749 0.843 0.938 0.501 0.654 0.951 0.625 0.748

(a) Scenario A

positive negative macro-average

Lexicon Size P R F1 P R F1 P R F1

polar-seed-words 120 0.939 0.534 0.681 0.915 0.250 0.393 0.927 0.392 0.537
BG-seed 2850 0.892 0.788 0.837 0.833 0.383 0.525 0.862 0.586 0.681
Rao-seed 776 0.921 0.587 0.717 0.919 0.263 0.409 0.920 0.425 0.563
MPQA 4422 0.934 0.544 0.687 0.752 0.273 0.401 0.843 0.409 0.544
Liu 6789 0.922 0.782 0.846 0.873 0.437 0.582 0.898 0.609 0.714

(b) Scenario B

Table 9.5.: Hotel dataset: Comparison of the results for the baseline approaches.

expressions is generally higher than for positive expressions (higher root-ttr). In consequence, the
task of recognizing negative sentiment is more difficult than recognizing positive sentiment.

Comparing both handcrafted sentiment lexicons, we find that the Liu lexicon by far outperforms
the MPQA lexicon. The macro-averaged f-measure is roughly 15 to 25 percentage points higher in
the various evaluation configurations. Again, it is mainly the improved recall which causes this dif-
ference. It is obvious that the Liu lexicon was primarily designed for sentiment analysis in customer
review data, whereas the MPQA lexicon was mainly devised for subjectivity detection in newswire
text. These basic results thus further pinpoint the need for domain specific lexicons. A closely re-
lated observation is that the Liu lexicon performs better on the digital camera dataset than on the
hotel dataset, whereas it is vice versa for the BG approach. We assume that here the reason is that
the Liu lexicon was designed and tested in the context of customer reviews on consumer electronics
(including digital cameras). In consequence, it contains many entries that are especially relevant in
this specific domain (e.g., "easy-to-use", "clear", or "durable").

Among the baseline approaches, the handcrafted Liu lexicon and the automatically created BG-
seed lexicon exhibit the best performance. Comparing both configurations, the results are similar
with macro-averaged f-measures of approximately 75-80% in scenario A and 70-75% in scenario B.
In both scenarios and both domains, the recall obtained with the automatically created lexicon is
significantly higher (trading for precision), which is mainly a result of the larger lexicon size (7,500
compared to 6,800 entries). The BG label propagation approach successfully expands the seed set of
120 polar words. Compared to using only the seed words as a lexicon, the f-measure is increased
by roughly 15-30 percentage points in the different evaluation configurations. Interestingly, we can
achieve better (camera) or similar (hotel) results with the small set of polar seed words compared to
using the much larger MPQA lexicon.

A further observation is that even with the relative simple approach of computing polarity scores
by matching lexicon entries in a co-occurrence window of (albeit perfectly known) product aspects
(scenario B), we can achieve quite good results with f-measure values of up to 75%. For the positive
polarity class the f-measure is even up to 85%. Naturally, results for scenario A are generally better
than for scenario B as type-2 errors cannot be counted in scenario A. Thus, with regard to precision,
scenario B shows the more realistic results. Concerning recall, scenario A is more realistic, as no influ-
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positive negative macro-average

Lexicon Size P R F1 P R F1 P R F1

polar-seed-words 120 0.994 0.564 0.720 0.989 0.275 0.430 0.992 0.420 0.575
BG-seed 2850 0.975 0.702 0.816 0.845 0.411 0.553 0.910 0.556 0.685
Rao-seed 776 0.979 0.564 0.716 0.989 0.284 0.441 0.984 0.424 0.579
MPQA 4422 0.970 0.468 0.631 0.850 0.275 0.416 0.910 0.371 0.523
Liu 6789 0.958 0.733 0.830 0.926 0.644 0.759 0.942 0.688 0.795

(a) Scenario A

positive negative macro-average

Lexicon Size P R F1 P R F1 P R F1

polar-seed-words 120 0.949 0.587 0.726 0.932 0.242 0.384 0.941 0.415 0.555
BG-seed 2850 0.908 0.693 0.786 0.631 0.396 0.487 0.770 0.545 0.636
Rao-seed 776 0.924 0.597 0.726 0.934 0.249 0.393 0.929 0.423 0.559
MPQA 4422 0.916 0.509 0.655 0.748 0.270 0.397 0.832 0.390 0.526
Liu 6789 0.922 0.728 0.813 0.891 0.516 0.653 0.907 0.622 0.733

(b) Scenario B

Table 9.6.: Camera dataset: Comparison of the results for the baseline approaches.

ence from potentially erroneous relation detection is incorporated. In summary, extrinsic evaluation
shows that the BG method and the Liu lexicon exhibit a similar performance and that both clearly
outperform the other baseline approaches. Label propagation with the Rao method led to signifi-
cantly worse results than with the BG method. Following experiments therefore only cover the BG
method as representative for label propagation.

Intrinsic Evaluation

Table 9.7 presents the results of our intrinsic evaluation for the BG and the Rao method. Recall that
we evaluate the generated lexicons by sampling from different partitions and inspecting the corre-
sponding entries. We can measure type-1 (false polarity) and type-2 errors (non polar entry) and
thus can report an estimate for the precision of the different partitions of the lexicon. We observe

positive negative

statistic sample top sample mid sample bottom sample top sample mid sample bottom average

type-1 errors 4 3 4 2 1 1 2.5
type-2 errors 9 20 21 10 10 16 14.33
estimated precision 0.74 0.54 0.50 0.76 0.78 0.66 0.66

lexicon sizes 2505 5011 —

(a) Blair-Goldensohn method

positive negative

statistic sample top sample mid sample bottom sample top sample mid sample bottom average

type-1 errors 0 4 5 1 0 0 1.67
type-2 errors 6 16 20 13 17 13 14.17
estimated precision 0.88 0.60 0.50 0.72 0.66 0.74 0.68

lexicon sizes 324 564 —

(b) Rao method

Table 9.7.: Results for the intrinsic evaluation of the baseline approaches.
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relative low precision values for the BG method, which may be astonishing when considering the
comparably high precision obtained with extrinsic evaluation. From the set of 300 (6*50) randomly
sampled lexicon entries we estimate an overall precision of 66%. The precision is higher (at 75%),
when only considering the top third of the positive and negative lexicon entries (i.e., with highest
absolute score). For the bottom third it is around 20 percentage points lower, namely at 58%. We find
that the main reason for low precision is a relatively high number of type-2 errors. The lexicon con-
tains many entries that we annotated as not having any prior sentiment polarity. The reason why the
lexicon still performs very good in the sentiment polarity detection task of our extrinsic evaluation
scenario is twofold: First, the most frequent sentiment expressions (which are not already contained
in the seed word list) are correctly identified and classified by the algorithm (we have relatively few
type-1 errors). Second, the vast majority of false (i.e., neutral) entries are very uncommon words that
simply do not occur very often in our evaluation datasets (and even more rarely in the direct context
of a product aspect). Sorted in descending order by absolute polarity score, we observe for example
the following false entries: "collateral", "powdered", "fixture", "develop", or "lubricated oil".

Looking at the WordNet entries for this type of entries, we find mainly two reasons that cause
their erroneous inclusion. Often, the error stems from disregarding the different senses of a word
(recall that we fold the different senses/synsets related to a word to a single sense). For instance, the
word "collateral" is included as there exists a sense in WordNet of type "serving to support or cor-
roborate" with synonyms "confirmative", "confirmatory" "substantiating", "substantiative", and more.
From these synonyms there exists a path of length two to the seed word "positive". Further, for this
particular sense, many other positive words are reachable with short paths, for instance, the words
"helpful", "heartening", or "encouraging". For the other exemplary words such paths exist, too (e.g.,
for "powdered" we find a direct relation to "fine", which is a positive seed word). Another reason is
that words that have many connections in WordNet are favored by the Blair-Goldensohn method. As
the score for a word is derived by summing up the scores obtained through incoming edges, non-
polar words with many different senses or many synonyms may receive high scores just by the large
number of (individually low-scored) links.

For the Rao method, we observe a slightly higher average precision of 68%17. The distribution of
the two error types is quite similar in comparison to the BG method. The average number of type-2
errors is 14.17 in each 50-word partition, compared to 14.33 for the BG method. Type-1 errors are
equally low for both methods with around 2 errors in average. In addition, for both methods we
can observe a correlation between the calculated polarity scores and the estimated precision. Higher
scores correlate with higher precision values — we have fewer errors in the partitions sampled from
the entries with highest absolute polarity scores.

9.4.4. Incorporating Domain and Target-Specific Lexicon Entries

Extrinsic Evaluation

In this section, we discuss the results with gathering domain and target-specific sentiment expressions
from the pros and cons parts of customer reviews (as described in Section 9.3). In particular, we
consider configurations where the domain and target-specific expressions are incorporated into the
seed word list, the original Liu lexicon, and the lexicon obtained with the BG approach. The results
are presented in Tables 9.8 and 9.9. The tables show macro-averaged results for each configuration in
both evaluation scenarios. The three original (unextended) lexicons "seed", "BG-seed", and "Liu" are
taken as references for the results obtained with the extended, domain specific lexicons. The notation
with the "+" symbol states that entries of a certain lexicon are added to another one. For instance the
configuration "BG-seed+dom+targ" refers to the setting where we construct a lexicon from the seed
words by label propagation with the BG method and then add to this lexicon the extracted domain-

17 Recall that the precision values are only estimated from a sample of 300 lexicon entries.
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scenario A scenario B

lexicon size macro-p macro-r macro-f1 macro-p macro-r macro-f1

seed 120 0.996 0.344 0.505 0.927 0.392 0.537
seed+dom 1590 0.894 (-0.102) 0.806 (+0.461) 0.847 (+0.342) 0.854 (-0.073) 0.701 (+0.309) 0.770 (+0.233)
seed+targ 4227 0.944 (-0.052) 0.649 (+0.305) 0.767 (+0.261) 0.867 (-0.060) 0.610 (+0.218) 0.711 (+0.174)
seed+dom+targ 4712 0.903 (-0.093) 0.810 (+0.466) 0.854 (+0.349) 0.844 (-0.083) 0.733 (+0.341) 0.784 (+0.247)

BG-seed 7517 0.881 0.726 0.796 0.808 0.703 0.752
BG-seed-dom 23437 0.881 (+0.000) 0.897 (+0.171) 0.888 (+0.092) 0.795 (-0.013) 0.795 (+0.093) 0.795 (+0.044)
BG-seed+dom 8428 0.891 (+0.010) 0.851 (+0.125) 0.870 (+0.074) 0.821 (+0.013) 0.757 (+0.055) 0.788 (+0.036)
BG-seed+targ 10819 0.910 (+0.029) 0.809 (+0.082) 0.856 (+0.060) 0.831 (+0.023) 0.759 (+0.057) 0.793 (+0.042)
BG-seed-dom+targ 25753 0.890 (+0.009) 0.903 (+0.176) 0.895 (+0.100) 0.803 (-0.005) 0.805 (+0.103) 0.804 (+0.052)
BG-seed+dom+targ 11195 0.908 (+0.028) 0.865 (+0.138) 0.886 (+0.090) 0.833 (+0.025) 0.787 (+0.084) 0.809 (+0.057)

Liu 6789 0.951 0.625 0.748 0.898 0.609 0.714
Liu+dom 7687 0.901 (-0.050) 0.861 (+0.236) 0.880 (+0.132) 0.863 (-0.034) 0.739 (+0.129) 0.796 (+0.082)
Liu+targ 10421 0.936 (-0.015) 0.797 (+0.172) 0.860 (+0.112) 0.862 (-0.036) 0.721 (+0.111) 0.783 (+0.069)
Liu+dom+targ 10802 0.910 (-0.042) 0.865 (+0.240) 0.887 (+0.139) 0.851 (-0.047) 0.770 (+0.161) 0.808 (+0.094)

Table 9.8.: Hotel corpus: Results obtained by incorporating domain and target-specific sentiment
expressions into the baseline lexicons "seed", "BG-seed", and "Liu". The table shows the
macro-averaged results for polarity classification in scenarios A and B.

specific and the target-specific entries. The notation with the "-" symbol as in "BG-seed-dom" refers
to a setting where the domain-specific words are used as additional seeds within the BG method.
Numbers in brackets refer to the differences calculated in comparison to the respective reference
lexicon.

The first and main result is that our approach to exploit the weakly labeled pros/cons data leads
to significantly improved results compared to all baseline approaches. This result is consistent with
regard to the two evaluation scenarios as well as with respect to both product domains.

Generally, the improved f-measure is due to a significantly higher recall. When comparing the
configurations where we either add only the domain-specific or the target-specific sentiment expres-
sions, we find that the major share of improved recall is due to the addition of the domain-specific
expressions. For instance, considering the configuration with the Liu lexicon in scenario A, we ob-
serve increases in recall of 23.6 (hotel) and 14.3 (camera) percentage points when adding the domain-
specific expressions. Increases in recall are less when adding only the target-specific entries. Here,
we measure improvements of "only" 17.2 (hotel) and 7.3 (camera) percentage points. The best results
are obtained when adding both, domain-specific and target-specific sentiment expressions. Again
considering the Liu lexicon, we observe improvements in f-measure of 13.9 (hotel) and 8.5 (camera)
percentage points in scenario A. For the evaluation scenario B, the numbers are +9.4 and +6.5 per-
centage points. When considering the BG-seed baseline, the improvements are slightly less with +9.0
and +8.9 percentage points in scenario A and +5.7 and +7.8 percentage points in scenario B. The
main reason for the less steep increase is that the recall achieved with the BG-seed baseline is already
(comparably) high.

Comparing the three baseline approaches, we find that extending the Liu lexicon shows the best
results (in f-measure) for the camera datasets and the BG-seed method is slightly better for the hotel
dataset. In scenario A, we obtain results of nearly 90% f-measure and in scenario B the f-measure is
still high with around 80%. Expanding the basic seed word list with the extracted domain and target-
specific sentiment expressions also shows astonishingly good results. The f-measure is at maximum
only 5 percentage points lower compared to the corresponding best configuration with the other two
methods.

We further experimented with incorporating the extracted domain-specific sentiment expressions
as additional seed words for the label propagation approach (instead of simply adding them to an
existing lexicon). The four configurations "BG-seed-dom" and "BG-seed+dom", as well as "BG-seed-
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scenario A scenario B

lexicon size macro-p macro-r macro-f1 macro-p macro-r macro-f1

seed 120 0.992 0.420 0.575 0.941 0.415 0.555
seed+dom 1596 0.912 (-0.079) 0.739 (+0.320) 0.816 (+0.241) 0.858 (-0.083) 0.641 (+0.227) 0.733 (+0.178)
seed+targ 2075 0.969 (-0.022) 0.569 (+0.150) 0.710 (+0.135) 0.910 (-0.031) 0.554 (+0.139) 0.680 (+0.125)
seed+dom+targ 3091 0.930 (-0.062) 0.748 (+0.328) 0.827 (+0.252) 0.867 (-0.074) 0.679 (+0.265) 0.760 (+0.205)

BG-seed 7517 0.854 0.707 0.773 0.780 0.660 0.715
BG-seed-dom 21840 0.877 (+0.023) 0.846 (+0.139) 0.861 (+0.088) 0.779 (-0.001) 0.747 (+0.087) 0.763 (+0.048)
BG-seed+dom 8597 0.881 (+0.027) 0.803 (+0.095) 0.840 (+0.067) 0.796 (+0.016) 0.720 (+0.059) 0.755 (+0.041)
BG-seed+targ 9049 0.902 (+0.048) 0.766 (+0.058) 0.828 (+0.054) 0.829 (+0.050) 0.729 (+0.068) 0.776 (+0.061)
BG-seed-dom+targ 22882 0.890 (+0.036) 0.850 (+0.143) 0.869 (+0.096) 0.810 (+0.030) 0.777 (+0.116) 0.793 (+0.078)
BG-seed+dom+targ 9863 0.907 (+0.053) 0.822 (+0.114) 0.862 (+0.089) 0.824 (+0.045) 0.763 (+0.103) 0.792 (+0.078)

Liu 6789 0.942 0.688 0.795 0.907 0.622 0.733
Liu+dom 7845 0.910 (-0.032) 0.832 (+0.143) 0.869 (+0.074) 0.866 (-0.041) 0.702 (+0.080) 0.775 (+0.042)
Liu+targ 8540 0.939 (-0.003) 0.761 (+0.073) 0.840 (+0.046) 0.896 (-0.010) 0.686 (+0.064) 0.775 (+0.042)
Liu+dom+targ 9340 0.923 (-0.019) 0.840 (+0.152) 0.879 (+0.085) 0.868 (-0.038) 0.739 (+0.118) 0.798 (+0.065)

Table 9.9.: Camera corpus: Results obtained by incorporating domain and target-specific sentiment
expressions into the baseline lexicons "seed", "BG-seed", and "Liu". The table shows the
macro-averaged results for polarity classification in scenarios A and B.

dom+targ" and "BG-seed+dom+targ" represent these differing approaches. Our results are that utiliz-
ing the domain-specific words as additional seeds leads to slightly better results with regard to recall.
Take note that the lexicons obtained with "BG-seed-dom(+targ)" configurations are supersets of "BG-
seed+dom(+targ)" lexicons (Algorithm 9.1 ensures that label propagation does not remove any seed
word). With regard to precision, we consider the more realistic scenario B. We find that precision
is slightly worse for the "add as seed" approach, showing that label propagation adds some noise
to the lexicons. Also, when adding target-specific entries to the lexicons, no significant difference
in f-measure is observable in scenario B. Additionally considering the fact that the resulting lexicon
is only half of the size, we conclude that simply adding the domain-specific words to the lexicon is
preferable over utilizing the words as additional seeds.

Generally, when considering the handcrafted baselines ("seed", "Liu"), we can observe that adding
the extracted domain and target-specific entries decreases the precision. This result was foreseeable
as the heuristically extracted data naturally contains some noise in terms of type-1 (false polarity)
and type-2 errors (non polar entry). However, the decrease in precision is rather moderate compared
to the increase in recall. We still observe high absolute precision values of over 90% in scenario A
and 85-90% in scenario B. We conclude from these results that our approach of gathering domain
and target-specific sentiment expression exhibits a high accuracy (see also the following intrinsic
evaluation). When considering the BG-seed baseline, we even observe an increase in precision with
added domain and target-specific expressions. Here, the additional data is capable of compensating
mistakes introduced by the label propagation procedure.

The provided results in Tables 9.8 and 9.9 let us also analyze the relative importance of considering
target-specific prior polarity in comparison to domain-specific polarity. For this purpose, we con-
sider the differences when adding target-specific entries to a lexicon that already contains domain-
specific entries (e.g., Liu+dom compared to Liu+dom+targ). We observe improvements in f-measure
of roughly 2-4 percentage points when considering scenario B for the different configurations and
both domains. We can conclude that our approach successfully determines target-specific polarity
and further that improvements achievable with target-specific lexicons are at least 2-4 percentage
points in f-measure. The improvements are slightly more pronounced for the digital camera evalua-
tion corpus.
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positive negative

statistic sample top sample mid sample bottom sample top sample mid sample bottom average

type-1 errors 0 1 0 0 1 1 0.5
type-2 errors 2 10 6 5 5 6 5.67
estimated precision 0.96 0.78 0.88 0.90 0.88 0.86 0.88

lexicon sizes 750 750 —

(a) Hotel dataset

positive negative

statistic sample top sample mid sample bottom sample top sample mid sample bottom average

type-1 errors 0 1 0 0 0 2 0.5
type-2 errors 6 7 9 5 14 9 8.33
estimated precision 0.88 0.84 0.82 0.90 0.72 0.78 0.82

lexicon sizes 750 750 —

(b) Digital camera dataset

Table 9.10.: Accuracy of the approach for extracting domain-specific sentiment lexicon entries.

Intrinsic Evaluation

We have seen that including the extracted domain and target-specific sentiment expressions allows
for a major improvement in recall while precision only slightly deteriorates. We now consider pre-
cision more closely by manually inspecting and verifying the extracted sentiment expressions. As
described in Section 9.4.1, we randomly sample from six different partitions of the data. Table 9.10
shows the result of our intrinsic evaluation for the domain-specific part, whereas Table 9.11 presents
the results for the extraction of target-specific entries. For the extraction of domain-specific sentiment
expressions we observe high (estimated) precision values of 88% for the hotel dataset and 82% for the
digital camera dataset. Especially type-1 errors (false polarity) are very rare with on average 0.5 oc-
currences in a 50-word partition in both evaluation datasets. Considering only the two top partitions,
the precision is even at 93% (hotel) and 89% (camera), respectively. Looking more closely at type-2
errors, we find that they either stem from errors of the part-of-speech tagger18 or from missing entries
in the product type taxonomy. Missing entries may lead to mistakes if a modifier, which is actually
part of the term, is erroneously identified as a sentiment expression. In general, we can conclude that
our heuristics to derive domain-specific sentiment expressions from the extracted target-sentiment
tuples are sufficiently accurate.

Evaluating the target-sentiment tuples themselves shows an even higher precision of our extraction
and scoring process. In both datasets, we observe very high precision values of 95% (hotel) and
94% (camera), respectively. Comparing positive to negative partitions of the extracted lexicons, we
find that the precision for extracting negative tuples is higher with an (estimated) perfect precision
of 100% for the hotel dataset and 98% for the camera dataset. Type-1 errors are very unlikely to
occur. In the combined sample of 600 lexicon entries (hotel and camera) we find only a single entry
with false polarity ("simple decoration" is estimated as positive). The majority of type-2 errors either
refers to senseless combinations, such as (tv, clean), (room size, clean), etc., or misinterpreted term
modifiers such as (tv, flatscreen) or (parking, underground). Whereas the former errors are unlikely
to affect precision in a real application, the latter may in fact decrease the accuracy. In summary, we
can conclude that our pattern-based methods (in conjunction with the statistical assessment) indeed
constitute high-precision extraction heuristics that allow to generate highly accurate target-specific
supplements to general purpose sentiment lexicons.

18The tagger was not explicitly trained on the short pros/cons texts.
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positive negative

statistic sample top sample mid sample bottom sample top sample mid sample bottom average

type-1 errors 0 1 0 0 0 0 0.17
type-2 errors 3 4 6 0 0 0 2.17
estimated precision 0.94 0.90 0.88 1.00 1.00 1.00 0.95

lexicon sizes 1993 2149 —

(a) Hotel dataset

positive negative

statistic sample top sample mid sample bottom sample top sample mid sample bottom average

type-1 errors 0 0 0 0 0 0 0.00
type-2 errors 3 3 8 0 1 2 2.83
estimated precision 0.94 0.94 0.84 1.00 0.98 0.96 0.94

lexicon sizes 1275 701 —

(b) Digital camera dataset

Table 9.11.: Accuracy of the approach for extracting target-specific sentiment lexicon entries.

9.4.5. Effectiveness of Expansion Strategies

The goal of this section is to analyze the effectiveness of the two different strategies for expanding
target-specific sentiment lexicons (as described in Section 9.3.5). We compare strategies A and B and
use as reference the "BG-seed+dom+targ" configuration, which does not expand target-specific en-
tries. Table 9.12 presents our results obtained for the hotel and digital camera datasets. The single

scenario A scenario B

lexicon size macro-p macro-r macro-f1 macro-p macro-r macro-f1

BG-s+d+t 11195 0.908 0.865 0.886 0.833 0.787 0.809
BG-s+d+t-exp-A 12592 0.908 (+0.000) 0.865 (+0.000) 0.886 (+0.000) 0.833 (+0.000) 0.787 (+0.000) 0.809 (+0.000)
BG-s+d+t-exp-B 12253 0.908 (+0.000) 0.865 (+0.000) 0.886 (+0.000) 0.832 (-0.001) 0.785 (-0.002) 0.808 (-0.001)

(a) hotel corpus

scenario A scenario B

lexicon size macro-p macro-r macro-f1 macro-p macro-r macro-f1

BG-s+d+t 9863 0.907 0.822 0.862 0.824 0.763 0.792
BG-s+d+t-exp-A 10374 0.908 (+0.002) 0.822 (+0.001) 0.863 (+0.001) 0.825 (+0.001) 0.763 (+0.000) 0.793 (+0.000)
BG-s+d+t-exp-B 10434 0.909 (+0.002) 0.821 (-0.000) 0.863 (+0.001) 0.826 (+0.002) 0.762 (-0.001) 0.793 (+0.000)

(b) digital camera corpus

Table 9.12.: Effectiveness of the two different strategies for the expansion of target-specific sentiment
lexicons.

and main observation is that neither strategy A, nor strategy B lead to improved results. The idea
to apply label propagation to further expand a target-specific sentiment lexicon has proven useless,
at least for our evaluation corpora. In both evaluation scenarios and in both product domains dif-
ferences in f-measure are not significant. Although the size of the lexicons is slightly expanded with
the approach (roughly +500-1500 entries), no significant influence on recall can be measured. More
closely inspecting the really target-specific sentiment expressions in our corpora shows that most of
them describe (physically) quantifiable properties such as size, length, weight, speed, temperature,
or brightness. We further find that the lexical variability to describe such properties is rather low. For
instance, to describe the size of an entity the vast majority of reviewers refers to only six adjectives
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scenario A scenario B

lexicon size macro-p macro-r macro-f1 macro-p macro-r macro-f1

BG-s-syn 2847 0.876 0.546 0.673 0.776 0.578 0.663
BG-s-sim 4752 0.843 (-0.033) 0.651 (+0.105) 0.735 (+0.062) 0.777 (+0.001) 0.663 (+0.085) 0.715 (+0.053)
BG-s-also 3236 0.872 (-0.004) 0.608 (+0.061) 0.715 (+0.042) 0.780 (+0.005) 0.614 (+0.036) 0.687 (+0.024)
BG-s-deriv 4184 0.937 (+0.060) 0.597 (+0.051) 0.728 (+0.055) 0.789 (+0.013) 0.635 (+0.056) 0.703 (+0.041)
BG-s-hyp 16255 0.830 (-0.046) 0.626 (+0.080) 0.714 (+0.041) 0.671 (-0.105) 0.701 (+0.123) 0.681 (+0.019)
BG-s-all\hyp 7517 0.881 (+0.004) 0.726 (+0.180) 0.796 (+0.123) 0.808 (+0.032) 0.703 (+0.124) 0.752 (+0.089)

BG-s+d+t-syn 7059 0.899 0.843 0.870 0.823 0.770 0.796
BG-s+d+t-sim 8604 0.896 (-0.003) 0.845 (+0.002) 0.870 (-0.000) 0.816 (-0.007) 0.776 (+0.006) 0.795 (-0.000)
BG-s+d+t-also 7342 0.905 (+0.006) 0.845 (+0.003) 0.874 (+0.004) 0.831 (+0.008) 0.774 (+0.003) 0.801 (+0.005)
BG-s+d+t-deriv 8338 0.904 (+0.005) 0.856 (+0.013) 0.879 (+0.009) 0.827 (+0.004) 0.784 (+0.013) 0.805 (+0.009)
BG-s+d+t-hyp 20384 0.878 (-0.021) 0.875 (+0.032) 0.876 (+0.007) 0.775 (-0.048) 0.814 (+0.044) 0.794 (-0.002)
BG-s+d+t-all\hyp 11195 0.908 (+0.009) 0.865 (+0.022) 0.886 (+0.016) 0.833 (+0.010) 0.787 (+0.016) 0.809 (+0.013)

Table 9.13.: Hotel corpus: Effectiveness of different sets of WordNet relations for the label propagation
approaches.

("small", "little", "large", "big", "tiny", and "huge"). However, nearly all of these types of adjectives
are already included within our extracted target-specific lexicon. Thus, further expanding it does not
lead to better results.

9.4.6. Influence of Considered WordNet Relations

We now analyze the effect of utilizing different WordNet relations for the label propagation algo-
rithms. In particular, we consider using the similar-to, the see-also, and the hyponymy relation as well
as the "cross part-of-speech" relation called "derivationally related form". For the hyponymy relation, we
add directed edges to the (virtual) graph that represents the relevant WordNet relations (in fact, we
adjust the stochastic adjacency matrix accordingly). The intuition is that sentiment polarity is trans-
ferred from a word to its hyponym (subtype), but not from a word to its hypernym (supertype). With
regard to sentiment polarity, we believe that the relation is unidirectional. For instance, the word
"imperfection" transfers its negative polarity to its direct hyponyms, such as "flaw", "defect", "weak-
ness", or "fault", but not to its direct hypernym which is "state" in WordNet. In contrast, we regard the
other considered relations as bidirectional. The relations are symmetric and we thus postulate that
sentiment polarity is transferred in either direction. The similar-to and the see-also relations generally
link semantic "near synonyms". As an example, the similar-to relation links the adjective "polite" to
adjectives such as "courteous", "gracious", "well-mannered", or "mannerly". The similar-to relation
has also been used in other approaches [120, 395] and we too believe that the relation transfers the
sentiment polarity of words. Regarding the "derivationally related form" relation we cite WordNet’s
website19: The relation includes "’morphosemantic’ links that hold among semantically similar words
sharing a stem with the same meaning [...]". For instance, the relation links the verb "to love" with the
corresponding adjective "lovable" and noun "love". As a baseline, we use the original configuration
of the Blair-Goldensohn et al. approach, which only considers the synonym/antonym relation. For
our experiments, we separately incorporate each of the other relations as supplement to this basic
configuration. In addition, we also report results for a combination of all relations (excluding the
hyponymy relation), which is denoted as "BG-s+all\hyp" in the following.

Tables 9.13 and 9.14 present our results with additionally incorporating the mentioned relations.
We analyze the effect when using the BG method alone, as well as the influence when the resulting
lexicon is extended with domain and target-specific entries (configurations with prefix "BG-s+d+t").

As a first result, when considering the obtained f-measure, we find that all relations, except for
the hyponymy relation, lead to improved results. The increases are more pronounced for the con-

19http://wordnet.princeton.edu/
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scenario A scenario B

lexicon size macro-p macro-r macro-f1 macro-p macro-r macro-f1

BG-s-syn 2847 0.867 0.554 0.675 0.750 0.563 0.642
BG-s-sim 4752 0.848 (-0.019) 0.650 (+0.096) 0.736 (+0.060) 0.761 (+0.012) 0.635 (+0.072) 0.691 (+0.049)
BG-s-also 3236 0.874 (+0.007) 0.625 (+0.071) 0.726 (+0.050) 0.766 (+0.016) 0.608 (+0.045) 0.678 (+0.036)
BG-s-deriv 4184 0.875 (+0.008) 0.618 (+0.064) 0.723 (+0.048) 0.747 (-0.002) 0.612 (+0.049) 0.671 (+0.029)
BG-s-hyp 16255 0.754 (-0.113) 0.624 (+0.070) 0.681 (+0.006) 0.608 (-0.142) 0.614 (+0.051) 0.602 (-0.040)
BG-s-all\hyp 7517 0.854 (-0.013) 0.707 (+0.153) 0.773 (+0.098) 0.780 (+0.030) 0.660 (+0.097) 0.715 (+0.072)

BG-s+d+t-syn 5567 0.906 0.788 0.843 0.805 0.730 0.765
BG-s+d+t-sim 7223 0.904 (-0.002) 0.794 (+0.006) 0.845 (+0.003) 0.812 (+0.007) 0.753 (+0.024) 0.781 (+0.016)
BG-s+d+t-also 5870 0.912 (+0.006) 0.796 (+0.007) 0.849 (+0.006) 0.810 (+0.005) 0.735 (+0.005) 0.770 (+0.005)
BG-s+d+t-deriv 6843 0.907 (+0.002) 0.805 (+0.016) 0.853 (+0.010) 0.801 (-0.004) 0.746 (+0.016) 0.772 (+0.007)
BG-s+d+t-hyp 18898 0.839 (-0.066) 0.816 (+0.028) 0.827 (-0.015) 0.704 (-0.101) 0.730 (+0.000) 0.715 (-0.050)
BG-s+d+t-all\hyp 9863 0.907 (+0.001) 0.822 (+0.033) 0.862 (+0.019) 0.824 (+0.020) 0.763 (+0.034) 0.792 (+0.027)

Table 9.14.: Digital camera corpus: Effectiveness of different sets of WordNet relations for the label
propagation approaches.

figurations without adding domain or target-specific expressions. Results show that the similar-to
relation causes the greatest increase with around +5-6 percentage points, followed by the see-also
(+3-5 percentage points) and the derivationally-similar relation (+3-5 percentage points). Including
the hyponymy relation consistently leads to worse results (f-measure). It expands the lexicon to a size
that is around five times greater than the reference. Naturally, this causes a higher recall, but on the
other hand too much noise is introduced so that precision is lowered disproportionately (scenario B).
As the hyponymy relation is only defined for nouns, the vast expansion stems exclusively from ad-
ditional nouns. However, we also know that most sentiment expressions are adjectives and only less
than 10% are nouns (cf., Section 6.2.2). In consequence, we may not expect a major improvement in
recall by using this relation. In fact, the increase in recall is not greater than for the similar-to relation.

In case the configuration is enriched with domain and target-specific entries, improvements due
to including the additional relations are relatively small (< 1 percentage point). We receive the best
results with including all relations in combination. The f-measure improves around 2.7 percentage
points for the camera corpus and 1.3 percentage points for the hotel corpus. In summary, we can
conclude that in our context it is reasonable to additionally consider the listed relations as part of
the label propagation algorithm20. We also tested the additional relations for the Rao method, but no
major improvements were observed. Results were always 15-25 percentage points lower than with
the BG method.

9.5. Summary and Conclusions

In this chapter our goal was analyze the use of sentiment lexicons for the task of fine-grained polarity
detection in customer reviews. We set focus on approaches to automatically generate such lexical re-
sources. In Section 9.1, we first provided a general overview of existing approaches. For this purpose,
we developed a hierarchical classification framework that allowed us to categorize the various ap-
proaches along different dimensions. As part of this analysis, we pointed out that the vast majority of
currently existing approaches is based on general purpose sentiment lexicons. Such lexicons typically
neither fit the general application domain (e.g., customer reviews), nor the concrete application do-
main (e.g., hotel or digital camera reviews). Besides this domain dependence, we further highlighted
the fact that for some expressions the sentiment status is even dependent on the related product as-
pect (sentiment target). We thus derived a strong need for incorporating domain and target-specific
knowledge into existing general purpose sentiment lexicons. Our primary goal was to devise a highly

20 Take note that the results presented in the previous subsections are already based on this best performing configuration.
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accurate, fully automatic method that easily scales out to different product domains. To this end, we
proposed a method that leverages the short, semi-structured pros and cons text that are attached to
most customer reviews. Section 9.3 provided a detailed description of our proposed approach.

We evaluated our approach in comparison to four baseline approaches. For this comparison we
chose two state-of-the-art, thesaurus-based, automatic approaches [40, 312] as well as two prominent,
handcrafted sentiment lexicons (the MPQA Subjectivity Lexicon and the lexicon by Liu et al.). The
two automatic methods follow a semi-supervised approach. They apply a label propagation algo-
rithm to a semantic graph that is derived from the WordNet knowledge base and a set of handcrafted,
polar seed words. Section 9.2 provided a brief overview of both approaches. Besides evaluating our
own approach, we were also interested in comparing the effectiveness of these two approaches. We
further proposed and evaluated some adaptations to the original label propagation approaches.

In the following, we summarize the main results and conclusions of this chapter. Our main findings
were:

• Our result of comparing the two label propagation approaches for sentiment lexicon construc-
tion clearly indicated that the method proposed by Blair-Goldensohn et al. [40] outperforms the
method by Rao and Ravichandran [312]. For both evaluation datasets and for all evaluation
scenarios we observed differences in f-measure of 15-25 percentage points. The major prob-
lem with the Rao method was a low recall caused by the fact that it was unable to expand the
seed word set significantly. The resulting lexicon was around ten times smaller than the lexicon
obtained with the BG method.

• Intrinsic evaluation of the label propagation methods revealed that the greatest loss in precision
stems from the erroneous inclusion of terms with neutral polarity. Major reason for this effect
was missing word sense disambiguation and disrespect of the node degree within the seman-
tic graph. Further attempts for improvement of the approach may use these observations as
starting points.

• Comparing the two handcrafted lexicons, we find that the Liu et al. lexicon shows significantly
better results than the (adapted) MPQA lexicon (around 20-30 percentage points difference in
f-measure). In comparison to the automatic BG method, results are slightly better for the camera
dataset, but slightly worse for the hotel corpus. Whereas the Liu et al. lexicon generally is more
precise (it was handcrafted), the recall is higher with the BG method.

• The short pros and cons texts attached to customer reviews mostly consist of incomplete, gram-
matically incorrect sentences. To extract information from this kind of data, we find that high-
precision patterns defined over part-of-speech tag sequences show a good performance. With
this approach we were able to extract relevant information (target/sentiment tuples) from every
second pros/cons text. Out of 500,000 texts we generated a set of 250,000 tuples.

• The recall of the individual extraction patterns is strongly dependent on the actual format of
the pros/cons texts. In general we found that the vast majority of extractions can be obtained
with very few, simple patterns. For the digital camera dataset we observed that two patterns
yielded nearly 95% of all extractions. Regarding the results obtained with our set of patterns, we
concluded that it sufficiently generalizes from the concrete datasets and is applicable to various
domains.

• Extending the baseline lexicons with the extracted domain and target-specific sentiment ex-
pressions led to major improvements, mostly in recall. Both extensions, either only the domain-
specific entries or only the target-specific part yielded significant improvements. We obtained
the best results by combining the extracted domain and target-specific expressions and adding
them to an existing general purpose lexicon. For this configuration, we observed increases in
f-measure of up to 14 percentage points compared to the baseline approaches without extension.
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• We experimented with incorporating the extracted domain-specific expressions as additional
seed words for the label propagation algorithm. However, we found that this approach does
not lead to better results. Considering the doubled lexicon size generated by this method, we
concluded that simply adding the extracted terms as a lexicon extension is more reasonable.

• Intrinsic evaluation of the extracted domain and target-specific expressions indicated that our
extraction heuristics are highly accurate. For the domain-specific lexicons we observed preci-
sion values of over 80% and for the target-specific lexicons precision was even at around 95%.
Most errors stem from the inclusion of non-polar entries. False polarity classification occurred
very rarely.

• In Section 9.3.5 we proposed and described an idea to use label propagation for expanding
target-specific sentiment lexicons. We experimented with this approach, but even the best re-
sults obtained with the method did not lead to improvements. More closely inspecting the
really target-specific sentiment expressions in our corpora revealed that most of them describe
(physically) quantifiable properties (e.g. "size", "length", "weight"). As the lexical variability to
describe such properties is rather low, further expanding the lexicons was useless.

• As part of our experiments with the label propagation approach, we also analyzed the influ-
ence of utilizing different semantic and lexical relations available in WordNet. We found that
extending the original approach by also incorporating the "similar-to", the "see-also", and the
"derivated-from" relations yielded the best results. Incorporating the "hyponymy" relation led
to worse results.

• In general, we conclude that domain adaptation of sentiment lexicons is important to improve
the accuracy of a sentiment analysis system. Also recognizing the target-specific polarity of
sentiment expressions further promises to improve results. Our proposed method of leveraging
pros and cons texts supports both tasks in a fully automatic and thus "cheap" way. The results of
our experiments show that the approach is highly accurate and truly improves results compared
to state-of-the art baseline methods.
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Knowledge is true opinion.

Plato

10. Polarity Classification at the Sentence Level

A core task in sentiment analysis and customer review mining is to detect whether a text expresses
positive or negative sentiments towards some topic or entity. In the previous chapter, we have pointed
out that approaches to this sentiment polarity detection task can be broadly categorized into methods
that primarily rely on lexical resources (i.e., sentiment lexicons) and methods that primarily make
use of machine learning techniques. The main advantage of using sentiment lexicons is that there
is no need for annotated text corpora. Generating such training corpora for supervised machine
learning algorithms is generally costly, time-consuming, and needs to be done for each new target
domain. On the other hand, creating a sentiment lexicon and integrating this knowledge base into
some sort of rule-based system is a one-time effort. Furthermore, such systems have proven to obtain
quite good results in customer review mining [45, 102, 204, 205, 214, 215, 241, 258, 453, 468] and other
sentiment analysis tasks [24, 100, 146, 344, 354, 374, 380]. However, we also know (see the last chapter)
that, in order to achieve the best results, sentiment lexicons need to be adapted to the target domain
too. In general, lexicon-based approaches are limited by the dictionary size and by the coverage
or complexity of the rules developed for polarity detection. Machine learning often allows to learn
more complex "rules" and to exploit rather hidden correlations which may exist in the actual data.
For example, phenomenons such as polar facts (factual information implying positive or negative
appraisal, see Section 4.2) are very difficult or impossible to detect by means of sentiment lexicons.

In this chapter, we study the applicability of supervised machine learning methods for sentiment
polarity detection in customer reviews. Regarding the document level (that is, to determine the gen-
eral tone of a text), the use of machine learning approaches for this task has been extensively studied
in the past [9, 92, 96, 135, 252, 269, 279, 295, 297]. In this particular context, the task is most com-
monly denoted as sentiment classification or polarity classification. We are interested in a more fine-
grained analysis. Our goal is to determine the polarity of individual sentences of a document. For
instance, we want to classify a sentence such as "The check-in process took ages." as negative, whereas
a sentence such as "The check-in process went smooth and the reception staff was most welcoming."
should be classified as positive. Corpus analysis in Chapter 6 has shown that reviewers typically take
a nuanced view on the reviewed entity: Even generally negative reviews (one or two stars as rating)
contain a significant amount of positive utterances (in average around 15% of all polar sentences).
And vice versa, the same observation is made for overall positive reviews (four or five stars), where
around 15% of all polar sentences are negatively connoted. Analyzing polarity at the sentence level
thus allows to provide more detailed insights into the true sentiments expressed by a reviewer. Fur-
ther, for an aspect-oriented review mining system such finer-grained analysis renders an inevitable
requirement.

Sentence level polarity classification is not a new research problem, but there has been much less
work in this direction. One of the main reasons is presumably the effort involved when creating an-
notated corpora for this task. We will make use of our discourse-oriented corpora (both comprising
more than 3,000 annotated sentences) to examine the problem more closely. A main contribution
of this chapter is to study the applicability of using weakly labeled data for sentence level polar-
ity detection. In particular, we again propose to exploit the information contained in pros and cons
summaries of customer reviews. We describe our approach to automatically creating huge training
corpora from this data. We further experiment with different strategies of incorporating this weakly
labeled data into a supervised polarity classification scheme. One specific challenge is that pros and
cons primarily provide labeled samples of evaluative, polar language, but not of factual, objective
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10. Polarity Classification at the Sentence Level

language. Typically a polarity classification task involves a subjectivity detection step. However, to
build a classifier that can distinguish between factual/objective and polar sentences, we also need
samples for the objective class. To overcome this problem, we examine the applicability of one-class
classification algorithms. With such an approach it is possible to learn a concept in the absence of
counter examples. Our results show that incorporating weakly labeled data from pros/cons sum-
maries is generally helpful for sentence level polarity classification. For binary polarity classification
(positive vs. negative) the benefits are twofold: We can perfectly substitute the (expensive) manually
labeled data with the (cheap) weakly labeled data and even achieve better classification performance.
On the other hand, our approach to use one-class classification to create subjectivity classifiers from
weakly labeled data is not successful. For this task, we achieve better results with an unsupervised,
lexicon-based approach.

The remainder of this chapter is organized as follows: In Section 10.1, we provide an overview
of supervised sentiment polarity detection. We categorize different subtasks, describe typical ap-
proaches, and point out some specific challenges. In the context of machine learning approaches, fea-
ture engineering plays an important role. In Section 10.2, we concentrate on this topic and provide a
critical review of the relevant literature. The subsequent two sections present our main contributions
in this chapter. Section 10.3 describes our approach to gathering weakly labeled data for sentence
level polarity classification and briefly introduces the concept of one-class classification. Section 10.4
covers the experiments we have conducted and reports our results. We summarize our main findings
and conclusions in Section 10.5.

10.1. Overview

10.1.1. Sentiment Polarity Classification Tasks

Sentiment polarity classification is presumably the most well studied subtask in sentiment analysis.
Nonetheless, it is difficult to provide a single, clear-cut definition. Problem settings which are sub-
sumed under the umbrella term "polarity classification" are quite heterogeneous. Depending on the
application domain and even more on the examined dataset, researchers and practitioners set out
varying goals. We have already learned that one distinction is the granularity of analysis — for ex-
ample, document versus sentence level classification. In fact, we may categorize the different polarity
classification tasks along this dimension. More precisely, we distinguish granularity of analysis in
terms of the examined unit of text (document, sentence, or sub-sentence) and the type of the "depen-
dent variable" (the possible outcomes of the classification). Figure 10.1 illustrates both dimensions.
With regard to the type of the dependent variable, we differentiate between binary/dichotomous
(i.e., "positive" vs. "negative"), ternary (i.e., "positive" vs. "negative" vs. "objective"), and ordinal (i.e.,
classification by means of a rating scale or by sentiment strength) classification tasks.

Document Level

Binary Polarity Classification When exploring the relevant literature, it is most apparent that the
vast majority of work considers the task of binary, document level polarity classification. Here, the
goal is to determine whether the overall tone of an entire document is either positive (recommenda-
tion) or negative (disapproval). Early and most influencing works such as the ones by Pang et al. [297]
or Dave et al. [96] set out this direction. Research in this line was and is primarily fueled by the fact
that sample data is conveniently available for many application scenarios via indirect crowdsourcing
methods. For instance, in the customer review mining scenario, sample data for binary, document
level polarity classification is easily obtained by exploiting the overall rating, which is explicitly pro-
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Figure 10.1.: A framework for the categorization of sentiment polarity classification tasks: The size of
the circles at each data point illustrates the relative amount of publications which discuss
a specific task. The numbers merely represent our subjective impression after studying
the related literature.

vided by a reviewer (e.g., the "star rating" on Amazon.com). Pang et al. [295, 297] derive a corpus1

by extracting high and low rated movie reviews from the Internet Movie Database2 (IMDb). The cor-
pus has been used in more than hundred other experiments3,4 since then. Similar corpora have been
crawled by Cui et al. [92] (320k product reviews), Dave et al. [96] (6k product reviews), Gamon [135]
(40k customer feedback reports), or Thomas et al. [381] (3k pages of U.S. floor debate transcripts), to
name a few.

