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Abstract
Objective: to determine to what extent the inclusion of an opt-out option in a DCE may have an effect on choice behaviour
and therefore might influence the attribute level estimates, the relative importance of the attributes and calculated tradeoffs.
Methods: 781 Dutch Type 2 Diabetes Mellitus patients completed a questionnaire containing nine choice tasks with an optout option and nice forced choice tasks. Mixed-logit models were used to estimate the relative importance of the five
lifestyle program related attributes that were included. Willingness to pay (WTP) values were calculated and it was tested
whether results differed between respondents who answered the choice tasks with an opt-out option in the first or second
part of the questionnaire.
Results: 21.4% of the respondents always opted out. Respondents who were given the opt-out option in the first part of the
questionnaire as well as lower educated respondents significantly more often opted out. For both the forced and unforced
choice model, different attributes showed significant estimates, the relative importance of the attributes was equal.
However, due to differences in relative importance weights, the WTP values for the PA schedule differed significantly
between both datasets.
Conclusions: Results show differences in opting out based on the location of the opt-out option and respondents’
educational level; this resulted in small differences between the forced and unforced choice model. Since respondents seem
to learn from answering forced choice tasks, a dual response design might result in higher data quality compared to offering
a direct opt-out option. Future research should empirically explore how choice sets should be presented to make them as
easy and less complex as possible in order to reduce the proportion of respondents that opts-out due to choice task
complexity. Moreover, future research should debrief respondents to examine the reasons for choosing the opt-out
alternative.
Citation: Veldwijk J, Lambooij MS, de Bekker-Grob EW, Smit HA, de Wit GA (2014) The Effect of Including an Opt-Out Option in Discrete Choice Experiments. PLoS
ONE 9(11): e111805. doi:10.1371/journal.pone.0111805
Editor: D. William Cameron, University of Ottawa, Canada
Received April 9, 2014; Accepted October 6, 2014; Published November 3, 2014
Copyright: ß 2014 Veldwijk et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.
Data Availability: The authors confirm that all data underlying the findings are fully available without restriction. All relevant data are within the paper. Original
data are available from DANS Data Archiving and Networked Services, which is a stable and public repository. The Dutch online archiving system Data Archiving
and Networked Services (DANS), offers access to thousands of datasets in the humanities, the social sciences and other disciplines (https://easy.dans.knaw.nl/ui/
datasets/id/easy-dataset:58687). A persistent identifier of this study is: http://persistent-identifier.nl/?identifier = urn:nbn:nl:ui:13-5ovx-16.
Funding: This study was funded by the Strategic Research RIVM (SOR) of the National Institute for Public Health and the Environment (to MSL and GAW). The
funder had no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript.
Competing Interests: The authors have declared that no competing interests exist.
* Email: jorien.veldwijk@rivm.nl

preferred program or treatment, the inclusion of an opt-out
option might not be a necessity but rather a threat to efficiency.
Until now, the choice to include an opt-out option is determined
by the objective of the DCE in the first place. Nevertheless, very
little empirical evidence exists on the issue whether, and to what
extent the inclusion of opt-out options in DCEs effect choice
behavior of respondents. Which may therefore influence the
precision of the estimates of attributes, the relative importance of
the attributes, trade-offs (e.g., willingness to pay) calculated based
on these estimates and thereby the conclusions that will be drawn
from a DCE.

Background
There seems to be consensus regarding the inclusion of an optout option in Discrete Choice Experiments (DCEs) that aim to
determine the potential participation in an elective program as
such an option is more in accordance with the respondent’s choice
options in real life [1–4]. Moreover, when estimating the potential
number of participants in any program, insight into the percentage
of the target population that does not wish to participate in such a
program is necessary. However, if individual preferences are
measured to determine which components define the most
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suffering from any serious complications due to their DM2.
Participants were contacted via their diabetes care group. Within
the Netherlands, diabetes care of all diagnosed DM2 patients is
arranged in care groups, which are legal entities formed by
multiple health care providers centered around general practitioners [26]. All Dutch care groups (n = 94) were categorized by
the province of the Netherlands in which they are located. Per
province, one care group was randomly selected and contacted,
until five care groups agreed to participate. These five care groups
distributed 2,500 questionnaires in total, among all the eligible
DM2 patients who were registered at these care groups. The
Dutch National Ethics Board (Central Committee on Research
involving Human Subjects) concluded that formal testing by a
medical ethical committee was not necessary, as T2DM patients
were only required to complete an anonymous questionnaire once,
which is in accordance with the guidelines laid down in the
Declaration of Helsinki.

