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Abstract:  

Through a discrete choice experiment we elicited the Belgian adult population’s (18-75y; N = 

750) preferences for prioritizing health care. We used a Bayesian D-efficient design with 

partial profiles, which enables considering a large number of attributes and interaction 

effects. We included the attributes (i) type of intervention (cure versus prevention), (ii) 

effectiveness, (iii) risk of adverse effects, (iv) severity of illness, (v) link between the illness 

and patient’s health-related lifestyle, (vi) timespan between intervention and effect and (vii) 

patient’s age group. All attributes were significant, with patient’s lifestyle and age being the 

most influential. Interaction effects were found, showing that prevention was preferred to 

cure for disease in young adults, as well as for severe and lethal disease in people of any age. 

Substantial preference heterogeneity exists between respondents from different age groups, 

with different lifestyles and different health states. 
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1. Introduction 

Finding a fair match between ever-increasing medical needs on the one hand and finite health 

care budgets on the other counts among the greatest challenges our societies are facing. 

Consensus exists that such priority setting should reflect a concern for both efficiency 

(making maximal use of valuable resources) and equity (avoiding that some people become 

deprived of their deserved share) (Sen, 2002; Wagstaff, 1991). Over the past decades, the 

concern for efficiency has been operationalized in cost-utility analysis (CUA), informing 

decision makers on the ratio between incremental costs and incremental Quality-Adjusted 

Life Years (QALYs) attributable to interventions (Gold et al., 1996). Equity, however, 

remains a much more elusive concept as a large number of contextual considerations of 

patients, illnesses or interventions could justify a more or less favorable weighing in rationing 

decisions (McIntyre and Mooney, 2007). Therefore, an important research objective remains 

to clarify distributive principles that carry social support in order to better align priority 

setting with societal preferences. With this paper, we contribute to the empirical literature 

describing the general public’s distributive preferences regarding health care. We do so by 

means of a discrete choice experiment (DCE) held in a representative sample of the Belgian 

adult population.  

Our study is innovative in three ways. First, published studies about preferences for health 

care resource allocation largely ignored the difference in nature between prevention and cure. 

However, unlike cure, prevention (i) avoids the intangible costs of experiencing ill-health, (ii) 

can give rise to substantial externalities, with consequences for efficiency and equity 

(Carande-Kulis et al., 2007) (e.g. herd immunity through vaccination (Beutels et al., 2003)), 

(iii) is closely related to social justice (e.g. by adjusting social determinants of health) 

(Powers and Faden, 2008) and (iv) is only attributed a small fraction (< 5%) of the health 

care budget in most countries (OECD, 2010), and may be first to be cut in times of scarcity. 

In this study, we pay specific attention to the relative value of either type of health care and 

investigate whether their nature affects rationing principles. 

Second, preference elicitation studies predominantly use DCEs. We use a Bayesian D-

efficient experimental design with partial profiles, which has the following advantages: (i) it 

takes into account prior knowledge concerning the respondents’ preferences, (ii) it allows 

estimation of interaction effects, (iii) it results in estimates of the attributes’ main effects and 

interaction effects with maximum precision, (iv) it avoids the use of uninformative choice 
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sets in the DCE and (v) it allows investigating a larger number of attributes without 

increasing the cognitive burden on respondents. 

Third, an important criticism against studies eliciting social preferences is that aggregation 

covers up important heterogeneity in the ethical views of different respondents (Powers and 

Faden, 2006). We therefore pay much attention to differences in the preferences of relevant 

subgroups, via the inclusion of several respondent characteristics as covariates in our 

analysis. 

2. Methods 

Discrete choice experiments (DCEs) are a widely used technique to quantify individuals’ 

preferences by observing their stated choices in a number of hypothetical scenarios (Louviere 

et al., 2000; Ryan et al., 2008). Respondents are confronted with a sequence of choice sets 

consisting of two competing options. For each choice set they have to indicate the option they 

like best. The options are described in terms of a fixed set of attributes or dimensions that 

differ in their levels. The data from a DCE allow the assessment of the relative importance of 

each attribute in the total value attributed to the options under valuation. DCEs are 

predominantly used to elicit personal preferences (for a general review of applications, see 

(de Bekker-Grob et al., 2012)), but, in a number of studies, they have also been used to 

explore a population’s social and ethical views regarding priority setting in health care (e.g. 

(Lancsar et al., 2011; Norman et al., 2012); for specific reviews, see (Dolan et al., 2005; 

Green and Gerard, 2009; Schwappach, 2002b)).  

Conducting a DCE involves the following steps: (i) identification of the attributes and 

attribute levels, (ii) statistical design of the choice sets, (iii) survey development, (iv) sample 

selection and (v) quantification of and statistical inference about the relative importance of 

the attributes and attribute levels.  

2.1 Identification of the attributes and attribute levels 

For our research objective, it was important to identify a number of decontextualized, generic 

characteristics that provide a workable description of both preventive and curative 

interventions. These characteristics should enable respondents to make a meaningful 

judgment regarding the moral necessity to reimburse a given intervention. We considered 

literature review and expert opinion the preferable sources of information. Reviews have 



4 

 

classified considerations, potentially relevant for rationing health care programmes, in three 

groups: characteristics belonging to (i) the patient, (ii) the intervention and (iii) the health 

condition (Olsen et al., 2003; Schwappach, 2002b). We updated a review of DCEs about 

priority setting (Green and Gerard, 2009) and identified 12 DCEs exploring the social value 

of health care (Baltussen et al., 2006; Bryan et al., 2002; Defechereux et al., 2012; Green and 

Gerard, 2009; Lancsar et al., 2011; Mentzakis et al., 2011; Mortimer and Segal, 2008; 

Norman et al., 2012; Ratcliffe et al., 2009; Schwappach, 2003; Schwappach and Strasmann, 

2006; Tappenden et al., 2007). We reviewed these studies focusing on the attributes used. We 

observed that all studies used combinations of attributes to indicate (i) what would happen 

when a patient would not receive care (severity of illness (SOI), expressed in morbidity 

and/or mortality), and (ii) what would happen in case a patient received care (effectiveness of 

the intervention/health improvement). Additionally, the studies involved (iii) a cost or budget 

impact attribute, (iv) the number of patients affected, (v) alternative treatment options and 

(vi) characteristics of the recipient (mainly age or health-related lifestyle). 