However, when simply crawling data from the Web, assuming one part to be positive samples,
the other part negative samples, and then feeding these to an arbitrary supervised machine learning
algorithm to learn a binary classification model, at least two legitimate questions emerge:

• Purpose: Nearly all customer reviews on the Web already provide the overall rating of the re-
viewer. Then, why do we need to learn a classification model to predict the rating? Many
studies tacitly ignore that the actual goal is to apply the learned model in a different domain,
where explicit ratings are not available. For example, we may learn a polarity classifier from
product reviews and then try to predict the general tone of blog entries (discussing similar prod-
ucts). Consequently, this involves that we reason about the domain adaptability of the trained
classifiers. However, in most studies this question for adaptability remains unanswered (often

1http://www.cs.cornell.edu/people/pabo/movie-review-data/
2http://www.imdb.com/reviews/index.html
3http://www.cs.cornell.edu/people/pabo/movie-review-data/otherexperiments.html
4Only a subset of the listed works make use of supervised machine learning techniques.
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10. Polarity Classification at the Sentence Level

because appropriate, manually labeled corpora are lacking). Some works which do examine
domain adaptation5 are for instance [14, 20, 44, 237, 260, 293, 315].

• Findings: If, for example, domain adaptation is not considered, then what do we actually learn
from such a study? In many cases the simple, but in our context unsatisfactory answer is: Yes,
machine learning works — we are able to separate two classes of documents. Taking a less
polemic, more differentiated perspective, we identify mainly two points: First, sentiment po-
larity classification of documents seems to be more complicated6 than topic classification; the
reported accuracies are typically lower compared to standard text categorization tasks. We sum-
marize the main challenges of the polarity classification task in Section 10.1.2. Second, a great
share of studies experiments with "new", often linguistically inspired feature types. Findings
then refer to the classification performance with different feature sets. We take up this discus-
sion in Section 10.2.

Ternary Polarity Classification and Subjectivity Detection Besides ignoring the question of do-
main adaptability, another difficulty is most often ignored or set aside: The binary polarity classifi-
cation task tacitly assumes that a document is either predominantly positive or negative. Whereas
this is (mostly) true for the domain of customer reviews, this is not the case for other genres (e.g.,
newswire text, blog, or microblog postings). Documents may not be subjective at all or may contain
rather mixed polarities without clearly revealing an either positive or negative viewpoint. For in-
stance, if we train a binary classifier on customer review data to predict the polarity of blog entries,
we are unable to handle objective entries. To overcome the issue in this context, mainly two strategies
may be followed. The first strategy is to sort out documents which do not match the genre/domain
of the training set. For instance, we may try to separate blog entries (or arbitrary documents) into
"review-like" and "non-review-like". Postulating that a review either recommends or disapproves,
we can use the learned binary polarity prediction model. The strategy is for example examined by
Barbosa et al. [28] or van der Meer and Frasincar [396]. The second, more general approach is to
extend the binary classification task to a ternary classification task:

Besides the two outcomes "positive" and "negative", a third category "neutral" or "objective" is in-
troduced. Be aware that the term "neutral" is not used consistently in the literature7. The neutral
category may either describe objective/factual documents or texts which express neutral polarity
(i.e., an attitude in between "positive" and "negative"). When following the former interpretation,
ternary polarity detection actually involves a subjectivity detection task that separates subjective
from objective documents. In contrast, the latter interpretation is rather a special instance of the ordi-
nal (or rating scale) classification task, which we discuss later. The objective category may be either
covered directly, by learning a multi-class classification model, or by using a cascaded approach. The
cascaded approach involves to train a binary subjectivity classifier in addition to a binary polarity
classifier. Documents which have been identified as subjective are fed to the polarity classifier, other
documents are predicted as objective. Fig. 10.2 illustrates this approach. The cascaded approach re-

subjectivity
classifier

polarity
classifier

positive

negative

neutral
objective

su
bje
cti
ve

Figure 10.2.: The cascaded approach to ternary polarity classification.

5The cited works consider adaptation with respect to genre, topic, and/or time.
6see also Pang and Lee [294, chap. 3])
7see also Koppel and Schler [219]
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gards subjectivity detection as a separate task. The classifiers may be trained on a different sample
set than the polarity classifiers and also the applied machine learning algorithms may differ. Most in-
fluencing works which examine supervised approaches to subjectivity detection are amongst others
by Yu and Hatzivassiloglou [455], Wiebe et al. [416], Pang and Lee [295], or Ng et al. [279]. Subjec-
tivity detection was also part of the 2006-2008 TREC Blog tracks [242, 243, 289]. A direct approach to
ternary polarity detection is for instance taken by Koppel and Schler [219] or Das and Chen [95]. We
will experiment with both approaches in Section 10.4.4.

Rating Inference We have seen that the convenient availability of training data often plays a major
role in the concrete definition of sentiment polarity classification tasks. Following the observation
that many customer review sites encourage the review authors to classify their overall impression
on a rating scale, a more fine-grained polarity classification task has been postulated: The goal is to
further differentiate between various degrees of polarity. That is, the dependent variable in this task
is defined on an ordinal scale. The actual task can thus be considered as an instance of an ordinal
regression problem [256]. Most works consider a five point scale as it is used by many of the popular
review/e-commerce sites such as Amazon.com, Tripadvisor.com, or Buzzillions.com. This "rating
inference problem" [296] is generally assumed to be more difficult than binary polarity classification.
For instance, accurate handling of sentiment shifters (e.g., intensifiers or downtoners) may become
more important [308]. Most relevant works that examine the rating inference task are [21, 38, 148, 154,
284, 296, 345, 348].

Sentence Level

Sentence level polarity classification allows for more fine-grained analysis. For example, this model
supports tasks such as aspect-based review mining or sentiment aware question answering. How-
ever, much less work has been published in this direction. We already pointed out that the main
reason is presumably the lack of appropriate datasets. In comparison to document level classifica-
tion, training data is often not conveniently available. Further, polarity classification at the sentence
level is inherently more difficult due to the relative sparsity of information. Sentences simply contain
less words, thus, resulting feature vectors are typically quite sparse. In consequence, feature engi-
neering may play a more important role — for example, Wiegand and Klakow [422] report improved
results by incorporating various knowledge-based and linguistic features.

As with document level classification, we can subdivide different studies according to the granu-
larity of the dependent variable. Our impression is that the number of works considering binary or
ternary classification is roughly equal. The binary model is for instance examined by [16, 111, 181,
258, 273, 422]. The ternary model (i.e., including an objective class) is studied by [40, 129, 136, 210, 307,
375, 423, 455]. A cascaded approach to combined polarity and subjectivity detection is for example
taken by Qu et al. [307] or Yu and Hatzivassiloglou [455]. Most others (e.g., Blair-Goldensohn et al.
[40] or Kim and Hovy [210]) model the objective class directly by learning a multi-class classifier. To
the best of our knowledge, no work exists that tries to classify sentences according to a polarity rating
scale.

We found quite a large amount of studies where evaluation is conducted on corpora that were auto-
matically extracted from the Web. The validity of such an evaluation method is highly questionable.
Neither the true labels of individual samples, nor the error rate of the extraction heuristic are gen-
erally known. Most often, the corpus introduced by Pang and Lee [296] is used as a reference. This
movie review corpus8 has been constructed by exploiting the review snippets (similar to pros/cons)
available on the Rottentomatoes.com9 website. Only a few manually labeled sentence level corpora

8http://www.cs.cornell.edu/people/pabo/movie-review-data/rt-polaritydata.README.1.0.txt
9http://www.rottentomatoes.com
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10. Polarity Classification at the Sentence Level

have been presented in the literature. For instance, Ganu et al. [138] construct a dataset of 3,400 sen-
tences (taken from restaurant reviews), which are categorized into four classes, including a "mixed"
category. McDonald et al. [257] crawl product reviews and manually label a dataset of roughly 4,000
sentences according to the ternary model. Also Gamon et al. [136] evaluate on a manually labeled
dataset (approx. 3,000 sentences, ternary model). Täckström and McDonald [375] propose a method
to learn a sentence level classifier by utilizing document level labels. Evaluation is based on a 4,000
sentence, manually labeled corpus.

Sub-sentence Level

Even sentence level analysis is sometimes too coarse-grained. Different clauses of a sentence may
express opposing polarity. For example, conjuncts such as "but", "although", or "however" often in-
troduce a contrasting clause (e.g., when an author makes a comparison). Opposing polarity may also
be expressed towards different sentiment targets. Capturing such fine-grained information, as is for
example allowed by our expression level model (cf., Section 4.3), thus requires analysis at the sub-
sentence level. Most approaches to clause or phrase level polarity detection are rule-based, using a
sentiment lexicon (e.g., [102, 452]). Less works consider supervised approaches. Again, this is mainly
due to the lack of easily available training corpora. Annotating at the sub-sentence level involves
even more effort than manually creating a sentence level corpus. We have seen in Chapter 5 that only
a few appropriate corpora exist — most prominently, the MPQA corpus [413]. The majority of works
on supervised polarity detection at the sub-sentence level is based on this corpus.

When discussing sub-sentence polarity detection, we may further differentiate between clause and
phrase level analysis. Clause level polarity classification is for instance examined by Meena and
Prabhakar [258] or Zirn et al. [469]. Both works try to identify polarity shifting conjuncts. Zirn et al.
[469] explicitly position their work in the context of analyzing discourse relations (see also Section 4.2).
Such relations are also incorporated by Somasundaran et al. [356], but on a more fine-grained level.

Polarity detection at the phrase level is more closely related to information extraction problems than
to traditional text classification. Thus, works considering a supervised approach, often propose to
model the problem as a sequence labeling task. For instance, Breck et al. [53] propose to use conditional
random fields to identify sentiment expressions. A similar approach is taken by Jakob and Gurevych
[183], but here the focus is on extracting sentiment targets. Traditional classification models are used
for example by Wilson et al. [438] or Choi and Cardie [76]. The former propose a cascaded approach
which first classifies phrases as subjective/objective and then determines their polarity. Wilson et al.
[436] examine supervised methods to classify phrases with regard to their sentiment strength.

Structured Models

In addition to explicitly focusing on a single level of analysis, some researchers propose models that
capture the inherent dependencies between individual levels. For instance, knowing that the number
of positive sentences in a document is roughly equal to the amount of negative sentences, may indi-
cate that the entire document is of rather mixed polarity. Sentence level analysis may thus help when
the task is to infer the overall tone of a document. A first work in this direction was presented by Pang
and Lee [295]. They perform subjectivity detection at the sentence level and only use the derived sub-
jective extracts of a document for subsequent polarity classification. A similar approach is examined
by Yessenalina et al. [451], but here the sentence level is modeled as a hidden variable so that train-
ing can be performed at the document level. Also McDonald et al. [257] study the applicability of
structured models for jointly classifying sentiment polarity at different levels of granularity.
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10.1.2. Challenges

We may wonder whether polarity classification is really a new problem: Which properties distinguish
the task, for example, from traditional text categorization? Is classification according to sentiment
polarity different from classification by topic? Our short answer is: Yes, to a certain extent, and it is
generally more difficult. In the following we briefly summarize the main properties which pose extra
challenges when classifying by sentiment.

The primary factor is that sentiment polarity often cannot be determined without considering the
context. We know that sentiment shifters may alter the sentiment status of individual expressions,
entire sentences, or even the whole document. Citing Pang and Lee [294, chap. 3], "compared to
topic, sentiment can often be expressed in a more subtle manner, making it difficult to be identified
by any of a sentence or document’s terms when considered in isolation." In consequence, it is assumed
that simple bag-of-words representations lead to inferior results (in comparison to traditional topic
classification). Linguistic analysis shows that word order and the dependency structure of individual
phrases may indeed influence the polarity status of a sentence. As an example, consider the sentence
"I like the camera despite the fact that any other reviewer seems to hate it." Not considering the word
order of "like" and "hate" would result in estimating false sentiment polarities.

We already discussed sentiment shifters in detail in Section 4.3. Our corpus analysis has shown
that, among the shifters which affect polarity, negation is the most frequent one (5-7% affected sen-
timent expressions). Neutralizers shift around 3-8% of the sentiment expressions in our corpus. The
other measured shifters (e.g., amplifiers, downtoners, solidifiers) typically do not affect the polarity,
but rather influence sentiment strength or intensity. Polanyi and Zaenen [303] name further linguis-
tic phenomenons and shifter types, such as the use of sarcasm or irony, the expression of presup-
positions, or the occurrence of certain discourse relations. Earlier we pointed out that contrasting
conjuncts such as "but" or "although" may also shift polarities.

10.2. Feature Engineering

Machine learning approaches cannot directly operate on text. A document typically needs to be
mapped to a numerical vector (feature vector), which is then interpretable by the classification algo-
rithm. Each dimension of this vector represents a single feature that may characterize the document.
Choosing an adequate mapping function (i.e., extracting meaningful features) is essential in build-
ing good classification models. For text categorization by topic, the simple bag-of-words document
representation achieves very good results and, for instance, Sebastiani [338] points out that "rep-
resentations more sophisticated than this do not yield significantly better effectiveness." In the last
section we learned that polarity classification is generally assumed to be a more difficult task than
categorization by topic. Linguistic phenomenons and subtleties (e.g., sentiment shifters) play a more
important role. It is thus unclear if more sophisticated, linguistically inspired text representations are
of any help. Many different feature sets have been proposed, trying to encode linguistic and other
properties which are deemed beneficial for polarity classification.

In this section, we provide a critical and balanced review of the relevant literature. We concentrate
on results that have been reported with regard to document or sentence level classification. We
often find contradicting and/or inconclusive results so that it is unclear which feature sets are really
helpful. Our goal is to distill and summarize the most valuable insights. That is, we try to answer the
question which feature sets have been found to consistently improve results compared to a bag-of-
words baseline.

When comparing reported results, we need to be aware that the optimal choice of features may
depend on the actual dataset (i.e., application domain). Further, it may depend on the unit of analysis
(i.e., document vs. sentence level). Nonetheless, we are trying to draw some general conclusions.
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For document level classification, typically much redundant information is available. Missing or
misinterpreting a few complex linguistic constructs may not harm as enough, easier to interpret in-
formation is available. At the sentence level (or even sub-sentence level) such redundant information
is typically lacking so that complex linguistic features may become more important.

10.2.1. Lexical Features

We speak of lexical features when referring to properties that can be easily extracted from the surface
form of a text with very shallow analysis. Most notably, these are simply the terms constituting the
text.

N-grams Whereas individual terms in a bag-of-words model10 can capture lexical semantics, they
fail to encode compositional semantics11 (i.e., in our case the contextual polarity). A simple tool for
encoding compositional semantics in a bag-of-words model is to use higher order token n-grams. In
a very early work, Pang et al. [297] compare unigram and bigram models12 for document represen-
tation. Their finding is that adding bigrams to the unigram model does not improve performance
(1,400 documents corpus). This result is contradicted by a set of other works: Cui et al. [92] examine
the utility of n-grams up to an order of six and report that 6-grams perform best (320k documents
corpus). Whereas improvements in f-measure for the positive class are marginal, performance re-
garding the negative class raises by approximately 7 percentage points. Their results also show that
the improvement is already achieved with a bigram model. Differences between bigram and higher
order models are marginal (at maximum 0.17 percentage points). As they do not report statistical
significance regarding the difference between various higher order models, it must be assumed that
the bigram model performs equally well compared to the other models. Also Ng et al. [279] report
improved results by adding bigrams and trigrams. These results were obtained on a similar sized
corpus as used by Pang et al. [297], but feature selection13 was conducted. Further, Dave et al. [96]
indicate that higher order n-grams meliorate performance (6k documents). Here, the inclusion of all
lower order n-grams degraded performance, but no feature selection was conducted.

We summarize and conclude as follows: Considering higher order n-grams in a bag-of-words
model is generally helpful for polarity classification and can improve results significantly. Care must
be taken to circumvent problems with data sparsity. The benefits of higher order n-grams come into
play with "sufficiently" large training corpora. When using smaller corpora, conducting a feature
selection step is a critical factor. Our own experiments support this view.

Bag of Opinions Qu et al. [308] propose a "bag-of-opinions" model to overcome the "sparsity bottle-
neck" with higher order n-gram models and small corpora. In their model an opinion is a triplet that
consists of a sentiment expression, a set of associated modifiers (amplifier or downtoner), and a set of
related negation words. Sentiment expressions and negation words are identified by means of a lexi-
con that also provides prior polarity scores. The contextual polarity score of an opinion triplet is then
learned by ridge regression on a corpus with polarity labeled documents. The opinion triplets and the
associated scores serve as features in their "bag-of-opinions" model. Their results show that a bigram
model performs better than an unigram model. Both bag-of-words models are outperformed by their
"bag-of-opinions" model. However, taking a closer look at the experimental setup, we believe that
the comparison of both models is unfair and results are less insightful. Whereas the "bag-of-opinions"

10In the following we tacitly neglect the distinction between set-of-words (presence) and bag-of-words models (frequency)
and only use the latter term. Further, sometimes "bag-of-words" actually refers to "bag-of-n-grams". We do not make such
a distinction as it is typically implied by the context.

11The concepts of lexical and compositional semantics are for instance discussed by Manning and Schütze [249, chap. 3.3].
12 In the following, if not otherwise stated, we assume that an n-gram model also includes all lower order k-grams with

1 ≤ k < n (e.g., a trigram model also includes all bigrams and unigrams).
13 The top k features according to the weighted log-likelihood ratio were chosen.

210



10.2. Feature Engineering

model is fueled with expert knowledge from a lexicon (known sentiment expressions with prior po-
larities), the bag-of-words model does not have this information. Any other representation which
includes features obtained from lookups in a sentiment lexicon (e.g., by a simple voting heuristic, see
later sections) may perform equally well. Unfortunately this comparison is lacking. It is thus un-
clear whether the improvement stems from their model or simply from including knowledge-based
features.

Term Substitution Dave et al. [96] experiment with substituting individual terms by a correspond-
ing "type". The intuition is to learn a more generalized classification model. Experiments with mask-
ing all numbers with a single "NUMBER" symbol did not have significant effects. Masking low fre-
quency words with a "UNIQUE" symbol degraded performance.

10.2.2. Knowledge-based Features

We speak of knowledge-based features when referring to features that are extracted in consideration
of existent, prior knowledge. For example, prior knowledge may be encoded in an annotated dictio-
nary (e.g., a sentiment lexicon) and features are generated by dictionary lookups (e.g., looking up the
prior polarity value).

Sentiment Lexicons Many works examine the value of sentiment lexicon information for super-
vised polarity classification. We can summarize that encoding such prior knowledge consistently
and significantly improves results:

Ng et al. [279] handcraft a sentiment lexicon with 3,599 positively labeled and 3,204 negatively la-
beled adjectives. Knowledge-based features are created by substituting each sentiment expression in a
bigram with the polarity label (e.g., "nice movie" or "great movie" both become "positive movie"). Their
experiments with document level polarity classification show that the accuracy improves by over 3
percentage points on two different datasets (both movie reviews). Nakagawa et al. [273] consider
binary, sentence level polarity classification for different Japanese and English corpora. Their senti-
ment lexicons contain approximately 15,000 (Japanese) and 6,000 (English) sentiment expressions. In
addition, they handcraft lexicons of "reversal" words that flip prior polarities (e.g., negations such as
"not" or "never"). Features are generated by a simple majority voting heuristic, optionally incorpo-
rating the reversal information. Experiments on 8 different corpora (4 Japanese, 4 English) show that
adding the sentiment lexicon features to a bag-of-words model consistently improves results (com-
pared to "bag-of-words" alone). The minimum reported increase in accuracy is 0.4 percentage points,
the maximum is 6.5 percentage points. Additionally considering the reversal words, only marginally
increases accuracy (unknown statistical significance). Also Wiegand and Klakow [422] examine the
influence of prior polarity features for binary, sentence level classification. Utilizing the subjectivity
lexicon compiled by Wilson et al. [438], they also consider the strength of sentiment expressions. Fea-
tures are generated by counting the number of occurrences of (weak/strong) positive/negative/neu-
tral expressions in a sentence. Adding these prior polarity features leads to an improvement of 6.8
percentage points over a bag-of-words baseline.

Baccianella et al. [21] incorporate prior polarity information by substituting sentiment expressions
by their label (similar to Ng et al. [279]). Prior polarity values are obtained from the Harvard General
Inquirer lexicon [360]. Their experiments in an ordinal regression setting are unfortunately not con-
clusive. Depending on the evaluation method, the inclusion of prior polarity features either decreases
or increases the mean squared error. Further, a test for statistical significance is not conducted. Blair-
Goldensohn et al. [40] use a scored sentiment lexicon to compute polarity scores for a sentence. These
scores (instead of a single positive/negative label) are used as features for sentence level classification.
Unfortunately, they do not compare polarity features with a bag-of-words baseline. During our liter-
ature review we did not find any work that reports negative results regarding the inclusion of prior
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polarity information. We thus repeat our earlier conclusion that features obtained from sentiment
lexicons are very helpful for polarity classification.

WordNet Dave et al. [96] and Wiegand and Klakow [422] experiment with adding features obtained
from the WordNet database [263]. The basic intuition in using WordNet is to provide a classifier with
more generalized information (e.g., in the form of synonyms or hypernyms). However, the results
are contradicting and inconclusive:

Dave et al. [96] report that incorporating synonyms as additional features does not improve accu-
racy. Detecting the correct synset in WordNet requires word sense disambiguation and lacking this
information may "produce more noise than signal". "Attempts to develop a custom thesaurus from
word collocations [...] were also unsuccessful" [96].

Wiegand and Klakow [422] include all direct hypernyms of a word as additional features. They
(heuristically) avoid word sense disambiguation by simply choosing the first synset in WordNet. In
their experiments, using hypernyms improves the accuracy for a binary, sentence level classification
task by 1.1 percentage points. Despite the fact that the improvement is relatively low, no test for sta-
tistical significance is conducted. Using hypernyms as additional features was originally inspired by
Scott and Matwin [337] who examine this feature type in the context of traditional text categorization.
Also here, results are inconclusive. The effectiveness much depends on the dataset. We summarize
and conclude that the use of WordNet derived features is unlikely to significantly improve perfor-
mance for polarity classification tasks.

Review Label When performing sentence level polarity classification, the overall, document level
polarity is a good indicator. Blair-Goldensohn et al. [40] propose to include the user-provided rating
of a review as an additional feature. Their experiments show that, at least for the positive class, the f-
measure increases significantly over a baseline with prior polarity features. Obviously, such a feature
is only relevant for sentence level classification (at the document level the feature is equal to the class
label). Further, user-provided labels are not available in each application domain.

Substitute Entities Dave et al. [96] also experiment with knowledge-based substitution. To provide
more general features, they substitute occurrences of product names with a single symbol "product-
name" and aspects with a symbol "producttypeword" (aspects are determined heuristically). Their
experiments show that both substitution methods do not have significant effects.

10.2.3. Linguistic Features

Linguistic features also incorporate a form of prior knowledge. In this case it is the knowledge that
certain linguistic phenomenons are relevant for determining the sentiment polarity. Extracting such
features often involves costly (in terms of processing time) linguistic preprocessing steps such as
natural language parsing.

Stemming and Lemmatization The most simple form of including linguistic information is to re-
duce terms to their stem or lemma. Again, the intuition is to provide a machine learning algorithm
with more generalized features. We may also regard stemming or lemmatization as a linguistically
inspired form of feature reduction. Results are inconclusive:

Dave et al. [96] obtain mixed results with using the Porter stemmer14. They hypothesize that negative
results stem from possible overgeneralization. They point out that their "corpus of reviews is highly
sensitive to minor details of language [...]. For example, negative reviews tend to occur more fre-
quently in the past tense, since the reviewer might have returned the product." Matsumoto et al. [252]

14http://tartarus.org/~martin/PorterStemmer/
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report similarly mixed results regarding lemmatization. On the other hand, Wiegand and Klakow
[422] report an improvement by using the WordNet lemmatizer. However, it is unknown whether
these results are statistically significant. Considering that potential improvement is relatively low,
we conclude that stemming and lemmatization is not necessary during feature extraction. This con-
clusion is further supported by our own experiments with sentence level polarity classification (see
Section 10.4.2).

Part-of-speech for Shallow Word Sense Disambiguation Suffixing terms with their part-of-speech
tag is often used as a shallow form of word sense disambiguation. For example, POS tag suffixes
distinguish the adverb "like_RB" (no prior polarity) from the verb "like_VB" (positive prior polarity).
However, at least in the case of document level sentiment polarity detection, incorporating part-of-
speech information does not seem to be beneficial. We are not aware of any work that reports positive
results. Instead, for example Pang et al. [297], Na et al. [272], or Go et al. [145] report either negative
results or find no effects. For sentence level classification, Wiegand and Klakow [422] or Agarwal et al.
[2] propose to aggregate prior polarity values grouped by part-of-speech. But no explicit experiments
are conducted which evaluate the potential benefits of this grouping. We conclude that using part-
of-speech tags for shallow word sense disambiguation does not help for polarity classification. We
hypothesize that redundant information (for document level classification) compensates for potential
mistakes with word sense disambiguation. Further, higher order n-grams may also encode hints for
disambiguation (e.g., consider the bigrams "i like" and "is like"). Our experiments (Section 10.4.2)
support this view.

Syntax The main argument for considering syntax features is that compositional semantics cannot
be captured with simple n-gram models. Citing for example Ng et al. [279]: "While bigrams and
trigrams are good at capturing local dependencies, dependency relations can be used to capture non-
local dependencies among the constituents of a sentence." The intuition is that complex linguistic
constructs that are used to express sentiment can be better captured when considering the syntax of
a sentence (e.g., based on dependency grammar or constituency grammar models). Many works propose
different methods for extracting features from syntax, but it is often questionable whether such a
representation really helps. We find positive and negative results. However, taking a closer look, most
positive results are inconclusive for different reasons. In the following we summarize our findings:

One of the earliest works that examine the use of more complex linguistic analysis for sentiment
classification is by Gamon [135]. He compares a simple model, covering "surface features" only (tri-
gram bag-of-words + POS tags + lemmatization), with a set of features extracted from the output of a
natural language parser (including constituent structures and form features, such as tense). The lin-
guistic features are very abstract and are not explicitly modeled to cover phenomenons with regard
to expressing sentiment. Experiments with binary polarity classification are conducted on a 40,000
documents customer feedback corpus. Best results are obtained when using the abstract linguistic
features in addition to the surface features. But the influence is minimal. Comparing the optimal
results obtained for both settings (feature reduction to 2,000 features), the difference is only 0.2 per-
centage points in accuracy in two different experiments. Whereas Gamon’s initial statement that "the
addition of deep linguistic analysis features [...] contributes consistently to classification accuracy [...]"
is often taken to argue in favor of syntax features, his own assessment, namely that "the improvement
in practice may be too small to warrant the overhead of linguistic analysis", is mostly neglected.

Another work that reports positive results is for instance by Arora et al. [16]. To capture linguistic
knowledge, they propose to extract relevant subgraphs from a dependency parse of a sentence. Sub-
graphs are augmented with prior polarity information from a sentiment lexicon. The resulting set of
subgraphs is reduced by frequent subgraph mining algorithms. As simple n-gram features are highly
correlated to the subgraph features, a method is proposed that only adds complex features if these
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are more discriminative than simpler forms. Their results (binary, sentence level classification) show
a small improvement of 1.3 percentage compared to an unigram baseline. Unfortunately, they do not
compare their model with a higher order n-gram model (which would have been the real competitor).
In consequence, we believe that the results are of no value regarding the claimed utility of complex
linguistic features. We also observe (not commented on in the paper) that after feature selection, only
30 subgraph features are added to the over 8,000 unigram features. This further indicates that the
complex linguistic features are only of marginal value.

Joshi and Penstein-Rosé [197] propose to use "lexicalized dependency relation features". The depen-
dency graph representation of a sentence is transformed to a set of triplets, each covering the relation
type, the head, and the modifier of a single dependency relation. To generalize the triplets, additional
features are generated by masking either the head or modifier with the corresponding part-of-speech
tag. Results show that their approach outperforms an unigram baseline with statistical significance.
However, a simple unigram+bigram+POS model comes very close and they do not report whether
this difference is significant. In consequence, their conclusion, stating that generalized lexicalized
dependency relations are helpful for polarity classification, is not justifiable.

Also Pak and Paroubek [292], inspired by the observation that the "n-gram model has problems
with capturing long dependencies", examine the utility of dependency relations. Again, questionable
positive results are reported. Similar to Arora et al. [16], their proposal is to construct subgraphs from
a dependency parse. Based on relation types (e.g., "negation" or "copula") some nodes are combined
and based on part-of-speech tags some nodes are masked with a wild card symbol. Using the pro-
posed document representation, they report an improvement of 2.4 percentage points. Unfortunately,
several flaws in the experimental setup make the real value of their model disputable. First, no com-
parison to higher order n-gram models in conjunction with feature selection is made. Second, their
optimal result is obtained by using a weighting scheme (TF/IDF15) that is not used for the baseline.
In consequence, the improvement may as well stem from the differing weighting schemes. In fact,
TF/IDF may be regarded as a form of feature selection16, rendering comparison to the baseline unfair.

Nakagawa et al. [273] examine sentence level, binary polarity classification. They point out that the
polarity of an entire sentence is defined by the polarities of sub-sentence structures. As polarities of
sub-sentence structures are not known during training, they are modeled as hidden variables within
a dependency tree based probabilistic framework (a conditional random field with hidden variables).
Experiments are conducted on Japanese and English language corpora. For English, reported results
are mixed. For two out of four corpora no effects are measured. On the other hand, for the Japanese
corpora their model consistently shows an improvement of 1.7 to 2.4 percentage points. It is however
not directly clear whether improvements stem from the additional linguistic features or from the
different machine learning methods. Whereas the baseline uses SVMs, the examined method is based
on a probabilistic framework closely related to CRFs.

Explicitly negative results with regard to the utility of linguistic features are for example reported
by Ng et al. [279], Dave et al. [96], or Riloff et al. [325]. Ng et al. [279] extract lexicalized subject-
verb, verb-object, and adjective-noun relations from a dependency parse. The tuples are used as
additional features to an unigram model. But their results show that linguistic features do not perform
better than a higher order n-gram model. Dave et al. [96] examine the use of triplets based on head,
modifier, and relation type, but also find that these features are ineffective. Riloff et al. [325] examine a
document representation based on "lexico-syntactic patterns" that encode the syntactic role of words
in a sentence. For two out of three dataset no improvements are measured compared to a unigram or
bigram baseline. Improvement on the one dataset is 1.5 percentage points, but statistical significance
is unknown in this case. A further negative result is reported by Kudo and Matsumoto [221], who

15 TF/IDF refers to a weight which is based on term frequency (TF) and inverse document frequency (IDF). See for instance
Manning et al. [250, chap. 6.2]

16 Although it does not incorporate class information, TF/IDF integrates knowledge taken from the complete evaluation
corpus. The baseline weighting schemes, presence and term frequency, only have access to a single document.
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conclude that in their experiments "n-gram features showed comparable performance to dependency
features".

Our research revealed very few works that indicate that syntax features really help in sentiment
polarity classification. One such work is for example by Wiegand and Klakow [422], who examine the
utility of linguistic (including syntax) features for sentence level classification. They encode abstract
linguistic properties, such as clause types, depth of constituents, main predicates, or part-of-speech
tags as features. Adding these features to a bag-of-words baseline increases accuracy significantly
by 4.5 percentage points. Their best performing model with all linguistic plus prior polarity features
exhibits a 2.1 percentage point higher accuracy than a baseline with bag-of-words and prior polarity
features.

We conclude as follows: Regarding the utility of syntax features, we have seen sound negative
results and many works that argue in favor, but fail to provide explicit evidence for their claim.
Considering this, the very few positive results we are aware of, and the costs (in processing time) that
are involved with using syntax features, we are thus not convinced. We must assume that at present
time, given the current accuracy of natural language parsers, it is unlikely that syntax features can
improve classification results significantly.

10.2.4. Sentiment Shifter Features

We have seen that sentiment shifters are a major factor that render sentiment polarity classification
more difficult than traditional text categorization. Capturing the effects of these shifters by modeling
appropriate features may thus be a promising way to increase classification accuracy.

Negation and Intensification The most important shifter type is negation. In the context of polarity
classification, one of the earliest work that explicitly considers negation is by Das and Chen [95].
Using a dictionary of common negation words, occurrences in the text are detected and relevant
words in the context are suffixed with a negation marker. Pang et al. [297] adapted this simple method
by adding a negation marker to each word following a negation up to the next punctuation symbol
(e.g., "I did not like the hotel." becomes "I did not like_not the_not hotel_not."). Whereas Pang et al.
[297] report a "negligible" positive effect, Dave et al. [96] observe a decreased accuracy with the same
negation encoding.

Kennedy and Inkpen [205] study more sophisticated methods of creating features from sentiment
shifters. In particular, they consider negation and modifiers such as amplifiers and downtoners. The
scope of each shifter is determined by examining the output of a natural language parser. For each
word that is associated with a shifter, they create a synthetic bigram feature, encoding the shifter
type and the word itself. For instance, from the sequence "really do not like" they extract the bigram
features "amplifier_like" and "negation_like". Their experiments show a marginal (however statistically
significant) improvement of 0.7 percentage points over a baseline with unigrams only. Unfortunately
they do not report results for a simple bigram model. We do not know whether this simpler, but
potentially equally expressive model, may perform on the same level or even better.

Instead of using a lexicon or exploiting parse tree information, Ikeda et al. [181] propose to learn
which terms function as sentiment shifters. Given a set of labeled sentences, they detect all sentiment
expressions (lexicon-based) where the prior polarity contradicts the sentence label (i.e., they deter-
mine all shifted expressions). By examining the words in the context of shifted expressions, they can
learn the sentiment shifters. In fact, a weight vector is learned which indicates the ability of individ-
ual words to shift polarity. The weights can be used as additional features for polarity classification.
The results with this method are mixed. For a larger corpus (9,500 movie review sentences), a simple
trigram bag-of-words model achieved the best results, whereas for a smaller corpus (1,400 customer
review sentences), the enhanced model performed best (+3.1 percentage points). It seems that, if
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enough training data is available, the more complex model does not provide any benefit. Addition-
ally, it must be noted that their approach is only applicable to sentences which contain at least one
sentiment expression.

Wiegand and Klakow [422] recognize negators, intensifiers, and neutralizers (modality indicators)
by means of lexicons and parse tree information. Resulting features are encoded on the word (pres-
ence) and on the sentence level (frequency). They report that considering negation "did not notably
increase the baseline performance". Unfortunately, the effect of the other features is not separately
evaluated. In conjunction with other (abstract) linguistic features small improvements are reported.
But we do not know whether the shifter features are relevant.

Councill et al. [89] explicitly concentrate on the detection of negation in customer reviews and man-
ually annotate a corpus with fine-grained negation information. Based on features generated from a
lexicon with negation clues and parse tree information, a CRF for negation scope detection is trained.
Experiments which include the negation detector as part of a simple sentiment voting heuristic show
improved results (the experiment is restricted to sentences that truly contain a negation). Unfortu-
nately, no comparison with a supervised polarity classifier is reported.

A recent overview of modeling negation in the context of sentiment analysis is provided by Wie-
gand et al. [425]. Discussing various computational approaches, they finally conclude that "[. . .] in
order to make general statements about the effectiveness of specific methods[,] systematic compar-
ative analyses[,] examining the impact of different negation models [. . .][,] still need to be carried
out."

Neutralization Besides negation, neutralization is the second most relevant shifter concerning sen-
timent polarity. A common type of neutralization becomes manifest in the use of conditional sen-
tences. This particular form is for instance addressed by Narayanan et al. [274]. They construct
patterns based on cue words and part-of-speech tags to detect condition and consequent clauses of
conditional sentences. Verbs and modal auxiliary verbs that are found in such clauses are extracted
as special features. Adding these features to a set of standard features (bag-of-words + prior polar-
ity + softener cue words) improves the f-measure for binary, sentence level polarity classification by
nearly 4 percentage points. However, in comparison to a model that includes these features and other
(simpler) "condition features", it performs worse. We do not know whether the simpler features may
already suffice to increase performance on conditional sentences. A rule-based system for detecting
the "truth-value" of sentence is for instance presented by Kessler [208]. Such a system may also be
used to create features for a supervised classifier. It is however unknown whether such an approach
is beneficial for polarity classification.

10.2.5. Summary

Our goal in this section was to distill the most valuable insights regarding the text representation for
document and sentence level polarity classification. We tried to answer the question which feature
types have been found to consistently improve results compared to a simple bag-of-words baseline.
To this end, we studied the relevant literature and categorized reported results by four different fea-
ture classes: namely, lexical features, knowledge-based features, linguistic features, and sentiment shifter
features. Table 10.1 summarizes our detailed discussion in a compact way. For each feature type, we
list the proponents and opponents as well as works that discuss the feature type, but either make
no statement (neutral) or report mixed or inconclusive results. The most important results of our
analysis are:

1. We found no convincing evidence that complex linguistic features are generally superior to
simple bag-of-words models with higher order n-grams.
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feature type pro con neutral mixed/inconclusive conclusion

lexical
n-gram [92, 96, 279] [297] — — ⊕
term masking — [96] — — 	

knowledge-based
prior polarity [237, 269, 273, 279, 422] — [40] [21] ⊕
thesaurus — [96] — [337, 422] 	
review rating [40] — — — ⊕
entity masking — [96] — — 	

linguistic
stemming — — — [96, 252, 422] 	
part-of-speech — [145, 272, 297] [2, 422] — 	
syntax [422] [96, 221, 279, 325] — [16, 135, 197, 273, 292] 	

sentiment shifters
negation [297] [422] [89, 425] [181, 205] ⊕/	
neutralization [274] — [208, 422] — ⊕/	

Table 10.1.: Related work that addresses feature engineering in the context of document and sentence
level polarity classification. The "neutral" column refers to works that discuss a specific
feature type, but do not explicitly evaluate its influence. The "mixed" column refers to
works which either report mixed results or where a closer look reveals inconclusive re-
sults. The last column represents our personal assessment of the utility of the different
feature types (based on the literature review).

2. Including higher-order n-grams improves results over a unigram baseline. If training data is
sparse, feature selection is important.

3. Adding features based on the prior polarity of words (e.g., derived from a sentiment lexicon)
significantly improves classification accuracy.

4. Shallow linguistic features, derived from stemming, lemmatization, or part-of-speech tagging,
do not seem to have significant effects.

5. Considering signals at the document level (e.g., the user provided review rating) improves the
classification accuracy at the sentence level.

6. Different methods of generalizing from concrete lexical features (e.g., by term/entity substitu-
tion or by WordNet lookups) do not seem to have positive effects.

10.3. Exploiting Weakly Labeled Data for Sentence Level Polarity
Classification

In Chapter 8 we have already seen that weakly labeled data may in fact reduce labeling costs and in
addition can boost classification performance. In this and the following sections, we will examine the
utility of weakly labeled data for sentence level polarity classification more closely. We collect appro-
priate data from pros and cons summaries of customer reviews. Before discussing more details, we
define our concrete problem setting in Section 10.3.1. We will then reason about the availability and
quality of such data, especially in comparison to document level, weakly labeled data (Section 10.3.2).
Subsequently, Section 10.3.3 describes our extraction process and points out some filtering/cleansing
techniques that increase the data quality. In the last part, Section 10.3.4, we discuss different ways
of exploiting the extracted training data for polarity classification (including our approach with one-
class classification).
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10.3.1. Problem Description

We examine ternary, single label, sentence level polarity classification. Our setting is supervised.
The goal is to learn a classification model that can categorize a sentence into exactly one of the three
classes "positive", "negative", or "objective". All classes are defined in adherence to our annotation
guidelines for sentence level annotation (see Section 5.2 and Appendix A.2.2). The class "objective"
refers to sentences that neither explicitly, nor implicitly (i.e., polar facts) express any sentiment. Ac-
cording to our annotation schema, objective sentences are identified by an empty sentiment polarity
label. We simplify the problem setting by ignoring "neutral" and "mixed/both" polarity sentences. We
remove those sentences from our evaluation corpora. As our primary goal is extraction of positive
and negative sentences from customer reviews, we are interested in achieving high f-measures for the
"positive" and "negative" class.

10.3.2. Availability and Quality of Weakly Labeled Data

Document Level

In the introductory part, we pointed out that for document level sentiment classification training data
is conveniently available, at least for the popular customer review mining task. Being more precise,
weakly labeled data is conveniently available. Nearly all popular review sites force a reviewer to pro-
vide a numerical, overall rating. These ratings can be easily extracted and can serve as (weak) label
for the related review. Quasi all works on document level sentiment classification both, train and
evaluate their proposed methods on such data. Very strictly speaking, and as pointed out earlier,
those results obtained by evaluating on a corpus where the labels are only estimated, do not necessar-
ily mirror the true accuracy of the examined method. However, we argue that for the document level
this use of weakly labeled data is justified, simply because the estimate is quite precise. Considering
user-provided review ratings, we make the following observations:

• Review labels are generated by a human. As with a true gold standard corpus, the label decision
is based on a human cognitive process.

• Labeling errors are unlikely. Three, five, or ten point rating scales are so common that misinter-
pretation is not likely (further assuming that a review author is also a review consumer).

• The label matches the unit of evaluation. In other words, the label truly describes a property of
the document and the document is truly the unit of analysis.

• The concrete process for extracting a review label is easy. It is very unlikely that mistakes are
introduced by erroneous extraction. Often data is available in machine-readable form (e.g., via
some public API).

Sentence Level

Sentence level labels are not directly available from customer reviews. For good reasons, reviewers
simply do not provide rating information for individual sentences. A quite naive approach to acquire
sentence level labels would be to regard all sentences in a positively labeled review as positive and
vice versa for negative reviews. Obviously, such a method is not very precise. We know that also very
positive or negative reviews contain relatively mixed content (regarding the polarity). For example,
our analysis of the digital camera review corpus has shown that, with regard to the label, only slightly
more than 50% of the sentences follow the document label17. Roughly 35% are factual, the remainder
has a different polarity label than the document. In other words, with this naive method we would

17The number is even lower if we also count the less extreme reviews with 2 or 4 star ratings as negative or positive.
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generate a corpus with every second label being erroneous. It is doubtful that such a corpus helps in
training a polarity classifier and surely it is not suited for evaluation purposes.

In the previous chapters we have seen that "pros" and "cons", as compact summaries of the main
advantages and disadvantages of a product/service, also convey useful polarity information. The
general assumption was that information from the pros exhibits positive polarity and vice versa for
the cons. These summaries are much better suited to collect training data for polarity classification.
Although the label (i.e., "pros" or "cons") is again not provided at the sentence level, we can exploit
the fact that summaries are typically very homogeneous with regard to polarity. In a preliminary
study, we randomly sampled 400 sentences (200 pros, 200 cons) from the pros/cons summaries of
hotel reviews (taken from Priceline.com) and manually verified the (weak) label decision. We did
the same for digital camera reviews (obtained from Epinions.com and Reevoo.com). For the hotel
dataset, about 89% of the weak labels are correct (89.0% pros, 89.5% cons). In other words, 11% of
the sentences taken from the pros do not exhibit a positive polarity and 10.5% of the cons sentences
are not negatively connoted. For the camera dataset, the precision is a little lower with about 86%
correct labels (87.5% pros, 83.5% cons). Wrong label decisions in both datasets are mainly due to
objective/factual sentences, which apparently appear in pros/cons summaries. In Section 10.3.3 we
describe filtering techniques that can improve the precision to (estimated) 97% for the camera dataset
and 95% for the hotel dataset.

Despite such high precision values, we believe that a weakly labeled corpus obtained from pros/-
cons summaries of customer reviews cannot function as a proper evaluation dataset for our purposes.
Our goal is to classify sentences taken from the free text part of a review. These sentences are typi-
cally longer and more complex than sentences found in pros/cons texts. Summarizing the pros and
cons of a product in a compact form is different from writing a complete review. The style of writing
is different — for example, enumerations are much more common in summaries. Thus, to measure
the performance of a polarity classification model for review sentences, we should not evaluate on a
weakly labeled pros/cons dataset. Results achieved by such an evaluation may not represent the true
performance (i.e., for classifying "normal" review sentences). We may use the weakly labeled samples
perfectly as additional training data, but must use a manually labeled corpus for evaluation.

10.3.3. Extraction of Weakly Labeled Data from Pros/Cons Summaries

Types of Pros/Cons Summaries

Depending on the specific review site, pros/cons summaries differ in presentation and style. For
some sites, very compact, often comma-separated enumerations prevail (e.g., Buzzillions.com), other
sites encourage reviewers to provide longer descriptions of their pros and cons (e.g., Priceline.com or
Reevoo.com). Whereas compact enumerations are perfectly suited for extracting target-specific prior
polarity information (as we described in the previous chapter), they do not fit well when creating
a corpus for sentence level classification. We are thus interested in sources that provide pros/cons
summaries where longer descriptions with complete (optimally grammatical correct) sentences pre-
dominate.

