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1. Abstract 

Patient-reported outcome measurements (PROMs) are tools that can give a broad view of 

a patient's health, rather than just focusing on their clinical symptoms. They are part of a 

trend that aims to shift the health care paradigm towards a patient-centre care approach. 

Given their increasing importance, it is crucial that appropriate PROMs are administered, 

correct methods are employed to analyse their results, and their strengths and limitations 

are discussed. 

In Thesis Article 1, I developed a mapping algorithm to convert values from a condition-

specific PROM (Headache Impact Test-6) into German EQ-5D utility scores. We started by 

analysing the correlation between the two instruments, as well as their conceptual overlap. 

We then fitted several regression models. I showed that there might be no conceptual 

overlap between the HIT-6 and the EQ-5D-5L. Thus, mapping can’t always be used to obtain 

utilities. 

Despite a plethora of guidance on ways to conduct as well as report mapping studies, small 

attention has been devoted to how authors work with datasets with multiple observations per 

subject over time. In Thesis Article 2 I conducted a systematic review on the methodological 

challenges of this subject. I showed that when data sets with multiple observations are used, 

researchers often only employ one time point in the estimation data set and another time 

point for its validation, hence ignoring that health states with different degrees of severity 

may be present only at a specific time point. 

Thesis Article 3 uses a PROM (EQ-5D-3L) and a clinician-reported measure of global 

disability (mRS – modified Ranking Scale) to conduct, respectively, a cost-utility and a cost-

effectiveness analysis. The G-formula was employed to compute incremental costs and 

incremental outcomes due to a mobile stroke unit (MSU) mobilisation. We found that the 

additional MSU mobilisation yielded an incremental EUR 40,984 per quality-adjusted life 

year and an incremental EUR 81,491.49 per survival without symptoms/disability (using a 

dichotomised mRS). 

This PhD dissertation showcases different methods within the health data sciences field, 

including the development of a mapping algorithm, the conduction of a systematic review 

and the conduction of an economic evaluation. 
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2. Zusammenfassung 

Patient-reported outcome measurements (PROMs) sind Instrumente, die einen umfassenden 

Überblick über den Gesundheitszustand eines Patienten geben können, anstatt sich nur auf 

seine klinischen Symptome zu konzentrieren. Sie sind Teil eines Trends, der darauf abzielt, das 

Paradigma der Gesundheitsversorgung in Richtung eines patientenzentrierten 

Versorgungsansatzes zu verändern. In Anbetracht ihrer zunehmenden Bedeutung ist es von 

entscheidender Bedeutung, dass geeignete PROMs durchgeführt werden, korrekte Methoden 

zur Analyse ihrer Ergebnisse angewandt werden und ihre Stärken und Grenzen diskutiert 

werden. 

In Artikel 1 meiner Dissertation habe ich einen Mapping-Algorithmus entwickelt, um Werte eines 

krankheitsspezifischen PROM (Headache Impact Test-6) in EQ-5D-Utility-Scores für 

Deutschland zu übersetzen. Zunächst analysierten wir die Korrelation zwischen den beiden 

Instrumenten sowie ihre konzeptionelle Überschneidung. Anschließend haben wir mehrere 

Regressionsmodelle berechnet. Dadurch konnte gezeigt werden, dass es möglicherweise keine 

konzeptionelle Überschneidung zwischen dem HIT-6 und dem EQ-5D-5L gibt. Daher kann das 

Mapping nicht immer zur Ermittlung des Utility Scores verwendet werden. 

Trotz einer Vielzahl von Anleitungen zur Durchführung und Berichterstattung von Mapping-

Studien wurde der Frage wenig Aufmerksamkeit gewidmet, wie Autoren mit Datensätzen mit 

wiederholten Messungen pro Person im Laufe der Zeit umgehen. In Artikel 2 meiner Dissertation 

habe ich eine systematische Übersicht über die methodischen Herausforderungen dieses 

Themas erstellt. Es konnte gezeigt werden, dass bei der Verwendung von Datensätzen mit 

wiederholten Messungen die Wissenschaftler oft nur einen Zeitpunkt für den Schätzdatensatz 

und einen weiteren für dessen Validierung verwenden und somit ignorieren, dass 

Gesundheitszustände mit unterschiedlichen Schweregraden nur zu einem bestimmten 

Zeitpunkt vorliegen können. 

In Artikel 3 dieser Dissertation werden ein PROM (EQ-5D-3L) und ein vom Arzt angegebenes 

Maß für die globale Behinderung (mRS – modified Rankin Scale) verwendet, um eine Kosten-

Nutzwert- bzw. eine Kosten-Wirksamkeits-Analyse durchzuführen. Die G-Formel wurde 

verwendet, um die zusätzlichen Kosten und die zusätzlichen Ergebnisse aufgrund der 

Entsendung einer mobilen Schlaganfallstation (MSU) zu schätzen. Es zeigte sich, dass der 

zusätzliche Einsatz der MSU zu zusätzlichen Kosten in Höhe von €40.984  pro 

qualitätsbereinigtem Lebensjahr und €81.491,49  pro Überleben ohne Behinderung führte (unter 

Verwendung einer dichotomisierten mRS). 

In dieser Dissertation werden verschiedene Methoden im Bereich der 

Gesundheitsdatenwissenschaften vorgestellt, darunter die Entwicklung eines Mapping-



  3 

 

        

Algorithmus, die Durchführung einer systematischen Übersicht und die Durchführung einer 

wirtschaftlichen Bewertung. 
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3. Introduction 

The definition of health has evolved over time, and it is not limited to the sole absence of disease. 

In fact, the World Health Organization (WHO) currently classifies health as ‘a state of complete 

physical, mental and social well-being’[1]. Furthermore, the WHO defines ‘people-centredness’ 

as a fundamental goal of any health system[2]. Thus, the WHO increasingly helped to shift the 

healthcare systems’ focus from purely medical aspects to a more people-centred approach to 

care. 

Patient-reported outcomes (PROs) play a crucial role in patient-centred care, as they can provide 

a more holistic picture of a patient's health beyond their clinical symptoms[3]. PROs are tools that 

allow patients to give their own perspective on aspects such as their health, health-related quality 

of life (HRQoL), or functional status, instead of relying on clinical values or assessments by 

clinicians[4]. They are increasingly recognised by healthcare providers, payers, and 

policymakers[5]. PROMs (patient-reported outcome measures) are the tools employed to 

measure PROs and are mostly self-completed surveys[6]. Both the European Medicines Agency 

and the Food and Drug Administration have accepted and even encourage the use of PROMs as 

measures of treatment efficacy[7].  

We can broadly distinguish disease-specific PROMs from generic PROMs. As the name 

indicates, disease-specific PROMs were created to measure the symptoms and impact on the 

function of a specific illness. Sometimes generic measures fail to account for the particularities of 

specific illnesses and might not be able to detect significant treatment effects if the effects are not 

very sizable[8]. While disease-specific measures display greater face validity and credibility, 

generic measures allow comparisons across conditions[9].  

Furthermore, PROMs can also be grouped into preference-based measures (PBMs) and non-

PBMs. PBMs assess subjects' health status and are then weighted using health state utility values 

(HSUVs). HSUVs are scores derived from samples from the general population (so-called 

'societal preferences'), usually ranging from 0 (death) to 1 (perfect health). As PBM instruments 

assign different weights to each dimension or item based on general population preferences, they 

enable comparisons of effectiveness between healthcare interventions for various conditions[10]. 

These include the EQ-5D, Short Form-6D (SF-6D), Quality of Well-Being Scale (QWB), Health 

Utilities Index (HUI), Child Health Utility instrument (CHU9D), and others. PROMs that are not 

PBMs do not possess a scoring system to value the preference that individuals assign to a 

particular health state. 
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In multiple jurisdictions, policymakers require effects used in economic evaluations to be 

measured with PBMs. However, clinical trials that showed e.g. efficacy of a treatment did not 

always administer/use the instrument required by the jurisdiction’s policymakers. In order to 

overcome this issue, several researchers have started developing mapping algorithms. Mapping 

is a method that enables the prediction of HSUVs using information from disease-specific HRQoL 

instruments or from generic instruments that do not have a preference-based index score system. 

Researchers usually employ a dataset containing both participants' answers to surveys that do 

not have a scoring system, and a PBM, to develop mapping algorithms[11]. PROMs are usually 

administered at multiple time points (e.g. baseline and follow-up). Therefore, mapping algorithms 

must be developed and validated taking into consideration that when measurements from the 

same subjects over time are present, the hypothesis imposed by standard models, that 

observations are independent, is violated, and thus standard errors will be underestimated. 

PROMs can play an important role in health economic evaluations. Health economic evaluations 

can assist decisionmakers and healthcare professionals to make evidence-based decisions on 

how to best allocate their usually limited resources. They constitute a standardised way to 

measure and value the costs and the effects of different choices. Healthcare expenditure — both 

public and private — comprises a substantial portion of the Gross Domestic Product (GDP) in 

numerous countries. In 2020, European Union Member States spent on average 10.90% of their 

GDP on healthcare. In Germany, this sector represented 12.82% of the GDP[12]. This highlights 

the necessity of evaluating resource allocation and ensuring that treatments are cost-effective 

and provide value for money. 

Economic evaluations compare costs and outcomes of alternatives, and the category of outcome 

used in an economic evaluation defines its type. Different measurements can constitute an 

outcome used in an economic evaluation. In cost-effectiveness analyses, the outcomes can be 

clinical measurements (e.g. systolic blood pressure) and clinician-reported outcomes (e.g. Unified 

Parkinson's Disease Rating Scale (UPDRS)) which are usually condition-specific or PROMs that 

are not PBMs (e.g. Short-Form 12), which can be condition-specific or generic. In stroke trials, 

the modified Rankin Scale (mRS) is one of the most commonly used tools to assess functional 

outcomes[13]. Nevertheless, it is subject to shortcomings that should be considered[14,15]. Cost-

utility analyses are economic evaluations where the outcome are utilities stemming from PBMs 

(e.g. EQ-5D-5L and Short-Form 6D (SF-6D)).  

Although PROMs can have drawbacks and it may not even be possible to collect them directly 

(e.g. only through a proxy), their importance is undeniable. In the context of increasing patient 

involvement in healthcare decision making, PROMs remain a critical tool in our healthcare 
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research arsenal to place the patient at the heart of the healthcare process. Thus, it is crucial to 

overcome their methodological limitations. 

This cumulative Thesis comprises three Research Projects that draw on each other to contribute 

towards a better understanding of how PROMs can be used successfully to inform decision-

making in the healthcare sector. 

• In Thesis Article 1 (Oliveira Goncalves et al, 2021[16]) we developed a mapping algorithm 

to convert values from a condition-specific PROM (HIT-6) to utility scores from a PBM 

(EQ-5D-5L) for Germany and raised concerns about the limitation of this process. 

• Thesis Article (Gonçalves et al. 2022[17]) builds on the aspiration to broaden the 

knowledge in the field of mapping, specifically regarding the use of datasets with multiple 

measurements of the same subjects over time. Despite a plethora of guidance regarding 

the conduction and reporting of mapping algorithms, little attention has been paid to how 

authors handle datasets with multiple observations per subject over time.  

• Thesis Article 3 (Gonçalves et al. 2023[18]) draws on knowledge gained from Thesis 

Articles 1 and 2. It uses a PBM (EQ-5D-3L) and a clinician-reported measure of global 

disability (mRS) to conduct a cost-utility and a cost-effectiveness analysis, respectively. 

This cumulative dissertation is submitted to the Medical Faculty Charité – Universitätsmedizin 

Berlin within the PhD in Health Data Sciences programme. 
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4. Methods 

4.1 Research Project 1 – Mapping algorithm development 

4.1.1 Data 

The data used in this project stem from the SMARTGEM study (DRKS-ID: DRKS00016328). 