The reviewed studies, however, mainly focused on cure, either explicitly or implicitly by 

shaping a context that is intuitively associated with curing patients, rather than with 

preventing illness. Therefore, we carried out a separate review of studies aiming to elicit 

preferences for prevention in order to find additional attributes. In a review of 114 DCEs (de 

Bekker-Grob et al., 2012), we found nine specifically applied to preventive interventions 

such as screening tests or vaccines (Bishai et al., 2007; Bishop et al., 2004; Hall et al., 2006; 

Hall et al., 2002; Lancsar et al., 2007; Ryan et al., 2005; Ryan and Hughes, 1997; Salkeld et 

al., 2003; Wordsworth et al., 2006). These nine studies suggested the inclusion of two 

additional attributes in our DCE, namely (i) the intervention’s risk on adverse effects and (ii) 

the timespan between the intervention and its clinical effect.  

A few studies in the literature did compare stated preferences for prevention and treatment 

(see Section 4) (Bosworth et al., 2010; Corso et al., 2002; Schwappach, 2002a; Ubel et al., 

1998), but these studies did not provide us with additional attributes. They were all 

exploratory studies describing interventions in terms of merely one or two dimensions on top 

of the type of intervention (i.e. health gain (Schwappach, 2002a; Ubel et al., 1998) and 

number of patients (Corso, 2006)), or comparisons of preventive and curative interventions in 

specific circumstances (e.g. food safety or cancer prevention) (Bosworth et al., 2010; Corso 

et al., 2002).  
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In sum, our literature review suggests the following list of nine attributes as most useful to 

include in our DCE: type of intervention (curative or preventive), effectiveness of the 

intervention, adverse effects associated with the intervention, SOI, cost of the intervention, 

number of patients, relation to health-related lifestyle, timespan between the intervention and 

the expected effect and age group of the patient.   

Subsequently, we organized group discussions with convenience samples consisting of 

researchers (N = 10) and lay persons (N = 14) in which we presented interventions in terms 

of these nine characteristics to investigate whether (i) we overlooked potentially important 

attributes and (ii) the descriptions we used for the attributes and their levels allowed a 

realistic mental image of a health care program. No additional attributes were considered 

essential. However, when we presented exploratory choice sets to our test subjects, it 

appeared that inclusion of all nine attributes made the cognitive burden too large for 

respondents. Therefore, after re-testing, we decided to exclude the attributes intervention 

costs and number of patients by mentioning in every choice set that the interventions had the 

same cost and were beneficial for the same number of patients.  

The next challenge was to refine the wording used to describe the attributes and their levels, 

and to consider other than verbal presentations of the attribute levels. First, we presented all 

attributes to our convenience sample in various formulations to determine which one was 

easiest to understand. Since the use of attributes representing risks or chances is cognitively 

demanding, we considered using visualizations for the levels of the attributes effectiveness, 

risk on adverse effects and lifestyle instead of verbal descriptions (Ancker et al., 2006). 

However, we learnt from our convenience sample that a verbal description was most reliable, 

because it minimized the cognitive burden imposed on the respondents while still bringing 

across the intended meaning. Also for the other attributes, we experimented by describing 

levels using absolute numbers and percentages, and found that the choice task was most 

intuitive when we described levels verbally.  

We utilized three levels for each attribute, except for the attributes type of intervention, 

which has two levels, and age group of the patient, which has five levels. For the age 

attribute, we decided against covering all ages and to opt for equally wide age intervals at 

different stages of life. Table 1 shows the descriptions of the attributes and their levels used. 

We presented the attributes one by one to the members of our convenience sample and asked 

them how they interpreted each attribute. We encountered no difficulties in understanding.    
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Table 1: Attributes and levels. 

Attribute Level 

What type of intervention is it? 
1. preventive (aiming to prevent healthy persons from becoming ill) 

2. curative (aiming to cure people who are ill) 

How big is the probability of 

success of the intervention? 

1. 1 in 3 is successful (33%) 

2. 2 in 3 is successful (66%) 

3. always successful (100%) 

How often do adverse effects 

occur? 

1. often 

2. rarely 

3. never 

How severe is the illness for which 

the intervention is developed? 

1. not lethal, but everyone who gets the disease will experience a 

short period of illness without lasting effects (not severe) 

2. not lethal, but everyone who gets the disease will experience a 

severe and lasting reduction in quality of life (severe) 

3. lethal, everyone who gets the disease will die from it (lethal) 

Does the patient cause the disease 

through his or her own lifestyle? 

1. fully 

2. partly 

3. not at all 

How long does it take before the 

patient becomes ill/ shows 

signs/symptoms of illness? 

1. after 20 years 

2. after 5 years  

3. within a year 

At what age does the patient 

become ill? 

1. 80 – 90 years 

2. 60 – 70 years 

3. 40 – 50 years 

4. 20 – 30 years 

5. 0 – 10 years 

 

2.2 Experimental design 

The DCE presented respondents with 14 choice sets of two competing medical interventions, 

termed ‘profiles’ henceforth. For each choice set, respondents had to indicate the profile they 

preferred. The profiles are combinations of levels of the seven attributes in Table 1. To limit 

the cognitive burden imposed on the respondents, we varied the levels of only four of the 

seven attributes in the choice sets. We kept the levels of the other attributes constant, but also 

showed them to the respondents. Showing the levels of the constant attributes improves the 

validity of the parameter estimates on the one hand (Dellaert et al., 2012), and allows for the 

estimation of interaction effects on the other hand. The resulting profiles are called ‘partial 

profiles’ (Green, 1974; Kessels et al., 2011b, 2012). To facilitate the choice tasks, we 

highlighted the varying attributes in each choice set. Figure 1 shows an example choice set 

where respondents had to choose between two interventions A and B.  
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Figure 1: Example of a choice set. 

Medical interventions A and B are exactly equally expensive and they apply to a similar number of 

patients. If you were forced to make a choice, which of both interventions should be reimbursed by 

the government? To make it easier for you, we have highlighted in yellow the characteristics that 

differ between both interventions. There are no right or wrong answers; we are interested in your 

opinion.  

