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ABSTRACT 

Quality-Adjusted Life Years (QALYs) encapsulate both the quality-of-life (QoL) and life-

year gains from health treatments and cares. Preference-based measures are used to 

define health states that are then used to generate QALYs. Compared with the EQ-5D, 

EQ Health and Wellbeing instrument (EQ-HWB) and EQ Health and Wellbeing Short 

version (EQ-HWB-S) assess a range of QoL changes, including the impact on the 

health and wellbeing of care recipients and caregivers. Currently, there is no valuation 

study generating value set for EQ-HWB on the QALY scale. Discrete choice 

experiment (DCE) has grown in popularity in health state valuation, especially with long 

measures (attributes > 13). This study tested the feasibility of valuing the long health 

and wellbeing measure using the DCE method.   

This study conducted literature review and qualitative consultations to find the most 

proper DCE design and information presentation strategy. The DCE with duration 

(DCETTO) design and DCE with a triplet dead state (DCEDeath) design were tested, with 

varied attribute order for the DCETTO to explore the order effect. A generator design 

approach applied for the choice set selection after simulation. 4056 UK and Australian 

general public completed the DCE survey. Demographic factors, overall QoL, health 

state preference, decision strategy and feedback were collected. Analysis using 

homogeneity and heterogeneity logit model, as well as constrained utility function, was 

conducted. The DCETTO data was anchored by calculating the marginal substitution 

rate to duration and the DCEDeath anchored by relative distance to latent dead state 

value. 

All of the designs collected high-quality responses, where the proportion of negative 

feedback, strategic bias and inconsistency for the repeated question remained lower 

than 5%. The data analysis proved the feasibility of both DCE designs to generate 

QALY-scale value set. With the conditional logit regression result, this study found a 

varied order effect in UK and Australia. The DCE-Death had a larger proportion of 

health states defined as worse-than-death in both countries. A regression with 

constrained utility function generated value set with no insignificance and non-

monotonicity, but utility distribution was systematically different from the individual 

effect models.  

This study justified the feasibility of DCE in health and wellbeing preference valuation 

with empirical evidence. However, the design effect, model appropriateness and 

preference heterogeneity should be explored more in the future.  
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THESIS OUTLINE 

This study provided feasibility evidence of valuing health and wellbeing with the EQ-

HWB measure by using EQ-HWB instrument for the first time. A systematic exploration 

was reported in the following 8 chapters, including literature review evidence, 

qualitative consultation results and an international large-scale survey in two English-

speaking countries (UK and Australia). The feasibility is evaluated by the data quality, 

feedback and the regression results. The study also targets on three research 

questions around health and wellbeing DCE valuation study design: does the attribute 

ordering of health and wellbeing affect choices and answering times, what is the 

preference effect of different DCE designs and the HWB preference differ for public 

samples from the UK and Australia. By exploring the three questions, the results will 

benefit future valuation design by providing essential evidence on information 

presentation, DCE design choice and preference heterogeneity.  

Chapter 1 and 2 provide a general overview and introduce relevant concepts including 

economic evaluation, the QALY and current methods used to generate QALYs, and 

the EQ-HWB measure. Chapter 3 reports a systematic review on the DCE literature 

on health state valuation and considers how these methods can be applied to value 

EQ-HWB. The literature review has found an increasing interest in this valuation 

method in the recent years and four DCE design strategies that might be feasible for 

the health and wellbeing valuation study.  

Chapter 4 introduces the systematic selection of attributes from EQ-HWB to take 

forward to valuation. A systematic approach based on dimensionality, item 

performance, stakeholder preference, international and cultural feasibility, and 

qualitative evidence lead to the selection of 13 out of the 25 EQ-HWB attributes for 

valuation using DCE. 

Chapter 5 undertakes qualitative research using focus groups to inform the study 

design. The focus groups assess the feasibility of valuing the large number of attributes 

selected for valuation and confirm task wording, presentation and design. This 

qualitative research confirms that the set of selected EQ-HWB attributes can be 

understood and valued in both paired DCE (DCETTO where participants choose which 

of two hypothetical EQ-HWB states they prefer where each has a specified duration 

before death) and triplet DCE (DCE-Death, involving two hypothetical EQ-HWB states 

and a triplet dead state, where participants choose which is best and which is worst) 

formats, though some presentation formats have not appeared suitable. The focus 
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group feedback is used to select and refine the DCE valuation design, retaining both 

paired and triplet designs with overlapped and color-coded attributes.  

Chapter 6 details the development of the online DCE survey conducted in the UK and 

Australia. Members of the general public ï a population suggested by the majority of 

HTA agencies - have been selected. Feasibility of eliciting preferences using the paired 

and triplet DCE tasks has been investigated, and three further research questions are 

investigated: 1) the influence of presenting information in different orders (health 

attributes first or wellbeing attributes first); 2) the task design effect on elicited 

preferences (compare DCETTO design and DCE-Death design); and 3) the UK and 

Australian general public health and wellbeing preference differences, by designs. The 

first research question is to examine the impact on preferences by comparing the 

results of the DCETTO presenting the attributes in an EQ-HWB order (health attributes 

first, then wellbeing attributes, followed by pain severity attribute) versus a revised-

order prioritizing wellbeing attributes (wellbeing attributes first, then health attributes, 

followed by pain severity attribute). The second research question is to examine the 

impact from using the different task designs - DCE-Death design and DCETTO designs 

ð which introduce alternative design and anchoring strategies, including anchoring 

with duration or with just dead dummy for generating the full health- death scale value 

set. A generator design has been used to select the choice sets for the DCE. The third 

research question is to examine the difference in modelled preferences with samples 

from UK and Australia for both tasks. 

Finally, Chapter 7 presents the data analysis results. Both DCE designs are feasible, 

despite the logical consistency for wellbeing attributes being low. The EQ-HWB-order 

and revised-order have significant preference effects on utility decrements for 

Depression, Hearing, Getting around inside and outside, Control in the regression 

considering the order effect, but the magnitudes are close to zero. Significant variance 

is observed with the two DCE tasks (DCETTO and DCE-Death) and across the two 

countries. UK and Australian samples generate varied point estimation for utility values, 

but the general trend is similar. An overall discussion of the research findings, 

implications for future research and study limitations are provided in Chapter 8. The 

findings support the future valuation of the long EQ-HWB measure (the full 25 attribute 

version) using the DCE method, while highlighting the need to consider potential 

biases in methodology selection and data modelling.  
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Chapter 1 Health State Valuation: from What to How 

Health state valuation provides essential quality-of-life information for decision 

modelling and decision making. Utility calculation requires a health (and/or wellbeing) 

quality-of-life (QoL) descriptive system and value set generated from the target 

population. To evaluate a broader health change, there has been a shift from using 

descriptive system merely considering physical and mental health, to broader health 

and wellbeing benefit. In the recent years, valuation studies using time trade-off and 

/or discrete choice experiment valuation design have shown high feasibility and 

validity[1], but more valuation study design options has been mentioned before. This 

chapter provided an overview of the utility theory: what is utility, what are the main 

instruments for describing it and the valuation methods.  

