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A systematic review comparing the acceptability, Vaity and concordance
of Discrete Choice Experiments and Best Worst Scaly for eliciting

preferences in healthcare

ABSTRACT

Objective: To compare the acceptability, validity and concoaatsof discrete choice experiment (DCE)

and best-worst scaling (BWS) stated preferenceaggpies in health.

Methods: A systematic search of EMBASE, Medline, AMED, PulM€INAHL, Cochrane Library
and EconlLit databases was undertaken in Octold@etember 2016 without date restriction. Studies
were included if they were published in Englisteganted empirical data related to the administratio
or findings of traditional format DCE and objectofile or multiprofile-case BWS, and were related t

health. Study quality was assessed using the PREEKIist.

Results: Fourteen articles describing twelve studies weotuded, comparing DCE with profile-case
BWS (9 studies), DCE and multiprofile-case BWSt(idg), and profile and multiprofile case BWS (2
studies). Although limited and inconsistent, théahee of evidence suggests that preferences derived
from DCE and profile-case BWS may not be concordagardless of the decision context. Preferences
estimated from DCE and multiprofile-case BWS may demcordant (single study). Profile- and
multiprofile-case BWS appear more statisticallyice#int than DCE, but no evidence is available to
suggest they have a greater response efficienttie evidence suggests superior validity for orrenfat

over another. Participant acceptability may favio@E which had a lower self-reported task difficulty

and was preferred over profile-case BWS in a gyiesetting but not necessarily other decision odste

Conclusion: DCE and profile-case BWS may be of equal validity ¢wve different preference

estimates regardless of the health context; tiney, may be measuring different constructs.
Therefore, choice between methods is likely to Base normative considerations related to
coherence with theoretical frameworks and on praigneansiderations related to ease of data

collection.



Keywords: best wor st scaling, maxi mum difference, discrete choice experiment, conjoint analysis, stated

preference, pairwise choices, preference measurement, validity

KEY POINTS

» Itis imperative to consider patient and publicferences in healthcare decision-making.
Understanding the merits of different preferencdetation formats is important to support
their accurate measurement.

» This evidence-based systematic review suggest®ibatete Choice Experiments (DCE)
and profile-case Best-Worst Scaling (BWS) formagg/rine of equal validity but give
different preference estimates in the health gptinggesting these methods are
measuring different constructs and are therefoténterchangeable.

* This appears to the case regardless of wheth@hthiee context relates to personal
preferences for treatment, or social preferenceprioritising the treatment of others.

* However, there may be some pragmatic advantagasetéormat over another. For
example, BWS may generally require a smaller pagitt number to estimate precise
preferences suggesting greater statistical effagicand DCE may be more acceptable to

participants suggesting greater response effici@meypriority-setting context.



1 INTRODUCTION

Understanding the preferences of patients andubkcparound the processes and outcomes of
healthcare is paramount to designing and evaluattegventions and services. In the healthcarenggtt
the concept of using a stated preference methealt@ a good or service and inform its design tghou
understanding its preferred characteristics has ertended to also include indicating the relaviaieie
of different outcomes from healthcare. Applicatioofs stated preference methods in health have
included the valuation of different health statslérive utility weights (health state valuatior§W),
considering the trade-offs people are willing tokeéetween treatment risks and benefits to estimate
maximum acceptable risk (MAR) thresholds, and vajyirocess outcomes [1, 2]. Further, use of stated
preference approaches to estimate value judgenmepi®rity setting and potentially incorporate $ee
in decision-making (e.g. through multi-criteria d#en analysis) is also growing [3-6]. Given the
popularity of stated preference methods in thetheate setting, research to increase our undeistand
of the relative merits and limitations of differextated preference elicitation formats is needaaftom

their methodological development.

Approaches utilised to elicit and quantify prefares in a healthcare setting include the Time
Trade-Off (TTO) and Standard Gamble (SG) techniguieieh have routinely been applied in health
state valuation [7], the Person Trade-Off (PTO)akhhas been applied to measure social value
judgements (e.g. [8]), and Contingent Valuation Y@ich has been used to measure willingness to
pay for a health service (e.g. [9]). Although eatlthese approaches have merit [10], they aredunit
in that they are only able to measure preferenceerding to the trade-offs inferred between two
characteristics. This is typically health-relatedlity of life (HRQoL) and time lived in a healtkhage
(TTO) or risk of death (SG), a health gain or tneait characteristic (e.g. age) and the numberaglpe
treated (PTO), or a health service profile andafytocket cost (CV). There has been growing interes
in the application of alternative preference &ditdin approaches which are capable of elicitinger
offs between more than two characteristics; inipaldr, the Discrete Choice Experiment (DCE) and

Best Worst Scaling (BWS) [2, 11, 12].

The DCE, which is also referred to as choice-basmjbint analysis, has become popular as a

to elicit preferences for alternative interventiossrvices or outcomes in the health care seciorf]].
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DCEs are an ordinal stated preference method aseahdom utility theory developed by Thurstone
[13] and operationalised by McFadden [14]. As sticby assume that each individual attaches a latent
or unobserved “utility” to each choice alternatj¥8], which is a function of the utility associateith
unique “attributes” of that alternative [16]. Inethiraditional DCE format, participants are asked to
choose their preferred option from two or moreraki¢ive profiles described by a number of attribute

where the levels of each attribute vary acrossradtares [17].

More recently, another ordinal method has beeniegpb elicit preferences for health and
healthcare: best-worst scaling (BWS). Developed.oyviere and Woodworth (1990) and Finn and
Louviere (1992) [18, 19], this elicitation methoefers to choice tasks which contain at least three
alternatives and in which participants need to shabe “best” and the “worst” alternative [20]. Bes
could also be considered as most preferred or mgsbrtant and worst as least preferred or least
important. BWS tasks can take the form of threfedkht cases: “object” (case 1), “profile” (casex@yl
“multiprofile” (case 3) [21]. A full description @hexample for each of these three cases is protiged
Flynn 2010 [22] and a review of their applicatiorhiealthcare has been provided by Cheung et gl. [23
Briefly, in the BWS object case, participants as&esl to choose the best and worst option among
different whole objects, which are not separated attributes (for an application in health, see fo
example [24]). In the profile case, the choicehset the structure of a single profile and showdatel
of each attribute. The participant does not neddke the overall profile’s value into account; beeds
to consider the attribute-levels which define ndaselect the best and the worst one. Thus, as the
attribute levels are part of a complete profileréhis no explicit choice trade-q#ér se. This has been
the most commonly applied approach in health [28 for example [25-30]. The multiprofile-case asks
participants to choose the best and the worstlpriofa choice set; hence, the choice trade-dfiéisieen
different alternative profiles consisting of a nueniof attribute levels (see for example [31, 3ZHus,
the multiprofile-case BWS is similar to a traditedrfiormat DCE [2], but must present at least three
profiles in each choice set and elicits more infation than a DCE, by asking for the ‘worst’ as vas|
the ‘best’ profile. If ‘best’ and ‘worst’ are elted repeatedly (best, worst, next best, next wetst, a
full preference ranking can be obtained. Whilsiailar approach to maximising data collection isaal
possible with DCEs (a researcher could ask best,best etc), it has not generally been undertaken

the traditional DCE context.



The number of published studies which estimategpeeices using BWS methods lags behind
the ones that use DCEs which is consistent withnibee recent introduction of BWS to the health
context. Nevertheless, both DCE and BWS formatsticos to gain popularity for estimating
preferences in the health sector [3, 12, 23, 33]Bdth methods have typically been operationalised
health using a similar random utility theoreticabls, enable the valuation of health care treatsremd
outcomes, and support the participation of patientee public in the decision-making process 4ued t
consideration of their preferences alongside tlodskfferent stakeholders [34]. Nevertheless, itesp
the growth in studies using either approach, tieeliétle guidance available on which approachestb

to use and in what circumstances in the healthssttang.