 A B 

What type of intervention is it? 
Curative 

(meant to cure patients who are ill) 

Preventive 
(meant to prevent healthy persons from 

becoming ill) 

How big is the probability of 
success of the intervention? 

2 in 3 is successful Always successful 

How often do adverse effects 
occur? 

Often Often 

How severe is the illness for which 
the intervention is developed? 

Not lethal, but everyone who gets the 
disease will experience a severe and 

lasting reduction in quality of life 

Lethal, everyone who gets the disease 
will die from it 

Does the patient cause the disease 
through his or her own lifestyle? 

Not at all Not at all 

How long does it take before the 
patient becomes ill/ shows 
signs/symptoms of illness? 

Within a year Within a year 

At what age does the patient 
become ill? 

0 to 10 years 40 to 50 years 

YOUR PREFERENCE: ◘ ◘ 
 

To maximize the information content of the DCE, we created three different surveys by 

constructing a partial profile design involving 42 choice sets and dividing it into three groups 

of 14 choice sets such that each group or survey has a similar partial profile design structure 

(see below). In constructing the design profiles, we excluded four unrealistic combinations of 

levels of two attributes, shown in Appendix A, which also includes the three surveys. We 

ensured that each survey was filled out an equal number of times. As pointed out by (Sandor 

and Wedel, 2005), using 42 instead of 14 different choice sets results in a larger amount of 

information on the respondents’ preferences and therefore in more precise estimates of the 

relative importance of the attributes and attribute levels.  

Besides the estimation of the main effects of the attributes, we were also interested in 

estimating the interactions between “Type of Intervention” and any other attribute. However, 

because of the disallowed level combinations associated with the attribute “Timespan” 
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(shown in Appendix A), the interaction between “Type of Intervention” and “Timespan” 

cannot be estimated. As a discrete choice model, we used a multinomial logit (MNL) model, 

which is common practice in discrete choice design and analysis (Ryan et al., 2008). The 

partial profile design in Appendix A is D-efficient or D-optimal for the MNL model, 

meaning that it guarantees precise estimates of the main effects and the interactions between 

“Type of Intervention” and five other attributes (Kessels et al., 2011c).  

Each choice set of the D-efficient partial profile design varies the levels of four of the seven 

attributes. These varying attributes differ from choice set to choice set. We determined them 

using the attribute balance approach that attempts to vary each attribute in an equal number of 

choice sets and to pair varying attributes an equal number of times (Kessels et al., 2011b, 

2012). That is why each attribute is varied in eight choice sets of each survey of the partial 

profile design.  

The D-efficient partial profile design takes into account prior knowledge concerning the 

respondents’ preferences. For our DCE, for example, it generally holds that the expected 

priority ranking for reimbursement of interventions is, from low to high, related to a mild 

disease, followed by a severe, but not lethal disease, and finally, a lethal disease. Similarly, 

for all other attributes, we took into account expert prior information about the most logical 

ordering of the levels of the attributes, from low priority to high priority, the result of which 

is shown in Table 1. We also ranked the attributes in order of expected importance and 

expressed our uncertainty regarding the a priori orderings of the attributes and attribute levels 

in a prior multivariate normal distribution. In Appendix B, we discuss in detail how we 

obtained that multivariate normal prior distribution to optimize the design. The design that 

maximizes the information content (as measured by the log-determinant of the information 

matrix; see (Kessels et al., 2011c)) of the DCE, when averaged over that prior distribution, is 

called a Bayesian D-efficient design. The Bayesian D-efficient design approach is 

increasingly considered a state of the art approach for DCEs (see, e.g., (Kessels et al., 2011a; 

Kessels et al., 2011c; Reed Johnson et al., 2013; Rose and Bliemer, 2009)). Major benefits of 

Bayesian D-efficient designs are that, using a proper prior distribution, they avoid choice sets 

in which one profile is completely dominating the other profile(s) on every attribute (Crabbe 

and Vandebroek, 2012), and such designs can be constructed to efficiently estimate 

interaction effects (as demonstrated below). 
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2.3 Presentation of the surveys  

We provided respondents with a web link that allowed them to carry out the choice tasks at 

their earliest convenience. To help respondents, we presented a thorough explanation of the 

choice tasks at the beginning of the DCE to familiarize them with (i) the context of increasing 

scarcity in health care and the problem of setting priorities, and (ii) all seven attributes and 

their levels and how they are used in the description of a treatment or a preventive 

intervention. We asked respondents to choose, based upon their opinion about social justice, 

between two interventions of which only one could be reimbursed by the government.  

After the DCE, we asked respondents a number of background questions concerning their 

age, gender, height, weight, educational attainment, family size, experience as health care 

worker (HCW), smoking status and experience with severe illness (personal or within the 

family). In order to have an estimate of the respondent’s current health state, the respondents 

also had to complete the EuroQol health survey (i.e. the Visual Analogue Scale (VAS) and 

the generic EQ-5D-5L) (Euroqol-group, 1990; Herdman et al., 2011).  

2.4 Sample selection 

In June 2012 a sample was drawn, representative for the Belgian population in terms of age, 

gender, region and educational attainment, from an actively managed, continuously updated 

panel of 10,753 Belgians. Participation was incentivized with (i) credits by means of which, 

after a number of positively evaluated survey participations, gifts could be bought and (ii) a 

lottery organized on a per survey basis. Only one respondent per household was allowed. The 

market research company guarantees high-quality data through checks and ensures that only 

‘serious’ respondents are included. To this end, fraudulent, inattentive, hyperactive or 

conditioned respondents were removed from the sample, e.g. respondents who complete the 

survey unreasonably fast (‘speedsters’), consistently give the same answer (‘straightliners’), 

etc. 

A total of 30% (N = 3,160) of the 10,753 contacted individuals agreed to participate, of 

which 937 were selected based upon the quota requirements. Of the selected individuals, 187 

either did not finish the survey or did not meet the quality criteria. This left us with a sample 

of 750 respondents (250 respondents for each of the three versions of the survey), and 10,500 

observed choices in total, i.e. 14 per respondent. Table 2 compares basic characteristics of 

the sample to those of the population, showing overall good agreement. Given the societal 
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context of this study, and a lack of clarity about which additional criteria can identify 

irrational response data in a DCE (Lancsar and Louviere, 2006; Ryan et al., 2009), all 750 

respondents were included in our analysis.  