1.1 Economic Evaluation of Healthcare 

For all the stakeholders in the health sector who provide, regulate, pay, and receive 

the healthcare in either central-planning healthcare system or a free market, resource 

scarcity influences their decision making and accessibility to necessary services[2]. 

The health market struggles to distribute resources efficiently due to the abnormal 

features of health products and information asymmetry between providers and 

consumers[3, 4]. While Adam Smith's "invisible hand" metaphor highlights self-interest 

in a free market, health economic evaluation represents a more "visible hand," guiding 

the optimization of the healthcare market in an imperfect world[5]. Since 1999, the 

National Institute for Health and Care Excellence (NICE) has been assessing the cost-

effectiveness evidence of new health technologies[6, 7]. The economic evaluation 

frameworks are Cost-Effectiveness Analysis (CEA), Cost-Benefit Analysis (CBA) and 

Cost-Utility Analysis (CUA) [8, 9]. CBA, used in both public policy and business, 

quantifies the costs and benefits of various interventions in monetary terms. CEA 

compares the costs and health outcomes of different health interventions, though 

healthcare providers may use varied outcome measures or indicators. CUA, a subset 

of CEA, uses Quality-Adjusted Life Years (QALY) as a universal measure of benefit, 

which is an arithmetic product of length and quality of life change[10]. In other word, 

óBenefitô in CUA steps forward to a two-dimensional unit capturing both quality and 

quantity of life[11]. This approach allows for theoretical cross-disease comparisons 

(Table 1). A key feature of decisions made using CUA is to focus on maximizing overall 

utility through efficient allocation of healthcare resources. The definition and calculation 

approach of QALY shape the vision and mission of healthcare systems.  
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Table 1 Comparison of Economic Evaluation Methods 

Method Description Cost 

measure 

Effectiveness measure Measure outcome 

CEA Consider the costs and common 

effects difference of alternative 

interventions 

Monetary 

term 

Clinical units (e.g., 

progression-free survival, 

life-year gain) 

Incremental cost per 

effectiveness 

improvement 

CBA Translate effects into the monetary unit 

and consider with intervention costs 

Monetary 

term 

Monetary term Net monetary benefit 

CUA Using the generic measure (e.g., 

QALY) to express health gain 

Monetary 

term 

QALY, DALY Incremental cost per 

QALY gain 

CMA Compare the cost of two or more 

alternative interventions, under 

consideration that outcome is the 

same 

Monetary 

term 

None Health resource saved 

in monetary term 

 

1.2 Measure of Health  

1.2.1 Measure of health gain 

Before introducing QALY and its evaluation, it is helpful to begin by considering all the 

health gain measurement concepts and why QALY is preferred. Healthy Years 

Equivalents (HYEs)[12] accounts for the gains in mortality (through extended life 

expectancy) and quality of life. It quantifies the number of years in perfect health that 

are equivalent in utility to the health states in the fixed sequence under consideration[4]. 

HYE incorporates preferences related to sequence and time. An alternative to QALY 

and HYE is the Disability-Adjusted Life Year (DALY), developed by the World Health 

Organization (WHO)[13]. DALY quantifies health loss using disability weights derived 

from expert panels or general population surveys[13][14]. However, DALY focuses 

more on quantifying the burden of diseases of the society, instead of catering to 

measure broad social welfare changes.  

QALY measures óhealth outcome which assigns to each period of time a weight, 

ranging from 0 to 1, corresponding to the health-related quality of life during that period, 

where a weight of 1 corresponds to optimal health, and a weight of 0 corresponds to 

health state judged to be equivalent to being dead[15].ô The health economists defined 

the utility values of each corresponding health state as the numerical value of the QoL. 

Namely, the researcher uses a cardinal value to represent the general life wellness (or 

health wellness for HRQoL). QALY relaxes HYEsô assumption by calculating the health 

of certain period independently[4, 16]. The total QALYs for an individual is calculated 

by multiplying the health state values with the duration spent in each state. The health 
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state values, expressed as explicit ñutilityò to represent the invisible satisfaction of each 

health state{Fallowfield, 2009 #939}. The health states are normally described by a 

number of attributes, while a utility value is needed. 

There are critiques that the QALY represents utility based on unrealistic assumptions. 

For instance, general public evaluates health state utility in a discontinuous way and 

order of health states influence their satisfaction with the general health[17]. However, 

in practice, using QALY to calculate the overall change of certain technology is more 

feasible than using HYE or DALY, as HYE's reliance on the sequence of health state 

presentations challenging the validity of an universally health benefit for same patient 

group[18] and DALY is less flexible in describing health states. Measuring health gains 

with QALY in economic evaluations is considered the most practical approach, even 

though it's not perfect. 

1.2.2 General public preference V.S. patient preference 

QALYs encapsulate both the health-related quality-of-life (HRQoL) and life-year gains 

from health treatments. The life length is straightforward for measurement, while the 

HRQoL of each health state can never be observed directly[19]. A utility value that 

represents HRQoL on a 0 (denoting death) to 1 scale (denoting perfect health) normally 

used. The most commonly used approach for estimating utility values is to elicit the 

preference for each health state from certain population. Since it is impractical to 

calculate the arithmetic mean of every individual, a crucial question arises: who should 

be the representative sample for calculating the preference-based utility values in 

QALY calculation?  

Empirical evidence shows a systematic difference between utilities derived from 

patients and the general public. One review concludes that patients often assign higher 

utility values, possibly due to their familiarity to specific health conditions and 

consideration of adaptation, while the general public focus more on the negative 

aspects[20, 21]. This divergence leads to a lack of consensus on which group's 

preferences should guide health resource allocation. Utilizing public preferences has 

its merits, such as representing the interests of taxpayers and potential voters, who 

are the 'real payers' of publicly funded healthcare, and the óveil of ignoranceô that the 

healthy public representatives have complete impartiality of judgment[15][4]. 

Compared with eliciting preference of patient groups by separate surveys, valuation 

with one general population would be more practical[22]. However, a drawback is that 

healthy individuals may lack an understanding of the physical and emotional impacts 

of illness and the process of adapting to chronic diseases[23].  
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The choice of whose preferences to use is a normative issue for national HTA agencies. 

