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Abstract. Scholars generally assume that consumer ratings reflect consumer satisfaction,
but ratings can be influenced by the design of the rating system. We examine two rating
designs—single-dimensional rating systems, which elicit overall ratings only, and
multidimensional (MD) rating systems, which elicit both dimensional and overall
ratings—and how they impact overall ratings. Drawing on the accessibility–diagnosticity
framework, we argue that dimensional ratings in MD systems influence overall ratings
based on how the dimensions have been rated. We support this explanation with seven
experiments. Our results suggest that across various experimental settings, rating objects,
dimensions, and numbers of dimensions, overall ratings are systematically influenced by
the design of the rating system.
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1. Introduction
Online ratings are often regarded as reflecting the
aggregate of consumers’ satisfaction (e.g., Ho et al.
2017), yet such ratings can be biased as a result of
various factors, such as self-selection in consumer
reporting (Li and Hitt 2008, Hu et al. 2009) or social
influence (Moe and Trusov 2011, Muchnik et al. 2013,
Wang et al. 2018).1 Likewise, in line with behavioral
economics and psychology research, which suggests
that the design of the decision environment (i.e., the
“choice architecture,” Thaler et al. 2012) may influ-
ence people’s choices, online ratings can be biased by
the design of the rating system’s user interface (Jiang
and Guo 2015, Chen et al. 2018). These biases imply
that ratings may not accurately reflect raters’ level of
satisfaction, potentially leading other consumers to
make suboptimal decisions.

Against this background, we investigate the degree
to which the design of a rating system influences
consumer ratings and seek to determine the influence
of information-systems design on overall ratings.

More specifically, we examine two rating methods
used on popular rating platforms and their impact on
overall ratings: Single-dimensional (SD) rating sys-
tems, which ask consumers for an overall rating only,
and multidimensional (MD) rating systems, which
ask for detailed ratings about the product’s attributes in
addition to an overall rating. Thus, we seek to answer
the following research question: How do MD ratings
influence overall ratings? Drawing on theory from
psychology—particularlytheaccessibility–diagnosticity
framework—we propose that MD ratings make spe-
cific attributes of a product, service, or experience
more accessible (i.e., the dimensions are more easily
retrieved from a person’s memory), thereby influenc-
ing overall ratings.
We test this proposition using seven studies containing

a total of 17 conditions. We first conducted a series of
three highly controlled studies with a focus on inter-
nal validity (Studies 1a–c). We then conducted Stud-
ies 2a–c to replicate and extend Study 1 using real-
world experiences (rather than an artificial scenario).
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Finally, we conducted a field experiment (Study 3) to
replicate Studies 1 and 2 in a realistic setting.

We demonstrate that asking consumers to pro-
vide dimensional ratings can systematically influence
overall ratings in either a downward or upward
manner. We suggest that the dimensional ratings
(here operationalized by their mean) influence the
overall rating because the dimensions become more
accessible when a consumer forms an overall rating.
Previous theoretical explanations have assumed that
MD systems can lead only to upward deviations of
overall ratings (Chen et al. 2018). We show that rat-
ings can deviate in both directions: if the mean of the
dimensional ratings is high, overall ratings tend to
be higher than the overall rating from the SD system;
conversely, if the mean of the dimensional ratings
is low, overall ratings tend to be lower than the
overall rating from the SD system. Further, we
demonstrate that both the content and the number of
dimensions to be rated influence overall ratings. Our
main results—the influence of dimensional ratings
on overall ratings—are robust across experimental
settings, different rating objects (i.e., restaurants,
short films, and universities), as well as content and
number of dimensions.

By providing a better understanding of online
rating systems, these findings have some important
implications for three stakeholder groups: providers
of rating systems, product/service providers, and
consumers. In particular, we argue that providers of
rating systems using dimensional ratings need to
conduct large-scale testing to arrive at the mix of
dimensions that best represents a product and may
even consider using MD ratings only (without asking
for overall ratings). Likewise, product/service pro-
viders interested in increasing sales need to carefully
consider—and their products/services need to excel
on—the dimensions included by rating systems in
order to account for the effects of dimensional ratings
on overall ratings. Finally, consumers are advised to
avoid comparing ratings across systems because both
the type of system and the dimensions rated can lead
to significant differences in ratings; especially when
evaluating products or services usingMD ratings, it is
important to be aware of how overall ratings are
constructed and to ensure that the dimensions are
aligned with one’s preferences.

2. Background
2.1. Online Ratings
Although e-commerce offers both sellers and con-
sumers many benefits, one significant drawback is that
consumers cannot experience and physically evaluate
products or services before making a purchase decision,

which increases uncertainty (Hong and Pavlou 2014).
Because online reviews—typically including numer-
ical ratings and/or textual descriptions—can reduce
uncertainty (Bolton et al. 2004, Pavlou and Gefen
2004), consumers frequently seek recommendations
from other consumers (Kwark et al. 2014) on sellers’
websites or on dedicated review platforms (such as
the travel review site TripAdvisor).
Research has demonstrated that consumers use

online ratings to forecast enjoyment (He and Bond
2013). Although online ratings may not necessarily
correlate with objective measures of quality (de
Langhe et al. 2016), they can serve as an important
source of information for consumer decision-mak-
ing (Simonson 2016), and research has consistently
shown that reviews have a strong influence on sales
(Dellarocas 2003, Godes and Mayzlin 2004, Chevalier
and Mayzlin 2006, Liu 2006, Dellarocas et al. 2007,
Duan et al. 2008, Forman et al. 2008, Chintagunta et al.
2010, Zhu and Zhang 2010, Archak et al. 2011, Ghose
et al. 2012). Recognizing the strong effects of online
reviews, companies respond strategically to reviews
(Chen and Xie 2005, Dellarocas 2006, Hu et al. 2011)—
for example, by encouraging users to provide them
(Goes et al. 2014, Burtch et al. 2017)—which further
indicates how important reviews have become for
business success.
Online reviews—based on consumers’ postcon-

sumption evaluations—are often considered more
credible and less biased than descriptions provided
by merchants because consumers (i.e., the reviewers)
typically have no stake in the product (Bickart and
Schindler 2001). Consumers perceive aggregated
reviews as reflecting the “wisdom of the crowd”
(Surowiecki 2004) and, consequently, also tend to
perceive online shopping sites that present reviews as
more useful than those that do not (Kumar and
Benbasat 2006).
Whereas textual reviews can substitute to some extent

for direct product experience, shoppers typically can
read only a small subset of textual reviews—because of
time constraints—and tend to focus on aggregated
numerical ratings (de Langhe et al. 2016); these rat-
ings, however, are subject to the influence of cogni-
tive biases, which can undermine their helpfulness
(Mudambi and Schuff 2010). In the next section, we
review research on biases that have been shown to
influence online rating behavior, particularly self-
selection and reporting bias, social-influence bias,
and dimensional-rating bias.

2.2. Biases in Online Ratings
2.2.1. Self-Selection and Reporting Bias. Researchers
have shown that ratings do not necessarily represent
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all consumers’ aggregated evaluations of a certain
product, which biases rating distributions in (at
least) three ways. First, rating distributions tend to
be skewed. For example, whereas existing positive
evaluations tend to attract further positive evalua-
tions, existing negative evaluations tend to attract
fewer additional evaluations (Moe and Schweidel
2012); relatedly, consumers on eBay were shown to
be more likely to post feedback when they were
satisfied thanwhen theywere dissatisfied (Dellarocas
and Wood 2008). Second, rating distributions tend to
be bimodal because online star ratings are often bi-
ased toward the extreme positive or negative ends of
the spectrum (Hu et al. 2009). For example, Hu and
colleagues showed that the aggregated ratings of a
particular product followed a normal distribution only
in a controlled experiment; however, actual con-
sumers’ ratings of the same product on Amazon.com
followed a J-shaped distribution with many one-star
ratings and an even larger number of five-star ratings
but comparatively few four-, three-, and two-star
ratings. A commonly stated reason for J-shaped dis-
tributions is self-selection bias: Research has demon-
strated that it is primarily consumers with highly fa-
vorable or highly unfavorable opinions who tend
to devote effort to rating products, whereas people
holding moderate opinions are less likely to do so (Hu
et al. 2009, 2017). Third, rating distributions can be
biased because ratings posted by early adopters tend
to be higher (Li andHitt 2008), whereas ratings posted
by late adopters tend to be lower (Dellarocas et al.
2007, Godes and Silva 2012).

2.2.2. Social-Influence Bias. Social-influence bias oc-
curs when previously posted ratings influence sub-
sequent ratings—often referred to as the “bandwagon
effect” (Moe and Trusov 2011, Muchnik et al. 2013).
The effects of social-influence bias, however, can be
contradictory. On one hand, ratings can be biased
positively because early adopters tend to be more
positive in their ratings than late adopters (Li andHitt
2008). On the other hand, ratings can be biased
negatively because consumers are likely to recall
negative aspects of a product (Sundaram et al. 1998,
Hennig-Thurau et al. 2004) and because subsequent
reviewers are just as likely to adjust their product
ratings in a downward manner after observing neg-
ative ratings as they are to adjust them in an upward
manner after seeing positive ratings (Schlosser 2005).
In addition, friends’ opinions can induce herding
behavior, resulting in increased ratings among friends
(Lee et al. 2015, Wang et al. 2018). Although the cu-
mulative effects are unclear, these studies show that
social influence can have a strong effect on con-
sumer ratings.

2.2.3. Dimensional-Rating Bias. The dimensional-
rating bias suggests that a few dimensional ratings
can influence people’s overall ratings in MD systems.
Whereas early research on rating biases primarily
examined SD ratings (e.g., Li and Hitt 2008), some
scholars have started to examine the effects of MD
ratings (e.g., Tunc et al. 2017, Chen et al. 2018), often
using text mining (e.g., Ghose et al. 2012, Ge and Li
2015). In particular, researchers have argued that MD
ratings can mitigate the drawbacks and biases of SD
ratings (described earlier) because they are superior
in transferring consumer experiences (Archak et al.
2011, Godes and Silva 2012, Moe and Schweidel 2012,
Chen et al. 2018). However, there is mixed evidence
for this effect. Some scholars have argued that MD
ratings improve information transfer, leading to
higher overall ratings as expectations are better met
(Chen et al. 2018); others have argued that overall
ratings are skewed when consumers base their rat-
ings on only a few, selectively accessible dimensions
(Decker and Trusov 2010)—often toward the least
satisfactory dimension (Liu et al. 2014)—an effect that
is evident also in textual reviews (Ge and Li 2015).
Together, these studies show that dimensional ratings
affect consumer ratings; however, the effect is not yet
fully understood.
In the context of restaurant ratings, Chen et al. (2018)

investigated how others’ dimensional ratings inform
one’s own ratings and found that overall ratings in
MD rating systems (i.e., TripAdvisor) were signifi-
cantly higher than overall ratings in SD rating sys-
tems (i.e., Yelp).2 To explain the higher ratings of MD
systems, Chen et al. (2018) proposed two mecha-
nisms: information transfer and priming.
First, combining information-transfer theory and

expectation-confirmation theory, they argued that
the better information transfer of MD systems ex-
plains their higher overall ratings: Because MD sys-
tems present ratings on several dimensions to readers,
these are able to form a detailed expectation prior
to visiting a restaurant; more detailed expectations
tend to better match actual experiences, leading to
increased satisfaction, which would then be re-
flected in higher ratings. However, this mechanism
assumes that all customers consult a rating platform
before visiting a restaurant even though only 40%
of U.S. adults do so (Smith and Anderson 2016).
The expectations of the remaining customers—60%—
are not influenced by previous ratings although
many of them still provide a rating after visiting a
restaurant. Moreover, an even smaller percentage
is likely to view the dimensional ratings because,
at the time of this writing, TripAdvisor presented
dimensional ratings only on the individual entries
of each restaurant (and not on the overview page).
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Hence, information-transfer theory and expectation-
confirmation theory may at best only partially ex-
plain the observed effects.