SMARTGEM was a randomised controlled clinical trial (RCT) that sought to determine if an 

intervention involving the usage of an app for headache (M-sense) together with online 

consultations could reduce the occurrence of migraine. The intervention comprised a web-based 

instrument where participants could interact with other participants as well as with clinicians, 

together with a certified app where participants recorded attacks, the intake of medication, and 

trigger factors in an electronic diary. This app analysed this information and suggested 

individualised care plans. Participants were recruited between January 2019 and December 2020 

and were followed up over a 12-month period. For this study, we used data from this trial collected 

until 7th May 2020.  

Answers to both EQ-5D-5L and HIT-6 were collected at baseline and at 3, 6, 9, and 12 months. 

Further details on this trial can be found elsewhere[19].  

4.1.2 Instruments 

The EQ-5D-5L is a generic HRQoL and preference-based measure created by the EuroQol 

Group, which assesses HRQoL in five different dimensions (‘Mobility’, ‘Self-care’, ‘Usual 

activities’, ‘Pain and discomfort’, as well as ‘Anxiety and depression’)[20]. Each one is 

characterised by five corresponding response degrees of severity: ‘no problems’, ‘slight 

problems’, ‘moderate problems’, ‘severe problems’, and ‘unable to or extreme problems’. EQ-5D-

5L health states can be represented by an index value, which indicates how excellent or terrible 

a health state is based on the preferences of a specific country or region's general population. In 

our study, the EQ-5D-5L index values were computed with the social health status preference 

valuation (value set, also called preference-based values, utilities, or weights) for the German 

population. It can range between -0.661 and 1, where 1 denotes ‘full health’, 0 corresponds to 

being dead and values below 0 relate to health states perceived as worse than being dead[21]. 

These value sets allow the conversion of each health state to a single score. 

It also includes the EQ Visual Analogue Scale (VAS). The EQ VAS measures respondents’ self-

rated health condition on a vertical VAS (range 0-100) where the upper and lower bounds are 

named ‘The best health you can imagine’ and ‘The worst health you can imagine’.[20] 
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In this study, the EQ-5D-5L constitutes the target measure for mapping. 

HIT-6 is a HRQoL measure specific for headache, which comprises six questions, with five levels 

(‘never’, ‘rarely’, ‘sometimes’, ‘very often’, and ‘always’). Its score can range between 36 and 78, 

where higher scores indicate lower functioning levels, i.e. higher disability[22]. 

Since the HIT-6 is not a PBM, its score is not weighted with societal preferences, as in the EQ-

5D-5L case.  

4.1.3 Overlap between the two questionnaires 

The degree to which EQ-5D and HIT-6 questions are associated was assessed by calculating 

correlation coefficients which took multiple observations into consideration.  

By calculating standardised response mean(s) (SRM), we also assessed each tool's 

responsiveness — its ability to identify changes in HRQOL over time. SMR can be computed by 

dividing the mean score change by the change’s standard deviation. According to Cohen's 

criteria, SMR values can be categorised as follows: >0.2 is ‘small’, 0.2—0.5 is ‘moderate’, and 

>0.8 is ‘large’[23]. 

We carried out an exploratory factor analysis (EFA). The aim of the EFA was to investigate if the 

two questionnaires' underlying constructs overlapped. We assumed that the two questionnaires 

(EQ-5D and HIT-6) have the same underlying latent structure if the same factors have 

considerable loadings from both. Factor loadings over 0.3 were deemed ‘meaningful’[24]. 

When dealing with ordinal data, the appropriate way for determining how many factors shall be 

considered is to run parallel analyses using polychoric correlations rather than Pearson 

correlations[25]. Owing to the categorisation, it is thought that Pearson correlations may 

underestimate the link between ordered categorical data[26]. Additionally, Glorfeld et al. 

demonstrated that parallel analysis works with data that are not normally distributed[27]. 

Weighted least squares, which require no distributional assumptions and are suitable for ordinal 

data, were chosen as the factoring mode[28]. Factor loadings were interpreted using both an 

orthogonal rotation (varimax) and an oblique rotation (promax). 

4.1.4 Modelling techniques  

The development of mapping algorithms entailed estimating the relationship between the target 

(EQ-5D-5L) and the source instrument (HIT-6) using regression techniques.  

Mapping guidelines do not advocate for a particular statistical model[11]. Instead, they highlight 

which factors shall be assessed to select a model, such as the existence of large spikes in the 
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utilities’ distribution (which often occurs at the full/perfect health upper bound), the degree of 

skewness, gaps in the possible value range, and multimodality. These aspects can vary according 

to specific elements such as the utility measure to be mapped, the condition, and the patient 

population. 

Thus, we computed different models. We fitted mixed-effects linear regression models, mixed-

effects Tobit models, limited dependent variable mixture models, mixture beta regression models, 

as well as two-part models.  

Linear regression models 

Due to the multiple observations’ nature of our data (individuals replied to the questionnaires 

multiple times over the study period), we had to account for the observations’ interdependence. 

Thus, we included random-effects in mixed-effects linear regression models. 

Tobit models 

We carried out a mixed-effects Tobit model censored at the upper bound (corresponding to the 

value ‘1’). 

Two-part models 

In the first stage of the two-part model, we fitted a mixed-effects logistic regression to predict the 

likelihood that a participant would be in full health. A mixed-effects linear regression that only 

included those who were not in full health was computed in the second stage. An expected value 

technique was employed to determine the overall expected EQ-5D index value[29].  

𝐸(𝐸𝑄 − 5𝐷) = Pr(𝑓𝑢𝑙𝑙 ℎ𝑒𝑎𝑙𝑡ℎ) × (𝐸𝑄 − 5𝐷 𝑖𝑛 𝑓𝑢𝑙𝑙 ℎ𝑒𝑎𝑙𝑡ℎ) + (1

− Pr(𝑓𝑢𝑙𝑙 ℎ𝑒𝑎𝑙𝑡ℎ))  × (𝐸𝑄 − 5𝐷 𝑛𝑜𝑡 𝑖𝑛 𝑓𝑢𝑙𝑙 ℎ𝑒𝑎𝑙𝑡ℎ) 

where E stands for expected and Pr stands for probability.  

Adjusted limited dependent variable mixture models and mixture beta regression models 

We carried out adjusted limited dependent variable mixture models (ALDVMM) and mixture beta 

regression models. Stata commands for ALDVMMs and mixture beta regression models were 

created explicitly to work with the specificities of health utility data[30,31]. These models enable 

the dependent variable to be restricted to the EQ-5D-5L country-specific threshold, at the same 

time accounting for the break between perfect health (1) and the following possible score (in 

Germany this value corresponds to 0.974). 

We fitted these models both with and without taking into account the truncation point, and with 

and without considering a probability mass at full together with the truncation point (only in the 

beta mixture models). A ‘truncation point’ corresponds to the ‘next feasible value after full 

health’[32]. In what concerns the EQ-5D-5L for Germany, this corresponds to the value of 0.974. 



  10 

 

 

As mixture models tend to have several optima, we employed the predicted parameters from a 

constant-only model in our regressions’ models to identify the global maximum[30]. In contrast to 

the other models we developed, we were unable to incorporate random-effects to account for 

multiple observations. Nevertheless, we calculated robust cluster-corrected standard errors. 

Response mapping 

We also aimed to conduct response mapping. Response mapping includes two steps: first the 

probability of being in one of the five levels of the EQ-5D-5L’s five domains must be estimated. 

For this purpose, we planned to use a random-effects generalised ordered probit (using the 

regoprob command in Stata), fitting five different regression models. This method does not require 

a parallel line assumption (the assumption that the coefficients for the independent variables 

across the different categories are the same) as do standard ordered probit or logit models and 

considers the ordinal nature of the EQ-5D levels (the multinomial logit model does not require the 

parallel line assumption but ignores the ordinal nature of data)[33]. The expected EQ-5D-5L index 

value for Germany would be then calculated using the expected value method[34]. This method 

overcomes possible biases that could arise from merely choosing the level with the highest 

associated probability[34].  

𝐸(𝐸𝑄 − 5𝐷) = 1 − (𝑃𝑟𝑚𝑜2 × 0.026) − (𝑃𝑟𝑚𝑜3 × 0.042) − (𝑃𝑟𝑚𝑜4 × 0.139) − (𝑃𝑟𝑚𝑜5 × 0.224)

− (𝑃𝑟𝑠𝑐2 × 0.05) − (𝑃𝑟𝑠𝑐3 × 0.056) −  (𝑃𝑟𝑠𝑐4 × 0.169) − (𝑃𝑟𝑠𝑐5 × 0.26)

−  (𝑃𝑟𝑢𝑎2 × 0.036) −  (𝑃𝑟𝑢𝑎3 × 0.049) − (𝑃𝑟𝑢𝑎4 × 0.129) −  (𝑃𝑟𝑢𝑎5 × 0.209)

−  (𝑃𝑟𝑝𝑑2 × 0.057) − (𝑃𝑟𝑝𝑑3 × 0.109) −  (𝑃𝑟𝑝𝑑4 × 0.404) − (𝑃𝑟𝑝𝑑5 × 0.612)  

−  (𝑃𝑟𝑎𝑑2 × 0.03) − (𝑃𝑟𝑎𝑑3 × 0.082) − (𝑃𝑟𝑎𝑑4 × 0.244) −  (𝑃𝑟𝑎𝑑5 × 0.356)  

where Pr stands for probability, mo stands for ‘Mobility’, sc stands for ‘Self-care’, ua stands for 

‘Usual activities’, pd stands for ‘Pain/discomfort’, and ad stands for ‘Anxiety/depression’. The 

number after each dimension’s name corresponds to the level (1 stands for ‘no problems’, 2 for 

‘slight problems’, 3 for ‘moderate problems’, 4 for ‘severe problems’, and 5 for ‘unable to/extreme 

problems’).  

4.1.5 Model specification 

We contrasted models in which independent variables were either the overall HIT-6 score or each 

of HIT-6 six questions. 

We pre-defined age, sex, and chronification stage as variables that had to be part of the model. 

We only took into consideration sex and age as potential socio-demographic determinants 

because they are commonly gathered in studies and mapping techniques are designed to be 

used by other researchers. Age affects migraine symptoms, as evidenced by a decline in the 
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incidence of photophobia and phonophobia[35]. Three times as many women as men get 

migraines, and it is well recognised that changes in female hormones have a significant impact 

on this relationship[36,37]. Thus, we investigated if there was a sex-age interaction given that the 

effects of migraines vary with age, particularly in women[35]. Additionally, we took into account 

the patients' migraine chronification stage (chronic or episodic) and the interaction with the 

variable age. Exploring the addition of a variable of interaction between chronification stage and 

age was important since migraine features may change over time (e.g. from episodic to chronic 

migraine)[38]. The Stata package ‘Global Search Regression’ gsreg for automatic selection of 

variables was used[39]. We used BIC (Bayesian information criterion) as a criterion for variable 

selection, whereby the lower the BIC, the better the model performed. 

All mentioned analyses were based on complete-cases with respect to the variables EQ-5D 

domains, HIT-6 domains, sex, age, as well as chronification stage. 

4.1.6 Model validation 

To analyse the performance of each model, we displayed the observed as well as the predicted 

EQ-5D-5L scores with scatterplots. Models’ validation was carried out using tenfold cross-

validation. It was not possible to conduct external validation due to the lack of external data. 

However, for small samples, cross-validation performs well[40]. Mean absolute error (MAE), root 

mean squared error (RMSE), and R2, averaged across 10 cycles, were employed to evaluate the 

prediction ability of the distinct models. 