In countries such as the UK, Canada, and the Netherlands, where a significant portion 

of health funding comes from taxes, HTA agencies often recommend using the general 

public's preferences[24]. In contrast, the Swedish Dental and Pharmaceutical Benefits 

Agency favors patient perspectives in cost-effectiveness analysis[25]. The Washington 

Panel on Cost-Effectiveness in Health and Medicine in the U.S., suggests treating 

patient and public preferences equally[15, 26]. Some researchers, like McTaggart et 

al., and Clarke et al., proposed middle-ground approaches, such as using patient audio 

descriptions to inform the general public during surveys, or providing detailed 

information about specific diseases before utility evaluations[27, 28]. However, these 

methods have not gained widespread acceptance. Despite ongoing debates about the 

ideal target population, this research conducted the survey from a general public 

preference perspective, to maintain a population consistency with the HTA institute 

recommendation in UK and Australia. 

1.2.3 ñHealthò in QALY  

A description of health states or descriptive system is needed for evaluating the 

QoL[29]. Early method is to construct bespoke descriptions of 'imperfect' health states 

(or vignettes). These vignettes are usually developed through interviews with clinicians, 

patients, or the general public, often targeting less common scenarios like rare 

diseases[30]. However, HTA institutes less favor vignette or self-health descriptions 

due to comparability issues.  

A more widely accepted method is using preference-based measures (PBMs) of 

HRQoL, where each state is described by a fixed number of attributes introduced by 

the measure. A PBM consists of a patient questionnaire, a health state classification 

system, and the value set[4]. The utility score for each health state can be obtained 

through preference weights. The subjective impact of health states on the quality of life 

and societal desirability for each health state can be quantified by PBMs. EQ-5D (the 

3 level version EQ-5D-3L and the 5 level version EQ-5D-5L) is NICEôs current 

reference instrument. However, due to the limited number of attributes, the 'health' 

definition (and subsequently the QALYs generated) is narrow{Torrance, 1987 #842}. 

EQ-5D has been criticized for lacking sensitivity to certain conditions or illnesses, such 

as dementia, hearing, vision, and broader wellbeing impacts[31]. Short-form 6-

dimension (SF-6D) and Health Utilities Index (HUI) are similar health measures. There 

are increasing concerns that current generic PBMs may be not appropriate for mental 

health[32], social care[33], and public health interventions[34].  
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To measure the QoL change beyond traditional health notion, measures such as the 

capability wellbeing measure ICECAP-A[35], social-care quality of life measure 

ASCOT[36], and Warwick-Edinburgh Mental Wellbeing Scale (WEMWBS)[4] have 

been developed, focusing on broader aspects of wellbeing. These are intended to be 

used alongside traditional health measures in HTA contexts. However, combining 

health QALYs and wellbeing outcomes (wellbeing adjusted life years, WELBYs) into a 

single score is problematic. Using multiple measures leads to challenges in 

synthesizing analysis and making cross-program comparisons among healthcare 

interventions, social care, and public health.  

To encompass a more inclusive evaluation of health gains, a compromised approach 

is to use adjusted QALYs[4, 37], where a societal preference weight is attached to 

different kinds of QALY gains. This adjustment, however, requires extensive societal 

data and challenge the ñA QALY is a QALY is a QALYò assumption[38]. The most 

obvious limitation is the equality concerns. A more ambitious but potentially more 

effective way is to evaluate broader health and wellbeing change with one measure. 

The concept of 'Q' in QALYs beyond just HRQoL or WELBYs[39]. The target measure 

(EQ-HWB) used in this exploratory study evaluates both health and wellbeing through 

single measure. The QALYs generated is an ñextendedò QALY evaluating both health 

and wellbeing, compared to other wellbeing measures and HRQoL preference-based 

measures. A more detailed introduction to the EQ-HWB measure can be found in 

Chapter 2. 

1.2.4 Definition of Wellbeing  

There are many different theories of wellbeing to choose from. Sen conceptualizes 

wellbeing as the óbeings and doings[53]ô, moving from the economic growth to the 

ability of individuals[54]. His framework of wellbeing concentrates on the human 

capabilities and freedom people have to achieve valuable functioning on practice [55]. 

This framework exhibits significant relationships between capacities of physical health 

(what people can do) and the all-inclusive concept of QoL[40]. A wellbeing 

improvement indicates human development of expanding capabilities in multiple 

aspects, for example, physical health ability improvement, better mental health 

condition and support by other people to achieve one thing [56].  

On the other hand, Ryff conceptualized psychological wellbeing by the primary positive 

facets of life: environmental mastery (control of environment), positive relationships, 

autonomy, personal growth, self-acceptance and purpose in life (self-expectations), 

implies that optimal functioning and life satisfaction are metrics of value in assessing 
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wellbeing, which is beyond the subjective wellness (hedonic well-being, life satisfaction, 

and eudaimonia) but more specific than Senôs definition [57, 58, 59]. Ryff has 

developed  

Subjective Wellbeing (SWB) is a broader definition than hedonism with various 

measures considering life satisfaction, satisfaction with life aspects (feeling of 

happiness and sad and pain), eudemonic wellbeing (sense of purpose and meaning) 

beyond health could be defined as wellbeing [61]. By comparing with Ryffôs wellbeing 

theory, the main difference is that SWB admits a significant difference on wellbeing 

definition between culture groups and communities and does not rely on an universal 

judgement or measurement scale[62]. SWB admits the influence of personal 

expectations and frames of reference on general wellbeing [48, 50]. 

To evaluate the wellbeing from a more objective perspective, the United Nations 

Development Program (UNDP) defines an Objective Wellbeing (OWB) by six major 

dimensions: health, job opportunities, socioeconomic development, environment, 

safety, and politics, where OWB can be assessed through the extent these needs are 

satisfied (observed needs satisfaction)[63]. The definition of OWB bears a 

resemblance to Sen's concept of the "resources needed" for wellbeing.  

In conclusion, the definition of wellbeing varied but there are some similarities: the 

wellbeing is beyond immediate pleasure or subjective feelings and should be 

considered with health and capabilities necessary for individuals to achieve their 

desired 'beings and doings{Sirgy, 2012 #941}.' As summarized by, ñthere is a plethora 

of concepts directly related to (subjective) wellbeingò in the field of quality of life and it 

significantly influence peopleôs wellness. For the QoL evaluation, wellbeing is not 

simply a psychological matter but an evaluative matter that concerns the 

comprehensive evaluation of utility change.  