Second, as an alternative explanation, Chen et al.
(2018) suggest priming;3 that is, the dimensional
ratings may “prime” certain dimensions, which may
then influence overall ratings. Having found no
support for the priming explanation in their archival
study, they designed an experiment (Chen et al. 2018,
experiment 2) in which participants read four res-
taurant reviews of dining experiences and then rated
the restaurant using either an SD or MD system.
Although the ratings differed between the SD andMD
systems, the differences were nonsignificant; conse-
quently, Chen et al. (2018) concluded that the better
information transfer of MD ratings—rather than
priming—explains the higher ratings in MD systems
(the information-transfer theory itself was not exper-
imentally tested). However, participants were
instructed to read only four rather short reviews (two
to three sentences), significantly reducing their ability
to judge the experience on multiple dimensions.
Further, participants had to rate a restaurant after
reading reviews of dining experiences rather than on
the basis of experiencing the dining itself. It stands to
reason that a judgment based on one’s own experi-
ence is qualitatively different from a judgment based
on the reading of a few short reviews that already
contain others’ judgments. Such mediated experi-
ences are likely to differ from one’s own lived ex-
periences, which “tend to be stronger than ‘second-
hand’ experiences in determining consumers’ notion
of reality” (Whelan and Wohlfeil 2006, p. 316); in
particular, mediated experiences are likely to evoke
much weaker reactions, reducing potential effect
sizes. Moreover, providing a rating based onmultiple
reviews is akin to providing a summary of others’
ratings rather than an evaluation based on one’s own
experience.4 Finally, whereas the priming explana-
tion is similar to the accessibility–diagnosticity
framework that we draw on, Chen et al. (2018) made
two additional restricting assumptions that may not
hold true: (1) priming peoplewith several dimensions in
an MD rating system leads them to “consider all key
aspects” (p. 4633), and (2) people are influenced by a
negativity bias in SD ratings; consequently, using all
dimensions should lead to a cancellation of the
negativity bias and, thus, to more positive ratings
regardless of which dimensions were included in
the MD rating system. However, some studies have
raised doubts about whether such negativity bias
exists (see, e.g., Matlin and Stang 1978).

Here, we build on Feldman and Lynch’s (1988)
accessibility–diagnosticity framework and extend the
work of Chen et al. (2018) by providing evidence for

the existence of a dimensional rating bias. We argue
that MD ratings may indeed influence overall rat-
ings by making certain (but not necessarily all)
dimensions more accessible. However, the mech-
anism on which we build our hypotheses differs in
some important respects from the one proposed by
Chen et al. (2018). Most importantly, in contrast to
the explanation provided by Chen et al. (2018), the
accessibility–diagnosticity framework suggests that
dimensional ratings can lead not only to higher over-
all ratings (as Chen et al. (2018) argued), but also to
lower overall ratings.

2.3. Order Effects in Evaluative Judgments
Order effects may play an important role when re-
viewers evaluate multiple dimensions. Since the early
1980s, psychologists and social scientists have stud-
ied response behavior in self-report surveys. Research
in the field of survey methodology—in particular, the
study of cognitive aspects of survey taking—has
addressed a wide range of factors that may influence
survey responses, such as how people’s autobio-
graphical memory affects retrospective reports of
behaviors or how people make sense of a series of
evaluative judgments (e.g., Jabine et al. 1984, Hippler
et al. 1987). In particular, research on context effects in
surveys—for example, so-called order effects—has
repeatedly shown that preceding questions may in-
fluence people’s responses to subsequent questions
(see, e.g., Tourangeau and Rasinski 1988, Schwarz
and Strack 1991, Peterson and Wilson 1992, Sudman
et al. 1996, Schwarz 1999).
For example, Schwarz and Strack (1991) investi-

gated order effects in questions about life satisfac-
tion. Ratings of life satisfaction varied substantially
depending on whether they were assessed before or
after a question about marital satisfaction. When
marital satisfaction was assessed after life satisfac-
tion, ratings correlated modestly (0.18). However,
when marital satisfaction was assessed before life
satisfaction, ratings exhibited substantially higher
correlations (0.67). Thus, answers about marital sat-
isfaction exerted a much stronger influence on an-
swers about life satisfaction whenmarital satisfaction
was assessed earlier.
Several further studies have observed order effects

in questions about even-handedness (for an over-
view, see Schuman and Ludwig 1982). Hyman and
Sheatsley (1950), for example, asked their partici-
pants two questions related to freedom of the press:
“Do you think a Communist country like Russia
should let American newspaper reporters come in and
send back toAmerica the news as they see it?” and “Do
you think the United States should let Communist
newspaper reporters from other countries come in
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here and send back to their papers the news as they
see it?” Importantly,when thequestion aboutAmerican
newspaper reporters was asked first, 89.8% of the
participants answered the question about Communist
reporters in the affirmative; when the question about
Communist reporters was asked first, only 36.5% an-
swered this question in the affirmative. However, when
each question was asked in the second position, ap-
proval rates substantially differed. Significantly fewer
participants (65.6%) agreed with the statement about
American newspaper reporters after they evaluated the
one about Communist reporters, but approval rates for
Communist reporters increased (73.1%), indicating that
the answer to the second questionwas influenced by the
presence of the first question.

These order effects and context effects can be at-
tributed to the accessibility of relevant information: if
people answer questions in a strict order, they use
accessible information from preceding questions to
answer subsequent ones. In an online rating context,
these effects are likely to play a role when a re-
viewer ratesmultiple dimensions before providing an
overall rating.

3. Theory and Hypotheses
3.1. Accessibility–Diagnosticity Framework
We argue that an MD rating system makes certain
dimensions more accessible and that these dimen-
sions consequently influence overall ratings. Our
argument draws on accessibility–diagnosticity re-
search (e.g., Srull and Wyer 1979, Tourangeau and
Rasinski 1988, Schwarz and Strack 1991, Feldman
1992, Higgins and Brendl 1995, Schwarz 1998); in
particular, we build on the work of Feldman and
Lynch (1988), who argued that “momentarily acti-
vated cognitions have disproportionate influence over
judgments made about an object or on related be-
haviors performed shortly after their activation” and
that this “activation is a function of the environmental
cues directing attention to some subset of the object’s
stimulus features, priming, retrieval factors, and in-
dividual differences” (p. 421). In particular, Feldman
and Lynch (1988) summarized their accessibility–
diagnosticity framework as follows:

If the researcher asks a question about attitude (or
belief, intention, etc.) and no such cognition already
exists, the measure creates one. In answering subse-
quent questions in a survey, the newly created attitude
may then be retrieved and used in generating answers
to later questions about the same attitude object—
creating, for example, a correlation between attitude
and subsequently measured behavior. Had attitude
not been measured prior to behavior, behavior would
have been generated using different (nonattitudinal)
inputs. Alternatively, consider those cases in which
answers to all of the researcher’s questions about

beliefs, attitude, and so forth, already exist in long-
term memory. The content of preceding questions in
the survey, their ordering, and other aspects of mea-
surement can still affect the observed relations among
constructs. Instead of directly retrieving the appro-
priate response from long-termmemory, subjects may
retrieve some related response(s) made earlier in the
survey. These earlier responsesmay be used directly to
answer the question at hand, or integrated with other
inputs to recompute an attitude or belief that already
existed. (p. 431)

According to Feldman and Lynch (1988), the de-
scribed effects depend on three main factors: (1)
diagnosticity, (2) memory accessibility of potential
inputs to judgments, and (3) accessibility of alterna-
tive inputs.

3.1.1. Diagnosticity.
The perceived diagnosticity of the first judgment or
decision for a second (later) one is the degree to which
the respondent perceives that the answer to the first
question correctly identifies how the second should be
answered.A respondent’s propensity to base an answer to
the second question in a series on his or her answer to the
first is a positive function of the perceived diagnosticity of
the first question (Feldman and Lynch 1988, p. 424).

Feldman and Lynch (1988) argued that, when an
answer to a previous question perceived as highly
diagnostic is stored in working memory, it is unnec-
essary to compute an answer to the second question or
to engage in an alternative retrieval strategy (which
would result, for example, in a more effortful search of
one’s long-term memory). The aforementioned study
by Hyman and Sheatsley (1950) provided an example
of the effects of diagnosticity on judgments; the au-
thors found order effects in questions aboutAmerican
and Communist newspaper reporters. Because both
questions in their study referred to the general con-
cept of freedom of the press, many respondents likely
perceived the answer to the first question as highly
diagnostic for the second one.

3.1.2. Memory Accessibility of Potential Inputs to
Judgments.

Memory accessibility, in turn, will be a function of the
following conditions: (a) the time since the most re-
cent activation of that cognition (Wyer & Srull 1986),
(b) the amount of interfering material encountered in
the same general content domain (Keller, 1987; Lynch
et al. 1987), (c) elaboration and rehearsal of the original
information (Ross, Lepper, Strack, & Steinmetz, 1977;
Sherman, 1980; Sherman et al., 1978), (d) character-
istics of the information itself that determine the rate
of decay in the respondent’s ability to retrieve it, such
as vividness (Reyes, Thompson, & Bower, 1980) or
abstraction and summarizing power (Chattopadhyay,
1986; Lingle, Geva, Ostrom, Leippe, & Baumgardner,
1979), (e) motivation and processing goals at the time
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of encoding of information (Biehal & Chakravarti,
1983; Loken & Hoverstadt, 1985), and (f) retrieval cues
at encoding and retrieval, and so forth (Bettman &
Sujan, in press). These conditions affect the likelihood
that any previously formed cognition will be used as
an input to a judgment—not just one activated in
responding to previous questions in a survey. (Feldman
and Lynch 1988, p. 426).

Feldman and Lynch (1988), thus, argued that, for
information to be included in a judgment process,
it needs to be not only diagnostic, but also accessi-
ble from memory. In turn, memory accessibility is
influenced by many different factors. The likelihood
that any particular piece of information is retrieved as
an input to some judgment or behavior is, for ex-
ample, inversely related to the amount of time since
its most recent activation (Wyer and Srull 1986) and
the amount of information belonging to the same
content domain processed in the interim (Keller 1987).
Furthermore, Wyer and Srull (1986) hypothesize that
people first search their workingmemorywhen being
asked to provide a judgment. However, working
memory capacity is limited, decreasing the proba-
bility that a specific piece of information is (still)
stored after time has elapsed and novel pieces of
information belonging to the same content domain
have started occupying working memory. Wyer and
Srull (1986), therefore, argued that the search termi-
nates if a sufficient basis for making the judgment
is found. Information that is not (any longer) stored
in working memory might, therefore, not enter the
judgment process. Earlier judgments might, thus,
affect later ones because information thatwas recalled
while answering the earlier question has a high
likelihood of being recalled from working memory
when answering a later (summary) question. Con-
sequently, the effect of early judgments on later ones
might be at its strongest when they occur in di-
rect succession.

A number of studies have also indicated that elab-
oration on or rehearsal of a piece of information in-
creases the likelihood that it will be retrieved for use in
making a later judgment. Sherman et al. (1978), for
example, found that people who recalled how they
rated the importance of recycling behaved consis-
tently with their ratings. However, people who were
not induced to elaborate on their ratings did not.
Relatedly, Higgins (1978) showed that causing people
to elaborate on favorable (unfavorable) information
about a specific person led tomore positive (negative)
evaluations of that person. Earlier questions in a survey
belonging to the samecontentdomainmight, thus,work
in the same way, causing people to (subconsciously)
elaborate on the specifics asked in the question.

Another important factor influencing memory ac-
cessibility is the presence of retrieval cues. In a seminal
study, Bettman and Sujan (1987) primed participants
with words related to a specific decision criterion
(i.e., creativity or reliability). For the priming ma-
nipulation, the authors used a separate, unrelated
task (framed as a pretest for a word perception test).
In this task, words likely worked as retrieval cues,
increasing the accessibility of pieces of information
consistent with the cue. After the priming, partici-
pants (1) had more thoughts related to that crite-
rion, (2) gave higher ratings to the importance of
attributes related to that criterion, and (3) had higher
preference ratings for products that were described
with respect to that criterion (in contrast to the other
one). In line with these findings, earlier questions (or
later ones if people can go back and forth) might work
as retrieval cues that prime people to use specific
pieces of information during the judgment process of
answering the question at hand.

3.1.3. Accessibility of Alternative Inputs.

The increased accessibility of an input . . . simultaneously
reduces the likelihood that other inputs will be retrieved
from memory because of output interference effects.
(Feldman and Lynch 1988, p. 428)

Feldman and Lynch (1988) argued not only that
information related to earlier questionsmight become
more accessible, but also that other pieces of infor-
mation might become less accessible. A likely reason
for this effect is the limited capacity of working mem-
ory: if specific pieces of information enter working
memory because they were recently activated, others
are no longer stored and, therefore, become less ac-
cessible. In other words, Feldman and Lynch (1988)
argued that people base their responses only on the
subset of relevant cognitions that are most accessible
in memory (such as responses to a prior question)
even if other (less accessible) cognitions or responses
were in long-termmemory. Consequently, people are
less likely to use older pieces of information in a
judgment process.

3.2. Hypotheses
In the context of online ratings, we rigorously apply
the accessibility–diagnosticity framework proposed
by Feldman and Lynch (1988) to make specific pre-
dictions about how overall ratings might differ be-
tween SD andMD systems. In particular, we focus on
the memory-accessibility part of the framework to
explain why overall ratings differ between SD and
MD systems.5
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In the SD rating process, people have to provide
only an overall rating, so they search theirmemory for
relevant information. If they have already formed an
overall evaluation (e.g., directly following an expe-
rience), they likely recall this information and, if
necessary, convert it into a numeric value of the
rating scale. If no such overall evaluation is stored in
memory, people compute an answer by recalling
and (if necessary) evaluating experiences stored in
memory. As Chen et al. (2018) argue, negativity bias
may influence such a computation (Kanouse and
Hanson 1987) because negative experiences have a
higher likelihood of being stored in memory com-
pared with positive ones (e.g., Baumeister et al. 2001;
for evidence against this negativity bias, see Matlin
and Stang 1978).

