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ABSTRACT 
 

Background: In recent years there is an increase in treatments available for patients to manage their disease.  

Some treatments consist of preference sensitive decisions, where the evidence for the superiority of one treatment 

over another is either not available or does not allow differentiation. Due to that, both clinician and patient 

experience difficulties in choosing one treatment option, resulting in an increasingly more complex decision making 

process. To face this problem, decision support tools including value clarification exercises (VCEs) are increasingly 

used. They help patients making their preferences explicit in their trade-off between pros and cons in treatment 

options and to enable shared decision making. Yet, it is still unclear what design is best to achieve the most 

reliable, valid and feasible individual preference estimation. 

Objective: The aim of this study is to investigate to what extent an efficient– and D-efficient design of a VCE based 

on Best-Worst-Scaling Case 2 (BWS-2) are affecting reliability of preference estimates, validity of treatment 

preference and feasibility of a preference survey questionnaire. 

Methods: A sample of the general population, men and women aged 18-80 years, completed a VCE based on 

BWS-2 exploring their preferences with regard to underlying attributes of a clinical decision (treatment for localized 

prostate cancer or breast cancer). A fully balanced and orthogonal fractional factorial design was used as basis for 

the experimental design of the questionnaire. The fractional set of 16 scenarios was divided in three blocks with 

respectively 6, 6 and 4 choice tasks. Informative introductions and evaluative questions in-between the sections 

were included as well. This structure was used to operationalize reliability, validity and feasibility in both an 

efficient- and D-efficient experimental design.   

Results: Results showed that answering more than 12 choice tasks was not feasible for respondents, due to an 

increase in cognitive burden and less willingness to answer additional choice tasks. Response time decreased with 

the number of choice tasks. Predicted preferences and differences in preference for treatments showed a tendency 

towards smaller preference for one treatment after answering 12 choice tasks. Decision congruence between 

stated- and final preferences showed a significant interaction with 75% respondents’ agreement. In addition, a 

small increase in preference certainty was indicated.  

Discussion: The main findings indicate that a VCE should be limited to 12 choice tasks, with regard to feasibility. 

The results of reliability and validity indicated no strong evidence in providing an optimal number of choice tasks. 

Experimental designs are arguably important in the design phase of a VCE, due to its major influence in the trade-

off between statistical efficiency and response efficiency. In particular selecting attributes and levels and generating 

the design needs to be carefully considered in further research, needed to refine the VCE and determine what 

method and choice design fits best in clinical context in order to ensure reliable and valid estimates.  

 

Keywords: decision making process, preference sensitive decisions, clinical decision, value clarification, value 

clarification exercise, VCE, preference elicitation, conjoint analysis, Best-Worst Scaling, BWS, predicted 

preferences, experimental design, reliability, validity, feasibility.  
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INTRODUCTION 
In clinical practice, physicians find it hard to adequately 

assess patient values for outcomes of care [1], nor can 

they accurately predict how pros and cons of 

treatments are evaluated from the patient’s points of 

view [2]. Research has shown that patients prefer to 

take on a more active role in health care decisions [3]. 

However, due to lack of providing- and obtaining 

information in the decision process between the 

physician and patient, clarity in process and outcome is 

failing in decision making. Hence, there is need for 

shared decision making. Elwyn et al. (2010) defines 

Shared Decision Making (SDM) as “An approach where 

clinicians and patients share the best available 

evidence when faced with the task of making decisions, 

and where patients are supported to consider options, 

to achieve informed preferences” [4]. Decision making 

has become a more complex process for both clinicians 

and patients, because there are a variety of treatments 

available that carry different risk-benefit profiles. This 

complex process occurs particularly in preference-

sensitive decisions, where the evidence for the 

superiority of one treatment over another is either not 

available or does not allow differentiation [5]. Due to 

lack of evidence in preference-sensitive decisions, 

uncertainty about the best course of action increases 

[6]. For patients, various decision support tools, such as 

decision aids, are developed which can help them to 

participate in health decisions. These tools provide 

information about the pros and cons of treatment 

options and help patients become more involved by 

making the decision explicit [7]. Despite the abundance 

in patient information materials, the exploration and 

incorporation of patient preferences is difficult for both 

physicians and patients. Patients need support to find 

out what question they should ask to provide 

themselves with complete information about benefits, 

risks and trade-offs that have to be made for a well-

informed treatment decision. To help elicit patients’ 

treatment values and provide explicit value clarification 

to support patients make well-informed decisions, value 

clarification methods or exercises (VCMs or VCEs) are 

increasingly incorporated into decision aids. They make 

patients aware of their own personally held values in 

comparing available choice options. Fagerlin et al. 