Homogeneity of Pros/Cons Summaries

We have seen that the homogeneity with regard to sentiment polarity is already quite high in sen-
tences extracted from pros/cons summaries. However, when using the raw data without some data
cleansing, roughly more than 10% of the label decisions are incorrect. Our preliminary study revealed
some typical patterns that induce such erroneous decisions:

• Listing aspects: A common pattern is to simply name the aspects that are liked/disliked. For
instance, in a positive hotel summary, we may find a text such as "The location near the airport
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Figure 10.3.: The filtering and data cleansing steps.

and the shuttle service." Contained in the pros, we know that the reviewer liked the proximity
to the airport. However, the text may stem equally well from the cons (airport means noise, the
shuttle service may be bad). The text alone does not convey any particular sentiment polarity.

• Absence of pros/cons: Another common pattern is to express the non-existence of any advan-
tages/disadvantages. For instance, we may read a sentence such as "Can’t think of any, the
whole experience was awful and I’ll never go to this place again." in the pros. On the other
hand, in the cons we might read a sentence such as "Nothing, everything from staff to room
was perfect." Often, as shown in the preceding examples, pointing out the absence of any pros
(cons) is accompanied by rephrasing the bad points (good points).

• Comparison/Contradiction: Mixed sentiment is often conveyed by comparing/contradicting
a positive aspect with a negative aspect. For example, we may find a sentence such as "The
room was clean and comfortable, however quite small." Sentences with mixed polarity must be
considered as erroneous (for our task) regardless of whether being extracted from the pros or
the cons.

Filtering and Cleansing of Pros/Cons Summaries

Based on the previously mentioned patterns, we heuristically detect and remove potentially erro-
neous sentences to increase the precision of the (weak) label decisions. Fig. 10.3 gives an overview of
this filtering process. In particular, we propose the following preprocessing and cleansing steps:

1. Preprocessing: We use the Stanford CoreNLP tools for tokenization, sentence splitting, and
part-of-speech tagging of the pros/cons summaries.

2. Minimum length: We remove each sentence which consists of less than 4 tokens.
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Algorithm 10.1 Sentence Polarity Score Calculation
Requires: a (context-aware) sentiment lexicon, a product aspect lexicon, a lexicon with negation indicators
Input: a sentence s
Output: a polarity score p(s) for sentence s

1. Apply the Aho-Corasick algorithm [5] to find all non-overlapping matches of sentiment lexicon entries E
in s. Each match is a potential sentiment expression.

2. Analogously, find all product aspect mentions A in s.

3. Analogously, find all negation indicators N in s

4. For each sentiment expression e ∈ E calculate its contextual polarity score pe:
a) To calculate the target specific polarity consider the following three cases:

i. sentiment expression e has only target specific polarity: Check in a window of five preceding
and five succeeding tokens whether the aspect a ∈ A, with minimal distance to e (ties solved by
preferring the succeeding over the preceding a), is associated with e in the sentiment lexicon.
If yes, set pe to this target specific polarity value, otherwise remove e from the set of sentiment
expression E.

ii. sentiment expression e has target specific and target independent polarity: Same as before, but
set pe to the independent polarity score if the closest a is not associated with e.

iii. sentiment expression e has only target independent polarity: Set pe to the target independent
polarity score.

b) If a negation indicator precedes e with a distance of at most two tokens, flip the polarity by setting
pe = (−1) ∗ pe

5. return p(s) =
∑
e∈E

pe

3. Absence: We create a dictionary (approx. 200 entries) of very common lexical patterns that are
used to describe the non-existence of pros or cons (e.g., "nothing", "hardly any", "loved it all",
"haven’t found", "not come across", etc.). We examine the first sentence of a pros (cons) text
and if one of the pattern matches, we discard the entire text (i.e., also all other sentences in
that snippet are dropped). If the first sentence denies the existence of any pros (cons), then all
following information is likely to be in contrast to the label.

4. Missing verb: We remove each sentence that does not contain a verb. For example, this prevents
us from extracting enumerations of aspects.

5. Enumeration: We remove each sentence where the ratio of separator symbols (commas, semi-
colons) and tokens is above 1:3. This heuristic removes some more aspect listings that have not
been detected by the previous step (for instance due to POS tag errors or because some aspect
term contains a verb).

6. Contradiction: We discard each sentence that contains a "contradiction indicator". For this pur-
pose, we compiled a list of such indicators (e.g., "however", "despite", "although", "but", "other
than", etc.). The intuition for this filter is to prevent the inclusion of mixed polarity sentences.

7. Sentiment lexicon: We use our domain-adapted, context-aware sentiment lexicons (see previ-
ous chapter) to calculate a polarity score for each candidate sentence. We apply Algorithm 10.1
to derive a sentence level score that is based on prior polarities and a simple vote flip heuristic
for handling negations. Depending on this score and the overall rating of a review, we decide
whether a sentence is added to the training data or whether it is discarded. Algorithm 10.2
formally describes this decision process. It is further summarized graphically by Fig. 10.4. The
basic intuition is to discard all sentences where the calculated polarity score drastically contra-
dicts the overall review rating.
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Algorithm 10.2 Polarity Score Filter

Input: candidate sentence c, weak label l, review rating r (on five-point scale)
Output: true (keep), false (discard)
s← calculatePolarityScore(c) . use Algorithm 10.1
if l = ’positive’ then

if s > 0 then . keep c if polarity score is positive
return true

else if s ≥ −5 and r ≥ 4 then . keep c if score is not "too" negative and rating is at least 4
return true

else
return false

end if
else if l = ’negative’ then

if s < 0 then . keep c if polarity score is negative
return true

else if s ≤ 1 and r ≤ 3 then . keep c if score is only slightly positive and rating is <= 3
return true

else if s ≤ 5 and r ≤ 2 then . keep c if score is not "too" positive and rating is <= 2
return true

else
return false

end if
end if

polarity
score

-5

discard keepdecide
polarity
score

1 5

discardkeep decide

0

r ≤ 3

r > 3

r ≤ 2

r > 2

r ≥ 4

r < 4

0

label = 'positive' (pros) label = 'negative' (cons)

Figure 10.4.: Illustration of Algorithm 10.2. The variable r refers to the (scaled/mapped) overall rating
of a review. The colors indicate the decision value (green: "keep", red: "discard").

Weakly Labeled Data for the Objective Class

Sentences extracted from the pros/cons summaries of customer reviews either belong to the "posi-
tive" class or to the "negative" class. As our goal is to learn a ternary polarity classification model, the
lack of objective training samples is a problem. In the context of movie reviews, Pang and Lee [295]
exploit plot descriptions crawled from IMDb.com to obtain samples for the objective class. They point
out that the label decision is mostly correct, but "[. . .] plot summaries can occasionally contain sub-
jective sentences that are mis-labeled as objective."18 Unfortunately they do not examine the concrete
precision of this heuristic.

Inspired by this idea, we experimented with extracting product/service descriptions from appro-
priate sources. In particular, for the hotel domain we collected descriptions from Priceline.com and
Booking.com. For the digital camera domain, we used Amazon.com. Preliminary results with ex-
tracting objective sentences from this data and using these as objective training samples were unsat-
isfactory. The product descriptions are too noisy (with regard to the label) and do not really fit the
type of objective sentences we find in customer reviews:

• Most product descriptions are simply not objective. In fact, the vast majority of descriptions
seems to originate from the marketing department of the respective manufacturer or hotel
owner. Clearly, such a description praises the product instead of providing objective facts.

18Cited from the README file describing the corpus: http://www.cs.cornell.edu/people/pabo/movie-review-
data/subjdata.README.1.0.txt
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10.3. Exploiting Weakly Labeled Data for Sentence Level Polarity Classification

• Objective sentences in typical product descriptions differ widely from objective sentences found
in customer reviews. This is best explained by considering the prevailing discourse functions.
In a product description the function is either "praise the product" or "describe specification"
(e.g., available amenities for hotels). Thus, in case we find an objective sentence in a product de-
scription, it most likely refers to the product specification. However, we know that in customer
reviews much more diverse discourse functions exist (e.g., "advice", "general remark", "personal
context", "usage"). This type of sample data is not available in product descriptions.

For movie reviews, the situation is apparently different. Most objective information provided in
movie reviews refers to the plot of the movie. In consequence, the types of sentences extracted from
(objective) plot summaries and the types of sentences found in the objective parts of movie reviews
are very similar. Unfortunately, for product and service reviews this observation is not true. We
cannot use product descriptions for extracting training samples for the objective class.

Another heuristic to obtain weakly labeled samples for the objective class is proposed by Kim
and Hovy [210]. They collect phrases from the pros/cons summaries and search for them in the
review text. Sentences containing such a phrase are labeled as positive or negative, respectively. All
remaining sentences in the review are labeled as objective samples. In comparison to the previously
discussed approach, this method guarantees that weakly labeled samples match the style of the target
dataset. However, they also do not examine the accuracy of their heuristic. We believe that it is too
naive and doubt that it allows to collect an adequate set of samples for the objective class. Subjective
sentences in the review that do not have a "partner" in the pros/cons get labeled as objective. This may
happen either because the "mapping heuristic" is not perfect or simply because the review mentions
more or other pros/cons than the summaries do. In conclusion, obtaining weakly labeled data for
the objective class remains a problem. We did not find an appropriate data source, nor an adequate
extraction heuristic.

10.3.4. Incorporating Weakly Labeled Data into a Polarity Classifier

Whereas in the previous section we described how to obtain weakly labeled samples from pros and
cons of customer reviews, we now discuss how to incorporate this data into a supervised approach to
ternary polarity classification. We mainly differentiate between three ways of incorporating the data:

• Enrich the manually labeled dataset: We may simply incorporate the weakly labeled positive
and negative samples as additional training data to a manually labeled corpus. Fig. 10.5 il-
lustrates this approach. To obtain a ternary polarity classifier, a multi-class machine learning
algorithm19 is provided with positive, negative, and objective samples from the manually la-
beled corpus, as well as with additional positive and negative samples from the weakly labeled
corpus. Typically, the amount of weakly labeled training data is significantly larger than the
amount of manually labeled data (e.g., in our experiments the ratio is up to 100:1). Whereas
this procedure does not eliminate the need for manually labeling training data, the goal is to
improve classification performance by drastically increasing the number of training samples.

• Only objective samples are manually labeled: The goal of this approach is to significantly re-
duce the effort involved with providing training data. For the positive and negative polarity
classes we use the weakly labeled data only and completely go without manually labeling pos-
itive and negative samples. We only provide manually labeled samples for the objective class.
Thus, the total manual effort is reduced to about one third of the original amount of work.

19Learning a multinomial classification model may be implemented in different ways. We may apply a machine learning
algorithm that naturally models a multinomial outcome variable (e.g., multinomial logistic regression, see Section 8.3). We
may alternatively use strategies such as one-vs.-rest (OvR) or one-vs.-one (OvO) that combine multiple binary classifiers to
support for multinomial outcomes (see for example Hsu and Lin [174]). Additionally, we may follow a cascaded approach
as described in Section 10.1.1.
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Figure 10.5.: Learning a ternary polarity classifier by enriching a manually labeled dataset with
weakly labeled data.

As before, we can use some multi-class machine learning scheme to obtain a ternary polarity
classifier.

• Use weakly labeled data only: Following this approach, we completely go without providing
manually labeled data. In consequence, and as discussed in the previous section, no samples
for the objective class are available. To still allow for ternary polarity classification in this set-
ting, we consider the use of a one-class classification algorithm. Such an algorithm is capable
of learning a binary classification model when training samples for only one class are available
and samples for the other class are missing. As shown in Fig. 10.6, we use the one-class machine
learning method to train a subjectivity classifier that distinguishes objective from polar/subjec-
tive sentences. We construct samples for the "subjective" class by combining the sets of positive
and negative polar samples. In addition, we train a traditional binary polarity classifier, again
using the weakly labeled positive and negative samples. We follow the "cascaded approach" to
combine both classifiers to a ternary polarity classifier.

negative
samples

positive
samples

automatically labeled data

traditional machine
learning algorithm

one-class machine
learning algorithm

subjectivity
classifier

binary polarity
classifier

ternary polarity
classifier

positive + negative = 
subjective samples

Figure 10.6.: Learning a ternary polarity classifier when using weakly labeled data only.

Whereas the first two approaches of incorporating the weakly labeled data make use of conventional,
supervised classification algorithms, the third approach involves the application of a rather uncom-
mon technique, namely the use of one-class classification methods. The following paragraph there-
fore provides some more details on one-class classification.
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Figure 10.7.: Conventional, binary classification vs. one-class classification for sentence level polarity
classification. The binary classifier distinguishes positive from negative sentences and is
trained on samples for both target classes. The one-class classifier distinguishes subjec-
tive/polar sentences from other (objective) sentences and is trained on polar sentences
only. (illustration inspired by Tax [379, fig. 1.1])

One-class Classification

We use one-class classification methods simply as a tool for polarity classification with weakly labeled
data. Thus, we only point out the main concepts of this methodology. A much more comprehensive
coverage of one-class classification can be found in the PhD thesis of Tax [379]. He outlines the un-
derlying problem of one-class classification as making "a description of a target set of objects and to
detect which (new) objects resemble this training set." The name "one-class classification" stems from
the fact that the classifier is trained on a single class (in the following denoted as target class) only.
Samples for the other class (outliers) may not be available or may be extremely costly to obtain. Thus,
in contrast to a conventional setting, a boundary which separates the target class and outliers has to
be learned from samples of the target class only. Tax [379] describes the resulting task as "to define a
boundary around the target class, such that it accepts as much of the target objects as possible, while
it minimizes the chance of accepting outlier objects."

Fig. 10.7 illustrates the relationship between one-class and conventional, binary classification in the
context of our polarity detection task. Using the weakly labeled data extracted from pros/cons sum-
maries, positive and negative sentences are available in the training set, but objective sentences are
missing. We can easily train a binary classifier to distinguish positive and negative polarity (indicated
by the solid boundary). For the one-class classifier (indicated by the dashed ellipse) we regard the
entire set of polar sentences (positive and negative) as the target class. Objective sentences are con-
sidered as outliers. If the boundary that is learned by the one-class classifier is "tight", we can detect
these outliers and thus can distinguish between subjective/polar and objective sentences. Besides our
polarity classification scenario, other application domains for one-class classification are for example
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the detection of machine faults [346], authorship verification [218], or intrusion detection [142]. Also,
depending on the concrete domain of application, different terms are used to describe the basic prob-
lem addressed by one-class classification. The most common other names are novelty detection, outlier
detection, or concept learning.

For our experiments with one-class classification, we will use the implementation provided as
part of the LIBSVM library20[69]. This implementation is based on a methodology introduced by
Schölkopf et al. [335]. With this approach, one-class classification is formulated as learning a function
that is positive for samples from the target class and negative for other samples. It can be regarded
as an extension of the support vector machine (SVM) methodology to one-class classification. More
detailed information concerning the concrete implementation is provided by Chang and Lin [69]21.

Besides one-class classification with SVMs, other "boundary methods" (e.g., based on k-centers or
nearest neighbor approaches) have been suggested. Also non-boundary methods (e.g., based on den-
sity estimation or prototype reconstruction) are considered [379]. Manevitz and Yousef [248] examine
these different methods in the context of text categorization, which is similar to our setting. They com-
pare the SVM based approach to other approaches such as (adaptations of) the Rocchio algorithm, the
nearest neighbor algorithm, the naive Bayes algorithm, or neural networks. They report that the SVM
approach is superior to all other methods, except the neural network, which shows comparable per-
formance. We thus conclude that using the LIBSVM implementation of one-class classification is a
reasonable choice for our experiments.

To complete the picture, we note that a similar problem to one-class classification is to learn classi-
fiers from only positive (i.e., the target class) and unlabeled data. For example, in our case this would
mean to learn from the weakly labeled polar sentences and additionally consider sentences extracted
from associated review texts as unlabeled data (containing a mix of polar and non-polar sentences).
As can be seen, such a semi-supervised setting also fits our problem description (samples from the
target class, as well as relevant unlabeled data is easily available). However, in this work we do not
examine these semi-supervised methods and leave that for future work. Approaches to learn from
only positive and unlabeled data are for instance proposed by Elkan and Noto [117], Blanchard et al.
[41], Liu et al. [235], or Yu et al. [456].

10.4. Experiments and Results

In this section we discuss our experiments and results with sentence level polarity classification. The
remainder of this section is organized as follows: We first describe our basic experimental setup in
Section 10.4.1. Subsequently, and to take up the discussion of Section 10.2, we experiment with vary-
ing document representations (actually: sentence representations). In particular, we examine the ef-
fectiveness of various preprocessing steps (Section 10.4.2) and consider the effects of different feature
sets, testing lexical, knowledge-based, and linguistic features (Section 10.4.3). In Section 10.4.4 we
compare the use of a cascaded approach to ternary polarity classification, instead of using a conven-
tional multi-class classification strategy. We are further interested in whether the addition of weakly
labeled data helps in improving classification performance. We first consider the utility of weakly
labeled data for the task of binary polarity classification in Section 10.4.5. We experiment with dif-
ferent amounts of manually and weakly labeled data. Additionally, we examine the interplay of
varying amounts of training data and varying order of n-gram features (Section 10.4.6). Effectiveness
of our heuristics for cleaning the weakly labeled data are analyzed in Section 10.4.7. Subsequently,
we consider the task of subjectivity detection in the context of training with weakly labeled data. Sec-
tion 10.4.8 covers our experiments in this direction, including the one-class classification approach.

20 available at http://www.csie.ntu.edu.tw/~cjlin/libsvm
21A regularly updated version of the article is provided at http://www.csie.ntu.edu.tw/~cjlin/papers/libsvm.

pdf.
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10.4. Experiments and Results

10.4.1. Experimental Setup

Datasets

• Gold standard: We evaluate the different classification models by means of our sentence level,
manually labeled gold standard corpora (see Section 5.2). We use the handcrafted sentiment
polarity annotation as label for each sentence. Clearly, sentences which are annotated with
positive (negative) polarity are labeled as "positive" ("negative"). Non-polar sentences (empty
sentiment label) are added as samples for the "objective" class. We remove all sentences that
are labeled with "neutral" or "mixed" polarity. In other words, we disregard the more fine-
grained distinctions introduced with the "mixed polarity" and "neutral" classes. As noted earlier,
this decision simplifies the problem setting. Reported results will be slightly better compared
to solving the more difficult problem with the original five classes. However the number of
samples in the "neutral" and "mixed" classes are too low to build adequate classifiers. Table 10.2
gives an overview of the class distribution in the simplified gold standard corpora.

hotel camera

class label samples (proportion) polar facts samples (proportion) polar facts

positive 1370 (46.3%) 9.6% 1201 (40.8%) 6.7%
negative 761 (25.7%) 37.1% 647 (22.0%) 32.3%
objective 829 (28.0%) — 1094 (37.2%) —

total 2960 14.0% 2942 9.9%

Table 10.2.: Basic statistics of the evaluation datasets for polarity classification. The column "polar
facts" refers to the proportion of polar fact sentences for a particular class label.

• Training datasets: Depending on the experiment, we train classifiers on the gold standard cor-
pus, the corpus of weakly labeled data, or on some combination of both corpora. We use cross
validation to guarantee generalizable results.

• Weakly labeled data: As described earlier, we extract weakly labeled data for the "positive" and
"negative" classes from pros and cons summaries of customer reviews. For the hotel review
domain, we extract the relevant data from Priceline.com. For the digital camera review domain,
we crawl data from Reevoo.com and Epinions.com. After preprocessing, we obtain more than
half a million sentences for the hotel domain and slightly more than 150,000 sentences for the
camera review domain. From the hotel dataset we randomly sample 200,000 sentences, where
positive and negative sentences are equally distributed. From the camera review dataset, we
sample 100,000 sentences, also equally distributed among the positive and negative class.

Cross Validation and Statistical Significance

We use ten times repeated 10-fold cross validation for all experiments if not otherwise stated. To
guarantee comparability of results, we ensure that for all experiments the same (ten) partitionings are
used. For each 10-fold cross validation instance, we compute the means of the results for each fold.
These mean values serve as the basis for deriving the statistical significance of deviations between
different experiments. We use a paired t-test and if not otherwise stated, we report significance at
the 99% confidence level. In addition, we ensure that the test folds only contain data from the gold
standard corpora and never contain weakly labeled data (see also Fig. 10.9 on page 239).
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component parameter value description

corpus min-sentence-length 4 the minimum length of sentences in tokens to
be considered during training and evaluation

corpus min-feature-count 2 the minimum support of a feature within the
training data (basic feature selection)

corpus k 10 the number of folds for cross validation
SVM C 0.1 the cost parameter used during training of

SVM models
SVM ν 0.1 the offset parameter used during training of

one-class SVM models
lexicon classifier τsentiment-score 0 the threshold parameter for lexicon-based sub-

jectivity detection

Table 10.3.: Parameter settings for the experiments with sentence level polarity classification.

Classification with Support Vector Machines

We use support vector machines (SVM) for classification. More specifically, we use the LIBLINEAR
implementation [126] provided by the LIBSVM authors [69]. Regarding our use of SVMs, the follow-
ing aspects are important to note: As suggested by the LIBSVM authors22, if necessary, we scale the
input data (the feature values) prior to learning or applying a classification model. In particular, we
linearly scale the lexicon, shifter, rating, and context feature values to the interval [0, 1] (all mentioned
feature types are introduced in the following section). The unigram, n-gram, and pattern features
are all binary (i.e., values are zero or one) and thus do not need to be scaled. We further follow the
LIBSVM authors’ suggestion by using a linear kernel. Our setting is comparable to document classifi-
cation in the sense that the dimensionality of the feature space is extremely large. For example, when
using the weakly labeled data, we easily find more than 105 distinct n-grams (order = 3) or about 103

unigrams. For the case with weakly labeled data the number of training instances and the number of
features is very large. Using the manually labeled data only, the number of features is much larger
than the number of training samples. In both cases, simple linear kernels are generally sufficient due
to the high dimensional feature space. The LIBLINEAR library is particularly tuned for such settings
and allows for much more efficient training of large-scale, sparse datasets [126]. When using a linear
kernel, only a single hyperparameter — namely, the cost (or soft margin) parameter C — needs to be
set. If not otherwise stated, we set C = 0.1 for all experiments.

Parameter Values

A set of different parameters need to be considered throughout the various experiments. Table 10.3
summarizes the most relevant parameters and their values.

Evaluation Metrics

In most experiments, we perform ternary polarity classification — that is, we distinguish between
positive, negative, and objective sentences. In our context this classification task is embedded as a
tool for customer review mining. We are thus primarily interested in the performance with regard
to detecting positive and negative sentences. The performance with regard to objective sentences
is rather irrelevant. In most cases, we therefore report results for the positive and negative class
only and neglect the objective class. Most commonly, we report the macro and micro-averaged f-
measures, computed over the positive and negative class. These measures adequately describe the
systems accuracy in detecting sentences belonging to one of the target classes.
22http://www.csie.ntu.edu.tw/~cjlin/papers/guide/guide.pdf
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hotel digital camera

setting macro-F1 micro-F1 macro-F1 micro-F1

baseline 70.2 73.3 66.8 70.2

lemma 71.9 (+1.7)∗ 74.7 (+1.5)∗ 65.2 (-1.6)∗ 68.9 (-1.4)∗

pos 71.2 (+1.0)∗ 74.3 (+1.0)∗ 66.2 (-0.6)∗ 69.5 (-0.7)∗

downcase 71.8 (+1.5)∗ 74.7 (+1.5)∗ 66.6 (-0.2) 70.0 (-0.3)∗

downcase+pos 71.2 (+1.0)∗ 74.3 (+1.0)∗ 66.2 (-0.6)∗ 69.5 (-0.7)∗

aspect-remove 71.4 (+1.2)∗ 74.5 (+1.2)∗ 67.0 (+0.2) 70.4 (+0.1)
aspect-mask-same 71.1 (+0.9)∗ 74.2 (+0.9)∗ 66.7 (-0.1) 70.2 (+0.0)

aspect-mask-canonical 71.2 (+1.0)∗ 74.4 (+1.1)∗ 66.7 (-0.1) 70.0 (-0.2)∗

downcase-remove 71.4 (+1.2)∗ 74.5 (+1.2)∗ 67.0 (+0.2) 70.4 (+0.1)
downcase+mask-canonical 71.2 (+1.0)∗ 74.4 (+1.1)∗ 66.7 (-0.1) 70.0 (-0.2)∗

Table 10.4.: Effectiveness of varying linguistic preprocessing steps. The star symbol indicates statisti-
cal significance at the 99% confidence level (with regard to the deviation from the baseline,
paired t-test).

10.4.2. Unigram Baseline and Shallow Linguistic Preprocessing

The goal of our first experiment is to set a baseline and to learn about the influence of different linguis-
tic preprocessing steps. For each different setting, we train an SVM model, using unigram features
only. With regard to linguistic preprocessing, we consider the following options:

• Term normalization: We experiment with lemmatization and simple downcasing.

• Word sense disambiguation: For a shallow form of word sense disambiguation, we append
each token with its corresponding part-of-speech tag. We use only the first two characters of the
tag (e.g., "VBZ" becomes "VB").

• Modify aspect mentions: We experiment with three different forms of modifying recognized
product aspect mentions. We use a lexicon to detect the aspect mentions. Then, we either
remove all aspects from the token sequence in a sentence ("aspect-remove"), we replace each
aspect mention with a common symbol ("aspect-mask-same"), or we mask each aspect with its
canonical form as defined in the lexicon ("aspect-mask-canonical"). The basic intuition is again
to normalize different terms so that the individual features allow for better generalization.

The results in Table 10.4 show the macro and micro-averaged f-measure for the positive and neg-
ative class. For the baseline setting we do not perform any other preprocessing than tokenization.
With this basic unigram model, we achieve micro-averaged f-measures of 73.3% for the hotel dataset
and 70.2% for the digital camera dataset, respectively. Looking at the data for the other settings and
comparing the two different corpora, we find that the results are rather inconclusive. Whereas most
of the shallow linguistic preprocessing steps are helpful concerning the hotel dataset, we observe
no statistically significant improvements for the digital camera corpus. For example, while modi-
fying aspect mentions in the hotel dataset shows a significant improvement of 0.9 to 1.2 percentage
points in micro-averaged f-measure, we see no significant effects for the camera dataset. Considering
lemmatization, we even observe that results are significantly worse for the camera corpus, while they
are significantly better for the hotel dataset. Our inconclusive results are in line with related work
in document level sentiment classification (see Section 10.2). Also in the literature we find positive
and negative results regarding the utility of different preprocessing steps. We simply conclude that
selecting appropriate preprocessing steps is dependent on the dataset and its effects should be evalu-
ated for each individual case. In general, no huge improvements are to be expected. For all following
experiments, we decide to lowercase the terms contained in unigram or n-gram features.
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feature name description type

lexicon label two binary features "label-pos", "label-neg" that in-
dicate the sentence polarity (score >1 or <-1)

binary

raw polarity score the polarity score as calculated by Algorithm 10.1 continuous
raw pos/neg
score

two features representing the sum of all posi-
tive/negative polarity scores in a sentence

continuous

purity purity = raw-score∑
p∈S |p|

, where p is a polarity score calcu-

lated for a phrase in sentence S, see also [40]

continuous

polar phrases
count

two features representing the number of positive
and negative polar phrases

integer

polarity count by
POS tag

ten features representing the number of posi-
tive/negative adjective/noun/verb/adverb/other
polar phrases

integer

polarity score by
POS tag

ten features representing the polarity score of pos-
itive/negative adjective/noun/verb/adverb/other
polar phrases

continuous

Table 10.5.: List of lexicon-based sentiment polarity features.

10.4.3. Effectiveness of Different Feature Types

We now experiment with different features types. Based on the literature analysis conducted in Sec-
tion 10.2, we consider the following different types:

• N-grams: For each sentence, we extract all n-grams up to an order of 3 (i.e., all lower order
n-grams, bigrams and unigrams in this case, are also extracted as features). As mentioned
earlier, we lowercase each token, but do not perform any lemmatization or stemming, nor do
we distinguish different parts of speech.

• Sentiment lexicon: For each sentence, we calculate different scores based on the (target-specific)
prior polarity information encoded in a sentiment lexicon. Table 10.5 lists all different scores we
compute. Each score is used as a separate feature. Most of the proposed polarity scores are
inspired by the works of Wiegand and Klakow [422] and Blair-Goldensohn et al. [40]. Algo-
rithm 10.1 describes how we apply a sentiment lexicon to calculate the polarity of a sentence.
The algorithm performs a basic negation detection and, in case, simply flips the sign of the
estimated polarity score.

• Sentiment shifters: We compile different dictionaries that contain typical amplifiers (inten-
sifier and downtoner), negators, and neutralizers. Using the lexicons, we match relevant to-
kens/phrases in a sentence. As features we extract the number of amplifiers, the number of
amplified expressions23, the number of negators, and the number of neutralizers.

• Sentiment pattern: We build patterns based on part-of-speech tag sequences and sentiment
related information. Based on lexicon matches, we replace each sentiment expression, each
sentiment shifter, and each product aspect mention with a specific symbol. Depending on the
polarity score, each sentiment expression is masked with a symbol which follows the pattern
sentiment-[pos|neg]-[0|1|5]. The suffix represents whether the absolute score is less or
equal one, less or equal five, or greater than five. For instance, a phrase with polarity score -3.4
is masked as sentiment-neg-1 and a token with score 0.7 is replaced by sentiment-pos-0.
Sentiment shifters are simply masked by a symbol representing the shifter type. For instance,

23multiple amplifiers may be associated with a single expression
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a negator such as "never" is masked by negation, an amplifier such as "very" is masked by
amplifier, and a neutralizer such as "if" is replaced by the symbol neutralizer. All prod-
uct aspect mentions are masked by the single symbol aspect. All remaining tokens (i.e., all
lexical information) are replaced by the corresponding part-of-speech tags. Again, only the two
character prefixes of the original Penn Treebank tags are used. Putting it all together, for ex-
ample the sentence "I really did not like the noisy air conditioning system.", is mapped to the
sequence
PR amplifier VB negation sentiment-pos-1 DT sentiment-neg-1 aspect.
We extract sentiment patterns by constructing all n-grams from this sentence representation
(with 2 ≤ n ≤ 6). Each such n-gram is extracted as a feature.

• Review rating: We map the overall, user-provided rating of a review to an ordinal five-point
scale and use this value as a feature. The intuition is that the overall rating correlates with the
class labels of individual sentences (Blair-Goldensohn et al. [40] report improved results with
this feature). Naturally, the feature can only be used if we train (and apply) a model on texts
which provide such information. For instance, when classifying sentences extracted from blogs
or user forums, the feature is simply not available. Also, if we train a model on weakly labeled
data from the pros/cons summaries, we cannot use this feature type. There exists no correlation
between the review rating and the polarity of a sentence in the pros or cons (our assumption
is that "pros sentences" are always positive, independent of the rating and vice versa for "cons
sentences").

• Context: Using a prefix and suffix window, we add the total raw polarity score, the total purity
score (see Table 10.5), and the total number of positive (negative) expressions in the context of
a sentence as features. The intuition is that having information on the polarity of preceding
and following sentences may help to classify the sentence under consideration. The size of
context windows is defined by the number of preceding/following sentences. This feature is
inspired by the contextual features used by Blair-Goldensohn et al. [40]. For the same reasons as
before, this feature cannot be used in conjunction with weakly labeled data from the pros/cons
summaries. We experimented with different window sizes and found that for our datasets a
size of length 2 is optimal. We only report results for this setting.

Results — Feature Engineering

We summarize our results of experimenting with the various feature types in Tables 10.6 and 10.7.
The first row in each table represents the unigram baseline (with lowercasing). Differences to this
baseline are indicated by the numbers in parentheses. We first evaluate the usefulness of the differ-
ent feature types separately by including the particular feature information together with the basic
unigram feature. For those feature types that individually show improved results, we also test feature
combinations.

Regarding the individual features, the most significant improvements are obtained for the senti-
ment lexicon and review rating features. We observe a consistent, statistically significant improve-
ment for both evaluation corpora. Considering the macro-averaged f-measure when adding the lex-
icon feature (setting "uni+lexicon"), we find an increase of 4.0 percentage points with regard to the
hotel review dataset and an increase of 5.0 percentage points concerning the digital camera corpus.
While both, the positive and negative class benefit from adding the lexicon feature, the more signif-
icant improvement is for the negative class. The same observation is true with regard to the review
rating feature. The overall improvement in macro-averaged f-measure with this feature is slightly
less compared to the sentiment lexicon features. The increase is 3.8 percentage points for the hotel
dataset and 3.5 percentage points for the camera corpus. When combining both feature types (setting
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positive negative average

feature precision recall f1 precision recall f1 macro-f1 micro-f1

unigram 79.8 83.5 81.6 62.9 61.2 61.9 71.8 74.7

ngram 79.3 (-0.5) 81.5 (-2.0)∗ 80.4 (-1.2)∗ 63.4 (+0.5) 63.3 (+2.1)∗ 63.3 (+1.3)∗ 71.8 (+0.1) 74.3 (-0.4)
lexicon 74.3 (-5.5)∗ 81.6 (-1.9)∗ 77.8 (-3.8)∗ 61.4 (-1.4)∗ 64.8 (+3.6)∗ 63.0 (+1.1)∗ 70.4 (-1.4)∗ 72.6 (-2.2)∗

uni+lexicon 82.3 (+2.5)∗ 84.7 (+1.2)∗ 83.4 (+1.8)∗ 70.3 (+7.4)∗ 66.3 (+5.2)∗ 68.2 (+6.2)∗ 75.8 (+4.0)∗ 78.1 (+3.4)∗

uni+rating 81.3 (+1.4)∗ 86.6 (+3.1)∗ 83.8 (+2.2)∗ 68.1 (+5.2)∗ 66.7 (+5.5)∗ 67.3 (+5.4)∗ 75.5 (+3.8)∗ 78.1 (+3.3)∗

uni+ctxt 80.1 (+0.3) 85.1 (+1.6)∗ 82.5 (+0.9)∗ 66.3 (+3.5)∗ 62.4 (+1.2)∗ 64.1 (+2.2)∗ 73.3 (+1.6)∗ 76.2 (+1.5)∗

uni+goldctxt 80.8 (+1.0)∗ 85.6 (+2.0)∗ 83.1 (+1.5)∗ 68.7 (+5.8)∗ 65.3 (+4.1)∗ 66.8 (+4.9)∗ 75.0 (+3.2)∗ 77.5 (+2.7)∗

uni+shifter 80.0 (+0.1) 83.5 (+0.0) 81.7 (+0.1) 62.9 (+0.0) 61.4 (+0.3) 62.1 (+0.2) 71.9 (+0.1) 74.8 (+0.1)
uni+pattern 81.3 (+1.4)∗ 83.2 (-0.4) 82.2 (+0.6)∗ 66.9 (+4.0)∗ 64.1 (+2.9)∗ 65.3 (+3.4)∗ 73.7 (+2.0)∗ 76.3 (+1.5)∗

uni+l+p 81.6 (+1.7)∗ 84.0 (+0.5) 82.7 (+1.1)∗ 68.0 (+5.1)∗ 65.4 (+4.2)∗ 66.5 (+4.6)∗ 74.6 (+2.9)∗ 77.1 (+2.4)∗

uni+l+r 84.3 (+4.5)∗ 87.6 (+4.1)∗ 85.9 (+4.3)∗ 72.4 (+9.5)∗ 69.9 (+8.7)∗ 71.0 (+9.1)∗ 78.5 (+6.7)∗ 80.7 (+6.0)∗

uni+l+ctxt 82.9 (+3.1)∗ 86.1 (+2.5)∗ 84.4 (+2.8)∗ 71.4 (+8.6)∗ 68.4 (+7.2)∗ 69.7 (+7.8)∗ 77.1 (+5.3)∗ 79.3 (+4.6)∗

uni+l+r+ctxt 84.4 (+4.5)∗ 87.8 (+4.3)∗ 86.0 (+4.4)∗ 72.9 (+10.0)∗ 70.9 (+9.7)∗ 71.8 (+9.9)∗ 78.9 (+7.1)∗ 81.1 (+6.3)∗

Table 10.6.: Hotel corpus: Effectiveness of different feature types for ternary polarity classification.
The table shows the precision, recall, and f1-scores for the positive and negative class.
Macro and micro-averages are computed with regard to these two classes. Numbers in
parentheses show the difference to the unigram baseline and a star symbol indicates a
statistically significant deviance (99% confidence level).

positive negative average

feature precision recall f1 precision recall f1 macro-f1 micro-f1

unigram 75.2 78.5 76.8 58.7 54.7 56.5 66.6 70.0

ngram 77.4 (+2.1)∗ 79.7 (+1.2)∗ 78.5 (+1.7)∗ 62.2 (+3.5)∗ 53.7 (-1.0) 57.5 (+1.0)∗ 68.0 (+1.3)∗ 71.5 (+1.6)∗

lexicon 68.1 (-7.1)∗ 78.5 (-0.0) 72.9 (-3.9)∗ 57.3 (-1.4)∗ 39.1 (-15.6)∗ 46.2 (-10.3)∗ 59.6 (-7.1)∗ 65.0 (-4.9)∗

uni+lexicon 79.2 (+4.0)∗ 80.4 (+1.8)∗ 79.7 (+2.9)∗ 67.5 (+8.8)∗ 60.3 (+5.6)∗ 63.6 (+7.1)∗ 71.6 (+5.0)∗ 74.3 (+4.3)∗

uni+rating 77.6 (+2.4)∗ 79.3 (+0.8)∗ 78.4 (+1.6)∗ 66.0 (+7.3)∗ 58.5 (+3.8)∗ 61.8 (+5.3)∗ 70.1 (+3.5)∗ 72.9 (+2.9)∗

uni+ctxt 76.8 (+1.6)∗ 78.7 (+0.2) 77.7 (+0.9)∗ 62.3 (+3.5)∗ 52.9 (-1.8)∗ 57.1 (+0.6) 67.4 (+0.7)∗ 70.9 (+0.9)∗

uni+goldctxt 78.2 (+3.0)∗ 80.0 (+1.4)∗ 79.0 (+2.3)∗ 65.2 (+6.4)∗ 56.9 (+2.2)∗ 60.6 (+4.1)∗ 69.8 (+3.2)∗ 72.9 (+2.9)∗

uni+shifter 75.1 (-0.1) 78.5 (-0.0) 76.7 (-0.1) 58.7 (-0.0) 54.7 (-0.0) 56.5 (-0.0) 66.6 (-0.1) 69.9 (-0.1)
uni+pattern 78.3 (+3.1)∗ 77.8 (-0.8)∗ 78.0 (+1.2)∗ 63.1 (+4.4)∗ 56.4 (+1.7)∗ 59.4 (+2.9)∗ 68.7 (+2.1)∗ 71.7 (+1.7)∗

uni+l+p 79.0 (+3.8)∗ 77.9 (-0.6)∗ 78.4 (+1.6)∗ 64.7 (+6.0)∗ 59.0 (+4.3)∗ 61.6 (+5.1)∗ 70.0 (+3.3)∗ 72.7 (+2.7)∗

uni+l+r 81.0 (+5.8)∗ 82.0 (+3.4)∗ 81.4 (+4.6)∗ 70.3 (+11.5)∗ 65.7 (+11.0)∗ 67.7 (+11.2)∗ 74.6 (+7.9)∗ 76.8 (+6.8)∗

uni+l+ctxt 79.8 (+4.6)∗ 81.1 (+2.6)∗ 80.4 (+3.6)∗ 67.9 (+9.2)∗ 61.5 (+6.9)∗ 64.4 (+7.9)∗ 72.4 (+5.8)∗ 75.0 (+5.1)∗

uni+l+r+ctxt 81.1 (+5.9)∗ 81.9 (+3.4)∗ 81.5 (+4.7)∗ 70.3 (+11.6)∗ 65.5 (+10.9)∗ 67.7 (+11.2)∗ 74.6 (+7.9)∗ 76.8 (+6.8)∗

Table 10.7.: Camera corpus: Effectiveness of different feature types for ternary polarity classification.

"uni+l+r"), we find that the conveyed information complements each other. The increase in micro-
averaged f-measure with the combination is nearly the sum of the individual improvements. For
both datasets we observe a micro-averaged f-measure that is at least six percentage points above the
unigram baseline. This additional increase is statistically significant compared to the individual re-
sults (not shown in the table). We also experimented with using the lexicon feature alone — that
is, without adding unigram features. However, the results are significantly worse, especially for the
digital camera review corpus. The recall for the negative class drops by nearly 16 percentage points.

Our results of using n-gram instead of the unigram features are at a first sight not conclusive.
Whereas we measure a slight improvement for the camera dataset (+1.6 percentage points), the per-
formance regarding the hotel corpus slightly deteriorates by 0.4 percentage points (not statistically
significant). As we have noted earlier, the benefit of higher order n-grams comes into play if enough
training data is available. The size of our manually labeled corpora is apparently too small for observ-
ing consistent, beneficial effects. To underpin this hypothesis and to outline the potential of higher
order n-grams, we conducted experiments with including a feature selection step. Prior to training
a classification model, we select the k most significant unigram or n-gram features. We use the χ2-
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Figure 10.8.: Hotel corpus: The effects of feature selection for the unigram and n-gram feature types.
The results show the macro-averaged f-measure (positive and negative class) for varying
feature set sizes. Important: The reported results overestimate the true performance, as
the feature selection procedure has access to the test folds.

test to calculate the most discriminating features with regard to the three different class labels (see
also Manning et al. [250, chap. 13.5]). A global ranking is obtained by computing the mean of the
per-class-scores for each feature. We only report results for the hotel corpus (observations are similar
for the camera dataset). Figs. 10.8a and 10.8b summarize our experiments with feature selection. It
is important to note that we did not perform feature selection within the cross validation loop, but
obtained the feature rankings by considering the complete evaluation corpus. In consequence, the re-
ported results overestimate the true performance. However, the experiments solely serve for showing
the potential of higher order n-gram features. Comparing both figures, we see that choosing the op-
timal set of n-gram features (approx. the top-4000 features) leads to a macro-averaged f-measure that
is 4 percentage points higher than the performance with the optimal set of unigram features (approx.
the top-1000 features). We will also see in subsequent experiments, where huge amounts of weakly
labeled data are available, that the use of higher order n-grams leads to improved results compared
to an unigram model.

To estimate the utility of the context feature, we introduce a synthetic feature "gold context". This
feature type has access to the class labels as defined in the gold standard. For each target sentence,
the feature encodes the true labels of the previous and following sentence. It thus serves as an up-
per bound for the "real" context feature which does not have gold standard access, but calculates
polarity information based on a sentiment lexicon. We can observe that including context informa-
tion is generally helpful. Using the gold context feature, we find significant improvements in micro-
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1 great 2 nice
3 very 4 good
5 staff 6 helpful
7 location 8 clean
9 excellent 10 friendly

11 was great 12 comfortable
13 beautiful 14 clean and
15 not 16 friendly and
17 were very 18 stayed
19 only 20 great location

(a) hotel dataset

1 great 2 easy
3 easy to 4 easy to use
5 is 6 very
7 love 8 is great
9 amazing 10 excellent

11 good 12 to use
13 not 14 is easy
15 great camera 16 great pictures
17 only 18 quality
19 is easy to 20 takes great

(b) digital camera dataset

Table 10.8.: The top-20 n-gram features according to a feature ranking based on the χ2-test. Appar-
ently, aspect mentions are also good indicators (presumably, to separate objective from
subjective sentences).

averaged f-measure for both evaluation corpora (hotel/camera: +2.7/+2.9 percentage points). For the
"real" context feature, we also obtain improved results (hotel/camera: +1.5/+0.9 percentage points in
micro-average). For both datasets the increase is statistically significant. We also consider the combi-
nation of the lexicon and context features (setting "uni+l+ctxt"). As both rely on the same information
source (the sentiment lexicon), we are interested in finding out whether both features complement
each other. Our results show that the combination of both features further increases the micro and
macro-averaged f-measure. Compared to the "uni+lexicon" setting, the increase of 1.3 (hotel) and 0.8
(camera) percentage points in micro-f1 is statistically significant. When testing the context feature in
conjunction with the review rating and lexicon feature (setting "uni+l+r+ctxt"), we observe no sig-
nificant increase compared to the "uni+l+r" setting for the camera corpus. For the hotel dataset, a
very small, but statistically significant increase is measurable (+0.3 percentage points). In summary,
the results show that there is truly potential for incorporating information from the context. Even
when relying on inaccurate sentiment lexicon information, the performance improves consistently.
However, if review rating information is available, additional benefits from the context feature are
marginal.

Adding information about the occurrence of sentiment shifters (setting "uni+shifter") has only min-
imal effects on the micro/macro-averaged classification performance (at maximum 0.1 percentage
points). For both datasets the difference is not statistically significant. We conclude that the sentiment
shifter features do not help for our polarity classification task.

Adding the pattern features to the unigram baseline significantly increases performance. We ob-
serve improvements in micro-averaged f1-scores of 1.5 (hotel) and 1.7 (camera) percentage points.
Nonetheless, the more complex pattern features do not seem to add complementary information com-
pared to using the sentiment lexicon features. Combining lexicon and pattern features shows even
worse results compared to using only lexicon features. Classification performance (micro f1) for the
setting "uni+l+p" is 1.0 (hotel) and 1.6 (camera) percentage points lower than with the "uni+lexicon"
setting (difference is statistically significant; not shown in the table). Thus, although we obtain im-
proved results with the pattern feature, we conclude that is of no additional value. The lexicon fea-
tures are apparently a superior way of encoding the sentiment lexicon information.