In the MD rating process, people are asked to rate
experiences on several dimensions before (or after)
providing an overall rating. Again, we can distin-
guish two possible cases: either the individual has
already formed an overall evaluation (e.g., directly
following an experience) or the individual has to
compute it on the spot. (1) If an individual has already
formed an overall evaluation—in other words, the
evaluation lies in long-term memory—the individual
may use responses to dimensional ratings stored in
workingmemory directly to provide an overall rating
or may integrate those responses with other memo-
ries to recompute the overall evaluation; because the
responses to the dimensional ratings are highly ac-
cessible (as highlighted previously), the initial rating
(from long-term memory and, hence, less accessible)
is likely to factor less into the overall evaluation. (2) If
no overall evaluation is stored in memory, the overall
rating has to be computed. In this case, people rely
mainly on information they can readily recall from
working memory and stop searching when they have
retrieved enough information to arrive at an overall
rating. Because information related to dimensional
ratings was recently activated, it is likely highly ac-
cessible; overall ratings, therefore, strongly rely on
these pieces of information. In both cases (the indi-
vidual has already computed an overall evaluation or
must compute one in order to provide an overall
rating), information related to dimensional ratings is
more likely to impact the overall rating compared
with situations in which only an overall rating has to
be provided.

When people are coming up with an overall rating,
dimensional ratings can, thus, lead them to consider
information they might not have retrieved otherwise
but that they might now integrate into the evaluation
process. The overall rating is then influenced by the
valence of the information cued by the dimensional
ratings—either positive, neutral, or negative on av-
erage. If dimensional ratings tend to be positive on

average, the overall rating tends to be more positive;
conversely, if dimensional ratings tend to be nega-
tive on average, the overall rating tends to be more
negative.6 If dimensional ratings are on average
rather neutral, one might expect no effect on overall
ratings. Combining these arguments, we propose
the following:

Proposition 1. Overall ratings in SD and MD systems are
driven by the accessibility of relevant information, such that,
in MD systems, dimensional ratings increase the accessi-
bility of information related to the dimensions.

In the following paragraphs, we explore the po-
tential consequences of the proposed effect andpresent
hypotheses that can be empirically tested. We pro-
posed that MD systems increase the likelihood that
evaluations from dimensional ratings enter into the
overall rating. Consequently, we expect that the overall
rating in an MD system is influenced by the dimen-
sional ratings, such that the overall rating tends to-
ward the mean of the dimensional ratings. In other
words, depending on the dimensions asked, overall
ratings from MD and SD systems are likely to differ
because the overall rating from the MD system is
influenced by its dimensional ratings.
To illustrate the proposed effects, we provide five

scenarios about a fictional character, Mary, visiting a
restaurant and rating her experiences on either an SD
or MD system to explain how dimensional ratings
influence overall ratings. Thereby, we focus on ex-
amples in which Mary has not stored an overall
evaluation in memory but must compute one before
providing an overall rating. Please note that the
following examples are hypothetical and stylized,
meaning especially that the number of experi-
ences considered might differ between individuals.
However, the examples are meant to illustrate that
the likelihood of a person using specific pieces of
information increases if the acessibility of the in-
formation increases, thereby influencing overall
ratings in the direction of the mean of the dimen-
sional ratings.

3.2.1. Scenario 1 (SD System; Baseline). As a baseline,
let’s assume an SD system in which Mary bases her
overall rating on four experiences (food, service,
value, and atmosphere). (Note that an SD system does
not ask for dimensional ratings though we assume
here that these are the underlying experiences that
influence Mary’s overall rating.) In her mind, Mary
would subconsciously rate these experiences as fol-
lows: 1 star (out of 5) for service, 2 stars for food, 2
stars for value, and 5 stars for atmosphere. Averaging
these numbers, Mary’s SD overall rating would be 2.5
stars (for simplicity, we assume equal weight across
all experiences). This scenario is meant to serve as the
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baseline for comparing the following MD scenarios
(see Table 1, scenario 1).

3.2.2. Scenario 2 (Dimensional Ratings Exert an Up-
ward Influence on Overall Ratings). Second, given the
same restaurant, let’s assume an MD system in which
Mary has to rate two dimensions before providing an
overall rating: the previously mentioned experience
food (which she would have rated 2 stars) and the
atmosphere (which shewould have rated 5 stars). The
mean of these dimensional ratings is, thus, (2 + 5)/2 �
3.5 stars. Consequently, her overall rating—which
would have been 2.5 stars in the SD system—would
tend upward in the direction of the dimensional
rating’s mean (3.5 stars) (see Table 1, scenario 2).

3.2.3. Scenario 3 (Dimensional Ratings Exert a Down-
ward Influence onOverall Ratings). Third, this process
can go in both directions: upward if the dimensional
ratings are comparatively high and downward if the
dimensional ratings are comparatively low. Assume
that the MD system asks Mary to rate an experience
she would have rated 2 stars in the SD scenario
(i.e., food) and another experience she would have
rated 1 star (i.e., service). The mean of these dimen-
sional ratings is, thus, (2 + 1)/2 � 1.5 stars. As a result,
her MD overall rating would tend downward in the
direction of the dimensional rating’s mean (1.5 stars)
(see Table 1, scenario 3).

3.2.4. Scenario 4 (Dimensional Ratings Exert No Influ-
ence on Overall Ratings if Dimensional Ratings Are
Assessed After Overall Ratings). Fourth, we expect
differences in overall ratings between SD and MD
systems only if dimensional ratings were assessed
prior to overall ratings. Assume that Mary would
have to provide an overall rating before rating the
previously mentioned experiences food (2 stars) and
atmosphere (5 stars). In this case, the MD overall
rating should not differ from the SD overall rating
(i.e., both 2.5 stars). However, the (prior) overall
rating might influence the (subsequent) dimensional

ratings. In contrast to the situation in which dimen-
sional ratings were assessed first and the mean of
these dimensional ratings was (2 + 5)/2 � 3.5 stars,
this meanmight now tend downward in the direction
of the MD overall rating.

3.2.5. Scenario 5 (Dimensional Ratings Exert No Influ-
ence on Overall Ratings if Many Dimensions Are
Highlighted). Fifth, we expect differences in overall
ratings between SD and MD systems to diminish as
more dimensions are highlighted. Whereas few di-
mensions might cover only some but likely not all
relevant aspects and, therefore, bias ratings, an in-
creasing number of dimensions would likely lead to a
more complete coverage of relevant aspects and,
therefore, reduce the rating bias. Assume that Mary
would have to rate not only the previouslymentioned
experiences food (2 stars) and atmosphere (5 stars)
before providing an overall rating (as in Scenario 2)
but also value (2 stars) and service (1 star). The mean
of these dimensional ratings, (5 + 2 + 2 + 1)/4 � 2.5, is,
thus, similar to the SD overall rating in Scenario 1.
Whereas we expected a difference in Scenario 2, this
difference would disappear because further dimen-
sions are added to the rating.7

In summary, given our theoretical explanation and
the examples presented, we hypothesize that order
effects in online ratings will occur. Again, please
note that the following hypotheses assume that the
assessed dimensions are high in diagnosticity (as is
usually the case in the practice of online ratings). The
hypothesized effects might not necessarily hold in
case of low diagnosticity.

Hypothesis 1. MD overall ratings will be higher (lower)
than SD overall ratings if dimensional ratings are assessed
before overall ratings and the average of the dimensional
ratings is higher (lower) than SD overall ratings.

Hypothesis 2. MD overall ratings will not differ from SD
overall ratings if dimensional ratings are assessed after
overall ratings.

Table 1. Summary of Five Hypothetical Scenarios Illustrating How Dimensional Ratings
Influence Overall Ratings (OR)

Scenario Description Se Fo Va At Mean
Rating

deviation

1 SD (recalling experience) 1 2 2 5 2.5 –
2 MD (highlighting positive dimensions before OR) 2 5 3.5 Upward
3 MD (highlighting negative dimensions before OR) 1 2 1.5 Downward
4 MD (highlighting positive dimensions after OR) 2 5 3.5 Stable
5 MD (highlighting many dimensions before OR) 1 2 2 5 2.5 Stable

Notes. Se = service; Fo = food; Va = value; At = atmosphere. “Rating deviation” describes the deviation of
the overall rating in an MD system from that in an SD system.
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Hypothesis 3. The dimensional rating bias will decrease as
the number of dimensional ratings assessed increases such
that the difference between MD overall ratings and SD
overall ratings decreases.

4. Overview of Experiments
We conducted a series of between-group design exper-
iments—participants were randomly assigned to ei-
ther SD or different versions of MD conditions—to
test our hypotheses. To rule out the information-
transfer explanation as well as other possible (so-
cial) influences, participants had neither information
on prior ratings (we provided no aggregated score)
nor access to textual reviews; they consequently had
no expectations that needed to be met (to control for
the information-transfer effects proposed by Chen
et al. (2018)) and no social influence that could bias
their ratings (Muchnik et al. 2013). Whereas Study 1
was a series of three highly controlled experiments
with a focus on internal validity, Studies 2 and 3 fo-
cused on ecological validity.8 In particular, the ex-
periments in Study 1 used a controlled scenario in the
context of restaurant reviews to maximize internal
validity. In Study 2, we replicated and extended
Study 1 using a series of experiments with lived ex-
periences (rather than an artificial scenario) in the
context of movie ratings. In Study 3, a field experi-
ment, we replicated Studies 1 and 2 in a realistic
setting, asking students to rate their own university
(i.e., a lived experience of longer duration and higher
involvement). The materials and instructions are pro-
vided in e-companion section EC.2; data and analysis
scripts are provided at https://osf.io/sw8ax.9 Table 2
provides an overview of the studies, their purposes,

and our findings; Table 3 provides an overview of the
different conditions used; and Table 4 compares the
results of our regression analyses.10 Together, these
results support our proposedmechanism and suggest
that dimensional ratings make their evaluation more
accessible, thereby influencing overall evaluations.

5. Study 1: Experiments on
Restaurant Ratings

5.1. Overview
We conducted a series of experiments in a controlled
setting in the context of restaurant ratings to test our
hypotheses, that is, whether dimensional ratings bias
overall rating (1) when we ask for dimensional rat-
ings before overall ratings (Hypothesis 1, Study 1a),
(2) when we ask for dimensional ratings after overall
ratings (Hypothesis 2, Study 1b), and (3) when we
increase the number of dimensions assessed prior
to an overall rating (Hypothesis 3, Study 1c). In ad-
dition, we explored whether merely considering
dimensions—without rating them—influences overall
ratings (Study 1b). Next, we describe the elements that
were common across the experiments on restaurant
ratings; we then present the specific details of each study
before providing a general discussion of the findings.

5.1.1. Procedure and Materials. Studies 1a–c followed
the same general procedure. At the beginning of each
experiment, we asked participants to read a scenario
of a restaurant visit (we did not inform the partici-
pants that the visit would have to be rated; the sce-
nario is described as follows and in more detail in
e-companion section EC.2). After reading the sce-
nario, participants watched a short film; this served to

Table 2. Overview of Experiments

Study Purpose Sample Findings

Experiments on restaurant ratings
1a Test Hypothesis 1 a controlled environment by

manipulating rating method (MD versus SD)
166 Prolific workers MD ratings significantly influence overall ratings

1b (1) Test Hypothesis 2—whether MD ratings influence
overall ratings even if elicited after overall ratings

826 Prolific workers (1) MD ratings significantly influence overall ratings
even if elicited after overall ratings

(2) Test whether merely considering
dimensions—without rating them—influences
overall ratings

(2) Merely considering dimensions—without rating
them—influences overall ratings

1c Test Hypothesis 3—whether the number of dimensions
affects the overall rating

392 Prolific workers If many dimensions are highlighted, there is no
significant effect of MD ratings

Experiments on movie ratings
2a Replicate Study 1a and test Hypothesis 1 using an

immediate experience
192 Prolific workers MD ratings did not significantly influence overall

ratings
2b Test Hypothesis 1 (MD ratings may bias overall ratings

in a downward manner)
198 Prolific workers MD ratings exert a significant downward influence on

overall ratings when mean MD ratings are low
2c Test the effect of varying the content of the dimensions

(keeping number of dimensions constant)
847 Prolific workers The effect of MD ratings on overall ratings is dependent

on the content of the dimensions

Field experiment on university ratings
3 Test Hypothesis 1 in a real-life situation using a field

experiment
142 students MD ratings significantly influence overall ratings
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introduce a distraction and a time lag between the
“experience” and the rating as would typically be the
case in real-world situations.11

After watching the short film, participants rated the
restaurant visit by providing an overall score and/or
by rating the restaurant visit on the rating dimensions
food, service, value, and atmosphere (which were the
dimensions used by TripAdvisor at the time the ex-
periment was conducted);12 the details of this ex-
perimental manipulation differed depending on the
objective of the study and are described separately.
Finally, the participants completed a demographic
survey. The sessions lasted an average of 10 minutes.
All materials were presented in English using the
Qualtrics survey platform.