1.3 Health State Valuation 

As described above, our discussion is about the value of ñhealthò that is described by 

a PBM. Brazier et al. describe the process of health state valuation using PBMs as 

ñassigning disutility weights to each attribute levelò[4]. In other word, the health state 

valuation generates preference weights or QALY weights[41] on each of the health or 

wellbeing dimensions, representing a relative preference on each dimension and 

dimension levels. This section provides a narrative review of the valuation methods.  

To describe health aspects, the terminologies employed by research are dimensions, 

attributes, aspects and factors. Although they are not equated sometimes, the 



7 

 

demarcation may not be clear in the original research. In this section, all of the 

terminologies share the same meaning of aspects (or certain aspect of health). Similar 

with health aspect terminologies, profiles, health states and scenario share the same 

meaning of a description of certain health state in the valuation tasks.  

1.3.1 The definition of health state valuation 

The health state utility values are scaled from 0 to 1, where 1 represents optimal health 

and 0 equates to death or the worst possible health state[42]. A negative value 

represents the health state is generally considered worse-than-dead (WTD). With a 

given descriptive system PBM, the value set maps any health state onto a utility value 

ï also referred to as scores or weights ï by eliciting preferences for different health 

states from general public participants[43].  

In the context of economics evaluation and HTA, the most commonly used methods 

are cardinal methods Time-Trade-Off (TTO), Visual Analogue Scale (VAS), and 

Standard Gamble (SG), or ordinal methods ranking, BestïWorst Scaling (BWS) and  

Discrete Choice Experiment (DCE). 

Cardinal methods ask respondents to directly compare an imperfect health state with 

perfect health state or make a trade-off decision with longer life years. The ordinal 

methods present respondents with a series of choice questions with systematically 

varied attribute levels. While there's no consensus on the best valuation method, 

cardinal methods are often recommended by valuation protocols. However, ordinal 

methods have gained more attention recently as their choice tasks are perceived to be 

easier for respondents to understand than classic cardinal methods[4, 44, 45]. The 

following sections will delve into the cardinal method and then explore the main ordinal 

methods (Figure 1).  

Figure 1 Health state valuation method 
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1.3.2 Standard Gamble 

The SG is a classic preference elicitation method for direct and indirect health utility 

elicitation derived from the von NeumannïMorgenstern (vNM) utility theory with the 

first-order utility independence assumption[42], which presupposes decision-making 

aimed at maximizing utility under the axioms of preference transitivity, independence, 

and continuity[46, 47]. Respondents are asked to compare a certain health state (State 

A) with a probabilistic combination of two uncertain health states (State B and State 

C). State B (normally perfect health) is better than State A and State C (normally worst 

health state or death) is worse than State A. In practice, the B and C states are full 

heath and death to make anchoring onto the zero to one scale required to generate 

QALYs easier. The probability of perfect health (p) and death (1-p) are varied until the 

respondent confirms indifference for the two options[4, 42]. The indifference probability 

of perfect health (p) is the QALY scale cardinal value for chronic health states better 

than death. If the health state hI is expected to be worse than death, then the task is 

altered such that State C would be the valued health state and full health remained the 

same, while the State A should be death[48].  

SG is a classic and reliable method with high practicality that the completion rate of 

SG was expected to be over 80%[4]. However, regarding SG as a gold standard has 

been criticized. The gambling and probability aspects could be cognitively complex for 

certain respondent groups[49], as the probability trade-off is relatively abstract. 

Respondents cannot fully understand the meaning of óuncertaintyô in the gambling 

procedure. SG assumes respondents to be risk-neutral, where the respondentôs risk 

attitude may be a mixture of risk-averse, risk-neutral, and risk-seeking [4, 50].  
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1.3.3 Time Trade-Off 

TTO tasks elicit the health state utility with an iterative procedure that reflects the 

ósacrificeô idea in economic reasoning[51]. Compared with SG, TTO incorporates no 

health state probability in the preference elicitation task. It asks respondents to trade-

off between two certain health states with iteratively changing duration, rather than 

gambling the lotteries with various probabilities. For health states better than death, 

the two alternatives would be living in an imperfect health state for t years (e.g., t equals 

ten years) and living in full health for x years (x<t). X is changed iteratively until the 

respondent achieves indifference between the two alternatives[42]. Under the MVH 

protocol, the York Measurement and Valuation of Health (York MVH) protocol[52] for 

health states worse than death, the first alternative would be a ten-year lifetime made 

up of living in an imperfect health state for x years, followed by living in full health for 

the rest of the lifetime. The other alternative is immediate death, which means the utility 

is zero. In other word, this question asks respondents to find the balanced point for 

achieving 0 utility with a health state worse than death and perfect health. The health 

state value in the QALY scale is x/10 for states better than death and 1-(10/x) for states 

worse than death[4]. Researchers have developed optimized TTO study design 

strategies called lead-time (respondents imagine starting with a period of full health 

before experiencing the imperfect health state), or lag-time (an imperfect health state 

followed by a period of full health before immediate death) TTO design[53], or a 

combination of traditional TTO and lead-time TTO[54].   

One risk with TTO is the time factor in expected utility theory[51], where the valuation 

results tend to be confounded by individual time preference. The QALY gains are not 

linearly increasing with the time spent in the state[55], and the poorer health states 

become more intolerable with a longer fixed duration[56]. If changing the decision 

background information from 10-years to longer or shorter life expectancy, then the 

result for worse health states will be changed. Besides, respondents still have a strong 

cognitive burden on distinguishing health states if the attribute levels are similar, and 

have varied interpretation on the painful feeling of ódeathô[57].  

1.3.4 Visual Analogue Scale (VAS) 

VAS is a preference measurement technique applied in market research, social 

science, and health care[42, 58, 59]. There are many variants of the VAS technique in 

line format and question-wording. One example is where respondents are asked to 

mark the corresponding VAS scale for the health state on a line with the best and worst 

state as the benchmarks on the two ends[4]. Each point on the line represents a 
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correspondent score of value of the health state. By using VAS values on a 0 (death) 

to 1 (full health) QALY scale, respondents need to place the value of death as well. 

The best health is anchored as 100 and the worst (or death) as 0, with 99 marks 

between the two ends. The single number on the VAS scale represents relative QoL 

value. The latent values can be anchored to the 0 to 1 scale by dividing with 100. 