General Results and Mistake Analysis

In the following we discuss some more general results and consider the most frequent types of mis-
takes. If not otherwise stated, all subsequent comments refer to the "unigram+lexicon" setting. For
both datasets we observe that results for the positive class are significantly better than for the negative
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positive negative objective

positive — 47.8% (47.9%) 52.2% (52.1%)
negative 35.3% (62.3%) — 64.7% (37.7%)
objective 41.4% (64.3%) 58.6% (35.7%) —

(a) unigram (hotel)

positive negative objective

positive — 42.1% (47.9%) 57.9% (52.1%)
negative 37.8% (62.3%) — 62.2% (37.7%)
objective 45.8% (64.3%) 54.2% (35.7%) —

(b) unigram + lexicon + rating (hotel)

positive negative objective

positive — 37.4% (37.2%) 62.6% (62.8%)
negative 32.2% (52.3%) — 67.8% (47.7%)
objective 49.2% (65.0%) 50.8% (35.0%) —

(c) unigram (camera)

positive negative objective

positive — 31.8% (37.2%) 68.2% (62.8%)
negative 35.9% (52.3%) — 64.1% (47.7%)
objective 46.4% (65.0%) 53.6% (35.0%) —

(d) unigram + lexicon + rating (camera)

Table 10.9.: The misclassification rate by class label. For the different target classes, each row of the
table shows the observed proportion of false positives with regard to the two control
classes. The numbers in parentheses represent the true sample distribution with respect
to the two control classes.

class. The difference is more than 10 percentage points in f-measure. In related work (e.g., [40, 422]
such a difference is not observed. We first hypothesized that inferior results for the negative class
may stem from the imbalanced datasets. The number of positive samples is about twice as large as
the number of samples for the negative class. To test this hypothesis, we artificially balanced the eval-
uation corpora by randomly removing samples for the positive class. While the difference is slightly
decreased for these artificial datasets, it is still over 8 percentage points for the hotel corpus and 6 per-
centage points for the camera corpus. Imbalanced data thus only partially explains our observation.

We therefore take a closer look at the actual misclassifications. Table 10.9 summarizes the misclas-
sifications for different settings on a per class basis. For each target class, we report the percentage of
false predictions with regard to the two control classes. For example, considering the positive class,
the table shows that 47.8% of the false positives actually belong to the negative class and 52.2% belong
to the objective class (hotel, unigram setting). The numbers in parentheses represent the false positive
distribution that we would expect, based on the true distribution of the control classes’ labels within
the corpus. We find that, for the positive class, the observed distribution of false positive nearly per-
fectly fits the expected distribution in both corpora. In other words, errors in predicting the positive
class are neither biased towards the negative, nor towards the objective class. For the negative class
the picture is much different. The classifier has significantly more problems in distinguishing nega-
tive from objective samples than distinguishing negative from positive samples. Whereas we would
expect that about 37.7% (hotel) and 47.7% (camera) of the errors would stem from falsely predicting
the objective class, the observed numbers are around 65% in both corpora. Thus, a further reason
for the lower performance concerning the negative class is explained by the observation that the dis-
tinction between the negative and objective class is more difficult than the distinction between the
positive and objective class. We know that adding lexicon features to the unigram model raises the
overall performance for both classes. In this context Tables 10.9b and 10.9d indicate the following:
While the improvement for the positive class predominantly stems from a better distinction between
both polar classes, the improvement for the negative class is mostly due to a better separation of the
objective class.

To further analyze the reasons for misclassification, we look at the actual samples that led to false
predictions. We especially consider errors in distinguishing the objective from the negative class. Our
analysis shows that the classifier has difficulties in correctly classifying polar facts. Obviously, this
distinction is harder as explicit clues are missing and to detect a polar fact, contextual knowledge
is often necessary. For instance, consider the sentence "It took two hours to get a maid to clean the
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room." No sentiment word is contained in the sentence. However, our (human) experience tells us
that it is a sign of bad service if it takes two ours to find someone for cleaning a hotel room. We can
easily interpret the sentence as negatively connoted. Now the problem with polar facts is as follows:
Most polar sentences in the training data are not polar facts. These non-polar-fact samples contain
explicit sentiment expressions and there exist a few expressions (e.g., "great", "nice", "helpful", "rude",
"dirty") which can be found in a majority of polar sentences. A supervised classifier can easily learn
such clue words or n-grams. Polar facts not only occur with lower frequency, but also the lexical
variability of those token sequences that may serve as polarity indicators (e.g., "took two hours") is
much higher. For instance, in this particular case, the sequence may also read "took three hours",
"took four hours", or "took many hours". So, unless the classifier is provided with huge amounts of
training data, it has difficulties in learning to correctly classify a great share of the polar facts. For the
hotel dataset and the setting "unigram+lexicon", only 53% of the polar facts are correctly classified,
whereas the correct rate for non-polar-fact samples is 78%. Regarding the digital camera dataset the
numbers are 51% vs. 75%. The difficulties with polar facts are also a reason why the classification
performance for the negative class is worse than for the positive class. The proportion of polar facts
in the negative class is much higher than in the positive class. In the hotel dataset the proportion of
polar facts in the positive class is about 10% compared to 37% in the negative class. Concerning the
camera corpus the numbers are 7% compared to 32% (see also Table 10.2).

Another observation is that the classification performance with regard to the hotel corpus is sig-
nificantly better compared to the digital camera dataset. Whereas we can measure a micro-averaged
f-measure of 81.1% for the hotel dataset, the best setting with the camera corpus achieves a value of
76.8%. For both target classes, the positive and negative category, we find inferior results. The main
reason for the reduced classification performance is due to the higher proportion of objective sen-
tences within the digital camera corpus. We have 37% objective sentences in the camera corpus and
only 28% in the hotel corpus. As distinguishing polar sentences from objective sentences is generally
more difficult than distinguishing the two polar classes (see also the following section), the error rate
in the digital camera corpus is comparably higher.

10.4.4. One vs. Rest Classification against the Cascaded Approach

In this section, we compare results with two different strategies of tackling the ternary polarity clas-
sification problem. For the previous experiments we used the built-in one-vs.-rest strategy of the
LIBLINEAR SVM classification package. We inherently built three binary SVM classification models:
"positive vs. negative/objective", "negative vs. positive/objective", and "objective vs. positive/neg-
ative". The strategy then compares the predictions of the individual classifiers and chooses the class
which classifies a test sample with the greatest margin. A cascaded approach to ternary polarity
classification may seem more natural. We only build two classifiers. A first classifier for subjectivity
detection separates objective from subjective sentences and a second classifier determines the polarity
of subjective sentences. Compared to the one-vs.-rest strategy, this setting defines more natural "rest"
classes. Mixing negative and objective or positive and objective samples, as done in the one-vs.-rest
setting, seems unintuitive. The binary classifiers in the cascaded approach are provided with more
clear-cut sample sets — subjective vs. polar and positive vs. negative. We thus hypothesized that
a cascaded strategy allows to create more accurate classifiers. To implement the cascaded approach,
we perform the following steps for each training fold within a cross validation instance: To train the
subjectivity detector, we relabel all positive and negative samples in the fold as "polar". To learn the
polarity classifier, we remove all objective sentences from the training fold. For testing, we first apply
the subjectivity detector. Those samples which are classified as subjective become input for the po-
larity classifier (note that this input may already contain false positives, i.e., objective sentences). We
recombine the predictions of the two classifiers to create the final prediction vector.

Table 10.10 summarizes the results of our comparison of both strategies. The main result is that
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positive negative average

features precision recall F1 precision recall F1 macro-F1 micro-F1

one-vs.-rest 84.5 87.4 85.9 72.4 70.2 71.2 78.5 80.7

cascaded 82.0 (-2.5)∗ 88.1 (+0.7) 84.9 (-1.0) 68.7 (-3.7)∗ 71.0 (+0.8) 69.7 (-1.5) 77.3 (-1.2)∗ 79.6 (-1.2)∗

(a) hotel corpus

positive negative average

features precision recall F1 precision recall F1 macro-F1 micro-F1

one-vs.-rest 80.8 81.6 81.2 69.7 66.1 67.8 74.5 76.6

cascaded 78.2 (-2.6)∗ 82.1 (+0.5) 80.1 (-1.1) 67.3 (-2.4)∗ 66.0 (-0.2) 66.5 (-1.3) 73.3 (-1.2)∗ 75.4 (-1.1)∗

(b) digital camera corpus

Table 10.10.: Comparison of the one-vs.-rest and the cascaded strategy for ternary polarity classifica-
tion.

our hypothesis is not confirmed. We consistently observe inferior results with the cascaded approach
on both evaluation corpora. Compared to the original one-vs.-rest approach, the macro-averaged f-
measure is 1.2 percentage points lower for both datasets. The difference is statistically significant. We
also experimented with different settings for the soft margin parameter C of the linear SVM classifier.
Using the cascaded approach, we can apply different values Csubj and Cpol for the two classifiers24.
We hypothesized that reasonable parameters for the subjectivity and polarity classifiers may deviate
strongly, so that setting them independently could improve the overall performance. However, it
turned out that, even with parameter optimization, results for the cascaded approach are consistently
worse than for the one-vs.-rest strategy.

The cascaded approach explicitly subdivides the ternary classification task into the two subtasks
"subjectivity detection" and "polarity classification". Table 10.11 provides detailed results for the these
two subtasks. The subjectivity detection results are based on relabeling the evaluation corpus. Results
with polarity detection are obtained by evaluating on the polar subset of the corpus (i.e., ignoring the
objective part). The table reports the f-measure values for the relevant classes in each task. The
main observation is that separating objective from subjective sentences is generally more difficult
than separating positive from negative sentences. The macro-averaged f-measure for subjectivity
detection is around 10 percentage points lower in both corpora compared to the polarity classification
task. The f1-score for the objective class is lower than 70% in both corpora. As mentioned earlier, in
customer review mining, we are more interested in accurately identifying the subjective sentences.
For this class we observe f-measure values of 86.9% (hotel) and 82.6% (camera). On the other hand,
the f1-score obtained with the supervised subjectivity classifier is not much higher than the f1-score
obtainable with a simple classifier that predicts each sample as subjective. For the hotel dataset the
distribution of subjective vs. objective samples is 72% vs. 28%. Predicting each sample as subjective

24 Note that this is also possible for the one-vs.-rest approach by tweaking the "weight" parameters of the LIBLINEAR SVM
training module.

subjectivity polarity

dataset f1-polar f1-objective macro f1 micro f1 f1-positive f1-negative macro f1 micro f1

hotel 0.869 0.625 0.747 0.806 0.898 0.813 0.855 0.868
camera 0.840 0.722 0.781 0.797 0.900 0.811 0.856 0.870

Table 10.11.: Classification performance for subjectivity detection and binary polarity classification.
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leads to a precision of 72% at a recall level of 100% (subjective class). The f1-score for such a classifier
is thus 83.7%. For the camera dataset precision would be 62.8%, resulting in an f-measure of 77.1%.
The random accuracy25 for the datasets is 59.7% and 53.3%. The gain in overall accuracy is thus
approximately 20 percentage points for the hotel dataset and roughly 25 percentage points for the
camera corpus. In summary, comparing the supervised subjectivity classifier with a random classifier,
we observe a huge gain in overall accuracy, but only a small gain in accuracy with respect to the target
class ("subjective"). Random accuracy values for the polarity classifiers are 54.1% (hotel) and 54.5%
(camera), so the gains are over 30 percentage points for both classes in this task.

10.4.5. Binary Polarity Classification with Weakly Labeled Data

In the following sections we evaluate the utility of weakly labeled data for polarity classification. We
first consider the task of binary polarity classification — that is, the separation of positive and negative
sentences. The weakly labeled data we extracted from the pros/cons summaries of customer review
fits well for this task as we are provided with huge amounts of training data for both classes. In
the following, we mainly experiment with two settings. We either use the weakly labeled data as a
complement to the manually labeled data, or we rely on the weakly labeled data as the only source for
training data (see also Section 10.3.4). In particular, we consider the following experimental setups:

• Weakly labeled data as complement: As with previous experiments, we use ten times repeated
10-fold cross validation (in fact we use the same ten partitionings as before). Let W be the set of
weakly labeled data andM be the set of manually labeled data. For each of the ten training/test
splits of a single cross validation instance, we proceed as follows: We construct a training set
TRk =W ∪Mk-train, whereMk-train ⊂M is the k-th training partition ofM . We train a binary SVM
on TRk and evaluate the resulting classifier on the test foldMk-test ⊂M (we thus ensure that only
manually labeled samples serve as test data). This setup is depicted in Fig. 10.9. In addition,
we vary both, the amount of weakly labeled samples as well as the amount of manually labeled
instances that are available for training. The test folds are always the same, independent of the
amounts of weakly or manually labeled training data. To vary the amount of manually labeled
training data, we artificially reduce the corpus size by simply removing some samples. We do
so in a stratified way to retain the original class label distribution.

• Only weakly labeled data: In this setting we train a classifier on weakly labeled data only.
Again, we vary the amount of data available during training. For each such experiment, we
train a single SVM classifier. This classifier is then applied to the same 10*10 test folds as de-
scribed before. The final reported results are calculated as the mean of the results for the 100
different test folds. Statistical significance is based on a paired t-test that compares the results
(means) for each of the 10 cross validation instances.

As feature types, we use 3-grams (including lower order n-grams) and the sentiment lexicon features.
The review rating or context features cannot be applied in the settings with weakly labeled data. We
do not perform any feature selection.

Figs. 10.10 and 10.11 summarize our results with both experimental setups. The figures are in-
terpreted as follows: Different colors represent the varying sizes of manually labeled data available
during training. For our experiments, we examined five different sizes. The first setting (size = 0)
represents the setting where we only use weakly labeled data. In the last setting we use the com-
plete training fold of manually labeled data Mk-train. Naturally, for this setting the size is dependent
on the concrete corpus and thus varies between different experiments. The x-axis is log-scaled and

25For the binary classification task, accuracy equals the micro-averaged f-measure. Random accuracy refers to the accuracy
obtained with a classifier that makes random predictions based on the distribution of class labels.
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Gold Standard Corpus M
(manually labeled)

Pros/Cons Corpus W
(weakly labeled)

Training Fold
TRk

Test Fold
Mk-test

10-fold cross validation

10 partitionings

Figure 10.9.: The interplay of manually and weakly labeled data for polarity classification.

represents the amount of weakly labeled data used for training the classifiers. Take note that the max-
imum size of the weakly labeled training datasets vary for the two different domains (hotel: 200,000
sentences; camera: 100,000 sentences). Obviously, no measurement for manually labeled size = weakly
labeled size = 0 is available. For each experiment, the y-axis reports the macro-averaged f-measure.
Our main results are as follows:

Results — Amount of Manually Labeled Data

Considering all but the blue colored measurements (size = 0) at x = 0 (no weakly labeled data) gives
us insight about the classification performance with different sizes of manually labeled data. Using
only 100 manually labeled training instances, we achieve an already good macro-averaged f-measure
of around 80% for the hotel dataset. However, for the camera dataset this particular setting performs
much worse with only around 71% f-measure. Using the original corpora (i.e., without artificially
reducing the size), we observe f-measures of 86.2% (hotel) and 83.9% (camera). Take note that these
measures slightly deviate from the results in Table 10.11. This is due to the different feature types
used in the experiments. As can be expected, by increasing the amount of manually labeled data, we
can improve the overall classification performance. For both datasets, using only 1,000 samples, we
can achieve a performance that is only 2 percentage points lower compared to using the complete
corpus.

Results — Weakly Labeled Data as Complement

Again, all but the blue colored measurements are relevant for this analysis. The main result is that
the weakly labeled data is indeed helpful for binary polarity classification at the sentence level. With
increasing amount of weakly labeled data, the classification performance improves significantly. For
the most conservative setting, when using the complete manually labeled corpus, we can increase
the macro-averaged performance by 4 percentage points for the hotel dataset and by 3 percentage
points for the camera review corpus. Both improvements are statistically significant. For the other
settings with less manually labeled data, improvements are significantly higher. For example, when
only 100 manually labeled samples are available, the increase in macro-averaged f-measure is more
than 10 percentage points for the hotel dataset and over 13 percentage points for the digital camera
corpus. With increasing amount of weakly labeled data, the size of the initially available manually
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Figure 10.10.: Hotel review corpus: Results for binary polarity classification with varying amounts of
weakly and manually labeled training data. The different colors represent the varying
amounts of manually labeled data. Individual measurements are indicated by thick
dots, the dashed lines are only for reasons of visualization.
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Figure 10.11.: Digital camera review corpus: Results for binary polarity classification with varying
amounts of weakly and manually labeled training data.
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labeled training data becomes less relevant. At least for the hotel review dataset, we can observe that
classification performance for all settings is roughly equal at around 90% f-measure. This culminates
in the following observation:

Results — Weakly Labeled Data Only

Given that enough weakly labeled data is available, we can completely go without manually labeled
data and achieve the same results as if hand labeled data were available. For the hotel dataset, we
achieve f-measures of slightly more than 90%, which is an improvement of 4 percentage points over
the setting with only manually labeled data (complete corpus). With respect to the digital camera
dataset, we cannot measure an improvement, but observe equally good results at around 84% f-
measure. Here, the setting with only weakly labeled data is around 2.5 percentage points worse
compared to the setting where all weakly and manually labeled data is used. For both datasets we
also observe that classification performance with 100 weakly labeled samples is better than with 100
manually labeled sentences. This is astonishing at first sight, but is explained by the experimental
setup. As we use stratified sampling to artificially reduce the amount of manually labeled data,
the bias towards positively labeled samples is retained in the dataset. Too few negatively labeled
sentences are available. On the other hand, the weakly labeled data contains an equal amount of
positive and negative samples. With only 100 samples this setup affects classification performance.
With regard to the hotel corpus we roughly need 25,000 weakly labeled samples to achieve the same
performance as with a conventional, manually labeled corpus. For the digital camera review dataset,
the break even is at around 50,000 samples. Considering that much more weakly labeled is available
at roughly no costs, we can conclude that for binary polarity classification, weakly labeled data from
pros/cons summaries is totally sufficient.

10.4.6. Varying N-gram Order

Earlier we pointed out that benefits with higher order n-gram features come into play if "sufficient"
training data is available. With the following experiments we examine classification performance
with varying n-gram order at varying amounts of training data. The experimental setup is similar to
the previous one. We consider binary polarity classification. Training data is exclusively composed
of weakly labeled samples. Evaluation is based on ten times repeated 10-fold cross validation with
the same test folds as before. We further distinguish two different setups. In the first setup we only
use n-gram features, in the second setup we combine n-gram and sentiment lexicon features. In our
experiments n-gram features also include all lower order k-grams with 1 ≤ k < n. Fig. 10.12 depicts
our results for the hotel corpus and Fig. 10.13 illustrates the results we obtained for the digital camera
dataset. Again, the x-axis represents the amount of weakly labeled training data on a logarithmic
scale. The differently colored dashed lines correspond to the maximum order of the n-gram features.

Our experiments show mainly three important results: First, the results confirm our hypothesis
that higher order n-grams outperform simple unigram features if sufficient training data is available.
For the hotel dataset, the best performance with higher order n-grams is 2.8 percentage points better
compared to the setting with only unigrams. For the camera datasets the difference is even 3.3 per-
centage points. Both differences are statistically significant. The figures further show that for both, the
hotel and the camera dataset, the break even point is at around 10,000 weakly labeled samples. With
less amounts of training data, the unigram model exhibits equally good or even better classification
performance. With increasing amounts of training data, we observe better results for the higher order
n-gram features.

The second main result is that the difference in classification performance for different higher order
n-gram models is rather marginal. For example, we do not observe much better results with 6-gram
models compared to 3-gram models. On the other hand, we can measure a statistical significant

241



10. Polarity Classification at the Sentence Level

0.66

0.68

0.7

0.72

0.74

0.76

0.78

0.8

0.82

0.84

0.86

0.88

0.9

0.92

0.1 1 10 25 50 100 150200
0.66

0.68

0.7

0.72

0.74

0.76

0.78

0.8

0.82

0.84

0.86

0.88

0.9

0.92

size of weakly labeled corpus (*1000)

m
ac

ro
 a

ve
ra

ge
d 

f−
m

ea
su

re

 

 

1−gram
2−gram
3−gram
4−gram
5−gram
6−gram

(a) excluding sentiment lexicon features

0.8

0.82

0.84

0.86

0.88

0.9

0.92

0.1 1 10 25 50 100 150200
0.8

0.82

0.84

0.86

0.88

0.9

0.92

size of weakly labeled corpus (*1000)

m
ac

ro
 a

ve
ra

ge
d 

f−
m

ea
su

re

 

 

1−gram
2−gram
3−gram
4−gram
5−gram
6−gram

(b) including sentiment lexicon features

Figure 10.12.: Hotel corpus: Results for binary polarity classification with varying n-gram order and
varying amount of weakly labeled training data.
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Figure 10.13.: Digital camera corpus: Results for binary polarity classification with varying n-gram
order and varying amount of weakly labeled training data.
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deviance between bigram models and n-gram models with n > 2. For instance, for the camera corpus
the difference between the bigram and trigram model is 1.7 percentage points. For the hotel corpus the
difference is much lower (0.4 percentage points), but still significant. We may assume (without proof)
that with even more training data (e.g., > 106 samples) we could also observe differences between
n-gram models with n ≥ 3.

The third main results refers to the utility of sentiment lexicon features in the context of large
amounts of training data. We examine the effects by comparing Figs. 10.12b and 10.13b with Figs. 10.12a
and 10.13a. The main observation is that sentiment lexicon features can compensate for too small
amounts of training data. For instance, if only 100 weakly labeled samples are available, using the
lexicon features increases the classification performance by over 15 (hotel) and over 13 (camera) per-
centage points. Also with 1,000 samples, the difference is still relatively high with more than 5 (hotel)
and 8 (camera) percentage points. With increasing amounts of training data, the availability of the lex-
icon features becomes irrelevant or even affects classification performance negatively. Given enough
training data, the higher order n-gram models achieve better results without including the lexicon
features. For instance, for the camera corpus the difference is 1.8 percentage points with the trigram
model. Differences are lower with the hotel corpus. A further note: We find no easy explanation for
the decreased classification performance from step 50,000 to step 100,000 for the unigram model in
Fig. 10.13b. Such a behavior is not observed for the other, similar experiments.

10.4.7. Effectiveness of Data Cleansing Heuristics

With the following experiments we examine the effectiveness of the cleansing heuristics that we have
introduced in Section 10.3.3. Recall that the heuristics allowed to raise the precision for the weak
label decision to 97% (camera) and 95% (hotel), respectively. We are now interested in analyzing
whether this intrinsic increase in performance has positive effects with regard to extrinsic evaluation.
In other words, does classification performance improve with "cleaner" weakly labeled data com-
pared to "dirty", unfiltered weakly labeled data? To examine the effectiveness, we simply switch off
the cleaning heuristics and compare this "dirty" dataset with the filtered datasets (which was used in
the previous experiments). In particular, the dirty dataset is based on the following setup:

• Disabled heuristics: "absence of pros/cons", "missing verb", "contradiction", "sentiment lexicon"

• Enabled heuristics: "minimum length", "enumeration"

We use the same feature types as in Section 10.4.5, namely trigram and sentiment lexicon features.
We summarize the results of our experiments in Fig. 10.14. The results obtained with this extrinsic

evaluation underline our previous results with intrinsic evaluation. We observe that for both datasets
and for varying amount of training data, classification performance is improved by the proposed
filtering techniques. For the hotel dataset, we find increases in macro-averaged f-measure by around
3 percentage points. The numbers for the camera dataset are similar with improvements from 2-
3 percentage points. Differences in classification performance seem to be more distinct with small
amounts of training data. We conclude that data cleansing is an important step when working with
weakly labeled data from pros/cons summaries and further that our proposed heuristics successfully
improve the data quality.

10.4.8. Subjectivity Detection with Weakly Labeled Data

In the previous section we focused on binary polarity classification and disregarded the separation of
subjective from objective sentences. We now examine the utility of our weakly labeled data for the
task of subjectivity detection. In particular, we conduct the following two experiments:
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Figure 10.14.: Effectiveness of the cleansing heuristics for weakly labeled data.
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Figure 10.15.: The experimental setup for evaluating the performance of subjectivity classification
with weakly labeled data. The arrows indicate which type of samples stem from which
data source.

1. Subjectivity detection with manually labeled objective samples and weakly labeled subjective/po-
lar samples: This setting corresponds to the second strategy as described in Section 10.3.4. We
are interested in how well the weakly labeled data can compensate for the lacking polar samples
from the gold standard.

2. Subjectivity detection with only weakly labeled data and one-class classification: This setting
corresponds to the third strategy as described in Section 10.3.4. We learn a one-class subjectivity
classifier from the weakly labeled, polar data. We compare our results with this approach to the
results from the first experiment and, of course, to the performance of a subjectivity classifier
that is trained on the complete gold standard corpus. For further comparison, we evaluate an
unsupervised, lexicon-based subjectivity classifier.

The following subsections describe each experiment in more detail and discuss the obtained results.

Subjectivity Detection with Manually and Weakly Labeled Data

The concrete experimental setup is as follows: Again, we conduct ten times repeated 10-fold cross
validation. The samples used in the 100 test folds are the same as in all previous experiments. For the
subjectivity detection task, we relabel all samples from the positive and negative classes as belonging
to the single class "subjective". We do so for the samples of the gold standard as well as for the
samples in the weakly labeled corpus. For each fold of each cross validation instance, we train a single
subjectivity classifier. Samples for the objective class are taken from the corresponding training fold
of the gold standard corpus. Subjective training samples exclusively stem from the weakly labeled
data. In fact, the weakly labeled subjective samples are the same for each fold. (We can do so, as the
test folds contain only data from the manually labeled gold standard corpus.) Fig. 10.15 illustrates
this experimental setup.

Figs. 10.16 and 10.17 present the results of our experiments. As evaluation metrics, we consider the
f-measure for the target class "subjective" and the classifier’s total accuracy (which equals the micro-
averaged f-measure in this case). For comparison, we indicate the accuracy values for two other
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Figure 10.16.: Hotel corpus: Subjectivity detection with weakly labeled data.
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Figure 10.17.: Digital camera corpus: Subjectivity detection with weakly labeled data.
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classifiers. The measured accuracy for the original "gold corpus classifier" that was trained exclu-
sively on manually labeled data serves as an upper reference (see Table 10.11). The "naive classifier"
that predicts each sample as belonging to the majority class "subjective" serves as a lower bound26.
Considering the f-measure for the target class, we observe values of 85.3% for the hotel dataset and
81.7% for the digital camera corpus. These numbers are only around 2 percentage points lower than
the results we achieved with the gold corpus classifier (not shown in the figure). With respect to the
overall accuracy, we find maximum values of 77.6% (hotel) and 74.8% (camera). Here, the difference
to the results with gold corpus classifier (indicated by the triangle markers) is more pronounced. For
the hotel corpus, the accuracy is 3.0 percentage points lower, for the camera corpus the deviance is
4.9 percentage points.

Looking at the curve shapes of the evaluation metrics, we find that the classification performance
first increases with larger amounts of weakly labeled training data and then remains on the same
level. Our figures only show results for sizes in the interval from 1,000 to 20,000. With even larger
amounts of weakly labeled data, we obtain worse results and the curves actually fall. The reason
for the negative effects of more and more weakly labeled data is due to the increasing imbalance
of the training data. Recall that by increasing the amount of weakly labeled data, we only increase
the amount of samples available for the subjective class. As samples for the objective class stem
exclusively from the manually labeled corpus, this part of the training set always remains the same,
independent of the the amounts of weakly labeled data. The imbalance in the training set shifts more
and more to the subjective class and thus more and more deviates from the sample distribution in the
test set. The negative effects may be compensated by tuning the weight parameters offered by the
LIBLINEAR SVM training module, but we did not extend our experiments in this direction.

We summarize and conclude as follows: Weakly labeled data from pros/cons summaries can also
be used for subjectivity detection if additional, manually labeled samples for the objective class are
provided. Due to the nature of the data, it does not fit as well as for binary polarity detection. Clas-
sification performance with the weakly labeled data is lower than using only manually labeled data,
but is comparable and reasonably high. The utility of larger amounts of weakly labeled data is re-
stricted by problems with increasing imbalance in the training data. Future work may consider more
sophisticated tuning of the SVM classifiers to compensate for this problem.

Subjectivity Detection with Weakly Labeled Data and One-Class Classification

The concrete setup for our experiments in this section is as follows: We train a single one-class clas-
sifier by means of the weakly labeled data. To do so, we relabel positive and negative samples as
belonging to the single class "subjective". This data is input to the one-class training algorithm. As
features, we use trigrams and the sentiment lexicon scores. Since we do not use any of the data from
the gold standard corpus for training, we can go without any cross validation. We simply apply the
learned classifier on the complete evaluation corpus (after relabeling the positive and negative class)
and report results for this single test set. With regard to the one-class training algorithm, a single
parameter ν needs to be defined. We set ν = 0.1 for both datasets. For reasons of comparison, we
also consider the use of a simple, unsupervised, lexicon-based classifier. We use Algorithm 10.2 to
compute sentiment scores for the individual words/phrases in a sample sentence. We sum up the ab-
solute scores to obtain a single score for the whole sentence. If this absolute sentence score is greater
than a threshold value τsentiment-score, we predict the sentence as being subjective. Otherwise it is as-
sumed to be objective. In our experiments, we set τsentiment-score = 0. In other words, each sentence that
contains a sentiment word is predicted as being subjective.

Figs. 10.18 and 10.19 present the results of our experiments. As before, we report the f-measure for
the target class "subjective" and the total accuracy when both classes are considered. Dots represent

26Although we indicate different measurements over varying amount of weakly labeled data, the reference values are based
on a single measurement (or calculation, respectively) and are independent of the actual corpus size.
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Figure 10.18.: Hotel corpus: Subjectivity classification with a one-class classifier vs. a lexicon-based
classifier.
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Figure 10.19.: Digital review corpus: Subjectivity classification with a one-class classifier vs. a lexicon-
based classifier.
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the measurements with the one-class classification algorithm for varying amounts of weakly labeled
data. Triangles represent results with the lexicon-based classifier. Considering the classification per-
formance with regard to the target class, the main result is that one-class classification is worse than
any other reference we have tested before. Also the simple lexicon-based classifier achieves superior
results. Further, the observed f-measure for the subjective class is only marginally higher than the
f-measure of the hypothetical "naive" classifier. Considering the total accuracy, the picture is slightly
better. For the camera dataset, total accuracy with the one-class classifier is about 2 percentage points
higher compared to the lexicon-based classifier. Nonetheless, the absolute values of around 76% (ho-
tel) and 72% (camera) are significantly lower than the results obtained with the gold corpus classifier
or the results presented in the previous subsection. Varying the amount of available (weakly labeled)
training data does not seem to have large effects on the classification performance. We do not observe
significant deviations for both datasets.

To analyze whether the inferior performance with one-class classification is due the data being
weakly labeled, we conducted a similar experiment using the manually labeled data only. In particular,
we perform a 10-fold cross validation, where we train a one-class classifier on the manually labeled,
subjective samples. Our results are even worse with this setup. Thus, the reason for inferior results is
rather due to the inferiority of the approach than due to the different data quality.

Based on the results, we conclude as follows: Our approach with one-class classification to over-
come the problem with missing (weakly labeled) training data for the objective class does not ad-
equately compensate the lack. Regarding the target class, we obtain better results with a simple,
unsupervised, lexicon-based classifier. In consequence, if the goal is to reduce the effort entailed with
creating labeled datasets for subjectivity detection, using a lexicon-based classifier is a better choice.

10.5. Summary and Conclusions

In this chapter, we provided a detailed analysis of supervised methods for the task of sentence level
polarity classification in customer reviews. Besides discussing (and experimenting with) varying fea-
ture sets and machine learning configurations, we were particularly interested in the utility of weakly
labeled data for this task. More precisely, we proposed to exploit pros/cons summaries as training
data for a supervised polarity classifier. Our goal was to answer the question whether weakly la-
beled data can be used to reduce or even eliminate the need for manually labeled training data. Our
experiments show that for the task of binary polarity classification (i.e., positive vs. negative), clas-
sifiers trained on huge amounts of weakly labeled data achieve even better results than classifiers
that had access to manually labeled data. For this task, we can thus completely go without the ef-
fort of manually creating training data. For the task of supervised subjectivity detection (subjective
vs. objective), we can partly substitute manually labeled data with the weakly labeled pros/cons
data. In particular, we can use the weakly labeled data as samples for the subjective class, however
still rely on manually labeled data for the objective class. We were unable to find an appropriate
source for extracting weakly labeled samples for the objective class. To overcome this lack of data, we
experimented with one-class classification techniques. Unfortunately, we could not create adequate
subjectivity classifiers with such an approach. In fact, we achieved better results for this task with
simple, unsupervised, lexicon-based classifiers. In the following we summarize our main insights
and contributions of this chapter in more detail:

In the introductory part of this chapter (Section 10.1), we provided a general overview of super-
vised techniques for sentiment polarity classification. Whereas being one of the most well studied
subtasks in sentiment analysis, no single, clear-cut definition can be provided. We proposed to dis-
tinguish the various manifestations by categorizing along the two dimensions "unit of analysis" and
"scale of outcome variable". With regard to the first dimension, we distinguished the document, sen-
tence, and sub-sentence level as unit of analysis. Concerning the second dimension, we consider
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binary polarity classification (positive vs. negative), ternary classification (positive vs. negative vs.
objective), and ordinal regression (classification by means of a rating scale or by sentiment strength).
We described the different tasks in more detail and discussed the relevant related work. As training
data is conveniently available, most work has been published for the task of binary, document level
polarity classification. For the same reason, but vice versa, much less work can be found for the sen-
tence level or even sub-sentence level tasks. We further pointed out the similarity between supervised
text categorization (i.e., classification by topic) and supervised polarity classification. We identified
linguistic phenomenons such as sentiment shifters as being the primary factor that renders polarity
classification more difficult.

For textual data, the classification performance with machine learning methods much depends on
the chosen document representation. We were thus interested which types of features have been
proven to be helpful for polarity classification tasks. In Section 10.2, we presented our results of
a critical literature review regarding the utility of different feature types. We distinguished lexical,
knowledge-based, linguistic, and sentiment shifter features. Many different document representa-
tions have been proposed, but unfortunately we also found many inconclusive results, especially
with respect to complex, linguistically inspired feature types. Table 10.1 summarized the results of
our analysis and Section 10.2.5 already pointed out our main conclusions, which we will therefore not
repeat here.

In Section 10.3 we set the agenda for sentence level polarity classification with weakly labeled data.
After revisiting the concrete problem setting, we then reasoned about the availability of weakly la-
beled data for this task. In particular, we pointed out that sentence level data is not directly available,
but can be extracted from pros/cons summaries of customer reviews. We discussed the main prop-
erties of this kind of data and identified the main reasons for errors with regard to the weak label
decision. Main problems were that pros/cons summaries are often composed of simple enumera-
tions of aspects, may simply indicate the absence of any (dis)advantage, or may express rather mixed
sentiments. All these issues can lead to wrong label decisions. To alleviate these problems, we pro-
posed several filtering heuristics that were able to increase the precision of the label decision up to
97%. Later experiments also showed that this higher quality of (weakly labeled) training data truly
leads to better classification results. We further reasoned about the availability of weakly labeled data
for the objective class, presented some approaches, but eventually concluded that we could not find
any appropriate source. Our idea to compensate for this lack of data was to use one-class classification
techniques. We introduced the main concepts of this technique in Section 10.3.4.

Section 10.4 presented the results of our own experiments with sentence level polarity classifica-
tion. The main focus of the experiments was on feature engineering and the different aspects with
incorporating weakly labeled data within the classification task. We used support vector machines to
learn classification models. In the following, we point out the main results of our experiments and
recall our main conclusions:

Feature Engineering

• The first experiment evaluated the benefit of different linguistic preprocessing steps for gener-
ating term-based (in this case unigram) features. We found inconclusive results and concluded
that the choice of appropriate preprocessing is dependent on the dataset. For our datasets, we
decided to use simple case-folding of terms. Also part-of-speech tagging or lemmatization did
not prove to be useful (see Table 10.4).

• N-gram features are generally superior to unigram features, but only if sufficient training data
is available or feature selection techniques are applied (see Tables 10.6 and 10.7, Fig. 10.8, and
Section 10.4.6).

• Knowledge-based features derived from sentiment lexicons significantly increase classification
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performance. However, the added value with this feature type decreases and eventually be-
comes marginal, the more training data is available. Incorporating sentiment lexicon features
did not improve n-gram-based classifiers that were built with huge amounts of training data.
As it is typically difficult to decide how much training data is sufficient, we conclude that it is
generally helpful to include sentiment lexicon features.

• If the training data and the target data contains user provided signals such as an overall review
rating, including this information as feature type has proven to be useful. We observed sig-
nificant increases in overall classification performance. Furthermore, the effects of adding this
feature type were complemental to other feature sets. The utility of the feature is restricted by
its availability in the training and target data (for instance, blog or forum data normally does
not contain user ratings).

• Incorporating features based on context information about the sentiment status of neighboring
sentences has shown to be beneficial. We used a sentiment lexicon to calculate the sentiment
status of neighboring sentences. To include context information, one might also think of using
other classification techniques, for instance conditional random fields. Such an approach allows
to directly model dependencies between individual sentences.

• We also tested features derived from the occurrence of sentiment shifter words. Such words
were identified by means of a lexicon-based method. The features were of no help.

• We built pattern features by masking individual tokens by their part-of-speech tag or sym-
bols based on the occurrence of a sentiment word, sentiment shifter, or product aspect. We
could measure significant improvements with this feature type compared to an unigram model.
However, in conjunction with the more simple lexicon-based features, we did not observe any
increase in performance. We thus concluded that this type of feature is not helpful.

General Results

• Subjectivity detection is more difficult than binary polarity classification, at least for our datasets.
The error rate for separating positive/negative sentences from objective sentences was gener-
ally higher than for distinguishing positive from negative sentences. Especially the distinction
between the negative and objective class turned out to be difficult.

• The error rate with regard to polar facts is significantly higher compared to sentences with
explicit sentiment expressions. The two main reasons are that less training data for polar facts
is available and that the lexical variability is generally higher with polar facts.

• For both corpora, we found that the share of polar facts is higher for the negative class. This is
one reason why classification performance with respect to this class is worse for our datasets.

• Our hypothesis that a cascaded approach to ternary polarity classification is superior to a con-
ventional one-vs.-rest strategy could not be confirmed. We observed significantly better results
with the one-vs.-rest strategy.

Weakly Labeled Data

• Weakly labeled data derived from pros/cons summaries of customer reviews is generally help-
ful for binary polarity classification. We achieved significantly better results when incorporating
weakly labeled data. If enough weakly labeled training data is available, we could completely
go without manually labeled data. The benefit is thus twofold: We can raise classification per-
formance while simultaneously reducing the costs of obtaining training data. With such an
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approach, we can thus easily build polarity classifiers for a variety of application domains (of
course constrained to customer review data).

• Our filtering heuristics for increasing the quality of weakly labeled data have proven to be effec-
tive. We observed improvements in classification performance (binary polarity classification) of
2-3 percentage points.

• For the task of supervised subjectivity detection we found that we can partly substitute man-
ually labeled data with the weakly labeled pros/cons data. When substituting samples for the
subjective class with weakly labeled data, we obtained reasonably good results. Classification
performance was lower in comparison to exclusively using manually labeled data, but differ-
ences for the target class were relatively small.

• To completely eliminate the need for manually labeled data also for the subjectivity detection
task, we examined the use of one-class classification techniques. Our experiments revealed that
this approach does not lead to the desired results. We could not create adequate subjectivity
classifiers and obtained even worse results in comparison to a simple, unsupervised, lexicon-
based classifier. In conclusion: If no weakly or manually labeled data for the objective class is
available, it is more promising to rely on an unsupervised, lexicon-based approach than on a
one-class classification technique.
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Discussion





Alles Gescheite ist schon gedacht worden, man muß nur versuchen, es
noch einmal zu denken.

Johann Wolfgang Goethe

11. Summary and Conclusion

With the emergence of the Internet as a social and interactive platform, an increasing share of pub-
lic discourse and opinion making is taking place on the Web. Customer reviews represent a very
prominent example where people share their opinions and experiences online. For companies and
consumers such genuine customer voices represent extremely valuable information and they would
like to have tools that automatically analyze and summarize this textual data.

In this work, we presented an in-depth analysis of aspect-oriented customer review mining. Part I in-
troduced the concrete problem setting, provided the necessary background information, and gave an
overview of related research areas. As reviews are composed of natural language text, we started our
study with a linguistic analysis of the problem setting in Part II. Our primary goals were (i) to char-
acterize the ways reviewers express their opinions towards a product and (ii) how to operationalize
these characteristics within a formal model. We proposed two separate models that differ in the gran-
ularity of analysis (phrase level vs. sentence level). We implemented both models by appropriate
annotation schemes and hand-labeled a large set of customer review texts. The resulting text cor-
pora served mainly two purposes: to quantify and characterize the problem setting (corpus analysis)
and to create a ground truth for the evaluation of algorithmic approaches (gold standard). Part III
of the thesis addressed the problem of computationally treating the expression of opinions in cus-
tomer reviews. We focused on the two main subtasks of aspect-oriented sentiment summarization:
(i) identifying relevant product aspects and their mentions in review texts; (ii) detecting expressions of
sentiment and determining their polarity. For both subtasks, aspect detection and sentiment analysis,
we experimented with unsupervised (lexicon-based) and supervised approaches. As an overarching
question, we examined how we can apply distant supervision techniques to reduce the costs of creating
lexicons or labeled training corpora. In the following section, we summarize our contributions in
detail, point out our major findings, and draw conclusions from the obtained results.

11.1. Summary of Contributions

11.1.1. Models, Datasets, and Corpus Analysis

To understand the problem setting and to provide a basis for computational treatment, we first
needed to devise formal models that describe the constituents of sentiment expressions in natural
language text (Chapter 4). Since a general model can be arbitrarily complex, we restricted the models’
functional requirements to the concrete application domain of customer review texts. As a first step,
we elaborated on the main subject of a review, namely the product. We proposed to model products
and related product aspects by means of a hierarchically organized product type taxonomy. We argued
that the hierarchical structure helps to summarize extracted information in a comprehensive form.
Regarding the taxonomy, we differentiated between coarse-grained, concept level aspects and fine-
grained, mention level aspects. Concept level aspects subsume and semantically group mention level
aspects. As a second step, we examined how sentiment is expressed towards the product aspects.
For analysis at the concept level, we proposed to dissect a review text along three main dimensions,
each reflecting a unique information need. The resulting discourse oriented model splits a review into
individual text segments that are coherent with respect to (i) discourse functions, (ii) aspect-related
topics, and (iii) sentiment polarity. We further proposed the expression level model, which captures the
linguistic constituents of sentiment expressions and allows for more fine-grained analysis. Borrow-
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ing from prior work such as appraisal theory and the concept of private states, we "disassembled" the
textual manifestation of an opinion into three functional components: (i) sentiment expressions, (ii)
sentiment targets, and (iii) sentiment shifters.

In reference to both models, we developed annotation schemes that we used to manually label cus-
tomer reviews for two exemplary application domains — namely, hotel and digital camera reviews
(Chapter 5). We provided detailed annotation guidelines that may serve as a basis to extend or adapt
our corpora (Appendix A). Our basic decision to create our own evaluation corpora from scratch was
motivated by the lack of adequate, widely accepted corpora that met our requirements. Based on
the annotated corpora, we could analyze the problem setting in detail, quantify particular (linguis-
tic) phenomenons, and decide on the relevance of individual subproblems (Chapter 6). Our corpus
analysis revealed the following findings:

• Customer reviews are highly focused documents. About 60% of all sentences express sentiment
towards a relevant product aspect. If a reviewer expresses any sentiment, it is most likely that
he evaluates the product. 93% of polar sentences mention a product aspect. We concluded that
a review mining system can benefit from jointly considering sentiment expressions and product
aspects.

• Polar facts constitute a significant phenomenon, especially with regard to negative evaluations,
where ~30% can be ascribed to polar facts. It is worthwhile to recognize polar facts, but we also
found that automatic approaches have difficulties.

• The content of customer reviews can be attributed to a small set of discourse functions. Our
set of 16 predefined functions covered 97% of all sentences. Some discourse functions (e.g.,
"conclusion", "advice", "lack") reflect information needs (e.g., "What is missing, what are my
customers’ wishes?") that can be relevant in specific application scenarios.

• Nominal mentions of product aspects are by far the most frequent. They account for more
than 90% of all occurrences of product aspects (> 80% for sentiment targets). It is therefore
reasonable to put most effort on detecting this mention type. Only 6-10% of sentiment targets
refer to pronominal mentions of aspects. Thus, additional coreference resolution could increase
the recall by at maximum 10%.

• Sentiment targets are distributed according to a power law. The 50 most frequent types (~10%
in our corpora) represent about 70% of all (nominal) occurrences. This partly favors the use of
simple lexicons; a small dictionary of 50 entries already covers the majority of occurrences. On
the other hand, low-frequency types (the long tail) will be hard to detect with lexicons.

• More than 20% of all sentiment expressions exhibit a target-specific polarity, where 90% of these
are adjectives. It is thus reasonable to account for this phenomenon.

11.1.2. Automatic Acquisition of Product Aspect Lexicons

As a necessary requirement to constructing a product type taxonomy, we need to know which prod-
uct aspects are relevant with respect to a particular product type. Depending on the application
scenario, the aspects may either be predefined or they may need to be derived from relevant text cor-
pora. Our contribution in Chapter 7 was to examine unsupervised methods to automatically derive
relevant product aspects from large collections of review documents. In particular, we proposed to
cast the task as a terminology extraction problem. Our implementation followed a pipeline architecture,
which covered components such as linguistic pre-processing, candidate acquisition, candidate filter-
ing, variant aggregation, and candidate ranking. We experimented with several approaches for each
of these components. Our main findings in this chapter were:
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• By choosing appropriate acquisition, filtering, and ranking techniques we could increase the
precision of the extracted lexicons by around 15 percentage points compared to a baseline ap-
proach. Depending on the application domain, 73% - 85% of the extracted lexicon entries re-
ferred to valid product aspects. Errors are mainly due to the frequency based ranking methods.
They tend to extract non-aspect terms that are either closely related to (1) the product type (e.g.,
"subway", "Manhattan") or (2) the domain of reviews (e.g., "problem", "disadvantage").