Analyses were carried out using R 3.6.3[41] and Stata 15. 
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4.2 Research Project 2 – Systematic review of mapping 

algorithms 

The PROSPERO registration number for this systematic literature review is CRD42020188130. 

The methodology for this research project, complying with the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) guidelines, is described in the sections that 

follow. 

4.2.1 Inclusion and exclusion criteria 

Studies that created mapping models to predict generic HSUVs from both PBMs and non-PBMs 

were taken into consideration. 

We focused on studies that employed statistical approaches to build novel mapping algorithms 

that other researchers may use (i.e. regression techniques). 

Hence, the following studies were excluded: studies that employed ‘judgement-based mapping’; 

records only using and/or testing already developed mapping functions; records that directly 

predicted HSUVs that resulted from valuation methods like time trade-off or discrete choice 

experiments; records that mapped to disease-specific PBMs, and conference papers or abstracts 

without an accessible complete-text publication. We also disregarded systematic reviews, 

although they were utilised for manually searching for further relevant studies. 

4.2.2 Data sources and search strategy 

Our systematic search was conducted in MEDLINE (via Ovid), the Cumulative Index to Nursing 

and Allied Health Literature (CINAHL), the database of mapping studies from the University of 

Oxford, and the ScHARRHUD database from the School of Health and Related Research, 

University of Sheffield.  

Initial searches were carried out on 1st March 2021. An update search was performed on 13th 

December 2021. The used search strings are shown in the Supplementary Material 1 of Oliveira 

Goncalves et al. 2021[17]. 

We further searched for additional records in reference lists included in already published 

mapping reviews[42,43] and on a specialised website (EuroQoL). We considered studies in 

English and German. 
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4.2.3 Selection process 

Records were uploaded to the reference manager Paperpile® and were screened for eligibility in 

an independent way by two reviewers. First, titles as well as abstracts were inspected against our 

pre-defined criteria of inclusion and exclusion. In order to decide which research should be 

included in the systemic literature review, the full texts of all possibly relevant studies were 

subsequently reviewed. Disagreements were resolved through debate or by engaging an 

additional reviewer to establish a consensus. 

4.2.4 Extraction of data 

We then proceeded by extracting data from all qualifying studies using a standardised extraction 

template. Information from the included records was gathered by the same two reviewers. Multiple 

checklists guided the development of the extraction matrix: the ‘Mapping to estimate health-state 

utility from non-preference-based outcome measures’ report[11], and the MAPS checklist[44]. 

The data extraction template contained bibliographic details, the source instruments, the target 

PMBs, and the jurisdictions’ used weights. In what concerns information on methods, we retrieved 

data on the used mapping methods (direct or indirect mapping), regression methods, and whether 

validation (including the type of validation) was carried out. In terms of the dataset employed for 

estimation, we extracted details regarding the jurisdiction where the questionnaires were handed 

out, and the sample population. Given that our primary interest was to investigate how 

manuscripts take into account multiple observations when the outcome was measured more than 

once per individual, we retrieved details on whether mapping models were fitted employing 

exclusively data at one time point from a longitudinal study (e.g. just baseline) or the entire 

dataset; the number of considered time points; if specific time points from the dataset were just 

used for training or for validation; which statistical analysis approaches were utilised; and which 

(if any) adjustments were carried out for multiple observations. We further extracted data if the 

variance-covariance matrix was made available by authors, since standard errors will be different 

if researchers adjust for multiple observations. Moreover, we extracted data on whether the 

authors of these studies did not recommend mapping. We carried out descriptive statistical 

analysis with R 4.0.2[41].  

4.2.5 Assessment of the quality and bias of included publications 

The goal of this systematic literature review was to present an overview of common practice, 

namely how researchers handle multiple observations per subject over time, rather than to 
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evaluate the general mapping publications’ quality. As a result, assessing the general quality of 

mapping studies was outside the purview of this study.   



  15 

 

 

4.3 Research Project 3 – Health economic evaluation 

4.3.1 Patients, setting, and study design 

The data used in this project stem from the B_PROUD study, a prospective, non-randomised, 

controlled intervention study carried out in Berlin (Germany), from 1st February 2017 to 30th 

October 2019[45].  

The B_PROUD study was approved by the ethics committee of the Charité – Universitätsmedizin 

Berlin on 2nd September 2015. In accordance with German data protection law and with the 

approval of the Berlin data protection representatives, patients were notified one month in 

advance about the planned follow-up assessment, which took place three months after the index 

event. They were also warned that they could opt out at any time before or during the telephone 

interview or from participation in the alternative questionnaire-based assessment. 

Briefly, individuals were included in the B_PROUD primary population if they had a diagnosis of 

acute cerebral ischaemia (ischaemic stroke, according to the International Statistical 

Classification of Diseases and Related Health Problems, Tenth Revision, ICD-10: I63 or transient 

ischaemic attack, ICD-10: G45, excluding G45.4), and were potentially suitable candidates for 

either thrombectomy or thrombolysis. Further inclusion criteria for the B_PROUD study included 

being over 17 years old; the emergency call needed to lead to an MSU mobilisation code 

throughout operating hours of the MSU; stroke onset within four hours since the emergency call; 

occurrence of the index event within the boundaries of the MSUs’ catchment areas; ability to have 

been ambulatory prior to the stroke event (a proxy of mRS ≤ 3), and without symptom resolution 

before the arrival of the emergency medical services. The primary research population did not 

include any other subtypes of stroke. Since no changes in short-term outcomes were detected in 

previous research, those with a definite non-stroke diagnosis or stroke patients who were not 

qualified for recanalising therapy were excluded[45]. Hence, it was hypothesised that the 

mobilisation of MSUs did not affect the outcomes of patients belonging to these groups. 

Exposure status was established using the type of ambulance mobilisation (with MSU 

mobilisation or without MSU mobilisation), similar to the intention-to-treat concept in a RCT. 

Allocation to one of the groups was dictated by the availability of an MSU at the time of the index 

stroke, thus creating a natural experiment setting. Specifically, three MSUs were introduced 

throughout Berlin over a 17-month period. The B_PROUD study started with a single MSU, and 

after a five-month roll-in phase, a second MSU was introduced on 1st September 2017, followed 

by a third MSU on 1st September 2018. On 1st September 2018, Global Positioning System 

Tracking was added. Subsequently, the geographically nearest available MSU was sent to the 
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event location. Patients with ischaemic stroke and transient ischaemic attack, for whom an MSU 

and a regular ambulance were mobilised, made up the intervention group (n = 749). The 

comparator group included patients for whom exclusively a standard ambulance was mobilised 

(n = 794).5 Additional information about B_PROUD’s design, participant selection, and complete 

characteristics of the study population have been presented elsewhere[45]. 

4.3.2 Outcomes 

In our cost-utility analyses, the HRQoL outcome was assessed with the three-level version of EQ-

5D developed by the EuroQol Group (EQ-5D-3L), using the German Visual Analogue Scale (VAS) 

weights[46]. This instrument consists of five dimensions, as described in section 4.1.2. It was 

administered via telephone interviews or paper questionnaires by qualified research nurses. The 

EQ-5D-3L was administered to patients at the three-month follow-up. Previous research 

analysing shifts in quality of life according to the severity of stroke symptoms showed that the 

differences in survival probabilities and EQ-5D-3L values after the initial months remained mostly 

unaltered over a five-year timeframe[47]. Therefore, we have defined five years as the time frame 

in our study. Our time range enabled us to consider care costs, which remain a financial burden 

after the initial 3-month follow-up (see section 4.3.3). Although HRQoL was not collected in the 

Luengo-Fernandez et al. study at a three-month follow-up like in B_PROUD, the B_PROUD 

information falls within the one- and six-month follow-up intervals used by Luengo-Fernandez et 

al. [47]. We calculated Quality-Adjusted Life Years (QALYs) for the aforementioned five-year 

period by multiplying EQ-5D-3L scores in month three by five. We acknowledge that this 

projection assumes that each patient's EQ-5D-3L scores stay stable throughout a five-year 

period. Nevertheless, since the incremental cost-effectiveness ratio (ICER) denominator pertains 

to the QALYs difference between exposure groups after adjustment for confounding, this 

procedure was appropriate for the current study. As a result, the key hypothesis in our 

methodology was that the difference in the number of QALYs owing to mortality or HRQoL 

changes after adjustment for confounding was equal during the five-year period in both groups. 

The mRS at three months was the outcome measure of interest in our cost-effectiveness 

analyses. The mRS questionnaire measures how impaired or dependent stroke victims are while 

doing everyday activities. It ranges from 0 (‘no neurological symptoms’) to 6 (‘death’). Patients in 

the MSU mobilisation group showed significantly lower global disability, as determined by the 

mRS score, compared to those in the control group, according to a previous B_PROUD study 

(OR 0.71, 95% CI, 0.58 to 0.86)[45]. This score was dichotomised for the cost-effectiveness 

analyses: 0-1 (‘excellent’ or ’survival without symptoms/disability’) and 2-6 (‘not excellent’ or 

’survival with symptoms/disability’ or ‘dead’)[48]. When possible, the three-month mRS scores 

were computed as the median rating of three different neurologists in an independent and blinded 



  17 

 

 

fashion[45]. Unblinded scores conducted by certified nurses were only employed when the audio 

quality of the recording was too poor for assessment or when patients refused the recording. We 

hypothesised that the difference in the absolute number of survivals without symptoms/disability 

between exposure groups, after adjustment for confounding, stayed invariable during the course 

of five years. 

4.3.3 Costs 

The relevant cost categories were prospectively recorded by the Berlin Fire Department and the 

study members within the study period. These comprised prehospital healthcare expenses with 

medication, prehospital imaging charges (computed tomography and computed tomography 

angiography), and MSU-related investment and operating expenditures. 

We provide both a societal and a statutory health insurance perspective in our analyses. From a 

societal perspective, we included any incremental MSU-related expenses generated by the Berlin 

Fire Department (which included value-added tax). In terms of the statutory health insurance 

perspective, we considered the Berlin Fire Department's fee per MSU mobilisation for 

reimbursement by statutory health insurance. Here, we assumed that 97% of the mobilisations 

which involved patient care were certainly chargeable and refunded. 

Furthermore, we considered expenses related to long-term care in the five years after the stroke. 

Using unpublished data from a different sizable stroke study in Germany[49], we translated mRS 

scores into various care dependency levels named ‘Pflegestufen’ to represent the extent of the 

need for care. The degrees of care dependency in Germany are defined by the Medical Service 

of the Health Insurance and are employed to compute long-term care insurance payments for the 

delivery of care. Due to a change in Germany's classification system starting 2018, we translated 

the previous ‘Pflegestufe’ degrees to the modern ‘Pflegegrad’ (care grade) in accordance with 

established tables[50]. We estimated total care service costs by combining the said information 

about the care grade of each individual with information about each individual’s living status 

(‘living at home and cared for by a relative; ‘living at home and cared for by a professional’; ‘living 

in a nursing home’; ‘in the hospital’[18]) collected at three-month follow-up by the B PROUD study 

team. The supplementary Appendix 2 of Gonçalves et al. 2023 [18] describes the calculation of 

these costs and the assumptions made. 

As suggested by the German Institute for Quality and Efficiency in Health Care (IQWIG), we 

employed a 3% discount rate for long-term care expenditures in the years after the index 

event[51]. All expenditures are reported in Euros, with 2019 serving as the reference year. 

