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Abstract

Background and Objectives Case 2 best-worst scaling (BWS-2) is an increasingly popular method to elicit patient prefer-
ences. Because BWS-2 potentially has a lower cognitive burden compared with discrete choice experiments, the aim of this
study was to compare treatment preference weights and relative importance scores.

Methods Patients with neuromuscular diseases completed an online survey at two different moments in time, completing
one method per occasion. Patients were randomly assigned to either first a discrete choice experiment or BWS-2. Attributes
included: muscle strength, energy endurance, balance, cognition, chance of blurry vision, and chance of liver damage. Multi-
nomial logit was used to calculate overall relative importance scores and latent class logit was used to estimate heterogeneous
preference weights and to calculate the relative importance scores of the attributes for each latent class.

Results A total of 140 patients were included for analyses. Overall relative importance scores showed differences in attribute
importance rankings between a discrete choice experiment and BWS-2. Latent class analyses indicated three latent classes
for both methods, with a specific class in both the discrete choice experiment and BWS-2 in which (avoiding) liver damage
was the most important attribute. Ex-post analyses showed that classes differed in sex, age, level of education, and disease
status. The discrete choice experiment was easier to understand compared with BWS-2.

Conclusions This study showed that using a discrete choice experiment and BWS-2 leads to different outcomes, both in
preference weights as well as in relative importance scores, which might have been caused by the different framing of risks
in BWS-2. However, a latent class analysis revealed similar latent classes between methods. Careful consideration about
method selection is required, while keeping the specific decision context in mind and pilot testing the methods.

Key Points for Decision Makers 1 Introduction

Comparing case 2 best-worst scaling and discrete choice There is an emerging consensus that patient preferences
experiment outcomes within patients with neuromuscu- should be incorporated within decisions in the medical prod-
lar diseases showed differences in relative importance uct lifecycle [1-4]. These preferences have become more
scores but also comparable preference classes between important over time for the companies that develop new
the two methods. medical products and for the authorities that assess, regulate,

and decide which products are effective, safe, well tolerated,
and cost effective [5]. Yet, there are still outstanding ques-
tions related to which preference methods are best suited for
each decision context and there are many different methods
that can be used to gain insights into preferences. Studies
by for example the Medical Device Innovation Consortium
[6] and Soekhai et al. [7] provide an overview of several
stated preference methods to elicit these preferences within
the medical product life-cycle context.

Careful consideration when selecting either a discrete
choice experiment or case 2 best-worst scaling to elicit
patient preferences is necessary as these preferences may
differ and the method should match the decision context.
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One of the stated preference methods that has become
increasingly popular to elicit patient preferences is best-
worst scaling (BWS) [8, 9]. Best-worst scaling was intro-
duced to obtain more preference information than a dis-
crete choice experiment (DCE) by asking individuals not
only to select their best but also their worst option, without
a large increase in the cognitive burden of the elicitation
task [8]. The literature distinguishes between three types
of BWS: object case (case 1 BWS) where attributes (char-
acteristics) are selected as best and worst, profile case
(case 2 BWS) where attribute levels (values of charac-
teristics) are selected as best and worst, and multi-profile
case (case 3 BWS) where profiles are selected as best and
worst [10]. For more details regarding BWS, see Louviere
et al. [10] Case 2 BWS (hereafter: BWS-2) has received
much attention in the preference literature, as this method
is able to uncover attribute level importance, might reduce
cognitive burden of the elicitation task by focusing on one
profile at a time, and is relatively easy to design [11, 12].

Although BWS-2 is being used more frequently in
health preference research, it cannot yet match the years
of experience and the resulting body of work of DCEs in
health preference research [13, 14]. In DCEs, respondents
are presented with multiple-choice tasks including two or
more hypothetical alternatives. These alternatives consist
of a fixed set of attributes with varying attribute levels
between the alternatives and choice tasks. Respondents
are then asked to select their preferred alternative in each
choice task. For more information about DCEs, see Hen-
sher et al. [15] and Train [16].