VAS has no trade-offs or gambling process to compare one or more alternatives in 

valuation, and has been used to value the Quality of Wellbeing Scale (QWB) and EQ-

5D measures [4, 60]. However, there are concerns about using VAS to value health 

states due to different biases. Similar health states could be placed on distant positions 

[61], and the VAS values are more accurately reflect the ordinal relation of health states 

instead of cardinal latent QoL values: participants may not perceive equal differences 

though the assumption behind is each unit change on the scale representing the same 

QoL change[53, 62]. Besides, respondents tend to avoid putting the health states near 

100/0 of the VAS scale, such as selecting numbers ending in 0 or 5 (e.g. 50, 35), 

namely end-of-scale bias. Considering other comparative methods, VAS involves no 

trade-off process in generating the ñpreference utilitiesò, where some studies 

challenged whether the utility values were the same[63].  

1.4 Using Ordinal Data to Value Health State 

This section introduces the main ordinal methods including DCE, which is the focus of 

this thesis. There are many ordinal data types, including ranking, rating, DCE, and 

BWS. Ordinal health state valuation methods are based on the assumption that 

attributes can describe any objective or option, and the utility can be calculated with a 

finite formulation of attributes [42, 64, 65]. The theoretical foundation of ordinal data 

analysis is random utility theory (RUT), which posits that selection is a stochastic 

process with rational evaluation and random errors[66]. The consumerôs (patientôs for 

the healthcare preference elicitation studies) utility is derived from a limited number of 

consistent characteristics, instead of presenting inconsistent description of each 

option[67].  

1.4.1 Ranking  

Ranking asks respondents to provide a complete order of the possible hypothetical 

heath states in health state valuations[4]. Respondents need to select the best health 

state out of a series of states, followed by identifying the second-best state and 

continue until all the states are ranked. Dolan et al. models rank health state valuation 

data using the conditional logit model[68]. 
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One characteristic of ranking is the low cognitive burden and consistency with other 

choice methods{Marra, 2007 #940}. Ranking has long been regarded as having low 

cognitive burden and is sometimes used as exercise questions or warm-up exercises, 

in order to familiarize respondents with the hypothetical health states[69]. Early studies 

concluded that the valuation results had no significant difference between ranking and 

single choice questions with those options ranked high[70]. However, as the number 

of attributes in each health state increases, ranking can be hard to apply. A second 

disadvantage is accuracy. If health states variations are small, or the respondents 

cannot distinguish the attribute levels from each other, the random error term becomes 

the decisive factor[71]. 

1.4.2 BestïWorst Scaling  

BWS is a priority assessing method to determine the best and worst among a set of 

items[72]. There are three types of BWS: case I BWS (object case) presents a series 

of attribute levels by asking people to select both the best (most important) and worst 

(least important) options[73]. The case II (profile case) presents a single description of 

health state. The respondents are asked to select the best and worst piece of 

information with the given description. Case III is an extension of a discrete choice, by 

presenting three or more profiles to choose the best and worst profiles[74].  

BWS applications include the valuation of the wellbeing measure ICECAP[75] and the 

child health measure CHU-9D[76]. Osman et al. showed that BWS generated stable 

preference with better test-retest reliability than other ordinal methods[77]. However, 

its consistency with other ordinal methods, such as DCE and ranking, seems to be 

lower. A noteworthy rebuttal to this common consistency criticism was the argument 

that other choice-based methods were not superior on the societal level[78].  

1.4.3 Discrete Choice Experiment  

DCE and its data modelling method is proposed by Louviere et al and defined as a 

ñgeneral preference elicitationò survey approach[79, 80]. The method obtained small 

amount of information from each participant to estimate a general social preference[81]. 

DCE asks respondents to make a choice (e.g., which health state do you prefer) 

between two or more alternatives where at least one attribute is ósystematically variedô. 

It assumes that the respondents have a latent utility function which maps the 

characteristics (attributes) of a given option to a certain value.  

PBMs sources the attributes for scenario description. Hakim and Pathak reported the 

first DCE study measuring health state preferences[82] in 1999. Another example is to 
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estimate the disutility weights of the child Behavioral Problems Index (BPI), where 

researchers asked respondents to compare two scenarios for a 7-year-old child[83]. 

Using DCE method for health state valuation attracted attention in the recent years, as 

it is considered easy to apply. A 2018 literature review identified 63 published studies 

using the DCE method, and there was a steady increasing trend[84]. EuroQol group 

EQ-VT protocol (version I and version II) recommended both TTO and DCE in 

valuation studies[53]. However, there is no gold standard in DCE design[85], data 

analysis[86], anchoring of latent utility values[87] and its comparability with the cardinal 

valuation.  

1.4.4 Design an ordinal preference elicitation study 

The three methods discussed above are all choice-based ordinal method (i.e. 

respondents need to make a choice). An important point to note is that all methods 

yield different values but share similarities in the valuation study design. Given the 

significance of the valuation study design of ordinal method, a better understanding of 

the necessary steps, and clearer explanation of its difference with cardinal method, 

would be helpful.  

First, a descriptive system is devised or selected that defines the evaluated health 

states[33, 88]. The attributes and levels are from existing measures, expert interview, 

stakeholder interview, pilot test, and self-creation[75, 89]. There is no strict standard 

for the maximum number of attributes in valuation study. However, a larger amount of 

information increases study design complexity and respondentôs cognitive burden[90].  

Secondly, the choice questions are constructed. A full factorial method is to present all 

of the possible pairs, or fractional factorial designs for evaluation[85]. Since the number 

of scenarios may exceed the maximum number[91], researchers developed fractional 

factorial design to ñselectò a subset of scenarios for survey design. The selection 

criterion are statistical efficiency (the efficient design, or named optimal design)[92, 93], 

orthogonality (orthogonal design or generator design)[94] and random selection. 

Several constructions of efficiency evaluation standard have been developed and 

tested by statistical studies, including minimizing the generalized variance of all 

dummy-coded factors (D-efficient design), minimizing the arithmetic mean variance of 

the inverse of the information matrix (A-efficient design), and minimizing the variance 

of best linear unbiased estimator (C-efficient design)[95-97] (Table 1, Appendix A). The 

most commonly used method was D-efficient design. However, a test should be 

evaluated from the perspective of the design explanation power and the efficiency with 

given sample size[98, 99].  
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Thirdly, the presentation strategy is decided. The practical consideration justifies the 

practical aspects, such as the number of questions per respondent and the 

presentation format. DCE recommends an optimal question number per respondent 

as less than 15[100] for intervention preference study, and 12 for health state valuation 

studies[84]. Arguments are made for the use of introduction/warm-up questions[101], 

interactive information presentation, qualitative consultation and pre-test/pilots[102].  

The last step is survey implementation. One should make the subjective justification 

that whose assessment informs the research question, and derive a value set from the 

representatives[11]. Note that there is no particular concept provided to underlie the 

sample size. An optimal design should have at least 20 respondents per version of the 

choice set [103]. A statistically reliable method is to consider coefficient confidence 

level, statistical power, coefficient covariance, effect size[104] and data collection 

mode[105], where the collection mode, such as online data collection, affects the data 

quality and missing rate.   