We assumed three unique scenarios: base-case, best-case, and a worst-case scenario. Briefly, 

under the base-case scenario, we analysed outcomes for the primary study population[18,45]. As 
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a result, we considered additional costs related to the MSU mobilisation for all patients with code 

stroke. Moreover, we hypothesised that the costs of tPA treatments would be identical whether 

they were administered before or after a hospital stay, and that nursing care costs were 

determined by the patient’s mRS score. The best-case and worst-case scenarios employed the 

base-case scenario’s assumptions with multiple changes.  Under the best-case scenario, we 

calculated long-term care costs taking a less conservative approach when converting 

‘Pflegestufe’ degrees to the modern ‘Pflegegrad’ (‘care grade’). In this scenario’s calculation of 

the care costs, we accounted for ‘non-physical’ deficits such as mental and communication 

deficits. See Supplementary Appendix 2 in Gonçalves et al. 2023 [18] for further details. 

Furthermore, we hypothesised that the regularity of MSU mobilisations could be raised by a factor 

of 1.8, which corresponded to a higher tPA frequency of treatment per MSU functioning week, as 

it was observed in the PHANTOM-S trial[52]. Under the worst-case scenario, we conducted a 

complete case analysis, thus assuming that the effects identified in the B_PROUD study 

exclusively pertained to subjects with complete three-month follow-up data. We further 

hypothesised that one-half of the imaging examinations required re-testing in a hospital setting. 

Finally, we considered that the consequences on the care grade dependency degree and mRS 

continued to be steady over a period of 18 months (based on the IST-3 observation period), 

instead of five years[53]. Complete details on the assumptions made under each scenario can be 

found in Supplementary Appendix 1 in Gonçalves et al. 2023[18]. 

4.3.4 Statistical methods 

This economic evaluation followed the statistical analysis strategy that was registered in OSF[54]. 

For all analyses, the incremental costs and incremental outcomes attributable to MSU 

mobilisation were estimated using the parametric G-formula[55]. We first ran a linear regression 

model with numeric costs as the dependent variable and exposure group, and a set of a priori 

selected confounding variables (sex, age, diabetes mellitus, atrial fibrillation, arterial 

hypertension, symptoms of neurological nature at emergency medical services or MSU arrival, 

and living status before the index event[18]) as explanatory variables. These covariates were also 

used for adjustment in the assessment of clinical effectiveness in the primary B_PROUD 

population[45]. The predicted costs for every individual in our two hypothetical scenarios — 

deploying the MSU together with a regular ambulance to all patients with a code-stroke and 

deploying a standard ambulance alone to all patients with a code-stroke — were then determined 

using this model. In the interest of calculating the total costs, we added the predicted costs — 

obtained in the previous step — across all persons in each hypothetical scenario and calculated 

the difference between the total costs to get the incremental costs associated with the mobilisation 
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of MSUs. The incremental QALYs owing to MSU mobilisation together with a standard ambulance 

were calculated using the same methodology, given that the variable QALYs is also numeric. 

Since the dichotomised mRS variable is binary, a slightly different approach was used. To begin 

with, we fitted a logistic regression to estimate each person's likelihood of surviving without 

disability (mRS 0-1) under each hypothetical scenario. The total number of subjects surviving 

without symptoms/disability was then estimated for each hypothetical scenario. Lastly, we 

calculated the incremental absolute number of survivals without symptoms/disability owing to the 

mobilisation of an MSU as the difference[18]. 

We used these incremental total effects (QALYs in the cost-utility analyses; dichotomised mRS 

in the cost-effectiveness analyses) and incremental total costs to compute ICERs. 

Generally, incremental costs and incremental effects are shown as mean incremental costs and 

mean incremental effects. However, this would not make sense for the dichotomised mRS 

outcome, which corresponds to the lives saved without symptoms/disability. As mentioned above, 

in the G-formula, we used a logistic regression model to predict each person’s probability of 

surviving without disability (mRS 0-1) under each hypothetical scenario. The total number of 

individuals who survived without having/developing a disability was then calculated. It would not 

have made sense to compute the mean number of incremental survivals without 

symptoms/disability. Given that ICERs are ratios, we had to use the same procedure for costs, 

obtaining incremental overall costs instead of incremental mean costs. For consistency purposes, 

we followed the same approach for the cost-utility analyses. 

In the cost-benefit analysis, we quantified net costs as the difference between the additional costs 

of MSU mobilisation and the saved care costs. We used the same statistical methods as 

described above to perform imputation, bootstrapping, and obtain incremental costs and effects. 

The main result from this analysis was not an ICER but a net monetary benefit. Normally, this is 

computed by multiplying a country’s willingness-to-pay threshold by the incremental effects and 

subtracting the incremental costs. However, as there is no official threshold in Germany, we have 

only considered the difference between the additional costs of MSU mobilisation and the saved 

care costs. 

Our dataset had missing values in the EQ-5D-3L, mRS, patient’s care grade level and living 

status. Mean costs were computed based on information collected by the Berlin Fire Department, 

the B_PROUD team of the Charité – Universitätsmedizin Berlin, and by using publicly accessible 

sources. Thus, there was no missing data. However, there were missing data in the care cost 

segment since they were calculated using each patient’s details, some of which had missing 

values. We employed multiple imputation by chained equations with five datasets in order to 

impute missing data for both the base-case and best-case scenario, assuming a missing at 
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random data mechanism. The means across the five datasets from the multiple imputation were 

used for calculating the point estimates for incremental QALYs, incremental survivals without 

symptoms/disability, and incremental costs. Every variable that had been considered in the 

regression models in the initial effectiveness publication was also included in the imputation 

models[45], in accordance with the guidelines for handling missing data in economic 

evaluations[56]. 

In order to calculate 95% confidence intervals, we conducted (nonparametric) bootstrapping with 

a total of 5,000 iterations following the BootMI approach[57]. After multiple imputation on every 

bootstrapped dataset, we estimated the upper and lower bounds of the confidence interval from, 

respectively, the 2.5% and 97.5 percentile of the generated distribution of the average metric 

(across the five datasets that were imputed). We also generated cost-utility and cost-

effectiveness planes to display the bootstrapped cost-utility and cost-effectiveness pairings that 

originated from the bootstrapping iteration runs, illustrating the joint uncertainty around outcomes 

and costs[58]. Data points falling in the ‘northeast’ quadrant of these planes suggest that the 

exposure produces greater health gains while being more expensive, whereas points in the 

‘southwest’ quadrant indicate that the intervention produces fewer health gains but is less 

expensive. An exposure yielding both higher health gains and lower costs (‘southeast’ quadrant) 

is regarded as an economically ‘dominant’ option. On the opposite, northwest points are deemed 

‘dominated’, because they correspond to lower health gains and higher costs. In our tables, we 

further reported the proportion of data points falling into each of the four quadrants, to give a 

clearer picture of the number of incremental cost-effect pairs per quadrant. 

In addition to the different scenarios considered, we carried out a sensitivity analysis to apply a 

different approach to adjust for confounding, where the models were exclusively adjusted for the 

geographic coverage of the MSUs. This variable was created based on the absolute number of 

MSUs which were covering a geographic location (zip code) during an exact time period (one-

fourth of the calendar year) at the time of the patient’s index event (because of the overlap of 

MSUs’ catchment locations). We hypothesised that no changes occurred in the MSU catchment 

zones after the GPS system was installed. We employed information from all variables used in 

the main analysis, as well as the MSU coverage variable, to generate the imputed datasets for 

these analyses. 

Analyses were conducted with the software R version 4.0.3[41]. 
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5. Results 

5.1 Research Project 1 – Mapping algorithm development 

5.1.1 Missing data and descriptive statistics  

Casewise deletion was conducted considering the variables related to HIT-6, EQ-5D-5L, 

chronification stage, sex, and age. The variable chronification stage (episodic versus chronic), 

reported by the physicians in the study, had no missing values. Furthermore, there were also no 

values missing in terms of the age of participants.  

Twenty-two out of 1,032 observations were removed, which corresponded to 16 patients with 

missing data. Seven patients out of 16 were not considered in the analyses since they lacked 

complete data on other time periods. The dataset finally used in our analyses contained 1010 

observations, corresponding to 410 patients. 

The vast majority of participants were female (87.3%) and overall, participants were on average 

41.1 years old. See Table 1 in Oliveira Goncalves et al. 2021 for a detailed overview of patients’ 

socio-demographic characteristics[16]. 

Figure 1 and Figure 2 depict the distributions of the two instruments.  

EQ-5D-5L scores ranged from -0.57 to 1. Nobody had the worst health state as measured by this 

questionnaire (−0.661). The EQ-5D-5L data show a mass point at the upper perfect-health bound: 

194 out of 410 participants reported having perfect/full health (a score of 1) in at least one time 

period. Figure 1 shows a left skew amounting to -2.33, with a corresponding kurtosis amounting 

to 9.45. Those with episodic migraine have significantly more skewed data than patients with 

chronic migraine. The average EQ-5D-5L index value for all participants amounted to 0.82 (SD 

0.23), 0.86 (SD 0.18) n the case of episodic migraine subjects, and 0.72 (SD 0.30) for subjects 

with chronic migraine. We did not find a significant mass of data points at 0.974, which 

corresponds to the truncation point. 

In terms of the HIT-6, values varied from 44 to 78. No participants reported the best headache-

specific health state (36). This phenomenon makes sense, especially at baseline, given the trial’s 

inclusion criteria (patients had to report at least five migraine days over the 28 days preceding the 

screening visit to be included in the trial). Opposite to the EQ-5D-5L, HIT-6 data did not show 

large ceiling effects. While data was also skewed to the left, the absolute skewness level was 

much lower than in the EQ-5D-5L case (−0.64 vs −2.33). 
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Figure 1 EQ-5D-5L number of responses histogram and kernel density plot by migraine severity (modified from Oliveira Goncalves 
et al., 2021 [16]) 

 

 

Figure 2 HIT-6 number of responses histogram and kernel density plot by migraine severity[16](modified from Oliveira Goncalves 
et al., 2021 [16]) 

Headache Impact Test-6 (HIT-6) 
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5.1.2 Conceptual overlap  

We had assumed that both daily activities and occupation could be captured by questions 2, 3 

and 4 from the HIT-6 and by the EQ-5D-5L dimensions ‘Usual activities’ (see Table 1 below). 

Physical health could be measured with question 5 from the HIT-6 and with the dimensions 

‘Pain/discomfort’ and ‘Mobility’ from the EQ-5D-5L. Self-care would be only captured by the EQ-

5D-5L dimension ‘Self-care’. 

Table 1 Theoretical conceptual overlap between EQ-5D-5L and HIT-6 (own representation: Oliveira Gonçalves) 

 
Occupation/ Daily Activities Physical Health Mental Health Self-Care 

HIT-6 Question 2, Question3, 
Question 4 

Question 1 Question 5 - 

EQ-5D ‘Usual activities’ ‘Pain/discomfort’, 
‘Mobility’ 

‘Anxiety/depression’ ‘Self-care’ 

Headache Impact Test-6 (HIT-6) 

Besides the expected ‘theoretical’ overlap, we computed correlation coefficients. The correlation 

coefficient between the HIT-6 and the EQ-5D-5L overall scores was −0.30. When looking at the 

EQ-5D-5L score and the multiple HIT-6 questions, coefficients ranged from −0.153 to −0.234. 

The correlation coefficient between each EQ-5D-5L dimension and the HIT-6 overall score ranged 

between 0.077 and 0.300. Supplementary Tables A.1, A.2, and A.3 in Oliveira Goncalves et al. 

2021[16] show correlation tables, including correlation coefficients stratified by migraine severity 

level. 

In terms of responsiveness, the HIT-6 score and each question showed little to moderate 

responsiveness, while both the EQ-5D-5L score and each dimension were associated with low 

SRMs. While for the HIT-6 questions SRMs ranged from 0.211 to 0.669, these values were lower 

for EQ-5D dimensions (0.088 to 0.280) (see Supplementary Table A.4 in Oliveira Goncalves et 

al. 2021[16]). Even though the low level of responsiveness could be partially due to the inclusion 

of patients in the control group in the dataset, it is not clear why the HIT-6 is more sensitive to this 

measure than the EQ-5D. 