There are few studies investigating differences between
DCE and BWS-2 preference study outcomes. Studies from
van Dijk et al. (hip replacement surgery) [11], Potoglou
et al. (social care preferences) [17], and Severin et al.
(priority setting for genetic testing) [18] are examples in
which DCE and BWS-2 preferences have been compared.
The aim of this study is to compare preference weights
and relative importance scores obtained from both meth-
ods. In this study, we focused on treatment preferences
for patients with neuromuscular diseases (NMD), which
are rare diseases and often affect the central nervous sys-
tem leading to impaired or reduced cognitive functioning
[19-22]. General cognitive deficits have been described in
over 60-70% of patients and the prevalence and severity
depend on the age at onset of the disease. With an earlier
onset of disease, the cognitive limitations are generally
more severe than observed for adult phenotypes, which
are classified as those with symptoms first diagnosed > 20
years of age [23]. Comparing DCE and BWS outcomes in
this study context is of interest, as DCEs generally require
larger sample sizes, which is challenging for rare disease
applications, and patients with NMD may have reduced
cognitive functioning and the perception is that BWS-2
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presents a lower cognitive burden for patients [24]. The
latter is related to the fact that previous research showed
that BWS-2 requires that all attributes are framed either
positively or negatively (i.e., mixing benefits and risks
leads to identifcation problems) [25], while in DCEs com-
bining positive and negative attributes within one choice
task is possible, making it cognitively more demanding.
One of the aims of our study was to compare a DCE to a
BWS case that is able to uncover attribute level importance
(as the aim was to compare with DCE results), while at
the same time reducing cognitive burden by focusing on
one profile at a time (as lowering the cognitive burden for
patients with NMD is important) and is relatively easy to
design because no specific software is needed (important
in clinical settings when eliciting preferences).

2 Methods
2.1 Study Population

A sample of adult patients with NMD was selected between
May and December 2020. Respondents were mostly
recruited through patient organizations and patient registries
in the UK, USA, Canada, Australia, and New Zealand via
e-mail, advertisements, and newsletters. Informed consent
was obtained before the start of the survey. Respondents
were included if they were 18 years of age or older, were
self-reported as diagnosed with NMD with late onset (estab-
lished diagnosis or first reported symptoms on or after 20
years of age), and had an active e-mail account to register.
Respondents were excluded if they were unable to provide
informed consent, complete the online survey, or with a
reported history of encephalopathy or dementia (as these
may have an impact on cognitive skills and ability to com-
plete the survey). This study was approved by the Newcastle
University Ethics Committee (Reference: 8840/2018).

2.2 Attributes and Attribute Levels

Potentially relevant attributes and attribute levels for a hypo-
thetical medicinal treatment for patients with NMD were
selected using a qualitative study for both DCE and BWS-2.
The qualitative study included 52 participants who com-
pleted in-person semi-structured interviews or participated
in focus group discussions. When designing the survey
instruments, additional evidence such as a literature review
and experience-based opinions from the key members of
the team (patients, clinical experts, and methodological
experts) were also considered. More details regarding these
qualitative findings were reported elsewhere [26, 27]. These
findings showed that 11 attributes were eventually narrowed
down to six final attributes that were included in the DCE
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Table 1 Attributes and levels
for eliciting preferences with

Attributes

Levels

discrete choice experiment
and case 2 best-worst scaling
(including priors for discrete
choice experiment design)

Muscle strength

Energy endurance

Balance

Cognition

Chance of (temporary) blurry vision

Chance of (permanent) liver damage

Stays the same [refer-

Improved by half

Cured [0.15, 0.25]*

ence category] [0.05,0.15]* [0.95, 0.49]°

[0.89, 0.45]°

Stays the same Improved by half Cured

[reference category] [0.05, 0.15]* [0.15,0.25]*
[0.60, 0.301° [0.70, 0.361°

Stays the same Improved by half Cured

[reference category] [0.05,0.15]* [0.15, 0.25]*
[0.42,0.21° [1.05, 0.541°

Stays the same Improved by half Cured

[reference category] [0.05,0.1571* [0.15, 0.25]*
[0.05,0.61]° [0.15,0.71]°

1% 15% 30%

[reference category] [-0.15, —0.05]* [-0.25, —0.15]*
[-0.59, —0.05]° [—0.85, —0.151°

1% 15% 30%

[reference category] [-0.15, —0.05]* [-0.25, —=0.15]*
[-0.65,0.33]° [-1.86,0.95]°

#Uniformly distributed pilot prior: minimum, maximum

®Normally distributed post-pilot updated prior: mean, standard deviation

“Uniformly distributed post-pilot updated prior: minimum, maximum

and BWS-2 as minimizing the cognitive burden was key:
muscle strength, energy endurance, balance, cognition,
chance of (temporary) blurry vision, and chance of (per-
manent) liver damage. Table 1 presents the attributes and
attribute levels for DCE and BWS-2.