1.4.5 Ordinal data modelling  

Analysis of discrete choice data refers to the process of modelling quantitative 

dependent variables with linear or non-linear expression. The utility function should be 

decided by considering: (i) the experimental design and identified effects 

(main/interaction effects), and (ii) the number of profiles in each choice set[11]. In 

general, an additive function can calculate the observed utility, with marginal effects 

(level change) being weighted by a unique parameter. Model fitness can be informed 

by Log-likelihood and pseudo-R-squared values. Y in Formula 1 represents the latent 

utility value, which is a linear additive function of the attribute levels (ὢ  and the error 

term ‭ for individual i and option j for a certain choice set. More information about data 

modelling and the utility function can be found in the following session. 

ὣ ‍ὢ ‭                                                         Formula (1) 

Preference-based measures are consisted of multiple attributes and the value sets are 

built  on the multi-attribute utility theory (MAUT), as put forth by Lancaster[106, 107], 

posits that the utility of a certain product (e.g., intervention or healthcare service) can 

be determined by preference value function of objectives and decision uncertainty 

incorporated[108]. This makes it possible to predict the preference values for different 

alternatives. MAUT underlies the theory of conjoint analysis utility (also known as multi-

attribute value), which assumes that preferences are determined under specific, 

riskless circumstances[71]. The difference between MAUT and multi-attribute 
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expected utility theory (MAEUT), normally used with standard gamble data analysis, is 

utility value of one MAEUT alternative is a function of a series of óexpectedô health state 

utility, with an uncertainty probability attached [115]. Given the estimation difficulty, 

MAUT is always preferred. 

In choice-based health state valuation research, the data analysis lies in this 

framework. The preference value function, alternatives, objectives and performances 

are utility function, health states, dimensions and levels[109]. The utility function may 

consider both quality and quantity of life. To give an example, a classic DCE utility 

function consists of health state profile and duration attribute[110]: ὸ is the expected 

time in given health state, ὢ is the dummy-coded vector of attribute levels describing 

the health state. ‍and ‍are the estimated latent utility associated to each factor. The 

data is modelled with a constant proportional time trade-off assumption. Utility for a 

given health state 5 is a function of quantity of life ‍ὸ and the interaction effect of 

quality and quantity of life ‍ὢ ὸz, with an additional error term to reflect the random 

effect (Formula 2)[44]. 

5  ‍ὸ ‍ὢ ὸz ‐                                                    Formula (2) 

 

Two optimizations with the simplified model are accounting for the heterogeneity and 

heteroscedasticity of individual preference. The rational for homogeneous assumption 

is that ordinal data can capture individual heterogeneous preferences but should 

investigate the general preference from observed homogeneous population[71]. 

However, this assumption can be too restrictive for more advanced applications 

beyond population-level health economics research, such as the individual 

simulation[111]. The preference heterogeneity, where the individual-level preference 

variance correlated to their personal characteristics accounted, can be investigated by 

using a mixing distribution of parameters to represent the uncertainty around each 

individual[112-114], named mixed logit model, or classified the respondents to various 

classes by considering the individual characteristics that can be correlated to their 

attribute preference, named latent class model[115]. With the heterogeneity model, the 

inherent Independence from Irrelevant Alternatives (IIA) assumption holds.  

Heteroscedastic models relax the IIA assumption by using flexible error terms related 

to population groups. Namely, the uncontrollable and unobservable difference between 

options (e.g., option difference) and/or between options (e.g., order of choice sets) 

leads to dependent and differently distributed  unobservable preference factors (the 

error terms)[116]. The heteroscedastic models, such as the nested logit model or probit 

models, are less commonly used as the variance-covariance correlations are hard to 
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explain. Thus, it has become practical and important to investigate whether the bias 

caused by homogeneity or IIA assumptions is significant by using the mentioned 

models. As the health state valuation targets on eliciting the preference of targeted 

attribute levels and the order for presenting health state in DCE is normally randomized, 

an exploration with  preference heteroscedasticity is less common.  

1.4.6 Normalization scaled values 

The process of normalizing scaled values in health economics, particularly for QALY 

calculations, involves several key steps and methodologies to ensure that derived 

utility values from discrete choice data fit within the standard 0 to 1 scale. The 

normalization can be summarized as a positive affine transformation, where ɔ2 is the 

best health state utility value and ɔ1 is the ñnormalizationò constant for the latent 

disutility calculated by ‍ὢ ‐ (Formula 3)[117]. The ‎ represents the utility value of 

the best health state with a particular descriptive system, and ‎ is a rescaling constant 

for the latent disutility. The predicted utility for a given health state would be ‎ ‍ὢ ‎. 

This thesis introduces five main methods that have been successfully applied before, 

namely, how to derive the ‎. 

Ὗ ‎ ‍ὢ ‐ ‎                                                             Formula (3) 

 

1) Anchoring with hybrid model: This model calculates level coefficients by 

maximizing the likelihood of observations from both DCE and TTO tasks while 

minimizing the possibility of logical inconsistency[118]. In this model, it is assumed 

that an individualôs TTO and ordinal responses reflect identical preferences for 

health states. This allows for a linear transformation of the ordinal value function to 

the TTO value function using the transformation parameter ɗ, thus enabling a 

common parameter for each attribute level (Formula 4)[119].  

‍ ʃ ‍                                                                         Formula (4) 

 

2) Anchoring with the coefficient of 'dead': The second method uses a dummy variable 

for 'death' in regression models, rescaling attribute level coefficients by dividing by 

the coefficient of the 'dead' dummy. This method inspired by utility anchoring 

research with ranking data, where the utility value anchored onto 0 to 1 through 

rescaling with an additional death dummy coefficient[87, 120, 121], but not directly 

for generating a DCE value set. The function for applying this method with DCE 

data will be introduced in Chapter 6. 

A notable implementation of this method is with UK EQ-5D-3L data, where both 
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DCE and TTO data collected. In this hybrid model, the DCE pairs two health states, 

A and B, with an option to substitute state B with the immediate death state C, 

without specifying duration[87]. Within each DCE block, 90% of the questions 

compare health states A and B, while the remaining 10% introduce a comparison 

between a very poor health state and immediate death, allowing for the direct 

extraction of better-or-worse-than-death preferences alongside the comparative 

valuation of two health states within a single DCE framework. 