Most DCEs in health economics are rooted in the Random
Utility Theory (RUT) [3,5–7]. This theory assumes that respondents choose rationally and will select the scenario that generates
the highest personal utility, that is, respondents will only select the
opt-out option if none of the presented scenarios in that specific
choice task is more attractive than the opt-out option [5,8].
Additional research shows that from this perspective, forcing
respondents to make a choice induces bias, as they would not
always make that same choice in real life [3,9,10]. In such a
forced-choice situation, people who would rather choose to optout, tend to randomly select either scenario from a choice task or
select the most safe/least extreme scenario [9–12]. As a
consequence, the standard error of the attribute estimates will
increase while the external validity decreases [9,10]. In summary,
based on the RUT, an opt-out option can always be included, if
this is accordance with the respondent’s real-life decision context.
However, in practice, other motives than achieving the highest
personal utility may be more important when people make their
decisions [8–22]. This resulted in the hypothesis that only very few
respondents act solely according to the assumptions of the RUT
when choosing the opt-out option. Some individuals are more
prone to choose the opt-out situation even before they actually
evaluate the different situations in a choice task. Baron and Ritov
(1992) argued that individuals choose the opt-out alternative to
protect themselves from poor choices, as negative outcomes based
on taking action (choosing) are perceived as worse compared to
negative outcomes due to inactivity (not choosing) [19]. This
finding was confirmed by many others [13,17,18], among which a
theory by Luce and colleagues who suggest that if people decide to
make a choice, the tendency to choose to opt-out increases as the
trade-off becomes more difficult and the decision at hand is
emotion-laden [12,16]. This indicates that people choose to optout to avoid making difficult trade-offs [12,16]. Research by Dahr
and colleagues (1997 and 2003) showed that choice task
complexity (i.e., large number of choice situations per choice task
or comparable choice situations with respect to their attractiveness) results in more opting out [9,11]. In summary, it seems
plausible that respondents choose the opt-out option more often if
they have to decide about a complex emotion-laden topic, if choice
tasks are difficult, if scenarios are complex and if none of the
scenarios is clearly superior. This way, respondents minimize their
effort and reduce internal conflict induced by (negative) decision
making.
The above is of special interest within the public health setting.
Decisions about personal health, public health and prevention are
by definition complex and difficult and not part of an individual’s
everyday life decisions [23–25]. Because DCE data are most often
analysed according to the assumptions of the RUT, it can be
discussed to what extent DCE results will be biased when
respondents choose to opt-out as a result of reasons described
above and not based on perceived personal utility. Until now,
there is no empirical evidence on the effects of including an optout option on choice behaviour and the results of a health-related
DCE. Therefore, the aim of this study is to investigate to what
extent including an opt-out option in a DCE influences choice
behaviour and thereby affects the attribute level estimates, relative
importance of the attributes, calculated trade-offs, and thereby the
conclusions drawn for this DCE.

Derived attributes and levels
Based on previously published literature on barriers and
facilitators to participate in a lifestyle program among DM2
patients [27–37], interviews with experts (n = 3) and four focus
group interviews with DM2 patients (total n = 24), five attributes
with each three levels were selected for the current DCE. These
included: menu schedule, physical activity (PA) schedule, consultation structure, expected outcome, and out-of-pocket costs.
A menu schedule and a PA schedule are plans that will be
developed by the participants in the program together with a
lifestyle coach. These plans describe the aims of the participants
with respect to improvements in their diet and PA behavior. A
flexible schedule is a schedule that is based mostly on the
participants own initiatives and ideas. A general schedule is a
schedule that includes general information on either a healthy diet
or PA and provides example recipes or exercises. An elaborate
schedule comprises a tailored schedule that is prepared mostly by
the lifestyle coach. Consultation structure describes the composition of the consultations with the coach (i.e., individual or in
groups of 5 or 10 other patients). These are the consultations
during which the participants develop their menu plan and PA
schedule, and during which they discuss their progress. The
expected outcome is meant to describe the results with respect to
weight loss (0, 5 or 10 kilograms) and physical fitness, which the
respondent can expect to achieve after completing the lifestyle
program. Finally, as the costs of participating in a lifestyle program
are not part of the participant’s health insurance in general, the
participant will have to pay for (part) of the program out-of-pocket.
These costs can amount to either J75, J150 or J225 per year.

