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Abstract

Objectives In recent years, discrete choice experiments (DCEs) have become frequently used to generate utility values, but
there are a diverse range of approaches to do this. The primary focus of this systematic review is to summarise the methods
used for the design and analysis of DCEs when estimating utility values in both generic and condition-specific preference-
based measures.

Methods Published literature using DCEs to estimate utility values from preference-based instruments were identified from
MEDLINE, Embase, Cochrane Library and CINAHL using PRISMA guidelines. To assess the different DCE methods,
standardised information was extracted from the articles including the DCE design method, the number of choice sets, the
number of DCE pairs per person, randomisation of questions, analysis method, logical consistency tests and techniques for
anchoring utilities. The CREATE checklist was used to assess the quality of the studies.

Results A total of 38 studies with samples from the general population, students and patients were included. Values for
health states described using generic multi attribute instruments (MAUISs) (especially the EQ-5D) were the most commonly
explored using DCEs. The studies showed considerable methodology and design diversity (number of alternatives, attributes,
sample size, choice task presentation and analysis). Despite these differences, the quality of articles reporting the methods
used for the DCE was generally high.

Conclusion DCEs are an important approach to measure utility values for both generic and condition-specific instruments.
However, a gold standard method cannot yet be recommended.

Keywords Discrete choice experiment - Conjoint analysis - Health state valuation - Preference-based measures - Utility -
Systematic review

JEL Classification 110

Introduction

Resources in health-care are scarce [1]. Finding an efficient
way to assign these limited resources has been one of the
objectives of economic evaluation. Economic evaluations,
Electronic supplementary material The online version of this which are designed to determine the most efficient and cost-
article (https://doi.org/10.1007/s10198-020-01189-6) contains effective interventions [2], generate evidence for prioritising
supplementary material, which is available to authorized users. the best set of interventions to maximise total health. To
do this, a number of different methods are available. These
methods compare the interventions and programs through
two dimensions, cost and consequences. The consequences
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One popular method used in economic evaluation is
cost—utility analysis (CUA) [4] in which the main outcome is
defined with respect to quality adjusted life years (QALYs)
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[5]. The estimation of QALY requires utility values for
defined health states [6]. Usually, these values, which are
also known as preference scores, utilities or weights [7],
are anchored on a scale where one is representative of full
health and zero represents death [8]. To ensure comparabil-
ity between different areas of health, health states are often
defined using a multi-attribute utility instrument (MAUI).
MAUISs can be either generic or disease-specific [9] and the
decision on what kind of MAUISs to use to value any particu-
lar health state is still debatable.

MAUISs describe health states based on dimensions of
quality of life and are associated with a scoring algorithm
to estimate the relative value of that health state. These val-
ues are then multiplied by the duration in each health state
to calculate QALY [10]. Frequently used preference-based
methods can be classified into either cardinal methods or
more recently, ordinal methods. Cardinal methods for util-
ity estimation assume preference can be expressed quanti-
tatively; however, ordinal methods, such as ranking models
[11] and Discrete Choice Experiments (DCEs) [12—14], do
not rely on an individual providing a score for a particular
health state; rather they are based on rankings instead [15].
In SG, the participants are asked the risk they are going to
take for achieving better health and in TTO participants are
asked about the amount of time they are willing to trade
off for better health. There are some concerns with using
SG and TTO preference based methods [16, 17]. The tasks
in SGs and TTOs might be more difficult to administer in
comparison with DCE [18]. Valuing health states worse than
dead can be problematic with these techniques [19]. These
problems have led to the use of ordinal methods such as
DCEs [20]; however, these methods have their own limita-
tions [21-23]. A DCE is a preference-based technique that
asks individuals to choose between health states over a set
of different hypothetical scenarios in order to elicit their
preferred health state and the relative weights for various
attributes embodied within health states. DCEs for MAUIs
are similar to TTO and SG, in the case that all of the models
are presented by their attributes to describe health states.
However, DCEs are generally easier to administer and they
have greater reliability due to reduced measurement error
[16, 18, 24]. The derived values from DCEs are based on the
preferred health state or health profile elicited by the choices
made by respondents [25].