• The automatically constructed lexicons were composed of around 1,000 terms. Due to the high
accuracy, we were able to manually revise each lexicon in around 3 hours. The revised lexi-
cons covered around 87% (hotel) and 94% (camera) of all nominal product aspect mentions in
our evaluation corpora (lenient metric). With these lexicons we were able to achieve f-measure
values of around 80% for the aspect detection task. For the detection of sentiment targets, we
could achieve f-measures of up to 86% in the best scenario. False positive were mainly pro-
duced by the missing context awareness of lexicon-based extraction (e.g., lexical ambiguity).
Not recognized law-frequency terms ("Zipf’s law") were responsible for most false negatives.

• Candidate ranking algorithms based on contrastive relevance measures such as the LRT- or
MRRF-score performed best. Our experiments with combinations of different measures in a
weighted-rank scheme did not reveal any improvements.

• The choice of acquisition patterns and heuristics is important. We observed differences in f-
measure of around 15 percentage points. We found that the bBNP heuristic consistently outper-
formed all other methods. Incorporating sentiment information in the acquisition process was
not beneficial.

• Comparison to related work, showed that utilizing a separate, large foreground corpus for lex-
icon acquisition substantially improves the recall. We achieved the best f-measure with fore-
ground corpus sizes between 1000 and 5000 documents. Larger corpora lowered the precision.

11.1.3. Detection of Product Aspect Mentions at the Sentence Level

In Chapter 8, we considered the task of detecting aspect-related topics in customer reviews. A first
step was to identify which topics are relevant for a given product type. Instead of relying on ex-
pert knowledge, we proposed to follow a data-driven approach. In particular, we described a semi-
automatic framework: We used probabilistic topic models to automatically gather the main themes dis-
cussed in a large collection of reviews (Appendix D). A manual post-processing step refined the re-
sults by filtering out domain irrelevant or incoherent topics. To create a product type taxonomy, we
combined the results of topic extraction with the results obtained via the terminology extraction com-
ponent. More precisely, we manually organized the topics in a two level hierarchy (concept level)
and associated each extracted term (mention level) to one of the topics. Having identified the set of
relevant aspect-related topics, we then compared different methods to automatically detect mentions
of the topics in natural language text. We cast the task as a multi-label, multi-class text categorization
problem at the sentence level: The goal was to attribute each sentence to zero (off-topic) or more (on-
topic) of the predefined topics. To this end, we examined a lexicon-based method and two supervised
settings. For the lexicon-based method, we utilized the information encoded in the product type
taxonomy to associate sentences with aspect-related topics. For the supervised approaches, we first
mapped the multi-label, multi-class problem with binary relevance transformation and then trained mul-
tiple binary maximum entropy classifiers. The two supervised settings differed in the way training
was conducted. In the first setting, we used our manually labeled training corpora to learn classifica-
tion models, in the second setting we experimented with a distant supervision approach. Our distant
supervision assumption was that we can map section headings of reviews to the aspect-related topics,
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so that we can extract the headed paragraphs as training data. The main results of our experiments
in Chapter 8 were:

• The topic modeling approach is an effective tool for discovering the main themes in a set of cus-
tomer reviews. We found that a sentence-oriented document representation was better suited
in our context and setting the number of topics between 50 and 70 was most reasonable.

• Even with the relative simple lexicon-based approach, we could achieve micro averaged f-
measures between 70% and 75%. The precision was generally higher than the recall. The major
reason for reduced recall was the failure to recognize non-nominal mentions of aspects (> 80%
of all false negatives). The major reason for reduced precision was the lack of context-awareness
of the simple string matching approach (> 80% of all false positives).

• The supervised approach outperformed the lexicon-based method by more than 10 percentage
points in f-measure. In contrast to the lexicon-based method, the classification models also rec-
ognized implicit aspect mentions. The best results were achieved for a setting where we used
the lexicon information as additional features for the supervised predictors (up to 5.5 percentage
points improvement). Mistake analysis revealed four important sources for failures: data spar-
sity, imbalanced data, information loss due to the binary relevance transformation, and weak or
missing context information.

• The distant supervision approach generated highly accurate training corpora (91% of the weak
labels were correct). Classifiers trained on the weakly labeled data showed nearly the same
performance as the baseline classifiers, which were trained on the manually labeled data. When
combining weakly and manually labeled corpora, we could even improve over the baseline (+3
percentage points).

11.1.4. Automatic Acquisition of Domain-Specific Sentiment Lexicons

In Chapter 9, we considered the task of automatically constructing sentiment lexicons. In this con-
text, we put special emphasis on integrating domain-specific knowledge. We pointed out that the
prior sentiment polarity of many words and phrases is dependent on the application domain or may
even be dependent on the addressed product aspect (e.g., "long battery life" vs. "long shutter lag
time"). Whereas most previous works do not consider this aspect, we proposed an indirect crowd-
sourcing approach that allows to automatically derive a domain and context-aware sentiment lexicon.
In particular, we devised a method that leverages the short, semi-structured pros/cons summaries of
customer reviews. We designed high-precision heuristics that extracted tuples of sentiment word
candidates and product aspects from the pros/cons texts. Using a hypothesis test, we selected those
tuples that occur with significantly higher probability either in the pros or in the cons. Based on
this analysis, we defined the sentiment polarity of the tuples and adapted a general purpose senti-
ment lexicon accordingly. In our experiments, we compared our approach to other state-of-the-art
approaches. Our main findings were:

• Our high-precision extraction patterns were indeed very accurate. Around 95% of the extracted
target-specific lexicon entries were correct. For the domain-specific lexicons the precision was
slightly over 80%. The recall of the extraction patterns was strongly dependent on the actual
format of the pros/cons summaries. In general we found that the vast majority of extractions
can be obtained with very few, simple patterns.

• Including the automatically extracted domain and target-specific lexicon entries led to major
improvements in sentiment polarity detection. We observed increases in f-measure of up to 14
percentage points compared to a baseline approach.
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• We tried to use the extracted sentiment words as additional seeds for a label propagation ap-
proach. This method led to worse results than simply adding the terms to a general purpose
sentiment lexicon. We further tried to use label propagation to expand a domain/target-specific
lexicon. Also this approach was not successful, we could not observe any improvements.

11.1.5. Polarity Classification at the Sentence Level

Chapter 10 provided a detailed analysis of supervised methods for the task of sentence level polar-
ity classification in customer reviews. We cast the task as a binary (positive vs. negative) or ternary
(positive vs. negative vs. factual) text categorization problem. We pointed out that, compared to
traditional document level categorization, classification at the sentence level is likely to suffer from
data sparsity. We thus hypothesized that feature engineering is very important and as a first step
reviewed the relevant literature. We found that reported results were quite inconsistent and therefore
conducted our own experiments with different feature sets. As a main contribution, we studied the
utility of a distant supervision approach. We devised heuristics that exploit the information contained
in pros/cons summaries to automatically generate labeled training corpora. As we were unable to
find an appropriate source for extracting weakly labeled samples for the objective class, we tried to
overcome this problem by means of one-class classification techniques. The main results or our experi-
ments in this chapter were:

• N-gram features were generally superior to unigram features if sufficient training data was
available or feature selection techniques were applied. Including sentiment lexicon features
was helpful for smaller training corpora, but for large training sets we could not observe any
improvements over an n-gram baseline. Encoding the sentiment status of adjacent sentences
as a feature was also beneficial. Other types, such as the sentiment shifter features or part-
of-speech pattern features, did not lead to better results. Also linguistic pre-processing (e.g.,
lemmatization) showed only marginal (and inconsistent) effects.

• Separating positive/negative sentences from objective sentences was more difficult than distin-
guishing positive from negative sentences. Especially the distinction between the negative and
objective class turned out to be difficult for the classifiers. This was mainly due to the signifi-
cantly higher rate of polar facts in the negative class. Polar facts were generally harder to detect
because explicit clues are missing, contextual knowledge may be necessary, and lexical diversity
is higher. Only slightly more than 50% of the polar facts were correctly classified.

• The distant supervision approach generated highly accurate training corpora (95%-97% of the
weak labels were correct). For the task of binary polarity classification, the weakly labeled data
perfectly substituted the manually labeled corpora. We achieved comparable or even better
results with the weakly labeled data.

• For the task of supervised subjectivity detection we found that we can partly substitute the
manually labeled data with the weakly labeled pros/cons data. The classification performance
was lower in comparison to using the complete manually labeled corpus, but differences were
relatively small.

• The proposed one-class classification approach for subjectivity detection did not lead to the
desired results. The obtained classifiers performed even worse than simple lexicon-based clas-
sifiers and were thus not useful.
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11.2. Discussion of Results

We have seen that the expression of opinion is in general a complex linguistic phenomenon. Opin-
ions may be expressed implicitly (e.g., polar facts), sentiment shifters may strengthen, weaken, or
neutralize opinions, irony or sarcasm may flip the polarity, and multiple, nested sentiment sources
may exist. Also sentiment targets may be implicit and typically appear in different forms (nominal,
named, pronominal). All these phenomenons can be observed in customer reviews too. However,
our results show that many of the more complex constructs occur with rather low frequency in our
review corpora. For instance, less than 3% of all sentiment expressions exhibit neutral polarity, less
than 4% address multiple targets, and less 5% are affected by the shifter types "downtoner", "soft-
ener", and "solidifier". Also the vast majority of sentiment expressions is explicit (> 80%) and most
sentiment targets appear as nominal mentions (> 80%). For a proper linguistic theory of opinion
expression all the specific phenomenons and subtleties are important, but when designing a review
mining system, it is reasonable to put emphasis on correctly recognizing the most frequent patterns.
In other words, the Pareto principle is also true for sentiment analysis of customer reviews. The ma-
jor share of sentiment expressions and targets can be correctly recognized with comparably simple
methods — for example, with appropriate lexicons and nearest-neighbor heuristics. A smaller share
requires more complex linguistic/syntactic analysis. In consequence, we believe that lexicon-based
approaches represent a good starting point in developing an aspect-oriented review mining system.
They promise reasonably good results, require relatively low effort, and are open to extension — for
example, by integrating the lexicons into a rule-based system. In addition, we have seen that lexicon
information is also beneficial in supervised settings.

Due to the importance of lexicons, we extensively discussed approaches to automatically create
such lexical resources. We proposed methods to generate product aspect lexicons and we considered
techniques to build sentiment lexicons. These automatic approaches will never be free of errors and
will never generate "complete" dictionaries. We thus regard the presented techniques as part of a
semi-automatic framework, rather than as part of a fully automatic setting. In such a semi-automatic
setting, the automatic extraction only supports the human supervisor. In a productive environment
it would be most important to provide convenient tools to create and maintain the knowledge bases.
For example, whereas we needed to manually edit XML files or revisit the results of topic modeling
in a text editor to create the product type taxonomy, it would be much more convenient to provide an
integrated, graphical environment.

With regard to the automatic construction of product aspect lexicons, low-frequency terms were
most problematic for our terminology extraction methods. This was to be expected as frequency-
based approaches inherently have difficulties in detecting terms in the "long tail". Incorporating this
long tail in a dictionary obviously involves much effort and other techniques need to be applied to
recognize such terms. Some researchers propose to use relationship detection techniques to find low-
frequency terms that are targeted by a sentiment expression [177, 183]. However, this requires that
sentiment words are correctly identified and relationship detection is accurate. We find that many of
the low-frequency terms are actually variants (e.g., misspellings, near-synonyms, compositional vari-
ants, or specializations) of more frequent terms. Although our variant aggregation experiments only
showed marginal improvements, we believe that more sophisticated variant detection algorithms in
combination with convenient tool support (for grouping and ranking variant candidates) represent a
good alternative.

With regard to sentiment lexicons, we pointed out that domain adaptability is an important factor.
We achieved improvements of up to 14 percentage points with our adapted lexicons compared to a
general purpose sentiment lexicon. In general, we think that adaptability is an important property of
a review mining system. This primarily refers to domain adaptability, but also to other aspects. For
instance, the relevance of terms (e.g., product aspects) evolves over time. Some product aspects may
be relevant only for a certain period of time. Also adaptability to other languages plays a major role.
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We believe that our proposed, unsupervised indirect crowdsourcing techniques to lexicon creation
are very helpful in this direction (for example, they are language agnostic).

We considered aspect-oriented review mining at two levels of granularity. The expression level
model allowed to recognize fine-grained product aspects and individual sentiment expressions. The
discourse oriented model ignored the linguistic constituents and considered the functional compo-
nents of an opinion expression at a coarser-grained level of analysis. We believe that both models
complement each other. For instance, since at the sentence or paragraph level more context infor-
mation is available, we can better cope with implicit aspect mentions or polar facts. We may also
combine both models to provide a product centric and a product type oriented perspective at the
same time (see Chapter 7). For example, similar to the system proposed by Blair-Goldensohn et al.
[40], the topics of the discourse oriented model may serve as "static" aspects, which represent a whole
product class, and distinct sets of fine-grained aspects would be collected for each individual product.

As an overarching topic of the thesis, we were interested in methods to reduce the costs involved
with creating labeled training corpora or lexical resources. We proposed and examined several new
indirect crowdsourcing (distant supervision) methods that exploited the metadata and structure of
customer reviews. For example, the information encoded in pros/cons summaries helped us to cre-
ate huge corpora for sentence level polarity classification and to automatically derive domain/target-
specific sentiment lexicons. We were able to devise high-precision heuristics that allowed to ex-
tract very accurate datasets. With the presented methods we could successfully reduce the required
amount of human supervision for several important tasks. For some tasks (e.g., polarity classification
or topic detection) the weakly labeled data perfectly substituted the hand-labeled corpora. However,
whether we can benefit from automatically extracted datasets depends on the considered task, the
application domain, and the availability of adequate data. For example, we did not find an ade-
quate data source for extracting samples of factual sentences for the subjectivity detection task. It
is also questionable whether our approaches are transferable to other application domains, such as
sentiment analysis of newswire text. In general, with indirect crowdsourcing methods, we often find
samples for the "positive" class only. This was the case for the subjectivity detection task, but to
some extent also for topic detection: Exploiting the section headings, we could derive samples for all
predefined topics. However, the method did not allow to find samples for off-topic sentences (i.e.,
sentences that do not refer to one of the predefined topics). For the subjectivity detection task, we
experimented with a one-class classification approach to alleviate this lack of data. Unfortunately,
our attempt was not successful. In such situations, if data for the negative class is missing, indirect
crowdsourcing techniques can at least partly substitute the need for human supervision. In any case,
distant supervision generally allows to create very large amounts of labeled data — typically some or-
ders of magnitude more data than possible with traditional annotation. We observed that this aspect
was also relevant for the design of some concrete approaches. For instance, with thousands or mil-
lions of training samples, simple n-gram features can be superior to more complex linguistic features
(e.g., syntax features such as dependency paths in a parse tree) for the task of polarity classification.

11.3. Outlook

11.3.1. Distant Supervision

We used distant supervision techniques to derive weakly labeled training corpora. Whereas our ex-
traction heuristics were quite accurate, they were not perfect; five to ten percent of the label decisions
were false. We simply ignored this fact. Instead, we hypothesized that the large amount of extracted
data and the robustness of the applied machine learning algorithms can compensate these errors.
While we already achieved good results, an open question is whether the results can be improved by
explicitly recognizing that the labels are weak. How to learn in the presence of noisy labels is primary
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a research problem in the machine learning community [15]. For example, some approaches try to
remove or correct samples with erroneous labels in a pre-processing step [54, 268, 317, 467]. Others
adapt supervised learning algorithms to cope with noisy labels [28, 225, 447]. For future work, we
would like to examine whether these more sophisticated machine learning techniques are beneficial
in our context.

Closely related to learning from noisy labels is the setting of semi-supervised learning (i.e., learning
from labeled and unlabeled data). In fact, we can think of combining distant supervision techniques
with semi-supervised learning approaches. For instance, we could use the weakly labeled data in
a bootstrapping setting [196] or combine weakly labeled and hand-labeled data with an expectation
maximization approach [283]. Instead of directly training on weakly labeled data, we may also use
the extracted information to pre-label [25, 93] a text corpus. In this case human supervision would be
reduced to the revision of incorrect samples, which lowers the per-annotation costs.

Earlier we pointed out that we experimented with one-class classification approaches to compen-
sate the lack of labeled training data. Our particular approach with one-class SVMs was unsuccessful.
However, other methods that address the problem of learning in the absence of counter examples
have been proposed in the literature [235, 379, 456]. We think it is worth to experiment with these
approaches in the context of distant supervision approaches.

11.3.2. Domain Adaptability and Cross Domain Settings

In this work, we explicitly set focus on sentiment analysis of customer review documents. The pre-
sented models and approaches were tailored towards this application domain. However, similar
information (i.e., feedback on products and services) exists in many other formats. For instance, peo-
ple share their opinions and experiences in blogs, microblogs, message boards, or social networks. It
is not clear how well the developed models and approaches fit to other application scenarios. When
applying or adapting our approaches to other domains, we primary need to cope with varying text
genres. In particular, we need to consider the different styles of writing, the availability/lack of meta
data, the varying length of documents (e.g., microblog posts vs. customer reviews), or the degree of
structuring (e.g., message boards vs. blogs). For example, can we train polarity classification models
on review documents to predict the polarity of blog or microblog posts? Similar to our work, the
major share of research on sentiment analysis considers a single and often quite restricted application
domain. Domain adaptability of approaches and cross domain settings only recently gained more
attention [14, 20, 44, 260, 410]. We believe that this problem setting deserves a closer look. For exam-
ple, it is highly relevant for practical sentiment analysis systems; information typically needs to be
obtained from very different data sources. As a first step, we think that it is important to acquire a
better understanding of the characteristics of different text genres with regard to sentiment analysis.
Future research should elaborate on qualitative and quantitative criteria to describe these differences.
Such an analysis would help to examine domain adaptation approaches more systematically. Closely
related is the question whether and how distant supervision techniques can be beneficial in cross
domain sentiment analysis settings.

11.3.3. Corpora

In Chapter 5, we already indicated the lack of well-known and widely accepted evaluation corpora
for many sentiment analysis tasks. Whereas the MPQA Opinion corpus [413] may be regarded as
a reference corpus for sentiment analysis of newswire text, similarly established corpora do not ex-
ist for other analysis tasks. For instance, we find many customer review corpora, but most of them
are heuristically extracted and they differ widely with regard to the underlying annotation schemes
or the granularity of analysis. Subtasks in sentiment analysis are often not clearly defined (or inter-
preted differently). No standardized annotation schemes exist that could serve as a basis for creating
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reference corpora for a specific sentiment analysis task. In consequence, comparisons of different ap-
proaches for the same task are difficult and often questionable. As indicated in the previous section,
the application domain and text genre also play a major role with regard to the exact definition of
tasks and annotation schemes. We think that for future research it would be beneficial to establish
widely accepted annotation schemes for the most relevant subtasks and application domains. This
would help to create larger evaluation corpora, guarantee better comparability, and thus foster the
development of new approaches.

11.3.4. Discourse Functions

We introduced the notion of discourse functions to describe the function of individual text segments
within a review document (e.g., to express an expectation, to describe a problem, to conclude the
review, or to express a wish). Although we postulated an information need with regard to these func-
tions, we did not examine any algorithmic approaches to automatically recognize the information. As
we are convinced that automatic analysis of discourse functions is relevant for certain application sce-
narios, we think that future research should cover this dimension more closely. For example, a review
mining system that addresses discourse functions might answer queries such as "What do customers
expect from my products?", "Which aspects are mentioned most frequently in the context of problem
descriptions?", "What are the wishes of my customers?", or "How do customers use the product?". Fu-
ture research may develop a more fine-grained model of discourse functions and should experiment
with computational approaches to recognize the functions in customer review texts.
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A. Annotation Guidelines

In this chapter, we provide comprehensive annotation guidelines for the two annotation schemed pre-
sented in Chapter 5. The guidelines primarily serve to enforce the creation of reliable and consistent
annotations. The inherent ambiguity and variety of natural language in general, and in particular
the fact that perceptions of opinions are dependent on the annotator’s individual background and
knowledge, render the annotation process a difficult task. Therefore, with the guidelines we present
a reference to the annotator, giving concrete instructions and hints on how to identify, interpret, and
mark the different types of annotations defined in the scheme. Instructions and hints are described
in the form of examples, associated with reference annotations and a detailed explanation of the
specific case. All examples represent excerpts from the actual datasets (opposed to being artificially
constructed). The examples are unaltered, that is, grammatical mistakes and misspellings are not
corrected.

Besides serving as a reference to the annotator, the guidelines also represent an ideal source to gain
deeper insight into the shape of the corpora without being forced to examine their raw data. In other
words, the well structured and carefully chosen list of examples can be interpreted as a commented
and explained excerpt of the corpora. We hope that the guidelines are that well written and in-
formative so that others can more easily use and interpret our datasets for their own studies or for
reproducing our results. Thus, they may serve as a starting point for the adaptation of our annota-
tion schemes, for instance in order to create a further labeled dataset of another product domain or
text genre.

The remainder of this chapter is structured as follows: We first provide some general remarks in
Appendix A.1. The following two sections describe the guidelines for the discourse oriented annota-
tion scheme (Appendix A.2) and for the expression level scheme (Appendix A.3).

A.1. General Remarks

• The annotation guidelines provide example sentences with associated reference annotations.
For the sake of simplicity and clarity, our representation of annotations uses short names of
attributes. For examples the attribute DiscourseFunction is referred to as function or SentimentPo-
larity is referred to as polarity. It is always clear from the context which attribute is meant.

• With respect to the attributes of annotation types, we use the terms unset and empty interchange-
ably. Depending on the tools used for annotation, the annotator indicates that an attribute has
no value by either not setting the attribute at all or leaving it empty. In the former case the at-
tribute is not existent as part of an annotation, in the latter case the attribute exists, but contains
an empty string. In the following the special value EMPTY refers to an unset or empty attribute.

• During the annotation process the annotator needs to select values from different predefined
lists of valid values. Such lists are for example the set of discourse functions or the set of coarse-
grained product aspects. These lists have been compiled in a preliminary, data-driven study as
explained in Appendix D.

• Independent of the type of the entity that is being reviewed (e.g., digital camera or hotel), we
generally refer to the entity as a product. Although the term service would better fit in the context
of hotel reviews, we do not make such a distinction. Observe that this may have implications
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with regard to the use of language: For example, if we speak of "purchasing a product", you
have to reinterpret it in the context of service reviews (e.g., hotel) to a formulation similar to
"booking a service" or "paying for a service".

A.2. Annotation Guidelines for the Discourse Oriented Model

A.2.1. Basic Instructions

For the sentence level annotation project, we represent each corpus as a single, huge XML document.
The associated XML Schema structures the document into a set of reviews and each review consists
of a set of discourse segments. The corpus was preprocessed with an automatic sentence splitter1,
so that each discourse segment element comprises exactly one sentence. More detailed information
regarding this setup is provided in Appendix A.2.8.

The annotator treats each sentence as an isolated unit of annotation — that is, the context of a
sentence (preceding or following sentences) is irrelevant for the annotation currently in focus. For
each sentence in the corpus, the annotator proceeds according to the following instructions:

1. Read the sentence with care. Read the sentence again. Decide which kind of review specific dis-
course function the sentence exhibits. Classify the sentence into one of the provided functions
(Table 5.4) by setting the discourse function attribute. If the predefined list of functions does not
contain a matching entry, set the discourse function to OTHER.

2. Consider whether the sentence expresses an explicit opinion or is rather objective. Take this
decision irrespective of whether a sentence is on-topic or off-topic (see step 4.). If you can identify
an opinion expression, decide on the polarity of the expression by setting the sentiment polarity
attribute.

3. If the sentence is objective, but expresses a fact that induces an apparently positive or negative
impression, set the polar fact attribute to true. Decide on the polarity of the expression by
setting the sentiment polarity attribute accordingly.

4. Consider whether the sentence addresses one of the topics predefined for the relevant product
domain. Table 5.5 provides valid topics and subtopics2 for the domain of hotel and digital
camera reviews. If applicable, always prefer choosing the more specialized subtopic instead of
its parent topic. If a sentence addresses multiple topics, enumerate all relevant, unique topics in
a comma separated list.

5. If you are unsure about any of the attributes, first consult the annotation guidelines. Many
standard cases and also the most common borderline cases are documented. If you are still
unsure, choose the annotation you are most confident with, but mark the whole sentence by
setting the confidence value to low.

For each attribute defined in the annotation scheme we now present guidelines that serve as refer-
ence to the annotator during the annotation process.

A.2.2. Guidelines for the Sentiment Polarity Attribute

Distinguishing Facts and Opinions

To set the sentiment polarity attribute correctly and consistently, you basically need to be able to
identify expressions of opinions and to distinguish them from purely factual information.

1http://www-nlp.stanford.edu/software/
2Recall that a subtopic represents a specialization of its parent (generalized) topic — for example, bathroom is considered a

subtopic of the more general room topic.
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We distinguish two types of evaluative expressions: Reviewers may either convey their opinion
explicitly, by use of subjective language, or may do so implicitly by referring to (polar) facts that
imply a positive (desired) or negative (undesired) state. In the following, we put emphasis on the
expression of explicit opinions and discuss the latter case in the guidelines for the polar fact attribute
in Appendix A.2.3.

How can you identify opinions and distinguish them from facts? Most basically and following
Wilson and Wiebe [435], an opinion can be described as a private state which Quirk et al. [309] define as
a state "that is not open to objective observation or verification". Such a state reflects a subjective belief
that is composed of for instance the attitudes, evaluations, judgments, ideas, and thoughts an author
has about a certain topic. Consequently, and as the main distinguishing feature to factual information,
an opinion is neither falsifiable nor verifiable: Typically, opinions are supported by arguments that
are based on certain facts. Although you can reason about these facts being true or false, you cannot
falsify the derived opinion as it only reflects an interpretation of the facts. Different individuals may
derive different opinions from the same basic facts.

In case you are unsure whether a sentence expresses an explicit opinion or not, ask yourself the
following questions:

1. Does the sentence represent a subjective belief of the reviewer?

2. Does the reviewer evaluate, assess or judge any subject matter?

3. Does the reviewer express any feelings or thoughts about a topic?

4. Could another person have different views or feelings with respect to the mentioned topic?

5. Can you grade the provided information?

In case you can answer one or more of the questions in the affirmative, this is a strong indicator that
you need to set a value for the sentiment polarity attribute. The following examples highlight the
distinction between factual information and opinion expression:

(A.1) The beds were soft and cozy and I had a wide selection of pillows to choose from.
[function=sentiment, topic=bed; polarity=positive]

(A.2) The room was dark and shabby and smelled of old smoke.
[function=sentiment, topic=room; polarity=negative]

(A.3) We received the room we requested with two double beds.
[function=fact, topic=room]

The first two examples (A.1) and (A.2) reflect a personal evaluation of the reviewer. In the first
sentence, it is a subjective belief that the beds were soft an cozy. Observe that you cannot verify
the information. You could measure "softness", for instance in terms of the mattress’ compression,
given a fixed pressure. However, which "compression factor" is interpreted as soft, medium, or hard
is subjective. Another person that is more used to harder mattresses or has a higher body weight
could have the impression that beds are much too soft and therefore anything else than cozy. Also the
second sentence represents a subjective belief. The impression of a room’s brightness and its general
condition is subject to gradation. The reviewer might have the impression of shabbiness because he
is used to luxury hotels. Both sentences are annotated with the sentiment polarity attribute set to an
appropriate value.

In contrast, the third sentence (A.3) exemplifies a pure fact. The information could (at least hy-
pothetically) be verified or falsified by examining the hotel’s booking records. There is no room for
interpretation, either the reviewer received the requested room or not.
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(A.4) I was very happy with the hotel and would definitely come to the Kimberly again.
[function=conclusion, topic=PRODUCT; polarity=positive]

(A.5) One thing that irks me is the battery.
[function=sentiment, topic=battery; polarity=negative]

(A.6) The rated number of shots in the User Manual is based on using alkaline batteries.
[function=fact, topic=battery]

The preceding examples (A.4) to (A.5) point out the situation when reviewers provide a personal
evaluation by expressing their feelings towards the product or an aspect — you would answer the
third question in the affirmative. For instance, in sentence (A.4) the reviewer expresses a feeling of
happiness with the stay and thus positively summarizes his overall impression. In example (A.5),
the reviewer mentions a feeling of irksomeness with regard to the battery. In customer reviews, and
as shown in the previous two examples, the expression of a feeling typically implies a positive or
negative opinion with respect to the product. If this is the case, mark the sentence as containing an
opinion by setting the sentiment polarity attribute appropriately. Sentence (A.6) also refers to the
topic battery (in particular the battery lifetime), but does not express any opinion. It represents a fact
that could be verified by reading the manual or checking with the manufacturer.

The following examples point out some more typical cases that you should annotate as opinions:

(A.7) No item is perfect and people are complaining about the battery life with the camera.
[function=other reviews; topic=battery; polarity=negative]

Also annotate a sentence as containing an opinion if the opinion holder is different from the author
of the review. Example (A.7) points out such a case.

(A.8) I think it’s obvious that any camera in this class, with a fairly high mega-pixel count (10.1 in
this case) and a small image sensor is going to have some compromises.
[function=general remark; topic=picture quality; polarity=negative]

Reviewers may also evaluate the product by expressing an opinion which refers to the whole product
class. By recognizing the product as a member of this class, the opinion is indirectly expressed on the
concrete product itself. Annotate such sentences as containing an opinion. Example (A.8) highlights
this case.

Typical cases when reviewers provide just factual information is when they cite the specification of
a product. Examples (A.9) to (A.11) illustrate this situation:

(A.9) The pool level also had a basketball court, bowling alley, pool tables and more all available for
rent.
[function=fact; topic=recreation]

(A.10) The camera accepts SDHC cards, which have a capacity of up to 16 GB.
[function=fact; topic=memory]

(A.11) This camera is very small, about 3 3/4 inches wide by 2 inches tall by 3/4 inch deep, and
light.
[function=fact; topic=dimensions]
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Setting the Value of the Sentiment Polarity Attribute

If you identified an explicit opinion or a polar fact, you must provide a value for the sentiment po-
larity attribute. It takes four valid values: positive, negative, neutral, and both. We do not
capture a degree of positivity or negativity, that is, we do not distinguish between utterances such
as "outstanding video quality" and "good video quality". Whenever a reviewer expresses an opinion
that is neither clearly positive nor clearly negative, set the polarity value to neutral. The following
examples clarify our instructions:

(A.12) Battery life is OK.
[function=sentiment; topic=battery; polarity=neutral]

(A.13) The battery life is about what I expected it to be, not bad, but not amazing either.
[function=sentiment; topic=battery; polarity=neutral]

(A.14) The batteries last quite long.
[function=sentiment; topic=battery; polarity=positive]

(A.15) Battery life is great.
[function=sentiment; topic=battery; polarity=positive]

(A.16) The battery life is outstanding.
[function=sentiment; topic=battery; polarity=positive]

(A.17) The battery life on this thing is absolutely incredible.
[function=sentiment; topic=battery; polarity=positive]

All examples (A.12) to (A.17) represent an evaluation of the battery life of a camera. However,
they differ with respect to the polarity and intensity of the expressed opinion. In examples (A.12)
and (A.13), it is clear that the reviewer’s impression of battery life is rather neutral. It does not devi-
ate from his expectation. From the reviewer’s perspective, the characteristic of the aspect is neither an
advantage nor a disadvantage. Annotate sentences with a similar types of sentiment with the polarity
attribute set to neutral. In contrast, examples (A.14) and (A.15) reflect a clearly positive evaluation
of the aspect battery life. It is very obvious that the reviewer regards the (long/great) battery life as an
advantage of the product. We therefore mark the sentences with polarity attribute set to positive.
Examples (A.16) and (A.17) show an even increased degree of sentiment intensity (outstanding/ab-
solutely incredible battery life). However, we do not make a further distinction in degree of intensity
and also annotate with polarity set to positive.

If you are unsure about setting the sentiment intensity to neutral consider the following criterion:

• Can you deduce from the reviewer’s evaluation that the mentioned aspect represents a definite
advantage or disadvantage of the product? And, if the product in its entirety is targeted: Can
you deduce from the evaluation whether the reviewer would recommend or not recommend
the product?

If you can answer the question with yes, then use positive or negative as value. If you answer
with no, set the sentiment polarity attribute to neutral.

A reviewer may express both, positive and negative opinions in a single sentence. However, since
the scope of annotation comprises a whole sentence, we cannot further distinguish these contrary
opinions. If you identify such a situation, use the value both for the sentiment polarity attribute.
Sentences (A.18) and (A.19) provide an example of this case:

(A.18) The LCD screen is large so no squinting to view pics however it is very fragile.
[function=sentiment; topic=screen; polarity=both]

(A.19) Rooms are small but with awesome views on times square.
[function=sentiment; topic=room,view; polarity=both]
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A.2.3. Guidelines for the Polar Fact Attribute

In the previous section, we pointed out how to distinguish opinions from factual information. But we
already know that mentioning certain facts may also reflect an opinion — that is, reviewers can evoke
positive or negative impressions by means of providing factual information. Typically, such facts are
concerned with desirable or undesirable properties of the product. The reader infers a positive or
negative attitude by applying commonsense knowledge. In other words, the opinion is implicit and
must be derived. We denote these kind of factual information as polar facts since we can attribute
a positive or negative valuation to them. Thus, if a sentence is objective, but expresses a fact that
induces an apparently positive or negative impression, set the polar fact attribute to true and decide
on the polarity of the expression by setting the sentiment polarity attribute accordingly.

The following examples help you to distinguish between polar facts and "plain" facts:

(A.20) All our clothes and other belongings as well as our baby reeked of cigarette smoke.
[function=fact; topic=room; polarity=negative; polarFact=true]

(A.21) When we arrived we were told we would have the same room for both weeks.
[function=fact; topic=room]

Sentence (A.20) exemplifies the expression of a negative polar fact. It provides only factual infor-
mation and does not include any subjective belief. However, common sense tells us that clothes (and
even a baby) reeking of smoke are generally regarded as undesirable. In the context of hotel reviews
it implies that a room smells too much of smoke. The sentence thus represents a negative polar fact
that addresses the topic room. In contrast, sentence (A.21) contains plain factual information about
the room. We cannot deduce any positive or negative appraisal from the given information.

(A.22) You can do the most common operations without even reading the manual.
[function=fact; topic=ease of use; polarity=positive; polarFact=true]

(A.23) The concierge offered me a complimentary paper for my breakfast and told me to enjoy my
meal.
[function=fact; topic=service; polarity=positive; polarFact=true]

Sentences (A.22) and (A.23) illustrate cases where the polar fact evokes a positive impression of the
topic. In the first sentence the reviewer implies that the product can be used in an intuitive way. From
the second sentence, we can infer that the service staff is helpful and obliging.

Distinguishing Polar Facts from Opinions

Sometimes it is very clear that a sentence conveys a positive or negative appraisal, but you are unsure
whether it stems from the expression of an explicit opinion or a polar fact. The following examples
provide a helpful reference for this decision:

(A.24) Our room only had the view of other rooms and the lobby roof.
[function=sentiment; topic=view; polarity=negative]

(A.25) The view of the room directly faced a wall.
[function=fact; topic=view; polarity=negative; polarFact=true]

(A.26) The rooms provide just minimal amenities.
[function=sentiment; topic=room amenities; polarity=negative]

(A.27) The rooms do not offer any amenities.
[function=lack; topic=room amenities; polarity=negative; polarFact=true]
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In both examples (A.24) and (A.25) reviewers comment negatively about the view from their room.
In the first sentence a personal evaluation is expressed. It is not inherently obvious that a view on
other rooms or the lobby is undesired, it might well be acceptable. However, by using the word
"only", the reviewer makes clear that he or she disliked the view. The second sentence represents a
polar fact. Here, it is obvious that the fact "view is facing a wall" is undesirable. A similar situation
is highlighted in examples (A.26) and (A.27), which both address the amenities provided in a room.
It is very subjective which and how many amenities a room should offer, thus the first sentence is
annotated as an explicit opinion. On the other hand, offering no amenities at all is a fact and by
common sense not desired.

A.2.4. Guidelines for the Topic Attribute

Topics refer to coarse-grained aspects of a product. In Table 5.5, we defined valid topics for the
domains of hotel and digital camera reviews. For correct and consistent annotation, you should make
yourself familiar with the topics.

Setting the topic attribute is optional. Leaving the attribute empty implies that the sentence is off-
topic — that is, the reviewer does not address one of the predefined topics. Furthermore, the topic
attribute is set independent of any other attribute. For instance, irrespective of whether the sentence
expresses an opinion or not, you must consider whether the reviewer addresses a valid topic, and in
case, set the attribute appropriately.

Deducing Topics

In the majority of cases, topics become manifest at the surface text of a sentence very clearly and
explicitly. However, topics may also be implied and only indirectly observable. You as an annotator
must deduce the correct topic, potentially applying your common sense knowledge. Consider the
following examples:

(A.28) Something else that we appreciated was how happy and nice everyone was.
[function=sentiment; topic=service; polarity=positive]

(A.29) We did have to bother the desk twice more for extra towels and to find out the location of the
hair dryer and they were quick and courteous.
[function=sentiment; topic=service; polarity=positive]

(A.30) The staff was extremely efficient, attentive and gracious.
[function=sentiment; topic=service; polarity=positive]

The first two sentences (A.28) and (A.29) highlight the case when a topic is expressed implicitly.
Both address the topic "service", here in terms of evaluating the hotel staff. The reviewer does not
directly mention the staff, but you can infer from the description that he comments on it. You know
that the phrases "how happy and nice everyone was" or "they were quick and courteous" refer to the
hotel staff. Also in example (A.30) the reviewer comments on the staff. But on the contrary, here the
topic is named explicitly.

In any case, that is, irrespective of whether the topic becomes manifest directly or indirectly as part
of the surface text, you must set the topic attribute appropriately. The annotation scheme does not
distinguish between explicit and implicit aspect mentions.

Subtopics

Topics can be structured hierarchically. If reviewers comment on a subtopic, they implicitly evaluate
the parent topic. For example, expressing a negative opinion on the topic "breakfast", also implies a
negative impression with regard to the more abstract topic "dining". We only consider a two-level
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hierarchy and denote the more specific child-topics as subtopics. Observe that not every top-level
topic is further subdivided into subtopics (see Figs. 8.1 and 8.2).

How should you annotate with regard to this hierarchical structuring? Simply ignore the hierarchy
and regard the set of top-level topics and subtopics as a plain list and always set the topic attribute
to the most specific topic you can identify in the sentence. For instance, if the reviewer comments
on the "huge and wonderful bath tub", set the topic to "bathroom" (instead of the more abstract topic
"room"). The following examples illustrate the situation:

(A.31) Another annoyance is the Face Detection function is turned on each time you power up the
camera.
[function=problem; topic=face detection; polarity=negative]

(A.32) I tried most of this camera’s features, the result was disappointing.
[function=sentiment; topic=features; polarity=negative]

We know that the face detection is a feature of a digital camera, but it has also been predefined as
a topic on its own right. So in sentence (A.31) the topic is set to "face detection", whereas in sentence
(A.32) the reviewer refers to the features in general.

Multiple Topics

Due to the fact that annotations are attributed to a whole sentence, a single unit of annotation may
refer to more than one topic. If you identify multiple different topics, annotate them all by providing
a comma-separated list for the topic attribute (e.g., example (A.33)).

(A.33) The price was good, and the room was clean.
[function=sentiment; topic=price, cleanliness; polarity=positive]

A.2.5. Guidelines for the Non-Focus-Entity Attribute

With the non-focus-entity attribute we capture cases when an opinion is expressed, but the target
is not the entity that is primarily in the reviewer’s focus. Opposed to expert reviews, a customer
review addresses (quasi per definitionem) a single entity, namely the product a reviewer has bought.
However, reviewers may have possessed or tested similar other products, which they might mention
or compare in their review.

Whenever a reviewer refers to a product or an aspect of a product that is not the focus entity,
set the non-focus-entity attribute to true. Most often, this is the case in comparisons, as shown in
examples (A.34) and (A.35), but can also occur in other contexts, for instance, as in sentence (A.36).

(A.34) Jummeirah essex house is a much better option.
[function=comparison; topic=PRODUCT; polarity=positive;
nonFocusEntity=true]

(A.35) Panasonic TZ3 owned for 3 years had a great stabilizer system which can prevent the had
movement very well but had very very bad indoor photos and low light pictures.
[function=comparison; topic=features, picture quality, low-light performance; polarity=both; nonFo-
cusEntity=true]

(A.36) My wife owns a Canon point and shoot that is beautifully compact and really light-weight.
[function=sentiment; topic=dimensions; polarity=positive;
nonFocusEntity=true]
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A.2.6. Guidelines for the Irrealis Attribute

Polanyi and Zaenen [303] point out that the presence of modal operators may have a great influence
on the perception of an opinion:

Language makes a distinction between events or situations which are asserted to have
happened, are happening or will happen (realis events) and those which might, could,
should, ought to, or possibly occurred or will occur (irrealis events). Modal operators
set up a context of possibility or necessity and in texts they initiate a context in which
valenced terms express an attitude towards entities which do not necessarily reflect the
author’s attitude towards those entities in an actual situation under discussion. Therefore,
in computing an evaluation of the author’s attitude, terms in a modal context should not
be treated precisely as terms in a realis context.

In summary, the polarity of opinion indicating words or phrases may shift or be neutralized in the
context of irrealis events. The subsequent examples put emphasis on this effect:

(A.37) I really would have liked the room.
[function=sentiment; topic=room; polarity=positive; irrealis=true]

(A.38) Pictures seemed to look very nice on the LCD.
[function=sentiment; topic=picture quality; polarity=positive;
irrealis=true]

(A.39) If you are not a novice like me, you would probably appreciate the wealth of settings.
[function=sentiment; topic=settings; polarity=positive; irrealis=true]

All three examples contain polar expressions ("liked", "nice", "appreciate", and "wealth") that a
priori convey a positive impression. However, due to the use of modal operators, the evaluation
is set into an irrealis context and the opinion is neutralized. Our goal is to capture these cases so that
we can make a distinction between realis and irrealis comments. Annotate all such sentences with
the irrealis attribute set to true. Only consider setting the attribute for polar sentences; for all other
sentences you should leave the attribute empty.

A.2.7. Guidelines for the Discourse Function Attribute

The discourse function attribute accepts the 16 + 1 valid values defined in Table 5.4. In this section
we provide guidelines on how to identify the correct discourse function and how to distinguish the
different categories from each other.

Advice

Reviewers often describe their personal experiences with a product or related subjects. In this context
it is quite common that they offer some advice on the usage or how to circumvent any problems they
encountered. The following examples show excerpts from reviews which should be annotated as
Advice.

(A.40) I’ve been using the high ISO setting with the flash turned off to get nice indoor shots.
[function=advice; topic=picture quality]

(A.41) What I have found that works great is to push the shutter button halfway down then take the
picture.
[function=advice; topic=user interface]

(A.42) I would highly recommend a "bay front" room or suite.
[function=advice; topic=room]
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(A.43) The manual suggests you use the "natural" color mode setting to minimize the effects of the
noise.
[function=advice; topic=settings]

Mark a sentence as Advice, if the reviewer describes a best practice with respect to the product or
one of its aspects as shown in examples (A.40) to (A.43). Often a precise recommendation is given by
the reviewer. Also classify a sentence as Advice if the reviewer just cites a best practice (in this case
from the user manual), as shown in example (A.43).

(A.44) You must see Grand Central station a fantastic building.
[function=advice]

(A.45) Tip: go to the local starbucks for star sightings.
[function=advice]

Also mark sentences as Advice if the recommendation does not directly refer to the product or one
of its aspects, such as illustrated in examples (A.44) to (A.45).

(A.46) I would recommend buying a larger size, I have a 64 mb which holds about 55 photos.
[function=advice; topic=memory]

(A.47) BUY at least a few more battery back ups!
[function=advice; topic=battery]

(A.48) It gets EXTREMELY loud between 2am and 4am so if you can, avoid the street front rooms.
[function=problem; topic=noise; polarity=negative; polarFact=true]

Typically, when describing a problem of the product, reviewers give an advice how to circumvent
it. The specific problem might be expressed explicitly, as in example (A.48), or is implied by the
context, as in examples (A.46) and (A.47). Mark such sentences as Advice.

(A.49) You need or must have a good understanding of basic photography, Understand ISO and
other simple settings.
[function=advice]

Also annotate as sentence as Advice, if the recommendation addresses a requirement with regard
to the user’s abilities, skills or expertise.

Helpful Criteria to Identify the Expression of Advices In a great share of cases an advice is ex-
pressed in form of an imperative sentence. The absence of an overt subject, the verb being in its base
form and the use of an exclamation mark as punctuation are good indicators for an imperative clause.
In addition, a helpful indicator is when the reviewer directly speaks to the reader by making use of
the pronoun you — for instance, as in examples (A.44) and (A.48) to (A.50). Also look out for verbs
such as "suggest", "propose", "recommend", "advise", etc. or modals such as "must" and "should".

Advice versus Problem The discourse functions Advice and Problem are closely related. Review-
ers tend to describe a problem and subsequently give advice how to solve it. If a problem description
and the related advice appear in the same sentence, as occurs in example (A.48), it is unclear how to
classify the sentence. Our simple rule is to give the problem a higher weight. Annotate a sentence as
Problem if it contains both, a problem description and the related advice.
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Advice versus Sentiment If an advice is based on a positive or negative evaluation of the product
or one of its aspects, such as in example (A.50), mark the sentence as Sentiment.