2.3 Design of DCE Choice Tasks

A Bayesian D-efficient design was generated for the DCE,
in which the D-efficiency was maximized using Ngene soft-
ware (Ngene, version 1.2.1) [28]. Pilot data from the first
51 respondents were used to update priors and their specific
distribution' (see Table 1) as well as for further optimization
of the design [28, 29]. The final DCE design used for the
survey included 24 unique choice tasks, which were blocked
into two blocks with 12 choice tasks each to reduce cognitive
burden for respondents. The alternatives in each choice task
were unlabeled and the attribute order was kept constant
across all tasks [30].

' A MNL model using the DCE data was estimated in order to
update our priors to generate a more efficient design. We used a
dummy specification and our analysis showed that for the attributes
muscle strength, energy endurance, balance, and liver damage, attrib-
ute levels had the expected size, sign, and were statistically signifi-
cant. For these attributes, we generated a new experimental design
with a normal distribution with the estimation coefficient as mean and
standard deviation = estimated coefficient/1.96 to account for prefer-
ence heterogeneity. For the attributes cognition and blurry vision, the
estimates were not as expected and we therefore decided to use the
original experimental design choices for these two attributes.

After we collected data for 51 patients, we estimated a
multinomial logit (MNL) model using the DCE data in order
to update our priors to generate a more efficient design. We
used a dummy specification and our analysis showed that for
the attributes muscle strength, energy endurance, balance,
and liver damage, attribute levels had the expected size, sign,
and were statistically significant. For these attributes, we
generated a new experimental design with a normal distri-
bution with the estimation coefficient as mean and standard
deviation = estimated coefficient/1.96 to account for prefer-
ence heterogeneity. For the attributes cognition and blurry
vision, the estimates were not as expected and we therefore
decided to use the original experimental design choices for
these two attributes.

2.4 Design of BWS Choice Tasks

For designing the BWS-2 choice tasks, an orthogonal main
effect plan experimental design was used. An orthogonal
main effect plan enables the independent estimation of
preference weights for each attribute level [10]. Based on
the number of attributes and levels, the orthogonal main
effect plan indicated 18 choice tasks to be included in the
experiment [31]. As the combination of negative and posi-
tive attributes in BWS-2 choice tasks can lead to identifi-
cation problems, negative attributes (i.e., chance of blurry
vision and chance of liver damage) were framed positively
[25]. This means that for these attributes, attribute levels in
Table 1 for BWS-2 included a 70%, 85%, and 99% chance
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of not experiencing blurry vision or liver damage. Attribute
order was kept constant across all tasks.

2.5 Survey Design

The survey consisted of several sections. At T = 1 (first meas-
urement with first part of the survey), this included (1) back-
ground questions such as demographics (age, sex, school or
work situation, country of origin), recruitment platform, clinical
characteristics (diagnosis and age of diagnosis), disease status,
and a list of 18 activities along with questions about whether
these were possible for the patient; (2) a short video introduc-
ing the preference task with an explanation of all attributes and
attribute levels, (3) either BWS-2 (18 choice tasks) or a DCE
(12 choice tasks) [randomly allocated], and (4) evaluation ques-
tions about the ease of understanding and answering, and the
usefulness of the video instructions. At T = 2 (second measure-
ment with second part of the survey), a short video introduced
the other preference method and follow-up questions were also
included [26]. To minimize the cognitive burden, the first set
of choice tasks (either a DCE or BWS-2) and the second set of
choice tasks were administered at different timepoints, with a
2-week period in between. In BWS-2, respondents had to select
their best and worst attribute level, while in the DCE, respond-
ents were asked about their preferences by choosing between
two alternatives. The survey was designed using Lighthouse
Studio (Sawtooth Software, version 9.8.1X). Examples of DCE
and BWS-2 choice tasks are shown in Figure 1.