Even though DCEs are predominantly applied to elicit the
relative strength of preferences of different attributes within
programs or between programs, the use of DCE to value
health states for estimating utility weights is increasing [26].
There are key stages to perform a DCE for a valuation study.
Before starting to design the DCE, the first step is identify-
ing relevant dimensions of the health outcome measure and
assigning levels to these dimensions. The dimensions and
their levels will be described when using a classification
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(descriptive) system. To design the DCE, the next step is
applying statistical design theory to draw an independent
sample of health states from the full set of health states,
for which preferences will be elicited. Then the choice sets
will be presented to respondents, and they will be asked to
express their preferences by choosing within these choice
sets.

There are many different methodological and design con-
siderations when using a DCE to value utilities. The validity
of these methods is uncertain. Indeed, the methods to derive
DCEs are still evolving, and hence it is important to under-
stand how researchers are developing and using DCEs to
help define and inform best practice for future studies. This
paper reports a systematic review based on methods to deter-
mine how DCEs are conducted to estimate utility values for
MAUISs. The main aim of the review was to summarise the
methods used to design and analyse DCEs when generat-
ing utility weights in both generic and condition-specific
preference-based measures.

Methods

This systematic review is reported according to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses
Protocols (PRISMA-P) guidelines [27]. The protocol for this
review was registered in the international database of pro-
spectively registered systematic reviews in health and social
care (PROSPERO), Centre for Reviews and Dissemination,
University of York (CRD42017075603).

Search strategy

In order to identify the relevant published literature, multi-
ple electronic databases were included in the search strat-
egy: Medline, EMBASE, Cochrane Library and CINAHL.
The selected studies were restricted to English language
articles published in peer-reviewed journals. References of
the included articles were cross checked to identify other
relevant publications. There were no limits on time of
publication.

A preliminary scoping search was conducted to identify
terminology for the search terms and the type of studies that
are likely to be available and the research team discussed and
approved the list of key search terms. The main search terms
were related to commonly used DCE terminology, quality
of life terminology and different multi-attribute instruments;
a full description of the search strategy can be found in the
supplementary file. Inclusion and exclusion criteria were
as follows:

Studies had to meet the following criteria to be included:

e Use of a DCE for preference elicitation; and
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e Use of an existing MAUI
Studies were excluded if:

e HRQoL was valued using only non-DCE techniques such
as TTO or SG;

e A DCE was used, but did not report the results of the
DCE design in their study; or

e Results were based on simulated data

More generally, methodological articles with no data, sys-
tematic reviews, working papers, protocols, editorials or let-
ters and abstracts were excluded from the identified articles.

Study selection and quality assessment

MB reviewed article titles and excluded those that clearly did
not match the inclusion criteria. MB reviewed the abstracts
that were remaining to assess if they met the inclusion/
exclusion criteria. After exclusion by title and abstract, MB
reviewed the full text of the remaining studies and decided
on the final included article. SK assessed all the articles at
the abstract stage to ensure consistent selection/rejection. If
there were any differences in agreement, adjudication was
undertaken by MD. Assessment of the quality of the articles
in this review has been done using the CREATE checklist
[28]. This checklist was designed to assess the quality of
valuation studies of multi-attribute utility-based instruments.
The CREATE checklist includes 21 items in seven catego-
ries: descriptive system; health states valued; sampling;
preference data collection; study sample; modelling; and
scoring algorithm. For this study, each item in the checklist
was scored either yes or no; however, some items were not
applicable in some studies, such as studies that compared
models but did not report the algorithms. For each study, the
percentage score of reported items was calculated (yes was
scored as 1 and no as 0).

Data extraction

Data were extracted from eligible articles using a predefined
data extraction sheet (supplementary file). This file included
the general information of the studies such as study coun-
try, study year; DCE design methods such as the number of
choice sets, number of DCE pairs, randomisation of ques-
tions, logical consistency tests and techniques for anchoring
utilities; it also consisted of questions regarding other pref-
erence eliciting methods also conducted, analysis software
and statistical models. These categories were chosen as they
have been used in previous reviews and have been included
in checklists to develop DCEs [29, 30].

Results
Selection process

After initial searches were completed, a total of 3162 stud-
ies were identified. After reading of titles and abstracts,
141 articles were identified as potentially meeting the
inclusion criteria. In the full article review stage, 38 arti-
cles were included in the final evidence synthesis (Fig. 1).

Study descriptive data

From the literature search, a total of 38 articles were used
in the systematic review (Fig. 1).