3) Anchoring with cardinal value: the third method utilize exogeneous health utility 

values generated by the cardinal methods. The first option anchors scale's lowest 

end at the cardinal value of the worst state described by the measure. The 

anchoring process uses a function of ‍ ‍ ύ Ⱦύ  to rescale each 

DCE latent coefficient, where ύ   is the worst latent cardinal value and 

ύ  is the equivalent ordinal health state value. The second option, similar with 

hybrid model, predicts the statistical relationship between ordinal latent and 

cardinal health state values using observed values for 'pits' states. The function 

could be specified as Formula 5 

ὧὥὶὨὭὲὥὰ ὺὥὰόὩὪέὶὨὭὲὥὰ ὰὥὸὩὲὸ ὺὥὰόὩ‐                                 Formula (5) 

where ὧὥὶὨὭὲὥὰ ὺὥὰόὩ was the mean utility value for ópitsô health state j derived by 

cardinal method, and έὶὨὭὲὥὰ ὰὥὸὩὲὸ ὺὥὰόὩ was the latent ordinal utility. Then the 

mapping function can derive the Ordinal Least Square (OLS) or Maximum 

Likelihood (MLE) relationship and generate other state values with ordinal latent 

values. A mapping method considers more information than the óanchoring with 

worstô method, if the necessary cardinal values available.   

4) Anchoring with duration (also named DCETTO): This format involves presenting 

participants with two different health states, each defined by a specific preference-

based measure, and attaching a duration to these states as the expected time 

spent on this state before death[122]. The data analysis is modelling interacted 

ordinal data to derive marginal effects. ‌ is the left-right or other constant effects.  

‍  is the marginal contribution of level factors ὢ  at time level ὸ . With the 

assumption of linear time preference, the partial derivative with respect to time, ‍, 

is used as the anchored coefficient[44].  

5  ‌ ‍ὸ ‍ὢ ὸz ‐                                                 Formula (6) 

Notably, over 70% of anchored DCE health state valuation studies adopted this 

format[123]. With varied numbers of attribute and survey questions, empirical 
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evidence supports the reliability, consistency, individual-level congruence and 

cardinal value robustness of DCETTO data[124] (an example presented Figure 1a, 

Appendix A). 

5) Anchoring by two-way triplet design with perfect health or death: this design aims 

to provide a triplet ranking information with two separate pairwise choice tasks, with 

which the respondents have coherent decision-making process[86]. The first 

choice task asks respondents to compare two different impaired health states with 

same 10-year duration (health state A and B comparison). If the third comparison 

is with perfect health, the second task compares one impaired health state with 

longer duration level against a perfect health state with shorter duration level [125] 

(health state B and C comparison), building upon the TTO decision-making 

framework. If the third comparison is with death, the second task compares 

impaired health state with óimmediate deathô as Health state C[126]. Examples for 

the two-ways method are listed in Figure 1b and 1c, Appendix A. The original 

research did not present anchoring function but noted the methodological feasibility 

for anchoring. 

This format elicits direct preferences through comparing with perfect health or 

better-or-worse-than-death inquiries, bypassing the need for ordinal data 

ranking[127]. However, there's a noted concern regarding the potential breach of 

random utility theory when ordinal data is used to rank health states with or without 

death[120]. Another notable drawback is that this method requires participants to 

make twice as many decisions as the DCETTO format, potentially increasing 

respondent burden.  

6) Anchoring with both duration and death information: this method presents one 

combined question involving three health states (imperfect health states A and B, 

and immediate death C). Respondents are asked to identify the best and worst 

states following the attribute information. This format diverges from the third by 

allowing variable durations for states A and B, compelling a consideration of health-

time trade-offs. A significant benefit of this design is the detailed death ranking and 

duration data it yields. This format relaxes the transitivity requirement seen in the 

two-way triplet design for creating ordinal data[128], where a complete ranking of 

all four options provided, assuming that respondents apply a consistent decision-

making approach to both best and worst choices (Figure 1d, Appendix A). Norman 

et al., introduced a function to explicitly consider death with duration. The added 

term  ‍Ὀ is a dummy-coded variable capturing the latent utility of death[129]. 
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5  ‍Ὀ ‍ὸ ‍ὢ ὸz ‐                                                 Formula (7) 

1.4.7 Why consider DCE for health state valuation? 

Health economists and HTA bodies have favored cardinal scaling method SG and TTO 

for a long time[4, 41], but the use of DCE is gaining preference over traditional methods. 

This shift can be attributed to several advantages that DCE offers. 

The first advantage is reduction of bias. Cardinal methods are susceptible to various 

biases including utility curvature, probability weighting, loss aversion, and scale 

compatibility[130]. For instance, TTO assumes linear utility over time, which may not 

reflect real-life preferences that can fluctuate at different life stages. DCE, by contrast, 

can mitigate these biases[131]. DCE valuation design can be designed to prevent utility 

curvature, probability weighting and loss aversion (with no duration attribute)[130].  

The second advantage is lower cognitive burden. Cardinal methods often require 

respondents to give a score health states, which can be challenging, especially for 

individuals with lower educational attainment[4, 67, 132]. The ordinal method is based 

on health state rankings achieved by multiple choices. Salomon et al. noted that DCE 

had a lower cognitive burden and less abstract than TTO for diverse populations[133]. 

Bansbacka et al., noted in their study that TTO was too cognitively demanding to be 

consistently completed by young respondents[44]. A health-state valuation method 

comparison study with five attribute vignettes using VAS, TTO, and DCE find that DCE 

has the highest feasibility and test-retest reliability[134]. DCE would has the potential 

to present more information at the same time.  

The third advantage is its ease of administration. DCE aligns well with the structure of 

PBM, as each health state in a PBM is composed of different attribute levels. The PBM 

classification system accords with the requirement of ordinal scenario design. This 

compatibility makes DCE easier to administer in comparison to methods like TTO[135], 

which require different task forms for health states better or worse than death[61]. 

DCEs can be efficiently conducted via online surveys, or mail, reducing resource 

requirements and complexity.  

DCE is increasingly becoming the preferred method for eliciting ordinal preferences in 

health economics[107], particularly in studies with a large number of attributes (See 

Chapter 3 for more information)[123]. Researchers have demonstrated the feasibility 

of estimating value sets for lengthy PBMs using DCE, as seen in studies employing 

PROMIS-29 and ASCOT+EQ-5D measures[134, 136]. Despite these advantages, it's 

important to note that there is no consensus on the best practice for DCE study design. 
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Often, ordinal questions are used as warm-up exercises rather than as a means to 

generate population tariffs, and more evidence is required to establish the most 

effective DCE methodologies[67]. 