2.6 Statistical Analysis

Statistical analyses were performed using data from
respondents who completed both BWS-2 and DCE tasks
(including respondents from pilot). Following guidance
from the literature, as well as our interest in investigating
preference heterogeneity, identifying different respondent
groups, and model fit, a latent class (LC) model was esti-
mated to analyze choice data for both DCE and BWS-2
[10, 15]. While the standard multinomial logit (MNL)
model, used as a starting point within this study, assumes
that all respondents have identical preferences, the LC
model deals with preference heterogeneity by assuming,
based on the choices respondents made, that there are a
fixed number of different groups of respondents (i.e., LCs)
[16]. Within each group in a traditional LC model, each
individual has identical preferences.

With the LC model, the utility (U) of an alternative for
each LC in both the DCE and BWS-2 can be modeled as
a linear function of the specific attributes and levels, with

BrjXij + € (1)
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where there are A attributes with attribute & having J,, attrib-
ute levels, with Xk,/’ equal to one if the attribute level j of
an attribute k is available in the presented profile, f; ; are
the utility parameters for the jth levels of attribute k, and ¢
is the random error term representing the unexplained part
of utility. The LC model was programmed using R version
4.0.0 (Apollo package, version 0.0.1) to estimate the utili-
ties for both the DCE and BWS-2 data, as well as for the
ex-post descriptive analyses to characterize the LCs [32,
33]. For the DCE and BWS-2, “muscle strength stays the
same” was included as the reference level (fixed at zero).
The DCE also required a reference level within each specific
attribute. To create a clear interpretation of attribute levels
(for the attributes, muscle strength, energy endurance, bal-
ance, and cognition), the least attractive attribute levels were
used as the reference level. For the other attributes, the most
attractive attribute levels were selected as the reference level.
This means that for muscle strength, energy endurance, bal-
ance, and cognition, preference weights increase when the
attribute level value increases, while for the chance of blurry
vision and the chance of liver damage the preference weights
decrease with increasing attribute levels. To facilitate the
comparison between the DCE and BWS-2, the utility levels
relative to the corresponding attribute reference level were
also estimated for BWS-2. Relative importance scores (RIS)
of attributes were calculated (based on an MNL estimation)
by looking at the maximum utility differences between the
best and worst attribute levels within each specific attribute
and comparing those between the DCE and BWS-2, while
outcomes from the evaluation questions for both methods
were also analyzed.

3 Results

A total of 140 patients completed both the DCE and BWS-2
part of the survey. Responding patients were mostly female
(65%) and the median age was 54 years (with a range of
23-76 years). The majority of patients completed a higher
(45%) or vocational (34%) education. Most patients reported
that they were able to walk without an assistive device
(36%), followed by 26% of the patients reporting able to
walk but relying on an assistive device. A relatively large
group of patients (23%) also reported able to walk and run
without an assistive device (Table 2).

Figure 2 shows the overall (based on MNL) RIS cal-
culations for both DCE and BWS-2. For DCE, (avoid-
ing) liver damage had the highest relative importance,
followed by muscle strength, energy endurance, balance,
cognition, and (avoiding) blurry vision. For BWS-2, a
different pattern was observed. Muscle strength had the
highest RIS value, followed by energy endurance, balance,
liver damage, cognition, and blurry vision. Preferences
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Figure 1 Example of case 2
best-worst scaling and discrete
choice experiment choice tasks

Which treatment do you prefer?

Consider the following treatments with their specific characteristics below:

muscle  Will stay the same Will be improved by half
strength
energy  Will be cured Will be cured
endurance
balance  Will stay the same Will be improved by half
cognition  Will be improved by hatf Will stay the same
blurry vision ¥ 8
i
Rt i
'!n—u’l-—wnh\nw 'u;-utu-—wnunw
0 progie el Aot got lempony By vison 5 pocom @i rot gt Wemoorary BTy eson

At this time in your life and given the specific treatment characteristics listed below,

ot

' 1 e wh (o g Mo S

99 5000k wh 5t 301 pemarent b Gamage

Which treatment would you
prefer?