We developed the fictitious restaurant-visit scenario
based on the DINESERV instrument, a 29-item scale
for measuring consumer perception of service quality
in restaurants (Stevens et al. 1995) that is based on the
SERVQUAL instrument (Parasuraman et al. 1988).
DINESERV consists of five dimensions: reliability,
assurance, responsiveness, tangibles, and empathy. We
framed four dimensions (reliability, assurance, re-
sponsiveness, and empathy) as positive and one
dimension (tangibles) as negative; this served to in-
crease variance and allowed us to confirm whether
participants read the scenario carefully. (See e-com-
panion section EC.2 for the scenario-development
process.) We pretested the scenario to ensure that
it would be understood by our participants. In par-
ticular, we first discussed the scenario with a focus
group at one author’s university to ensure the clar-
ity of the wording. Further, we conducted four pre-
tests using a total of 347 participants recruited from
the online recruiting platform Prolific (https://
prolific.co) to test various aspects of our study; in all
pretests, participants consistently identified the positive
and negative dimensions on the DINESERV dimensions
correctly, suggesting that participants were highly likely

to understand the scenario correctly (see e-companion
section EC.3 for the results).

5.1.2. Participants. We calculated the required sample
size for each study using G*Power (Faul et al. 2009).13

We used Prolific (https://prolific.co) to recruit par-
ticipants who met the following criteria: reside in
English-speaking countries (Australia, Canada, En-
gland, NewZealand, and the United States), be at least
18 years old, have an approval rating of at least 90%
for previously completed studies, and have not par-
ticipated in any of our other studies. We paid all
participants £1 (about US$1.25) for a 10-minute task,
a payment equivalent to an hourly wage of £6
(US$7.50). We used Qualtrics’ Randomizer to ran-
domly assign participants to the conditions. Given the
potential for automated, malicious, or random re-
sponses on microtask marketplaces such as Prolific or
Amazon mTurk (see Kittur et al. 2008), we redirected
participants who spent less than 10 seconds on the
scenario page to the end of the study and did not
provide them with any compensation and removed
any incomplete cases. In view of the possibility that
not all participants carefully read the scenario, we
include only those participants who spent more than
50 seconds reading the scenario page in our analyses.14

Table 5 provides details about the participant de-
mographics. Table 6 provides details about the num-
ber of participants in the different conditions.

5.1.3. Measures. We captured the rating scores on a
nine-star scale. To compare the rating scores from
various conditions, we created three dummy variables
(separately described later): SDoverall is the overall
rating from the SD condition, MDoverall is the overall
rating from the MD condition, and MDdimensional is
the mean of the dimensional ratings from the MD
condition, that is, the mean rating of the dimen-
sions food, service, value, and atmosphere.15 Thus, we

Table 3. Overview of Conditions Across Experiments

Conditions

Study SD
MD

(before SD)
MD

(after SD)
MD

(priming)

MD
(omit negative
dimension)

MD
(omit positive
dimension)

MD
(5 dimensions)

MD
(10 dimensions)

Experiments on restaurant ratings
1a × ×
1b × × × ×
1c × × ×
Experiments on movie ratings
2a × ×
2b × ×
2c × ×
Field experiment on university ratings
3 × ×
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obtained one rating score for participants in the SD
condition and two rating scores for participants in the
MD conditions.

5.1.4. Model Specification. In studies 1a–c we had
multiple rating scores per participant in the MD
conditions (i.e., participants had to provide both an
overall rating and dimensional ratings); thus, we had
to consider that observations from the same partici-
pant might be correlated (Gelman and Hill 2007). To
account for the clustered nature of our data—the
observations (level 1) are nested within the partici-
pants (level 2)—we used a linear mixed-effects re-
gression model. Such models account for between-
subject variability by allowing individual intercepts
to vary (i.e., a varying intercept for participants—in
other words, a random effect).16 Thus, we specified a
linear mixed-effects regression model (with a varying
intercept for participants) to compare the rating scores
from different conditions, in which the overall rating
in the SD condition serves as the baseline. Here, we
present the model for Study 1a as an example:

rating scoreij � β0 + β1 ·MDoverallij

+ β2 ·MDdimensionalij + u0j + εij,
(1)

where i indicates ratings from j participants and β0
represents the mean rating in the SD condition. The
other beta values (β1 and β2) represent each condi-
tion’s deviation from the mean of the SD condition: β1
is the difference between the overall rating provided
in the SD condition and that provided in the MD
condition; β2 is the difference between the overall
rating provided in the SD condition and the mean
dimensional rating in the MD condition—the hy-
pothesized effect of accessibility. The term u0j is a
level-two random effect (i.e., on the participant level)
that describes the between-subject variability of the
outcome variable rating score and captures the non-
independence between observations i from the same
participant j; further, u0j is assumed to be normally
distributed with mean zero and constant variance.
The term εij indicates level-1 residuals (i.e., on the
observation level), which are assumed to be normally
distributed with mean zero and constant variance.

To estimate the mixed-effects models, we used the
statistical software package R (Ihaka and Gentleman
1996) with the lme4 package (Bates et al. 2015)—in
particular the lmer function.17

5.2. Study 1a: Effect of Dimensional Ratings
The purpose of Study 1a was to test Hypothesis 1—
whether eliciting dimensional ratings can influence
overall ratings—in a highly controlled setting. We
randomly assigned participants to one of two condi-
tions: an overall-rating-only condition (SD condition)
and a dimensional-rating condition with a subsequent
overall rating (MD condition).

5.2.1. Procedure and Measures. Participants in the SD
condition provided an overall rating only (β0 � SDoverall,
which served as the baseline rating). Participants
in the MD condition provided dimensional ratings
immediately before providing an overall rating (on
the same page); thus, we obtained two ratings: an
overall rating (β1 � MDoverall) and a mean dimen-
sional rating—that is, the mean rating of the di-
mensions food, service, value, and atmosphere (β2 �
MDdimensional). We followed the model specification
presented in Equation (1).

5.2.2. Results. The purpose of Study 1awas to test our
hypothesis regarding the effect of asking for di-
mensional ratings before an overall rating (see Table 7
for summary statistics). Because differences between
overall ratings are expected only if dimensional rat-
ings deviate from the SD overall rating, we first in-
vestigated whether the mean dimensional ratings in
the MD condition differed from the overall ratings
in the SD condition; we found that the mean dimen-
sional ratings in the MD condition were signifi-
cantly higher than the overall ratings in the SD con-
dition (7.17 stars versus 6.23 stars, β2 � .94, p < .001).
Having confirmed that differences in overall ratings
were to be expected, we proceeded with testing
our hypothesis and found that overall ratings in the
MD condition were also significantly higher than
those in the SD condition (6.75 stars versus 6.23 stars,
β1 � .52, p < .001). These results support Hypothesis 1,

Table 5. Study 1: Participant Demographics

Study 1a Study 1b Study 1c

Participants (recruited) 200 1,005 600
Participants (analyzed) 166 826 392
Average age 35.5 34.0 35.0
Women, % 56.6 53.6 50.5
Average reading time

(in seconds)
131.0 (251.4) 119.2 (113.9) 126.4 (113.0)

Note. SD in parentheses.

Table 6. Study 1: Participants per Condition

Study 1a Study 1b Study 1c

Participants (analyzed) 166 826 392
SD 79 206 123
MD 87
MD-first 203
MD-last 210
MD-prime 207
Top5 127
Mixed10 142
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suggesting that overall ratings in the MD condition
deviate upward from those in the SD condition if
mean dimensional ratings are higher than SD overall
ratings. (See Table 4 for detailed results.)18

5.3. Study 1b: Order Effects
The purpose of Study 1b was to gain further insights
into people’s rating process. In particular, this study
served two distinct purposes. First, we sought to ex-
amine order effects between ratings to test Hypothesis 2
(eliciting dimensional ratings first versus last). Fol-
lowing robust evidence from the literature on order
effects, we expect no effect if the dimensional ratings
are assessed after the overall rating—as is done by

some websites—because the dimensions have not
been elicited before forming the overall rating. Thus,
we added another condition, in which we asked
participants to provide their overall rating before the
dimensional ratings.
Second, we sought to explore the effects of asking

the participants only to consider the dimensions
(rather than asking participants to rate them). To
explore whether overall ratings can be influenced by
merely highlighting certain dimensions (i.e., making
dimensions more accessible without making partic-
ipants elaborate on them), we added another condi-
tion: MD-prime. In this condition, we only presented
the dimensions—without providing a scale for rating

Table 7. Summary Statistics of Ratings (Study 1)

Unit Mean Standard deviation Minimum Maximum

Study 1a
Overall rating (SD) 1–9 6.23 1.27 2 9
Overall rating (MD) 1–9 6.75 0.93 4 9
Mean dimensional rating (MD) 1–9 7.17 0.70 5.25 9
Food 1–9 8.62 0.65 6 9
Service 1–9 8.67 0.66 6 9
Value 1–9 7.61 1.36 4 9
Atmosphere 1–9 3.79 1.77 1 9

Study 1b – Order Effects
Overall rating (SD) 1–9 6.33 1.16 1 9
Overall rating (MD-first) 1–9 6.60 1.22 3 9
Overall rating (MD-last) 1–9 6.52 1.25 3 9
Overall rating (MD-prime) 1–9 6.51 1.04 2 9
Mean dimensional rating (MD-first) 1–9 6.85 0.83 1.5 9
Food 1–9 8.49 0.97 1 9
Service 1–9 8.67 0.80 3 9
Value 1–9 7.27 1.64 1 9
Atmosphere 1–9 2.98 1.65 1 9

Mean dimensional rating (MD-last) 1–9 7.08 0.90 3.5 9
Food 1–9 8.56 0.86 4 9
Service 1–9 8.66 0.76 3 9
Value 1–9 7.50 1.59 2 9
Atmosphere 1–9 3.61 1.90 1 9

Study 1c – Number of Dimensions
Overall rating (SD) 1–9 6.44 1.39 3 9
Overall rating (Top5) 1–9 6.84 1.30 3 9
Overall rating (Mixed10) 1–9 6.58 0.94 5 9
Mean dimensional rating (Top5) 1–9 7.13 0.90 4 9
Food 1–9 8.60 0.83 3 9
Service 1–9 8.65 0.83 3 9
Value 1–9 7.65 1.55 1 9
Cleanliness 1–9 3.76 1.95 1 9
Price 1–9 6.98 1.79 2 9

Mean dimensional rating (Mixed10) 1–9 6.64 0.74 4.9 8.6
Food 1–9 8.55 0.69 6 9
Service 1–9 8.76 0.52 6 9
Value 1–9 7.46 1.35 3 9
Cleanliness 1–9 3.26 1.62 1 9
Price 1–9 6.84 1.69 2 9
Noise level 1–9 3.56 2.01 1 9
Waiters 1–9 8.32 1.04 2 9
Years in business 1–9 5.75 1.75 1 9
Wait time 1–9 7.43 1.69 1 9
Opening hours 1–9 6.48 1.63 1 9
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them—and then asked the participants to provide an
overall rating.19

5.3.1. Procedure and Measures. We asked partici-
pants in the MD-first/MD-last conditions to rate
the individual dimensions before/after providing an
overall rating. In the MD-prime condition, we first
provided the following instruction: “Please take a
moment to reflect on your visit to TASTY RESTAU-
RANT, considering the following aspects: food, ser-
vice, value, atmosphere”; following this, we asked
the participants to provide an overall rating. Thus,
we assigned participants to one of four conditions:
(1) an overall-rating-only condition (SD condition,
which served as the baseline), (2) dimensional ratings
with subsequent overall rating (MD-first condition),
(3) overall rating with subsequent dimensional rat-
ings (MD-last condition), and (4) presentation of di-
mensions with subsequent overall rating but without
asking participants to rate the individual dimensions
(MD-prime condition). We adapted the model spec-
ification presented in Equation (1) by including
the new conditions (β3 = MD-lastoverall, β4 = MD-
lastdimensional, and β5 = MD-primeoverall).

In Study 1a, we elicited the dimensional ratings in
the same order as TripAdvisor did, which is a po-
tential limitation because participants might have
been influenced primarily by the first or the last di-
mension (primacy/recency effect). To address this
limitation, we randomized the order of dimensions.