The EQ-5D, a generic MAUI, was the most com-
monly used instrument (n =24) for valuation of health
states through a DCE, of which 17 studies used the more
recent EQ-5D-5L, seven studies used the EQ-5D-3L and
one study used both [31]. Other generic MAUIs were the
SF-6D (n=2) and the CHU-9D (n=1). Condition-specific
MAUISs included cancer-specific instruments (the QLU-
C10D [23, 32-34], derived from the EORTC QLQ-C30,
(n=4), Asthma Quality of life (AQL-5D) [13] (n=1), an
influenza-related health-related quality of life measure
(n=1), the over active bladder questionnaire (OAB-5D)
[13, 17] (n=1), sexual quality of life (SQOL-3D) (n=1),
a Glaucoma utility index (n=1), a Diabetes Health Profile-
Five Dimension (n=1) and the ICE-CAP Supportive Care
Measure [35] (n=1) (Table 1).

The majority of studies recruited participants from
a single country: the UK (n=12), Australia (n=7), the
Netherlands (n=4), Germany (n=2), Spain (n=2),
the USA (n=2), Canada (n=1), Indonesia (n=1) and
Japan (n=1). Six studies were carried out in more than
one country: Xie et al. [36] included study participants
from UK, Canada, Spain, the Netherlands, China, Japan,
Korea and Thailand; two studies [33, 34] recruited par-
ticipants in France and Germany; Krabbe et al. studies
[7, 37] recruited participants in Canada, England, The
Netherlands and the USA, and Pullenayegum et al. [38]
recruited participants in Canada and the UK. Thirty-three
of the studies sampled from the general population, strati-
fied by age and gender (supplementary file Table A1.1).
Scalone et al. [39] sampled university students in Nether-
lands. Stolk et al. [16] elicited values from both a general
population sample and students. Ratcliffe et al. [40] used
adolescents as the study sample, as their questionnaire was
designed for young adults. Burr et al. [25], which used
a disease specific MAUI, used patients to elicit values.
Sample sizes ranged from 102 to 8222 respondents (Sup-
plementary file table A1.2).

@ Springer



M. Bahrampour et al.

Records excluded
(n=1998)

986
)
=
£ Records identified through database
é searching
E=) (n=3162)
=
D
=
—
)
Records after duplicates removed
(n =2779)
s
=
£
D
%)
o)
77
Records screened by title
(n=781)
—

Records excluded
(n =640)

n |

Full-text articles excluded, with

Fig. 1 PRISMA flow diagram summarizing the study selection process

Administration

Commercial providers administered the majority of the
questionnaires (Table A1.1). 30 studies used an online panel
to gather data, four studies used interviews and follow-up
postal questionnaires and two studies used computer-assisted
personal interviews (CAPI) and two studies did not mention
their data gathering method.

Modelling DCE data

A number of the included studies developed a task beyond a
simple comparison of two or more health states. For exam-
ple, nine studies added the “duration” of being in a given
health state to their DCE questionnaire (DCEtto); 12 studies

@ Springer

>
= Records screened by abstract reasons
= (n=141) > (n=103)
= No DCE conducted=22
No HRQoL measured=11
— Methodology papers, reviews or
wrong type studies (no utility
measure, DCE used for preference
. — priority) =70
T Full-text articles assessed for eligibility
E (n =38)
2]
=
o
—

included a separate TTO experiment of which one also
included a willingness to pay (WTP) task [41]; two articles
included a ranking task [17, 26], and two studies [16, 42]
included a visual analogue scale (VAS) task in addition to
a TTO and DCE. Two studies [37, 43] included a VAS and
seven studies also included a best—worst-scaling (BWS) task
in addition to a DCE, the BWS type has not been reported
(Supplementary file table A1.2). Seven studies used dead in
their survey as a third option in the choice set.

Attributes and levels
The number of possible health states covered by the instru-

ments ranged from 64 to 2 million. The number of choice
sets included in the studies ranged from 24 to 1620. The
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Table 1 Background

. . . Complete name N=38
information of the studies
MAUIs: Complete name
EQ-5D-5L
EQ-5D-3L European quality of life 5 dimensions 5 level 18
QLQ-C30 (QLU-C10D) European quality of life 5 dimensions 3 level 8
SF-6D Quality of life questionnaire 4
CHU-9D Short-form questionnaire-6 dimensions 2
AQL-5D Child health utility-9 Dimensions 1
OAB-5D+AQL-5D Asthma quality of life-5 Dimensions 1
SQOL-3D over active bladder quality of life-5 dimensions 1
ICECAP SCM Sexual quality of life 3 dimension 1
Diabetes health profile-Five dimension = ICEpop CAPability measure Supportive Care Measure 1
Influenza-related health-related quality ~ Diabetes health profile 1
Influenza-related health-related quality 1
Number of choices <8 8
08-Dec 15
13-16 12
16< 3

One extra MAUI as one study used both EQ-5D-3L and EQ-5D-5L

DCE choice tasks per respondent varied between 6 and 32
choices (Supplementary file table A1.1).