We used three factors for the EFA. In what concerns Factor 1, it showed meaningful loadings (i.e. 

higher than 0.3) for all EQ-5D-5L dimensions, but not for HIT-6 questions. Factors 2 and 3 solely 

loaded HIT-6 questions: questions 2 to 6 for Factor 2, and questions 1 and 2 for Factor 3. Question 

2 from the HIT-6 loaded in both Factor 2 and 3, with a higher load in Factor 2. Question 3 from 

the HIT-6 also loaded in both Factor 2 and 3 but showed a higher value in Factor 3. Overall, 

Factor 2 had meaningful loadings in all but one HIT-6 question (question 1 only had a meaningful 

load in Factor 3) (Table 2 in Oliveira Goncalves et al. 2021[16]). We obtained similar results when 

using a different rotation: all EQ-5D-5L dimensions loaded on the same factor, whereas HIT-6 

questions loaded on both Factor 2 and Factor 3 (Supplementary Table A.5 in Oliveira Goncalves 
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et al. 2021[16]). These analyses did not take into account the fact data had multiple observations 

per subject over time. Thus, we conducted a sensitivity analysis where we exclusively used 

baseline observations. Our results did not considerably change concerning meaningful loadings 

and the number of factors.  

Overall, the EFA results showed a lack of overlap between EQ-5D-5L and the HIT-6, suggesting 

that the two instruments may not measure the same latent constructs[16].  

5.1.3 Mapping algorithms with different models 

Detailed information on each model’s coefficients and predictive performance can be found in the 

Supplementary Material of Oliveira Goncalves et al. 2021[16]. Overall, using an identical 

statistical approach, models that incorporated the HIT-6 overall score outperformed those that 

incorporated each HIT-6 item as explanatory variables. The addition of interaction variables 

(between sex and age, chronification stage and age, and chronification stage and sex) was shown 

not to markedly enhance EQ-5D score prediction in any of the developed models. On the other 

hand, the inclusion of quadratic terms for both the HIT-6 total score and multiple HIT-6 dimensions 

improved the goodness-of-fit of multiple models. The first stage of the two-part model contained 

just the overall HIT-6 score, the chronification stage, sex, and age; the second stage contained 

the same variables and the HIT-6 overall score quadratic term. 

We could not carry out response mapping as it was planned. Our dataset contained few replies 

at the worst response levels, thus rendering it inadequate for response mapping, which requires 

a considerable number of observations in each response grouping[32]. 

Figure 3 depicts the observed and the predicted EQ-5D-5L scores for each mapping model. As 

is usual in mapping functions, our estimated models underestimated utility values for people with 

worse health states and inflated them for people with better health states[42]. While linear 

regression models can generate estimates greater than one (since it does not consider an upper 

limit), Model A (mixed-effects) linear regression model with the overall HIT-6 score as an 

explanatory variable) did not yield predictions that were greater than one. The highest predicted 

value for Model A was 0.98, while the maximum predicted value for Model B (mixed-effects linear 

regression model with individual HIT-6 items as explanatory variables) was 1.07.
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Figure 3 Observed and predicted EQ-5D-5L index values’ scatterplots (from Oliveira Goncalves et al., 2021 [16]) 

Model A – Mixed-effects linear regression, overall HIT-6 score; Model B – Mixed-effects linear regression, individual 

HIT-6 domains; Model C – Mixed-effects Tobit, overall HIT-6 score. Model D – Mixed-effects Tobit, individual HIT-6 

domains; Model E – Two-part model, overall HIT-6 score; Model F – Two-part model, individual HIT-6 domains. Model 

G – Adjusted limited dependent variable mixture, overall HIT-6 score. Model H – Adjusted limited dependent variable 

mixture, individual HIT-6 domains. Model I – Beta Mixture Model (with inflation), overall HIT-6 score. Model J – Beta 

Mixture Model (with inflation), individual HIT-6 domains
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There was no single model that outperformed all other models in terms of all goodness-of-fit 

indicators. Model E (a two-part model using the overall HIT-6 score as an independent variable) 

fared the best in what concerns the RMSE. Even if Model G has a higher R2 value, it predicts 

those in better health and those in worse health less well than Model E. Model I has a higher R2 

value than Model E, although Model E predicts lower health conditions better. The break between 

perfect health and the following viable health state was included in the ALDVMMs and beta-

mixture models. The models' not so strong performance may, however, be explained by the small 

number of data points (four) with the health state that follows perfect health (0.974). 

As a result, if research teams choose to translate index values from the HIT-6 questionnaire for 

use in cost-utility studies, Model E can be used. We provide the variance-covariance matrix for 

this model in Table A.6 of the Electronic Supplementary Material of the Oliveira Goncalves et al. 

2021[16]. This matrix allows researchers to conduct probabilistic sensitivity analysis, thus 

accounting for uncertainty. We would want to point out, however, that this mapping procedure 

should only be utilised as a last option. 
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5.2 Research Project 2 – Systematic review of mapping 

algorithms 

5.2.1 Search results  

Our systematic search yielded a total of 1,344 records from multiple predefined data sources (see 

section 4.2.2.). After the duplicates’ removal, a total of 788 records were selected for title and 

abstract screening by two reviewers. In this step, 461 records were excluded: 435 did not develop 

a mapping algorithm; ten had no available abstract; nine were repeated; five were only an abstract 

or poster; and two were not in English or German. Forty-nine records were subsequently excluded 

based on full-text screening: 33 did not develop a mapping algorithm; seven did not used 

regression techniques to calculate mapping algorithms; three were repeated; one did not map 

from a PROM; one was not clear if a previous algorithm was used or if a new algorithm was 

developed; one had no full text available. Thus, our systematic review of mapping studies 

comprised 278 publications. Figure 4 shows the PRISMA flow diagram with the study selection 

process. This figure is similar to Figure 1 in Gonçalves et al. 2022[17]. 

Several of the studies that were included employed numerous initial and target instruments, 

various country weights/value sets, as well as multiple datasets. As a result, instead of providing 

percentages in the following synthesis of data, we provide the absolute number of studies for 

each retrieved attribute. 
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Figure 4 Study selection flow diagram (modified from Gonçalves et al., 2022 [17])  

CINAHL - Cumulative Index to Nursing and Allied Health Literature; PBM - Preference Based Measure; PROM - Patient 
Reported Outcome Measure 
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5.2.2 General studies’ characteristics 

The majority of included studies used mapping to translate non-PBMs to PBMs. Numerous 

studies employed the generic European Organization for Research and Treatment of Cancer 

Quality of Life Questionnaire Core 30 (EORTC QLQ30) (n = 22), whereas some mapped from 

condition-specific EORTC QLQ modules: colorectal cancer (n = 2), multiple myeloma (n = 1), 

breast cancer (n = 1), and head and neck cancer (n = 1). Other commonly used start instruments 

included different versions of the Functional Assessment of Cancer Therapy (FACT) (n = 17), and 

the Health Assessment Questionnaire (HAQ) (n = 20). Several studies also mapped between 

PBMs, with the following start PBMs: the EQ-5D-3L (n = 3), the EQ-5D-5L (n = 2), the SF-6D (n 

= 2), the Assessment of Quality of Life (AQoL) (n = 2), the Quality of Well-Being index (QWB) (n 

= 2), 15D (n = 1), and the Health Utilities Index-Mark III (HUI3) (n = 1).  

Several general quality of life questionnaires without HSUVs were also employed as a start 

instrument: the Short Form-12 (SF-12) was employed in 12 studies, the Short Form-36 (SF-36) 

in ten, and the multiple versions of the Patient-Reported Outcomes Measurement Information 

System (PROMIS) in six. The most used target instrument was the EQ-5D-3L (n = 165). It was 

followed by the EQ-5D-5L (n = 62), the SF-6D (n = 56), the HUI3 (n = 21), different versions of 

the AQoL (n = 16), Child Health Utility instrument (CHU9D) (n = 9), the 15D (n = 10), the QWB (n 

= 5), and the EQ-5D-Y (n = 2).  

The most prevalent condition in the study’s sample population was cancer (n = 55), as anticipated 

given the aforementioned widespread use of cancer instruments as start measures, followed by 

various kinds of arthritis (n = 31). A large number of algorithms (n = 33) relied on responses from 

the general public.  

The Multi-Instrument Comparison (MIC) dataset was often employed (n = 13) to collect responses 

from mixed-condition patient groups and the general population (n = 3), and patient populations 

suffering from specific conditions, such as asthma (n = 2), cancer (n = 2), depression (n = 2), 

diabetes (n = 2), and heart disease (n = 2). The MIC project is an extensive comparative research 

project of multiple QoL instruments administered in multiple countries. Respondents included a 

representative healthy cohort as well as patients suffering from conditions in eight clinical 

areas[59].  

Databases from a wide range of nations were employed in the algorithm development studies. 

Furthermore, datasets occasionally included patients from different countries. The majority of 

studies used datasets with data from participants in the United Kingdom (UK) (n = 75), the United 

States (US) (n = 68), and Australia (n = 42). 
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In what concerns the value set utilised in PBMs, there was less country diversity than in the 

nations from where the datasets came. The UK value set was employed in the vast majority of 

studies (n = 161), followed by the US value set (n = 39) and the Canadian value set (n = 34). 

These categories also comprise studies that employed sets from several countries (n = 40). This 

happened when researchers mapped to multiple PBMs (n = 20), and when authors mapped to 

the same PBM (n = 20). The latter only happened for the EQ-5D-3L and the EQ-5D-5L. For some 

studies, it was not clear which tariff was used for at least one of the mapping functions (n = 7). 

5.2.3 Data sources and time points used by the studies  

There were 278 studies total, 120 of which only utilised datasets with multiple observations 

stemming from the same subjects throughout time, and 153 of which only employed datasets with 

a sole time point. In four studies it was not evident whether there were multiple observations in 

the used dataset. One manuscript employed multiple datasets, whereby one contained multiple 

observations per subject, one contained no multiple observations per subject, and for one this 

information was unclear. Even though we could tell whether multiple observations were utilised 

for most articles, this information was not always clearly stated in the manuscripts. 

In various cases, the descriptions of the dataset(s) in the study were insufficient to identify whether 

multiple observations were present[60–62]. The objective of this systematic review did not involve 

examining the level of quality of the publications. Our table in the Supplementary Material 3 in 

Gonçalves et al. 2022, provides researchers with a complete summary of what each study 

reported[17]. 

Various methodologies were utilised in the total of 121 studies which employed a dataset with 

multiple observations (and in some instances, several strategies in one study). The method used 

most frequently involved creating mapping algorithms containing all available time points (n = 92) 

or by utilising baseline values as the single time point (n = 32). Twelve studies employed more 

than one approach (see Table 1 in Gonçalves et al. 2022[17]). 
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Figure 5 Overview of how mapping studies dealt with multiple observations per subject over time (own representation: Oliveira 
Gonçalves) 

5.2.4 Methods for estimation 

The earliest mapping research studies were published in the 1997-2005 period and nearly entirely 

depended on OLS to compute mapping algorithms. Authors defend employing OLS citing its 

prevalence and standard practice[29,63–105], user-friendliness[73,74,106–112], and the 

establishment of a benchmark against which more sophisticated models may be contrasted[113–

121]. Today most studies also use more complex regression methods. 

Among the 92 studies where it is evident that datasets with multiple observations were employed 

for estimating mapping algorithms, 36 did not take into consideration that these observations are 

typically more similar to one another than observations from distinct subjects, whereas 56 did. 