DCEs and BWS make different assumptions about éntcjpants underlying psychological
decision model and choice behaviour. However, tia intend to estimate preferences for health and
healthcare for the same purpose. Researchers hgwedathat BWS approaches may be superior to
traditional format DCEs on the basis that (i) eBMS choice derives more information about the
participant’s ranking of alternatives; (i) BWS daits an individuals’ propensity to easily recognis
and answer the two most extreme options in a ctegteand (iii) BWS tasks may be easier for the
general population to understand [35][20, 22, 88hers have claimed that profile-case BWS can be
easily understood in comparison with the DCE ortiprdfile-case BWS, since each scenario only
entails one hypothetical profile to be evalud8t. However, little empirical data has been pdad to
support these arguments. Conversely, argumentsuffang more traditional DCE formats have
highlighted that profile-case BWS, which has bdenrost commonly applied BWS case in health to
date, requires participants to make choices wahohnot between profiles [38]. Thus, it has begneud
that profile-case BWS does not conform to the wisifaequirement for a stated preference method to
imply trade-offs, and that the profile-case BWSciddi ‘values’ and not ‘preferences’ [29, 38].
Nevertheless, health economic evaluation is cugrethdminated by an extra-welfarist paradigm;
therefore, this might be argued to be a theoretioakideration but not a pragmatic limitation foe t

profile-case BWS format.

Empirical data evidencing the fundamental propgrté measurement instruments, such as
participant acceptability and validity, are crud@minform their comparative merits. Although there

already several published reviews on DCE [1, 11ahd BWS [2, 39] in a health context, these regiew
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have examined the two approaches separately. Hasrdoeen no comprehensive review of studies
which directly compare both preference elicitatinathods to guide researchers on the relative merits
of the two approaches. To address this gap, wertoak a systematic review of the published literat
to compare the acceptability, validitgnd concordance of DCE and BWS elicitation formalen

applied to elicit preferences or values in a hesdtiing.

2 METHODS

The recommendations of tHereferred Reporting Items for Systematic Reviews and Meta-
analysis — PRISVIA) were followed as a framework for the systemagiciaw. We acknowledge the
debate on terminology and whether DCE and BWS ftsralicit “preferences” or “values” [29, 38].
However, for simplicity, we will refer to the outpaf the DCE and BWS formats as “preferences” in

this review.

2.1 Eligibility Criteria

This systematic review included studies publishedEnglish, which compared traditional
format DCEs with BWS (object, profile or multiprieficase) or compared different cases of BWS
approaches in the health setting. For the purpb#@soreview, traditional format DCEs were defined
to include DCEs presenting two or more profiles,H3(presenting a single profile against a constant
comparator, and DCEs presenting a single profiles@eking a dichotomous (e.g. accept/reject) choice
Studies presenting qualitative and/or quantitativgirical data related to the administration odifirys
of DCE and BWS or of two or more different case8W@{S were included. Non-health related studies,
studies that did not present original empiricalagand studies published as an abstract only were

excluded.

2.2 Literature Search

A search of the databaseMBASE, Medline, Allied and Complementary Medicine Database
(AMED), PubMed, Cumulative Index to Nursing and Allied Health Literature (CINAHL), Cochrane
Library andEconLit was conducted between October and December 2Qh6éuvidate restriction. The

search strategy was based on the approach useghloy8RGerard [11] to identify DCE studies, using



the following terms: ‘discrete choice experimenDCE’, ‘discrete choice model’, ‘discrete choice
modelling’, ‘conjoint analysis’, ‘conjoint study”conjoint choice experiment’, ‘stated preference’,
‘pairwise choices’ and ‘paired comparisons’. FaW8 the terms included: ‘best worst scaling, ‘best-
worst scaling’, ‘BWS’, 'maximum difference’, ‘maffli‘best worst survey’ and ‘best worst scoring’.
The search strategies are available in the onlipplementary appendix. In addition, manual searches

of the reference lists of included publications ahdnline records were conducted.

2.3 Screening for eligibility, data extraction andquality review

Titles and abstracts of all citations were revievi@deligibility. Duplicates were removed.
Potentially eligible papers were retrieved and eexdd for inclusion by two researchers, with any

disagreements resolved by consensus.

Data were extracted with special consideratiomécomparative acceptability and validity of
the methods and the concordance of their findiige. comparative acceptability and validity of the
methods indicate the quality of the data collecfezteptability is the extent to which a choice fatm
is considered to be acceptable to participantss Itherefore likely to impact other important
considerations for a stated preference method dirgufeasibility of administration and response
efficiency. Response efficiency is the ease witlctvinigh quality data giving precise estimates loan
collected using the method, and has been ideshi@fiebeing an important and often overlooked aspect
of stated preference study design [40]. This isantrast to statistical efficiency which relateshe
efficiency with which the underlying statisticalgign gives precise preference estimates. To ewaluat
acceptability for each of the DCE or BWS formats, @xtracted data (where available) related to the
response rate, completion time for the task(s);regbrt task difficulty, and participant preferred
method. Data relating to acceptability was consideo be more easily extractable than data relaing

feasibility or response efficiency as this is miikely to be reported upon in published studies.

Assessing validity is of great importance, sinderipretation of the findings of both DCE and
BWS stated preference methods rely on answers pothgtical choices [1]. Internal validity is
particularly relevant as if it was violated, extarwalidity would also not hold [41]. To evaluateet
internal validity of the methods, data indicatingmpliance with the following axioms of utility
maximisation were collected from the studies: @htinuity; (ii) transitivity; (iii) monotonicity; {v)
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consistency (stability); and (v) completeness [BH, Data related to convergent validity, compagrin

the DCE/BWS method with any other relevant inteoradxternal measure, were also extracted.

Concordance indicates whether the two methods assuaning the same construct and lead to
a decision model that would predict the same chiogd®viour. To evaluate concordance, we extracted
data on both the similarity of preferences and ecision certainty. Data were sought indicating the
similarity of preferences estimated by the two md) as assessed by the direction of preferende, ra
order of preference, correlation between preferestienates from the methods, or the absolute $ize o
preferences after rescaling of preference weigtuis €xample, via estimates of marginal rates of
substitution). If preferences are similar, it sugggehe methods are measuring the same constrict an
can be used interchangeably to predict decisioniimgalConversely, if preferences are different, it
suggests the methods are either measuring diffeoarstructs or are measuring the same construct but
with different levels of validity. Data were alsought on the comparative certainty of choices nigde
participants for the two different choice tasksptovide insight into decision (un)certainty andetier
the methods are likely to lead to statisticallyaéint (precise) preference estimates for a giwmpe
size. This was assessed through exploration otdheparative scale of the error term for each logit
choice model, which is inversely related to th@ewariance of the model. A high scale suggests lo
error variance and low randomness in decision-ngakie. high decision certainty), whilst low scale
suggests the converse, If the scale of the error i similar between models, this suggests detisio
certainty is similar, and similar efficiency in datollection. Thus, similar sample sizes would éeded

for a given level of precision in the preferensgraates.

Overall study quality was assessed based on th&8R&ality assessment checklist [43], which
is suitable for application across both DCE and BW&hods. This checklist comprises five domains
(Purpose, Responders, Explanation, Findings anufieignce) and each one can only take the value of
1 (acceptable) or 0 (not acceptable). Review figgliare reported descriptively; no attempt at meta-

analysis was made given the heterogeneity of tities.
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3 RESULTS
3.1 Article Inclusion

A total of 559 articles were identified through thearches (Figure 1). A further three article
were identified through manual searches. After mnmpduplicates, 248 articles were reviewed fae tit
and abstract. A total of 219 did not meet the isidn criteria and were excluded from this revieWwe T
remaining 29 articles were screened in full, whigsulted in the exclusion of 15 more articles. Eoem
articles met the inclusion criteria. The 14 articteported 12 separate studies, with two articles b
Whitty et al. reporting a think aloud pilot and maiata collection and analysis for the same stady [
44] and two articles by Netten, Potoglou et alorépg data based on the same social care study [45

46].

3.2 Overview of studies

Table 1 describes the main characteristics of thstddies included in this review. All studies
were published since 2010, an observation thetrisistent with the recent trend of using DCE and
BWS methods for evaluating health care preferefi8ég Furthermore, all were conducted in high
income countries (according to the World Bank dd&in) and all except two were conducted only in
English speaking countries. Ten studies comparelt Mth BWS [17, 38, 44-53]:, nine with BWS
profile-case and one with BWS multiprofile-case][5Bwo studies compared BWS profile to BWS

multiprofile-case [37, 54].