Experimental design
The scenarios in the DCE are constructed by combining
different levels of each included attribute. The experiment
comprises an unlabeled (generic) design with respect to the
lifestyle program options. NGene 1.1 software (ChoiceMetrics,
2011) was used to create a D-efficient design for the current study.
The software was instructed to create a design with two blocks
using a panel-mixed-multinomial model with all beta-priors set at
zero. It was assumed that there would be no interaction between
attributes, while level balance, utility balance and minimal overlap
between attribute levels were optimized [38,39].
Finally, the design consisted of a sample of nine choice tasks per
block (18 unique choice tasks in total). Within this design, each
choice task contained two lifestyle program scenarios. To compare
the possible differences in decision making when respondents are
forced to make a choice or are offered an opt-out option (unforced

Methods
Participants and recruitment
This study included participants diagnosed with type 2 diabetes
mellitus (DM2), who were 35–65 years of age and who were not
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choice option) and to obtain insight into the possible influence of
the location of the opt-out option within the questionnaire [13], a
within-sample design using four versions of the questionnaire was
developed. This implies that version 1 and 2 of the questionnaire
included the nine choice tasks of block 1 and version 3 and 4
included the nine choice tasks from block 2. Version 1 and 3 first
offered the opt-out option and then forced respondents to choose,
whereas version 2 and 4 started with forced choice tasks followed
by choice tasks with an opt-out option (Table 1). To adjust for bias
induced by the question order, the order of the choice tasks per
version of the questionnaire was randomized. The opt-out option
was included in the choice tasks as a third scenario, to prevent
respondents from interpreting the opt-out option in different ways,
all attributes were explicitly set to zero or ‘none’ in this scenario.
Eventually, every respondent was asked to answer 18 choice tasks
of which nine with the opt-out alternative and nine without.

Statistical analyses
According to the RUT, perceived utility (U) of a person ‘n’ in
choice situation ‘j’ is estimated by the sum of the systematic utility
component (V) (i.e., the mean utility of the target population
concerning a specific topic including the same attributes and levels)
and the random error term (e) (i.e., the deviation of the utility of
every single person ‘n’ compared to the mean utility) (equation 1.1)
[5,6,44].
Unj ~Vnj zEnj

ð1:1Þ

Based on the data retrieved by a DCE, the systematic utility
component (V) of equation 1.1 can be estimated. This was
estimated separately for the forced-choice data and the data that
included an opt-out option. All analyses were conducted using
mixed- logit (MIXL) models, to take preference heterogeneity into
account. For the forced-choice data, the attribute estimates were
estimated using equation 1.2 & 1.3.

Pilot test
The questionnaire was pilot tested among a subgroup (n = 20) of
the study population to ensure that the wording used in the
questionnaire was correct and understood by the target population
[40,41]. During the pilot phase there was specific attention for the
issue of interpretation of the opt-out option. Most of the pilot tests
were distributed by means of postal questionnaires, respondents
were asked to mark every question or answering category that they
did not understand or found hard to grasp and they were asked to
provide suggestions for improvement. Moreover, three think-aloud
pilot tests were conducted to obtain more insight into the
respondent’s approach when answering the choice tasks. No
changes in the attributes and/or levels were deemed necessary
based on the results of this pilot study. Power/sample size
calculations were performed based (partly) on the retrieved pilot
data, to check a posteriori how large the sample size should be to
find significant differences for each attribute at a 5% level in the
final DCE [38,42].

Valternative A ~b0 zb1 |flexible menu schedulezb2 |
elaborate menu schedulezb3 |flexible PA schedulez
b4 |elaborate PA schedulezb5 |
consultations in groups of 5zb6 |

ð1:2Þ

consultations in groups of 10zb7 |expected outcomez
b8 |out  of  pocket costs

Valternative B ~b1 |flexible menu schedulezb2
|elaborate menu schedulezb3 |flexible PA schedulez
b4 |elaborate PA schedulezb5 |