These 56 studies that accounted for multiple observations employed various techniques, with 

eight using more than one strategy. The strategies employed by researchers consisted of utilising 

random-effects or mixed-effects models (n = 30), cluster-robust standard errors (n = 21), 

generalised estimating equations (n = 7), pooled OLS (n = 1), and longitudinal fixed effects (n = 

1). Several studies modified their data so that just one data point per subject was included in the 

estimation dataset. Coon et al. averaged their start questionnaire score over two time periods to 
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get a single observation per participant[122], whereas Madan et al. employed within-individual 

changes in both their start (Roland–Morris Disability Questionnaire - RMQ) and target 

questionnaire (EQ-5D-3L)[123]. Dixon et al.[113] and Hurst et al.[124] carried out regressions for 

each time point independently. Hoyle et al. acknowledged multiple observations as a challenge 

that must be addressed, but the particular methodological measures adopted were not explicitly 

specified[125]. 

Several studies that employed datasets comprising multiple observations from the same subjects 

over time described the reason behind not accounting for the correlation caused by multiple 

observations. Boland et al. discovered that utilising the overall dataset (i.e. with multiple 

observations per subject throughout time) increased model performance (as evaluated by the 

MAE and RMSE) when compared to a dataset containing only baseline measurements[116]. As 

a result, they used the complete (longitudinal) dataset while assuming observations from the 

same subjects throughout time as independent. Nair et al. primarily used multiple measurements 

from the same subjects over time[126]. However, they cross-checked their analysis by carrying 

out generalised estimating equations, which account for the multiple observations’ characteristic 

of their data. They included an independent variable on time to evaluate if there was dependency 

between observations from the same individual. They concluded that time did not (statistically 

significantly) impact the EQ-5D index value, nor associations between HAQ/DAS28 

(components). Thus, they decided to disregard generalised estimating equations and only relied 

on linear regressions. Versteegh et al. developed a mapping function from EORTC QLQ-C30 to 

EQ-5D-3L using a dataset with multiple observations[127]. Although the models did not account 

for multiple observations from the same subjects over time, the mapping function's predictive 

performance was evaluated separately for each time period. 

Researchers in two studies stated that they were unable to adjust for multiple observations when 

using certain regression models in Stata's since the packages (e.g. ALDVMM, Betamix) did not 

include this option[16,128]. However, these software packages give the possibility to account for 

multiple observations with cluster-robust standard errors, which the aforementioned studies 

employed. There were also authors that used standard packages (ALDVMM) who did not think 

the cluster-robust estimator method was required since it does not alter the coefficients but just 

the standard errors employed in probabilistic sensitivity analyses. Thus, they chose not to adjust 

for multiple observations[129]. 

5.2.5 Mapping algorithm validation  

Fourteen studies estimated their mapping functions with one time period from the original dataset 

(typically baseline data) and validated them with another (usually, follow-up data)[120,130–141]. 
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Cheung et al. estimated the mapping algorithm using data from subjects who had just one 

measurement[142]. One measurement was chosen at random for algorithm estimation and 

another for algorithm validation for individuals who had measurements collected at two time 

points. Lee et al. computed the mapping function using baseline data from a dataset and 

subsequently evaluated its validity employing baseline and follow-up data[143]. Multiple studies 

regarded this approach to be external validation (e.g. Frew et al. 2015[137]), whereas it is actually 

split-sample validation. 

5.2.6 Estimation and validation dataset splitting  

Fourteen out 26 studies made use of a dataset with multiple observations per subject over time. 

Among the 14 studies that used a dataset with multiple observations, three only employed the 

dataset's baseline data for estimation, whereas the other 12 used all available time points. Both 

techniques were employed in one study (using both all observations and baseline data only). 

5.2.7 Additional aspects  

Only 26 of the 278 manuscripts included in this review provided the correlation matrix of their 

mapping functions.  

We found 11 papers that determined that mapping should not be performed. This included both 

mapping functions created by the authors (e.g. Oliveira Gonçalves et al.[16]), and previously 

published algorithms. The target instrument in all but one study was a variant of the EQ-5D (i.e. 

the EQ-5D-3L or the EQ-5D-5L). Eight out of 11 manuscripts employed multiple observations 

from subjects over time as the data source for determining the mapping technique. All time points 

appear to have been utilised in all of them. Half of these studies took into account multiple 

observations. 
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5.3 Research Project 3 – Health economic evaluation 

The MSU mobilisation group consisted of 749 patients, while the comparator group consisted of 

794 patients. Baseline parameters and short-term outcomes are shown in Table 2. This table is 

similar to Table 1 in the manuscript by Ebinger et al.[46]. Patients included in this economic 

evaluation had a mean age of 73 years (SD: 13) in the MSU mobilisation group. In the usual care 

group, patients were 74 years old on average (SD: 13). The majority of patients were male: 53.8% 

in the MSU group and 52.5% in the standard care group. Prior to the stroke event, most patients 

lived at home without assistance (80.2% vs. 78.6%). Further information on the study design, 

participant selection, and full participants’ characteristics have been reported elsewhere[46]. 

There was a small percentage of missing data in the dataset and there was complete information 

for all baseline variables. 
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Table 2 Baseline Parameters in Patients Included in the Analysis (modified from Gonçalves et al., 2023 [18]) 

 Patients with 
MSU 

mobilisation (n = 
749) 

Patients without 
MSU mobilisation (n 

= 794) 

Mean 
difference/odds ratio 

(95% CI) 

Demographics    

Age, years, mean 
(SD) 

73 (13) 74 (13) −0.11 (−0.21; −0.01)a 

Age, median [IQR] 75 [65-82] 77 [67-83] - 

Sex, female, n (%) 346 (46.2) 377 (47.5) 0.95 (0.78; 1.16)b 

Sex, male, n (%)  403 (53.8) 417 (52.5) 1.05 (0.86; 1.29)b 

Comorbidities 

Arterial 
hypertension, n (%) 

589 (78.6) 649 (81.7) 0.82 (0.64; 1.06)b 

Atrial fibrillation, n 
(%)  

216 (28.8) 209 (26.3) 1.13 (0.91; 1.42)b 

Diabetes mellitus, n 
(%) 

191 (25.5) 201 (25.3) 1.01 (0.80; 1.27)b 

Functional status pre-stroke 

Living at home 
without assistance, 
n (%) 

601 (80.2) 624 (78.6) 1.11 (0.86; 1.42)b 

Living in nursing 
institution, n (%) 

84 (11.2) 96 (12.1) 0.92 (0.67; 1.25)b 

Clinical information 

Documentation of 
presence or 
absence of 
neurological deficits 
at EMS arrival 
available 

668 (89.2) 638 (80.4) 2.02 (1.51 to 2.69)b 

First assessed 
National Institutes 
of Health Stroke 
Scale score, 
median (IQR)c,d 

4 (2-9) 

(n = 746) 

4 (2-9) 

(n = 789) 

0.03 (−0.07; 0.13)a 

National Institutes 
of Health Stroke 
Scale score 
assessed at 
hospital admission, 
median (IQR)c,d 

3 (1-7) 

(n = 736) 

4 (2-9) 

(n = 789) 

−0.10 (−0.20; 
−0.003)a 

Transient ischaemic 
attack, n (%)e 

124 (16.6) 131 (16.5) 1.00 (0.77; 1.31)b 

Ischaemic stroke, n 
(%)  

625 (83.4) 663 (83.5) 1.00 (0.76; 1.30b 

Large vessel 
occlusion 
documented in 

163 (21.8) 177 (22.3) 0.97 (0.76; 1.23)b 
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acute vessel 
imaging, n (%)  

Emergency Medical Services (EMS); Interquartile Range (IQR); Standard deviation (SD) 

a Mean difference of standardised z values (95% confidence interval) 

b Unadjusted odds ratio (95% confidence interval) 

c The National Institutes of Health Stroke Scale score ranges 0-42, where higher scores indicate higher neurological 

deficits 

d Assessment in MSU in patients cared for by MSU or in emergency department in patients not cared for by MSU  

e Transient ischaemic attack was classified as a transient neurological dysfunction triggered by brain loss of blood flow 

(following ICD 10: G45.x, except G45.4)  

5.3.1 Costs 

Table 1 in Gonçalves et al. 2023[18] shows the cost allocation per participant and exposure group 

considering a societal perspective and under the base-case scenario. 

Considering a societal perspective, and under the base-case scenario, the largest cost 

contributors in the group who had an MSU mobilised were medical costs and expenses 

reimbursement, including costs for staff employed at the hospital and yielded EUR 4,383.08 per 

patient. Another major cost driver was related to MSU investment costs (amounting to EUR 

1,286.02 per patient), with the personnel costs of the Berlin Fire Department (EUR 974.35 per 

patient) third. Hence, the total costs (not including long-term care costs) amounted to an average 

of EUR 8,491.58 during the 56-month study timeframe per patient in the MSU mobilisation group. 

The total costs in the standard care group amounted to EUR 1,274.54 per patient. Since at the 

moment of MSU mobilisation, the stroke subtype was unknown, we did not deduct costs related 

to non-eligible code stroke patients (e.g. for intracranial haemorrhage stroke patients or stroke 

mimics). However, we deducted costs related to mobilisations of MSU to non-code stroke 

emergency calls (ultimately, 11.6% of all MSU mobilisations were in response to non-stroke 

emergencies), meaning that under the base-case scenario, we only considered 88.4% of MSU-

related costs. Supplementary Appendix 3, Table S3.3 in Gonçalves et al. 2023 lists complete 

costs considering all patients for whom MSU was mobilised (including non-code stroke patients) 

as well as costs for code stroke alarms only[18].  

Under the base-case scenario, from the statutory health insurance perspective (excluding long-

term care costs), the mean costs per patient amounted to EUR 6,246.70 in the MSU mobilisation 

group and EUR 1,274.55 in the standard care group. 
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Details on the resource use and the unit costs assigned to the resource use items to produce the 

reported cost figures are shown in Supplementary Appendix 3, Table S3.3 in Gonçalves et al. 

2023[18]. 

5.3.2 Outcomes: descriptive overview 

The MSU group had a higher average EQ-5D score (0.63 versus 0.59) than the group receiving 

conventional treatment. Additionally, more patients in the MSU mobilisation group than in the 

standard care group had a ‘good outcome’ as determined by the mRS score (50.92% versus 

42.31%) (see Table 2 in Gonçalves et al. 2023[18]). 

5.3.3 Cost-utility analyses 

The base-case scenario results, considering a societal perspective are shown in Table 3 in Thesis 

Gonçalves et al. 2023[18]. Under this scenario, MSU mobilisation was linked to higher costs and 

higher QALYs. The incremental total costs as a result of MSU mobilisation yielded EUR 

10,759,089.49 (9,912,284.42; 11,997,571.30). The incremental QALYs as a result of MSU 

mobilisation amounted to 262.52 (−41.06; 479.92). Thus, the ICER per QALY yielded EUR 

40,983.82. It was found that a large proportion (95.16%) of the bootstrapped iterations, pointed 

to MSU mobilisation being linked to both higher QALYs and higher costs (Figure 1 in Gonçalves 

et al. 2023[18]). 

Taking the statutory health insurance perspective, the incremental overall costs as a result of 

MSU mobilisation yielded EUR 7,406,034.65 (6,396,442.45; 8,539,734.95), and the incremental 

overall QALYs 264.22 (−40.98; 484.59). Hence, the ICER per QALY was EUR 28,029.51, which 

is lower than the ICER estimated when considering a societal perspective (see Supplementary 

Appendix 3 in Gonçalves et al. 2023[18]). 