Five studies were undertaken to value outcomeg: studies in the context of health state
valuation and one in social care outcome valugfi@ble 1). These valuation studies compared DCE
with profile (four studies) or multiprofile (oneusty) case BWS. Four of the valuation studies used
general population samples who did not necesdaaiye experience of the health states being valued;
the fifth valued a condition-specific instrumeningsthe preferences of patients with that condition

(glaucoma).

Four studies elicited preferences for treatmenbapt three compared DCE with BWS profile-
case and one compared profile and multiprofile BlMfse studies recruited a wide mix of participants
patients with experience of the condition in questicaregivers, potential patients who had not

necessarily experienced the condition but were figher risk group, and general population. Two
12



studies elicited priority-setting preferences o thleneral population or experts, both compared DCE

with BWS profile case. One study elicited nurse poéferences.

All studies presented comparative data based om#ie survey findings from their preference
study. In addition, four studies presented pilogoalitative findings related to the comparisorved
methods from multiple pilot studies [47], pretadierviews [45, 50], or a pre-test Think Aloud study

[44].
3.3 Study design and methods

3.3.1 Recruitment and data collection

Each study used the same data collection methotiefio the DCE and BWS or across different
BWS cases. Recruitment methods of interviewees vdiverse, and included “House-to-house
recruitment”, “Internet panel” and “Advertisement¥ost surveys were conducted with the support of
a computer, either using computer-aided persomahilews or online surveys. Importantly, given the
intent of comparing DCE and BWS data, ten of thelve studies clearly indicated they used the same
participant cohort to complete both DCE/BWS taskable 1). Only four of these randomised which

task (DCE or BWS) was seen first.

3.3.2 Choice Sets’ Design and Estimation Procedure

The studies comparing a DCE with a BWS task masteonly used DCE choice sets presented
generically in pairs (5 studies; Table 2); the athesed a constant comparator or a single profite av
categorical choice. Studies considering multipeoBWS all used triplet BWS choice sets. The only
study comparing DCE and multiprofile-case BWS ys&ids not triplets for DCE, even though the BWS

task used triplets [53].

The studies included between 5 and 12 attributésaimn DCE/BWS design. All studies used
the same attributes for the DCE and BWS tasks, thithexception of Netten, Potoglou et al. [45, 46],
who used 9 social care outcome attributes for &S and split these across two separate DCE tasks

(with duplication) to reduce participant burden.

The combination of attributes with levels frequgniitads to a large amount of possible

scenarios (full factorial design). Fractional fa@bdesigns avoid an excessive number of choiglesta
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for participants. They require the selection ofumber of choice sets which allows main effects and
(optionally) potential interaction effects betwesdtributes to be elicited [1]. All studies consieléifor

this review used fractional factorial designs aoihe blocked the design across participants; altmoug
van Dijk and colleagues may have covered the &alidrial with their design (not explicitly statd&p].

The majority of studies used an orthogonal maieat$f design for both DCE and BWS studies. Several
studies used software packages to create a fratfaxtorial design: SAS [45, 46, 49, 53], NGENE[1
44] and Sawtooth [52, 54]. Only seven of the twebtudies appeared to use the same underlying

statistical design matrix to specify the choicefipee used for both DCE/BWS tasks (Table 2).

Most studies used the same statistical modelliamé&works for estimating preferences using
choice data from the DCE and BWS tasks (Table #hofigh the studies included in this review are
relatively recent (2010 onwards), they generallgdugit and probit models for data analysis. Three
studies used a Mixed Logit (MXL) and/or a GenemdisMultinomial Logit (GMNL) model, which
require less restrictive assumptions than condition multinomial logit and allow preferences taowa
across participants. Three studies stated theyated for interaction effects between attributetheir

analysis [17, 45-47]; although, only for the DCElamot for the BWS data.

3.4 Acceptability

Data providing insights into the acceptability bétapproaches for participants were provided

in terms of the response rate, task completion, tiask difficulty, and method preferred by partéoiys.

3.4.1 Response rate

Few studies reported response rates. However, ftidf2 studies used the same participants
to complete the DCE and BWS (or different caseBWS) tasks (Table 1); thus, the response rates
would not differ by method. The two studies thagdidifferent participants for each task did noorép

response rate [50, 51].

3.4.2 Completion time

Only three studies reported completion time by .tdsko compared DCE with profile-case
BWS. Severin et al. reported a similar completiometfor the DCE and profile-case BWS surveys,

which were completed by different participants [5Qh the other hand, van Dyke et al. reported a
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shorter median completion time for the DCE tharfilg-@ase BWS tasks, which were completed by
the same participants (with task order randomigbd). The third study reported a shorter mean
response time to complete 12 DCE paired choicestgsB minutes) than for 12 multiprofile-case BWS

triplet tasks (10.3 minutes) [53].

3.4.3 Task difficulty

Four studies reported the comparative difficultytoé DCE and profile-case BWS tasks.
Findings were diverse. Potoglou et al. reportedn#iaa number of participants were excluded frora th
DCE and profile-case BWS analysis as a result ofilined self-report and interviewer reported
difficulty with the survey [46], suggesting a siatillevel of difficulty completing both tasks. Thelfs
reported median completion difficulty was also $&mfor DCE and profile-case BWS in van Dyke et
al. [52]. However, self-report data from two studgiggest participants found the profile-case BWS
task to be more difficult than the DCE task. In &avet al., a greater proportion of participarasrid
the profile-case BWS difficult to understand than®DCE; however, a similar proportion of participgn
reported both tasks to be difficult or very difficto answer [51]. In Whitty et al. a greater prajpm
of participants found the profile-case BWS diffictd complete than for DCE [17]. This is consistent
with the preceding think aloud study, in which sqmaeticipants were observed to find it challengimg
choose a least important attribute/level in the BWSK, when the least important might still be
perceived as important, or as not important atfal,a funding decision [44]. In the only study
comparing DCE and multiprofile-case BWS, more pgtnts (22%) reported severe difficulty
choosing from three (BWS) than two (DCE) healthestgd16%) [53]. No study reported the DCE to be

more difficult to complete than the BWS task.

3.4.4 Participant preferred task format

Two studies asked participants which task theygoredl; both compared DCE with profile-case
BWS. Participants in the pre-test interviews caroet by Janssen et al. did not display a pretiilec
for either DCE or profile-case BWS tasks: someigigdnts found DCE better since it looked similar
to everyday decision-making, while others preferpedfile-case BWS because it contained less
information [50]. Conversely, approximately thragaders of participants in Whitty et al. (75% iimth

aloud study, 72.6% in main preference elicitatiorvay) indicated they preferred the DCE over pesfil
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case BWS task [17, 44]. Participants in the thiokid study who preferred DCE stated this was baxaus
the DCE allowed a comparison of full profiles; wibas, those preferring profile-case BWS did not want
to choose a single undesirable characteristicwhatpart of a whole package, or perceived BWS to be

less ethically conflicting or burdensome [44].

3.5 Validity

Selected studies provided evidence indicating cianpé with the axioms of utility

maximisation supporting the comparative interndibity of the methods.

3.5.1 Axioms of utility maximisation
Continuity

Continuity of preferences assumes compensatorysideemaking [38, 55]. Two studies
provided comparative evidence of participants trgdietween attribute levels, indicating continaity
preferences. In their think aloud study, Whittaktreported evidence of trading to be stronglyeobsd
for DCE and weakly observed for profile-case BW#hwome participants showing a lack of variation
in their best or worst choices [44]. Krucien eta@mputed a lexicographic score for each partitipa
to indicate their level of trading between attrdmjtvarying from 0% (never selects a given attelas
best or worst) to 100% (always selects the altermatith the highest level of a given attribute DEE)
or always selects a given attribute as best or tyv{88]. Dominant preferences were assumed for a
given attribute when the lexicographic score exedefi0%. More participants exhibited dominant
preferences for a single attribute in the proféiese BWS task (23.5%) than DCE (16.6%; p=0.047),
suggesting greater trading occurred for DCE thaB¥'S. In both tasks, two thirds of those categpmtis

as having dominant preferences did so for the sdtribute.