Table 2: Characteristics of the sample relative to those of the Belgian population. 

 Sample Belgian population 

Language   

Dutch 56% 56% 
French 44% 44% 

Gender   

Male (M) 50% 50% 
Female (F) 50% 50% 

Gender per age group °   
18 – 25 M 6% 6% 
18 – 25 F 6% 6% 
25 – 34 M 9% 9% 

25 – 34 F 10% 9% 

35 – 44 M 10% 11% 
35 – 44 F 10% 10% 

45 – 54 M 10% 10% 
45 – 54 F 11% 10% 

55 – 64 M 9% 8% 

55 – 64 F 10% 8% 
65 – 74 M 6% 6% 

65 – 74 F 4% 6% 

Level of education *   

None or lower education 8% 19% 
Lower secondary 10% 20% 

Higher secondary 31% 33% 

Higher non-university 35% 18% 
University  15% 10% 

Province   

Antwerp 15% 16% 
West Flanders 10% 11% 

East Flanders 13% 13% 

Limburg 8% 8% 

Hainault 13% 12% 
Liege 10% 10% 

Luxemburg 3% 2% 

Namur 5% 4% 

Brussels  10% 10% 

Flemish Brabant 11% 10% 
Walloon Brabant 3% 3% 

Smoking status 
§
   

Never smoked 45% 54% 
Ex-smoker 30% 22% 

Smoker 25% 25% 
 

Source Belgian Data: Federale Overheidsdienst Economie (FOD-economie, 2012) 

° Age: The percentages reported are proportions in the selected population (18-75), representing 71% of the 

total Belgian population.  

* Education: The percentages reported for the Belgian population are for the age group 15 years or older. The 

percentages for our sample are only for the age group 18-75 years. The overrepresentation of higher educated 

respondents in our sample as compared to the total population can be explained by our exclusion of the group 
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15-18 years that is too young for higher education, and the age group 75 years or older for which higher 

education was less democratically accessible.   

§ Smoking percentages from the population are based upon the following study (SIPH, 2008) and are 

representative for the population aged 15 years or older. 

2.5 Data analysis 

The data collected using a DCE allow estimating the respondents’ utility function as part of 

the multinomial logit (MNL) model. We started by estimating the a priori MNL model, i.e. 

the model that seemed most useful when planning the entire study and which was used as a 

basis for constructing the D-efficient design for the DCE. That model includes the main 

effects of all attributes and the interactions between type of intervention and five other 

attributes. Next, we dropped the insignificant model terms until we obtained a final model in 

which all remaining effects had significant explanatory value. We carried out the entire data 

analysis using the Choice Modeling platform in the statistical software package JMP 10, 

which is a user-friendly product of SAS. 

3. Results 

3.1 Main and interaction effects 

Figure 2 and Table 3 summarize the results of our analysis. All attributes except for type of 

intervention had a significant main effect, indicating their relevance for priority setting to the 

Belgian public. Two significant interaction effects were found: the interaction between type 

of intervention and age of the patient and the interaction between type of intervention and 

SOI. Hence, our data provide statistical support for the hypothesis that the relative value of 

cure versus prevention differs as a function of the age group of the patient and the severity of 

the health problem. The main-effect estimates in Table 3 represent the utilities attached to the 

different levels of the attributes. The directions and the incremental changes of these 

coefficients across the levels of each attribute are in line with the a priori expectations. As 

shown in Figure 2, the most influential attributes were the patient’s age and health-related 

lifestyle, followed by the intervention’s effectiveness. Type of intervention is also an 

important attribute for the model because it appears in two significant interaction effects. Its 

importance is shown by the likelihood ratio (LR) test for the joint significance of the three 

effects involving this attribute (LR Chi-square = 26.19; DF = 7; p-value = 0.0005). 
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Figure 2: Importance of the main and interaction effects of the seven attributes in the MNL 

model relative to the most important attribute “Lifestyle of Patient”. 
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Table 3: Estimates of coefficients in the MNL model and significances of the attribute 

effects obtained from likelihood ratio (LR) tests.  

 

* Coefficient estimates corresponding to the last level of an attribute, either as main effect or involved in an 

interaction, are indicated in italic to stress that they are calculated as minus the sum of the estimates for the other 

levels of that attribute. 

 

Term Estimate LR Chi-square DF P-value 

Lifestyle of Patient     

fully -0.3742 

174.784 2 <0.0001 partly 0.0483 

not at all  0.3259* 

Age of Patient     

80 – 90 years -0.6160 

181.700 4 <0.0001 

60 – 70 years -0.0067 

40 – 50 years 0.1168 

20 – 30 years 0.2206 

0 – 10 years  0.2853* 

Effectiveness     

33% -0.2584 

89.185 2 <0.0001 66% 0.0282 

100%  0.2302* 

SOI     

not severe -0.2210 

37.928 2 <0.0001 severe 0.0653 

lethal  0.1557* 

Adverse Effects     

often -0.1582 

33.601 2 <0.0001 rarely 0.0856 

never  0.0726* 

Type*Age of Patient     

preventive*80 – 90 years 0.0120 

20.218 4 0.0005 

preventive*60 – 70 years -0.0676 

preventive*40 – 50 years -0.0480 

preventive*20 – 30 years 0.1103 

preventive*0 – 10 years -0.0067* 

curative*80 – 90 years -0.0120* 

curative*60 – 70 years  0.0676* 

curative*40 – 50 years  0.0480* 

curative*20 – 30 years -0.1103* 

curative*0 – 10 years  0.0067* 

Timespan     

after 20 years -0.0843 

6.42 2 0.0404 after 5 years 0.0234 

within a year  0.0609* 

Type*SOI     

preventive*not severe -0.0431 

6.043 2 0.0487 

preventive*severe 0.0345 

preventive*lethal  0.0086* 

curative*not severe  0.0431* 

curative*severe -0.0345* 

curative*lethal           -0.0086* 

Type     

preventive 0.0137 
0.380 1 0.5376 

curative -0.0137* 
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Figure 3 shows two interaction plots. The plot in Panel A shows that prevention has a 

substantially greater value than cure for patients in the age group of 20-30 years. For patients 

older than 30, the utility of prevention steeply declines, whereas the value of cure remains 

relatively stable over the age interval from 20 to 70. For the youngest patients, prevention and 

cure are considered equally important, while for the oldest patients, prevention and cure are 

considered equally unimportant. Figure 3’s Panel B shows that SOI has a bigger impact on 

the utility of a preventive intervention than on that of a curative one. Prevention was valued 

lower than cure in case of a non-severe, transient illness. However, it was valued higher for 

severe long-lasting and life-threatening diseases. As no other interaction with type of 

intervention was significant, our respondents did not consider effectiveness, risk of adverse 

effects or lifestyle to be of differential importance for choosing between prevention and cure.  