As we had anticipated, given the assumptions we made for each scenario (see Supplementary 

Appendix 1 in Gonçalves et al. 2023[18]), the lowest ICER was found under the best-case 

scenario (EUR 24,470.76 per QALY considering a societal perspective and EUR 14,843.78 

considering a statutory health insurance perspective), mostly thanks to the lower incremental 

overall costs in comparison to the alternative scenarios. On the other side, the highest ICER value 

was found under the worst-case scenario, for both the societal (EUR 61,690.88 per QALY), as 

well as the statutory health insurance perspectives (EUR 41,539.98 per QALY). These figures 

were higher than in the base-case scenario, which was attributable to higher incremental overall 

costs and to lower incremental overall QALYs. 
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The bootstrap iterations’ trends were analogous across all scenarios and perspectives, with circa 

95% of the bootstrapped samples falling into the planes’ northeast quadrant — thus pointing to 

higher costs and higher QALYs. The remaining ~5% of the samples fell into the northwest 

quadrant, meaning that the MSU intervention was dominated by standard care — with bootstrap 

iterations being linked to higher costs and lower QALYs. 

5.3.4 Cost-effectiveness analyses 

Under the base-case scenario, considering the societal perspective, the cost-effectiveness 

analyses revealed that incremental overall costs resulting from MSU mobilisation yielded EUR 

10,793,823.78 (9,809,757.36; 12,020,619.78) and incremental survivals 132.45 (48.30; 199.85), 

resulting in an incremental survival without symptoms/disability of EUR 81,491.49 (see Table 3 in 

Gonçalves et al. 2023[18]).  

The proportion of bootstrapped samples that fell into the northeast quadrant of the cost-

effectiveness plane reached almost 100% and was higher than in the cost-utility analyses (see 

Figure 2 in Gonçalves et al. 2023[18]). 

The ICER under the best-case scenario amounted to EUR 44,455.30 per survival without 

symptoms/disability.  

The worst-case scenario yielded an ICER of EUR 116,491.15 per survival without 

symptoms/disability.  

Under the base-case scenario, considering the statutory health insurance perspective, the 

incremental overall costs attributable to MSU mobilisation amounted to EUR 7,312,193.98 

(6,277,094.81; 8,445,685.39) and the incremental number of survivals without 

symptoms/disability to 140.73 (61.09; 213.23). Accordingly, the ICER per incremental survival 

without symptoms/disability was EUR 51,959.46, which is a lower figure than the ICER computed 

when considering the societal perspective (see Supplementary Appendix 3 in Gonçalves et al. 

2023[18]). All bootstrap replications fell into the northeast quadrant of the cost-effectiveness 

plane. This result indicates that MSU mobilisation yields both higher incremental costs and higher 

incremental survivals without symptoms/disability. 

5.3.5 Cost-benefit analyses 

The cost-benefit analysis yielded a net monetary benefit of EUR 68,364.82 per survival without 

symptoms/disability, which corresponds to the incremental overall costs attributable to the MSU 

mobilisation subtracting the incremental overall saved care costs (see Table S3.5 in 

Supplementary Appendix 3 in Gonçalves et al. 2023[18]). 
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5.3.6 Sensitivity analyses 

The sensitivity analyses produced results that were consistent with those of the main analyses 

(see Supplementary Appendix 3 in Gonçalves et al. 2023[18]). 
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6. Discussion 

The aim of this thesis was to explore different challenges and applications of PROMs, which were 

addressed by the following contributions: 

• Development of a mapping algorithm from a non-preference-based measure to a 

preference-based measure in Thesis Article 1 (Oliveira Goncalves et al. 2021);  

• Review of challenges related to the development of mapping algorithms when multiple 

measurements from the same subjects over time are present in Thesis Article 2 

(Gonçalves et al. 2022);  

• A health economic evaluation where both a PROM and a clinical outcome were assessed 

as outcomes in Thesis Article 3 (Gonçalves et al. 2023). 
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6.1 Research Project 1 – Mapping algorithm development 

We intended to determine if there was a conceptual overlap between the EQ-5D and the HIT-6, 

and we aimed to provide a mapping function for estimating the EQ-5D score (using the value set 

for Germany) from the HIT-6 survey, which is a disease-specific questionnaire commonly 

employed in migraine studies. Our findings indicate noteworthy differences in the underlying 

components of the HIT-6 and the EQ-5D, as explored using exploratory factor analysis. 

Furthermore, the EQ-5D displayed a major ceiling effect and small SRMs across time, while the 

HIT-6 did not display a ceiling effect and showed a higher level of responsiveness. This study 

also suggested a mapping algorithm for function HIT-6 scores to EQ-5D utility values. 

As both instruments have been validated in patients with migraine, we hypothesised that there 

would be a substantial overlap between them. However, we found that the strength of association 

between the HIT-6 and the EQ-5D — measured with correlation coefficients, was just low to 

moderate. This was true for both overall scores and for the individual questions on each 

instrument. The factor analytical results also pointed to a lack of conceptual overlap between 

these instruments, hinting that they possibly measure different underlying constructs. The 

absence of overlap can have different causes. First, the questions included in the two instruments 

have different recall periods. The HIT-6 contains three questions that refer to the previous four 

weeks. On the other hand, all EQ-5D questions are related to the day when the participant fills 

out the survey. Second, the HIT-6 contains frequency answer options (spanning from ‘never’ to 

‘always’), whereas the EQ-5D has severity answer options (spanning from ‘no problems’ to 

‘unable to/extreme problems’). Third, the EQ-5D describes migraine patients’ utilities during the 

moment when the questionnaire is being administered. Therefore, it does not distinguish if 

patients had an attack during the survey administration[144]. 

The ceiling effects we found in our study can be a consequence of the poor discrimination of the 

EQ-5D-5L for patients who suffer from migraine. To the best of our knowledge, only two studies 

have validated the administration of the HIT-6 to German patients suffering from chronic migraine. 

Rendas-Baum et al. carried out a study which included, among other nationalities, German 

patients, but the authors were unable to conduct country-specific analyses due to the small 

sample size of the four European nations covered[145]. Thus, no analyses specific for German 

patients were conducted. A study conducted by Martin et al. analysed if the United States version 

of the HIT-6 is analogous to the German version[146]. Unfortunately, it is unknown if the patients 

who were recruited had episodic or chronic migraines. Furthermore, the manuscript from Martin 

et al. does not report whether the enrolled individuals suffered from episodic or chronic migraine. 

Therefore, we believe that future research regarding the validation of the HIT-6 in German 
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patients with episodic and chronic migraine would be helpful to explore and potentially enlighten 

the reasons behind the missing conceptual overlap between this instrument and the EQ-5D-5L. 

Considering the EQ-5D's low level of responsiveness, the considerable ceiling effect for migraine 

patients, and the lack of conceptual overlap, economic evaluations focused on these patients 

should investigate different ways to measure HRQoL and should not rely exclusively on QALYs 

collected from generic utility-based instruments. In this context, the International Headache 

Society describes in its guidelines that as utility instruments can be insensitive, QALYs might not 

take some patient preferences into consideration[147]. Hence, even if utility scores were gathered 

in the study and no mapping function was required, the use of QALYs may still be unsuitable. 

Thus, it may be more appropriate to use clinical effectiveness endpoints (e.g. monthly migraine 

days) when carrying out economic evaluations in migraine field. Such disease-specific outcomes, 

on the other hand, present a challenge to decisionmakers when comparing allocation of resources 

across different illnesses. 

Our study has multiple strengths. First, our study participants were diagnosed by trained migraine 

neurologists. A further strength is the low percentage of missing data in our dataset. Moreover, 

we had responses from participants to the questionnaires during multiple periods, and we 

accounted for this by using methods appropriate for multiple observations’ data.  

Nevertheless, our study has several limitations. First, it was not possible to carry out an external 

validation of our mapping function. Second, we generated a mapping algorithm using data 

stemming from a RCT. Although these trials are seen as the ‘gold standard’ for evidence-based 

medicine[148], they perform less well in terms of generalisability to other settings than study 

designs. Indeed, the guidelines from ISPOR on mapping state that RCTs often include a less 

diverse pool of participants than observational studies, thanks to both their inclusion and exclusion 

criteria, and their reduced follow-up[11].  

As a result, we contrasted a number of socio-demographic features of our study sample with 

those of patients with migraine who were involved in three studies mentioned in a research project 

conducted by the German Migraine and Headache Society (the Dortmund Health study, the 

KORA Augsburg study, and SHIP Pomerania study[149], see Supplementary Table A.7 in 

Oliveira Goncalves et al. 2021[16]). The average age recorded for episodic migraine amounted 

to 47.5 in the Dortmund Health study, 50.0 in the KORA Augsburg study, and 50.1 in the SHIP 

study. The average age for episodic migraine participants (excluding headaches caused by 

medication, which was an exclusion criterion in our analysis) was 60.8 in the KORA Augsburg 

study and 61.0 in the SHIP study. No values were reported for the Dortmund Health Study. The 

mean age in our study was somewhat lower: 40.1 for chronic migraine and 41.5 for episodic 

migraine. The lower mean age in our study could be attributed to the fact that participants had to 
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be comfortable using apps, and that Berlin is the German federal state with the second lowest 

mean age[150]. Regarding the distribution of sex, the proportion of women in the Dortmund Health 

study was 78.7%, 84.2% in the KORA study, and 85.6% in the SHIP study. It is important to 

emphasise that many people suffering from migraine choose not to seek medical assistance, 

which means that the literature in general may not have properly described their characteristics. 

In fact, only around two-thirds of individuals who suffer from migraine in Germany seek treatment 

with a physician[151]. It was not possible to conduct response mapping with our dataset, as 

response mapping demands a high number of observations in each response level, and our 

dataset included few responses at the worst response categories[32]. We carried out our EFA 

without taking into consideration multiple observations; however, we obtained the same findings 

in the sensitivity analysis using only baseline data in what concerns the number of factors and the 

meaningful loadings. We developed our mapping algorithms with mixed-effects models with 

random intercepts, which meant different intercepts for each cluster. Thus, we assumed that the 

link between the explanatory and dependent variables is analogous across different clusters. In 

the ALDVMMs, it was not possible to include random-effects. 
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6.2 Research Project 2 – Systematic review of mapping 

algorithms 

We discovered that authors often use datasets with multiple measurements per individual over 

time to develop their mapping algorithms. However, our systematic review suggests that many 

authors do not account for interdependence of data or do not clearly describe the methods used. 

This analysis found 278 papers that developed mapping functions, adding 69 to the sample 

described in Mukuria et al.’s previous systematic review of mapping functions[43]. 

When typical statistical techniques (e.g. OLS without including cluster-robust standard errors) are 

employed to analyse hierarchical data, such as data with multiple observations per subject over 

time, the assumption of independent errors is compromised. When intraindividual correlations in 

datasets with multiple observations per subject over time are ignored, standard errors are 

underestimated[152]. 

Although many publications employed datasets with multiple observations, we discovered that 

not all of them used all observations for developing a mapping algorithm. We found that several 

authors decided to divide the datasets per time point and use one part for estimation purposes 

and the remaining part for validation. Such a strategy might be problematic, as it not only leads 

to a smaller sample size for computing mapping functions, but can also have more serious 

implications, notably when utilising response modelling to estimate mapping functions. Therefore, 

the estimation dataset needs to include observations for each response level of the several 

dimensions that the target questionnaire measures[32]. If researchers divide their estimation and 

validation sets according to the time period at which the data was gathered, the distribution of 

severity levels may be substantially different. For instance, if data comes from a given study where 

quality of life is impacted by an intervention, the answers at baseline could reveal greater severity 

levels and, as a result, there will be less answers in the lower severity levels in that time point. 

On the other hand, if the algorithm validation is performed using follow-up data only, this dataset 

may not contain numerous observations in the poorest response group of the various domains. 