(2013) defined “values clarification method” as 

“Strategies that are intended to help patients evaluate 

the desirability of options or attribute of options within a 

specific decision context, in order to identify which 

option he/she prefers” [8]. Fagerlin et al. concluded in 

their systematic review that at present there are no best 

practices established for value clarification and either 

many VCMs are not based on any decision theory or 

are not reported [8, 9].  

A method that has a strong theoretical basis is ‘conjoint 

analysis (CA)’, which can be defined as a general 

approach for measuring stated preferences of 

respondents for goods and services (i.e. health care 

interventions or treatments). CA refers to preferences 

or value trade-offs for a set of alternatives that were 

pre-specified in terms of levels of different 

characteristics (or attributes) [10, 11]. By presenting 

respondents choice tasks, it can be determined how 

much a characteristic or treatment is preferred relative 

to other characteristics or treatments. This can be 

studied by the amount of questions someone choose 

the same answer [12]. The value of these multiple 

characteristics are the basis of the overall value of a 

treatment. Until now CA is little used in VCMs. In a 

review of Witteman (2016) only 7 studies (7%) were 

identified that used conjoint analysis as its value 

clarification method [13]. The little use of CA in VCM is 

caused by many different decisions that can be made in 

the design, which lead to a various practice of design 

features implementing VCMs. Numerous conjoint 

methodologies are discussed in the literature: ACA, 

DCE, and BWS which all have to deal with these 

different design features. ACA is a computer-

generated-model in which paired combinations of 

treatment characteristics are presented that are 

increasingly tailored to what patients consider relevant 

trade-offs. In DCE, respondents are asked to choose 

between hypothetical alternatives described by a set of 

attributes and levels in a full-profile concept. They are 

asked to select an option that they most prefer. In BWS 

respondents are asked to choose both best and worst 
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(most and least preferred) from a set of three or more 

items. BWS consists of three types: best worst object 

scaling (case 1), best worst attribute scaling (case 2) 

and best-worst multi profile scaling (case 3). Case 1 

involves asking the best and worst object, which can be 

used to determine relative importance of attributes [14]. 

In contrast to case 1, case 2 shows only the levels. The 

same attributes appear in each choice task, while their 

levels change. In case 3, respondents choose between 

alternatives that include all the attributes, with their 

levels varying in a sequence of choice sets (also called 

a best-worst-discrete choice experiment). Considering 

all conjoint methodologies, ACA has the advantage that 

paired comparisons are increasingly tailored to what 

participants consider relevant trade-offs. However, 

when patients are doubtful in the start of the 

questionnaire, the adaptive method may lead to 

unreliable results. Another issue is whether the prior 

estimates are sufficiently accurate in themselves to be 

able to appropriately guide the design [15].  

Researchers are limited in DCE and BWS with regards 

to the number of attributes and levels to include, as the 

choice tasks quickly become too large, complex and 

time-consuming for respondents [16]. Subsequently, 

this limitation has consequences for the efficiency of 

experimental design, that is, whether the design is 

optimal. The number of choice tasks asked in each 

choice set is more in BWS-3 compared to DCE, but the 

cognitive burden is less than asking them to evaluate 

additional choice sets and asking for the best in each, 

which is the case in DCE [17]. Some authors argue that 

BWS also reduces cognitive burden of the task 

because the BWS task seem easier to understand for 

people [18 potoglou best-worst scaling, 19, 20].  