Monotonicity

As long as commodities are “goods” and not “bagsitticipants are assumed to prefer more
than less. Thus, monotonicity implies that utifityictions are increasing with an increasing quwioit
a desirable attribute or a decreasing quantityefralesirable attribute [38, 56]. For DCEs monatityi
can be tested by observing whether a participamsds a “dominant” profile, that is, one that igeno

desirable (dominates) the other on one or moréatés and is at least as good on all others [38].
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However, for profile-case BWS, testing for monotityi is more challenging than for DCE, since a
priori expectations indicating the expected besiithant) or worst (dominated) attribute level in a

profile may not be apparent, and so tests haveewr widely established.

Two studies comparing DCE and profile-case BWS oeotetl dominance tests. The most
comprehensive assessment was made by Krucien, eepitesenting the only study to attempt to
compare monotonicity across methods. They repdhad73% of participants fully satisfied and 2%
fully failed a conventional monotonicity test fdret DCE task (consisting of a dominance test foheac
of 5 tasks) [38]. This compared to 0% fully satsfiand 42% fully failed a modified monotonicityttes
for BWS. However, the BWS dominance test consiste@ tasks — making failure purely by chance
more likely than for the DCE test. Moreover, the B\ést relied on an assumption of dominance based
on the level descriptors alone regardless of tladtihestate domain concerned. For example, ‘some
difficulty’ for one domain was always assumed tobledter than ‘quite a lot of difficulty’ for anothe
domain, regardless of which domain was being cemsdl This seems a strong assumption, as it
requires that the domains themselves are of eguaév- which is unlikely to be the case. Indeed, an
assumption that domains ana of equal value is a key driver for the derivatiafmealth state valuations

for multi-attribute instruments.

In the second study, Severin et al. reported that marticipant failed to select a dominant
alternative in a DCE choice set; however, there neasomparative assessment of monotonicity for the
BWS task [51]. A third study did not conduct a tfstnonotonicity, but observed a lack of monotatyici
for the estimated preference weights across ttetddor two attributes in the DCE but not BWS asaly
[49]. However, the DCE was a dichotomous yes/nacehimrmat and thus did not require a trade-off to

be made across profiles [49].

The only study comparing DCE and multiprofile-caB&/S found ahigh and similar
proportion of participants passed tests for moniottyn 99% chose a dominant choice set in
the DCE tasks, and 98% (97%) chose a dominant fuaied) health state as most (least)

preferred in BWS tasks [53].

Consistency
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Three studies comparing DCE and profile-case BWs&ss®d consistency (also referred to as
stability), by asking participants to complete ome more repeat choice tasks [17, 38, 44, 52].
Preferences were deemed to be consistent if gaatits chose the same alternative in successiveechoi
tasks. Such tests have been criticised since thailé might remember their answer, or preference
reversal might occur due to very similar alternegiwhich could be considered as close substitutes.

Nevertheless, tests of consistency provide an atolicof internal validity and data quality.

Van Dyke et al. reported a similar level of coramsly between DCE and profile-case BWS
(>96% of participants were consistent for bothjh@ligh, consistency was not clearly defined fos thi
study [52]. Although they reported lower overailéés of consistency than van Dyke et al., both Whit
et al. and Krucien et al. reported greater consistdor DCE than profile-case BWS [17, 38, 44].
However, the probability of being consistent to thpeat choice task(s) by chance alone is higher fo
the DCE task (50% chance in Whitty et al. and 2%fance in Krucien et al.) than for the BWS task
(2.4% to 14.3% chance in Whitty et al. and 5% clan Krucien et al.) [17, 38]. Whitty et al. re e

lower levels of consistency for the worst thantfa best choices in the profile-case BWS task [17].

The only study comparing DCE and multiprofile-c&8#&'S found greater consistency
for the DCE task than for the multiprofile BWS taskie et al. reported a higher intra-rater
agreement for DCE (intraclass correlation coefficiCC 0.53) across three repeat tasks than
for BWS (ICC 0.45) across two repeat tasks [53kyheported similar rates of inconsistency

in BWS for best and worst choices.

Completeness

If participants are aware of their preferences ey are easily uncovered by the researcher
they are deemed to be complete. Technically, thenaxf completeness represents the ability of
participants to make a choice according to a ramlering of available options [38]. Krucien et al.
reported the DCE and profile-case BWS to performilairly in an indirect test for completeness of
preferences [38]. However, they also found rankmg the two methods to be uncorrelated (Kendall
correlation -0.222, p=0.146), concluding that theéand profile-case BWS “perform equally well (in
terms of completeness) but in different ways” [38).other study reported comparative data supgprtin

completeness.
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Transitivity

Transitivity considers that if choice A is prefadrto choice B and choice B is preferred to
choice C, then choice A should be preferred toah@ [55]. Although this axiom is a central test of
rationality (alongside completeness) [56], it has Ibeen widely applied in the DCE context [1]. No

study in this review provided data supporting tkiem of transitivity.

3.5.2 Convergent validity (internal or external)

Only two studies reported data indicating convergealidity for the DCE/ BWS
method against another internal measure. Xie eteplorted a high and similar level of
agreement in the ranking of health states for bio¢hDCE and multiprofile-case BWS when
compared to visual analogue scale (VAS) valuat[68% Weernink et al. reported aggregate
level utility values derived from profile and myltofile-case BWS to be highly correlated with
those derived from TTO or VAS (Pearson correlai31®.95 to 0.98, p<0.001) [54]. This was
also the case at the individual (within person)ysis level (Pearson correlatiorf B.56-0.68,
p<0.001). However, better differentiation was olsedrfor closely related treatment profiles
for both BWS methods than for TTO or VAS at theiwdbal level. The study did not
discriminate between the BWS methods. In a thudystNetten et al. undertook a Time Trade
Off (TTO) exercise in addition to a DCE and profilase BWS [45]. However, their aim was
to supplement the BWS (to derive utility weightaflanot to compare the convergence of DCE
or BWS with TTO. None of the studies reported dathcating the external validity of the

methods.

3.6 Concordance of DCE and BWS findings

Preferences obtained through DCEs and BWS canruitdaetly compared, since the underlying
scales of the analytic model are different [51lidBts used a range of approaches to adjust findangs
scale, thus allowing a comparison of concordancesaanethods. Netten, Potoglou et al. and Severin
et al. rescaled the results obtained from the DREBWS experiment choice models, examining the

relative size of the differences [45, 46, 51]. éra&t of rescaling the obtained results, Jansseh et a
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compared values using the correlation measure Sp@ss rho [50]; whilst, Whitty et al. compared

values after rescaling and computed a Pearsonla@iorecoefficient [17].

3.6.1 Comparison of DCE and profile-case BWS findigs

Concordance of preference estimates

Most studies identified in this review compared D@id profile-case BWS. Findings on
concordance of preferences are mixed; however,abiviirey suggest a low level of concordance
between the two methods, particularly if the prefiee weights are used to estimate marginal rates of
substitution. Most studies reported comparablegpesice patterns in terms of direction of preference
and (in most cases) rank order of preference forsga different attributes for the DCE and profile
case BWS, with correlation coefficients (where méga) of approximately 0.9 or above [46, 47, 49-52]
However, several of these studies reported lowaca@aance of ranking across the mid-ranked as
opposed to the high or low ranked attributes [49, Bloreover, several of these studies also inditat
that whilst the pattern of preferences were broatftylar, the estimated preferences differed irtddé
in terms of the comparative size of the preferameight estimates [46, 51], and in particular thodds

estimated (such as the Minimal Acceptable Risk, Na&uld differ [52].