(A.50) Second don’t eat at the restaurant on site unless you like slow service, over priced poor
quality food.
[function=sentiment; topic=Food; polarity=negative]

Comparison

We consult product reviews to find out which product best fits our needs and compare products by
reading different reviews. However, comparisons between different products also occur within a
single review. Reviewers highlight advantages and disadvantages of the reviewed product by com-
paring it to other ones. It is a typical stylistic device, which we recognize as the discourse function
Comparison. The following examples help you to identify sentences that exhibit a comparison.

(A.51) The picture quality at 12M is inferior to that of my 4 1/2-year old Sony DSC-W5 at 1M.
[function=comparison; topic=picture quality; polarity=negative]

(A.52) We’ve previously stayed at the Omni Hotel, and both thought that Hotel Indigo was better.
[function=comparison; topic=PRODUCT; polarity=positive]

(A.53) This camera is cheaper than comparable models w/ similar features.
[function=comparison; topic=price; polarity=positive]

(A.54) The room size was definitely larger than most European hotels I’ve stayed in.
[function=comparison; topic=room; polarity=positive]

(A.55) This camera far surpasses any other digital point and shoot camera I have handled.
[function=comparison; topic=PRODUCT; polarity=positive]

Annotate a sentence with discourse function Comparison if reviewers compare a product aspect
(example (A.51)) or the product itself (example (A.52)) to another entity. Instead of addressing a
specific product, they also might compare to a whole group of entities, such as illustrated in examples
(A.53) to (A.55).

(A.56) The room was definitely the best Sheraton I’ve stayed in - I think they were renovated within
the last few years.
[function=sentiment; topic=room; polarity=positive]

Do not mark sentences as Comparison which contain a form of the superlative like in exam-
ple (A.56). Here the discourse function Sentiment is prevalent.

(A.57) The 4x6 prints are comparable to that from a disposable 35mm film camera.
[function=comparison; topic=picture quality]

(A.58) Even though it’s only 8.0 megapixels, the pictures are as crisp as my friend’s 10.0 mp camera.
[function=comparison; topic=picture quality; polarity=positive]

(A.59) The service just didn’t feel like the other IC Hotels that we have stayed at in the past.
[function=comparison; topic=service; polarity=negative]

Another common type of comparative forms are comparisons of similarity, for example as con-
tained in examples (A.57) to (A.59). They should also be annotated with the discourse function at-
tribute set to Comparison.

(A.60) Panasonic TZ3 owned for 3 years had a great stabilizer system which can prevent the had
movement very well but had very very bad indoor photos and low light pictures.
[function=comparison; topic=image stabilization, low-light performance;
polarity=both; nonFocusEntity=true]

279



A. Annotation Guidelines

(A.61) The Sony DSC7, pictures looked very well and nice on the Camera’s 3.0 LCD, bright and
crisp, but viewing these photos on computer looked bad, pictures look kinda washed out or
cant put on word, may be had noise or looked like paint.
[function=comparison; topic=picture quality; polarity=both;
nonFocusEntity=true]

(A.62) I fiddled with other brand cameras in a few stores and some of these have considerable lag
between shots.
[function=comparison; topic=speed; polarity=negative; nonFocusEntity=true]

Although none of the preceding examples (A.60) to (A.62) includes an explicit comparative form,
we mark them as Comparison since they all refer to another product than that primarily addressed
in the review. The reviewer may name the other product explicitly, such as in examples (A.60)
and (A.61), or leave it unspecified, such as in example (A.62). In example (A.60) it is clear from
the sentence alone that another product is referred to, whereas in example (A.61) this is deducible
only from the context.

Remember to set the non focus entity flag to true if the reviewer’s comments exclusively refer to
other products. Observe that in examples (A.51) to (A.55) we do not set the flag. Although other
products are mentioned, the reviewer’s comments primarily address aspects of the entity which is in
focus of the review.

Helpful Criteria to Identify the Expression of Comparisons For detecting a comparison, indicators
are quite obvious. Look out for comparative forms of adjectives as well as constructions with "more"
or "less". Words such as "same", "similar", or "like" often indicate a comparison of similarity. To
detect comparisons such as the ones introduced in examples (A.60) to (A.62), search for occurrences
of product names or mentions of the product class in its plural form — like "cameras" or "hotels".

Setting the Sentiment Polarity Attribute in Comparisons In comparisons, one or more products
are compared to the entity in focus of the review. Set the polarity attribute according to which sen-
timent the sentence evokes with regard to the focus entity. For instance, if the comparison lets the
focus entity appear in a favorable light, set it to positive. In comparisons of similarity both prod-
ucts are typically evaluated equally positive or negative. Or no sentiment is expressed at all, such as
in example (A.57).

If a sentence exclusively assesses a product that is not the focus entity, set the polarity attribute in
accordance with the sentiment conveyed towards this non-focus entity.

Conclusion

Generally, a conclusion is defined as "the summing-up of an argument or text"3. In customer reviews
it typically represents a summarizing statement of opinion and underlines the overall judgment that
has been reached. Reviewers may put such a discourse segment in front of their review or, more
commonly, express their final assessment in the last part of the review. In the following, we present a
set of sentences that exemplify when to set the discourse function attribute to Conclusion.

(A.63) every thing is great i recomend this camera
[function=conclusion; topic=PRODUCT; polarity=positive]

(A.64) Overall this hotel is a gem and well worth staying in.
[function=conclusion; topic=PRODUCT; polarity=positive]

3Definition is taken from the Oxford Dictionary of English [349].
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(A.65) Blanket statement: I am in love with this camera!
[function=conclusion; topic=PRODUCT; polarity=positive]

(A.66) I really would not recommend this camera to anyone, and i will be returning it promptly.
[function=conclusion; topic=PRODUCT; polarity=negative]

(A.67) Our whole experience at this hotel can be described as TERRIBLE.
[function=conclusion; topic=PRODUCT; polarity=negative]

Examples (A.63) to (A.67) represent the most common form of conclusive statements in customer
reviews. Reviewers sum up their overall impression towards the product as a whole. As in ex-
amples (A.63) and (A.66), such a summary is often accompanied by a general recommendation or
disapproval of the product.

(A.68) Everything from our large room and the hotel staff were terrific and we honestly didn’t have
a single complaint.
[function=conclusion; topic=room, service; polarity=positive]

(A.69) The location is small and the desk people are not the friendliest but overall a great experience.
[function=conclusion; topic=service; polarity=both]

Another common form reviewers make use of, is to substantiate their conclusive judgment by
revisiting their major arguments. They stress the most critical advantages or disadvantages. The
preceding examples (A.68) and (A.69) point out this manner.

Helpful Criteria to Identify the Expression of Conclusions Conclusive statements express the
overall sentiment towards the product. A good hint is to look out for words and phrases similar
to "overall", "all in all", "to sum up", "final note", "bottom line", "everything", "whole", etc. Other help-
ful indicators are the position in the review (mostly the last or the first sentences) and the formulation
of a recommendation. As a conclusion reflects a decision that has been reached by the reviewer, it is
closely related to the reviewer’s future behavior. Look out for expressions where reviewers reason
about their future behavior.

Expectation

In addition to describing their true experience, reviewers may express what they expect from a prod-
uct. The information presented in such sentences does not need to reflect the real value of a product,
but the individual presuppositions the reviewer has or had in mind.

(A.70) I showed up to this hotel expecting the worst, expecting horrible.
[function=expectation; topic=PRODUCT;polarity=negative; irrealis=true]

Example (A.70) illustrates the use of this discourse function. In many cases a clearly evaluative
language ("worst", "horrible") is in effect neutralized by the fact that an expectation is described. If
the sentence contains polar language, set the sentiment polarity attribute accordingly. Furthermore,
expressing an expectation often implies that you set the irrealis attribute to true.

It is important to distinguish between cases when the reviewer mentions an expectation, but what
has been expected already has become real (or not) and cases when it is unclear whether the expecta-
tion has become real or will become real. In the first case, do not mark the sentence as Expectation.
For example in sentence (A.71) the reviewer describes a real, negatively connoted situation, he or she
only adds that this situation was expected beforehand. In sentence (A.72) it is clear that the expec-
tations have not become real as they have been "exceeded". However, in example (A.73) it is still
unclear whether the expectation has become true or not, therefore it is annotated as Expectation.
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(A.71) Plus, there were some sketchy looking people hanging around (we were ok with the punk
rock kids, we expected that).
[function=fact; topic=security; polarity=negative; polarFact=true]

(A.72) Epic hotel however far exceeded all our expectations.
[function=sentiment; topic=PRODUCT; polarity=positive]

(A.73) I wasn’t expecting a lot from this camera based on the price and some reviews, but because
of some of the shared photos, I decided to give it a try.
[function=expectation; topic=PRODUCT; polarity=negative]

Helpful Criteria to Identify the Expression of Expectations As expectations describe things which
are unclear to happen or occur, look out for phrases and grammatical constructs that imply the irrealis
case. Think about whether the sentence contains modal verbs that are used in subjunctive form.
Watch out for modals such as "would", "could", "should", or "might". Other words and phrases that
indicate an expectation are for instance "assume", "expect", "hope", "look forward to", "presume", or
"suspect".

Fact

In case a reviewer mentions a plain fact and no other discourse function is applicable, mark a sentence
as Fact. Facts may be uttered with regard to the product, one of its aspects, or any other concept.
Oftentimes a reviewer enumerates facts when he cites the specifications of the product. Take note that
facts may also imply a positive or negative sentiment. In that case, mark the sentence as polar fact.
The following sentences provide some examples:

(A.74) We had a few beers in the lobby bar.
[function=fact; topic=dining]

(A.75) They were able to check me in early and took care of all of my needs.
[function=fact; topic=check-in/out; polarity=positive; polarFact=true]

(A.76) This camera is essentially a Leica D-Lux 3 with a little bit different shell.
[function=fact; topic=PRODUCT]

(A.77) Partially because the zoom moves so slowly, the camera takes quite a while to power up and
stand ready for use.
[function=fact; topic=zoom, speed; polarity=negative; polarFact=true]

General Remark

Reviewers may express their thoughts and ideas with regard to a general issue of the product class or
a related topic without addressing the product in particular. In such cases the focus entity is referred
to only implicitly, namely as a member of the product class. Annotate sentences which contain such
very general comments as GeneralRemark.

(A.78) Many electronic items now come with cds to read the manual.
[function=general remark; topic=user manual]

(A.79) I think it’s obvious that any camera in this class, with a fairly high mega-pixel count (10.1 in
this case) and a small image sensor is going to have some compromises.
[function=general remark; topic=picture quality; polarity=negative]

(A.80) Remember, this is a point and shoot, not a professional grade camera, so do not expect the
world from it.
[function=general remark]
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In sentences (A.78) to (A.80) we exemplify the situation when a remark refers to a general prop-
erty of the product class. The first two examples indirectly address a specific aspect of the product,
whereas in the latter sentence a property of the product class is discussed. In the first case, set the
topic attribute appropriately, in the second case, leave the topic attribute empty.

(A.81) Sitting around your monitor looking at photos just doesn’t have the appeal of sitting down
with the family & pouring over old photo albums.
[function=general remark]

(A.82) Of course, it’s also a lot of work to get your film developed & then scan each shot to be put
on the web, so it really depends on your primary goal.
[function=general remark]

The preceding examples (A.81) and (A.82) highlight the situation when a reviewer gives a general
remark on a topic that is only related to the product class under consideration, implying that the topic
attribute should be left empty.

(A.83) With so many options out there with electronics it is very important to go by others experi-
ence using the item and really read their opinions to see what applies to you.
[function=general remark]

(A.84) I think this is a matter of taste rather than any particular engineering issue.
[function=general remark]

(A.85) I guess bad things happen, but the good response has to be there to make everything better.
[function=general remark]

Also mark sentences as GeneralRemark if a remark is expressed that is "so general" that it nei-
ther refers to the product class nor any related topic. In cases such as examples (A.83) to (A.85) the
reviewers names just common sense.

Lack

Earlier we introduced the polar fact attribute. A very common case when a rather factual sentence
implies a negative assessment is when the reviewer mentions that a desired aspect of the product is
completely missing. We introduce a specific discourse function Lack for such situations.

(A.86) The toiletries were missing and one towel in the bathroom.
[function=lack, topic=bathroom; polarity=negative; polarFact=true]

(A.87) The camera has no separate viewfinder, and it can be hard to see the LCD in bright sunlight,
but I found I can see enough of the image to compose the picture, even in bright sun.
[function=lack, topic=screen; polarity=negative; polarFact=true]

(A.88) They don’t offer free shuttle services.
[function=lack, topic=service; polarity=negative; polarFact=true]

(A.89) But I found that there is no coffee maker or any other way to boil water in the room, no
complimentary drinking water.
[function=lack, topic=room amenities; polarity=negative; polarFact=true]

In examples (A.86) to (A.89) we mark the sentences as polar facts since common sense implies that
the mentioned aspects and features should not be missing. So, if you can deduce that reviewers want
to express their dissatisfaction about the fact that something is missing, annotate as discourse function
Lack, mark it as polar fact, and set the polarity attribute to a negative value. If applicable set the topic
attribute.

Furthermore, it is not uncommon that reviewers imply the lack of a desired feature by expressing
their wish it would be present. Examples (A.90) and (A.92) highlight this case.
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(A.90) I think it should come with a memory stick so it can be used right out the box.
[function=lack, topic=memory; polarity=negative]

(A.91) I would like it to be more pocket size, but the bulk is acceptable for me.
[function=lack, topic=dimensions; polarity=negative]

(A.92) I wish they’d move the controls down just a little and swap the locations of the microphone
and the speaker.
[function=lack, topic=user interface; polarity=negative]

Helpful Criteria to Identify the Expression of a Lack This discourse function describes situations
when something desired or commonly expected is missing. So, look out for words that directly ex-
press this situation, such as the verbs "miss" and "lack" or nouns such as "absence". It is also common
to negate a word that expresses the presence of an attribute, such as "offer" in sentence (A.88). In addi-
tion, the use of the negative determiners "no" and "neither" or the cardinal number "zero" as modifier
to a product aspect can serve as indicator.

Other Reviews

A further discourse function we differentiate is when reviewers cite other reviews. In fact, these are
often situations when the opinion holder is not the author of the review. The subsequent examples
show sentences which you should annotate as OtherReview.

(A.93) I bought this camera based on other’s reviews on Amazon that because of it’s diminutive
size, one would be more apt to carry it and use it.
[function=other reviews; topic=dimensions; polarity=positive]

(A.94) No item is perfect and people are complaining about the battery life with the camera.
[function=other reviews; topic=battery; polarity=negative]

(A.95) Consumer Reports named this camera their Top Pick for Compacts!
[function=other reviews; topic=PRODUCT; polarity=positive]

(A.96) According to all the magazines, Canon is the standard right now, so we will see.
[function=other reviews]

Whenever the reviewer reports comments from other reviews or other persons in general, mark the
sentence as OtherReview. If possible, set the topic and polarity attributes.

Personal Context

It is common that reviewers introduce themselves to the reader of their review by providing some
personal context information. The following sentences exemplify this discourse function.

(A.97) I had this Canon for 3 days now, took 300 pictures, I’m not a professional nor hobbyist, just a
father trying to find a good indoor camera for kids.
[function=personal context]

(A.98) We’ve stayed at the International House for several years on business and pleasure.
[function=personal context]

(A.99) As a music journalist, I always carry a spare blank card in case someone attempts to confiscate
a memory card in one of the night clubs.
[function=personal context; topic=memory]
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Authors may set their review into context by describing their own competence concerning the
product. The intention is to help the reader figure out how confident to be in the validity of the
reviewer’s comments. For example in sentence (A.98) the reviewer implies that he or she knows
the product (the hotel in this case) very well, thus trying to lend more substance to the personal
assessment. Example (A.97) illustrates a similar intention.

(A.100) I’ve used two digital cameras prior to this one: a first- generation Powershot (nice for the
price) and a company-owned Kodak DC-290.
[function=personal context]

(A.101) Just what I expected, I owned an older model and wanted to upgrade.
[function=personal context]

(A.102) Upgraded from a D-460 3x zoom for the 8x zoom.
[function=personal context]

(A.103) bought this for my 6 year old.
[function=personal context]

Competence may also be implied by naming the products previously possessed, as shown in ex-
ample (A.100). In general, mark a sentence as PersonalContext if a reviewer names the products
he previously owned, explains how he came to buy the product, or for whom the product has been
bought, see examples (A.100) to (A.103).

Problem

The Oxford Dictionary of English [349] defines a problem as "a matter or situation regarded as unwel-
come or harmful and needing to be dealt with and overcome". As it is quite common that reviewers
describe the problems they encountered when using a product, we introduce a specific discourse
function Problem.

(A.104) When holding down the shutter to snap a photo, the camera shuts itself off.
[function=problem; polarity=negative; polarFact=true]

(A.105) However, when shooting videos there is a very noticeable high pitched whine.
[function=problem; topic=video recording; polarity=negative; polarFact=true]

(A.106) It was guaranteed to work, but when I put in the memory card, it reads ’memory card error’.
[function=problem; topic=memory; polarity=negative; polarFact=true]

(A.107) This bldg is so old and the pipes make a horrible clanging sound in the middle of the night!

[function=problem; topic=facility; polarity=negative; polarFact=true]

(A.108) All our clothes and other belongings as well as our baby reeked of cigarette smoke.

[function=problem; topic=room; polarity=negative; polarFact=true]

Similar to the discourse function Lack, a problem is commonly annotated as a polar fact. Instead
of lacking a desired property, a problem describes the presence of an undesired property — for ex-
ample, an unwelcome situation, defect, shortcoming, or difficulty. Problem descriptions are typically
provided as factual information. Applying common sense (that is, knowing that a specific situation
is unwelcome), we can deduce the negativity of the utterance. In examples (A.104) to (A.108) we can
easily derive that the characterized situations all imply an undesired status. Mark sentences that are
similar to the ones exemplified as Problem, set the polarity to a negative value, and annotate them
as polar fact. If applicable, set the topic attribute. If the problem description addresses the product as
a whole, set the topic attribute to the special value PRODUCT.
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(A.109) I can’t really review, because it doesn’t work.
[function=problem; topic=PRODUCT; polarity=negative; polarFact=true]

(A.110) Refrigerator was not working too.
[function=problem; topic=room amenities; polarity=negative; polarFact=true]

(A.111) While i waited, I discovered that not only did the toilet not work, but the shower did not
either.
[function=problem; topic=bathroom; polarity=negative; polarFact=true]

Often a reviewer expresses that the product or a related aspect does not work at all. Mark those
sentences with discourse function Problem and set the polar fact attribute to true.

(A.112) I had this same problem with the camera and had it shipped out to FujiFilm, thinking the
camera was a a lemon.
[function=problem; polarity=negative; polarFact=true]

(A.113) The problem came when I tried to install the driver so I could connect it to my PC.
[function=problem; topic=software; polarity=negative; polarFact=true]

(A.114) I know this incident was beyond the hotel staff’s control and I’m not looking to fault them,
but it was a negative experience for my family.
[function=problem; topic=service; polarity=negative]

(A.115) One of my reasons for choosing this camera was the great video features - however, this
audio problem is rendering all videos shot on this camera unwatchable.
[function=problem; topic=video recording; polarity=negative]

Opposed to the previous examples in sentences (A.112) to (A.115), the reviewers directly speak of
a problem. They either just name that a problem exists, such as in examples (A.112) to (A.114), or
specify the problem in more detail, as outlined in example (A.115) ("audio problem"). Furthermore,
observe that all these examples do not express a polar fact.

Helpful Criteria to Identify the Expression of Problems Because identifying the description of a
situation or behavior as problem is based on applying commonsense knowledge, we cannot give
specific hints. Ask yourself the question whether a description describes an undesired fact. Does
the reviewer inform that something is not working? Some words that may indicate a problem are:
"problem", "issue", "difficulty", "deficit", "obstacle", "trouble", "limitation", "failure", "error".

Purchase

A further common discourse function is when the reviewer talks about the purchase of the product.
We therefore denote this function as Purchase.

(A.116) Recently was looking through eBay and noted that G2’s had fallen in price so that you got
buy full kit G2’s for about $50.
[function=purchase; topic=price]

(A.117) I bought this camera at Sam’s Club for about $225.
[function=purchase; topic=price]

(A.118) Amazon.com did an excellent job getting the camera and memory sticks to the house on
Christmas Eve.
[function=purchase; polarity=positive]

(A.119) NOTE: I ordered the camera with a next day delivery.
[function=purchase]
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(A.120) I purchased this camera last August, and I am still extremely happy with my purchase.
[function=purchase; topic=PRODUCT; polarity=positive]

Annotate a sentence as Purchase in case the reviewers mention where or when they bought the
product or how much they paid for it. If reviewers describe aspects of the delivery (sentences (A.118)
and (A.119)), also mark the sentence as Purchase. Note that in example (A.120) they refer to their
purchase of the camera, but also evaluate the product. Mark such sentences as Purchase instead of
Sentiment and set topic and polarity attributes appropriately.

Requirement

Often, when introducing a review, authors point out their requirements with regard to the product
prior to buying it. They may explain which reasons made them to purchase the product. You should
annotate such cases as Requirement. In the following we present some examples sentences:

(A.121) My wife wanted something cheap to replace 35mm film disposable cameras.
[function=requirement; topic=price]

(A.122) I wanted a camera that used the same AA batteries as my Sony DSC-W5 and that did not
employ a spare battery that costs $30 or more.
[function=requirement; topic=battery]

(A.123) That was one of the main reasons I chose it - I can’t stand the almost credit card sized
cameras, but I wanted something I could carry around in my purse.
[function=requirement; topic=dimensions]

(A.124) The Leica lens, 10x optical zoom (my friends were very jealous), and a very long list of other
features is what attracted me.
[function=requirement; topic=optics]

(A.125) she didn’t want a ’baby camera’.
[function=requirement]

Helpful Criteria to Identify the Expression of Requirements Very common words and phrases
to express a requirement are "want", "need", "require", "demand", "look for", etc. As reviewers talk
about the requirements prior to buying the product, the grammatical tense of these verbs is typically
the past.

SectionHeading

Reviewers use headings to structure their review. We identified three major types of headings typ-
ically used in customer reviews. Types are distinguished with regard to the purpose of the section
they introduce:

• Pros: A heading of this type introduces a section where the reviewer enumerates the positive
aspects of the product.

• Cons: A heading of this type introduces a section where the reviewer enumerates the negative
aspects of the product.

• Topic: Using this type of heading, the reviewer indicates that the following section sets focus on
a very specific aspect of the product.

In the annotation scheme we distinguish the proposed types as follows: Mark all headings with the
discourse function attribute set to SectionHeading. For headings of type Pros additionally set the
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polarity attribute to positive. Analogously, set the sentiment polarity to negative for section
headings of type Cons. Set the topic attribute for headings of type Topic to one of the predefined
topics or leave it empty if no topic matches. If the reviewer uses a heading that implies that the fol-
lowing section addresses the (dis)advantages of a specific topic, set the polarity and topic attribute
accordingly, such as in example (A.129). In case the section heading is of any other type (see exam-
ple (A.130)), only set the discourse function attribute to SectionHeading and leave other attributes
empty. The following examples give you an impression:

(A.126) Let me start with the positives.
[function=section heading; polarity=positive]

(A.127) Things to Watch For:
[function=section heading; polarity=negative]

(A.128) Size and Weight:
[function=section heading; topic=Dimensions]

(A.129) Service: There were a series of incidents which lead me to give this only 1/5:
[function=section heading; polarity=negative; topic=service]

(A.130) RANDOM COMMENTS
[function=section heading]

Sentiment

Naturally, the discourse function named Sentiment is the most representative one for customer
reviews. Choose this function if the author expresses an explicit opinion or feeling and no other of
the more specific discourse functions fits. Examples (A.131) to (A.135) outline situations when it is
indicated to use the discourse function Sentiment.

(A.131) It’s very easy to use, I never had to read the manual.
[function=sentiment; topic=ease of use; polarity=positive]

(A.132) Image quality is par excellence.
[function=sentiment; topic=picture quality; polarity=positive]

(A.133) The Washington Monument and Air/Space Museum are within walking distance, so that
was nice, too.
[function=sentiment; topic=location; polarity=positive]

(A.134) We were warmly greeted by Frances who checked us in without any problems.
[function=sentiment; topic=check-in/out; polarity=positive]

(A.135) The front lobby from the Boulevard is cold, souless and dark.
[function=sentiment; topic=facility; polarity=negative]

Recall that the expression of sentiment is modeled independent of the topic relevance. A reviewer
may express his opinions towards other entities or just mention his general feelings. You should also
mark these sentences with the function Sentiment. Sentences (A.136) and (A.137) exemplify this
aspect:

(A.136) I didn’t like the atmosphere in the city.
[function=sentiment; polarity=negative]

(A.137) I really enjoyed the few days off.
[function=sentiment; polarity=positive]
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Summary

We further provide a special discourse function that represents the case when a reviewer enumerates
advantages and disadvantages in a single sentence. Often, such a sentence is not a grammatically cor-
rect one, but merely comes as a comma separated list of pros and cons. Mark these kind of sentences
with the discourse function Summary and list the mentioned topics. In most cases you need to set the
polarity attribute. A few examples are provided in the following:

(A.138) Large room, comfortable mattress and lots of pillows to choose from, clean, microwave and
fridge with all rooms, nice mid-size bathroom, free internet in the lobby, standard continental
breakfast except it includes a waffle maker and mix.
[function=summary; topic=bed, cleanliness, room amenities, bathroom, internet, breakfast;
polarity=positive]

(A.139) Compact, great pictures, low cost.
[function=summary; topic=dimensions, picture quality, price; polarity=positive]

(A.140) I love the compact size, I love the image quality, I love the large view finder screen, the
ability to capture video and most of all I love the ability to set my own controls.
[function=summary; topic=dimensions, picture quality, screen, video recording, settings;
polarity=positive]

Usage

Mark a sentence with discourse function Usage if reviewers describe a concrete situation when they
are using the product. They may potentially comment on their experience.

(A.141) I traveled for three weeks through Europe and this camera held up splendidly.
[function=usage; topic=PRODUCT; polarity=positive]

(A.142) I took it to a baseball game and It was very easy to use, even in low light images were clear
and consise.
[function=usage; topic=ease of use, low-light performance; polarity=positive]

(A.143) On a recent vacation to Nova Scotia I took a lot of wildflower pictures and they turned out
fantastic.
[function=usage; topic=picture quality; polarity=positive]

(A.144) Used this camera at a wedding a few days after receiving it.
[function=usage]

Mark a sentence with discourse function Usage if reviewers talk about concrete situations when
they use the product. Often reviewers report situations they experienced in the past, such as high-
lighted in examples (A.141) to (A.143). If reviewers evaluate their experience with the product as a
whole or with one of the aspects, set the topic and polarity attributes appropriately.

(A.145) I use it for recording family events and occasional scenery.
[function=usage]

(A.146) I use it all the time when I go snorkling!
[function=usage]

(A.147) Since I opened the box I’ve carried it EVERYWHERE with me!
[function=usage]

(A.148) My main use for this camera will be for taking pictures of properties as my wife and I start
looking for a new house.
[function=usage]
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Instead of reporting past experiences and naming a concrete event, it is also common that review-
ers write about their typical usage or express how they intend to use the product in general. Also
mark these sentences as Usage. In these cases normally no sentiment is expressed and also the topic
remains unspecified. Sentences (A.145) to (A.148) exemplify this situation.

Usage versus Advice and Problem The discourse functions Usage, Advice, and Problem may
sometimes be difficult to distinguish. The following examples show cases when you should not
annotate as Usage:

(A.149) I tried to use the different flash modes requested for night, but I still couldn’t produce any
quality night photos.
[function=problem; topic=flash; polarity=negative; polarFact=true]

(A.150) I usually take the pictures with the viewfinder which is a good thing because it saves your
batteries.
[function=advice; topic=battery]

(A.151) I finally realized I had to reset the minimum shutter speed to one second (its longest setting),
and then I was able to take pictures indoors without flash, at least as long as there was a fair
amount of ambient light.
[function=advice; topic=settings, low-light performance]

If a negative experience is mentioned, the sentence is likely to contain a problem description. For
instance, in example (A.149) the reviewer explains the experience with different flash modes and
the undesired outcome. Annotate such sentences as Problem. In the guidelines for the function
Advice, we already pointed out that descriptions of best practices with regard to the product should
be annotated as Advice. If a reviewer talks about the usage and implies a best practice, mark the
sentence as Advice. Sentences (A.150) and (A.151) exemplify this situation.

Category OTHER

If you cannot associate a sentence with one of the predefined discourse functions, set the discourse
function attribute to the value OTHER. The following examples give you an impression, which kind
of sentences may not fit any of the functions. These can be incomplete or grammatically incorrect
sentences, such as in examples (A.152) and (A.153), rhetorical questions, such as in example (A.154),
or greetings, such as in example (A.155).

(A.152) well mostly anyway
[function=OTHER]

(A.153) (Knock wood) LOL
[function=OTHER]

(A.154) Am I babbling?????
[function=OTHER]

(A.155) Good Luck, Best Wishes, S.M.
[function=OTHER]

A.2.8. Annotation Tools and Annotation Process

The sentence level annotation scheme is implemented by means of a simple W3C XML-Schema4 def-
inition. A sentence level annotated corpus consists of a single, huge XML document. Our XML-

4http://www.w3.org/TR/xmlschema-0/
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Schema defines the three XML entities corpus, review, and discourse-segment. A corpus entity is the
root element of the document and has a single attribute that is used to name the corpus (e.g., "hotel-
corpus"). A corpus is composed of arbitrary many review elements which in turn cover one or more
discourse-segment elements. The review entity provides meta data about a review, such as the URL
it has been originally fetched from or the overall numerical rating which has been provided by the
reviewer. The textual content of a review is split into sentences and each sentence is covered by a
(child-) discourse-segment element — that is, the textual content of a discourse-segment element is
exactly one sentence of a review. The element’s attributes directly correspond to the attributes of the
DiscourseSegment annotation type. In effect, we can annotate a sentence by setting the attributes of an
XML entity, namely the discourse-segment element. The described setup is depicted in Fig. A.1.

<corpus corpusName="hotel-reviews">
   <review url="http://[...]" overallRating="4.0" documentID="hotel-0001">
      <title>...</title>
      <discourse-segment discourseFunction="personalContext">...</discourse-segment>
      ...
      ...
      <discourse-segment discourseFunction="conclusion" sentimentPolarity="positive">...</discourse-segment>
   </review>
   ...
   ...
   <review url="http://[...]" overallRating="1.0" documentID="hotel-0300">
      ...
      ...
   </review>
</corpus>

Figure A.1.: An XML document storing sentence level annotations.

The process of annotating a corpus on the sentence level is as follows: First, the set of sampled
review documents is processed by an automatic sentence splitter (we use the splitter provided as part
of the Stanford CoreNLP tools). We convert the results to the described XML format and receive a sin-
gle, huge XML document that represents the corpus. The human annotator annotates each sentence
in accordance to the annotation scheme and the guidelines by setting the appropriate attributes of
the discourse-segment element. The process of setting attributes is much relieved by using the auto-
completion feature of an appropriate XML editor. In case the automatic sentence splitter detected
erroneous sentence boundaries, the annotator can easily correct the error within the XML document.
That is, besides annotating the review dataset, the annotator’s secondary goal is to ensure a correct
sentence splitting of the corpus.

A.3. Annotation Guidelines for the Expression Level Model

A.3.1. Basic Instructions

Your main task is to identify explicit expressions of opinions and to mark as well as relate the linguistic
constituents that make up these expressions. Each customer review you are going to annotate is
contained in a single document. A document is split into a sequence of sentences and each sentence
is presented in a single line of a document. During annotation, consider every single sentence as
an independent isolated unit. Except for the sentiment reference annotation, no relation between
annotations must cross sentence boundaries. Shifters and targets of a sentiment expression must
occur in the same sentence. A sentiment reference that represents a (pronoun) co-reference relation
can occur in another sentence than the referencing sentiment target. Follow these basic instructions
when annotating a sentence on the expression level. More detailed instructions with examples are
provided as part of the annotation guidelines:
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1. Read the sentence with care and identify sentiment expressions and their targets.

2. For each sentiment target, check if it is, or in case of a pronoun, refers to a valid product aspect
(with respect to the focus entity of the document). If yes, create a sentiment target annotation
and associate it with the corresponding span of text. If the target is the mention of a product
name, set the isProductName attribute to true, otherwise leave it empty. In case the target is
not a direct mention of a product aspect but implies one, set the isImplicit attribute to true,
otherwise leave it empty.

3. If a previously identified sentiment target is a pronoun, determine the referenced entity and
create a new sentiment target reference annotation (if not already existent for this entity). Take
note that the reference may occur in another sentence. In the corresponding target annotation
point to the reference by setting the pronounReferenceID attribute to the annotation ID of the
sentiment reference annotation. In case the pronoun is exophoric (i.e., it refers to an entity not
explicitly mentioned in the text), set the isExophoric attribute to true, otherwise leave it empty.

4. For each identified sentiment expression, create a new annotation comprising the correspond-
ing span of text. Relate associated sentiment target annotations by adding the individual an-
notation IDs to a comma separated list in the sentimentTargetIDs attribute. Determine whether
the polarity of the expression in this specific context is predominantly positive or negative and
set the sentimentPolarity attribute accordingly. Take note that the polarity might be dependent
on the referenced sentiment target(s). However, when setting the polarity, assess the expression
in isolation and do not consider any associated sentiment shifters. Also determine the senti-
ment intensity in isolation. Set the sentimentIntensity attribute to either strong or average.
If you find that the polarity of the expression is dependent on the sentiment target(s), set the
isTargetSpecific flag to true, otherwise leave it empty.

5. For each identified sentiment expression, determine all sentiment shifters that modify the ex-
pression in one of the six predefined modes. For any shifter, create a new sentiment shifter
expression (if not already existent) that comprises the corresponding span of text. Depending
on the function of the shifter, set its type attribute to either negator, amplifier, downtoner,
solidifier, softener, or neutralizer. Relate a shifter annotation to its referring senti-
ment expression by adding its annotation ID to a comma separated list in the sentimentShifterIDs
attribute of the expression type.

6. For each explicitly mentioned product aspect that is not annotated as a sentiment target create
a new product aspect mention annotation, comprising the corresponding span of text. Only
annotate aspects that are relevant for the current product domain and never annotate pronouns
or implied product aspects. If the product aspect mention refers to a product name, set the
isProductName flag to true, otherwise leave it empty.

A.3.2. General Remarks

Text Spans

For each annotation type of the expression level model, it is your task to determine a correspond-
ing text span in the document. The following rules and guidelines are generally applicable for all
annotation types:

• Always annotate the minimum span of text that represents the linguistic constituent captured
by the specific annotation type.

• Never annotate a text span across a sentence boundary.

292



A.3. Annotation Guidelines for the Expression Level Model

• A text span must not start or end with a whitespace character.

• Do not include determiners in your annotation unless they are part of a longer phrase that
constitutes the relevant linguistic feature. An annotated text span must never begin with a
determiner. The rule applies to definite and indefinite articles as well as to quantifiers and
demonstrative pronouns that are used as determiners.

• Do not include punctuation marks in your annotations. For example, leave out any periods,
question marks, exclamation marks, commas, parentheses, quotation marks, or apostrophes.

• Do include apostrophes if they are part of a contraction that is relevant for your current annota-
tion. In particular, annotate contracted negations such as "doesn’t", "don’t", "isn’t", etc. by only
marking the n’t part of the contracted form and leaving out the prefixes ("does", "do", "is", etc.).

• Consider misspellings as if they were correctly spelled. For instance, if the words digital camra
are the target of a sentiment expression, create a new sentiment target annotation comprising
the whole compound, irrespective of the misspelling of the word camera.

Annotation IDs and Pointer

Whenever you create a new annotation, the annotation tool generates a new ID which uniquely iden-
tifies the annotation. The IDs are created sequentially and are unique over all annotation types. You
use the IDs to relate one annotation to another one — for example, when you relate a sentiment shifter
to a sentiment expression by setting the sentimentShifterIDs attribute. Double-check that you point to
an existing and semantically reasonable ID (e.g., do not point to a sentiment shifter annotation in the
pronounReferenceID attribute of the sentiment target). The annotation tool chain verifies that pointers
are set in a correct manner and highlights potential mistakes that you have to fix manually.

Graphical Notation

To describe the constituents of the expression level model, we use the graphical notation that we
introduced in Section 4.3.

A.3.3. Guidelines for the Sentiment Expression Annotation

The sentiment expression annotation can be regarded as an anchor when annotating a text passage. It
refers to at least one target and is optionally modified by one or more sentiment shifters. A sentiment
expression is that part of the surface text in which the actual opinion becomes manifest. This can
be a single word or can be a whole phrase. All major parts of speech (adjectives, verbs, nouns, or
adverbs) may act as a sentiment expression. To identify a sentiment expression, consider which words
make up the opinion — that is make the text passage distinct from pure factual information. Refer
to the guidelines presented in Appendix A.2.2, which provide hints on how to identify the textual
expression of an opinion in general.

Only consider sentiment expressions which have a clear sentiment target. For example, do not
annotate anything in a sentence such as "I really feel happy.". Although the word "happy" expresses
a sentiment, it lacks a precise target. However, in a sentence such as "I really feel happy with this
camera.", a clear target ("camera") exists and you have to create the appropriate annotations. If the
target is not a product aspect or is not relevant in terms of the current product domain, also leave out
the annotation. For example, if you are annotating a review that evaluates a digital camera, do not
annotate passages where the reviewer talks in favor of his last vacation (where he used the camera).

Besides pointers to sentiment targets and shifters, the annotation type takes two mandatory at-
tributes that you have to determine whenever you create a sentiment expression annotation:
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Sentiment Polarity Attribute

The sentiment polarity attribute refers to the target-specific prior polarity of the word or phrase that you
annotate. Decide whether the sentiment expression conveys a predominantly positive, negative,
or neutral sentiment to its target. When making this decision, consider the sentiment expression
in isolation from any sentiment shifter. In the following we make use of the graphical notation as
introduced in Section 4.3.

(A.156)

UÙ

The auto-focusing does not work very well .

targets

amplifiedBy

negatedBy

In example (A.156) the author expresses a negative opinion on the auto-focus. In this case, the opinion
is evoked by an adverb ("well"), which we mark as sentiment expression. Observe that we set the
polarity attribute to positive, although the overall contextual polarity is clearly negative. When
setting the polarity, we do not care about the negator "not" or the amplifier "very".

Sentiment Intensity Attribute

Similar to the prior polarity, a sentiment bearing phrase exhibits an immanent sentiment intensity.
Your task is to classify the intensity of an expression into the two levels average and strong. So,
the basic decision you have to take is whether an expressions’s intensity is strong or not. When doing
so, you can use the following list of words (presented in no specific order) as reference:

• Average: ok, satisfying, sufficient, ample, adequate, fair, acceptable, good, bad, to like, to dis-
like, great, poor, nice, pleasing, decent, easy to use, problem, disadvantage, . . .

• Strong: excellent, superb, terrific, horrible, stunning, outstanding, wonderful, terrible, lousy,
awful, fantastic, to love, to hate, nightmare, masterpiece, . . .

Take note that setting the polarity attribute to neutral always implies a sentiment intensity of
average. Neutral sentiment expressions are not gradable with respect to their intensity. The most
common intensity value is average; only annotate an expression as strong if it clearly stands out
with regard to other expressions. For example, we do not classify the word "great" as exhibiting a
strong intensity.

Target Specific Sentiment Expressions

Some words or phrases only convey an opinion when used in conjunction with a specific target. Also
the polarity may depend on the target. Such words are mostly adjectives. For example the word
"long" alone has no prior polarity and usually transports factual information. However, when used
in the context of the product aspect "battery life" it clearly has a positive connotation. Applying
commonsense knowledge, we can easily deduce that a long battery life is generally considered a
positive property of a digital camera. On the other hand, in the context of a property such as "shutter
lag time" the adjective "long" can be negatively connoted.

If you encounter an expression (mostly adjectives) that does not possess an inherent sentiment, but
unfolds its evaluative connotation only in the context of a specific target, set the isTargetSpecific flag
to true. In the following, we present some examples that illustrate the use of the different attributes
and the identification of sentiment expressions in general:
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(A.157)

DÙ

Clearly the model I purchased was defective .

targets

solidifiedBy

Example (A.157) shows a very simple case, where the adjective "defective" can be easily identified
as the sentiment bearing phrase. The author underlines his impression with the word "clearly". We
mark it therefore as solidifying sentiment shifter.

(A.158)

DÙ

The casing is just too brittle .

targets

amplifiedBy

When reading the sentence of example (A.158), it might by unclear, whether to annotate the single
word "brittle" as sentiment expression or the combination "too brittle". Although the word "brittle"
alone exhibits a prior negative sentiment towards the "casing", the word "too" is part of the complete
sentiment expression. We therefore annotate the combination. This is a very common case and similar
expressions should be annotated analogously. Take note that "too" is not a sentiment shifter.

(A.159)

UÙ UÙ

I also liked the small size and portability .

targets
targets

targets

This example highlights the fact that a single sentiment expression ("liked") may target multiple prod-
uct aspects and that one aspect ("size") may be targeted by multiple sentiment expressions. The ad-
jective "small" is marked as target specific sentiment expression because a small size of a camera is
generally considered as a positive attribute. Also take note that the sentence exemplifies a case where
sentiment is conveyed by a verb ("liked").

(A.160)

UÙ

The camera is relatively easy to use .

targets

downtonedBy

We use this sentence to exemplify a case where the sentiment is expressed as part of a longer phrase.
Although the actual polarity of the expression solely relies on the word "easy" (e.g., exchanging it with
"difficult" would shift the polarity), the correct sentiment is conveyed only by the complete phrase.
For example, think of a the sentence such as "The camera is easy to drop.". If we only would annotate
"easy" as sentiment expression, it would be indistinguishable from example (A.160) on the annotation
level. The word "easy" would have different polarities although the target is the same. Constructions
of the form adjective + to + verb are quite common in reviews. Such phrases and similar ones should
be annotated as illustrated by this example.

(A.161)

D Ú

The mattress of the sofa bed was a shame .

targets

In example (A.161) we point out that reviewer may also use nouns (here: "shame") to express his
sentiment.
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A.3.4. Guidelines for the Sentiment Target Annotation

Sentiment targets always refer to product aspects that are relevant in terms of the examined product
domain. A target may become manifest as a single word, a compound noun, or a complex phrase.
The part of speech is variable, but most commonly nouns function as sentiment targets.

Compound Nouns as Sentiment Target

Whereas annotating a single-word target is straightforward, see examples (A.156) to (A.161), deter-
mining the correct text span of a compound noun can be more difficult. The general rule is to annotate
the minimum span that makes up the target. The following guidelines help you to correctly and con-
sistently identify multi-word sentiment targets:

• Type versus attribute: Most targets are formed by nouns. In case such a noun is modified by an
adjective, you have to decide whether it is part of the target or not. In the examples, "digital cam-
era", "compact camera", or "ultra-compact camera" all adjectives belong to the target, whereas in
the compounds "versatile camera", "collapsible camera", or "professional camera" the modifiers
are not part of the target. To make this distinction, determine whether the adjective specifies a
type of the modified entity or describes an attribute of the entity. In the first case, include the
adjective, in the latter case omit the adjective. A good rule of thumb is also to check whether
the adjective is gradable or not. Gradable adjectives typically describe attributes and therefore
should be omitted.

• Numerical and color attributes: Do not include numerical or color attributes in sentiment tar-
gets unless they form an integral part of a term. For instance, do not include "10x" in "10x optical
zoom" or "red" in "red camera design". But include "red" in "red eye reduction".

• Compounds with prepositions and conjunctions: Compounds can be more complex and in-
clude other parts of speech than nouns and adjectives. Most commonly, complex compounds
include prepositions and conjunctions, such as in "digital point-and-shoot camera", "shot-to-
shot speed", or "out-of-focus shot". Analogously to the first rule, you should include complex
modifiers if they specify a particular type of an entity.

• Linking prefixes with coordination: In case a coordination such as "and" or "or" is used to link
relevant prefixes of an entity, annotate the complete phrase as a sentiment target. An example
is given in sentence (A.162). Here, by using a conjunction, both prefixes "auto" and "manual"
are linked to the noun "mode". As both describe a specific type of mode, they are relevant and
thus, we annotate the whole phrase as a sentiment target.

(A.162)

UÙ

The auto and manual mode are both absolutely great .

Complex Phrases as Sentiment Target

In addition to compound nouns, more complex phrases may constitute a sentiment target. Typically,
such a phrase represents a description of a certain product behavior or is a periphrasis of a product
aspect. The following examples point out when to annotate a complex phrase as sentiment target:

(A.163)

UÙ

I really like the way the camera renders clouds .
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In this example the reviewer expresses his appreciation regarding a very specific behavior of the
product. No explicit term exists that could be used. The reviewer must describe the behavior in a
longer phrase. In all cases a reviewer evaluates a certain behavior of a product, annotate the whole
phrase that describes the behavior, but do not include any preceding determiner.

(A.164)

U Ú

I love the ability to check out late .

Here, the reviewer formulates a periphrasis of the product aspect "late check-out". Again, annotate
the whole phrase and leave out any preceding determiner. As for the first example, you must set the
isImplicit attribute to true; a periphrasis implicitly refers to a nominal product aspect.

(A.165)

U Ú

The hotel has a wonderful lobby with big sofas .

Do not include clauses that provide additional, subordinate information on a named product aspect.
In this example, only the word "lobby" is the target instead of the whole phrase "lobby with big sofas".
Take note that we annotate the word "hotel" as a product aspect mention.