Questionnaire

consultations in groups of 5zb6 |

The questionnaire contained two parts. The first section of the
questionnaire consisted of 28 questions about the respondent’s
demographic/background characteristics and on the patient’s
opinion with respect to lifestyle programs in general, accompanied
by the EuroQol-5D health status questionnaire [43]. The second
part was the actual DCE, which started with a detailed description
of the attributes and levels and gave comprehensive guidance on
how to answer the choice tasks provided. Every choice task started
with the question: ‘Imagine that your general practitioner advises
you to participate in a lifestyle program for one year, which
program would you prefer: the program in situation 1 or situation
2?’ The following sentence was added to the above question in the
choice tasks that included an opt-out option: ‘If you prefer not to
participate in either of the situations, you can tick the box ‘none’.’

consultations in groups of 10zb7 |expected outcomez

ð1:3Þ

b8 |out  of  pocket costs
b0 represents the alternative specific constant, while b1–b8 are the
attribute estimates that indicate their relative importance. All
included attributes were tested for linearity, the attributes that
appeared not to be linear were effects coded (i.e., menu schedule,
PA schedule and consult structure). In contrast to dummy coding,
effects coding enables one to compare the estimates of all attributes
despite their categorization into non-linear levels, because the
effects are uncorrelated with the intercept [6,45]. This coding
procedure codes the reference category 21, therefore the sum of

Table 1. Overview of the content of every version of the questionnaire.

Questionnaire

Block

First nine choice tasks

Second nine choice tasks

Version 1

1

Including opt out

Excluding opt out

Version 2

1

Excluding opt out

Including opt out

Version 3

2

Including opt out

Excluding opt out

Version 4

2

Excluding opt out

Including opt out

doi:10.1371/journal.pone.0111805.t001
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Table 2. General description of the study population (N = 781).

Mean (SD)
Age

Percentage

57.8 (6.27)

Gender

Male

55.1

Highest attained educational level

Low

31.2

Ethnicity

Medium

48.6

High

20.2

Dutch

92.7

Duration of diabetes (years)

6.5 (5.97)

No complications
Medication

75.6
None

20.3

Oral glucose lowering medication

66.7

Insulin

4.0

Both

9.0

BMI (kg/m2)

29.5 (5.19)

HbA1c (mmol/mol)

49.1 (14.0)

EQ5d score

0.91 (0.19)

doi:10.1371/journal.pone.0111805.t002

the effect coded attributes is always 0. The coefficient for the
reference category is therefore 21*(beffect code 1+beffect code 2).
After comparing the model fits (based on AIC, BIC and Chisquare) of different models including different (sets of) random
parameters, two parameters were set at random for the final
analysis: the constant and the attribute expressing the expected
outcome of the lifestyle program. In addition, different distributions of the random parameters were tested and based on the
model fit results, both random parameters were included with a
normal distribution. It was expected that especially the constant
and the outcome attribute would show high preference heterogeneity among the respondents, due to large differences in general
opinions concerning lifestyle programs and the variation in Body
Mass Index (BMI) among the respondents.
The attribute estimates for the data that included the opt-out
option was retrieved via equations 1.4–1.6. The b-values in this
equation are to be interpreted as explained above for the forcedchoice model, except for the constant term b0. Within this
equation, b0 represents an alternative specific constant for both A
and B, as opposed to the opt-out. The systematic utility of both A
and B are modelled using the same constant term because the
separate alternative specific constants for scenario A and B did not
significantly differ from each other (based on the Wald test
statistic).

Valternative B ~b0 zb1 |flexible menu schedulezb2 |
elaborate menu schedulezb3 |flexible PA schedulez
b4 |elaborate PA schedulezb5 |
consultations in groups of 5zb6 |
consultations in groups of 10zb7 |expected outcomez
b8 |out  of  pocket costs

Vopt-out ~0

elaborate menu schedulezb3 |flexible PA schedulez

consultations in groups of 5zb6 |

ð1:4Þ

consultations in groups of 10zb7 |expected outcomez
b8 |out  of  pocket costs
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ð1:6Þ

Choice consistency of the study population was checked [46–
49], as every respondent answered every choice task twice (once
they were forced to choose and once they were offered an opt-out
option). Respondents satisfied the consistency measure if they
chose the same option for every choice task in the first and second
part of the questionnaire. Respondents who chose to opt-out were
automatically marked consistent.
Differences in opting out between respondents with a lower (i.e.,
primary education or lower secondary education) and higher (i.e.,
all other levels) were determined using independent sample t-tests.
Marginal willingness to pay (WTP) values were determined for
all statistically significant attribute estimates of the main analysis.
These results can be compared directly between the forced-choice
DCE and the DCE including the opt-out option. In order to
calculate the patient’s WTP, the negative of the out-of-pocket
attribute was used as a measure of the marginal utility of money.
The ratio of either attribute estimate with this negative of the outof-pocket attribute was calculated to estimate the patient’s WTP
concerning that specific attribute [3,50].
NLogit 5.0 (Econometric Software, New York) was used to
construct the models that were estimated within this study. Results
were considered statistically significant when p,0.05.