Two studies reported markedly different findingsamen the DCE and profile-case BWS. In a
priority-setting application, Whitty et al. repatitgooor correlation between DCE and BWS weights
(Pearson correlation coefficient 0.286, p=0.28829], the relative size of the preference weightsranil
ordering differed between methods implying theie usight lead to different priorities assigned [17]
More recently, Krucien et al. also reported pooncaydance in a health state valuation application
between rescaled parameter estimates (Spearmaahatiom coefficient 0.272 to 0.610; p<0.05) and a
systematic bias between DCE and profile-case BV8&ated coefficients [38]. They also reported less
discrimination between level weights within attiibsl for BWS than for DCE, implying a difference

between methods if they were used to derive utiligyghts for use in economic evaluation.

Decision (un)certainty

Studies that explored scale differences betweenDi& and profile-case BWS models
generally reported higher scale and therefore loesor variance suggesting greater decision

consistency and potentially lower decision uncatyawith profile-case BWS than DCE [47, 48, 52],
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with the exception of Whitty et al. who found ttengerse [17]. The lower variance may also have been
an artefact of the greater amount of choice obsenscollected for BWS (two rather than one fartea
choice task). Lower error variance in the model Mdead to more precise preference estimates, and
therefore a smaller sample might be required toptera the preference study. Krucien et al. found no
difference in scaling between DCE and profile-c&#&'S [38]. Therefore, they attributed their
observations of difference in preferences to diffiees in the accuracy rather than the precisigheof
methods. Comparisons of error variance and scaldegrendent on the characteristics of particigants
addition to any difference in the methods. Themefany valid comparison of decision certainty befwe
methods should ideally be undertaken in the samimplsawith the tasks randomised. All five studies
presenting evidence on decision certainty were iiakien in the same sample. However, only two of
these studies (Van Dijk et al., and Whitty et[&2, 57]) randomised the order in which the taskSE

or BWS) were seen.

3.6.2 Comparison of DCE and multiprofile-case BWSifidings

Conceptually, multiprofile-case BWS is a more sanilask to traditional format DCE, than is
profile-case BWS. In the only study comparing DGt anultiprofile-case BWS, Xie et al. reported
similar preference estimates for both approachas,wider 95% confidence intervals around the
preference estimated for DCE than for multiproiksse BWS [53]. They observed a smaller variance
in estimating latent utilities with BWS than with(E suggesting greater decision certainty (less
randomness in decision-making) for the eight BW&nthhe twelve DCE tasks, even though the
participants saw the same 48 profiles in both n@ghdélence, multiprofile-case BWS may need a
smaller sample size (for the same level of prealicticcuracy and precision). This might be expected,
given the BWS tasks used data on both best and fvors triple choice sets; whereas, the DCE used
best data from pairs. Therefore, the DCE had laskimg data (12 rank observations from pairs) than

the BWS (16 rank observations from triplets).

3.6.3 Comparison of profile and multiprofile-caseBWS results

Two studies compared preferences estimated frorieend multiprofile-case BWS tasks.
Weernink et al. explored treatment preferencesPfankinson’s Disease [54]. They reported highly

comparable utility values at the aggregate (Pearsoelation R2 0.98, p<0.001) and individual (with
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person) analysis level (Pearson correlation R2,009D.001). However, there was a difference in
ranking of the importance of some attributes. Bigndints also assigned slightly higher utility valde

treatment profiles with multiprofile than profilase BWS.

In the second study, Yoo & Doiron explored prefesmnfor different nursing jobs [37]. Whilst
they found improvements in non-pecuniary job atiiéls were valued similarly by both methods,
participants placed greater value on the pecunisajary) gains over non-pecuniary gains in the
multiprofile case. Thus, estimates of marginalgaikesubstitution based on their data would beyike

to differ between the elicitation formats.

3.7 Study quality

On average, the included studies achieved a s€8réd(out of a maximum of 5) in the PREFS
checklist (Supplementary material, Table S1). $sidiomparing BWS with DCE achieved a mean
score of 3.5 and those comparing different BWS cashieved a mean score of 3. “Responders” and
“Findings” were generally poorly reported. For “lReaders”, this was because evidence was lacking
on response rates and indicating whether responders similar to non-responders. Cheung [2]
recommends tracking demographic variables to agsessible differences between the two groups.
However, the current widespread use of online gatetluding in the studies in this review) might
hinder the tracking of demographics for non-resposdFor “Findings”, this was mainly because
studies either did naixplicitly state that data from all responders who completeartially completed
the preference tasks were included in the analgsig,some were excluded (e.g. for failing a vijid
test) did not provide evidence that those excludldahot differ from those included or that the fimgs

did not differ with their inclusion/exclusion.

4. DISCUSSION

DCE and BWS stated preference methods are gairopglgrity to evaluate outcomes and
priorities in health and health care. Moreoverytiaee now prominent approaches for health state
valuation — which informs access decisions for theahre services and technologies across many
countries and health jurisdictions [58, 59]. Untlemding the merits and limitations of these methsds

paramount to the accurate and reliable valuatidweafth outcomes and healthcare, to support censist
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access decisions. Importantly, DCE and BWS methar@sbeing used instead of (or potentially
alongside) each other to derive quantitative waigRegardless of what these weights are called (e.g
preferences, utilities, or values), the findingdD&E and BWS tasks are being used to derive weights
that are intended to measure the same construtcbdwinterchangeable with each other in predictin
choice. Whilst evidence is limited and the findirgj this review are discordant, the balance alevwe
suggests that the “preferences” derived from DGiEmbfile-case BWS tasks may not interchangeable.
This is particularly the case if the preferences ased to derive marginal rates of substitution, as
opposed to a simple summary of preference directioank of beneficial attributes at the extremies o
the preference space. Most applications of stateféqgnces in healthcare decision-making, including
estimates for health state valuation or risk:bérsefsessment, require marginal rates of substittitio

be estimated. This review suggests we cannot astah®CE and profile-case BWS will imply the

same decision for these purposes.

Whilst the finding of a lack of concordance betw&ZE and profile-case BWS is concerning,
comparisons of other stated preference methodé @@ TO and standard gamble, SG) also suggest
they provide different estimates of preferencesdusederive key trade-offs for decision-making in
health [60, 61]. Therefore, this review does natassarily suggest a “new” problem with use of DCE
or BWS methods. Rather, it suggests we need toaoéiocls and understand and explore these
differences further, why they occur, how they afuenced, and their implications for decision-nmaki
in order to understand the relative merits andahbetween the DCE and BWS methods. Whilst it has
previously been postulated that the comparativéopaance of DCE and BWS methods might be
context dependent (with poorer performance in fiyieetting contexts) [17], this does not seeméo b
supported by an assessment of the current evidemite the possible exception of comparative
acceptability, which is discussed below). Some @nsthave argued that the DCE is a superior approach
to BWS because its measurement properties have dadensively examined [38]. However, the
measurement properties of an instrument are codixéndent, and so the very limited number of
studies examining these methods in different hezgtlk contexts, perhaps most notably in healtle stat
valuation which is a very specific framing of tlask, limits any conclusions regarding their compreea

merits.
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A low level of concordance between methods sugdbatsither both methods are measuring
the same construct but one is doing so more aatuithian the other; or that the methods are maaguri
different constructs. The studies identified irstreview do not provide conclusive evidence on whic
of these is most likely. However, they do provide with relevant insights. If both methods are
measuring the same construct (i.e. preferenceg)rmits doing so more accurately than the other, th
would suggest one method is more valid than theroffhe review provided only limited evidence on
the comparative internal validity of the DCE and BMiérmats. Most evidence suggests either equal
internal validity, or favours DCE over profile-caB&/S. However, whilst some evidence appears to
favour DCE, close examination of the tests on wiiiet evidence is based and of the probabilities of
passing those tests by chance alone suggeststiatadly these tests may be unreliable for compgarin
the internal validity of DCE and profile-case BWASks. There was no evidence found on the convergent
validity of DCE as compared fwofile-case BWS. This should be considered a research pridaiyen
the increased use of both these formats for hetdth valuation, it would be helpful to establidhiafa,
if either, might give the most similar results tther stated preference methods used in health state
valuation (such as TTO), and therefore might bedusest consistently alongside other methods in
decision-making. We conclude there is currentlyifisient comparative evidence available on vajidit

to suggest any superiority of either DCE or BWShuds.