In this study, we aimed to develop a VCE based on 

BWS case 2 to be used in a decision aid supporting 

treatment choice for localized prostate cancer and 

breast cancer. Decisions made in the design phase with 

regard to task design and experimental design may 

affect the reliability of preference estimates, validity of 

treatment preference, and feasibility of the preference 

survey questionnaire. To investigate this, the following 

research question is formulated:  

What is the effect of an efficient- and D-efficient design 

in stated preferences survey on the reliability of 

preference estimates, validity of treatment preference 

and feasibility of a VCE based on BWS case 2? 

 

Theoretical framework 

Huber and Zwerina (1996) identify four features which 

when jointly satisfied indicate an optimal (efficient) 

design. The features are: 

• Orthogonality: Perfect orthogonality requires that 

each pair of levels appears equally often across all 

pairs of attributes within the design. Attributes are 

uncorrelated with one another across the design. 

• Level balance: A perfect balanced design requires 

that each level within an attribute appear an equal 

number of times. 

• Minimal overlap: The probability that an attribute 

level repeats itself in each choice set should be as 

small as possible.   

• Utility balance: Requires that utilities of alternatives 

within choice sets are the same, the alternatives 

should be equally attractive to patients. [21, 22].  

Because it is for most combinations of attributes, levels 

and alternatives impossible to create a design that 

satisfies all these features, most studies consider 

maximizing orthogonality and balance as common goal.  

 

A perfectly orthogonal and balanced design is 

considered as perfect or efficient design. When level 

balance and orthogonality are best approximated, it is 

considered as D-efficient design [23]. A perfect 

balanced and orthogonal full-choice design causes an 

optimized level of statistical efficiency, but has usually 

an impractically large size. For example, in a full 

factorial design, with five attributes, two with four levels 

and three with five levels (denoted 4253), there are 4 * 4 

* 5 * 5 * 5 = 2000 combinations in the full-factorial 

design. Therefore, fractional factorial designs are often 

used by selecting subsets of choice sets from the full 

factorial design [24], which improves response 

efficiency. Due to its discrepancy a critical trade-off 

must be made between statistical efficiency and 
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response efficiency to achieve an optimum in designing 

an experimental design. 

Statistical efficiency is related to both reliability and 

validity. Reliability implies consistency of preference 

estimates and validity is about producing the desired 

results of treatment preference. By administering the 

same test twice over a period of time to a group of 

individuals the test-retest reliability can be measured. 

Studies of Ryan et al. (2006) and Skjoldborg et al. 

(2009) both used the test-retest approach and 

investigated preferences by using the method of 

conjoint analysis. Both studies found that there was 

stability of preferences between two periods [25, 26]. 

The concept of validity distinguishes various forms of 

validity, such as construct validity, criterion validity, 

face validity and content validity. While construct- 

and criterion validity are linked to the 

operationalization phase, face- and content validity 

are directly related to the experimental design and 

constructing choice tasks by means of the 

developmental process of designing a VCE.  

Response efficiency is related to feasibility, which is 

the extent of how successfully the VCE can be 

completed accounting for factors that affect it. 

Examples of affecting factors are willingness to 

answer additional choice tasks in a VCE, cognitive 

burden and response time, all of which are related to 

data completeness and simplification strategies. 

More data incompleteness reflects less feasibility in 

the context of the VCE.  

Simplification strategies are methods that respondents 

use when they are confronted with unfamiliar or 

complex information or decisions. The earlier the 

simplification strategies occur, the lower the feasibility 

of the VCE is. In the decision making process, 

numerous errors are caused by cognitive biases and 

simplifying heuristics [27-29]. According to Stanovich 

and West (2000) people have two systems for cognitive 

functioning to provide effective strategies for improving 

decision making [30]. System 1 refers to the intuitive 

system in simple decisions, which is typically fast, 

automatic, effortless and emotional. System 2 is the 

opposite of system 1, including slower, conscious, 

effortful and logical reasoning. When people are 

confronted with unfamiliar, complex or overwhelming 

information or decisions, the cognitive functioning 

approaches to switch from system 2 to system 1. At 

that moment people simplification strategies arise, 

which can lead to decision errors [27, 29]. An overview 

of the process is shown in figure 1, which gives an 

impression of the operationalization of the concepts of 

reliability, validity, and feasibility related to statistical 

efficiency and response efficiency.  