Figure 3: Marginal utility values for different combinations of “Age of Patient” and “Type of 

Intervention” (Panel A) and for different combinations of “Severity of Illness” and “Type of 

Intervention” (Panel B). 

A.       B.     

 

 

3.2 Preference heterogeneity 

In this section, we discuss the statistically significant heterogeneity between various 

subgroups of respondents.  

Age. When respondent’s age was included as a covariate in the discrete choice model, we 

found that younger respondents attribute significantly more importance to patient’s age and 

lifestyle, and to SOI. Older respondents attribute more importance to the effectiveness of the 

intervention. To visualize the impact of the respondent’s age, we partitioned the respondents 
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of our dataset in three age groups: 18-35y, 36-60y and 61-75y (see Figure 4). For the 

youngest respondents, the social value of an intervention depends more strongly on the 

patient’s age (Panel A, dotted line) and the link between the disease and the patient’s lifestyle 

(Panel B, dotted line) than for the older respondents.  

Gender. The covariate gender appeared in two significant interactions, one involving the 

attribute patient’s age and one involving the attribute effectiveness. Female respondents 

attach less value to interventions for older patients than male respondents. Male respondents 

attribute a higher value to effectiveness.  

Level of education and experience in health care. Respondents with a degree of higher 

education (university or non-university) attribute more value to prevention. In addition, they 

discount future health gains to a lesser extent, and therefore value interventions with long-

term benefits more highly. Also, higher educated respondents are more willing to ration 

based on age, and attribute more importance to SOI. No differences in opinion were found 

between higher and lower educated respondents for the attributes lifestyle, effectiveness and 

adverse effects. Present or past experience as health care worker (14% of the sample) did not 

result in significant interactions.  

Household. The larger the household of the respondent, the larger the extent to which 

prevention was preferred to cure and the more the value of health care decreased as a 

function of patient’s age. Respondents living with children gave more importance to patient’s 

age. No significant interactions were found with other attributes.  

Health state. Respondents who reported having had personal experience with severe illness 

attach greater value to cure than to prevention, and to current rather than to future health 

gains. They attribute less importance to adverse effects and are less inclined to take the age of 

patients into account. Also, we found some significant interactions with respondents’ EQ-5D-

5L and VAS scores. The lower their EQ-5D-5L score, the more likely respondents were to 

prefer cure over prevention and to prefer current health gains over future ones. Similarly, the 

lower the VAS score, the stronger the preference for cure over prevention and the lower the 

importance of the patient’s age group. We also partitioned our sample in a ‘good health’ 

group (74% of the sample) and a group with ‘present or past health problems’ (26%), 

depending on whether or not they had personal experience with severe illness, or have an 

EQ-5D-5L score below 0.6 or a VAS score below 60. Both groups differ in that the ‘good 

health’ group prefers prevention, discounts future health gains to a lesser extent and is more 
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willing to ration based on age. Respondents’ choices did not differ significantly based on 

experience with severe illness in their family.  

Lifestyle. Whether or not the respondent is a smoker is a highly influential covariate and, 

hence, an important factor explaining preference heterogeneity among the respondents. 

Smokers clearly prefer cure to prevention, discount future health gains to a greater extent and 

attribute a lower importance to the attributes lifestyle and patient’s age. Also, Body Mass 

Index (BMI) turns out to be an important covariate. The higher the BMI score, the more a 

respondent prefers cure to prevention and discounts future health gains. Also, respondents 

with a large BMI do not value the SOI, the disease’s link with lifestyle and the patient’s age 

as highly as respondents with a low BMI. To visualize the differential valuation by 

respondents with a ‘healthy’ lifestyle and patients with an ‘unhealthy’ lifestyle, we 

partitioned the respondents in two groups, one group containing respondents with a BMI 

exceeding 30 (i.e. the obesity threshold (Aasheim and Sovik, 2011)) as well as smokers (in 

total 38% of the sample) and one group containing non-smokers that have a BMI lower than 

30. The ‘unhealthy’ lifestyle group preferred cure to prevention, attributed a lower value to 

lifestyle and patient’s age (as illustrated in Panel B of Figure 4), and, remarkably, attached 

more importance to the risk of adverse effects.  

Figure 4: Marginal utility values for the attributes “Age of Patient” (Panel A) and “Lifestyle 

of Patient” (Panel B) for different population subgroups. 

A.           B. 
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4. Discussion 

We elicited preferences of Belgians for the allocation of the health care budget. We paid 

particular attention to the distinction between preventive and curative health care. Although 

characteristics of the intervention (effectiveness and risk on adverse effects) and of the illness 

(SOI and timespan) were found to matter, mainly characteristics of the patient (age and 

health-related lifestyle) drive respondents’ distributive preferences. SOI and patient’s age 

group played a different role in prevention and cure: for young patients and for more severe 

diseases, to prevent was considered better than to cure. We also detected substantial 

heterogeneity in the preferences: young, healthy, highly educated or more health-conscious 

adults responded in a markedly different way than older, unhealthy, less well educated and 

health-unconscious ones.  