An assessment of external validity would providadht into whether DCE and BWS measure
the same construct. This is challenging, as theroiaccepted gold standard measure of preferences
and external validity is difficult to assess foated preference methods in the regulated healthcare
environment. There are theoretical reasons to stggat DCE and BWS, particularly profile-case
BWS, may not be measuring the same construct. ¥@mgle, the single profile format of profile-case
BWS does not elicit a trade-off as is the casecfmmventional format DCE or multiprofile BWS,
selecting a ‘worst’ alternative is a conceptualiffedent task to selecting a ‘best’ alternativeddhe
max-diff or sequential decision models assume®@¥WS are not required for DCE. Therefore, arguably
we should not necessarily expect the findings BM&S task to be concordant with those of a DCE.
Nevertheless, this raises a challenge if the peefsrs from both methods (and indeed other methods
giving dissimilar findings) are used interchanggail decision-making. Researchers and decision-

makers need to be aware that DCE and profile-ca¢8 Biay not be measuring the same construct and
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therefore may imply different decisions in heaftthe same decision-making threshold is used. Given
the recognised importance of patient and publicfepemaces in healthcare decision-making,
consideration needs to be given to how prefereinoesDCE and BWS can be integrated into economic
evaluations and healthcare decisions. Such incatiparwould mean that licensing, reimbursement and
policy decisions could reflect stakeholders’ prefees in a more accurate way, thus contributing to
greater efficiency, satisfaction and adherence dalth interventions and programmes [34]. For
integration to develop further, researchers neaajtee on standard methodologies to undertake DCE
and BWS stated preference studies and to asseglsich circumstances one format is preferred to

another.

Evidence from studies that explored the comparativer variance of choice models suggests
that profile-case BWS may be more statisticallycafht than DCE; although, this may not be the case
in priority-setting contexts. Thus, the profile-edBWS may require a smaller sample size for a egsir
level of precision, making the choice data potdigtiaore economical to collect for a profile-casé/B
than for a DCE study. Whilst this supports the ggsethat BWS is a more statistically efficientriwat
[62], it does not suggest that BWS has greateroresp efficiency which is also an important

consideration for sample size and data quality.[40]

The acceptability of the method for participantsyides important information on the likely
response efficiency with which a stated preferesicely can be completed and quality of the data
collected. If the two methods are equally valid thoice for which method to use might be strongly
informed by the comparative acceptability of theksafor participants. The majority of evidence on
comparative acceptability of DCE and BWS focussedhe participants’ self-reported task difficulty
or preferred task. Evidence emerging from theaew\guggests participants find DCE tasks at least as
easy to complete as profile-case BWS tasks, whschontrary to the general inference from the
literature, in which some have argued that chookagj and worst attribute levels from a single ifrof
should be a simpler task than choosing a prefarefile from two or more alternative profiles in a
DCE (or multiprofile BWS) [20, 62]. We find no ewdce in this review to support this assertion. Two
studies provided evidence suggesting that partitipound the DCE task easier than the profile-case
BWS task and in one of these three quarters oicgants also indicated they preferred the DCE;task

both studies were undertaken in a priority-settiogtext [17, 44, 51]. Therefore, whilst there is no
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evidence to suggest a difference in acceptabilitpdst contexts, it might be the case, that irctmext
of priority-setting where social preferences areiteld, the DCE performs better that profile-cas®# B

in terms of acceptability.

Although the number of published DCE and BWS stsitiges been increasing [1, 2], the number
of publications comparing both elicitation proceshior different BWS cases remains low. This review
is dependent on published studies. Therefore, tkeagisk some relevant studies may not have been
identified for inclusion, for example due to publion bias. One of the purported advantages of BWS
is that if the task contains more than three atteblevels (profile case) or alternative profiles
(multiprofile case), it is possible to obtain alftdnking from each choice set in a sequentialitash
(e.g. best, worst, next best, next worst etc), iging more data and possibly supporting quantiftcat
of individual level preferences [63]. None of theluded studies used repeated rounds of BWS choices
therefore, any potential merit of this approach haisbeen considered. Additionally, several authors
have highlighted the importance of considering rextdon effects [1, 64], and this is likely to be
particularly important in the health state valuatemntext. If authors do not consider them buteiadt
implicitly assume that the attribute effects ameipendent, and this assumption proves to be thkse,
preference estimates will be biased [65]. Few studonsidered interaction effects, and they weke on
considered for DCE and not BWS. Consideration déraction effects in profile-case BWS is
technically problematic, and any merit of DCE conaghto BWS in terms of considering interactions
has not been identified in this review. There wexe studies that explored the comparative merits of
multiprofile-case BWS; yet, the format of multipitefcase BWS makes it conceptually more similar to
a DCE than profile-case BWS, which has been comynapplied. It would be logical to explore the
merits of multiprofile BWS in health further. Nauslly explored the comparative merits of object case
BWS. However, object-case BWS is conceptually nsimg@lar to a simple ranking exercise than to a
DCE, which might explain its absence from this eswi This review has raised a number of
methodological research priorities, which couldaderessed with further comparative studies in the

future.

5. CONCLUSION
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The very limited evidence available suggests tHaE@nd profile-case BWS may be
of equal validity in eliciting preferences in a tlihacontext, but give different preference
estimates — suggesting they may be measuring @iffeonstructs. Therefore, choice
between methods is likely to based on normativesicienations related to coherence of the
methods with the theoretical frameworks for whilsl preferences are to be used and on
pragmatic considerations related to ease of ddkection. There is insufficient evidence to
suggest the decision context (e.g. health stateatiah or priority-setting) impacts the
comparative merits of the DCE and BWS tasks, withgossible exception of participant
acceptability, which might favour DCE over profitase BWS when preferences are elicited
to inform priority-setting. Profile-case BWS may &#@nore statistically efficient approach to
data collection than DCE, requiring a smaller sagite for a given level of precision. There
is insufficient evidence to draw conclusions ont¢heparative merits of DCE and either
object of multiprofile-case BWS. Overall, the liatibns in the evidence mean that this
summary is indicative rather than conclusive wittttier data required to expand our
understanding of the comparative merits of thesiaous. There are clear implications for the
integration of DCE and BWS methods to inform he#dithnology decisions including
through the derivation of utility values and riskriefit trade-offs. Therefore, expanding our

understanding of the comparative merits of thegeagehes should be a research priority.
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Records identified through database Additional records identified through
other sources

searching
(n =138 in search for DCE and BWS
n =421 in search for BWS)

(n=3)

Records after duplicates removed
(n=248)

Records screened; title +
abstract (n = 248)

Full-text articles assessed fo
eligibility
(n=29)

\ 4

Records excluded
(n=219)
No comparison (178)
Not health related (32)
Conference abstract (6)
No text/abstract available (3)

Included articles (n = 14;
reporting 12 studies)

Figure 1 Flow chart of the study identification process

v

Full-text articles excluded
(n=15)
No comparison (13)
Conference abstract (2)
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Table 1 Main characteristics of the studies

Study

Country

Target population

Sample size

Appliction area

Perspective

Data available

(comparing methods)

Same or

different
participants for

both tasks?