On this subject, Davison et al. stated that because they employed a longitudinal dataset in which 

some individuals got interventions that lowered the severity of the illness under consideration 

while others did not, the mapping function they have developed ought to be valid for all degrees 

of severity of the illness under consideration[128]. 

Hernandez Alava et al., also highlight the importance of using longitudinal data to examine if two 

instruments are monotonic[153]. According to these authors, if a health state as measured by 

instrument X unmistakably improved from one point in time to another, then we would assume 

that instrument Y would also present the same improvement. 
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Models should undergo sensitivity analyses, where model input parameters are altered, since 

models are constructed using assumptions about input values. In the case of mapping algorithms 

used in cost-effectiveness models, guidelines advocates taking into account the uncertainty 

concerning the predicted PROMs’ values[153,154]. One way to address this issue is by 

parametrising the uncertainty in the PROMs values using variance-covariance matrices obtained 

from the estimated regression coefficients. Nevertheless, if the standard errors were not properly 

calculated (for example, by disregarding intraindividual correlations among measurements from 

the same subjects), the variance-covariance matrices will be incorrect. 

It is also worth mentioning that frequently used Stata mapping packages, such as ALDVMM and 

Betamix, do not offer the capability to account for multiple observations from the same subjects 

employing random-effects. Even though there is a cluster-robust standard errors option, this may 

cause some researchers to forgo taking multiple observations into account. 

One drawback of this systematic review is that we did not contact the authors of the included 

studies to confirm findings or get further information where information gaps persisted. As a result, 

we may not have accurately categorised all extraction fields.  
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6.3 Research Project 3 – Health economic evaluation 

The incremental costs and the incremental QALYs for the B_PROUD primary population resulted 

in an ICER of approximately EUR 41,000 per QALY. Our findings are consistent with a previous 

study carried out in Germany between 2011 and 2013, which found an incremental cost-

effectiveness ratio amounting to EUR 32,456 per QALY[52]. Overall, our results align with the 

hypothesis that the mobilisation of MSUs may be deemed cost-effective when considering 

thresholds larger than EUR 40,000 per QALY. The meaning of this figure relies on the jurisdiction-

specific thresholds. The range of potential thresholds varies, for example, EUR 20,000-EUR 

80,000 in the Netherlands or USD 100,000-USD 150,000 in the US[155,156]. Although Germany 

lacks a recognised ICER per QALY threshold, the MSU mobilisation employment could be 

supported in the Netherlands, which has historically had a very analogous healthcare system 

(defined by a combination of mandatory social health insurance and private voluntary health 

insurance) where the ICER estimate could fall within the official threshold bounds. 

The generalisability of economic evaluations and how their results can be extrapolated to other 

settings based on observational studies poses a challenge. We aimed to increase the 

generalisability of our study by following the reporting recommendations from Drummond et 

al[157]. On what concerns costs, if feasible, we provided cost data that clearly showed unit 

expenses as well as the levels of resource utilisation. This would enable policymakers in various 

health-care systems to attach their particular pricing to the identified resource consumption units. 

Moreover, we have provided results based on a societal and on a statutory-health insurance 

perspective. The former is deemed to be less country dependent than the statutory-health 

insurance perspective. The sites included in this study are representative of Berlin (Germany), as 

all the hospitals that have a Stroke Unit in the city were included in the study. Concerning the 

catchment areas, the three MSUs’ operation areas cover approximately 94% of the inhabitants of 

Berlin (according to calculations from the Berlin Fire Department). The study includes a high 

proportion of the stroke caseload in Berlin since the vast majority of the Berlin stroke patients are 

transported to one of the mentioned sites because the Berlin Emergency Service legislation 

requires that all stroke suspects have to be brought to a hospital with a Stroke Unit. The health 

state valuations were assessed with commonly used instruments in the field of stroke. In what 

concerns the EQ-5D-3L, we have used appropriate utility weights for the German population. The 

instrument mRS is appropriate to the population under study (patients with transient ischaemic 

attack or stroke), and since it is not a preference-based patient-reported outcome, it has no 

associated weights. We have also provided details on the degree of incomplete observations, and 

we carried out analyses with and without imputing missing observations. 
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We had to adapt our calculation method for the cost-benefit analysis for Germany. Normally, the 

summary measure for cost-benefit analysis is the net monetary benefit, which is calculated by 

multiplying the incremental benefit of the intervention with a willingness to pay threshold for a unit 

of benefit minus the incremental cost of the intervention[158]. As previously mentioned, in the 

case of Germany, there is no official willingness to pay threshold for units of benefit. Thus, we 

used a different approach, as explained above. 

Due to constraints on the availability of data, we had to make simplifying assumptions that should 

be considered when interpreting our results.  

First, it was not possible to take into consideration potential savings occurring in-hospital resulting 

from MSU implementation, such as those related to shorter stays in expensive high-care facilities 

of acute care and rehabilitation establishments because of enhanced functional outcomes (see 

Supplementary Appendix 3 in Gonçalves et al. 2023[18]).  

Second, despite the patients' average age of 73.5 years, 385 of them were under the age of 65, 

which is Germany's current retirement age. Our calculations are therefore conservative since they 

do not consider possible savings in what concerns gains of productivity when considering a 

societal perspective. 

Third, in the base-case scenario, we employed the most prudent strategy to translating 

expenditures from the old ‘level-of-care’ to the modern ‘grade-of-care’ (see Supplementary 

Appendix 1 in Gonçalves et al. 2023[18]). Mental and communicative deficits result in higher care 

benefits in the present ‘grade-of-care’ system, but not in the old ‘level-of-care’ system used for 

the conversion in this scenario, hence a significant number of patients would have obtained higher 

care benefits. Deficits in cognition and communication translate into greater care benefits in the 

present ‘grade-of-care’ scheme, as opposed to the former ‘level-of-care’ scheme utilised for the 

translation in this scenario. Given that MSU patients showed lower levels of incapacity, taking a 

less conservative approach would have led to higher expenses in the standard care group. Fourth, 

in this scenario, we did also not take into consideration potential savings with transportation, which 

are expected to occur given that stroke work-up on the MSUs’ mobilisation improves delivery of 

patients to the most suitable hospital[159]. Thus, we did not include costs related to the secondary 

transport of patients for certain procedures such as thrombectomy and the mobilisation of other 

costly physician-staffed ambulances, which is standard practice in Germany. Fifth, we did not 

consider the time that pre-hospital stroke work-up and medical care saved in emergency rooms. 

Sixth, as a result of the study’s inclusion criteria, we only took into account effects seen in this 

primary population of patients who had no absolute contraindications to reanalysing therapies, 

which excludes effects in remaining populations for whom a MSU was mobilised, such as patients 

who have experienced intracranial haemorrhage or patients who have received definite 
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diagnoses of non-stroke conditions. However, we have taken into consideration the expenses 

that these patients incurred. 

Finally, the EQ-5D-3L was only administered three months after the index event. As a result, our 

study's five-year time frame was extrapolated using information other than what we collected, 

assuming that the quality of life would remain constant and there would be no new deaths during 

that period. However, what we were seeking to compare was the average difference in QALYs 

between the two groups after adjustment for confounding. Hence, in order for the estimate to be 

valid, it was enough that potential violations of this assumption cause a shift of the same amount 

of QALY in the MSU and non-MSU groups across the five-year period.  According to Luengo-

Fernandez et al., survival rates and quality of life (as determined by the EQ-5D-3L) across 

different categories of stroke severity were quite stable over the course of the five years following 

the stroke event[47]. Furthermore, Luengo-Fernandez et al. did not collect EQ-5D-3L values at 

month three like in our study. Since data for three months was missing, we thus hypothesised 

that utilities obtained at one month were comparable to those at three months. This decision was 

conservative since, up until three months after a stroke, physical rehabilitation typically improves 

considerably and promptly[160]. 

We provide evidence that the MSU mobilisation to acute ischaemic stroke individuals without 

contraindications to recanalising treatments is cost-effective compared with non-MSU pre-

hospital structural settings, taking into consideration thresholds greater than an incremental EUR 

40,000 per QALY. Our findings may serve as guidance for policymakers who are considering pre-

hospital stroke care in urban settings in the future. 

A systematic review method in economic evaluations in the field of stroke, is underway as an 

already accepted follow-up project funded by the Center for Stroke Research Berlin at the Charité 

– Universitätsmedizin Berlin. This systematic review was registered in OSF[161] and is currently 

being conducted. 
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7. Conclusion 

This PhD dissertation showcases different methods within health data sciences and healthcare 

services research, including the development of a mapping algorithm, a systematic review and 

an economic evaluation. Briefly, I showed that there is little conceptual overlap between a 

condition-specific PROM (HIT-6) and a preference-based measure (EQ-5D-5L). Thus, mapping 

may not always be an appropriate approach for obtaining utilities. I demonstrated the importance 

of taking into account multiple observations per subject over time when developing and validating 

mapping algorithms. Finally, I presented the results of an economic evaluation which used an 

outcome measure scored by clinicians based on an assessment of the patient's level of disability, 

as well as a preference-based measure. 

Furthermore, this thesis not only applied different methods, but also focused on different 

(neurological) conditions, thus having different clinical and economic implications. In terms of 

clinical considerations, clinicians working in the field of migraine should administer both 

preference-based measures and condition-specific PROMs. Preference-based measures can be 

later used to conduct cost-utility analyses, without the need to resort to mapping, which is only 

the second-best approach. Condition-specific PROMs, such as the HIT-6 should also be 

administered, as they typically capture the impact of a particular health condition on an individual’s 

HRQoL better. In acute conditions such as stroke, treatments have a substantial impact after they 

are first administered. Thus, researchers need to capture the effects of HRQoL relatively regularly, 

especially if HRQoL may improve or decrease very quickly. In the case of stroke, PROMs should 

be administered one month after the event and again three months later, but once the condition 

stabilises, HRQoL can be measured less frequently, e.g. at six months, one year, and five years. 

If the HRQoL is not measured shortly enough after the intervention, researchers miss the highest 

improvement. On the other hand, if the HRQoL is only measured shortly after intervention but 

then only measured again after a long time has passed (e.g. after two years), researchers might 

not obtain a good picture of what happened given the high attrition within these two years.  

In the last few years, the importance of PROMs has been recognised by researchers, clinicians, 

patients, and decisionmakers; and their importance will increase as we move towards a more 

patient-centred approach to care. All these groups can benefit from the correct use of PROMs. 

Patients can express their views on the healthcare process. Policymakers can use PROMs to 

assist them in evidence-based decision-making, by including them as outcomes in health 

economic evaluations. Furthermore, PROMs can be used as performance measurements. 

Finally, healthcare providers can better understand how to provide care that targets what affects 

patients’ perceived HRQoL. Hence, researchers should carefully consider the strengths and 

limitations when selecting outcome measures in trials and choose the most appropriate tool for 
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their specific research question and jurisdiction. This will ensure that valuable data can be 

collected and analysed, which in turn can be used to allocate resources appropriately, ultimately 

benefiting the entire population.  

Multiple ongoing projects are reinforcing the current interest in PROMs at high decision-making 

levels, such as the Patient-Reported Indicator Surveys (PaRIS) initiative. The PaRIS initiative was 

launched by the Organisation for Economic Co-operation and Development (OECD) and aims to 

promote the global use of patient-reported indicators in a way that facilitates international 

comparisons, collaborative learning and research[162].  

Finally, it is crucial to emphasise that the utilisation of PROMs alone does not guarantee that 

patients will be able empowered to actively participate in decisions regarding their healthcare. 

Even though these tools can provide valuable information, they may not inevitably lead to the 

meaningful involvement of patients in the healthcare decision-making process.   
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