Verbs as Sentiment Target

Also verbs may represent a valid sentiment target. For example, in the sentence "The camera focuses
fast.", using the verb "focuses" implies that it is the focus which is fast. Substituting the verb with
another verb, such as "is", "works", or "zooms", would alter the actual target of the sentiment expres-
sion. In the first two cases, the target would be the camera and in the third case the reviewer would
implicitly refer to the zoom. Whenever a verb is directly derived from a nominal product aspect (e.g.,
to focus, to zoom, or to design) and is target of a sentiment expression, mark the verb as sentiment
target. Verbs that are not directly derived from a product aspect may not function as a target. Verbs
that are annotated as sentiment target always must be marked with the isImplicit flag set to true.

Implicit Sentiment Targets

Whenever you annotate a text span as sentiment target that does not explicitly represent a nominal
product aspect, you must set the isImplicit attribute to true. As mentioned in the previous sections
that is generally the case when the reviewer uses a periphrasis describing an aspect or a verb that
implies a specific aspect. Do not set the flag if the sentiment target is a pronoun or refers to a product
name.

Product Names as Sentiment Targets

Despite nominal product aspects and implicit mentions, a product name can constitute a valid senti-
ment target. We want to differentiate between these classes of sentiment targets and therefore intro-
duce the flag isProductName. Whenever a sentiment expression targets a product name, the attribute
must be set to true. A product name may refer to the name of a producer (e.g., "Canon", "Samsung",
or "Sony"), to a specific model (e.g., "EOS 550D", "ES80", or "DSC-W570B"), or to a combination of
both (e.g., "Canon EOS 550D").
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A.3.5. Guidelines for the Sentiment Shifter Annotation

A sentiment shifter modifies the polarity, intensity, or the degree of certainty of a sentiment expres-
sion. It is existentially dependent on such an expression; that is, a sentiment shifter annotation must
be referenced by at least one sentiment expression annotation. We model a many-to-many relation be-
tween shifters and sentiment expressions: A sentiment expression may refer to zero or more shifters
and a shifter may be referenced by one or more sentiment expressions. This many-to-many relation
is implemented by allowing a comma separated list (of pointers to shifter annotations) in the senti-
mentShifterIDs property of the sentiment expression annotation type.

The sentiment shifter annotation takes the single attribute type that defines which characteristic
of a related sentiment expression is modified. Setting the type to amplifier or downtoner indi-
cates that the intensity of a sentiment expression is either increased or decreased. Examples (A.156)
and (A.158) contain amplifying shifters, whereas example (A.160) illustrates the use of a downtoner.
The majority of amplifying and downtoning shifters refer to adverbs such as "very", "extremely",
"really", "greatly", "hardly", "relatively", "little", or "barely".

Solidifying and softening shifters affect the degree of certainty evoked by a sentiment expression
— that is, the commitment the author attributes to his opinion. Take note that a priori, a sentiment ex-
pression does not exhibit any specific certainty degree. This attribute is solely induced by solidifying
or softening sentiment shifters. Using a solidifier, the author indicates that his certainty regarding the
opinion is strong, whereas using a softener indicates a weak certainty. Both types of shifters may be
expressed by single words or longer phrases. An example for a solidifying shifter is given in sentence
(A.157). Here, the word "clearly" increases the author’s commitment towards his sentiment expres-
sion. An example for a softening shifter is presented in (A.166). Here, it is the word "appears" that
reduces the certainty of the author. The reader is not sure whether the picture quality is good or just
appears to be good.

(A.166)

UÙ

The picture quality appears to be good .

softenedBy

A neutralizing sentiment shifter refers to words or phrases that set the the sentiment expression
into an irrealis context, effectively "nullifying" the prior polarity of the related expression. Typical
cases include the use of subjunctive forms (indicating hypothetical or unlikely events) or the use of
conditional forms (indicating that an event is dependent on a condition). Furthermore, words and
phrases that express wishes, requirements, hopes, or expectations of the author often act as neutraliz-
ers. An example for a neutralizing sentiment shifter is given in (A.167). Here the reviewer expresses
an expectation, setting the positive evaluation of the room in an irrealis context.

(A.167)

UÙ UÙ

I expected a nice and comfortable room .

neutralizedBy

neutralizedBy

The most common sentiment shifter is a negation. It predominantly influences the sentiment po-
larity by shifting the prior polarity of the sentiment expression (e.g., from positive to negative).
However, negation also may influence the sentiment intensity and need not necessarily flip polarity.
Typical words that indicate negation are "not", "no", "never", "none", "nothing", or "neither". Besides
these adverbs, other parts of speech may function as negators. For instance, verbs such as "avoid" or
"prevent" can behave as a negator. Often the negative particle "not" is contracted to "n’t". If that is the
case, only annotate the text span covering the contracted form of the particle and leave out the prefix
(e.g., only mark "n’t" in "isn’t"). Do not mark negations that point out the non-existence of an entity.
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A.3.6. Guidelines for the Sentiment Target Reference Annotation

A pronoun reference is annotated by means of a sentiment target reference annotation. This annota-
tion type takes no attributes; it is a simple marker. You should only annotate a pronoun reference if
the referring pronoun is labeled as a sentiment target. The relation between reference and referrer is
established via the pronounReferenceID attribute of the sentiment target annotation type. Most com-
monly, a reference is anaphoric (i.e., is mentioned prior to the pronoun). However, a target reference
may also be cataphoric. We also consider a special case when the pronoun refers to a target that is not
part of the text. In such a case the reference is called exophoric. Use the isExophoric flag in the sentiment
target type to capture this situation.

A.3.7. Guidelines for the Product Aspect Mention Annotation

The product aspect mention annotation type stands on its own and is not related to any other anno-
tation type of the expression level annotation scheme. It is used to capture all mentions of product
aspects that are not addressed by a sentiment target annotation — that is, mentions of aspects which
are not target of any opinion.

With this additional annotation we only capture nominal and named mentions of product aspects.
We do not consider any implicit mentions through complex phrases or verbs. With regard to com-
pound nouns, the same rules apply that we set up for sentiment target annotation type. Also handle
the isProductName attribute in the same way as for sentiment targets.

A.3.8. Annotation Tools and Annotation Process

As the expression level annotation scheme is more complex (annotators need to mark individual
words/phrases and are required to interlink created annotations), editing an XML document (as
done for the sentence level annotations) is not an option. We therefore use a dedicated annotation
tool: We implement the expression level annotation scheme by means of GATE5 annotation schemata.
GATE requires to define a separate W3C XML-Schema for each annotation type. The definition lan-
guage is actually a subset of XML-Schema. It allows to distinguish optional and required attributes
as well as to restrict the valid range of attribute values. The advantage of defining GATE annotation
schemata is that the GATE Schema Annotation Editor is aware of valid attribute values and thus can
present drop-down menus or lists of possible entries so that the annotator is relieved from the task of
typing in attribute values. With GATE annotation schemata it is not possible to model relations be-
tween annotation types. In consequence, the GATE Schema Annotation Editor cannot automatically
verify the validity of created links. The annotation tool also does not support for graphical editing of
relations. The annotator is forced to the error-prone task of linking individual annotations by typing
in the corresponding annotation IDs in the appropriate attribute fields. For this reason, we created a
tool for post-processing annotated documents. It identifies and highlights invalid annotations (e.g.,
an illegal link from a sentiment target to a sentiment shifter annotation or an isolated sentiment tar-
get annotation that is not linked to any sentiment expression), so that annotators can easily revise
incorrect annotations. Figure A.2 depicts a screen shot of the GATE Schema Annotation Editor while
annotating a sentiment expression. It gives an impression about the annotation procedure.

Opposed to the annotated sentence level corpora, which are stored as single huge XML documents,
the expression level corpora are composed of collections of individual documents. However, the
textual content (i.e., the covered set of customer review documents) is identical in corresponding
corpora.

Take note that we use the GATE framework only for the purpose of creating the hand-annotated
expression level corpora. Machine-based, automatic annotators and the corresponding evaluation

5http://gate.ac.uk/
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Figure A.2.: Screenshot of the GATE Schema Annotation Editor while creating a sentiment expression
annotation.

systems are implemented within the UIMA framework. At least at the time of creating the annotated
corpora, the GATE Schema Annotation Editor was far superior to its counterpart (CAS Editor) in
the UIMA framework. We implemented and use tools that allow us to transform annotated GATE
documents to UIMA compatible documents and vice versa.
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rating polar ¬polar positive negative neutral both

1 275 (62.93%) 162 (37.07%) 37 (8.47%) 226 (51.72%) 4 (0.92%) 8 (1.83%)
2 205 (63.47%) 118 (36.53%) 48 (14.86%) 141 (43.65%) 1 (0.31%) 15 (4.64%)
3 384 (72.32%) 147 (27.68%) 139 (26.18%) 186 (35.03%) 32 (6.03%) 27 (5.08%)
4 771 (74.71%) 261 (25.29%) 526 (50.97%) 184 (17.83%) 24 (2.33%) 37 (3.59%)
5 905 (78.49%) 248 (21.51%) 799 (69.30%) 80 (6.94%) 4 (0.35%) 22 (1.91%)

all 2540 (73.07%) 936 (26.93%) 1549 (44.56%) 817 (23.50%) 65 (1.87%) 109 (3.14%)

(a) hotel corpus

rating polar ¬polar positive negative neutral both

1 178 (67.94%) 84 (32.06%) 16 (6.11%) 153 (58.40%) 1 (0.38%) 8 (3.05%)
2 98 (67.12%) 48 (32.88%) 18 (12.33%) 72 (49.32%) 1 (0.68%) 7 (4.79%)
3 196 (52.69%) 176 (47.31%) 66 (17.74%) 117 (31.45%) 5 (1.34%) 8 (2.15%)
4 653 (59.36%) 447 (40.64%) 398 (36.18%) 219 (19.91%) 19 (1.73%) 17 (1.55%)
5 1066 (66.09%) 547 (33.91%) 871 (54.00%) 155 (9.61%) 20 (1.24%) 20 (1.24%)

all 2191 (62.73%) 1302 (37.27%) 1369 (39.19%) 716 (20.50%) 46 (1.32%) 60 (1.72%)

(b) camera corpus

Table B.1.: The distribution of polar sentences in the review corpora. The numbers in brackets repre-
sent the proportion of sentences for a particular type and rating (e.g., "positive" in 5-star
reviews).

recall hotel camera

100% 100.00% 100.00%
90% 57.76% 59.75%
80% 24.29% 24.74%
70% 12.04% 10.06%
60% 6.12% 5.03%
50% 2.86% 2.31%
40% 1.43% 1.05%
30% 0.41% 0.21%

Table B.2.: Recall levels and corresponding proportions of nominal mentions.
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combined hotel camera

discourse function frequency (share) frequency (share) frequency (share)

sentiment 2880 (41.33%) 1554 (44.71%) 1326 (37.96%)
fact 1645 (23.60%) 885 (25.46%) 760 (21.76%)
conclusion 431 (6.18%) 231 (6.65%) 200 (5.73%)
personal context 383 (5.50%) 179 (5.15%) 204 (5.84%)
advice 304 (4.36%) 138 (3.97%) 166 (4.75%)
OTHER 213 (3.06%) 87 (2.50%) 126 (3.61%)
problem 199 (2.86%) 90 (2.59%) 109 (3.12%)
usage 162 (2.32%) 38 (1.09%) 124 (3.55%)
comparison 132 (1.89%) 38 (1.09%) 94 (2.69%)
general remark 97 (1.39%) 34 (0.98%) 63 (1.80%)
requirement 92 (1.32%) 20 (0.58%) 72 (2.06%)
lack 90 (1.29%) 37 (1.06%) 53 (1.52%)
heading 86 (1.23%) 29 (0.83%) 57 (1.63%)
summary 84 (1.21%) 41 (1.18%) 43 (1.23%)
review 74 (1.06%) 31 (0.89%) 43 (1.23%)
purchase 62 (0.89%) 20 (0.58%) 42 (1.20%)
expectation 35 (0.50%) 24 (0.69%) 11 (0.31%)

Table B.3.: The distribution of discourse functions in the review corpora.

discourse function DF Pr (polar | DF)

summary 1.00
lack 1.00
problem 1.00
sentiment 1.00
conclusion 0.99
expectation 0.83
comparison 0.81
review 0.68
fact 0.33
advice 0.33
purchase 0.32
general remark 0.31
personal context 0.17
requirement 0.15
usage 0.14
OTHER 0.03

(a) Correlation with polarity dimension.

discourse function DF Pr (on-topic | DF)

summary 1.00
conclusion 0.97
lack 0.94
problem 0.93
comparison 0.93
sentiment 0.93
expectation 0.80
fact 0.69
advice 0.68
requirement 0.66
review 0.54
purchase 0.47
usage 0.35
general remark 0.34
personal context 0.20
OTHER 0.11

(b) Correlation with topic dimension.

Table B.4.: The correlation of the discourse function dimension with the polarity and topic dimen-
sions.

302



C. Automatic Construction of Product Aspect Lexicons

C.1. Estimates for the Likelihood Ratio Test

C.1.1. Candidate Ranking

Using maximum likelihood estimates, we derive p, p1, and p2 as follows:

p =
D11 +D21

D11 +D12 +D21 +D22
, p1 =

D11

D11 +D12
, p2 =

D21

D21 +D22

Presuming that the counts are binomially distributed with b(k;n, x) =
(
n
k

)
xk(1−x)n−k, the likelihoods

for obtaining the observed counts under H0 and H1 are calculated as

L(H0) = b(D11;D11 +D12, p) ∗ b(D21;D21 +D22, p)

L(H1) = b(D11;D11 +D12, p1) ∗ b(D21;D21 +D22, p2)

and we get the log-likelihood ratio logλ as

logλ = log
L(H0)

L(H1)
= log

(
D11+D12

D11

)
pD11(1− p)D12 ∗

(
D21+D22

D21

)
pD21(1− p)D22(

D11+D12

D11

)
pD11
1 (1− p1)D12 ∗

(
D21+D22

D21

)
pD21
2 (1− p2)D22

= log p ∗ (D11 +D21) + log(1− p) ∗ (D12 +D22)

−D11 log p1 −D12 log(1− p1)−D21 log p2 −D22 log(1− p2). (C.1)

C.1.2. Pros/Cons Pre-Modifier Filter

Let DPros(ws) be the document frequency of a word sequence ws in a corpus of pros lists, where
each list is considered an individual document and let DCons(ws) be defined analogously. Then we
estimate p, p1, and p2 as

p =
DPros(pm, head) +DCons(pm, head)

DPros(head) +DCons(head)
, p1 =

DPros(pm, head)

DPros(head)
, p2 =

DCons(pm, head)

DCons(head)

where Dx(s1, s2) refers to the document frequency of the co-occurrence of strings s1 and s2 in corpus
x. Analogously to Eq. (C.1), we calculate a log-likelihood ratio as

log λ = log p ∗ (DPros(pm, head) +DCons(pm, head))

+ log(1− p) ∗ (DPros(head) +DCons(head)−DPros(pm, head)−DCons(pm, head))

− log p1 ∗DPros(pm, head)− log(1− p1) ∗ (DPros(head)−DPros(pm, head))

− log p2 ∗DCons(pm, head)− log(1− p2) ∗ (DCons(head)−DCons(pm, head)) (C.2)
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C.2. Aspect Detection Algorithms

To conduct the extrinsic evaluation of the automatically constructed aspect lexicons (refer to Sec-
tion 7.7), we need to define how to apply them for detecting product aspects in natural language
text. This section describes and evaluates two approaches, which differ mostly in the way linguistic
information is incorporated.

The most straight forward approach is described by Algorithm C.1. The algorithm gets as input a
stream of tokens (optionally lemmas) and finds all matches of lexicon entries. These resulting matches
are restricted to a set of of non-overlapping matches: From multiple overlapping matches, only the
left-most, longest-matching, and highest-scoring lexicon entry is selected. We apply the Aho-Corasick
algorithm [5] as implemented in the LingPipe NLP framework1. If the BNP1 pattern was used to
build the lexicon (see Section 7.4.2), it only contains singular form terms. By lemmatizing the string,
we simulate a simple inflectional variant aggregation.

Algorithm C.1 Product Aspect Detection (1)

apply linguistic preprocessing to document . tokenization, lemmatization, POS tagging
L← the lexicon
p← part-of-speech pattern used to generate lexicon
if p = BNP1 then

C ← set of non-overlapping lexicon matches in lemmatized and lower-cased input
else

C ← set of non-overlapping lexicon matches in tokenized and lower-cased input
end if
for all c ∈ C do

mark c as detected product aspect and attach score from L
end for

Algorithm C.2 first extracts candidate strings by applying the part-of-speech tag pattern BNP2
and then tries to match the candidates with lexicon entries. The algorithm applies two linguisti-
cally informed heuristics to match substrings of candidates. The first step is to conduct linguistic
pre-processing to the document. Next, a set of candidate extractions C is generated by applying the
part-of-speech tag pattern BNP2. Extracting candidates beforehand ensures that potential matches
exhibit valid part-of-speech tags. This allows for shallow word sense disambiguation based on part-
of-speech tags. Then, for each candidate c ∈ C, we try to match an entry of the lexicon. Depending
on the part-of-speech pattern used to construct the lexicon, we either try to match the lower-cased
lemma or the lower-cased token string s.

1 refer to http://alias-i.com/lingpipe
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Algorithm C.2 Product Aspect Detection (2)

apply linguistic preprocessing to document . tokenization, lemmatization, POS tagging
L← the lexicon
p← part-of-speech pattern used to generate lexicon
C ← set of candidate extractions generated by application of part-of-speech pattern BNP2
for all c ∈ C do

if p = BNP1 then
s← lower-cased concatenation of lemmas covered by c

else
s← lower-cased concatenation of tokens covered by c

end if
if s ∈ L then

mark c as detected product aspect and attach score from L . exact match!
continue looping over C

end if
while first token in c is adjective do . remove preceding adjectives and match

c← c with first token removed
if c ∈ L then

mark c as detected product aspect and attach score from L

continue looping over C
end if

end while
S← set of consecutive substrings of c that exist in L . try to match noun substrings
if S 6= ∅ then

c∗ ← the longest substring s ∈ S, in case of draw with highest score
mark c∗ as detected product aspect and attach score from L

end if
end for

If the candidate string s is contained in the lexicon, we are done, mark the candidate as detected
product aspect and associate it with the score provided by the lexicon. If no exact match is found
and s is a compound, the algorithm tries to match reasonably constructed substrings of s. First, the
algorithm truncates any preceding adjectival modifiers one by one and each time checks for a lexicon
match. The intuition is that in English language, typically the final nouns in a compound refer to the
general class of an entity and any adjectival pre-modifiers derive a more specific type of that class
(e.g., "digital camera" → "camera"). If this heuristic does not produce a match, we try to match any
token n-gram of s. Take note, that at this point s may only consist of nouns. From all token n-gram
matches, we choose the one which is longest (in terms of tokens). If two or more longest matches
have the same length, we choose the match with the highest score.

C.3. Evaluation of the Baseline Approach

In this section, we present a detailed analysis of the results we obtained with the baseline method for
product aspect lexicon construction (refer to Section 7.6).

C.3.1. Intrinsic Evaluation

The lexicons generated by the baseline method contain 1182 (hotel) and 953 (digital camera) entries.
In our setting, the dictionaries’ sizes are around two orders of magnitude larger than reported by Yi
et al. [452] or Ferreira et al. [128]. Their lexicons consist only of around 40 entries. This difference
is mainly due to the different sizes of foreground and background corpora (we examine this more
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Figure C.1.: Intrinsic evaluation of the baseline approach. The bar chart shows precision values for
different partitions of the ranked list of extracted terms.

closely in Appendix C.5 and Sections 7.7.5 and 7.7.6). While we apply the algorithm on corpora of
several ten thousand of documents, they examine corpora comprising only a few hundred docu-
ments. Yi et al. [452] perform only an intrinsic evaluation of the algorithm and find precision@n values
of nearly 1.0 on two different corpora (n = 38 and n = 31). We cannot confirm these high values
with a precision@40 of 0.625 (hotel) and 0.800 (digital camera). Regarding the complete lexicons, we
achieve precision values of 0.612 (hotel) and 0.676, respectively (digital camera). Figure C.1 depicts
the precision of different portions of the extracted lexicons. The two leftmost bars (0%-100%) repre-
sent the precision when evaluated over the entire lexicon, whereas the other bars each represent one
sixth of the lexicons — for example, the first portion represents the 162/3% of the lexicon with highest
scores. Unexpectedly, the precision of the different portions of the lexicons does not decrease with
lower ranks. Indeed, for the hotel domain, the last sixth (831/3%-100%) with lowest ranks exhibits the
highest precision value. Although, for the digital camera dataset, we find that the first sixth has a
significantly higher precision, no constant decrease of precision is observed for portions with lower
ranks. That is, even if we would choose higher threshold values for the the candidate selection, we
cannot increase the precision of the extracted lexicons, but would lower the recall in the aspect detec-
tion task. On the other hand, this raises the question whether it is feasible to lower the threshold (or
apply a different selection method) so that a higher recall for the detection task can be achieved at a
constant level of precision (see Section 7.7.6).

Mistake analysis reveals that mainly four phenomenons are the cause of incorrect lexicon entries
(i.e., false positives). One cause is that the lexicon generation process erroneously identifies product
related terms as aspects, although they do not represent valid product aspects according to our cri-
teria. For example, terms such as "subway stop", "financial district", or "shopping center", which are
clearly related to the domain of hotel reviews, but not valid product aspects, are wrongly extracted.
In the digital camera domain we find terms such as "computer", "hard disk", or "JPEG". As these types
of terms naturally occur with high frequency in the corpora, many false matches are produced when
detecting product aspects.

A second major cause is falsely identified pre-modifiers. As mentioned in Section 7.4.3, these are
either sentiment bearing modifiers (e.g., "well-appointed room", "lovely room", "fantastic zoom") or uni-
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nominal mentions all mentions

dataset scenario precision recall f-measure precision recall f-measure

Hotel A 0.485 (0.582) 0.734 (0.881) 0.584 (0.701) – – –
Hotel B1 0.397 (0.489) 0.715 (0.880) 0.511 (0.629) 0.386 (0.499) 0.614 (0.794) 0.474 (0.613)
Hotel B2 0.636 (0.786) 0.625 (0.773) 0.630 (0.779) 0.615 (0.792) 0.537 (0.692) 0.573 (0.739)
Hotel B3 0.793 (0.976) 0.715 (0.880) 0.752 (0.926) 0.744 (0.962) 0.614 (0.794) 0.673 (0.870)
Camera A 0.592 (0.737) 0.725 (0.902) 0.652 (0.811) – – –
Camera B1 0.408 (0.525) 0.697 (0.896) 0.515 (0.662) 0.386 (0.521) 0.563 (0.760) 0.458 (0.618)
Camera B2 0.609 (0.772) 0.600 (0.760) 0.604 (0.766) 0.587 (0.777) 0.487 (0.645) 0.532 (0.705)
Camera B3 0.736 (0.946) 0.697 (0.896) 0.716 (0.921) 0.687 (0.927) 0.563 (0.760) 0.619 (0.835)

Table C.1.: Results for product aspect and sentiment target detection with the baseline method. Re-
sults that are based on the lenient evaluation measure are shown in parentheses.

versal modifiers (e.g., "particular room", "other room", "new zoom", "large display screen"). Besides
not generating appropriate product aspects, wrongly determined modifiers lead to lower term/doc-
ument frequency counts of the actual product aspect — for instance, occurrences of "particular room"
or "other room" should be counted as occurrence of the actual aspect "room". With regard to the LRT-
score, this may lower the significance of a term candidate, which is then not added to the lexicon.
Both types of false pre-modifiers have a negative influence on the performance of sentiment target or
aspect detection: First, when evaluating with the strict measure, each match of such a lexicon entry
produces both, a false positive and a false negative. Second, with regard to detecting sentiment tar-
gets, a match containing a sentiment bearing pre-modifier may hinder the identification of sentiment
words associated with the match. Thus, the recall in detecting sentiment targets in scenario B2 is
potentially lowered.

A third cause for false positives in the lexicon is the extraction of terms which are significant for the
domain of customer reviews in general, but not for the actual product type (e.g., "review", "problem",
or "highlight"). Although very common, these review-related terms occur with significantly higher
frequency in customer reviews than in general language (e.g., the "ukWaC Web Corpus") and are thus
extracted by the contrastive LRT-ranking. We discussed these types of terms in Section 7.4.3.

A fourth cause are terms that are too specific to be considered as valid product aspects (e.g., "19th
floor", "12x optical zoom", "4gb memory card"). Admittedly, the validity of such terms as aspects is a
question of definition. We decided not to regard these types of terms as valid, which is also reflected
by our annotation guidelines (see Appendix A.3). Most commonly these overly specific terms contain
numerical modifiers and often mention a measurement unit (e.g., "4gb card", "28mm wide angle lens",
or "30sqm room").

C.3.2. Extrinsic Evaluation — Scenario A (Aspect Mentions)

Results for the extrinsic evaluation of the baseline method are presented in Table C.1. We apply
the baseline approach on the two test corpora and show evaluation results distinguishing between
nominal only versus all mention types, strict versus lenient evaluation measure, and between the four
evaluation scenarios A and B1-B3. For scenario A, we only present results for nominal mention types
as our annotation scheme does not cover reference or implicit mention types that are not targeted by
a sentiment expression.

In scenario A, the baseline method achieves moderate values for the f-measure on both corpora.
Strict evaluation results in an f-measure of 0.584 for the hotel review corpus and 0.652 for the camera
dataset, respectively. Considering only nominal mentions, for both datasets we find that the recall
values are comparably high with 0.734 and 0.725. Regarding the camera dataset, we exhibit a higher

307



C. Automatic Construction of Product Aspect Lexicons

precision of 0.592 compared to 0.485. We attribute this to the generally higher precision of the ex-
tracted camera aspect lexicon and in particular to the high precision of the first portion of this lexicon
(which contains many of the frequently mentioned aspects). We make similar observations when
considering the lenient evaluation results. Here, we measure f-scores of 0.701 and 0.811.

Mistake Analysis Examining the false negatives produced by the lexicon-based aspect detection
method in scenario A, we identify several different causes for missing extractions. A frequent cause
is that the method fails to recognize common terms that also represent product aspects. For instance,
in the hotel domain the lexicon does not include aspects such as "breakfast", "management", "Inter-
net", or "shower". In the camera corpus, valid aspects such as "options", "flexibility", "handling", or
"value" are missing. Although these terms occur with high frequency in the foreground corpus, they
are so common in general language that their LRT-score is lower than the defined threshold of 3.84.
A further factor for reduced recall is due to the approximate Zipfian distribution of aspect mentions.
The foreground corpora can never be large enough — there will always exist mentions that occur
only once or with very low frequency. For instance, in the digital camera corpus, false negatives such
as "AF assist lamp", "charging cradle", or "fluorescent lighting setting", appear only once or not at all
in the foreground corpus. Thus, the LRT-approach or any other frequency based ranking method has
difficulties in extracting low frequency terms. The low-recall/high-precision heuristic, employed
to initially discover candidate terms, even amplifies this effect. Jakob [182][chap. 3] studies the in-
fluence of low frequency terms more closely and reports similar findings2. As previously indicated,
another frequent cause of false negatives is wrongly identified pre-modifiers. For instance, lexicon
entries such as "great camera", "8x zoom", or "comfortable bed" produce false positives and false
negatives in the strict evaluation scenario. Further reasons are misspellings (e.g., "continetal break-
fast" or "pictues"), unrecognized part-of-speech patterns (e.g., "shot to shot speed") and unidentified
compositional variants (e.g., "size of the room" or "quality of the images").

Examining false positives in more detail, we identify mainly five different types of errors. For each
of the two test corpora, we (randomly) sample subsets of 200 false positives produced by the baseline
method and analyze these more closely. With regard to the hotel dataset, we find that 65% of false
positives are caused by (1) incorrect lexicon entries (e.g., "car", "wife", "annoyance", "city"). Another
16% of false positives can be ascribed to (2) partial matches (e.g., "air con" instead of "air con unit"
or "parking lot" instead of "indoor parking lot"). Take note that these at the same time count as false
negatives and that a single false negative may produce multiple false positives: For instance, the
lexicon contains the product aspects "bed" and "linens", but not "bed linens". Then in a sentence "The
bed linens had stains on them.", the strict evaluation produces a false negative for missing the aspect
"bed linens" and two false positives for the matchings "bed" and "linens". Partial matches may also
be caused by (3) false pre-modifiers (e.g., "entire room", "great location"). We count this type of error
separately and find that these account for a share of 7%. A fourth type of error is rooted in the (4)
missing context awareness of a lexicon-based approach. Depending on the context, the occurrence
of a valid product aspect term may actually refer to an entity that is not associated with the reviewed
product. For instance in the sentence "The bed has convinced me that my next bed at home will be a
Tempurpedic!", the first occurrence of the term "bed" refers to the hotel bed (which is thus annotated
as product aspect mention), whereas the second mention is not related to the reviewed product (and
is thus not annotated). Such errors also typically occur when reviewers provide general remarks (e.g.,
"As with many hotels today, ..."). On the hotel test corpus this error type is responsible for 8% of all
false positives. Furthermore, we find that 4% or errors are caused by (5) lexical ambiguity of lexicon
entries.

With respect to the digital camera test corpus, error types (3) and (5) are similarly distributed. In

2 Although the author examines a different setting, the basic results are transferable. In contrast to us, Jakob [182] uses the
test corpora as foreground corpora for contrastive ranking. No separate, larger foreground corpora are used. The analysis
of low frequency terms is based on sentiment target detection scenarios.
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the corresponding sample, we find that 8% of false positives can be attributed to false pre-modifiers
and 4% relate to lexical ambiguity. We observe different analysis results for type (1), (2), and (4). In
the digital camera corpus, partial matches as well as false lexicon entries make up a share of 35% each
(i.e., together account for 70%). We attribute the lower share of type (1) errors to the higher precision
of the generated lexicon (0.676 to 0.612). The relatively higher amount of partial match errors becomes
apparent in the larger gap between strict and lenient results for the precision (0.141 for the camera
dataset compared to 0.095 for the hotel corpus).

Extrinsic Evaluation — Scenarios B1-B3 (Sentiment Target Detection)

Analyzing the synthetic sentiment target scenarios B1-B3, a first observation is that even in the best
case setting (B3, nominal mentions only), the baseline method does not achieve f-measures higher
than 80 percent. In fact, for the hotel dataset we measure an f-score of 0.752 and for the camera corpus
a score of 0.716. Reconsider that in scenario B3 the algorithm has perfect knowledge of sentiment
targets. The algorithm extracts only candidates that overlap with a sentiment target. In consequence,
one source of false positives is partial matches of valid nominal targets. To measure the amount
of the different partial match failure types, we examined the whole set of false positives produced
on both corpora. We distinguish between matches that preserve the correct sense of the associated
aspect (e.g., "wireless internet" instead of "wireless internet access") and matches that do not (e.g.,
"auto" instead of "auto zoom feature"). With respect to the hotel dataset we find that 77% of false
positives actually preserve the sense and 23% do not. We further subdivide the 77% share of sense
preserving failures into errors caused by partial matches due to false pre-modifiers (44%) and other
partial matches (33%). Regarding digital camera corpus, the basic ratio is similar with 73% to 27%.
Here, false pre-modifier partial matches account for 20%, whereas other partial matches sum up to
53%. Considering sense-preserving partial matches as correct and reevaluating our results with this
knowledge leads to precision values of 0.953 for the hotel test corpus and 0.928 for the digital camera
test corpus in scenario B3. The lenient evaluation measure thus slightly overestimates this reevaluated
precision.

Discussion of Precision Results As expected, precision increases the more accurate and complete
information on sentiment expressions is available to the extraction algorithm. For the hotel corpus,
the baseline approach achieves precision values of 0.397, 0.636, and 0.793 for scenarios B1, B2, and B3.
For the digital camera dataset these numbers are slightly less (except for B1) with 0.408, 0.609, and
0.736. In scenario B1 only sentence level information on sentiment is given. Here, we observe that
a great share of false positives is caused by a small share of high frequency terms, such as "camera",
"picture", and "shot" for the digital camera corpus or "hotel" and "room" in the hotel review dataset.
These terms, which either refer to the product type itself ("camera", "hotel") or to a very important
concept regarding the product ("picture", "room"), often occur in constructs that actually refer to other
more specific product aspects. For instance, in the sentences "The beds were very comfortable in our
room.", or "My dad bought this camera before me, and I was impressed with the picture quality.", the
occurrences of "hotel" and "camera" are not direct target of the sentiment expression (the actual sen-
timent targets are "bed" and "picture quality"). References to the product type or important concepts
also occur quite often in compositional constructs such as in "The location of the hotel is extremely
convenient.", which leads to a false extraction of the match "hotel".

Discussion of Recall Results The recall values that we achieve in the best case scenario B3 under
lenient evaluation, in effect, correspond to the coverage of the extracted lexicons. For the baseline
method, we report recall values (nominal-only, lenient) of 0.880 for the hotel corpus and 0.896 for the
digital camera dataset. For both datasets, we perform mistake analysis and examine the whole set
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of false negatives more closely. We find that the major share (hotel: 77.2%, camera: 82.5%) of missed
sentiment targets can be ascribed to non sufficient coverage of the extracted lexicons, either because
aspects correspond to common words in general language (e.g., "value") or because targets exhibit too
low frequency (e.g., "spirituality menu"). Furthermore, misspellings are responsible for 6.6% (hotel)
and 6.2% (camera) of false negatives. Another 8.8% (hotel) and 8.2% (camera) can be attributed to non-
covered part-of-speech tag patterns3(e.g., the tagger generates "checking/VBG in/IN" or "ease/NN
of/IN use/NN"). The rest (hotel: 7.4%, camera: 3.1%) of false negatives is due to multiple partial
matches of a single sentiment target (e.g., we match "room service" and "staff" in "room service staff",
and count the second match as false negative even in lenient evaluation).

Due to the specific setting, recall values for scenarios B1 and B3 are equal: Extracting each match
in a polar sentence (B1) or extracting each match overlapping a sentiment target (B3) result in the
same set of covered sentiment targets. Recall values for scenario B2 are lower (hotel: 0.625 compared
to 0.715, camera: 0.600 compared to 0.697), as the "closest match" heuristic only extracts a single
match per sentiment expression. That is, in a situation when a single sentiment expression targets n
product aspects, (n−1) aspects are not recognized (unless targeted by another sentiment expression).
Lenient recall values for scenarios A and B3 (both representing lexicon coverage) are very similar
(hotel: 0.881 to 0.880, camera: 0.902 to 0.896), reflecting the observation that terms referring to general
aspect mentions (A) are similarly distributed in the corpora to terms related to sentiment targets
(B3). Unsurprisingly, the recall values, when evaluated on all mention types, are lower compared
to evaluation of nominal mentions only. The lexicon-based approach is simply unable to resolve
pronominal mentions and also misses implicit mentions. Since we apply product name filtering, the
baseline method also does not extract named mentions. This results in around 10 percentage points
lower recall for all scenarios.

C.4. Influence of the Aspect Detection Algorithm

In this evaluation scenario, we examine the influence of the detection algorithm. Whereas the ex-
trinsic evaluation of the baseline approach is based on the application of the simple string matching
Algorithm C.1, we now consider the linguistically more informed Algorithm C.2. Table C.2 reports
the results for the baseline method when using Algorithm C.2 (i.e., the reported differences refer to
Table C.1). We only consider nominal aspect mentions and the strict evaluation metric.

Comparing the two approaches lets not expect that recall values differ significantly as the main
difference is related to the way overlapping matches are treated. This expectation is confirmed by the
results. Although we can measure a minimally improved recall in most settings, the increase is sta-
tistically not significant at the chosen confidence level of 99%. Considering the precision achieved by
the alternative detection algorithm, we can observe a statistically significant increase in all settings.
For the hotel corpus we attain a maximum increase of 6.6 percentage points and regarding the digital
camera corpus, the maximum increase is 5.8 percentage points (in scenario A). The general increase
of precision can be mainly attributed to two reasons: First, restricting matches to adhere a given part-
of-speech pattern reduces errors caused by the lexical ambiguity of lexicon entries. A second (minor)
effect of applying the alternative algorithm is that the number of false positives produced by par-
tial matches is lowered. In contrast to Algorithm C.1, it has access to candidate phrases (matching
a part-of-speech pattern) and allows only one match per such candidate. For instance, assume that
the generated lexicon contains the terms "battery" and "compartment door", but not "battery com-
partment door". In a sentence such as "The battery compartment door is very flimsy and feels like
it’s going to fly off.", the first algorithm would match the two non-overlapping occurrences of "bat-

3 Take note that these numbers reflect the results of our corpus analysis with regard to the distribution of part-of-speech
patterns (see Table 6.8). Corpus analysis showed that nearly 93% of nominal aspect mentions can be ascribed to simple
noun phrases which are covered by our patterns.
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Nominal Mentions

Dataset Scenario Precision Recall F-measure

Hotel A 0.551 (0.066∗∗) 0.730 (-0.004) 0.628 (0.044∗∗)
Hotel B1 0.433 (0.036∗∗) 0.712 (-0.003) 0.539 (0.028∗∗)
Hotel B2 0.658 (0.022∗∗) 0.630 (0.005) 0.644 (0.013)
Hotel B3 0.813 (0.020∗∗) 0.712 (-0.003) 0.759 (0.007∗∗)
Camera A 0.650 (0.058∗∗) 0.725 (0.000) 0.686 (0.033∗∗)
Camera B1 0.443 (0.035∗∗) 0.699 (0.002) 0.542 (0.027∗∗)
Camera B2 0.638 (0.029∗∗) 0.617 (0.017) 0.627 (0.023)
Camera B3 0.768 (0.032∗∗) 0.699 (0.002) 0.732 (0.016∗∗)

Table C.2.: Results for product aspect and sentiment target extraction with the baseline method when
using the the alternative detection algorithm. Reported results are based on the strict eval-
uation measure.

tery" and "compartment door" as product aspects, thus generating two false positives (according to
the strict measure). The second algorithm identifies "battery compartment door" as candidate and
since the complete candidate is not part of the lexicon, matches the longest known substring which is
"compartment door" in this case.

C.5. Comparability to Related Work

In our experiments with terminology extraction, we define the relevance of identified product aspects
with regard to a whole class of products (e.g., hotels or digital cameras), instead of a single specific
product or model. This becomes manifest in our use of a separate, very large foreground corpus, as
well as in the composition of our evaluation corpora. In contrast, the major share of related work,
such as Ferreira et al. [128] or Hu and Liu [177], define relevance towards an individual product. As
a consequence, foreground and evaluation corpora contain reviews commenting on a single, specific
product only. Furthermore, which is not a direct corollary, in their studies, foreground and test cor-
pora are in fact identical — no separate dataset is used to acquire the lexicon. Independent of the
definition of relevance, we believe that especially this experimental setup is contra-indicated when
evaluating an unsupervised approach. Unsupervised approaches have the great advantage of gath-
ering knowledge from unlabeled data. Such data is typically easily available (e.g., by a web crawl)
and should be exploited.

In this section we are interested in answering the following two questions: How well does our
(more realistic) approach of using a separate, large foreground corpus perform in comparison to an
approach that does not? And second, how well does a "product-class-centric" lexicon perform on a
dataset that only contains reviews of a specific product (belonging to that class). We answer both
questions in combination and propose a single experimental setup:

As test corpora, we use the "Hu/Liu dataset" [177] and its extension by Ferreira et al. [128] (see
also Section 5.4.3). In particular, we run our evaluations on the two sections of the corpora that cover
digital camera reviews. The first section contains 45 customer reviews for the Canon G3 camera and
the second section consists of 34 reviews of the Nikon Coolpix 4300 camera model. Recall that the
original corpus contains annotations only for sentiment targets, whereas as Ferreira’s extension covers
each mention of a product aspect. To answer our questions, we are only interested in the performance
with regard to recall. The precision value can be assumed to be similar to the findings with our
own corpora. We calculate the recall value by extracting all sentiment targets/aspect mentions from
each test corpus and looking up whether it is contained in our extracted lexicon. We compare the
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values with the results reported by Ferreira et al. [128] who examined the same approach, but without
exploiting a separate foreground corpus.

Ferreira’s extension contains 594 aspect mentions (161 distinct aspects) for the first camera corpus
and 340 aspect mentions (120 distinct aspects) for the second dataset. In these corpora each mention
annotation refers to a nominal mention. Out of 594 mentions we are able to find 475 with our lexicon,
resulting in a recall of 0.800. In the second corpus, we detect 271 out of the 340 mentions which
corresponds to a recall of 0.797. Compared to the results reported by Ferreira et al. [128], we achieve
recall values which are 54.8 percentage points (increase of 317%) and 64.1 percentage points (increase
of 511%) higher. The absolute results achieved on these datasets are in compliance to findings on our
own corpus — we can compare to the results of evaluation scenario A for the camera corpus which
shows a recall of 0.725 (Table C.2). Assuming that the precision value of 0.592 (as measured on our
corpus) is constant, we can estimate an f-measure of 0.680 for the Canon G3 dataset and a value of
0.679 for the Nikon Coolpix corpus. Compared to Ferreira’s findings we observe improvements of
29.7 (+178%) and 41.9 (+261%) percentage points in f-measure.

We also apply our lexicons to the original Hu/Liu corpus. The Canon G3 section of the corpus
contains 257 nominal mentions of sentiment targets (99 distinct aspects). Out of these we recognize
188, corresponding to a recall value of 0.732. For the Nikon Coolpix dataset, we achieve a recall 0.741
with 137 matches out of 185 targets (74 distinct aspects). Again these results are in compliance with
the findings regarding our own corpus. The setting is comparable to evaluation scenario B3, which
shows a recall of 0.699 for the camera dataset (Table C.2). Ferreira et al. [128] do not report results for
the original corpus, so that we cannot calculate any potential improvements.

In summary, the results show that utilizing a separate, large foreground corpus for lexicon ac-
quisition substantially improves the recall. As hypothesized, the examined unsupervised approach
benefits significantly from utilizing a large collection of unlabeled data. Also the second question
can be answered positively. In the aspect detection (A) as well as in the sentiment target extraction
scenario (B3), the "product-class-centric" lexicon achieves good recall values, that is, detects the major
share of the product’s aspects.
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D. Acquiring Coarse-Grained Product Aspects with
Probabilistic Topic Modeling

D.1. Overview and Related Work

In this section we consider the task of initially determining a set of coarse-grained aspects that ade-
quately describe a given product type. Basically, two problems need to be solved. First, the actual
level of granularity must be defined. For example, we need to decide whether aspects such as "room
amenities", "bathroom", and "view" are considered separately, or whether they are all subsumed in
an (even) more coarse-grained topic "room". Second, we need to identify the individual relevance
of a specific topic. For example, we need to decide whether we want to include an aspect such as
"housekeeping" or do not consider it at all. Obviously, these decisions are also application specific,
that is depend on concrete requirements for the customer review mining system.

In analogy to the task of ontology engineering, we can most basically distinguish two main paradigms
for determining a set of relevant topics (concepts):

• Domain experts: Relevant concepts are identified manually by a group of persons which have
good knowledge of the product domain. Existing knowledge bases and the actual data (i.e., the
customer reviews) may be consulted during the manual acquisition process.

• Data-driven, semi-automatic: Unsupervised, statistical methods are used to analyze the actual
data. The most prevalent concepts are automatically identified and presented along with a
relevance score to a person which manually refines them in a post-processing step.

As already pointed out in previous chapters, we pursue a data-driven approach. Obviously, this
approach has the advantage of taking into account the real distribution of the different topics as found
in the data. For example, a domain expert may find that "low-light performance" is not a relevant topic
on its own and subsumes it as part of a more general topic "picture quality". However, the actual data
may show that "low-light performance" is a concept which is very frequently discussed by reviewers
and consequently should considered separately. The data-driven approach thus helps in guiding the
decision process. Our data-driven approach is based on probabilistic topic modeling techniques:

In Section 4.4.3 we already introduced topic models (and adaptations) as an approach to statistically
model the information contained in customer review documents. We briefly reconsider the concept
and in particular point out its applicability for analyzing the topic dimension of reviews. Blei [42]
describes probabilistic topic models as "algorithms for discovering the main themes that pervade a large
and otherwise unstructured collection of documents". In contrast to traditional document clustering
techniques1, a topic model is capable of assigning multiple topics to a single document — that is,
a document is considered as a mixture of latent themes. For example, a hotel review may contain
a mixture of the themes "check-in process", "hotel location", and "room amenities". Topic models
thus allow for decomposing a document’s content with regard to its underlying thematic structure.
Naturally, the main fields of application are the organization and summarization of large document
collections, exploratory corpus analysis, and tasks concerned with prediction problems.

Currently, the most commonly used approach to probabilistic topic modeling is the latent Dirichlet
allocation (LDA) model introduced by Blei et al. [43]: LDA assumes a generative, topic-driven proba-

1 see for example Manning et al. [250, chapters 16,17]
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bilistic model of text corpora2. Each document is ascribed to a finite mixture of latent topics (distri-
bution over topics) and each word in a document is generated by one of the document’s topics (i.e.,
each topic is associated with a distribution over words). Standard statistical inference methods are
then applied to estimate the model parameters that best describe the observed data (i.e., the collection
of documents). With such a probabilistic model it is then possible to derive an association between
individual words and the latent topics prevalent in the corpus — for example, that the words shower,
sink, toilet, or tub are very likely to be generated by a latent topic bathroom in a corpus of hotel reviews.
Several researchers have studied the applicability of topic modeling approaches within the context of
customer review mining:

For example, Titov and McDonald [382] cast the task of detecting coarse-grained, ratable aspects
in customer reviews as a topic modeling problem. They propose to extend the LDA method as they
found that such a standard topic modeling approach does not fit well in the task of detecting ratable
aspects. They argue that, since the bag-of-words assumption of the standard model only allows to
incorporate co-occurrence statistics at the document level, mainly "global" topics are inferred that
distinguish the individual documents (e.g., reviews of New York hotels from London or Berlin hotels).
Instead, they propose a Multi-grain LDA that distinguishes "global" (document level) and "local"
topics.