Our results confirm studies in other countries indicating that the context (partly) shapes the 

social value of QALYs, and that the general public’s distributive preferences diverge from a 

simple health maximization approach, as would be prescribed by CUA (i.e. minimizing 

cost/QALY) (e.g. (Bryan et al., 2002; Dolan and Cookson, 2000; Dolan et al., 2005; Green 

and Gerard, 2009; Lancsar et al., 2011; Mortimer and Segal, 2008; Norman et al., 2012; 

Ratcliffe et al., 2009; Schwappach, 2003)). While several of these studies also showed that 

the attributes age and lifestyle are relevant factors, our results suggest a much stronger impact 

of the lifestyle attribute. 

Studies that explored preferences for prevention and cure (see Section 2.1) found either no 

preference (Corso et al., 2002; Ubel et al., 1998), a preference for prevention (Bosworth et 

al., 2010; Johannesson and Johansson, 1997; Mortimer and Segal, 2008) or a preference for 

cure (Corso et al., 2002; Schwappach, 2002a). Our sample valued prevention higher than cure 

only when it is targeted at relatively young age groups and when it protects against more 

severe illness. However, as the self-inflicted nature of a health condition was a factor of 

major moral relevance in our study, indirectly, our results can also be interpreted as providing 

further support for prevention in general. An allocation scheme that accounts for individual 

responsibility would mainly ration on curative treatments as accountability for lifestyle is less 

relevant for (not) providing prevention, especially when it comes to primary prevention. 

Preventive programs can incentivize, or even enable citizens to adopt healthy and responsible 

lifestyles before their lifestyle associated risk exposure requires cure.  
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Priority setting in health care requires societal support (Claxton and Culyer, 2008). However, 

as the majority is not necessarily right (Hausman, 2004; Richardson, 1997), the results of our 

study should always be complemented by ethical considerations regarding the priorities 

defined by the respondents of our study. These considerations are concerned with 

accountability and age-based rationing.  

First, the respondents in our study held the opinion that people who knowingly take health 

risks should somehow be held accountable. This idea is supported by several arguments 

(Cappelen and Norheim, 2006; Segall, 2009). (i) A powerful intuition of justice is that our 

lives should predominantly depend upon the choices we make ourselves, and not upon social 

determinants and accidental developments (luck-egalitarianism, e.g. (Roemer, 1998)). 

Analogously, in the name of justice, society has a bigger moral obligation to help those who 

were struck by bad luck than those who can be held personally responsible. (ii) In a health 

insurance pool those who voluntarily engage in risky behaviors behave in an antisocial 

fashion and free ride on the efforts of others, as they knowingly increase their need for future 

medical services, impose costs on others and pressurize the system. However, strong ethical 

arguments can also be brought forward against accountability for lifestyle (Denier et al., 

2013): (i) While we can identify conduct that increases the risk of illness or injury, it remains 

very difficult to conclude that a particular health consequence was actually caused by a 

particular lifestyle choice and not by other factors. (ii) We can only hold individuals 

accountable for informed, voluntary choices. Lifestyle choices are, however, often related to 

addiction, absence of willpower or lack of education, in which case we should wonder just 

how voluntary such behavior is. (iii) Some argue that in the long run healthy lifestyles are not 

less but more expensive to society (Manning et al., 1989). (iv) The practical implementation 

of lifestyle accountability might be costly and detrimental to personal privacy, since it would 

require investigation and documentation of citizens’ lifestyles. And (v) whereas it can be fair 

to account for lifestyle, there is a strong moral case for a health care system that is also 

compassionate (Segall, 2009). For these reasons, introducing lifestyle considerations in 

health care rationing remains hitherto controversial. Currently, preventive policies aimed at 

dissuading unhealthy lifestyles such as, for instance, alcohol, fat, sugar or smoking taxes are 

gaining more interest (Cook and Durrance, 2013; Dharmasena and Capps, 2012). Such 

measures, if effective, would increase short-term government income and reduce lifestyle-

related morbidity.  
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Second, although support differed in magnitude between subgroups of respondents, our 

sample – including the older generations – supported some form of age-based rationing. The 

view that a lower weight must be given to health care once a certain age threshold has been 

reached, is in essence egalitarian (Callahan, 1987; Daniels, 1988). It relies on the view that 

society should aim to correct unjust inequality of opportunity, in this case promoting a more 

equal distribution of healthy life years among its members (Daniels, 1985). In this respect, 

the ones who have had their ‘fair innings’ have a reduced entitlement to the available 

resources as compared to those who have not yet received their share (Williams, 1997). 

However, biomedical progress in extending human longevity obscures the idea of fair 

innings, i.e. what constitutes a normal or a natural lifespan and which functionings are to be 

considered essential for which stage of life (Farrant, 2009) and in which era in time.  

Some limitations in the methodology of our study must also be mentioned. First, although our 

sample was broadly representative for the Belgian population, respondents were recruited 

from an online panel. This excluded respondents older than 75 years. Moreover, membership 

of the panel may be associated with unobservable characteristics. Second, we surveyed our 

sample on a complex topic, in a single recording. We encouraged respondents to think 

thoroughly about their answer and evidence suggests that respondents’ answers to DCEs like 

ours are reliable (Schwappach and Strasmann, 2006). Nonetheless, it would be interesting to 

repeat this study in a non-panel sample (e.g. generated through random digit dialing of 

telephone numbers), and to organize a follow-up study in the same sample to compare the 

results. Third, an inherent limitation of DCEs is that only a limited number of attributes can 

be used. Although we included a relatively large number of relevant attributes, the choice 

alternatives we presented remain simplified versions of health care programs. Fourth, because 

this simplified the choice tasks, we excluded the cost attribute. A disadvantage of this was 

that it became impossible to quantify willingness to pay for changes in the attributes levels. 

However, such inferences were not our primary objective, and, moreover, they have also 

been shown to be less informative than expected on various occasions (Johnson et al., 2011; 

Slothuus Skjoldborg and Gyrd-Hansen, 2003).  

The objective of our study was to provide empirical input into the unavoidable debate about 

health care rationing. We found that the average Belgian does not want priorities to be set 

purely on an efficiency basis, i.e. maximizing health gains within the budget, but that (s)he 

takes into account personal characteristics of the recipient such as age and health-related 

lifestyle. However, the heterogeneity we encountered in respondents’ preferences reveals 
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important disagreements on how priorities must be set. These findings provide an empirical 

basis for an explicit public debate, in which these diverging opinions should be recognized, 

scrutinized and reconciled as much as possible. In the end, it seems preferable that society 

defines which distributive principles it considers to be fair, rather than having to rely on a 

trustworthy decision-making process that holds decision-makers accountable for setting 

reasonable limits on health care (Daniels, 2001; Daniels and Sabin, 2008), without specifying 

which criteria are important to do this.  
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Appendix A: Bayesian D-efficient partial profile design consisting of three surveys for the 

discrete choice experiment.  