A. Studies comparing DCE with BWS profile case

Coast et al. [47] UK General population N=408 across three HSV (end of life) Concordance Same (order not
(adults) pilots (Pilots 1,2,3 Personal randomised)
N=204, 100, 102
respectively)
Flynn [48] UK General population N= 315 HSV (ICECAP-O) Concordance Same (order not
(=65 years) Personal randomised)
Hollin [49] USA Caregivers N=119 Treatment options  Validity Same (order not
(Duchenne Muscular Concordance randomised)
Dystrophy)
For care recipent
Janssen [50] USA Patients Pretest interviews: Treatment options Acceptability Different
N=25 (type Il diabetes Concordance
Pilot: mellitus)
N=27 (DCE) Personal
N=23 (BWS)
Krucien [38] UK Patients N= 293 HSV (Glaucoma utilityValidity Same (order not

Index)
Personal

Concordance

randomised)




Netten [45],

UK

General population

User interviews:

Social care outcome

Acceptability

Same (order

Potoglou [46] (oversample ethnic N=30; valuation (ASCOT) Validity randomised)
minorities and>65 Pilot Personal Concordance
years) N=300
Severin [51] NL DE Experts (convenience) DCE N= 31 Priority-setting Acceptability Different
BWS: N=26 (genetic testing) Validity
Concordance
van Dijk [52] USA Potential patients N=447 (429 Treatment options (hip Acceptability Same (order
(males, 45-65 years) analysed) surgery) Personal Validity randomised)
Concordance
Whitty [44] (Think AU General population Think Aloud: N=24  Priority-setting Acceptability Same (order
aloud study) (adults) Main: N=930 (funding new health  Validity randomised)
Whitty [17] (Main technologies) Concordance
study) (Social)
B. Studies comparing DCE with BWS multiprofile case
Xie [53] CA General population N= 100 HSV (EQ-5D-5L) Acceptability Same (order
(convenience) Personal Validity randomised)
Concordance
C. Studies comparing BWS profile with BWS multiprofile case
Weernink [54] UK, NL General population N=613 Treatment options Validity Same (not clear if
(18-65 years) (Parkinsons Disease) Concordance order randomised)
Personal
Yoo [37] AU Nursing students and N=526 Job preferences Concordance Same (order not

graduates

randomised)

AU = Australia; CA = Canada; DE= Germany; NL= Neathrds; UK= United Kingdom; USA= United States ah@rica
HSV health state valuation
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Table 2 Experimental design and data analysis

Study Attribute  Task number®  Statistical Analytic
number (and choice set design method
size)
A. Studies comparing DCE with BWS profile case
Coast et al. DCE 7 8 (pilots 1,2); OMEP CL (main and
[47] 16 (pilot 3) 32 profiles 2-way
Pairs inc. interaction
constant effects)
comparator
BWS 7 8 (pilots 1,2); OMEP CL
16 (pilot 3) 32 profiles
Flynn [48] DCE 5 16 OMEP CL
Pairs inc. 16 profiles
participant-
specific
comparator
BWS 5 16 OMEP CL
16 profiles
Hollin [49] DCE 6 18 OMEP Logit
Single profile, 18 profiles
reponse
yes/no/don’t
know
BWS 6 18 OMEP CL
18 profiles
Janssen [50] DCE 6 12 OMEP CL
Pairs 81 sets
BWS 6 16 or 18 OMEP CL
(unclear) 16 profiles
Krucien [38] DCE 6 32 OMEP MNL, MXL,
Pairs foldover GMNL
32 profiles
BWS 6 32 BWS uses  MNL, MXL,
first profile in  GMNL
each DCE

pair




Netten [45], DCE DCEL1® 8 Pairs D-efficient, MXL (main
Potoglou [46] DCE2% 8 Pairs main and 2- effects; 2-way
way interaction
interaction effects
effects excluded as
(within not significant)
DCE), 128
sets
BWS OMEP MXL
32 profiles
Severin [51] DCE D-efficient CL
12 sets
BWS OMEP CL
24 profiles
van Dijk [52] DCE Orthogonal CL
balanced
overlap 200
versions of 8
sets
BWS Orthogonal CL
200 versions
of 8 sets
Whitty [44] DCE Orthogonal,  MNL, SMNL,
(Think aloud main and 2- RPL, GMNL
study) way (main and
Whitty [17] interaction selected 2-way
(Main study) 72 sets interaction
effects)
BWS Uses first MNL, SMNL,
profile in RPL, GMNL
each DCE
pair
B. Studies comparing DCE with BWS multiprofile case
Xie [53] DCE 5 24 Bayesian D-  Probit
Pairs efficient
48 profiles
BWS 5 16 Bayesian D- Ordered logit
Triplets efficient
48 profiles
C. Studies comparing BWS profile with BWS multiprofile case
Weernink BWS profile 7 9 D-efficient MXL, CL
[54]
BWS 7 10 D-efficient MXL, CL
multiprofile Triplets
Yoo [37] BWS profile 12 8 Uses first Logit and
profile in latent class
each BWS (max-diff)

multiprofile
triplet
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BWS 12 8 D-optimal Latent class
multiprofile Triplets Resolution 3  heteroskedastic
16 sets ROL

CL conditional logit; MNL multinomial logit; MXL mked logit; GMNL generalised multinomial logit;

Max-diff Maximum difference logit; OMEP orthogonatdain effects plan; ROL rank ordered logit
& Authors split nine attributes across two DCEshwaterlap of some of them

®Task number from design, excluding any repeat tasks for rationaility tests
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SUPPLEMENTARY MATERIAL

A. Search strategy: Studies comparing DCE with BW$nethods

Database: AMED (Allied and Complementary Medicine) + EmbasMEDLINE(R) via Ovid

Date: 21 October 2016

Search term(s):

discrete choice experiment.ab,ti. AND best worsatisg.ab,ti.

DCE.ab,ti. AND BWS.ab,ti.

discrete choice model.ab,ti. AND best worst scadibdi.

discrete choice modelling.ab,ti. AND best worstliscgab, ti.

conjoint analysis.ab,ti. AND best worst scalingtiab,

conjoint analysis.ab,ti. AND BWS.ab,ti.

conjoint study.ab,ti. AND best worst scaling.ab,ti.

conjoint choice experiment.ab,ti. AND best worsilgw.ab,ti.

stated preference.ab,ti. AND best worst scaling.ab,

parwise choices.ab,ti. AND best worst scaling.abti

paired comparisons.ab,ti. AND best worst scalingj.ab

discrete choice experiment.ab,ti. AND maximum défece.ab,ti.

discrete choice model.ab,ti. AND maximum differeabeti.

discrete choice modelling.ab,ti. AND maximum difece.ab.ti.

conjoint analysis.ab,ti. AND maximum differencetab,

conjoint study.ab,ti. AND maximum difference.abti.

conjoint choice experiment.ab,ti. AND maximum diéface.ab,ti.

stated preference.ab,ti. AND maximum differencei.ab,

parwise choices.ab,ti. AND maximum difference.ab,ti

paired comparisons.ab,ti. AND maximum differencgiab
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Database:EconLit

Date: 21 October 2016

Search term(s):

AB discrete choice experiment AND AB best-worstlisca

AB DCE AND AB BWS

AB discrete choice model AND AB best worst scaling

AB discrete choice modelling AND AB best worst sagl

AB conjoint analysis AND AB best worst scaling

AB conjoint study AND AB best worst scaling

AB conjoint choice experiment AND AB best worst l§og

AB parwise choices AND AB best worst scaling

AB paired comparisons AND AB best worst scaling

AB discrete choice experiment AND AB maximum difface

AB discrete choice model AND AB maximum difference

AB discrete choice modelling AND AB maximum diffeiee

AB conjoint analysis AND AB maximum difference

AB conjoint study AND AB maximum difference

AB conjoint choice experiment AND AB maximum diféerce

AB parwise choices AND AB maximum difference

AB paired comparisons AND AB maximum difference

Database:Cochrane Library

Date: 21 October 2016

Search term(s):
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#1 "discrete choice experiment":ti or "discreteickexperiment”:ab (Word variations have been
searched); #2 Best worst scaling:ti or Best waralisg:ab (Word variations have been searched);

#3 #1 and #2

#1 "DCE":ti or "DCE" (Word variations have been sdeed); #2 "BWS":ti or "BWS":ab (Word

variations have been searched); #3 #1 and #2

#1 "discrete choice model":ab or "discrete choicalet":ti (Word variations have been searched);
#2 "Best worst scaling":ab or "Best worst scalitigt¥ord variations have been searched); #3 #1

AND #2

#1 "discrete choice modelling":ab or "discrete ckanodelling":ti (Word variations have been
searched); #2 "Best worst scaling":ab or "Best wacaling":ti (Word variations have been

searched); #3 #1 AND #2

#1 "conjoint analysis":ab or "conjoint analysis"#P "Best worst scaling":ab or "Best worst

scaling":ti (Word variations have been searche@)}## AND #2

#1 "conjoint study":ab or "conjoint study":ti (Wokdriations have been searched); #2 "Best worst

scaling™:ab or "Best worst scaling™:ti (Word vaitats have been searched); #3 #1 AND #2