Whereas global topics are fixed for each document, local topics are induced on the sentence level
(depending on a local context which is defined as a sliding window over sentences). Each word is
then either sampled from one of the local or global topics. The authors hypothesize that the words
associated with the induced local topics correspond to the ratable aspects in a review corpus. A
qualitative evaluation on different review corpora underpins their assertion: Local topics in the MG-
LDA model pretty well correspond to ratable aspects. Compared to the MG-LDA approach, the LDA
model’s coverage of ratable aspects is lower and the topic coherence is worse. However, they also
find that the quality of results is much dependent on the dataset. For example, both models fail to
capture the majority of aspects when applied to a corpus of restaurant reviews3.

It is not directly clear how to apply the inferred topic models in a prediction task (e.g., extracting
product aspects mentioned in a customer review). In contrast to the MG-LDA model, the standard
LDA does not provide estimates for the topic distribution of individual syntactical units such as
sentences. Titov and McDonald basically propose to "set the probability of a topic for a sentence to
be proportional to the number of words assigned to this topic". Due to the lack of a dataset that is
annotated on the sentence level, evaluation of aspect detection is only performed indirectly as part
of a sentiment analysis task. Results of this extrinsic evaluation show improvements with LDA and
MG-LDA in the task of predicting numerical ratings of individual, coarse-grained product aspects.

Despite the conclusions of the previously cited work, Brody and Elhadad [55] apply the "standard"
LDA topic modeling approach to find ratable aspects. To overcome the problem with the derivation of
global topics, they propose to treat each single sentence as a separate document during the inference
process. In other words, instead of altering the algorithm, they change the shape of the input to
the algorithm. With regard to this specific local LDA version, the findings of Titov and McDonald
[382] and Brody and Elhadad [55] are inconsistent. Also Titov and McDonald experiment with the
local LDA configuration, but they report inferior results, in particular that many inferred topics do
not correspond to ratable aspects and that valid topics partly exhibit a lack of coherency. Brody and
Elhadad evaluate the local LDA approach on a corpus of manually labeled sentences stemming from
the domain of restaurant reviews. Whereas the original corpus [138] contains sentences with multiple
topic labels, they simplify the test corpus to a subset consisting of sentences with only a single label.
Only four topics corresponding to ratable aspects are defined in the gold standard ("food&drink",

2LDA is however not restricted to textual data.
3 In this case, Titov and McDonald [382] hypothesize that the large number of different cuisines and the related specific

vocabulary (e.g., "pizza", "pasta" vs. "sushi", "noodles") hinders the unsupervised methods in detecting generic concepts,
such as "meal dishes" or "fish dishes", and propose hierarchical topic models (e.g., [150]) to cope with this issue.
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Figure D.1.: Probabilistic topic modeling for the exploration of text corpora.

"service", "price", and "atmosphere"). Two topics do not correspond to ratable aspects ("anecdotes"
and "miscellaneous"). As the input to the local LDA are sentences, the inferred model can directly
applied to estimate the topic distribution of individual sentences. A sentence is labeled with the most
probable topic if the estimate is higher than a given threshold value. Otherwise no label is associated.
Unfortunately, the authors do not provide very detailed results. Only precision-recall curves are
reported and only for the three best performing topics. The results are not further discussed. Due to
the restriction to a very small set of topics and the rather shallow evaluation of the topic assignment
task, it thus remains unclear to which extent the local LDA approach is suited for detecting coarse-
grained product aspects.

As discussed in Section 4.4.3, other researchers propose to consider the topic and sentiment dimen-
sions jointly [194, 233, 259, 383, 465] and adapt standard topic models. We are not going into further
details as these approaches are less relevant in the context of this chapter.

D.2. Implementation

We now discuss our concrete approach of utilizing topic modeling techniques. As we have sketched
in the previously, the techniques are well suited for exploratory corpus analysis. Also, due to the
unsupervised nature, very large document collections can be analyzed easily. Our basic approach is
depicted in Fig. D.1. In the following we give a more detailed description:

For each application domain (hotels and digital cameras) we randomly sample a subset 50,000
review documents from the complete web crawls. The resulting datasets consist of 413,288 (hotel)
and 523,003 (camera) sentences, spanning 6,898,712 and 8,196,561 tokens4, respectively. We experi-
ment with two representations of the document collections. We either represent the collection as the
original set of 50,000 documents, or consider each single sentence as an individual document. The in-
tuition behind the sentence-oriented representation is the same as pointed out by Brody and Elhadad
[55]. By providing sentences instead of complete documents, the hope is to force the probabilistic
topic model to find "local" instead of "global" topics. Each document (be it the original document or
a sentence) is tokenized and case folded. We filter stop words with a predefined list5 of words (524
entries).

4Tokenization is performed by a simple regular expression, considering whitespace boundaries and punctuation. Sentence
splitting is based on the output of the Stanford CoreNLP tool.

5We use the list of stop words provided with the distribution of the MALLET software package.
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As our task is mainly of exploratory nature ("find relevant topics"), we believe that a standard topic
model based on LDA suffices to fulfill our needs. More sophisticated methods, such as the multi-grain
topic model proposed by Titov and McDonald [382] or the approaches presented in [194, 233, 259],
may be indicated for fully automatic settings where the models are directly used for prediction. We
make use of the LDA implementation which is part of the open source Machine Learning for Language
Toolkit (MALLET)6 developed by McCallum [255]. The MALLET toolkit provides many configuration
parameters with regard to the LDA inference process. Most importantly, the number of topics must
be provided beforehand. It is unclear which amount of topics is reasonable for our task, but it is also
not our goal to extensively experiment with this parameter. We only consider two different settings,
50 topics and 100 topics. Further relevant parameters are listed with a short description in Table D.1.

parameter value description

num-iterations 1000 the number of sampling iterations
optimize-interval 10 optimizes hyperparameters every x iterations to

better fit the data
optimize-burn-in 20 starts hyperparameter optimization after x itera-

tions

Table D.1.: Definition of parameter values for the LDA component of MALLET.

MALLET allows for several output formats, including a binary representation of the learned topic
model. But since our goal is to explore the corpus, we are primarily interested in a human read-
able/interpretable form. As we have learned earlier, the LDA approach models each topic by a dis-
tribution over words. Thus, the words exhibiting the highest probability mass of such a distribution,
typically characterize a topic/concept quite well. By looking at these top-n words, a human can rel-
atively easy decide whether the extracted topic shows adequate coherency and if yes, can provide a
meaningful label. For each topic, MALLET also reports the most common phrases (token sequences)
that can be attributed to the topic. As an example, Table D.2 presents the top ten words and phrases
for a topic that we easily identified as describing the concept "image stabilization".

rank word phrase

1 image (2282) image stabilization (284)
2 stabilization (1572) anti shake (58)
3 zoom (904) image stabilizer (46)
4 camera (893) hand held (27)
5 shake (765) image stabilization works (21)
6 feature (571) optical zoom (21)
7 tripod (559) image stabilization feature (19)
8 hand (497) anti blur (17)
9 anti (412) image stablization (16)
10 steady (394) steady hand (16)

Table D.2.: Top ten words and phrases for the topic "image stabilization". The number in brackets
refers to the frequency a word or phrase is attributed to the topic.

In case the top keywords and phrases do not suffice to identify a coherent topic, we extract and
consult exemplary sentences from the document collection that the topic model automatically associ-
ated with the concept under consideration7. If also this analysis does not help, we mark the concept
as incoherent.

6http://mallet.cs.umass.edu/
7This additional step is only possible if we choose a sentence-oriented representation of the document collection.
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D.3. Results

indicator original-100 sentence-100 sentence-50

relevant aspects 51/100 (56.2%) 57/100 (64.2%) 37/50 (72.1%)
incoherent topics 8/100 (8.6%) 5/100 (2.5%) 0/100 (0.0%)
global topics 14/100 (8.7%) 9/100 (7.0%) 2/100 (3.1%)

(a) hotel dataset

indicator original-100 sentence-100 sentence-50

relevant aspects 48/100 (50.7%) 60/100 (67.7%) 30/50 (67.1%)
incoherent topics 12/100 (12.1%) 5/100 (2.5%) 1/100 (0.4%)
global topics 11/100 (4.9%) 4/100 (3.8%) 1/100 (0.5%)

(b) digital camera dataset

Table D.3.: The quality of the generated topic models for different inputs and a varying number of
topics. The numbers in brackets indicate the share of tokens of the complete corpus that is
attributed to the described topics.

We decide on the relevance of an extracted topic based on the relative importance of the concept
and its "singularity". The relative importance of a topic is given by the share of the total corpus
attributed to that topic (in comparison to other relevant topics). With "singularity" we refer to a
concept’s property of no or few overlap with other concepts. We are aware that both measures are
rather fuzzy, but they reflect the indicators a human annotator can use during the decision process.
With a model of 100 topics, we consider concepts exhibiting a support of 1% or more (i.e. that account
for at least 1% of the complete corpus) as separate aspects. Concepts with a lower support are either
not further considered or are subsumed within a more coarse-grained aspect. For instance, we find
the concepts "color reproduction" and "image noise", both with a support significantly lower than 1%,
that we consequently subsume within the aspect "picture quality". We also subsume concepts that we
find have a too strong overlap with other corresponding concepts.

The two-level hierarchy as described in Section 5.2.2 is derived completely manual. We analyze the
flat list of extracted topics and distill some main topics. Most of these main topics, such as "room",
"location", or "service", are also extracted as concepts by the topic model, only a few, such as "sleep
quality" (subsuming the aspects "bed" and "noise"), are rather "virtual", that is are not explicitly found
by the LDA approach. Given a flat list of aspects, it is easy and effortless for a human (also with rather
basic understanding of the specific domain) to build a simple two-level hierarchy.

D.3. Results

D.3.1. Documents vs. Sentences

We find that the sentence-oriented representation performs better than using the original documents.
For this result, we mainly consider three indicators that characterize the quality of a generated topic
model in our context. First, the number or share8 of coherent topics which refer to a coarse-grained
product aspect shows the ability of the model to focus on relevant concepts. Second, we characterize
coherency by the amount and share of incoherent topics produced by the model. And third, the
number and share of "global" topics (mostly cities in case of hotel reviews and brands in case of
camera reviews) indicate the capability of finding the more relevant "local" topics.

Table D.3 compares the indicator values for the original and sentence-oriented input. With regard
to this comparison, we only consider the setting with 100 topics. For the hotel review dataset and with

8 We compute the share or relative frequency of a topic, by dividing the amount of tokens associated with the topics by the
total number of tokens found in the corpus (stopwords not counted).
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D. Acquiring Coarse-Grained Product Aspects with Probabilistic Topic Modeling

rank word phrase

1 water (2100) hot water (81)
2 shower (1827) water pressure (70)
3 hot (1082) shower head (25)
4 pressure (609) water pressure shower (17)
5 bathroom (549) hot tub (15)

(a) bathroom - water temperature/pressure

rank word phrase

1 bathroom (1658) bathroom amenities (11)
2 nice (728) bath products (10)
3 towels (467) bath shower (9)
4 toiletries (421) soap shampoo (6)
5 products (387) bath robes (6)

(b) bathroom - toiletries

Table D.4.: Top five words and phrases for two distinct topics that both refer to the aspect "bathroom".
The number in brackets refers to the frequency a word or phrase is attributed to the topic.

complete reviews as input, we find 51 out of 100 topics that represent coherent coarse-grained product
aspects. In total, these topics account for 56.2% of the complete corpus. With sentence-oriented input,
the LDA model generates 56 out of 100 relevant topics which together cover a share of 64.2% of the
corpus. Concerning the digital camera dataset, these numbers are even more pronounced. Here, with
the original input, we find 48 out of 100 (corresponding to a share of 50.7%) topics to be relevant,
whereas 60 out of 100 (share of 67.7%) are found with sentence-oriented input. Thus, we consistently
observe a significantly higher ratio of relevant topics for the sentence-oriented input. We also find
a lower number of incoherent topics (i.e., topics for which a human annotator could not find an
adequate label) for this type of input. With the original input 8 (hotel) and 12 (camera) out of 100
topics are marked incoherent, covering a share of 8.6% and 12.1%, respectively. Using sentences as
input, the number of incoherent concepts is less. In both datasets we observe 5 incoherent topics
which span 2.5% of all tokens in the corpus. Furthermore, we find that the absolute number of global
topics that refer to a city (hotel) or brand (camera) is reduced. Whereas for the original input, 14 (hotel)
and 11 (camera) concepts refer to global topics, with sentence-oriented input we only observe 9 and 4
global topics. However, the share of the complete corpus attributed to global topics is not significantly
reduced. For the hotel dataset the reduction is from 8.7% to 7.0% and for the camera corpus it is 4.9%
to 3.8%. In summary, all three indicators show better results for the sentence-oriented representation.
We conclude that this input format is better suited to guide the decision process of a human annotator
during the initial acquisition of coarse-grained product aspects.

D.3.2. Generated Topic Models and Number of Topics

We discuss the learned topic models and compare the models generated with 100 and 50 topics. For
the comparison, we consider the indicators introduced in the previous section, but also compare the
coverage of the different models. Setting the number of topics to 100, the LDA process generates 56
different concepts that refer to relevant aspects for the hotel dataset. Within the 56 extracted topics,
we initially identify 22 unique aspects, that is some aspects are represented by multiple concepts.
Table D.4 provides an example for the aspect "bathroom". The keywords and phrases for the first
topic show that this concept primarily addresses the water temperature and water pressure of the
shower or tub. The second topic describes a concept that we labeled as "toiletries". As both topics
account for less than 1% of the complete corpus, we subsume them with the more general aspect
"bathroom".

Out of the 22 unique topics, we reject only one topic ("hotel website") as it does not fulfill the
minimum support and cannot be subsumed as part of another aspect. For the topic model with 50
topics we find 36 different concepts which are also subsumed to 22 unique aspects. Here, we reject the
aspect "clientele" due to low support. Within the hotel domain, we observe a nearly perfect overlap
between the aspects found by both topic models. The two aspects "hotel website" and "clientele" are
not element of the intersection, but anyhow, as mentioned earlier both are rejected.
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100-topics model 50-topics model

aspect label # concepts share # concepts share

1 air conditioning 1 1.1% 1 1.5%
2 bathroom 3 2.7% 1 2.9%
3 bed 1 1.2% 1 1.5%
4 breakfast 2 3.0% 1 2.0%
5 check-in/out 2 2.8% 1 2.4%
6 cleanliness 2 2.3% 2 3.2%
7 decoration 1 1.6% 1 2.5%
8 dining 2 2.8% 1 3.7%
9 elevator 2 1.1% 1 2.0%
10 facility 3 2.1% 2 3.0%
11 internet 1 1.4% 1 1.7%
12 location 8 9.6% 3 8.7%
13 noise 2 3.3% 1 2.8%
14 parking 1 1.5% 1 1.9%
15 price 3 4.2% 2 3.8%
16 recreation 2 1.8% 1 2.1%
17 room 4 3.3% 2 4.1%
18 room amenities 3 2.5% 2 3.0%
19 security 1 0.9% 1 1.2%
20 service 10 13.4% 8 15.1%
21 view 1 1.3% 1 2.3%

55 63.9% 35 71.4%

Table D.5.: Comparison of the 100-topics and 50-topics models for the hotel dataset. Numbers are
rounded to a single digit after the decimal point.

In Table D.5 we show the distribution of the remaining 21 aspects for the topic models with 100
and 50 topics. Naturally the average amount of concepts related to a single identified aspect is higher
in the more fine-grained 100-topics model. Here, the average number is 2.6 compared to a value of
1.7 for the 50-topics model. We find that the most important aspects are represented by a multitude
of different concepts. For example the aspect "service" is composed of 10 distinct concepts. Some of
these concepts are mixes of sentiment and aspect, that is refer to different ways of expressing positive
or negative sentiment on this particular aspect. Others refer to different shades of the same aspect, but
have too low support on their own (e.g., "concierge service", "front desk service", or "staff attitude"
are all subsumed within the aspect service).

To further estimate the coherence between both models, we compute the average absolute differ-
ence between the shares of the individual aspects. We observe an average difference of 0.68 percent-
age points. It shows that the distribution of each aspect as computed by the two different models is
very similar. In summary, we find that the 50-topics model identifies nearly the same set of relevant
aspects, it produces less incoherent topics (0 compared to 5), and fewer irrelevant global topics (2
compared to 9). Further, as the 100-topics model does not provide more relevant information, but a
higher number of topics induces more manual effort, we conclude that choosing the number of topics
roughly between 50 to 70 seems reasonable9.

For the digital camera domain the 100-topics model generates 60 relevant concepts out of which
we initially determine 29 unique aspects. We further reject 3 aspects ("accessories", "file format",
"printer dock") as they exhibit only a low support within the corpus and cannot be subsumed as part
of another aspect. Table D.6 summarizes the distribution of the identified aspects for both models.
Also here, the overlap of the models is very good, only five of the non rejected aspects differ ("face

9We also tried 30 and 40 topics, but these models failed to cover important aspects such as "noise", "view", or "air condition-
ing".
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100-topics model 50-topics model

aspect label # concepts share # concepts share

1 battery 3 4.4% 1 4.3%
2 built quality 2 1.4% 2 3.2%
3 connectivity 2 2.3% 1 2.7%
4 customer service 2 2.1% 1 1.8%
5 dimensions 3 2.9% 2 3.8%
6 ease of use 2 2.5% 1 3.0%
7 face detection — — 1 1.2%
8 features 2 1.6% — —
9 flash 2 1.0% 1 1.0%
10 focusing 1 1.0% — —
11 image stabilization 1 1.0% 1 2.0%
12 lens 2 2.2% 1 1.6%
13 low-light performance 2 3.5% 1 3.7%
14 macro mode 1 0.9% 1 2.4%
15 manual mode 2 1.9% 2 3.1%
16 memory 3 3.3% 1 3.0%
17 picture quality 10 11.9% 4 12.4%
18 price 3 4.3% 1 1.8%
19 scene modes 1 1.2% 1 2.4%
20 screen 1 2.5% 1 2.8%
21 software 1 1.3% 1 1.3%
22 speed 4 3.9% 2 3.7%
23 underwater capability 1 1.2% 1 1.7%
24 user interface 3 3.6% 1 2.1%
25 user manual 1 1.0% — —
26 video recording 1 2.1% 1 2.4%
27 zoom 1 1.4% — —

57 66.1% 29 67.2%

Table D.6.: Comparison of the 100-topics and 50-topics models for the digital camera dataset. Num-
bers are rounded to a single digit after the decimal point.

detection", "features", "focusing", "user manual", and "zoom"). For the digital camera dataset the
average absolute difference between the shares of the individual aspects (w.r.t. the intersection of both
sets) is slightly higher with 0.77 percentage points. However, despite the minimally lower overlap
and coherency, we believe that the camera dataset further underpins our earlier conclusions.

It is worth to note that the majority of coherent concepts that do not relate to local or global product
aspects, represent one of the discourse functions as introduced in Chapter 5. We present two examples
in Table D.7.

D.4. Summary

In this chapter, our goal was to examine methods to derive a relevant set of aspect-related topics from
a large collection of customer reviews. For this purpose, we analyzed the utility of probabilistic topic
modeling approaches. We learned that this type of modeling basically allows to discover "the main
themes that pervade a large and otherwise unstructured collection of documents" [42]. We proposed
to use the topic modeling technique for exploratory corpus analysis. Applying the algorithms to our
large web crawls of customer reviews, we automatically gathered an initial set of relevant topics that
we manually refined in a post-processing step. The primary purpose of the refinement step was to
filter out domain irrelevant or incoherent topics. Our approach was to manually look at the keywords
and phrases associated with a generated topic. Based on this inspection we decided on the topics’
validity.

As the relevant literature was inconclusive with regard to the best document representation for
topic modeling in the context of customer reviews, we experimented with two different methods. In
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rank word phrase

1 stay (6674) enjoyed stay (57)
2 hotel (3191) back hotel (27)
3 back (2285) stay hotel (26)
4 time (1664) time stay (15)
5 return (1309) recommend hotel (13)

(a) conclusion

rank word phrase

1 reviews (3487) read reviews (109)
2 hotel (2326) reading reviews (88)
3 read (1320) trip advisor (30)
4 reading (879) read review (23)
5 trip (632) previous reviews (20)

(b) other reviews

Table D.7.: Top five words and phrases attributed to concepts that represent the two discourse func-
tions "conclusion" and "other reviews" (hotel review dataset).

particular, we considered using the original review documents or splitting all documents into indi-
vidual sentences. A further parameter was the number of topics that the topic modeling algorithm
should extract. Although it is was unclear which amount of topics is reasonable for our task, it was
not our goal to extensively experiment with this parameter. We only considered two different settings
with 50 and 100 topics. Our main findings in this section were:

• The topic modeling approach is an effective tool for initially discovering the main themes in a
set of customer reviews. If used as a tool for corpus exploration, the distinction between "global"
and "local" topics is less important as global topics can be filtered out manually.

• The sentence-oriented representation is better suited to guide the decision process of a human
annotator during the initial acquisition of coarse-grained product aspects. Obtained results are
more coherent and better represent the coarse-grained product aspects.

• We find that the 50-topics model identifies nearly the same set of relevant aspects as the 100-
topics model, produces less incoherent topics and fewer irrelevant global topics. It is further
more convenient to analyze and induces less effort. We conclude that setting the number of
topics between 50 and 70 is most reasonable.
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E. Evaluation of Multi-Label and Hierarchical
Classifiers

E.1. Evaluation of Multi-Label Classifiers

Whereas for traditional binary or multi-class classification (as well as for most information extraction
problems), it is straightforward to calculate the standard evaluation metrics accuracy, precision, recall,
and f-measure, it is not directly obvious for multi-label classification tasks. With traditional classifi-
cation, the prediction for a single instance is either correct or incorrect. In contrast, by allowing for
multiple labels, the prediction for a single instance may also be partially correct. For example, we
may correctly label a sentence as discussing the "service" aspect of a hotel, but fail to identify that the
reviewer also mentions the "dining" aspect. The prediction for this instance would only be partially
correct. So the basic question with respect to evaluating multi-label classifiers is how to account for
partially correct predictions.

Following Sorower [357], we can basically distinguish between instance-based and label-based eval-
uation methods. With instance-based evaluation, we calculate the specific metric (e.g., precision) for
each instance in isolation and average over all instances in the test corpus. For a single instance, pre-
cision is defined as the number of correctly predicted labels divided by the amount of all predicted
labels and recall is computed analogously. In other words, partial correctness of an instance directly
translates to the precision/recall value for this particular instance. Another instance-based method is
to calculate the Hamming Loss [333] which basically computes the average Hamming distance [159] be-
tween predicted and gold standard labels for an instance. The disadvantage of these instance-based
methods is that the different classes cannot be evaluated separately. For example, we cannot tell how
well a classifier performs in detecting mentions of the "picture quality" aspect in comparison to the
"ease of use" aspect for digital camera reviews. We therefore opt for label-based evaluation. Here, we
compute the evaluation metrics separately for each label (i.e., for each class) and then average over
all labels. Adapting the notation of Sorower [357], we formalize the different label-based evaluation
metrics as follows:

Let C be an evaluation corpus composed of n multi-label instances (xi,Yi), 1 ≤ i ≤ n, xi ∈ X with
Yi ∈ P(L) being the set of gold labels for instance xi. Let Zi = c(xi) be the set of labels predicted by
a multi-label classifier for instance xi. We further use the notation Y λi to denote the projection of a

gold label set Yi to the label λ. That is Y λi =

{
λ, if λ ∈ Yi
∅, if λ /∈ Yi

. The notation Zλi is defined analogously.

Besides computing precision, recall, and f-measure for each individual class, we calculate total values
by averaging over instances and classes. In particular, we report macro and micro-averaged results.
Whereas the macro-average computes a simple average of the values obtained for each label, micro-
averaging computes a global average by pooling the true/false positives of all classes within a single
contingency table1. Equations (E.1) to (E.3) define the label-based computation of precision and recall
for multi-label problems, as well as the macro and micro-averages for both metrics. With λ-precision
and λ-recall we denote the precision and recall values for a single label/class λ:

λ-precision (Pλ) =

∑n
i=1 |Y λi ∩ Zλi |∑n

i=1 |Zλi |
, λ-recall (Rλ) =

∑n
i=1 |Y λi ∩ Zλi |∑n

i=1 |Y λi |
(E.1)

1For further information see for example Yang [448].
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macro-precision =
1

k

k∑
i=1

P i, macro-recall =
1

k

k∑
i=1

Ri (E.2)

micro-precision =

∑k
j=1

∑n
i=1 |Y

j
i ∩ Z

j
i |∑k

j=1

∑n
i=1 |Z

j
i |

, micro-recall =
∑k
j=1

∑n
i=1 |Y

j
i ∩ Z

j
i |∑k

j=1

∑n
i=1 |Y

j
i |

(E.3)

The F-measure is computed in the standard way, that is as harmonic mean of precision and recall. We
report F-measure values for the individual classes as well as macro and micro-averaged results.

E.2. Evaluation of Hierarchical Classifiers

The simplest way to evaluate classifiers in presence of a hierarchy is to flatten the hierarchy and re-
label the test corpus accordingly: Let x ∈ X be an instance of the test set and let Y ∈ P(L) be the
corresponding set of correct labels (i.e., according to the manual annotation). Then, we relabel the
instance with the set Y ′ = Y ∪ {λ|λ ∈

⋃
λi∈Y

⇑ (λi)}. In other words, x’s new label set Y ′ contains

all original labels and in addition the labels of all ancestor ("broader") categories that can be reached
from any of the labels in Y . Take note that this kind of relabeling basically exploits the first property
postulated in Definition 8.2. Having relabeled each instance of the test corpus, we can apply the stan-
dard label-based evaluation as defined earlier. The original instance x becomes a positive example
for each of the categories in Y ′.

The following example illustrates the approach. Consider the sentence "The bed was very com-
fortable and I had a nice view of downtown LA.". It may be annotated as expressing positive sen-
timent on the coarse-grained aspects "bed" and "view". In this case Y = {"bed", "view"}. By def-
inition of the product type taxonomy for the hotel domain, the aspect "bed" is subordinate to the
topic "sleep quality" and the aspect "view" is a child of the concept "room". We thus have Y ′ =
{"bed", "view"} ∪ {"sleep quality", "room"} = {"sleep quality", "room", "bed", "view"}. Thus, applying
label-based evaluation, the original sentence becomes a positive example for each of the four cate-
gories.

Take note that, depending on the concrete approach of incorporating hierarchical information into
a classifier, the simple evaluation method of flattening the hierarchy may not be reasonable. However,
as our approaches are not affected, we will not go into further details and refer to [73, 122, 328]. More
information on how we handle the hierarchical organization of coarse-grained product aspects will
be provided alongside the different approaches we discuss in the following sections.
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F. Lists of Polar and Neutral Seed Words

F.1. Seed Words with Positive Prior Polarity

1. amazing_JJ
2. awesome_JJ
3. cute_JJ
4. decent_JJ
5. excellent_JJ
6. fantastic_JJ
7. fine_JJ
8. friendly_JJ
9. good_JJ

10. great_JJ
11. happy_JJ
12. impressive_JJ
13. lovely_JJ
14. nice_JJ
15. perfect_JJ
16. positive_JJ
17. attraction_NN
18. awe_NN

19. awesomeness_NN
20. compliment_NN
21. excellence_NN
22. goodness_NN
23. impressiveness_NN
24. loveliness_NN
25. masterpiece_NN
26. pleasure_NN
27. recommendation_NN
28. decently_RB
29. excellently_RB
30. flawlessly_RB
31. fortunately_RB
32. gorgeously_RB
33. luckily_RB
34. magnificently_RB
35. marvelously_RB
36. nicely_RB

37. perfectly_RB
38. pretty_RB
39. splendidly_RB
40. superbly_RB
41. terrifically_RB
42. well_RB
43. wonderfully_RB
44. amaze_VB
45. appreciate_VB
46. attract_VB
47. captivate_VB
48. enjoy_VB
49. fascinate_VB
50. impress_VB
51. improve_VB
52. like_VB
53. love_VB
54. recommend_VB

F.2. Seed Words with Negative Prior Polarity

1. awful_JJ
2. bad_JJ
3. cracked_JJ
4. dirty_JJ
5. disappointed_JJ
6. disappointing_JJ
7. evil_JJ
8. frustrating_JJ
9. horrific_JJ

10. ill_JJ
11. inferior_JJ
12. nasty_JJ
13. negative_JJ
14. poor_JJ
15. sick_JJ
16. terrible_JJ
17. ugly_JJ
18. unclean_JJ
19. unfortunate_JJ

20. awfulness_NN
21. awkwardness_NN
22. complaint_NN
23. con_NN
24. concern_NN
25. critic_NN
26. criticism_NN
27. disadvantage_NN
28. disappointment_NN
29. downer_NN
30. downfall_NN
31. downside_NN
32. drawback_NN
33. error_NN
34. fault_NN
35. flaw_NN
36. frustration_NN
37. gripe_NN
38. hate_NN

39. horror_NN
40. issue_NN
41. lack_NN
42. limitation_NN
43. mess_NN
44. problem_NN
45. regret_NN
46. terribleness_NN
47. weakness_NN
48. awfully_RB
49. badly_RB
50. disgustingly_RB
51. horribly_RB
52. ridiculously_RB
53. rottenly_RB
54. sadly_RB
55. terribly_RB
56. unfortunately_RB
57. unhappily_RB
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58. unluckily_RB
59. bother_VB
60. break_VB

61. complain_VB
62. disappoint_VB
63. dislike_VB

64. frustrate_VB
65. hate_VB
66. suck_VB

F.3. Neutral Words

1. about_JJ
2. according_JJ
3. achromatic_JJ
4. actual_JJ
5. adopted_JJ
6. affected_JJ
7. after_JJ
8. all_JJ
9. alone_JJ

10. another_JJ
11. any_JJ
12. available_JJ
13. away_JJ
14. back_JJ
15. beforehand_JJ
16. beginning_JJ
17. behind_JJ
18. bittie_JJ
19. bitty_JJ
20. black_JJ
21. blue_JJ
22. both_JJ
23. brief_JJ
24. cardinal_JJ
25. certain_JJ
26. chromatic_JJ
27. different_JJ
28. done_JJ
29. down_JJ
30. due_JJ
31. each_JJ
32. eight_JJ
33. eighty_JJ
34. enceinte_JJ
35. even_JJ
36. every_JJ
37. ex_JJ
38. expectant_JJ
39. far_JJ
40. fifth_JJ
41. first_JJ
42. five_JJ
43. following_JJ
44. former_JJ
45. found_JJ
46. four_JJ
47. full_JJ
48. further_JJ
49. giving_JJ
50. go_JJ
51. gone_JJ
52. gravid_JJ
53. green_JJ
54. here_JJ
55. home_JJ
56. hundred_JJ
57. i_JJ
58. important_JJ
59. in_JJ
60. inward_JJ
61. just_JJ
62. last_JJ
63. later_JJ
64. latter_JJ
65. less_JJ
66. likely_JJ
67. looking_JJ
68. made_JJ
69. million_JJ
70. more_JJ
71. most_JJ
72. much_JJ
73. must_JJ

74. near_JJ
75. neither_JJ
76. neutral_JJ
77. new_JJ
78. next_JJ
79. nine_JJ
80. ninety_JJ
81. no_JJ
82. none_JJ
83. noted_JJ
84. off_JJ
85. ok_JJ
86. old_JJ
87. on_JJ
88. one_JJ
89. only_JJ
90. ordinal_JJ
91. other_JJ
92. otherwise_JJ
93. out_JJ
94. outside_JJ
95. over_JJ
96. overall_JJ
97. owing_JJ
98. own_JJ
99. particular_JJ

100. past_JJ
101. placed_JJ
102. plus_JJ
103. poorly_JJ
104. possible_JJ
105. pregnant_JJ
106. present_JJ
107. recent_JJ
108. red_JJ
109. regardless_JJ
110. regular_JJ
111. related_JJ
112. said_JJ
113. same_JJ
114. sec_JJ
115. seeing_JJ
116. seeming_JJ
117. self_JJ
118. sent_JJ
119. seven_JJ
120. several_JJ
121. shed_JJ
122. similar_JJ
123. six_JJ
124. some_JJ
125. sometime_JJ
126. specified_JJ
127. still_JJ
128. such_JJ
129. teensy_JJ
130. teentsy_JJ
131. teeny_JJ
132. wee_JJ
133. weensy_JJ
134. weeny_JJ
135. white_JJ
136. yellow_JJ
137. a_NN
138. act_NN
139. affect_NN
140. am_NN
141. an_NN
142. are_NN
143. as_NN
144. aside_NN
145. asking_NN
146. at_NN

147. back_NN
148. be_NN
149. begin_NN
150. beginning_NN
151. behind_NN
152. being_NN
153. brief_NN
154. can_NN
155. cause_NN
156. come_NN
157. date_NN
158. deal_NN
159. do_NN
160. due_NN
161. effect_NN
162. eight_NN
163. eighty_NN
164. end_NN
165. entrance_NN
166. even_NN
167. ex_NN
168. far_NN
169. fifth_NN
170. first_NN
171. five_NN
172. fix_NN
173. following_NN
174. former_NN
175. forth_NN
176. found_NN
177. four_NN
178. get_NN
179. getting_NN
180. give_NN
181. giving_NN
182. go_NN
183. have_NN
184. he_NN
185. here_NN
186. hereafter_NN
187. hi_NN
188. home_NN
189. hundred_NN
190. i_NN
191. in_NN
192. inc_NN
193. index_NN
194. information_NN
195. invention_NN
196. it_NN
197. keep_NN
198. kg_NN
199. km_NN
200. know_NN
201. last_NN
202. latter_NN
203. let_NN
204. line_NN
205. look_NN
206. looking_NN
207. lot_NN
208. make_NN
209. mass_NN
210. may_NN
211. me_NN
212. mean_NN
213. means_NN
214. meantime_NN
215. meanwhile_NN
216. mg_NN
217. million_NN
218. miss_NN
219. ml_NN

220. more_NN
221. mr_NN
222. mrs_NN
223. much_NN
224. mug_NN
225. must_NN
226. na_NN
227. name_NN
228. nay_NN
229. nd_NN
230. necessary_NN
231. nine_NN
232. ninety_NN
233. no_NN
234. nobody_NN
235. none_NN
236. nothing_NN
237. now_NN
238. nowhere_NN
239. oh_NN
240. ok_NN
241. okay_NN
242. old_NN
243. one_NN
244. or_NN
245. out_NN
246. outside_NN
247. over_NN
248. overall_NN
249. page_NN
250. part_NN
251. particular_NN
252. past_NN
253. plenty_NN
254. plus_NN
255. possible_NN
256. present_NN
257. put_NN
258. re_NN
259. recent_NN
260. ref_NN
261. research_NN
262. run_NN
263. same_NN
264. saw_NN
265. say_NN
266. saying_NN
267. sec_NN
268. section_NN
269. see_NN
270. seeing_NN
271. self_NN
272. sent_NN
273. seven_NN
274. shed_NN
275. show_NN
276. six_NN
277. so_NN
278. somebody_NN
279. someone_NN
280. somewhere_NN
281. state_NN
282. still_NN
283. stop_NN
284. sub_NN
285. sup_NN
286. about_RB
287. accordingly_RB
288. across_RB
289. actually_RB
290. after_RB
291. afterwards_RB
292. again_RB

293. all_RB
294. almost_RB
295. alone_RB
296. along_RB
297. already_RB
298. also_RB
299. altogether_RB
300. always_RB
301. any_RB
302. anyhow_RB
303. anymore_RB
304. anyway_RB
305. anyways_RB
306. anywhere_RB
307. apparently_RB
308. approximately_RB
309. around_RB
310. as_RB
311. aside_RB
312. astronomically_RB
313. away_RB
314. back_RB
315. before_RB
316. beforehand_RB
317. behind_RB
318. besides_RB
319. between_RB
320. beyond_RB
321. briefly_RB
322. but_RB
323. by_RB
324. certainly_RB
325. consequently_RB
326. considerably_RB
327. critically_RB
328. deeply_RB
329. diametrically_RB
330. divisively_RB
331. down_RB
332. downwards_RB
333. due_RB
334. each_RB
335. either_RB
336. elsewhere_RB
337. emphatically_RB
338. enormously_RB
339. entirely_RB
340. especially_RB
341. ever_RB
342. everywhere_RB
343. evidently_RB
344. exactly_RB
345. exceedingly_RB
346. explicitly_RB
347. extraordinarily_RB
348. extremely_RB
349. far_RB
350. fervently_RB
351. fervidly_RB
352. finally_RB
353. first_RB
354. forgetfully_RB
355. formerly_RB
356. forth_RB
357. fundamentally_RB
358. further_RB
359. furthermore_RB
360. greatly_RB
361. hardly_RB
362. heavily_RB
363. hence_RB
364. here_RB
365. hereafter_RB
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F.3. Neutral Words

366. hereby_RB
367. herein_RB
368. hereupon_RB
369. hither_RB
370. home_RB
371. hopefully_RB
372. however_RB
373. ideally_RB
374. immediately_RB
375. imminently_RB
376. improbably_RB
377. impulsively_RB
378. in_RB
379. incisively_RB
380. incredibly_RB
381. indeed_RB
382. indescribably_RB
383. indubitably_RB
384. inextricably_RB
385. instead_RB
386. inward_RB
387. irrefutably_RB
388. knowingly_RB
389. last_RB
390. lastly_RB
391. lately_RB
392. later_RB
393. latterly_RB
394. likely_RB
395. likewise_RB
396. mainly_RB
397. maybe_RB
398. meantime_RB
399. meanwhile_RB
400. merely_RB
401. more_RB
402. moreover_RB
403. most_RB
404. mostly_RB
405. much_RB
406. namely_RB
407. nay_RB
408. near_RB
409. nearly_RB
410. necessarily_RB
411. needs_RB
412. never_RB
413. nevertheless_RB
414. new_RB
415. next_RB
416. no_RB
417. non_RB
418. none_RB
419. nonetheless_RB
420. normally_RB

421. not_RB
422. notably_RB
423. nothing_RB
424. now_RB
425. nowhere_RB
426. obviously_RB
427. off_RB
428. often_RB
429. ok_RB
430. okay_RB
431. on_RB
432. once_RB
433. only_RB
434. otherwise_RB
435. ought_RB
436. out_RB
437. outside_RB
438. over_RB
439. part_RB
440. particularly_RB
441. past_RB
442. perhaps_RB
443. perspicuously_RB
444. plainly_RB
445. please_RB
446. plenty_RB
447. possibly_RB
448. potentially_RB
449. predominantly_RB
450. presumably_RB
451. previously_RB
452. primarily_RB
453. probably_RB
454. quickly_RB
455. quite_RB
456. radically_RB
457. rather_RB
458. realistically_RB
459. really_RB
460. recently_RB
461. relatively_RB
462. remarkably_RB
463. respectively_RB
464. right_RB
465. satisfactorily_RB
466. scarcely_RB
467. seemingly_RB
468. seriously_RB
469. significantly_RB
470. similarly_RB
471. so_RB
472. some_RB
473. somehow_RB
474. sometime_RB
475. sometimes_RB

476. somewhat_RB
477. somewhere_RB
478. soon_RB
479. specifically_RB
480. staggeringly_RB
481. still_RB
482. strictly_RB
483. strikingly_RB
484. strongly_RB
485. stupendously_RB
486. such_RB
487. super_RB
488. surely_RB
489. surprisingly_RB
490. therefore_RB
491. though_RB
492. thus_RB
493. thusly_RB
494. tolerably_RB
495. tolerantly_RB
496. tremendously_RB
497. truly_RB
498. ultimately_RB
499. unbelievably_RB
500. undoubtedly_RB
501. unusually_RB
502. utterly_RB
503. vehemently_RB
504. act_VB
505. affect_VB
506. announce_VB
507. argue_VB
508. arise_VB
509. ask_VB
510. bang_VB
511. be_VB
512. become_VB
513. bed_VB
514. begin_VB
515. believe_VB
516. bonk_VB
517. borrow_VB
518. brief_VB
519. bring_VB
520. buy_VB
521. call_VB
522. can_VB
523. cause_VB
524. change_VB
525. clean_VB
526. come_VB
527. contain_VB
528. count_VB
529. cut_VB
530. dance_VB

531. date_VB
532. do_VB
533. down_VB
534. draw_VB
535. drink_VB
536. drive_VB
537. eat_VB
538. eff_VB
539. effect_VB
540. end_VB
541. even_VB
542. except_VB
543. explain_VB
544. feel_VB
545. fill_VB
546. find_VB
547. finish_VB
548. fix_VB
549. fly_VB
550. forget_VB
551. found_VB
552. fuck_VB
553. further_VB
554. get_VB
555. give_VB
556. go_VB
557. have_VB
558. hear_VB
559. home_VB
560. hump_VB
561. index_VB
562. jazz_VB
563. keep_VB
564. know_VB
565. last_VB
566. learn_VB
567. let_VB
568. line_VB
569. listen_VB
570. live_VB
571. look_VB
572. make_VB
573. mean_VB
574. mug_VB
575. name_VB
576. near_VB
577. need_VB
578. obtain_VB
579. off_VB
580. okay_VB
581. open_VB
582. organize_VB
583. ought_VB
584. out_VB
585. own_VB

586. page_VB
587. part_VB
588. pay_VB
589. play_VB
590. please_VB
591. present_VB
592. put_VB
593. rain_VB
594. read_VB
595. reply_VB
596. research_VB
597. run_VB
598. saw_VB
599. say_VB
600. screw_VB
601. section_VB
602. see_VB
603. seem_VB
604. sell_VB
605. send_VB
606. shed_VB
607. show_VB
608. sign_VB
609. sing_VB
610. sit_VB
611. sleep_VB
612. smoke_VB
613. speak_VB
614. specify_VB
615. spell_VB
616. spend_VB
617. stand_VB
618. state_VB
619. still_VB
620. stop_VB
621. study_VB
622. sub_VB
623. sup_VB
624. take_VB
625. talk_VB
626. teach_VB
627. tell_VB
628. think_VB
629. translate_VB
630. travel_VB
631. try_VB
632. type_VB
633. use_VB
634. wait_VB
635. want_VB
636. watch_VB
637. work_VB
638. write_VB
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G. Zusammenfassung

Kundenrezensionen im Internet spielen heutzutage eine wichtige Rolle bei unseren alltäglichen Kauf-
entscheidungen. Ebenso sind die unzähligen Produktbewertungen von großem Wert für Unterneh-
men, beispielsweise zur Marktforschung, Trendanalyse oder Qualitätssicherung. In vielen Fällen wird
allerdings das beschriebene Informationsbedürfnis von einem Informationsüberfluss überdeckt. Für
populäre Produkte existieren oft tausende Rezensionen und eine individuelle Sichtung ist daher kei-
ne Option.

In dieser Dissertation befassen wir uns damit, wie man die meinungsbehaftete, in natürlicher Spra-
che vorliegende Information in Kundenrezensionen modellieren und automatisiert zusammenfassen
kann. Im Speziellen untersuchen wir Verfahren zur aspekt-orientierten Meinungsanalyse von Kundenbe-
wertungen. Ziel dieses Textanalyseverfahrens ist es automatisiert alle bewerteten Produkteigenschaf-
ten in einer Rezension zu erfassen und die jeweilig geäußerte Meinungsrichtung zu bestimmen (z.B.
positiv gegenüber negativ). Viele Systeme zur automatisierten Textanalyse beruhen auf speziell ent-
wickelten Wissensdatenbanken oder setzen (im Falle maschineller Lernverfahren) die Existenz von
Trainingsdaten voraus. Als ein übergeordnetes Thema dieser Arbeit betrachten wir daher so genann-
te Distant Supervision (DS) Ansätze die es ermöglichen den manuellen Aufwand bei der Erstellung der
genannten Ressourcen zu verringern. Wir konzentrieren uns auf die zwei wichtigsten Teilprobleme
der aspekt-orientierten Meinungsanalyse: (i) die Identifikation von relevanten Produktaspekten und
(ii) die Erkennung und Bewertung von Meinungsäußerungen. Wir betrachten beide Teilprobleme
jeweils auf Wort-/Phrasen- und auf Satzebene. Für beide Detailstufen untersuchen wir jeweils lexi-
konbasierte Ansätze und Verfahren des überwachten maschinellen Lernens. Ebenso experimentieren
wir mit verschiedenen DS-Techniken.

Die Aspekterkennung auf Wortebene erachten wir als ein Terminologieextraktionsproblem. Auf
Satzebene modellieren wir die Problemstellung als ein Multi-Label Textklassifikationsproblem. Be-
züglich der Sentimentanalyse untersuchen wir Verfahren zur automatischen Erstellung von Senti-
mentlexika und zur Sentimentklassifikation. Wir evaluieren unsere Ansätze im Detail (inklusive auf-
schlussreicher Fehleranalysen), wenn möglich, im Vergleich zu anderen relevanten Methoden. Ins-
besondere zeigen unsere Ergebnisse, dass wir mit den präsentierten Distant Supervision Methoden
erfolgreich den manuellen Aufwand bei der Erstellung von notwendigen Ressourcen reduzieren kön-
nen. Generell ermöglichen es die Verfahren sehr große Mengen an Trainingsdaten zu extrahieren (in
unserem Fall beträgt der Unterschied zu den manuell annotierten Datensätzen zwei bis drei Größen-
ordnungen). Die vorgeschlagenen Verfahren können daher vorteilhaft im Rahmen von Systemen zur
aspekt-orientierten Sentimentanalyse von Kundenrezensionen eingesetzt werden.
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