I
R

5 g0cchs et g parmanent vex damage

Which treatment would you
prefer?

which characteristic do you consider the best option and which the worst option of the

treatment?
Best Worst
O My muscle strength will stay the same ()

My energy and endurance will stay the same

My balance will stay the same

My cognition will stay the same

70% chance of not experiencing temporary blurry vision

OO0 |[O|O

70% chance of not experiencing permanent liver damage

O od O [N O
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Table 2 Sample characteristics

Characteristic DCE and BWS-2
Respondents 140
Sex
Female 91 (65%)
Age (years)
Median (range) 54 (23-76)
Highest level of education
No formal schooling 1 (1%)
Elementary 5 (4%)
Secondary 21 (15%)
Vocational 48 (34%)
Higher 63 (45%)
No answer 2 (1%)
Disease status
Walk and run without assistive device 32 (23%)
Walk without assistive device 50 (36%)
Walk but rely on assistive device 36 (26%)
Walk but using wheelchair part-time 19 (14%)
Fully rely on wheelchair 3 (1%)

BWS-2 case 2 best-worst scaling, DCE discrete choice experiment

for improving the typical impairments of NMD were
similar across methods, with generally a high preference
to improve muscle strength, energy, and (to a somewhat
lesser extent) balance. Accounting for preference hetero-
geneity with LC, Figure 3a, b illustrate the relative impor-
tance of each attribute for each LC. Given the sample size,
statistical measures of fit and aiming for a meaningful
interpretation of the LCs, a three-class model was superior
for both the DCE and BWS-2. The DCE LCs in Figure 3a
reveal a group of patients in whom avoiding liver damage
is by far the most important attribute, while there are also
patient groups where improvement of balance and energy
endurance are most important. For BWS-2, there is a
patient group in which muscle strength is most important,
while there is—similar to DCE—a patient group in which
liver damage is considered the most important attribute
(Figure 3b).

Table 3 presents the estimated LC preference weights
for both preference methods. Focusing on the magnitude
of these weights, for DCE overall, the more attractive lev-
els were preferred above the less attractive levels with most
attribute levels being statistically significant. This is how-
ever not the case in DCE class 2, in which most attribute
levels are not statistically significant and where the utility
of a 15% chance of liver damage was larger than the utility
of a 1% chance of liver damage. The largest patient class
(47%) was the class of patients in which liver damage was
the most important attribute (class 3). For BWS-2, Table 3
shows that most attribute levels were statistically significant.
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Additionally, all the more attractive attribute levels were pre-
ferred above the less attractive attribute levels. The largest
classes of patients were the classes in which energy endur-
ance (42%, class 1) and liver damage (41%, class 3) were the
most important attributes.

To characterize patients in the three different DCE and
BWS-2 LCs, ex-post analyses were conducted (Table 4) by
making use of the sample characteristics in Table 2 because
extending our LC model with a class membership model
failed to converge owing to the relatively small sample.
These results show that DCE LCs differed in terms of the
level of highest education, sex, and age: DCE LC 2 included
the highest percentage of female patients (72%), who were
the youngest (median age 47 years) and who had the high-
est level of education (96% completed vocational or higher
education). For BWS-2, LC 2 was also different compared
with other classes: this class included the highest percent-
age of female patients (74%), who were the oldest (median
age 58 years) and who were relatively less impaired by their
disease (74% indicated that they were able to walk). The
ex-post analyses in Table 4 also highlighted that there was
a high level of concordance between patients in a specific
DCE class and patients in the same BWS-2 class. More spe-
cifically, patients in the DCE class in which balance was the
most important attribute (class 1) and in which liver damage
was the most important attribute (class 3), had the highest
probability to also be in BWS-2 LC 1 (energy endurance
most important) and LC 3 (liver damage most important),
respectively. This was however not the case for LC 2.

Table 5 presents the results from the evaluation questions
regarding DCE and BWS-2. The results show that there are
no statistically significant differences between methods for
evaluation questions about help with the survey, difficulty of
answering questions, and if the descriptions were sufficient.
However, statistically significant (chi-squared test, p-value
0.04 < 0.05) differences were found between the DCE and
BWS-2 about the difficulty of understanding the questions.
The percentage of patients who found DCE choice tasks eas-
ier to understand (74%) was greater than the percentage of
patients who found BWS-2 choice tasks easier to understand
(62%). In order to gain knowledge specifically of the under-
standing of DCE and BWS-2 questions by patients, we also
performed an individual patient-level analysis. This meant
data were analyzed from the same patients that both saw DCE
and BWS-2 (or the other way around) and completed both
sets of evaluation questions about understanding the questions
(see Table 6). Table 6 shows that overall patients who com-
pleted either DCE first (44% + 50% = 94%) or BWS-2 first
(26% + 47% = 73%) both evaluated DCE more often as being
very easy or easy, compared to BWS-2 (31% + 31% = 62%
when DCE was the first method and 16% + 47% = 63% when
BWS-2 was the first method).
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N