5.3.2. Results. The purpose of Study 1b was to test
Hypothesis 2 and to explore the effects of merely
asking the participants to consider the dimensions
(rather than asking to rate them).Wefirst investigated
whether the mean dimensional ratings in the MD
conditions differed from the overall ratings in the SD
condition. In line with Study 1a, we found that the
mean dimensional ratings in the MD-first condition
were significantly higher than the overall ratings in
the SD condition (6.85 stars versus 6.33 stars, β2 � .52,
p < .001). Further, we found that the mean dimen-
sional ratings in the MD-last condition were signifi-
cantly higher than the overall ratings in the SD con-
dition (7.08 stars versus 6.33 stars, β4 � .75, p < .001).
We then proceeded with examining the difference
between overall ratings in the MD and SD conditions.
As expected, we found that overall ratings in the MD-
first condition were significantly higher than those in
the SD condition (6.60 stars versus 6.33 stars, β1 � .27,
p � .011), lending further support to Hypothesis 1;
interestingly, however, we found a marginally sig-
nificant difference between the overall ratings in
the MD-last condition and those in the SD condition

(6.52 stars versus 6.33 stars, β3 � .19, p � .068; see
Table 7 for summary statistics). Finally, we found a
marginally significant difference between overall rat-
ings in the SD condition and MD-prime condition (6.51
stars versus 6.33 stars, β5 � .18, p � .087). These results
cast doubt on Hypothesis 2, which stated that di-
mensional ratings should not influence overall rat-
ings if dimensional ratings are elicited after asking for
overall ratings. Further, the results show that merely
reminding people of several dimensions could have
the potential to influence overall ratings.

5.4. Study 1c: Effect of Number of Dimensions
The purpose of Study 1c was to obtain further evi-
dence for the accessibility–diagnosticity mecha-
nism by testing Hypothesis 3, in which we proposed
that the dimensional rating bias should decrease as
the number of dimensions increases. Thus, we ex-
amined the difference between (1) a condition in
which we elicited ratings on only five dimensions
and (2) a condition in which we elicited ratings on 10
dimensions.20

5.4.1. Procedure and Measures. In a pretest (N � 100),
we first told participants that service, food, value, and
atmosphere were commonly regarded as important
attributes when rating restaurants. We then asked the
participants to list five other attributes they consid-
ered important during a restaurant visit. Next, we
asked each participant to rank these nine attributes
(service, food, value, and atmosphere and the five
attributesprovidedby theparticipant) according to their
importance. Based on these responses, we obtained a
total of 105 attributes and a listing of the 10 most fre-
quently listed attributes for each rank.
Using the results of the pretest, we created three

conditions: (1) an overall-rating-only condition (SD
condition), (2) a Top5 condition containing the five
dimensions that were most frequently ranked as the
most important (i.e., food, service, value, cleanliness,
price), and (3) a Mixed10 condition containing the
Top5 dimensions and five dimensions from among
those being ranked lower by the participants (noise
level, waiters, years in business, wait time, opening
hours). We created five dummy variables to compare
the rating scores: SDoverall (overall rating from the SD
condition, which served as the baseline), Top5overall/
Mixed10overall (overall rating from the Top5/Mixed10
condition), Top5dimensional/Mixed10dimensional (mean di-
mensional rating from the Top5/Mixed10 condition).
As in Studies 1a and b, we obtained one rating score
for participants in the SD condition (β0 � SDoverall)
and two rating scores for participants in the MD
conditions. We adapted the model specification
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presented in Equation (1) using the conditions β1 =
Top5overall, β2 = Top5dimensional, β3 = Mixed10overall, and
β4 = Mixed10dimensional.

5.4.2. Results. We first investigated whether the mean
dimensional ratings in the MD conditions differed
from the overall ratings in the SD condition. We found
that the mean dimensional rating in the Top5 condi-
tion was significantly higher than the overall rating in
the SD condition (7.13 stars versus 6.44 stars, β2 � .69,
p < .001). In contrast, in the Mixed10 condition, we
did not find a significant difference (6.64 stars versus
6.44 stars, β4 � .20, p � .132), providing preliminary
evidence that the effect of selectively highlighting
only a few dimensions had diminished. We then
proceeded with examining the difference between
overall ratings in the MD and SD conditions. In the
Top5 condition, the overall rating differed signifi-
cantly from the overall rating elicited in the SD
condition (6.84 stars versus 6.44 stars, β1 � .40,
p � .004). In the Mixed10 condition, the overall rating
did not differ significantly from that of the SD con-
dition (6.58 stars versus 6.44 stars, β3 � .14, p � .305;
see Table 7 for summary statistics). Together, the
results support Hypothesis 3, suggesting that the
overall rating in the Top5 conditionwas influenced by
the selectively highlighted dimensions and that the
effect diminishes asmore dimensions are highlighted;
this provides further support for our accessibility–
diagnosticity argument.

5.5. Experiments on Restaurant
Ratings: Discussion

The purpose of the restaurant experiments was to
test our hypotheses in a controlled setting, that is,
(1) whether eliciting dimensional ratings prior to an
overall rating influences a subsequent overall rat-
ing (Hypothesis 1, Study 1a), (2) whether this effect
disappears when dimensional ratings are assessed
after overall ratings (Hypothesis 2, Study 1b), and
(3) whether the dimensional rating bias decreases when
the number of dimensions assessed prior to an overall
rating increases (Hypothesis 3, Study 1c). In addition,
we explored whether merely asking people to con-
sider dimensions—without asking them to rate those
dimensions—influences overall ratings (Study 1b).

The results of Study 1a support Hypothesis 1. In
line with our accessibility–diagnosticity explanation,
asking for ratings of selected dimensions led over-
all ratings between the SD andMD conditions to differ
such that participants in the MD condition provided
higher overall ratings than participants in the SD con-
dition. Moreover, the direction of the difference sug-
gests that these ratingswere systematically influencedby
the dimensions—operationalized using the mean of
those dimensions.

In Study 1a, we asked for an overall rating after
asking for dimensional ratings, whereas some web-
sites ask for an overall rating before asking for di-
mensional ratings. We addressed these issues in
Study 1b, which tested Hypothesis 2. To our surprise,
the results of Study 1b—that overall ratings in the
MD-last condition were higher (albeit marginally
significantly) than SD ratings—suggest that dimen-
sional ratings may have the potential to influence
overall ratings even if we ask for dimensional ratings
after asking for overall ratings, at least casting doubt
onHypothesis 2 and suggesting that participantsmay
have adjusted their overall rating after providing the
dimensional ratings. A similar effect was observed by
Schwarz and Hippler (1995), who found that later
questions affect earlier ones in situations in which
respondents could go back and forth between ques-
tions. Unsurprisingly, this effect was smaller than the
effect of dimensional ratings on subsequent overall
ratings because it is likely that only some participants
returned to the summary question to adjust their
rating. Interestingly, the mean rating of the nega-
tively framed dimension atmosphere was higher in
the MD-last condition than in the MD-first condi-
tion (whereas the other dimensions remained fairly
equal), suggesting a reciprocal influence in that the
overall rating from the MD-last condition may also
have influenced the rating of the specific dimensions;
in other words, participants may have adjusted
their rating of atmosphere upward so as to be aligned
with their overall ratings.21 In addition, we demon-
strated that merely reminding people of several di-
mensions (without asking them to rate these di-
mensions) also has the potential to influence overall
ratings. Together, the results of Study 1b provide
further evidence that accessibility drives the provi-
sion of overall ratings.
Finally, we hypothesized that the dimensional

rating bias would decrease as the number of di-
mensional ratings assessed increases such that the
difference between MD overall ratings and SD rat-
ings decreases (Hypothesis 3). Comparing the effects
of asking participants to rate 5 versus 10 dimensions,
the results of Study 1c show that the effect of di-
mensional ratings on overall ratings all but disap-
pears ifmany dimensions are highlighted, supporting
our accessibility–diagnosticity argument.
These results are in contrast to the findings of Chen

et al. (2018), who found no significant priming effect
of MD ratings on overall ratings in their experiment 2.
A possible explanation is that their participants had to
rate experiences of others (as operationalized by textual
reviews); such mediated (secondhand) experiences
are likely to differ from one’s own lived (firsthand)
experiences, which “tend to be stronger than ‘second-
hand’ experiences in determining consumers’ notion
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ofreality” (Whelan andWohlfeil 2006, p. 316).Whereas
in both our study and that of Chen et al. (2018), par-
ticipants did not have a fully lived experience, rating a
restaurant on the basis of others’ reviews (i.e., me-
diated or secondhand experiences) is likely to have
an even higher experience gap than rating a ficti-
tious restaurant visit, especially because the reviews
presented in the study by Chen et al. (2018) already
included evaluations by others. Nevertheless, the
limitation that participants in Study 1 had to rate a
fictitious scenario remains. In other words, this study
did not expose participants to a lived experience,
which may have influenced their rating behavior, so
we conducted further experiments (Studies 2 and 3)
that more closely approximated an actual rating sit-
uation in order to replicate Study 1a, further test
Hypothesis 1, and explore the effects on varying the
dimensions elicited.22

6. Study 2: Experiments on Movie Ratings
6.1. Overview
In the previous experiments, we used a fictitious
scenario, which represented to some extent a medi-
ated experience; thus, we conducted Studies 2a–c
using lived experiences—short films—as rating ob-
jects to replicate and extend our findings. Further, in
Study 1, MD overall ratings were always higher than
SD overall ratings. Likewise, Chen et al. (2018), us-
ing information-transfer theory, predicted and found
that MD overall ratings were always higher. Fol-
lowing Feldman and Lynch’s (1988) accessibility–
diagnosticity framework, however, MD overall rat-
ings could also be lower than SD overall ratings if
the dimensional ratings are related to comparatively
more negative experiences. To test this aspect of
Hypothesis 1, we conducted Study 2b using a short
film for whichwe expected the dimensions to be rated
lower than the overall ratings in the SD system. Fi-
nally, we conducted Study 2c to find further evidence
for the proposed mechanism—dimensional ratings
influence overall ratings—by examining the effects of
asking for dimensions that we expected to score very
high or low in valence (i.e., essentially, we manipu-
lated the mean of the dimensional ratings). As in
Study 1, we first describe the elements that were
common across the experiments; we then present the

specific details of each study before providing a
general discussion of the findings.

6.1.1. Procedure and Materials. To ensure that par-
ticipants did not engage in hypothesis guessing, we
told them the study was about visual awareness. We
asked them to watch a short film and told them they
would be asked several questions about it. Partici-
pants watched either Canhead, a seven-minute, stop-
motion film (Study 2a), or Xiao Xiao, a two-minute
animated martial arts film (Studies 2b and c).23 Ses-
sions in Study 2a (Canhead) lasted an average of 15
minutes, whereas sessions in Study 2b and c (Xiao
Xiao) lasted an average of eight minutes. Dimensional
ratings were based on the dimensions used by Yahoo!
Movies: visual effects, animation quality, stream quality,
and story.24 Based on a pretest,25 we expected the
shortfilm in Study 2b (Xiao Xiao) to be rated lowon the
dimensions visual effects, animation quality, and story.
After the experiment, we collected demographic data.
We conducted the entire study using the Qualtrics
survey platform.

6.1.2. Measures and Model Specification. The vari-
ables andmeasures were equivalent to those described
in Study 1 (i.e., three rating scores: SDoverall, MDoverall,
andMDdimensional as themean rating of the dimensions
visual effects, animation quality, stream quality, and
story). We created dummy variables to compare our
rating scores. We used the same model specification
as that presented in Equation (1) for Studies 2a and b
and used t-tests to compare the overall ratings of the
two conditions in Study 2c.26

6.1.3. Participants. As in Study 1, we used G*Power to
determine the sample size (Faul et al. 2009). We used
Prolific to recruit participants who met the following
criteria: reside in English-speaking countries (Aus-
tralia, Canada, England, NewZealand, and the United
States), be at least 18 years old, have an approval rating
of at least 90% for previously completed studies,
and have not participated in any of our other studies.
We paid all participants £1 (about US$1.25) for a
10-minute task, a payment equivalent to an hourlywage
of £6 (US$7.50). We randomly assigned the partici-
pants to conditions using Qualtrics’ Randomizer.
We removed any incomplete cases from the analyses.

Table 8. Study 2: Participant Demographics

Study 2a Study 2b Study 2c (pilot) Study 2c (main)

Participants (recruited) 200 200 500 1,000
Participants (analyzed) 192 198 408 847
Average age 31.4 32.5 35.7 31.9
Women, % 42.7 45 48.3 49
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Table 8 provides details about the participant demo-
graphics. Table 9 provides details about the number
of participants in the different conditions.

6.2. Study 2a: Positive Influence of MD Ratings
The purpose of Study 2a was to replicate Study 1a in a
more realistic setting. We used the materials, proce-
dures, and model specifications outlined in the pre-
ceding overview.

As in Study 1, we first investigated whether the
mean dimensional ratings in the MD condition dif-
fered from the overall ratings in the SD condition; we
found that the mean dimensional ratings in the MD
condition were significantly higher than the overall
ratings in the SD condition (6.68 stars versus 5.87
stars, β2 � .81, p � .002; see Table 10 for summary
statistics). We then proceeded with testing our hy-
pothesis and found that overall ratings in the MD
condition were higher than those in the SD condition;
although this was the direction we expected, the
difference was not significant (6.02 stars versus 5.87
stars, β1 � .15, p � .558), so we did not find further
support for our hypothesis. (See Table 4 for de-
tailed results.)