METHODS 
This study is presented as a pilot study in a sample of 

the general population.  

 

Clinical decision 

As starting point, the VCE for localized prostate cancer 

from previous research of Hulshof (2015) was used, 

which was the choice between active surveillance (AS) 

and curative treatment (CT) [31]. The clinical decision 

chosen for women was the choice between breast 

conserving surgery (BC) and entire breast removing 

surgery (BR) in case of breast cancer. Both clinical 

decisions must be decomposed in five attributes with 

Figure 1 Overview of concepts and operationalization of the study 
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each two attribute levels. A description of a situation 

(case description) was created in which people were 

asked to put themselves in the position of someone 

suffering from localized prostate cancer (men) and 

breast cancer (woman). The introduction then provided 

information about characteristics of the treatment 

alternatives. 

 

Selection of attributes and levels  

Attributes and levels from previous research of Hulshof 

(2015) were used for creating the design for the 

prostate cancer case, listed in appendix 1, table 1.   

For the case of breast cancer, a list of attributes and 

levels was developed from an existing decision aid [32, 

33]. Guidelines of formulating attributes and levels in 

conjoint analysis of B. Orme (2002) were used  

as basis to generate proper attribute and levels [34]. 

Five attributes with two levels were revealed and are 

shown in appendix 1, table 2.  

 

Experimental design 

A fully balanced and orthogonal fractional factorial 

design was used as basis for the experimental design. 

The design was divided in three sections. Individually, 

the three sections represented a D-efficient design. 

This structure was used in order to operationalize 

reliability, validity and feasibility in both an efficient- and 

D-efficient experimental design.   

First, a perfect balanced and orthogonal design was 

generated, which consisted of a total of 16 choice sets. 

These 16 choice sets were derived from a full factorial 

design. D-efficient designs of 12 and 6 choice sets 

were roughly similar in level combinations to the design 

of 16 choice sets, so these two choice sets were 

included. The designs should be similar to ensure that 

6 choice tasks were comprised in the design of 12 

choice tasks, and 12 choice tasks were comprised in 

the design of 16 choice tasks. In this way, it could be 

guaranteed that the design of 16 choice tasks remained 

balanced and orthogonal. The design selecting process 

is shown in figure 2.  

 

 

 

Experimental design software Sawtooth Software SSI 

Web (version 6.4) was used to select choice sets based 

on the BWS case 2 technique (MaxDiff option). An 

example of one choice task for prostate cancer is 

shown in figure 3.   

 
Figure 3 Example of a choice for localized prostate cancer  

 

Cognitive burden and exhaustion of number of choice 

tasks were asked after completion of the first section (6 

choice tasks) when respondents got insight in their 

results. Cognitive burden was asked on a seven-point 

Likert scale, shown in figure 4. Similar questions were 

repeated after completion of additional 6 choice tasks 

(section II) and additional 4 choice tasks (section III). 

The total flow of the survey (figure 5) is provided as 

supplementary material in appendix 1. 

 

Study population 

Respondents were recruited based on the following 

inclusion criteria: (1) Men and women between the age 

of 18 and 80 years, (2) Dutch speaking and able to 

communicate well both verbal- and non-verbal, (3) able 

to deal with digital forms, (4) living in the Netherlands.  

Figure 2 selecting process of the design 

Figure 4 Example of questions to determine the cognitive burden  
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People were contacted by email, Facebook or face-to-

face with the question whether they would like to 

participate in a survey. Persons who were familiar to 

the investigator were also asked to take part in the 

study in order to increase the participation rate.   

 

Survey and data collection 

Data collection took place from the 13th of May till the 

28th of May 2016. The software Limesurvey was used to 

program the questionnaire and gather the data. 

Recruited respondents could answer the choice tasks 

by using a computer, laptop or IPad/tablet. 