Valternative A ~b0 zb1 |flexible menu schedulezb2 |

b4 |elaborate PA schedulezb5 |

ð1:5Þ
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Figure 1. Proportion choosing to opt-out per choice task, stratified by respondents that started with the unforced choices (black)
and respondent that were offered the opt-out in the second part of the questionnaire (grey).
doi:10.1371/journal.pone.0111805.g001

half of the population was male (55.1%) and most respondents had
an intermediate educational level (48.6%). With regard to the
disease status of the respondents, they reported to have been
diagnosed with DM2 on average 6.5 years ago and 79.7% used
some form of medication. The mean BMI was 29.5 kg/m2 and the
mean HbA1c was 49.1 mmol/mol (target value for DM2 patients
is ,53 mmol/mol). The majority reported no complications due
to their DM2 (75.6%) and the mean EQ-5D score was relatively

Results
Study population
Of all 2,500 distributed questionnaires, a total number of 781
(31.2%) questionnaires were returned and included in the analysis.
The demographic and disease-specific characteristics of the study
population are summarized in table 2. Respondents were aged
57.8 years on average and mainly Dutch (92.7%). Approximately

Table 3. Attribute estimates (standard errors) of the MIXL model.

Forced choice model
Attribute

Opt-out model

Beta value

SE

Beta value

SE

Constant

Mean

20.11***

0.04

20.30***

0.11

Standard deviation

0.59

0.38

2.71***

0.52

Menu schedule

Flexible

20.06

0.06

0.02

0.05

General (ref)

0.10

0.12

0.02

0.04

Elaborate

20.04

0.04

20.04

0.04

Flexible

20.25***

0.05

20.14***

0.04

General (ref)

0.18

0.07

0.01

0.05

Elaborate

0.08

0.05

0.13***

0.04

Individual (ref)

0.50***

0.06

0.51***

0.06

Physical activity schedule

Consultation structure

Expected outcome (10 kg)

Groups of 5

0.10**

0.05

0.02

0.04

Groups of 10

20.60***

0.08

20.53***

0.06

Mean

0.75***

0.13

0.76***

0.11

Standard deviation

2.82***

0.59

1.63***

0.36

20.97***

0.10

20.78***

0.06

Out-of-pocket costs (J100)
**Significant at p,.05;
***significant at p,.001.
doi:10.1371/journal.pone.0111805.t003
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Table 4. Attribute estimates (standard errors) of the MIXL stratified by location of the opt-out.

Opt-out in first part
Attribute
Constant

Menu schedule

Physical activity schedule

Consultation structure

Expected outcome (10 kg)

Opt-out in second part

Beta value

SE

Beta value

SE

Mean

0.11

0.13

20.91***

0.25

Standard deviation

1.93***

0.75

3.31***

0.97

Flexible

0.12*

0.07

20.08

0.08

General (ref)

20.04

0.03

0.11***

0.00
0.06

Elaborate

20.07

0.06

20.02

Flexible

20.13**

0.06

20.14**

0.07

General (ref)

0.04

0.01

0.01

0.01

Elaborate

0.09

0.06

0.13**

0.06

Individual (ref)

0.48***

0.01

0.56***

0.01

Groups of 5

20.06

0.06

0.09

0.07

Groups of 10

20.42***

0.09

20.65***

0.10

Mean

0.61***

0.19

0.87***

0.15

Standard deviation

1.65***

0.75

2.12***

0.50

20.71***

0.08

20.86***

0.09

Out-of-pocket costs (J100)
* significant at p,.10;
**significant at p,.05;
*** significant at p,.001.
doi:10.1371/journal.pone.0111805.t004

six out of nine choice tasks (this was the lowest consistency score).
The consistency measure was 93% on average per choice task.

high with 0.91. There were no clinically relevant differences in
these demographic and disease-related variables between the
respondents who completed the different versions of the questionnaire.