6.3. Study 2b: Negative Influence of MD Ratings
The purpose of Study 2b was to further test Hypothesis 1
and to examine whether MD overall ratings could
also be lower than SD overall ratings if the dimen-
sional ratings were related to comparatively more
negative experiences. We used the materials, proce-
dures, and model specifications outlined in the pre-
ceding overview.

As in Study 2a, we first investigated whether the
mean dimensional ratings in the MD condition dif-
fered from the overall ratings in the SD condition. We
found that the mean dimensional ratings in the MD
condition were significantly lower than the overall
ratings in the SD condition (5.05 stars versus 5.72
stars, β2 � −.67, p � .027; see Table 10 for summary
statistics). We then tested our hypothesis and found
that overall ratings in the MD condition were also
significantly lower than those in the SD condition
(4.69 stars versus 5.72 stars, β1 � −1.03, p < .001).
Thus, the results of Study 2b support our hypothesis
that overall ratings from an MD system will be lower

than overall ratings from an SD system if the mean of
the dimensional ratings is lower than the mean of the
SD overall ratings.

6.4. Study 2c: Effect of Manipulating Dimensions
The purpose of Study 2cwas to find further evidence for
the proposed mechanism by examining the effects of
varying the content of the dimensions (i.e., essentially,
manipulating the mean of the dimensional ratings by
asking for dimensions that we expected to differ in va-
lence). Based on Study 2b, we created subsets of di-
mensions that included or omitted dimensions that
would be rated relatively high or low. According to our
theoretical argument, we expected the overall rating to
be higher if we excluded a dimension that was rated
relatively low (e.g., story); conversely, we expected the
overall rating to be lower if we excluded a dimension
that was rated relatively high (e.g., stream quality).27

6.4.1. Procedure, Materials, and Conditions. We used
the samematerials as described in Study 2b and adjusted
the conditions to vary the content of the dimensions.
Whereas in Study 2b we used one dimensional-rating
condition with four dimensions—visual effects, ani-
mation quality, stream quality, and story—in Study
2c, we used a total of four dimensional-rating con-
ditions, each of which excluded one of the mentioned
dimensions (see Table 11). According to the proposed
mechanism, the overall rating should be higher if we
exclude a dimension rated extremely low or, con-
versely, should be lower if we exclude a dimension
that was rated extremely high.

6.4.2. Pilot Study. The results of Study 2 suggested that
story and stream quality were the lowest and highest
rated dimensions, respectively. We conducted a pilot
study to confirm that the conditions omitting these
dimensions were indeed the appropriate conditions
for use in our main experiment and to determine the
sample size needed for the main experiment. In
particular, we included a total of four dimensional-
rating conditions, each of which excluded one of the
mentioned dimensions, and determined in which of
the four conditions the overall ratings were most
extreme; subsequently, we used the effect size to
calculate the sample size for our main experiment.
The results of this pilot study show that the over-

all rating was highest in the condition without story
(5.57 stars) and that the storydimensionwas consistently
rated relatively low in the other conditions (4.23, 4.44,
and 3.45); conversely, the overall rating was lowest
in the condition without stream quality (5.00 stars),
and the stream quality dimension was rated relatively
high in the other conditions (7.41, 7.53, and 7.19; see
Table 12). The results of this pilot study are consistent
with the results of Study 2b and indicate that extreme

Table 9. Study 2: Participants per Condition

Study 2a Study 2b Study 2c

Participants (analyzed) 192 198 847
SD 91 92
MD 101 106
MD-NoStory 425
MD-NoStream 422
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dimensions influence overall ratings. We used G*Power
(Faul et al. 2009) to calculate the sample size required
to detect a significant difference between the overall
ratings in the conditions without story and without
stream quality. Based on an effect size of d � 0.24,
α � 0.05, and Power = 0.95, we determined that, to
observe a significant difference, we required a sample
size of 439 participants per condition.

6.4.3. Main Experiment. We proceeded with only the
two conditions of interest for the main experiment—the
condition without story (MD-NoStory) and the con-
dition without stream quality (MD-NoStream) and
compared the overall ratings using an indepen-
dent t-test.

6.4.4. Results and Discussion. The results of the main
experiment show that the overall rating in the MD-
NoStory condition was significantly higher than the
overall rating in the MD-NoStream condition (5.70
stars versus 4.95 stars, t(845) � 5.145, p < .001; see
Table 10 for summary statistics). In other words,
participants provided overall ratings that differed on
average 0.75 stars between these conditions, indi-
cating that the overall rating is highly dependent on
the dimensions and can be manipulated by omitting
certain dimensions.

6.5. Experiments on Movie Ratings: Discussion
Studies 2a–c were designed to demonstrate the effects
of dimensional ratings on overall ratings using lived

Table 11. Study 2c: Dimensions Included in Each Condition

Condition

Without visuals Without animation Without stream Without story OR only

Overall rating × × × × ×
Visual effects × × ×
Animation quality × × ×
Stream quality × × ×
Story × × ×

Table 10. Study 2: Summary Statistics of Ratings

Unit Mean Standard deviation Minimum Maximum

Study 2a (Canhead)
Overall rating (SD) 1–9 5.87 1.95 1 9
Overall rating (MD) 1–9 6.02 1.91 1 9
Mean dimensional rating (MD) 1–9 6.68 1.36 3.25 9
Visual effects 1–9 6.50 1.75 2 9
Animation quality 1–9 6.84 1.91 1 9
Stream quality 1–9 7.59 1.64 2 9
Story 1–9 5.78 2.04 1 9

Study 2b (Xiao Xiao—all dimensions)
Overall rating (SD) 1–9 5.72 2.21 1 9
Overall rating (MD) 1–9 4.69 2.24 1 9
Mean dimensional rating (MD) 1–9 5.05 1.80 1 9
Visual effects 1–9 4.37 2.35 1 9
Animation quality 1–9 5.51 2.45 1 9
Stream quality 1–9 7.14 2.13 1 9
Story 1–9 3.18 2.11 1 9

Study 2c (Xiao Xiao—w/o story)
Overall rating 1–9 5.70 2.16 1 9
Mean dimensional rating 1–9 6.24 1.74 1 9
Visual effects 1–9 5.25 2.29 1 9
Animation quality 1–9 6.09 2.21 1 9
Stream quality 1–9 7.37 1.92 1 9

Study 2c (Xiao Xiao—w/o stream)
Overall rating 1–9 4.95 2.10 1 9
Mean dimensional rating 1–9 4.79 1.95 1 9
Visual effects 1–9 4.99 2.32 1 9
Animation quality 1–9 5.74 2.37 1 9
Story 1–9 3.64 2.28 1 9
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experiences—short films—as rating objects so as to
replicate and extend ourfindings.Whereaswedesigned
Study 2a as a replication, we conducted Study 2b to
further test Hypothesis 1 by using a short film for
which we expected the dimensions to be rated lower
than the overall ratings in the SD system. Further,
we conducted Study 2c to find further evidence for
the proposed mechanism by exploring the effects of
asking for certain dimensions that would be expected
to differ in valence (i.e., essentially, manipulating the
mean of the dimensional ratings).

Together, the results of Studies 2a–c provide further
evidence that dimensional ratings influence subse-
quent overall ratings. Unexpectedly, the difference
between overall ratings in Study 2a was not signifi-
cant (per definition, however, nonsignificant results
do not represent evidence against a hypothesis), yet
the direction of the overall rating in the MD condition
tended toward the mean of the dimensional ratings.
One potential explanation for this finding could be
that, whereas we assumed equal weighting of di-
mensions in our analysis, participants did not use
equal weighting when arriving at their overall rating.
As Table 10 shows, the ratings of the different dimen-
sionswereverydivergentwith stream quality rated very
high and story rated comparatively low (5.78, which is
close to the overall rating of 5.87 in the SD condition),
which suggests that the dimension story might have
been weighted more heavily by the participants (see
also the following discussion of Study 2b).

The results of Study 2b show that MD ratings can
influence overall ratings in both directions: if the
mean dimensional rating in an MD system is higher
than the overall rating in an SD system, overall ratings
in an MD system deviate in that direction (Studies 1a
and b), whereas if the mean dimensional rating in an
MD system is lower than the overall ratings in an SD
system, overall ratings in the MD system deviate in
this direction (Study 2b), challenging the claim of
Chen et al. (2018) that dimensional ratings should
always lead to higher overall ratings. Interestingly, the
overall rating in the MD condition was even more
extreme than the mean dimensional rating. There are
two possible explanations for this finding. First, the

participants may have weighted the dimensions
differently. Whereas we calculated the mean rating
by using equal weights for each dimension, real
(unobservable) weightings are likely not equal across
dimensions. If a dimension with a rating that is more
extreme than the mean (such as story) has a high
weight, the overall rating overshoots themean rating.
Second, the accessibility of experiences that were
not assessed during the dimensional ratings might
also depend on these ratings. Valence-consistent mem-
ories might be more accessible than valence-inconsistent
memories, leading to an overshoot in the overall rating.
Finally, the results of Study 2c demonstrate that

overall ratings are susceptible to changes to the di-
mensions included in MD rating systems. Our re-
sults show that overall ratings differ significantly
if certain (extreme) dimensions are highlighted or
omitted—that is, if a few dimensions are made more
accessible—and this finding, therefore, supports our
theoretical explanation of accessibility. In otherwords,
we were able to actively manipulate the overall rating
by including or omitting certain dimensions, which
suggests that, in MD systems, the content of the di-
mensions can bias overall ratings—a finding that has
tremendous practical implications for the design of
rating systems.
Although participants in Study 2 were exposed to

real-world experiences, the experience (i.e., watching
short films) was rather short, and the participants’
level of involvement was likely to be low. In addi-
tion, we have, thus far, shown the effect only using
carefully controlled scenarios and stimuli. We designed
Study3 asafield experiment to address these limitations.

7. Study 3: Field Experiment on
University Ratings

7.1. Overview
The results of Studies 1 and 2 provide evidence that,
when controlled stimuli are used, dimensional rat-
ings may influence overall ratings. In Study 3, we
sought to test Hypothesis 1 in a real-world setting
by asking students to rate their own university, thus
addressing ecological validity. Further, the “experiences”

Table 12. Study 2c (Pilot Test): Average Ratings

Condition

Without
visuals

Without
animation

Without
stream

Without
story OR only

Overall rating 5.28 (2.20) 5.46 (2.61) 5.00 (2.20) 5.57 (2.47) 5.39 (2.33)
Visual effects 5.50 (2.78) 5.19 (2.36) 5.21 (2.65)
Animation quality 5.38 (2.45) 5.62 (2.38) 5.79 (2.54)
Stream quality 7.41 (1.64) 7.53 (1.86) 7.19 (2.15)
Story 4.23 (2.47) 4.44 (2.83) 3.45 (2.40)

Note. Standard deviation in parentheses.
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to be rated in Studies 1 and 2 were of relatively short
duration, and participants’ level of involvement with
the rating targets was likely to be low. In contrast, a
student’s involvement with the university is likely to
be higher; further, the experience is of longer dura-
tion, allowing the participants to form an evaluation
with higher certainty. In line with our previous find-
ings, we expected the overall university ratings to differ
between SD and MD rating systems; in particular, we
expected that in the MD condition, the overall rating
would be biased toward the mean of the dimensional
ratings (i.e., higher (lower) than overall ratings from an
SD system if the mean of the dimensional ratings is
higher (lower) than the mean of the SD overall ratings).

7.2. Participants
We recruited 150 students from a public university
in Europe. The participants completed the study
during lecture time using their own devices; we did
not provide any compensation for participation. Fol-
lowing Studies 1 and 2, we used Qualtrics’ Random-
izer to assign participants to the conditions. We re-
moved from the analysis eight participants with
incomplete data, resulting in a final sample size of 142
participants, 77 of whom were in the MD condition.
All participants were over 18 years old; the mean age
was 24.0 years, and 36% were women.

7.3. Procedure and Measures
We created a website containing the experimental
stimuli using Qualtrics.com and disseminated the
link among participants by sharing it at lectures for
undergraduate business students. After presenting
the instructions, thewebsite displayed a picture of the
university, followed by a distractor movie.28 Then,
participants in the MD condition had to provide di-
mensional ratings of their university, followed by an
overall rating, which all participants had to complete
(in both the MD and SD conditions). After the ex-
periment, we gathered demographic data. The ses-
sions lasted 10 minutes on average (the materials can
be found in e-companion section EC.2).

We asked the participants in the MD condition to
rate their university on the dimensions teaching, value
for money, internationality, student service, campus, and
security (the dimensions used by the university rat-
ing site www.study-advisor.org),29 followed by an
overall rating. Participants in the SD condition had to
provide an overall rating only. We used the same
model specification, described in Equation (1), using
the following conditions: SDoverall (β0, which served as
the baseline), MDoverall (β1), and MDdimensional (β2).