Relative importance

Figure 2 Opverall relative importance score of attributes for discrete choice experiment (DCE) and case 2 best-worst scaling (BWS-2)

4 Discussion

In this study, preference weights and other outcomes (e.g.,
RIS) between DCE and BWS-2 were compared within
patients with NMD. We conclude that the two methods lead
to different preference weights as well as RIS values. How-
ever, accounting for preference heterogeneity, LC outcomes
showed that patient classes look more similar, with a clear
class of patients who both in DCE and BWS-2 indicated
that liver damage was the most important attribute (class
3). For both preference methods, this class was among the
largest class of patients. Additionally, patients that identified
liver damage as most important (class 3) in DCEs also had
the highest probability to be in the same class in BWS-2.

The ex-post analyses also showed that for both preference
methods class 2 differed (which might be related to the small
class size) in terms of descriptives (i.e., sex, age, education,
disease status) compared with class 1 and class 3. Contrary
to initial expectations, the proportion of patients who found
DCE easier to understand was greater than the proportion of
people who found BWS-2 easier to understand.

One of our main findings of this study was that both
DCE and BWS-2 led to different outcomes. There are sev-
eral stated preference studies comparing outcomes between
these two methods. Studies by Van Dijk et al. [11], Potoglou
et al. [17], and Severin et al. [18] showed similar outcomes
between DCE and BWS-2. Differences between these stud-
ies and our study might first be related to differences in the
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Figure 3 Relative importance of a
attributes for the discrete choice

experiment (a) and case 2 best-

worst scaling (b)
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BWS-2

DCE

Table 3 (continued)

n =140
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Class 3

Class 2
pest.

Class 1
pest.

Class 3

Class 2
P est.

Class 1
P est.

Rob. Se

p est.

P est. Rob. Se Rob. Se Rob. Se

Rob. Se

Rob. Se

— 5788.99

— 876.46

log likelihood

p est. P estimate, BWS-2 case 2 best-worst scaling, DCE discrete choice experiment, REF reference, Rob. Se Robust standard error, *significant at 10%, **significant at 5%

4 estimate attribute levels estimated as an additional utility or disutility compared to the reference level

bdelta_class

parameters indicate the likelihood of being in a specific class compared to the reference class

= 1 showed no statistically significant outcomes)

a_worst

parameter allows for scale differences between best and worst choices (hypothesis testing bet

‘beta_worst

health decision context. Working with different types of
respondents and dealing with different types of decisions
(e.g., treatment choice, priority setting) might lead to differ-
ent behavior, different choices, and therefore different out-
comes. Second, in our study, we explicitly framed negative
attributes (i.e., blurry vision and liver damage) positively
in BWS-2 choice tasks in order to avoid comparisons of
positive and negative attributes with a BWS-2 choice task as
this could lead to identification problems [25]. This was not
the case in the previous studies. Additionally, there might
also have been a framing effect in our study with regard to
the attribute liver damage, as the word “permanent” was
included in the choice task, which might be a reason why
this attribute was being considered important in both DCE
and BWS-2. For the other negative attribute in the DCE, risk
of blurry vision, it was stated that problems would disappear
once (hypothetical) medication was stopped. Indeed, this
temporary negative side effect appeared to be far less impor-
tant in patient decision making. However, although our study
differs from some of the prior research studies comparing
the two methods, our study outcomes are in line with a study
by Whitty et al. [34] in which the authors also reported dif-
ferences in relative preference weigths and preference order-
ings between DCE and BWS-2 in a priority setting context.