Respondents received a description of the clinical 

decision and an example of a completed BWS case 2 

choice set. Calculations of counts analysis (total best 

minus total worst) were programmed in Limesurvey in 

order to show results of each section choice tasks (6 

choice tasks, 12 choice tasks and 16 choice tasks) 

directly to the respondent. Demographic questions were 

asked in the beginning of the questionnaire (e.g. age, 

gender, educational level and the awareness of 

respondents towards the disease).  

 

Statistical analysis 

Seven primary outcomes were important for evaluation, 

which were divided among reliability and validity, and 

feasibility:  

 

Reliability and validity 

(1) Changes in respondents’ predicted preferences 

were assessed by calculating the preferences in the 

breast cancer case and prostate cancer case in each 

section. Due a balanced design, preference scores 

automatically compensated for each alternative (i.e. the 

preference score for breast conserving therapy is +3, 

subsequently the preference score for breast removal 

therapy is the opposite, that is, -3). In addition, relative 

percentages based on maximum preferences and 

difference of preferences for treatments were calculated 

in each case (breast cancer-, prostate cancer- and both 

cases) for all sections.  

(2) Decision congruence was evaluated by comparing 

respondents’ preference after all sections of the 

questionnaire. This was assessed by asking the 

preference of treatment before starting the 

questionnaire and by comparing this to the preferences 

scores after the first (six decision tasks), second (six 

additional decision tasks; in total 12 decision tasks) and 

third section (4 additional decision tasks; in total 16 

decision tasks) of the questions.  

(3) Changes in preference certainty of respondents was 

assessed by asking respondents after each section of 

questions to what extent they were certain about their 

preference of treatment, which was requested on a 5 

Points-Likert scale from strongly disagree to strongly 

agree. 

(4) Consistency between received advice and 

preference was assessed by asking respondents after 

each section of choice tasks to what extent they though 

the advice was in line with their preferences. This was 

also requested on a 5 Points-Likert scale from strongly 

disagree to strongly agree. 

 

Feasibility  

(5) Respondents’ willingness to answer additional 

questions for a more reliable outcome/result was 

assessed by asking respondents to what extent they 

would answer an additional set of questions in order to 

get a more reliable outcome from 0 (definitely not) to 10 

(definitely).  

(6) Respondents’ appraisal of the decision process was 

evaluated by means of perceived cognitive burden. This 

was assessed by asking statements such as ‘The 

number of questions is (too) much” and “The questions 

are boring” on a 7 Points-Likert scale from strongly 

disagree to strongly agree.  

(7) The mean time that respondents deal with choice 

tasks per section was automatically measured by 

Limesurvey. Limesurvey captured only time statistics 

per group. 

 

RESULTS 
A total of 160 respondents have clicked on the URL-link 

to the survey. Of these, 95 respondents (59.3% of the 

total recruited respondents) submitted a complete 

questionnaire. A total of 24 men and 71 women 
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participated in the study, with a mean age of 36 years 

(range 19 – 74 years). Results are shown in table 3. 

 
* According to Erikson’s theory of stages of development [35] 

 

Reliability and validity  

The averaged individual probability that respondents 

preferred BC (vs. BR) slightly decreased after 

answering 6 questions (section I), 12 questions (section 

II) and 16 questions (section III). This was also the case 

for the total sample. In contrast, mean preference for 

AS (vs. CT) increased. Figure 6 shows a decrease in 

mean difference of preferences for treatments in 

roughly all casesa in section II, followed by an increase 

in section III. Overall, there was no indication that 

answering additional questions resulted in a different 

predicted preference for treatment. There was no 

interaction found between socio- demographic 

characteristics.  

                                                        
a

The breast cancer case showed roughly no difference in mean 
difference of preference for treatment options between section II and 
section III 

Dichotomizing preferences, the switching process 

between treatment options, and decision congruence 

between stated preferences (throughout a direct 

question) and predicted preferences are shown in figure 

7 and 8. A total of 23 respondents (almost 25%) 

indicated another stated preference than actually was 

shown in their predicted preference at the end of 

completing choice tasks. Still 6 respondents of the total 

sample size were indifferent for a treatment option after 

completing the choice tasks. 