The design of the discrete choice experiment involved three surveys of 14 choice sets with 

two alternative medical interventions. The surveys appear in Tables A.1, A.2 and A.3. The 

choice sets in each survey were presented in a randomized order to the respondents. Each 

survey was filled out by 250 respondents. The choice sets are described by four attributes of 

which the levels are varied and three attributes of which the levels are kept constant. The 

levels of the varying attributes are indicated in yellow (as in Figure 1). The constant 

attributes are shown to the respondents to present actual alternative interventions as well as to 

be able to estimate interactions. In each survey, each attribute is held constant in six choice 

sets and is varied in eight choice sets.  

When constructing the Bayesian D-efficient partial profile design, we excluded the following 

four combinations of attribute levels, because we believe they are unrealistic: 

i. Type of Intervention [curative] & Timespan [after 20 years], 

ii. Type of Intervention [curative] & Timespan [after 5 years], 

iii. Lifestyle of Patient [fully] & Age of Patient [0 – 10 years], 

iv. Lifestyle of Patient [partly] & Age of Patient [0 – 10 years]. 
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Table A.1: Survey 1 of the Bayesian D-efficient partial profile design. 

Choice 

Set 

Type of 

Intervention 
Effectiveness 

Adverse 

Effects 

Severity of 

Illness 

Lifestyle of 

Patient 
Timespan 

Age of 

Patient 

1 preventive always successful never lethal fully after 5 years 40 – 50 years 

1 preventive always successful never severe not at all within a year 60 – 70 years 

2 preventive 2 in 3 is successful often not severe fully after 5 years 20 – 30 years 

2 preventive 2 in 3 is successful rarely severe fully after 20 years 60 – 70 years 

3 preventive 2 in 3 is successful rarely severe partly within a year 40 – 50 years 

3 preventive 1 in 3 is successful rarely severe not at all after 20 years 0 – 10 years 

4 curative 1 in 3 is successful rarely not severe not at all within a year 0 – 10 years 

4 curative 2 in 3 is successful often not severe partly within a year 40 – 50 years 

5 preventive always successful never not severe not at all after 20 years 40 – 50 years 

5 preventive 1 in 3 is successful often severe not at all after 5 years 40 – 50 years 

6 curative always successful rarely not severe partly within a year 80 – 90 years 

6 curative 1 in 3 is successful often lethal not at all within a year 80 – 90 years 

7 curative 1 in 3 is successful never not severe partly within a year 60 – 70 years 

7 preventive 1 in 3 is successful never severe not at all within a year 40 – 50 years 

8 curative 1 in 3 is successful rarely lethal partly within a year 20 – 30 years 

8 preventive 1 in 3 is successful never lethal not at all after 5 years 20 – 30 years 

9 preventive 2 in 3 is successful never lethal partly after 5 years 60 – 70 years 

9 curative 2 in 3 is successful often lethal not at all within a year 60 – 70 years 

10 preventive always successful rarely severe fully within a year 20 – 30 years 

10 curative always successful often lethal fully within a year 60 – 70 years 

11 curative 1 in 3 is successful rarely severe not at all within a year 80 – 90 years 

11 preventive 2 in 3 is successful rarely severe not at all after 5 years 20 – 30 years 

12 preventive 2 in 3 is successful often lethal not at all after 5 years 0 – 10 years 

12 curative always successful often not severe not at all within a year 0 – 10 years 

13 curative 1 in 3 is successful often severe partly within a year 60 – 70 years 

13 preventive always successful often lethal fully within a year 60 – 70 years 

14 curative 2 in 3 is successful rarely not severe not at all within a year 80 – 90 years 

14 preventive always successful often not severe not at all within a year 0 – 10 years 

 

Table A.2: Survey 2 of the Bayesian D-efficient partial profile design. 

Choice 

Set 

Type of 

Intervention 
Effectiveness 

Adverse 

Effects 

Severity of 

Illness 

Lifestyle of 

Patient 
Timespan 

Age of 

Patient 

1 preventive 2 in 3 is successful often lethal not at all within a year 80 – 90 years 

1 preventive 2 in 3 is successful rarely lethal fully after 5 years 60 – 70 years 

2 curative 2 in 3 is successful rarely lethal partly within a year 40 – 50 years 

2 curative 2 in 3 is successful never severe fully within a year 20 – 30 years 

3 preventive 2 in 3 is successful often not severe not at all after 5 years 0 – 10 years 

3 preventive 1 in 3 is successful often lethal not at all after 20 years 20 – 30 years 

4 preventive 2 in 3 is successful rarely lethal partly after 20 years 80 – 90 years 

4 preventive always successful rarely severe fully after 5 years 80 – 90 years 

5 preventive 2 in 3 is successful often not severe partly after 20 years 20 – 30 years 

5 preventive always successful rarely not severe partly after 5 years 80 – 90 years 

6 curative always successful rarely severe not at all within a year 80 – 90 years 

6 curative 2 in 3 is successful never lethal fully within a year 80 – 90 years 

7 preventive 2 in 3 is successful rarely not severe not at all after 5 years 80 – 90 years 

7 curative 2 in 3 is successful rarely not severe fully within a year 60 – 70 years 

8 preventive always successful never not severe not at all after 5 years 40 – 50 years 

8 curative always successful never severe fully within a year 40 – 50 years 

9 preventive 1 in 3 is successful rarely lethal not at all within a year 0 – 10 years 

9 curative 1 in 3 is successful never severe not at all within a year 40 – 50 years 

10 preventive always successful rarely lethal partly after 20 years 20 – 30 years 

10 curative always successful never not severe partly within a year 20 – 30 years 
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11 curative always successful rarely lethal fully within a year 80 – 90 years 

11 preventive 2 in 3 is successful rarely lethal not at all within a year 40 – 50 years 

12 curative 2 in 3 is successful often severe not at all within a year 0 – 10 years 

12 preventive always successful often lethal not at all within a year 40 – 50 years 

13 preventive always successful often lethal partly after 5 years 80 – 90 years 

13 curative 1 in 3 is successful never lethal partly within a year 80 – 90 years 

14 preventive 1 in 3 is successful never severe partly within a year 80 – 90 years 

14 curative always successful often severe fully within a year 80 – 90 years 

 

Table A.3: Survey 3 of the Bayesian D-efficient partial profile design. 