Design

The way that DCE designs were reported in the studies
varied; the reported methods were full factorial (n=1),
fractional factorial (n=23), efficient design (d-efficient and
two-way interaction; n=11), Bayesian methods (n=12),
d-optimal (n=35) and orthogonal methods (n=3). In these
studies, 14 studies reported using non-zero priors: 12 stud-
ies got the priors from previous studies that used the same
questionnaire, one study mentioned the use of a pilot study
to get priors and one study did not mention the method. Five
studies used zero priors. Some studies reported using design
generator software such as Ngene (n=6) or SAS® (n=7) to
design their DCE (Supplementary file table A1.1).

Table 2 Consistency methods

Statistical analyses and software

The majority of the studies (n=23) used conditional logistic
regression models. Two [16, 17] of these studies used rank-
ordered logit in addition to conditional logit. Two studies
used multinomial logit [35, 44]. Five articles used random-
effects probit models and two studies applied multinomial
probit. Multi-level mixed effects logit, latent class method,
generalized estimation equation (GEE) and conditional pro-
bit were each used in one study. One study mentioned a new
model, the Zermelo—Bradley—Terry (ZBT) Model [45], to
value health states.

Stata was the most commonly used software to analyse
the data (n=18). SAS, R, Matlab and WinBUGs were other
software used to analyse the DCE data (Supplementary file
table A1.1).

Number Method of consistency Theory stated behind method

of stud-

ies

9 Dominant choices Using dominant choices among choice sets where one health state is better than all other states or is
the worst state among all, or using duration as a dominant option, it means checking consistency with
respondents who always chose the health profiles with the longest duration

6 Best and worst health state Coefficients logically consistent if the worse health states has the least value and increases logically as
the health state gets better (best health state has greatest value) [44]

7 Question ordering Checking the answers to see whether the participant always selects the alternative that is on the left-hand

side or on the right-hand side
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Randomisation and consistency

Randomisation was usually done in a few ways; by randomly
allocating respondents to a block of choice tasks (n=19),
which was used in the majority of studies, or randomisation
was achieved based on the order of choice sets or the ques-
tion position among participants (n=13). In some studies,
respondents were randomly assigned to choice-sets (n=15)
(Supplementary file table A1.2).

Methods for assessing consistency included consist-
ency in respondents and consistency in coefficients:
one study reported that it had consistency in responses
[25] (Table 2) and five studies discussed consistency in
coefficients but did not mention which method was used to
check for this [26]. In 12 studies, the authors did not report
any consistency test.

Anchoring

All four methods for anchoring described by Rowen et al.
[13] were observed across the included studies as well as
three additional methods not described by Rowen. The first
method is to anchor using the dummy coefficient for dead,
an approach used in only one study in this review [16]. The
second method is to anchor the worst state using TTO, again
used in a single study [46]. The third method is to map the
DCE on to TTO, which was used in four papers [26, 47-49].
The last approach is a hybrid of methods one and two used
in two papers [42, 46]. Two studies [13, 50] reported all
anchoring methods in their study. The Bansback et al. study
[24] used the value of coefficients in the conditional logit
for anchoring when an attribute for duration is included
(DCEtto). The same method as Bansback’s study was used
in 13 of the included studies. Two articles just mentioned
anchoring between 0 and 1 for dead and full health, respec-
tively, and five studies anchored between — 1 and 1, best
and worst health state. One study [40] rescaled their utili-
ties using an algorithm developed based on SG method. Six
studies did not report any anchoring method (Supplementary
file table A1.2).