 

Respondents with high decision congruence (N=62) 

indicated a stronger increase in preference certainty in 

all sections as compared to the total sample size 

(N=95), shown in figure 9. Though, respondents’ 

perceived accordance of received advice with their 

preferences for treatment showed almost no difference 

in the three sections. 

 

 

 

 

 
 

Figure 7 decision congruence of preferences in breast cancer 

Figure 8 decision congruence of preferences in prostate cancer 

Figure 6 mean difference of preferences for treatment options 
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Feasibility  

A total of 75% of the respondents were willing to 

answer additional choice tasks after section I in return 

for receiving a more reliable result (rate > 5, ranged 

from 0 to 10). After answering section II, there was a 

drop in willingness (56% gave a rate >5). The averaged 

willingness to answer additional questions was 

declining from 7.42 to 4.77 (mean difference = 2.65). 

Multiple response frequency analysis showed that there 

were no major differences in cognitive burden between 

section I and section II. As shown in figure 10, 

respondents perceived more cognitive burden in 

section III as they stated more agreement in aspects 

such as the abundance of choice tasks, the 

distractedness/concentration, the boringness, the 

feeling of reiteration of questions and tiredness. The 

time that respondents dealt with one choice task 

showed a declining tendency with respectively 46.0 

seconds (SD=14.3), 32.4 seconds (SD=11.3) and 25.0 

seconds (SD=6.6) in section I, II and III.  

Overall, most respondents were in (somewhat) 

agreement that the VCE was useful and had added 

value. In addition, they would recommend the tool. 

Some respondents gave comments on the tool, which 

were related to feelings of replying the same over again 

and difficulties in making choices and comparing 

characteristics. Two respondents expressed the desire 

for rating, ranking or weighting attribute levels instead 

of selecting one most and one least preferred option.  

 

 

 

 

 

 

 

 

 

 

 

DISCUSSION 
A VCE based on BWS Case 2 was used to investigate 

to what extent efficient- and D-efficient designs were 

affecting reliability of preference estimates, validity of 

treatment preference and feasibility of a preference 

survey questionnaire.  

 

Feasibility  

Results suggest that the VCE holds promise for 

feasibility to a maximum of 12 choice tasks (section II), 

by constraining the cognitive burden and retaining an 

optimal level of willingness to answer additional 

questions. Although there were roughly no differences 

in cognitive burden after 6- and 12 choice tasks (section 

I- and II), it appeared that respondents experienced 

significantly more cognitive burden after 16 choice 

tasks (section III), which was reflected in the fact that 

respondents were considerably less able to accomplish 

a stated answer after 16 choice tasks compared to 12 

choice tasks. Although there was a high willingness to 

answer additional choice tasks in return for a more 

reliable advice after section I, this score was 

considerably lower after section II. This supports our 

conclusion that respondent can answer a maximum of 

12 choice tasks.  

 

 

 

Figure 10 Total cognitive burden of multiple response analysis of all 
sections  

Figure 9 Preference certainty of respondents  



 11 

Reliability and validity  

Feasibility holds promise to a maximum 12 choice 

tasks, reliability and validity shows no assurance yet in 

an optimal balanced and orthogonal design (16 choice 

tasks). Even though results suggest that respondents’ 

preference certainty increases, there was a tendency 

towards smaller preference for one treatment after 

answering 12 choice tasks in the breast cancer case 

(N=71). Differences in preference for treatment options 

in all cases showed this declining tendency as well. 

Conversely, the prostate cancer case (N=24) showed 

an increasing tendency in differences in preference for 

both treatment options, admittedly that data was not 

statistically significant. There was no interaction found 

between socio- demographic characteristics (e.g. age, 

educational level and familiarity with the disease) and 

predicted preferences. Decision congruence between 

stated preferences and final preferences was estimable 

in the whole sample size, due to a significant interaction 

with 75% respondents’ agreement. Results of decision 

congruence in between the sections of choice tasks 

were worthy as well. A significant interaction was found 

between respondents with high decision congruence 

and preference certainty, as they indicated a higher 

degree of preference certainty. Overall, results in 

reliability and validity were obscure and indicated no 

strong evidence in providing an optimal number of 

choice tasks.  