7.4. Results and Discussion
In linewith Studies 1 and 2,wefirst testedwhether the
mean dimensional ratings differed from the overall
ratings in the SD condition and found that they were
significantly higher, albeit only marginally so (6.65 stars
versus 6.15 stars, β2 � .50, p � .055; see Table 13 for
summary statistics). We then tested our hypothesis—
we expected the overall rating from theMD condition
to be higher as well—and found that overall ratings in
theMD conditionwere significantly higher than those
in the SD condition (6.87 stars versus 6.15 stars,
β1 � .72, p � .006), further supporting Hypothesis 1.
(See Table 4 for detailed results.) As in Study 2b, the
overall rating in the MD condition was even more
extreme than themean dimensional rating; this might
be attributable to differential weighting of the di-
mensions (e.g., the study fees were relatively low, so
value for money might have been weighted more
heavily by the respondents). Addressing ecological
validity, the results from this real-world study pro-
vide further evidence that MD ratings systematically
influence overall ratings in MD systems.

8. General Discussion
8.1. Summary
Electronicword-of-mouth communication, especially
in the form of online ratings, can influence con-
sumer decision-making. However, prior studies have
shown that ratings can be biased by self-selection
and social influence. In this study, we examined the
dimensional-rating bias, that is, the influence of elic-
iting MD ratings on overall ratings. Our study was

Table 13. Study 3: Summary Statistics of Ratings

Unit Mean Standard deviation Minimum Maximum

Overall rating (SD) 1–9 6.15 1.83 1 9
Overall rating (MD) 1–9 6.87 1.29 3 9
Mean dimensional rating (MD) 1–9 6.65 1.27 2.67 9
Teaching 1–9 6.39 1.62 1 9
Value for money 1–9 6.97 1.96 1 9
Campus 1–9 5.56 2.30 1 9
Security 1–9 7.87 1.63 2 9
Internationality 1–9 6.66 1.99 2 9
Student service 1–9 6.44 1.92 2 9
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guidedby the following research question: howdoMD
ratings influence overall ratings?

Using seven experiments with a total of 17 condi-
tions (see Table 3 for an overview) as well as an
additional study presented in e-companion section
EC.1, we demonstrate that people’s overall ratings
are influenced systematically by dimensional ratings.
In particular, overall ratings tended toward the mean
of the dimensional ratings, suggesting that dimen-
sional ratings systematically influence overall rat-
ings. In Studies 1a, 1b, and 3, the means of the di-
mensional ratings in the MD condition were higher
than the overall ratings in the SD condition as were the
overall ratings in the MD condition (note that we did
not find a significant difference in Study 2a). In con-
trast, in Study 2b, the mean of the dimensional ratings
was lower than the overall rating in the SD condition as
was the overall rating in the MD condition.

Together, our series of experiments not only ex-
amined boundary conditions but also offered further
insights into the rating process. First, MD ratings can
influence overall ratings not only upward but also
downward. Second, contrary to our expectation, MD
ratings might have the potential to influence overall
ratings even if they are elicited after the overall rating,
suggesting that participants may have adjusted their
overall rating after providing the dimensional rat-
ings; this influence might be reciprocal in that the
overall rating may also have influenced the rating
of individual dimensions. Third, MD ratings have
the potential to influence overall ratings even if raters
are only reminded of dimensions without having to
evaluate them. Finally, MD ratings can systematically
bias overall ratings, depending on the dimensions be-
ing included.

Refer back to Table 4 for a comparison of the results
of our experiments. In all of our experiments, the
overall ratings in theMDcondition tended toward the
mean of the dimensional ratings, providing sugges-
tive evidence of our proposedmechanism. To provide
further evidence for the proposed mechanism, we
conducted an additional post hoc analysis. Follow-
ing our proposed explanation, we expect that the
overall rating in an MD system is influenced by
the dimensional ratings, such that the overall rating
tends toward the dimensional rating’s mean; conse-
quently, the effect should be stronger for respon-
dents who provided more extreme dimensional rat-
ings. To test this presumption, we reanalyzed the data
from Studies 1, 2a, 2b, and 3. Using the data of each
study, we created two subsets, containing (1) re-
sponses with extreme dimensional ratings, data that
included only the observations in the bottom 25% and
top 25% of mean dimensional ratings, and (2) re-
sponses with moderate dimensional ratings, the
middle 50%. We then calculated the correlations

between mean dimensional ratings and overall rat-
ings (both from the MD conditions). As expected, the
correlations were significantly stronger in the ex-
treme observations (see the appendix for the results of
this analysis). Together with our main results, these
results suggest that dimensional ratings make these
dimensions more accessible, thereby influencing
overall evaluations.

8.2. Scholarly Implications, Limitations, and
Future Research

Our results contribute to the understanding of online
ratings. Prior research on rating biases has focused
primarily on the self-selection bias or social influence
(Hu et al. 2009, Muchnik et al. 2013), devoting little
attention to effects that may arise from the rating
method itself.30We fill a gap in the rating literature by
showing that the design of the rating platform—
specifically, the platformprovider’s decision to use an
MD or an SD rating system—influences overall rat-
ings. Prior studies have used information-transfer
theory and expectation-confirmation theory to ex-
plain thatMD systems always result in overall ratings
that are higher than the ratings from SD systems
(Chen et al. 2018). In contrast to the findings of Chen
et al. (2018) (in particular, in contrast to the nonsig-
nificant results of their priming experiment), we
demonstrated—in a number of studies conducted
across different settings—that the design of the rating
systems itself can influence ratings: bymaking certain
dimensions more accessible, MD systems can lead to
either upward or downward deviations in overall
ratings, depending on the means of the dimensional
ratings. Thus, we contribute to the research on an-
other source of bias in online ratings: the dimensional-
rating bias. Further, whereas prior research has con-
sistently shown strong order effects frompreceding to
subsequent questions, our results show that the in-
fluence may go in the reverse direction as well;
a similar effect was demonstrated in a study by
Schwarz and Hippler (1995), who argued that re-
spondents may have gone back to adjust their an-
swers. Likewise, we observed that, in online rating
contexts, not only do dimensional ratings influence
overall ratings, but overall ratings have the poten-
tial to influence subsequent dimensional ratings.
These findings show that online rating behavior is
complex, and we call on researchers to further ex-
plore the reciprocal effects of overall ratings on di-
mensional ratings.
Our experiments are not without limitations. First,

our experiments provide ample support for the un-
derlying theoretical mechanism, but provide only
suggestive evidence and do not test the mecha-
nism per se. Although our additional post hoc anal-
ysis provides some evidence for the suggested
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mechanism, future research could devise ways to test
the theoretical mechanisms explicitly (such as by
introducing other manipulations or using neuro-
physiological tools to examine the underlying cog-
nitive processes).

Second, although we used a range of rating objects
(restaurants, short films, universities), they were pri-
marily of an experiential nature, and the ratings were
concerned with intangible experiences. We did not
examine whether our findings could be applied to
tangible products. Likewise, future research could
focus on utilitarian (as opposed to hedonic) products.
Future research could also compare the effects in the
context of search goods (in which product features or
qualities can be evaluated before consumption) versus
experience goods (in which certain qualities are dif-
ficult to evaluate prior to consumption) (Darby and
Karni 1973).

Third, although we demonstrated that merely ask-
ing people to rate particular dimensions influences
overall ratings, we did not seek to determine how
participants may weight individual dimensions. In
other words, different dimensions may be weighted
differently (see Studies 2b and 3). Future research
could explore how different dimensions are weighted
and to what degree weightings may differ across
different categories of products or services in order
to determine the optimal set of dimensions for a
given category.

Fourth, our studies did not address issues related to
participants’ decisions regarding whether to pro-
vide ratings.31 However, we believe that the set of
experiments was suitable for demonstrating the di-
mensional rating bias and explains the behaviors
that emerge after a person has decided to provide
a rating.

Finally, although we demonstrated that the effects
hold in a variety of contexts, we conducted the ma-
jority of our studies (with the exception of Study 3)
using scenarios that were controlled to varying de-
grees, and the experimental nature of the studies may
have influenced participants’ responses. Although
we believe that the set of experiments presented here
served as a strong test of our hypotheses, future re-
search should replicate our studies in the setting of
“live” commercial rating platforms.

Our studies shed further light on people’s behav-
iors in online rating systems, yet a single paper can
never address all aspects of a phenomenon.We call on
researchers to build on our findings and examine
other important avenues of analysis. For example,
although it might be impossible to determinewhether
it is the SD or MD ratings that are “biased,” re-
searchers could attempt to discover and test mea-
sures that help resolve this issue; for example, po-
tential objectivemeasures could include ratings given

directly after the experience versus delayed ratings,
the stability of the ratings (i.e., test–retest reliability),
or the predictive capacity of the ratings (in terms of
repurchase behavior or in determining purchasing
intentions of future customers).32 By using dimen-
sions used by major review sites, our studies (by
design) primarily included dimensions that were
likely to be high in diagnosticity; future research
could use such objective measures to attempt to
disentangle the role of accessibility versus diag-
nosticity of the individual dimensions in producing
biased ratings. For example, do the observed effects
result from the higher accessibility of the dimen-
sions, or are they weighted more heavily because
of higher diagnosticity? Relatedly, to what degree
do reviewers assume that the dimensions included
are diagnostic? Further, as suggested by Study 2b,
summary ratings might influence dimensional rat-
ings in MD systems (especially when the individual
ratings are elicited following the summary ratings
as was the case at TripAdvisor.com at the time of this
writing); although it stands to reason that some re-
spondents returned to the prior question to adjust
their rating after providing dimensional ratings, fu-
ture research could attempt to examine these recip-
rocal influences (e.g., using process data such as
mouse-tracking data) in order to obtain an even deeper
understanding of online ratings. Clearly, fruitful av-
enues for future research abound.

8.3. Implications for Practice
Our findings have important implications for dif-
ferent stakeholder groups. For any rating system, we
can identify threemain groups of stakeholders: (1) the
provider of the rating system, (2) the product/service
providers, and (3) the consumers. These three stake-
holdergroupshavedifferentgoals, andourfindingshave
important implications for each of them. In the following
sections, we briefly highlight the goals and discuss the
practical implications for each of these groups.

8.3.1. Implications for Providers/Designers of Rating
Systems. Rating systems help customers learn about
the quality of products or services (Gao et al. 2015) so
that they can make informed decisions. Arguably,
providers of rating systems strive to be viewed as a
trusted provider of (quality) reviews to attract cus-
tomers and monetize the web traffic. Hence, these
systems use various elements and information to min-
imize uncertainty (Ba and Pavlou 2002) and maximize
trust (Resnick et al. 2000). For example, dimensional
ratings minimize uncertainty by providing a more
complete picture of the product or service (Chen et al.
2018), helping customers to conduct prepurchase
evaluations based on the ratings that are most im-
portant in their own situations or contexts.
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However, our research shows that designers of
rating systems should carefully consider the conse-
quences of using dimensional ratings. We show that
dimensional ratings influence subsequent overall rat-
ings (Studies 1a, 1b, and 3), that this effect can be
negative as well (Study 2b), and that the dimensional
ratings might influence overall ratings even if they are
rated after the overall ratings (Study 1b). Further, our
results demonstrate that the influence of the dimen-
sional ratings on overall ratings is heavily dependent on
the dimensions rated—and, conversely, the dimen-
sions omitted (Study 2c; see also Studies 2a, 2b, and 3).
Thus, the mutual influences between SD and MD
ratings show that it is likely impossible to arrive at an
evaluation that accurately reflects raters’ level of
satisfaction, and providers of MD systems need to
evaluate (such as by using large-scale testing) the
right mix of dimensions that best reflect the quality of
the product or service.

If providers decide to use a dimensional rating sys-
tem, they should also be aware of the trade-off between
using dimensional ratings and the reviewers’ effort.
Dimensional ratings can help to provide a more
complete picture and minimize uncertainty. In ad-
dition, the results of Study 1c demonstrate that, with
an increasing number of dimensions, the effect of
rating these dimensions on overall ratings dimin-
ishes. This implies that rating too few dimensions
increases the likelihood that the overall ratingswill be
biased. However, MD ratings require considerably
more cognitive effort during the rating process (and
ratingmultiple dimensions takesmore time). It stands
to reason that this higher cognitive (and time) burden
can discourage people from providing ratings. In SD
systems, the effort needed is considerably lower,
which is less likely to discourage people from pro-
viding ratings. Designers of rating systems should
conduct A/B tests to determine in how far increas-
ing the number of dimensions elicited influences the
number of ratings provided (e.g., McCloskey 2015,
Siroker and Koomen 2015).