Quality assessment using the CREATE checklist

In general, the majority of the studies scored well against the
CREATE checklist [28] with an average score of 86.5 per
cent (ranging from 68.4 to 100 per cent). The item “sample
size/power calculations are stated and rationalized” was the
least observed item in the studies. The average score for
subgroup health states values was the highest (average of
99 percent).
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Discussion

A systematic review by de-Bekker Grob et al. [30] showed
that there were only two published studies that had used a
DCE to value utility within the QALY framework between
2000 and 2010, and the review by Clark et al. [20] showed
that between 2009 and 2012, four studies had used DCEs to
value utility within the QALY framework. In recent years,
the use of DCE:s to estimate utility values has increased. This
review addressed the methods when designing and analysing
DCEs to value health states and outlined a variety of meth-
ods when developing a DCE for MAUIs. There is no appar-
ent standardised method for design or analysis; however,
there were similarities in the studies reviewed. For instance,
the majority of studies used an online panel and a sample of
general population. There are divergent opinions on whose
preference should be considered in valuation studies. On the
one hand, some researchers believe that the general popula-
tion should be the respondents as they are representative of
the insured population (either via social or private insurance
schemes) and, therefore, collectively they should dictate
values. On the other hand, some researchers suggest that a
person that has the disease can better value the health state
and their opinion is more realistic [5S1]. Maybe that it is not
one or the other; rather, both are relevant but should be used
for different purposes. This debate is ongoing for valuation
studies of condition specific MAUTIs.

Variation in methodology and design might be consid-
ered useful by some researchers. It might promote learning
about the impact of methodological choices and help guide
decisions about future protocols or elements of new method-
ology that may be applicable to a wide range of DCE stud-
ies. However, while the variation in methods remains, it is
important for decision makers to understand the features and
limitations of utility value sets in order to rely on these for
decision making. Researchers need to continue to strive for
value sets that are valid and reflect true preferences whilst
continuing to educate and be guided by decision makers and
the public.

Design

Deciding which experimental design to use is an important
step and has a key role when performing a DCE. Design
defines the coefficients that can be estimated in analysis and
can ensure the estimate is as precise as possible for a given
sample size. As identified in our review a range of methods
have been used by studies in this area. Classical designs
such as factorials use orthogonal designs, which apply
orthogonal arrays employing different sources, in which the
attributes are statistically independent and attribute levels
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occur equally [52]. Using a full factorial design requires
presentation of all combination of attributes; the Prosser
et al. [41] study used a full factorial design but excluded
the dominated choices in the design. The authors state that
decreasing the number of health states makes the design less
efficient. Usually, there are numerous combinations, making
presentation of all potential choices unfeasible; therefore, a
fractional factorial design is generally more pragmatic to
elicit respondent preferences.

In practice, designs which are near-orthogonal are usually
also applicable, as the orthogonal designs usually exist for
particular combinations. A near-orthogonal design, such as
D-efficiency, is often used to measure the relative goodness
of a fractional factorial design [53]. Results of this review
illustrate the trend towards using D-efficient designs in this
area, which reflects a general trend observed in previous
DCE methodology reviews [20, 30]. The use of Bayesian
efficient designs has also been increasing [47, 50]; this might
be due to the use of more random priors parameters instead
of fixed priors parameters in the designs to obtain more sta-
ble designs. And in the Bayesian efficient designs the priors
are considered to be random parameters [54, 55].

In order to design the DCE the researchers can decide
whether to include zero priors or non-zero prior informa-
tion (expected values); there is controversy over using pri-
ors in the design. Additional work should be undertaken to
understand the changes in the model when zero or non-zero
prior information is included, which may then help to inform
future studies.

Presenting the DCE choice set and training the partici-
pants about choosing health states is usually done by a brief
introduction about the DCE at the beginning of the DCEs.
Adding a question to the checklist about the method of the
presentation of the task within the DCE studies might be
beneficial; this can be an area for future work in DCE of
MAUL

Consistency

When designing the DCE, researchers need to consider
strategies to identify and prevent high choice inconsistency.
Regardless of how choices are presented to respondents,
there should be logical consistency across questions. Logi-
cal consistency has a key role and is the main principle of
choice theory in modern economics. Consistency describes
logical ordering of health states in the method [56, 57], and
it can be checked by the way the choices are presented to the
respondents, for instance, changing the position of the alter-
natives or order of choice sets [22, 33] or checking if there
are respondents who continuously chose the health profiles
with the longest duration when duration is involved [58].
However, it is difficult to claim that for a participant who
always chooses the health state with the longest duration,

this might not actually be their ‘true’ preference. Estimated
weights should increase when moving form worst health to
best health state which can be easily assessed. “True’ prefer-
ence means that there is no bias in choosing the health state
and it is the participants’ actual preferred health state.