Attribute estimates and relative importance
Within both the forced and unforced model, respondents did
not have any specific preferences with respect to a menu schedule
(Table 3). They reported a strong dislike for a flexible PA
schedule, compared to a more general schedule. An elaborate
PA schedule was preferred over a general schedule only in the optout model. A consultation structure in which the respondents
would work individually was preferred over consultations organized in groups with 10 other patients. Consultations in groups of
five were preferred over groups of 10 only in the forced-choice
model. In both models, respondents were more likely to choose a
lifestyle program that was expected to result in higher weight loss
and programs with the lowest out-of-pocket costs. Both models
showed that out-of-pockets costs (per J100) were the most
important attribute followed by expected outcome (per 10 kg of
weight loss) consultation structure and PA schedule. Both models
show significant (p,0.01) preference heterogeneity among respondents concerning the attribute that reflects the expected
outcome of the lifestyle program in terms of weight loss, as was
shown by the statistically significant standard deviation of this
attribute in both datasets.
Location was included as a covariate in the analysis and turned
out to be statistically significant (p,0.001), indicating differences
in attribute estimates and their relative importance based on the
location of the opt-out option (i.e., either in the first or the second
part of the DCE questionnaire). Therefore, location was included
as an interaction term with all of the attributes, which resulted in a
significant estimate with; out-of-pocket costs, expected outcome,
consultation structure and menu schedule. Respondents who
answered the choice tasks with opt-out first, showed stronger
preferences for out-of-pocket costs and menu schedule and less
pronounced preferences for the expected outcome and consulta-

Choice behavior
With respect to the raw choice percentages, on average over all
choice sets, 54% of the respondents were willing to participate in a
lifestyle program when the option to opt-out was offered.
Respondents did not have a strong tendency to choose either
option A or B. This was expected as A and B were unlabeled and
therefore did not have specific characteristics which would make
one of them more attractive within every choice tasks for the same
reason (e.g., A was not always cheaper than B or the other way
around).
The percentages of respondents choosing option A and B both
dropped when the opt-out option was included. However, in 13 of
the 18 choice tasks the difference in percentage of individuals
moving from option A to the opt-out option and the individuals
moving from option B to the opt-out option was more than 5%.
In total 21.6% of the respondents always chose to opt-out, while
22.8% never chose to opt-out within the nine unforced choice sets.
Respondents with a lower educational level significantly more
often chose to opt out compared to respondents with a higher
educational level (t = 2.31; P,.05). Except for choice task one and
two, the frequency of choosing the opt-out option was significantly
higher among respondents who first had the option to choose to
opt-out and then were forced to make a choice, compared to
respondents who first were forced to make a choice and later were
able to choose the opt-out option (t = 22.94; P,.05) (Figure 1).

Choice consistency
With respect to the consistency of the respondents when making
their choices, overall 83.4% of the population answered consistently on all but one choice task. In total, 65.2% answered
consistently on all choice tasks, while only 0.2% was consistent in
PLOS ONE | www.plosone.org
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Table 5. Willingness to pay values for all tested models from table 3 and 5.

Switch from a flexible to a general
PA schedule

Switch from consultation in groups
of 10 to individual consultation

Every 10 kg of extra anticipated
weight loss

WTP (J)

95%CI

WTP (J)

95%CI

WTP (J)

95%CI

Forced model

44.3*

29.6; 59.0

113.5

68.4; 158.5

77.2

56.7; 97.8

Opt-out model

19.3*

13.5; 25.0

134.1

100.2; 168.1

98.1

69.8; 126.3

Opt-out in first part
of the DCE

23.7

17.1; 30.4

125.8

75.8; 175.9

85.4

32.9; 137.9

Opt-out in second
part of the DCE

17.8

8.9; 26.6

140.7

88.5; 192.8

101.2

66.0; 136.4

* Significant at p,.05.
doi:10.1371/journal.pone.0111805.t005

tion structure compared to the respondents who first completed
the forced-choice tasks.
Finally, attribute estimates were analyzed separately for these
two groups (Table 4). Except for the menu schedule attribute,
results are highly overlapping. Preference heterogeneity was
shown in both models for the expected outcome attribute.