 

Prior studies show likewise no consensus about the 

‘appropriate’ number of choice tasks per respondent. 

Good research guidelines state that including a number 

of 8 to 16 choice tasks is good practice [11], which is 

confirmed by Ryan and Gerard (2003). Similarly, the 

most commonly used choice sets in studies are 

between one and sixteen, with the average around 

eight choice tasks [36]. Another study found that 

respondents were capable of managing multiple choice 

sets, that was, 17 choice tasks, but indicated somewhat 

higher response variance compared to 5 choice tasks 

[37]. The experimental design of the VCE should be 

based on the trade- off between response efficiency 

and statistical efficiency characterized by respectively 

feasibility and reliability and validity.  

Few studies have been performed regarding the 

feasibility, reliability and validity in BWS tasks, and far 

less in patient-centered medical decision making facing 

preference elicitation methods. Prior studies of 

Potoglou et al. (2011), Flynn et al. (2013) and Yoo et al. 

(2013) have not investigated the internal validity and 

reliability of the tasks, nor have they determined the 

feasibility (acceptability) of the tasks for respondents 

[19, 38, 39]. In addition, a think aloud study of Whitty et 

al. (2013) had no definitive conclusion about the 

internal validity of the BWS task [40]. Several studies 

claimed BWS as beneficial over the DCE because of 

less cognitive burden and randomness in decision 

making [19, 41]. Paradoxically, the available evidence 

was not conclusive [42] and research showed still 

higher response inconsistency in BWS compared to 

DCE [40]. Our results suggested that there is less 

cognitive burden limited to 12 choice tasks, indicating 

that respondents are less arbitrary in their decision 

making. However, results in predicted preferences were 

not as expected and may be indicated as high response 

inconsistency and thus more randomness in decision 

making. So, there is a conflict between these two 

findings. Findings of an increased certainty in 

preferences in this study are consistent with empirical 

findings of Flynn et al (2013) and Yoo et al (2013), that 

showed a greater level of certainty in the decision 

making process of BWS compared to DCE [38, 39]. 

This, together with a high degree of decision 

congruence may indicate a favorable outcome related 

to the reliability and validity of preferences in a VCE. 

The mean time of completing one choice task may be 

seen as regular as compared to a study which 

investigated DCE tasks [43]. The declining tendency in 

mean time per choice task may indicate easiness for 

respondents answering the choice tasks. However, it 

could also be negatively interpreted as respondents are 

intended to answer effortless, automatic and much 

faster when they are confronted with unfamiliar, 

complex or overwhelming information or decision [27, 

29].  
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Strengths and limitations 

The study has several strengths and limitations. One 

major limitation is that respondents in the breast cancer 

case received predicted preferences in section II that 

were not accurate due to miscalculations of best minus 

worst scores in the software program Limesurvey. 

Although preferences calculations of breast conserving 

therapy were lower for all the respondents, only twelve 

respondents received a false treatment advice after 

section II based on their stated preferences. It was 

expected that preference certainty and accordance of 

advice with preferences showed a lower score in 

section II compared to section I, due to incorrect 

treatment advices. However, a few respondents 

indicated lower agreement. This suggest that 

respondents either did not pick up on the difference 

between stated preferences and predicted preference, 

did not link the attributes to the treatments during the 

task, did not have clear preferences for treatment or 

were not sure how to deal with the questions. Another 

possible option may that respondents were using 

simplification strategies finished quickly, and did not 

expect the predicted treatment to match their 

preferences.  

It was remarkable that there was still a decrease in 

predicted preferences in section II in the breast cancer 

case, while the prostate cancer case showed the 

expecting increase in preference scores. Both cases 

followed the same design and the same allocation of 

attribute levels in the choice tasks. This provides 

direction to the selecting procedure of attributes and 

levels in the breast cancer case, which was conducted 

less accurate and limited as compared to the localized 

prostate cancer case. Another reason could be the 

clinical decision, which is based on different 

preferences and may be more difficult for the breast 

cancer case compared to the prostate cancer case.  