In our study, the same patient sample (n = 140) com-
pleted both 12 DCE and 18 BWS-2 choice tasks. Prefer-
ence weights from LCs in Table 3 showed that especially
in DCE LC 2, most attribute levels were not statistically
significant (i.e., smaller t-values) compared with BWS-2.
Furthermore, attribute levels in the DCE overall had smaller
t-values compared with BWS-2. This can be an indication
that given the same (small) sample size, BWS-2 might be the
preferred method of choice when statistical power is impor-
tant for decision making. It should be noted here that this
can however only be conclued by assuming that the cogni-
tive burden of the 12 DCE and 18 BWS-2 choice tasks are
comparable. Our results also suggest a smaller utility scale
for DCE, which suggests the need for larger sample sizes in
a DCE compared with BWS-2, as also mentioned in previ-
ous work [24].

The BWS-2 literature states that one of the reasons
BWS-2 could be an interesting preference method com-
pared to a DCE is because of its lower cognitive burden
[11, 12]. However, this study indicated that the proportion of
patients who found the DCE easier to understand was greater
than the proportion of patients who found BWS-2 easier
to understand. It should be noted here that the number of
choice tasks between DCE (12) and BWS-2 (18) was differ-
ent and the lead-ins for DCE and BWS-2 tasks also differed
because the pilot study showed that patients needed more
guidance regarding the BWS-2 tasks, which may both have
influenced the evaluation of the methods by patients. The
findings in this study follow the trend as described in a study
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Table 4 Ex-post analyses of latent class analysis of DCE and BWS-2

Characteristic DCE BWS-2 DCE and BWS-2
Class 1 Class 2 Class 3 Class 1 Class 2 Class 3 Overall sample
Class share 35% 18% 47% 42% 17% 41% -
Sex
Female 65% 72% 63% 60% 74% 67% 65%
Age (years)
Median (range) 54 (32-71) 47 (23-73) 55@31-76) 54 (23-76) 58(32-72) 53 (31-73) 54 (23-76)
Highest level of education
No formal schooling 2% 0% 0% 0% 4% 0% 1%
Elementary 2% 0% 6% 3% 4% 3% 4%
Secondary 15% 4% 19% 21% 22% 7% 15%
Vocational 33% 40% 33% 29% 48% 34% 34%
Higher 44% 56% 42% 47% 22% 54% 45%
No answer 4% 0% 0% 0% 0% 2% 1%
Disease status
Walk and run without assistive device 15% 24% 28% 19% 17% 30% 23%
Walk without assistive device 38% 40% 34% 32% 57% 31% 36%
Walk but rely on assistive device 33% 24% 21% 34% 9% 24% 26%
Walk but using wheelchair part-time 10% 12% 16% 12% 17% 14% 14%
Fully rely on wheelchair 4% 0% 1% 3% 0% 1% 1%
Crosstab BWS-2 BWS-2 BWS-2
Class 1 (%) Class2 (%) Class3 (%)
DCE class 1 42 21 38 - - - -
DCE class 2 56 20 24 - - - -
DCE class 3 37 12 51 - - - -

BWS-2 case 2 best-worst scaling, DCE discrete choice experiment

by Himmler et al. [35] in which the authors found that DCE
choice tasks were less cognitively burdensome than BWS-2
choice tasks. Whitty et al. [12] also reported that in their
study the majority of respondents found it more difficult to
complete BWS-2 compared with a DCE and most respond-
ents preferred a DCE over BWS-2. The individual-level
analysis also indicated that a DCE was more often evaluated
as very easy or easy compared with BWS-2. However, these
results should be interpreted with caution, as the sample (n =
35) of patients used for this analysis was very small. There-
fore, the signal will expectedly contain quite some noise
because of the low number of observations.

A strength of this study is that it is the first study focus-
ing on differences in outcomes between DCE and BWS-2
with regard to a sample possibly hampered by cognitive
limitations. As mentioned in the introduction, several
studies have focussed on differences between DCE and
BWS-2 outcomes. However, to our knowledge, there are
no such studies conducted within the context of a sample
with cognitive limitations specifically. This study is also
important because NMD are considered rare diseases that
often translate into relatively small sample sizes when

eliciting preferences. This study provides useful insights
into how BWS-2 and DCE performed with a relatively
small sample size.