Discussion
Results show differences in opting out based on the location of
the opt-out option and the educational level of the respondents.
The attribute estimates between the forced-choice and opt-out
dataset differed, but no notable differences in the relative order of
the attributes (as compared to each other) were present. However,
because the importance weights of the attributes did differ between
the datasets, there is a statistically significant difference in the
WTP of patients for a PA schedule. This difference could lead to
different conclusions and recommendations with regard to
developing a lifestyle program that is most attractive for the target
group.
Current findings underline the statements of Dahr and
colleagues (2003) that the independence of irrelevant alternatives
(IIA) assumption for forced-choice data does not hold in unforced
data [9]. If this assumption would hold, including an opt-out
option would not change study outcomes as it would take equal
proportions of all attribute estimates [3,6,9]. If this were to be the
case, including an opt-out option would not be necessary for the
accurate prediction of a patient’s’ preferences. It is, however, more
likely that adding an opt-out option to a forced choice model will
disproportionally change study results because this option competes more with one scenario than the other in the same choice
task [51]. Current results confirm that this IIA assumption does
not hold because a disproportional shift was shown for choosing
option A or B in the forced choice sets and then moving to opt-out
in the unforced choice sets. Moreover, study results change slightly
if an opt-out option is included.
While the direct results of the DCE might not have differed
much between the forced and opt-out data, the analysis of the
influence of the location of the opt-out option (either in the first
nine choice tasks or the second nine choice tasks), showed clearly
that the location of the opt-out option in the questionnaire
influences the results of a DCE. This was also shown in previous
research [13]. The fact that, in general, fewer people chose to optout when this was offered in the second part of the questionnaire
might be interpreted as a learning effect that respondents go
through when completing a DCE. These respondents were forced
to make a choice at first, so they became familiar with completing
a DCE choice task. Respondents might therefore have had a lower
tendency to opt-out when this option was offered later on (unless
they really did not want to participate in a lifestyle intervention).
These results are in line with findings from previous research, that
indicate a decrease in negative emotions and decisions to opt-out
when individuals become more familiar with making trade-offs
[9,11–13,16]. It was hypothesized that respondents with a lower
education would more often find choice tasks to be complex; this

Sensitivity analysis
To obtain more insight into the robustness of the retrieved
results, three separate additional analyses were performed. First,
respondents who answered inconsistently in more than one choice
task (16.6%) were excluded from the analysis. Secondly, respondents were excluded if they indicated (in the first part of the
questionnaire) that they would probably not or certainly not
participate in a future lifestyle program (53.6%), no matter what
attributes this lifestyle program would have. Third, all respondents
who chose the opt-out option in all choice tasks were excluded
(21.6%). The results of these analyses did not show any notable
differences from the analysis described above with respect to the
results on the forced choice data and opt-out data (results not
shown).