#1 "conjoint choice experiment":ab or "conjoint @®experiment":ti (Word variations have been
searched); #2 "Best worst scaling":ab or "Best wacaling":ti (Word variations have been

searched); #3 #1 AND #2

#1 "stated preference":ab or "stated prefereno@\itird variations have been searched); #2 "Best

worst scaling":ab or "Best worst scaling™:ti (Warariations have been searched); #3 #1 AND #2

#1 "parwise choices":ab or "parwise choices":ti fd/@ariations have been searched); #2 "Best

worst scaling":ab or "Best worst scaling™:ti (Warariations have been searched); #3 #1 AND #2

#1 "paired comparisons":ab or "paired comparison@Vord variations have been searched); #2
"Best worst scaling":ab or "Best worst scaling(ord variations have been searched); #3 #1

AND #2
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#1 "discrete choice experiment":ti or "discreteickexperiment”:ab (Word variations have been
searched); #2 "maximum difference":ti or "maximuiffestence":ab (Word variations have been

searched); #3 #1 and #2

#1 "dce":ti or "dce":ab; #2 "maximum difference'dti "maximum difference":ab; #3 #1 and #2

#1 "discrete choice model":ti or "discrete choiced®l":ab; #2 "maximum difference":ti or

"maximum difference":ab; #3 #1 and #2

#1 "discrete choice modelling":ti or "discrete at®modelling":ab; #2 "maximum difference":ti or

"maximum difference":ab; #3 #1 and #2

#1 "conjoint analysis":ti or "conjoint analysis";a? "maximum difference":ti or "maximum

difference":ab; #3 #1 and #2

#1 "conjoint study":ti or "conjoint study":ab; #Baximum difference":ti or "maximum

difference":ab; #3 #1 and #2

#1 "conjoint choice experiment™:ti or "conjoint ébe experiment":ab; #2 "maximum difference":ti

or "maximum difference":ab; #3 #1 and #2

#1 "stated preference":ti or "stated preference"#@'maximum difference":ti or "maximum

difference":ab; #3 #1 and #2

#1 "parwise choices":ti or "parwise choices":ab;"#&aximum difference":ti or "maximum

difference™:ab; #3 #1 and #2

#1 "paired comparisons":ti or "paired comparisoas;'#2 "maximum difference":ti or "maximum

difference™:ab; #3 #1 and #2

Database:CINAHL

Date: 21 October 2016

Search term(s):

AB discrete choice experiment AND AB best-worstlisca

AB DCE AND AB BWS
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AB discrete choice model AND AB best worst scaling

AB discrete choice modelLING AND AB best worst sogl

AB conjoint analysis AND AB best worst scaling

AB conjoint study AND AB best worst scaling

AB conjoint choice experiment AND AB best worst laog

AB parwise choices AND AB best worst scaling

AB paired comparisons AND AB best worst scaling

AB discrete choice experiment AND AB maximum difface

AB discrete choice model AND AB maximum difference

AB discrete choice modelling AND AB maximum diffeiee

AB conjoint analysis AND AB maximum difference

AB conjoint study AND AB maximum difference

AB conjoint choice experiment AND AB maximum diféerce

AB parwise choices AND AB maximum difference

AB paired comparisons AND AB maximum difference

Database:PubMed

Date: 21 October 2016

Search term(s):

(discrete choice experiment[Title/Abstract]) ANDsb&vorst scaling[Title/Abstract]

DCE([Title/Abstract] AND BWS[Title/Abstract]

(discrete choice model[Title/Abstract]) AND bestmaoscaling[Title/Abstract]

(discrete choice modelling[Title/Abstract]) AND hegorst scaling[Title/Abstract]

conjoint analysis[Title/Abstract] AND best worstadiag[Title/Abstract]

conjoint study[Title/Abstract] AND best worst scai{ Title/Abstract]




conjoint choice experiment[Title/Abstract] AND bewsbrst scaling[Title/Abstract]

pairwise choices[Title/Abstract] AND best worst kug| Title/Abstract]

paired comparisons[Title/Abstract] AND best worstleng[Title/Abstract]

discrete choice experiment[Title/Abstract] AND maxim difference[Title/Abstract]

discrete choice model[Title/Abstract] AND maximurfference[Title/Abstract]

discrete choice modelling[Title/Abstract] AND maxiam difference[Title/Abstract]

conjoint analysis[Title/Abstract] AND maximum difience[Title/Abstract]

conjoint study[Title/Abstract] AND maximum differeg[Title/Abstract]

conjoint choice experiment[Title/Abstract] AND maxim difference[Title/Abstract]

(pairwise[All Fields] AND choices[Title/AbstracthND maximum difference[Title/Abstract]

(paired comparisons [Title/Abstract]) AND maximurfference[Title/Abstract]

B. Search strategy: Studies comparing different BWS$ases

Database: AMED (Allied and Complementary Medicine) + EmbasMEDLINE(R) via Ovid

Date: 2 December 2016

Search term(s):

(((("best worst" and scaling).ab. or "best worgt).and analysis.ab.) or "best worst".ab.) and

survey.ab.

maxdiff

(((((((((maximum difference and scaling) or maximdifference) and analysis) or maximum
difference) and scoring) or maximum difference) attdbute) or maximum difference) and

survey).ab.

Database:EconLit

Date: 2 December 2016
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Search term(s):

AB "best worst" AND AB scaling OR AB "best worst'ND AB analysis OR AB "best worst"

AND AB survey

AB maxdiff

AB "maximum difference” AND AB scaling OR AB "maxum difference” AND AB analysis OR
AB "maximum difference” AND AB scoring OR AB "maximm difference” AND AB attribute OR

AB "maximum difference" AND AB survey

Database:Cochrane Library

Date: 21 October 2016

Search term(s):

#1 "Best worst":ti or "Best worst":ab; #2 "scalintj’or "scaling":ab; #3 "analysis":ti or

"analysis™:ab; #4 "survey":ti or "survey":ab; #51"#&nd #2"; #6 "#1 and #3"; #7 "#1 and #4"

AB maxdiff:ab

"maximum difference":ab

Database:CINAHL

Date: 2 December 2016

Search term(s):

AB "maximum difference” AND AB scaling OR AB "maxum difference” AND AB analysis OR
AB "maximum difference” AND AB scoring OR AB "maxum difference” AND AB attribute OR

AB "maximum difference” AND AB survey

AB maxdiff
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AB "best worst" AND AB scaling OR AB "best worst'ND AB analysis OR AB "best worst"

AND AB survey

Database:PubMed

Date: 2 December 2016

Search term(s):

((((("best worst"[Title/Abstract]) AND scaling[T#/Abstract]) OR "best worst"[Title/Abstract])

AND analysis[Title/Abstract]) OR "best worst"[Tiflbstract]) AND survey|[Title/Abstract]

maxdiff[Title/Abstract])

((((((((("maximum difference"[Title/Abstract]) ANBcaling[Title/Abstract]) OR "maximum
difference"[Title/Abstract]) AND analysis[Title/Absact]) OR "maximum
difference"[Title/Abstract]) AND scoring[Title/Abgedct]) OR "maximum
difference"[Title/Abstract]) AND attribute[Title/Astract]) OR "maximum difference") AND

survey
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C. Study quality

Supplementary Table S1Evaluation of Study Quality (using PREFS criteria)

Quality
Study R E F S X
A. Studies comparing DCE with BWS profile case
Coast et al. [47] 01 0 1 3
Flynn et al. 0 1 0 1 3
Hollin [49] 0 1 0 1 3
Janssen [50] 1 1 1 1 5
Krucien [38] 01 0 1 3
Netten [45] Potoglou [46] 01 0 1 3
Severin [51] 1 1 1 1 5
van Dijk [52] 010 1 3
Whitty [17] 0 1 1 1 4
B. Studies comparing DCE with BWS multiprofile case
Xie [53] 0 10 1 3
C. Studies comparing BWS profile with BWS
multiprofile case
Weernink [54] 01 0 1 3
Yoo [37] 0 10 1 3

Coding: ‘1’ reporting and ‘0’ not reporting relevtastata.
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