At the same time, the relatively small sample size is a
limitation of this study. In general, this will not be a problem
when estimating choice models not accounting for prefer-
ence heterogeneity (MNL). However, when estimating more
sophisticated models like for example LC in this study, such
small sample sizes could potentially lead to estimation prob-
lems. In this study, we were able to estimate an LC model,
but the extension with a class membership model failed to
converge. Therefore, descriptive ex-post analyses were con-
ducted to characterize the different latent patient classes.
Future studies should however focus on larger samples that
have cognitive limitations to investigate preference hetero-
geneity more thoroughly. A further limitation of this study is
the fact that no information about the exact cognitive limita-
tions of patients was identified, analyzed, and accounted for.
In order to get a better understanding about cognitive burden
and using DCE or BWS-2, future studies should identify the
cognitive limitations of patients. Another limitation is the
fact that a different number of choice tasks for each patient
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Table 5 Evaluation questions

Evaluation question DCE (n = 131)* BWS-2 (n = 130)*
for DCE and BWS-2
Help with survey (p = 1.00)
By myself 120 (92%) 119 (92%)
Some help 10 (7%) 10 (7%)
Someone else 1 (1%) 1(1%)
Difficulty understanding questions (p = 0.04)
Very easy 41 (31%) 27 21%)
Easy 56 (43%) 53 (41%)
Not easy or difficult 28 (21%) 34 (26%)
Difficult 6 (5%) 11 8%)
Very difficult 0 (0%) 5 (4%)
Difficulty answering questions (p = 0.86)
Very easy 19 (15%) 18 (13%)
Easy 48 (37%) 41 (32%)
Not easy or difficult 40 (31%) 41 (32%)
Difficult 22 (16%) 28 (22%)
Very difficult 2 (1%) 2 (1%)
Description of benefits and risks was sufficient (p = 0.41)
Yes 119 91%) 114 (88%)
No 12 (9%) 16 (12%)

BWS-2 case 2 best-worst scaling, DCE discrete choice experiment

“Difference in the total number of patients in DCE and BWS-2 who completed the evaluation questions as
these questions were not mandatory in the survey

Table 6 Individual-level evaluation questions for DCE and BWS-2

Evaluation question

DCE first method (n = 16)

DCE BWS-2
Difficulty understanding questions
Very easy 7 (44%) 531%)
Easy 8 (50%) 5(31%)
Not easy or difficult 0 (0%) 6 (38%)
Difficult 1 (6%) 0 (0%)
Very difficult 0 (0%) 0 (0%)

Evaluation question

BWS-2 first method (n = 19)

DCE BWS-2
Difficulty understanding questions
Very easy 5 (26%) 3 (16%)
Easy 9 (47%) 9 (47%)
Not easy or difficult 2 (11%) 3 (16%)
Difficult 3 (16%) 3 (16%)
Very difficult 0 (0%) 1 (5%)

BWS-2 case 2 best-worst scaling, DCE discrete choice experiment

was used in the DCE (12) and BWS-2 (18). This may have
influenced the evaluation of the methods by patients. How-
ever, pilot testing showed that 18 choice tasks for BWS-2
was managable and given the number of attributes and lev-
els, we were not able to create an experimental design in
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which the number of choice tasks between methods was
equal. Future studies comparing these two methods should
focus on an experimental design with an equal number of
choice tasks for both methods.



Comparing DCE and BWS-2 in Neuromuscular Disease Treatment

251

5 Conclusions

This study showed that using either a DCE or BWS-2 leads
to different preference weights as well as relative impor-
tance values. A potential reason lies in the way risks were
framed (i.e., positive) in BWS-2, which was different than
in a DCE. Patients indicated that DCE choice tasks were
easier to understand than BWS-2 tasks. Accounting for pref-
erence heterogeneity, the LC analysis indicated comparable
LCs in both the DCE and BWS-2, especially the class of
patients that indicated that liver damage was the most impor-
tant attribute. Hence, we advise careful consideration when
selecting either BWS-2 or a DCE to elicit preferences as
the results of this specific study suggest that BWS-2 is the
preferred method of choice when dealing with small sam-
ples, while DCEs may be preferred when minimizing the
cognitive burden is key and choice tasks include both ben-
efits and risks. It will therefore be important that the method
matches the size and characteristics of the patient popula-
tion. Proper pilot testing in the target population will also
be important. To support medical decision making, keep in
mind the research and decision context will be key.
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