Willingness to pay
Table 5 shows the different WTP values for the attribute levels
that were statistically significant in both the forced-choice and the
opt-out model. Based on the forced-choice model, respondents
reported a significant higher WTP estimate for a switch from a
flexible PA schedule to a more general schedule, compared to the
opt-out model (i.e., respectively 44 and 19 euro per year). Within
the forced choice model, the WTP for individual consultations
instead of consultation in groups with 10 other patients was
approximately J114 per year, while in the opt-out model the
WTP was estimated to be approximately J134 per year for this
same switch in consultation structure. With respect to an expected
additional weight loss of 10 kilograms, the forced-choice model
showed a WTP estimate of J77 compared to a WTP estimate of
approximately J98 for the opt-out model. Though these WTP
values differ on an absolute scale, both difference were not
statistically significant as the accompanying confidence intervals
overlapped.
WTP values differed between the data where the opt-out was
offered first or seconds, but these differences were not statistically
significant due to the large confidence intervals around these
estimates (Table 5).
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study showed that respondents with a lower educational level
significantly more often opted out. This result underlines our
hypothesis that respondents more often opt-out if they find the
choice sets complex.
Additionally to the effect on the data by simply including such
an opt-out option, our study results indicate that choice behavior
changes which influences DCE results when respondents are given
the opportunity to opt-out. Including an extra choice option
automatically implies reduced effectiveness, as there are more
answering categories included. Specifically an opt-out option does
not provide any insight on attribute level trade-offs. This is not an
issue, if the choice to opt-out is due to the low perceived personal
utility of the other scenarios. However, our analysis showed that it
is likely to assume that a considerable number of respondents
chose to opt-out for other reasons than a dislike for lifestyle
programs. It can therefore be suggested that including an opt-out
option in a DCE, leads to an ‘unnecessary’ loss of effectiveness.
This is of special interest in the light of designing DCEs in an
efficient manner (e.g., by minimizing D-error). Such designs strive
to create choice sets with an optimal utility balance between the
scenarios of each choice task, by optimizing the variancecovariance matrix (22–24). This designing procedure results in a
DCE that requires a minimal number of choice tasks per
respondent and a minimal number of respondents per experiment
(aside from model specifications (e.g., level restrictions or
interactions)). At the same time, this may induce complexity of
the generated choice tasks. Since there are indications for higher
levels of opt-out when choice tasks become more complex, the
efficiency of designing DCEs in such a way may be at risk. Future
research is necessary to identify subgroups among study populations that are most likely to opt-out due to other reasons than
solely personal utility. Moreover, it should be explored how DCEs
can be designed in an efficient manner while keeping in mind this
phenomenon.
The current study has some limitations. Although an efficient
DCE design was developed, an even more efficient design could
have been created if the beta priors retrieved with the pilot-study
were more stable. If more informed beta priors would have been
used (instead of using zero as a beta prior for all attributes), the
expected preferences of the target population would already be
included in the design of the DCE. This way, the design varies the
attribute levels based on their relative importance as displayed in
the beta priors, resulting in more complex choice tasks. Since
choice task complexity is expected to drive the choice to opt-out,
using a more efficient design would probably have led to even
more individuals that chose to opt-out and thereby more
pronounced differences between the results of the model with
and without an opt-out option.
The response rate was 31.2%. Due to confidentiality agreements with the care groups that distributed the questionnaires, no
reminder letters could be distributed and a non-response analysis
could not be conducted. Non-response is likely to be selective, in
the sense that DM2 patients who are not interested in a lifestyle
program were less likely to participate in this study. It is therefore
expected that this selective response resulted in an underestimation
of the differences between the datasets with and without an opt-out
option. Although the conclusions of this paper would probably not

change, they might have been more pronounced if respondents
with a negative attribute towards lifestyle programs had participated.
The current study included DM2 patients in the age category
35–65. There is very limited information on the representativeness
of the current study population compared to the target population.
Additional analysis of DM2 patients aged 35–65 in a large Dutch
Cohort study (EPIC-NL [52]) showed the same mean BMI values,
It was not possible to compare other characteristics due to specific
inclusion criteria of the EPIC-NL study. However, it is expected in
the current sample that especially the number of respondents from
an ethnic minority (7.3%) is relatively low compared to the
average population of DM2 patients aged 35–65 years. If the
hypothesized learning effect (i.e., people choose to opt-out because
they do not understand the questions in a DCE or if the choice
that has to be made is too difficult) is indeed present, it could very
well be that the differences in results due to the inclusion of an optout option are underestimated assuming that, due to language
difficulties, non-Dutch DM2 patients were more likely to opt-out.

Conclusions
In general, the choice for including an opt-out option in DCEs,
depends evidently on the research objective. When the research
objective is to determine the potential participation in a health
program, an opt-out option should always be included; if in real
life ‘not participating’ is an option as well. By doing so, researchers
stay as close as possible to the actual choices of their target
population. Introducing an additional loss of power, because
respondents do not make any trade-offs and chose to opt-out,
should then be accepted. However, the number of respondents
that opt-out for other reasons than aiming for the highest personal
utility should be minimized. Based on the learning effect that was
shown in this study, future DCEs that include an opt-out option
may want to incorporate multiple forced choice warm-up
exercises. However, since DCE questionnaire are already cognitively demanding and time consuming, a more efficient solution
might be to use a dual response design. In such a design,
respondents are forced to make a choice and immediately after
choosing, respondents are asked if they would like to opt out if
given the choice [53–55]. This might diminish the risk that a direct
introduction of an opt-out results in large numbers of respondents
avoiding to seriously weigh the different levels of attributes.
Additionally, in order to minimize the proportion of respondents
that chooses to opt-out because they find the choice tasks too
complex or difficult, future research should empirically explore
how choice sets should be presented to make them as easy and less
complex as possible. Finally, additional research that uses
debriefing of respondents should be conducted to explore the
reasons for choosing the opt-out alternative in depth.
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