Alternatively, providers of rating systems may
choose to ask users to provide either SD ratings only
(as in the case of Yelp) or dimensional ratings only
(without asking for overall ratings). Asking users to
provide only one type of rating would mitigate the
potential reciprocal influence of ratings in systems
that combine dimensional and overall ratings. When
asking reviewers to provide only dimensional ratings
(without an overall rating), the rating platforms could
then aggregate these to calculate a summary score. In
calculating this score, the rating platforms could even
allow readers to assign weights to different dimen-
sions to account for different preferences regarding
the dimensions; alternatively, rating platforms could
analyze user behaviors or preferences in order to

dynamically calculate summary values based on in-
ferred preferences. As noted by de Langhe et al. (2016),
“consumers’ trust in the average user rating as a cue
for objective quality appears to be based on an ‘il-
lusion of validity’” (p. 817). Dynamically constructing
summary scores to account for consumers’ prefer-
ences can be a step toward alleviating this problem.
With their influence on consumer buying behavior,

providers of rating systems are in a unique position to
bring about societal change and increase consumer
welfare. Because dimensional ratings influence the
overall ratings in the direction of the criteria expressed
in MD rating systems, buying behavior is eventu-
ally influenced by such dimensions. For instance, by
adding rating dimensions on, for example, the eco-
logical or societal footprint of a product or service, the
overall rating of products and services that score
higher on these dimensions will receive a higher
overall rating and will, in turn, be chosen more often
by buyers; at the same time, introducing such rating
dimensions would encourage product/service pro-
viders to adjust their offerings in a way to score par-
ticularly high on such dimensions in order to also
positively influence the overall rating of their prod-
uct or service (see our implications for product/
service providers).
Although it is likely impossible to arrive at perfectly

accurate evaluations, we advise providers of rating
systems to be very transparent about the origins of
the scores presented in order to allow consumers to
critically evaluate the scores, which can, in turn, in-
crease consumers’ trust in both the ratings and
the platform.

8.3.2. Implications for Product/Service Providers.
Arguably, a primary goal of providers (or producers)
of goods and services is to obtain (many) good ratings
because more positive ratings can increase the demand
for the product/service (Chevalier and Mayzlin 2006).
Consequently, given the demonstrated effects of di-
mensional ratings on overall ratings (Studies 1, 2b, 2c,
and 3), product/service providers should not only
focus on what they believe matters to their customers
(or what customers tell them they care about), but
should also be aware of what dimensions are being
included by the major rating systems. The results of
Study 2c demonstrate with particular clarity that the
effects of dimensional ratings on overall ratings de-
pend heavily on the questions asked and/or omitted.
Although different aspects of the experience mat-
ter for different consumers (reviewers), any dimen-
sion included by the rating system has the poten-
tial to influence overall ratings. Consequently, being
aware of the dimensions rated—and excelling on
those dimensions—is likely to result in higher over-
all ratings.
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8.3.3. Implications for Consumers. Finally, our find-
ings have important implications for consumers as
well. Although consumers are likely interested in
obtaining unbiased ratings that reflect the “truth,”
arriving at such truth may not be possible. Because
overall ratings differ systematically between SD andMD
ratingplatforms (Studies 1, 2b, and3), consumersneed to
be aware that overall ratings differ between rating sys-
tems (MD versus SD) and are, thus, incomparable. Our
findings also demonstrate that overall ratings from
different MD systems are not necessarily comparable
because the ratings are likely to be influenced by the
dimensions highlighted in the different rating systems,
which can either raise or lower an overall rating (Study
2c); moreover, because the mere mention of dimensions
has the potential to influence ratings (Study 1b), even
ratings between different SD systems may not be com-
parable. Therefore, consumers should compare ratings
only from the same platforms.

Further, consumers’ preferences are likely to differ
based on general preferences or situational factors
(such as visiting a restaurant with sports buddies as
opposed to a romantic partner). Consequently, users
of MD rating systems should evaluate the match
between the dimensions listed and their own attribute
preferences because the degree to which the dimen-
sions reflect their preferences or value system reveals
the degree to which the overall rating on the rating
platform is relevant to their own decision. It is im-
possible to recommend the best system for con-
sumers, but we advise consumers to (1) choose sys-
tems that are open and transparent about how they
construct overall ratings, and (2) critically evaluate
the different systems in order to identify the system
that can provide ratings that are most helpful in
selecting the most suitable product or service.

In sum, our findings have various implications for
designers of rating platforms, product/service pro-
viders, and consumers. Further, it stands to reason
that our findings apply to contexts beyond rating
platforms. For example, the dimensional-rating bias
may also affect online evaluation/feedback forms and
other surveys. A company that elicits feedback about
its products should take these potential biases into
accountwhen interpreting the results of such surveys.

9. Conclusion
The results of our experiments suggest that consumers’
ratings on particular dimensions significantly influence

their overall ratings. If dimensional ratings are high,
the overall rating tends to be higher as well, but if
dimensional ratings are low, the rating tends to be
lower. In addition, this effect depends heavily on
the dimensions rated. Together, these results indi-
cate a dimensional-rating bias; they show that
information-systems design can influence rating
behavior and that small modifications to an online
choice environment may have a significant effect on
consumer behavior.
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Appendix. Further Analysis to Test
Causal Mechanism

In a further analysis, we examined whether extreme av-
erage ratings (in either direction) have a stronger influence
on the overall rating.34 To test this, we reanalyzed all ex-
periments separately (see Table A.1). For this analysis, we
created two subsets. The first subset included the partici-
pants who had provided extreme average dimensional
ratings—that is, it included only the observations in the
bottom 25% and the top 25% (i.e., 0.25 and 0.75 quantile;
Q1 and Q4). The second subset included the remaining
data—that is, the average dimensional ratings ranging from
0.25 to 0.75 (Q2 and Q3). Next, we calculated the correlations
between the overall rating and the mean dimensional rating,
which we expected to be stronger in the extreme data set; this
was indeed the case—the correlations were larger in all cases
and significantly different from those in the moderate subset
in all studies.
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Endnotes
1Typically in the form of star ratings and/or numerical scores.
2We replicated the study conducted by Chen et al. (2018) by com-
paring restaurant ratings from the rating platforms Yelp—currently
an SD rating platform—and TripAdvisor—currently an MD rating
platform; like Chen et al. (2018), we demonstrated that—in a real-
world setting—overall ratings differ between SD and MD platforms.
Details of this replication study are provided in the e-companion to
this paper (Section EC.1).
3Although the expected effect is similar to our proposed dimensional
rating bias, the authors did not elaborate on the mechanism un-
derlying the priming.
4A detailed discussion of the construction of reality is beyond the
scope of this paper.
5Diagnosticity of inputs is theoretically a highly relevant concept. In
the practice of online ratings, however, most of the attribute di-
mensions in MD rating systems are highly diagnostic for the overall
rating because rating platforms have an interest in providing in-
formation on important rather than unimportant aspects of the rat-
ing object. Nevertheless, diagnosticity could be addressed in fu-
ture studies.
6We use the average of dimensional ratings as a proxy to judge
whether the informationmade accessible through these ratings can be
categorized as either positive, negative, or neutral on average. By
doing so, we do not intend to hypothesize that a person’s weighting
of the individual dimensions in the overall rating are necessar-
ily equal.
7 For the sake of simplicity, the scenario presented uses two versus
four dimensions. In practice, the number of dimensions needed to
provide a more complete coverage is likely to be higher.
8Our studies did not focus on the diagnosticity of the dimen-
sions; thus—by design—we primarily included dimensions high
in diagnosticity.
9Besides sharing data, preregistration is another important practice to
avoid publication bias (Gonzales and Cunningham 2015). Unfortu-
nately, when starting our research, we did not preregister our study;
however, because we present not only one but a series of experiments
(and present also nonsignificant effects), we believe that our results
are both robust and replicable.
10We used t-tests for Study 2c; hence, these results are not included in
this overview table.
11The participants watchedXiao Xiao, a two-minute animatedmartial
arts film that has been used in other studies (see, e.g., Schlosser 2005);
see e-companion section EC.2 for details.

12As such, these dimensions are likely to be highly diagnostic for
evaluating restaurants.
13We expected a medium-to-large effect size (d = 0.65), suggesting a
required sample size of 63 participants per condition (Cohen 1988).
Hence, in all studies, we recruited at least 100 participants
per condition.
14We performed robustness checks using cutoffs of 10, 20, 30, and 40
seconds; our main results were not affected by differences in reading
times.We, thus, only report the results for themost conservative cutoff.
15 In Study 1c, we presented different dimensions; however, the
aggregation procedure was the same.
16When it comes to random-effects modeling, traditional regression
approaches have several drawbacks, including the following:
“(a) deficiencies in statistical power related to the problems posed by
repeated observations, (b) the lack of a flexible method of dealing
with missing data, (c) disparate methods for treating continuous and
categorical responses, as well as (d) unprincipled methods of mod-
eling heteroskedasticity and non-spherical error variance (for either
participants or items)” (Baayen et al. 2008, p. 391). Linear mixed-
effects models can address these drawbacks, especially when dealing
with clustered data as is the case in our analyses (see Baayen
et al. (2008) for an extensive discussion).
17Mixed-effects models rely on assumptions such as linearity, nor-
mality of residuals, and homogeneity of variance. Across all exper-
iments, most assumptions were met; however, in some cases, Lev-
ene’s test showed that homogeneity of variance was violated. In
such cases, we reanalyzed our data using unequal-variance models
using Bayesian inference, implemented in R using brms (Bürkner
2017). The results remain qualitatively the same and are available
upon request.
18We conducted a robustness check to examine whether dimensional
ratings can influence overall ratings even if dimensional and overall
ratings are elicited on different pages. Using a final sample size of 454
participants recruited using Prolific, we found that overall ratings in
the MD condition can differ from those in the SD condition even if
dimensional and overall ratings are elicited on subsequent pages.
However, this effect was smaller thanwhen both ratings were elicited
on the same page (β1 � .20 versus β1 � .52) and only marginally
significant (p � .054); detailed results are available upon request. This
difference is not surprising because memory accessibility (influenced
by factors such as time since activation, interfering material, or
elaboration and rehearsal) is likely diminished if dimensional and
overall ratings are elicited on subsequent pages.
19We thank reviewer 3 for this suggestion.
20We thank reviewer 3 for this suggestion.

Table A.1. Correlation Between Overall Ratings and Mean Dimensional Ratings (Both from MD
Condition)

Study Experiment

Extreme subset
Q1 and Q4

Moderate subset
Q2 and Q3

Compare
correlations

r r z

1a Restaurant (same page) 0.67*** 0.08 3.18***
1b Restaurant (MD-last) 0.74*** 0.25* 4.63***
1b Restaurant (MD-first) 0.54*** 0.33** 1.73*
1c Restaurant (Top5) 0.75*** 0.13 4.43***
1c Restaurant (Mixed10) 0.66*** 0.27* 2.99***
2a Movie (Canhead) 0.89*** 0.33* 5.17***
2b Movie (Xiao Xiao) 0.94*** 0.49*** 5.83***
3 University 0.82*** 0.39** 2.93***

Note. Q1, Q2, Q2, and Q4 are quartiles.∗ p < .05; ∗∗ p < .01; ∗∗∗ p < .001.
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21These results provide support for the assimilation (carryover) ef-
fects discussed by Schwarz and colleagues (e.g., Schwarz and Bless
2007). However, research on part–whole assimilation effects suggests
that such effects of general questions on specific questions tend to be
smaller than the effects of specific questions on general ones (see, e.g.,
Schwarz et al. 1991).
22 In addition, customers in real-world situations typically self-select
whether to rate a product/service and on which platform to do so.
Although this may influence ratings on each particular platform, we
believe that—because of the random assignment of participants to
conditions—this should not affect the results of our experimental studies.
23Both short films (see e-companion section EC.2) have been used in
prior studies (e.g., Schlosser 2005).
24The fact that Yahoo! uses these dimensions implies that they are
likely to be highly diagnostic for evaluating movies.
25 In an online pretest, we confirmed that participants indeed rated
the short films as expected (details are presented in e-companion
section EC.3).
26Because we only compared the overall rating scores from two MD
conditions (i.e., we did not have clustered data) in Study 2c, we did
not follow the analysis strategy used in the other studies (i.e., mixed-
effects modeling).
27We thank reviewer 3 for this suggestion.
28Before rating the university, participants were instructed to watch
the film Xiao Xiao (used in Study 2b) and to count the stick figures
“killed” during the film.
29The use of these dimensions by study-advisor.org implies that they
are likely to be highly diagnostic for evaluating universities.
30Tsekouras (2015, 2017) discussed rating-scale biases such as an-
choring the scale at the middle position, presenting a varying number
of stars, or adding emotional labels to the scales. Liu et al. (2014) and
Ge and Li (2015) also discussed a “dimension rating bias.”
31We thank reviewer 2 for this suggestion.
32We thank reviewer 3 for these suggestions.
33We thank reviewer 3 for this suggestion.
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