Differences of preferences for treatment showed in both 

cases a decreasing tendency in section II, which may 

depend on the generated design. The design of section 

II could be included with more “dominated” attribute 

levels together in one choice task compared to other 

sections, leading to biased results in section II.    

Another point of interest was the method of recruiting 

respondents. Respondents were recruited by email, 

Facebook or face-to-face, so respondents’ acceptance 

was high, resulting in a large sample size. However, 

due to familiarity with the investigator respondents may 

be prepared and be willing to do more than when 

randomly a general population was recruited for the 

study. Respondents were provided with a case 

description, but potential benefits and harms of 

treatment options may be still unfamiliar to respondents 

which may be hard for them to evaluate this without 

sufficient information. Consequently, respondents’ 

decisions may be inconsistent with their true underlying 

values, indicated as unstable values [44-46]. Another 

point is that respondents were probably less concerned 

and anxious than in case of suffering the disease 

themselves. All this may have affected the way of 

answering the tasks and the extent of cognitive burden. 

Although the sample size was large, results must be 

carefully interpreted when considering the 

generalization to the practical field.  

 

Implications and recommendations for clinical 

practice  

Due to the quantitative-based study, additional 

experiences and thoughts about the method BWS Case 

2 and cognitive burden were not examined. Therefore, 

it would be advisable to perform the ‘think aloud’ 

approach whereby respondents verbalize their thinking 

whilst making choices in the BWS context. Previous 

studies demonstrated this method in obtaining priorities 

and assessing validity and acceptability of eliciting 

preferences with DCEs [40, 47, 48], suggesting 

potential benefits for deriving additional information 

about feasibility factors such as simplification 

strategies. Another promising method to assess 

feasibility is the method of Eye Tracking, which gives 

more insight in distraction of answering and how it 

influences the choices. It gives also potential benefits 

for understanding on how much of the attributes and 

attribute levels presented to respondents is being 
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considered in their decision making process [49]. This 

may lead to encouraging insights of validity and 

statistical efficiency of the VCE.  

Evaluation indicated that respondents would use the 

tool in future if it became necessary for them. Though 

some respondents still commented that they lacked a 

sort of importance rating of the characteristics.  

A way to solve this is to rank and/or rate the attribute 

level combinations in addition to the selecting the most 

and least preferred, for example, by using a post-test. 

This suggestion is in agreement to Flynn et al (2010) 

who noted that it is preferable to elicit a complete 

preference ordering from respondents in a choice 

experiment [41]. Whitty et al. (2013) would encourage a 

ranking approach for BWS studies as well [40]. 

According to this, it should be further investigated what 

method with experimental design is most optimal facing 

validity, reliability and feasibility to implement in clinical 

context.  

 

Conclusion 

Despite the limitations, this study provides important 

results with regard to the influence of efficient- and D 

efficient designs on feasibility of a preference survey 

questionnaire and reliability and validity of preferences. 

Findings indicate that a VCE should be considered as 

limited of 12 choice tasks, taking into account the 

cognitive burden, willingness to answer additional 

questions and response time, associated with 

simplification strategies and data completeness. 

Results in perspective of reliability and validity of the 

experimental design in the VCE seems promising, on 

account of an increase of stated certainty of 

preferences, a high degree of decision congruence and 

a low level of switching between treatment options. 

Constructing choice tasks is arguably the most 

important part in the design phase of a VCE, due to its 

major influence in the critical trade-off between 

statistical efficiency (related to reliability and validity) 

and response efficiency (related to feasibility). In 

particular selecting attributes and levels and generating 

the design needs to be carefully considered in further 

research, together with the consideration of a 

preference ranking task additional to BWS Case 2 to 

meet some desires of the used method. All needed to 

refine the VCE and determine what method and choice 

design, arguably to a maximum of 12 choice tasks, fits 

best in clinical context in order to ensure reliable and 

valid estimates. 
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APPENDIX 1 
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Figure 5 Total flow of the survey 