Choice 

Set 

Type of 

Intervention 
Effectiveness 

Adverse 

Effects 

Severity of 

Illness 

Lifestyle of 

Patient 
Timespan 

Age of 

Patient 

1 preventive 1 in 3 is successful often severe partly after 20 years 80 – 90 years 

1 preventive 1 in 3 is successful often not severe fully within a year 60 – 70 years 

2 curative 2 in 3 is successful often not severe not at all within a year 20 – 30 years 

2 curative 2 in 3 is successful never severe partly within a year 60 – 70 years 

3 preventive 2 in 3 is successful never not severe fully within a year 80 – 90 years 

3 preventive 1 in 3 is successful never not severe partly after 5 years 40 – 50 years 

4 preventive always successful often lethal not at all after 5 years 60 – 70 years 

4 preventive 1 in 3 is successful never lethal not at all within a year 0 – 10 years 

5 preventive always successful never severe fully after 20 years 20 – 30 years 

5 preventive 1 in 3 is successful rarely not severe fully within a year 20 – 30 years 

6 curative always successful never not severe not at all within a year 60 – 70 years 

6 curative 2 in 3 is successful rarely severe partly within a year 60 – 70 years 

7 curative 2 in 3 is successful never not severe not at all within a year 0 – 10 years 

7 preventive 2 in 3 is successful never severe not at all after 5 years 20 – 30 years 

8 preventive 1 in 3 is successful never not severe partly after 5 years 60 – 70 years 

8 curative 1 in 3 is successful rarely not severe fully within a year 60 – 70 years 

9 curative 1 in 3 is successful often not severe partly within a year 80 – 90 years 

9 preventive 1 in 3 is successful rarely not severe not at all after 20 years 80 – 90 years 

10 preventive 2 in 3 is successful rarely severe partly within a year 40 – 50 years 

10 curative 2 in 3 is successful never not severe partly within a year 20 – 30 years 

11 curative 1 in 3 is successful rarely not severe fully within a year 40 – 50 years 

11 preventive always successful rarely not severe partly within a year 20 – 30 years 

12 curative 2 in 3 is successful never not severe not at all within a year 80 – 90 years 

12 preventive 1 in 3 is successful never lethal fully within a year 80 – 90 years 

13 preventive 2 in 3 is successful often severe fully after 20 years 40 – 50 years 

13 curative 1 in 3 is successful often not severe fully within a year 40 – 50 years 

14 preventive always successful often severe not at all within a year 0 – 10 years 

14 curative 2 in 3 is successful rarely severe not at all within a year 20 – 30 years 
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Appendix B: Multivariate normal prior parameter distribution used to construct the Bayesian 

D-efficient partial profile design for the discrete choice experiment.  

To construct the Bayesian D-efficient partial profile design for the discrete choice experiment 

shown in Appendix A, we used a multivariate normal prior distribution that reflects the prior 

beliefs about the unknown parameter values associated with the levels of the seven attributes. 

Based on expert interviews and literature review, we ranked the seven attributes in order of 

importance and specified mean parameter values and variances for the multivariate normal 

prior distribution accordingly.  

Table B.1 shows the seven attributes in order of importance, as suggested by a literature 

review and a panel of experts prior to our study. Based on these orders of importance, we 

specified prior mean utility values for the main effects of the seven attributes. The more 

important an attribute, the larger in magnitude the a priori mean utility values specified for 

the main effects of that attribute. We adopted the same ordering of the levels of the attributes 

as shown in Table 1, where they are ranked from least preferred to most preferred. Note that 

the utility values associated with the levels of each attribute sum to zero. This is because we 

used effects-type coding for the attribute levels, which means that the levels of the 2-level 

attribute, “Type of Intervention”, are coded as 1 and -1, the levels of every 3-level attribute as 

[1 0], [0 1] and [-1 -1], and the levels of the 5-level attribute, “Age of Patient” as [1 0 0 0], [0 

1 0 0], [0 0 1 0], [0 0 0 1] and [-1 -1 -1 -1]. The a priori mean utility values for each attribute 

are symmetric around zero, except for the attributes “Timespan” and “Adverse Effects”. For 

these two attributes, the literature and the experts suggested that the prior utility values for 

the last two levels lie closer to each other than to the utility value for the first level. 

Table B.1: A priori order of importance of the main effects of the seven attributes and 

conversion into mean utility values used in the multivariate normal prior distribution.  

Rank Attribute 
Prior mean 

Level 1 Level 2 Level 3 Level 4 Level 5 

1 Severity of Illness -0.8 0 0.8   

2 

Age of Patient -0.5 -0.25 0 0.25 0.5 

Lifestyle of Patient -0.5 0 0.5   

Effectiveness -0.5 0 0.5   

Timespan -0.5 0.2 0.3   

3 
Adverse Effects -0.4 0.1 0.3   

Type of Intervention -0.4 0.4    
 

For the prior variances around the mean utility values for the main effects of the attributes, 

we used a value of 0.09 for all levels of all attributes. This way, we ensured that the 

multivariate normal prior distribution preserved the preference ordering for the levels of any 

given attribute as much as possible. Following a suggestion of (Kessels et al. (2008)), we 

specified negative covariances of -0.045 for the 3-level attributes and of -0.0225 for the 5-

level attribute. 
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Regarding the interaction effects between “Type of Intervention” and any other attribute 

except for “Timespan”, we had no prior information about people’s preferences. Therefore, 

we specified zero mean utility values for these effects. For ease of computation, we also 

assumed zero prior variances around the utility values for the interaction effects, allowing for 

no uncertainty around these values. This implies that the prior parameter specification of the 

interaction effects corresponds to a local instead of a Bayesian approach.   