One of the main reasons for individual’s responses to
get deleted from DCE data sets is that the respondents
are identified as having lexicographic preferences, mean-
ing that the individual makes decisions by ranking attrib-
utes and consistently choosing the attributes in the order
of their highest priorities; for example, the participant
always chooses the option with the highest level of dura-
tion [59]. However, based on the aim of DCE it may not
be preferable for researchers to delete these respondents
[60]. For instance, some studies [39, 59] accomplished
the analysis with the complete sample stating that deleting
the individuals with dominant preferences will not change
the estimated parameters, while the Bansback et al. [24]
study deleted observations with lexicographic preferences,
explaining that those individuals failed to understand the
task. Although future studies could present the results
with and without excluding participants and provide jus-
tification for selection of an approach, it remains unclear
as to which set of results is more indicative of the true
underlying preferences based solely on the data collected
from the choice set. A valuable avenue for future research
may be exploring the best method to check choice stability
and consistency in choice studies and the extent to which
apparently unstable or inconsistent choices can be identi-
fied and subsequently handled within the analysis.

Choice tasks

The de-Bekker Grob’s [30] study discussed that the mean
number of choices across all health-based DCES is 14,
while Bridges et al. [29] suggest that between 8 to 16
choices is a reasonable number in practice. Two studies
stated that models using 10 choice pairs are more consist-
ent than 15 pairs [48, 59]. We found that the majority of
the studies had between 8 to 12 choice tasks although the
maximum number of choice sets was 32.

Having a large or a small number of choice sets has its
own advantages and disadvantages. The advantage of hav-
ing many choices is that it facilitates estimation of mixed
logit models; however, if the number of choices is high,
the participants might become fatigued and may not give
complete attention to the questions and thereby decrease
the completion rate [32]. For instance, the Burr et al. [25]
study used 32 choices that caused the respondents to take a
median of 75 min to answer the DCE questionnaire, and as
a result they could not include the individuals with severe
case of the disease. Similarly, where the number of choices
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is high, participants may revert to heuristic choices, such
as lexicographic preferences. In addition, including a low
number may result in a lack of information needed for reli-
able analysis while higher tasks per person could provide
one avenue to estimating individual preference algorithms.

Anchoring

Health state values can be anchored on a 0-1 scale where
one presents the best health and zero represents dead [61];
however, using different descriptive systems, health states
worse than dead are possible, which have a negative utility
assigned to them [62]. Studies [26, 40] that anchored health
states using the best and the worst health states, where health
states are scaled from —1 to+ 1, need to re-anchor the health
states to estimate QALY's. Depending on the design of each
study the anchoring might be different, yet the utilities need
to be in the interval of zero (dead) to one (full health) scale
if the results want to be incorporated into QALY calcula-
tions [63].

In DCEs, different models of anchoring health states to
provide utility values have been applied. Usually in DCE
studies the health states are not compared to death directly
and setting dead as zero is a less-direct approach compared
to TTO and SG methods. The anchoring for DCE is done
mostly by using a combination of DCE and a different but
related preference-based method such as TTO, or includ-
ing duration as an option in the design; however, if a DCE
is being applied to overcome the limitations of other pref-
erence-based methods, using this method alone to anchor
utility values is its own analytical challenges [64].

Based on the studies, we assume that anchoring the DCEs
with duration (DCEtto) may be less complicated compared
to other methods; however, there is still a debate regarding
how to best present the duration attribute in DCE studies in
the DCEtto approach [44]. Further research is required to
understand how duration may affect the selection of an item
without leading to any bias and more broadly, to determine
the most appropriate way to anchor DCE data.

Analysis

The use of probit analyses has decreased from 1990 to 2012
[20] while the use of logit analyses has risen in these years.
The results of our study agree with this finding; recent
papers mostly used logit analyses rather than probit analy-
ses. There was no unique method and approach in all studies.
However, most of the studies used conditional logit as their
analysis method. The study by Hauber et al. [65] provides a
useful guide to explain the statistical methods to derive pref-
erence weights from DCEs and choosing the best analysis
method based on the aim and the data of their study.
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Conclusions

Reflective of the results of this review, there is no gold
standard DCE method. Given that there are different meth-
ods used to measure health-state values, future studies are
required to compare various methods in order to indicate
the best method based on the aspects of the value set. As
the theoretical literature on DCEs evolves, so too will
the methods applied to analyse DCE data. It is evident,
however, that DCEs will continue as an approach to elicit
preferences for valuing health states.
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