1.5 Conclusion 

The market failure in the healthcare market requires health technology assessment 

institutes to use economic evaluation to inform the unavoidable decisions in health 

care. PBMs have been developed to generate QALYs. Researchers valued the quality 

adjustment weight using cardinal (TTO, VAS, SG) or ordinal methods (ranking, BWS, 

DCE). Cardinal methods have long been regarded as the preferred methods for 

generating value sets for PBMs and recommended by valuation protocols. However, 

cardinal methods can never be regarded as perfect, and the use of ordinal data is 

especially attractive for long measures (attribute number >13, where most of the PBMs 

are described by Ƌ13 attributes. Among the ordinal methods, DCE is a promising 

technique of health state valuation with lower cognitive burden, reduced bias and more 

flexible application, especially with long PBMs. Chapters 2 and 3 will introduce the 

novel EuroQol Health and Wellbeing instrument, why an ordinal method for valuation 

may be desirable rather than a cardinal method, and what are the specific DCE design 

strategies available.  
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Chapter 2 From ȺQ-5D to Ⱥ-QALY: Beyond Health   

Chapter 1 explored the need for economic evaluation in the health sector, delving into 

both cardinal and ordinal methods for eliciting the value of health states. Recognizing 

that quality of life encompasses various domains, it is typically characterized using 

PBMs. This chapter presents the most commonly used PBMs globally, EQ-5D, which 

concentrates on assessing changes in physical and mental health, and its relationship 

with the novel EuroQol Health and Wellbeing (EQ-HWB) measure, designed to 

evaluate more extensive health and wellbeing changes.  

2.1 The health QALY and its development: take EQ-5D as an example 

2.1.1 Descriptive system and questionnaire 

The EQ-5D is a standardized Generic Preference-Based Measure (GPBM), measuring, 

comparing, and valuing health states across diseases and informing resource 

allocation. EQ-5D covers five dimensions: Mobility, Self-care, Usual Activities, 

Pain/Discomfort, and Anxiety/Depression (Table 2). Among the dimensions, Mobility, 

Self-care, Usual Activities, Pain/Discomfort are physical health dimensions, with one 

dimension Anxiety/Depression evaluates mental health[52]. The three-level, EQ-5D-

3L, has three response levels of severity (no problems, some problems, and extreme 

problems/unable), defines 243 health states. However, substantial empirical evidence 

suggested the three-level instrument had ceiling effect and was insensitive with slight 

health decrement or improvement[137-139]. EQ-5D developer EuroQol developed the 

new five-level (with five levels: no problems, slight problems, moderate problems, 

severe problems and extreme problems) version, EQ-5D-5L. The new measure 

generates 3125 health states. Initial evidence suggested that the new measure 

reduces the ceiling effect problem to some extent[4]. 

The EQ-5D consists of two parts: the first part is a descriptive system, designed to 

evaluate the respondentôs current situation (ticking the one box that best describes 

health TODAY). The second part is a visual analogue scale asking respondents to 

report their health on a 0 to 100 scale. Respondents can either self-report with support 

from trained researchers, or proxy reported by an informal caregiver or relative in 

limited situations. Then the health state utility score can be calculated using scoring 

algorithm.  
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Table 2 EuroQol generic preference-based measures 

 Target Population  Quality of Life Dimensions 
Attribute 

number 
Levels States 

EQ-5D Patients HRQoL 
Mobility, Self-care, Usual activities, Pain/discomfort, 

Anxiety/depression 
5 3 or 5 

243 or 

3125 

EQ-

HWB 

Social care users, 

Patients, Carers 

Social-care related QoL, 

HRQoL, Carer related QoL 

Activity: Vision, Hearing, Day-to-day activities, Self-care, 

Mobility; 

Physical sensations: Pain, Pain severity, Discomfort, 

Discomfort severity, Sleep problems, Energy; 

Relationships: Loneliness, Support, Relationships; 

Cognition: Memory, Cognition 

Feelings and emotions: Sad, Hope, Anxiety, Safety, Anger 

Self-identity: Self-respect; 

Autonomy: Control, Coping, Autonomy; 

25 5 525 

EQ-

HWB-S 

Social care users, 

Patients, Carers 

Social-care related QoL, 

HRQoL, Carer related QoL 

Mobility, Daily activity, Exhaustion, Loneliness, Cognition, 

Anxiety, Sadness/ depression, Control, Physical pain 
9 5 59 
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The descriptive system, named EQ-5D, was sent to EuroQol members in 1996 to 

define key information in the questionnaire and prepare for global use[140]. A plethora 

of research assessed the acceptability, feasibility, reliability, validity, and 

responsiveness of EQ-5D, through its 45 years of history. Studies provided the 

acceptability and validity evidence in different populations and settings, including 

depression, diabetes, rheumatoid arthritis, skin conditions, cancer and cardiovascular 

disease [52, 141]. However, there are also mixed evidence indicating the validity for 

use in some diseases or conditions[4]. The EQ-5D-5L value sets has been published 

in the UK recently, but the UK HTA institute NICE evaluate the value set with 

cautious[142]. To satisfy the demand of evaluating child health, a age-specific version 

EQ-5D-Y instrument was developed[143]. As an international health measure, the EQ-

5D has been translated into 169 languages[144] and value sets are available in 25 

countries[61] and more studies are still waiting for publication. 

2.1.2 Valuation and application 

An important point to remember is that the EQ-5D valuation methodology has been 

iteratively tested and modified in the past 20 years. Different methods yield different 

value sets for the same instrument. A starting point was the Measurement and 

Valuation of Health (MVH) study conducted by the University of York in the 

1990s{Williams, 1995 #785;Kind, 1998 #943}. The early version of the EQ-5D UK 

value set was based on TTO survey data from UK general population, and each 

respondent needs to value 45 health states[146], followed by VAS valuation tasks. 

EuroQol encouraged researchers to adopt same valuation methodology for generating 

the country-level tariff, to increase the comparability and reliability. However, the 

protocol applied in different forms, endorsing various valued health state selection 

criteria and the data exclusion rule for EQ-5D-3L[147], where a minority of countries 

tested the feasibility of using ordinal data to generate the EQ-5D-3L value set.  

After developing the EQ-5D-5L measure, the EuroQol group developed an official 

valuation protocol, suggesting using conventional TTO for health states better than 

dead and lead-time TTO for states worse than dead[1, 53]. The computer-assistant 

version has been called EuroQol Valuation Technology (EQ-VT) protocol, which 

consists of a web-based data collection system, Quality Control (QC) tool, tracking tool 

to know the progress of study and a parsing tool for data analysis [148]. EQ-VT data 

collection enables TTO data to be combined with DCE data to generate the value 

set[119], though there is still the option of producing a TTO-only value set [177]. The 

preference elicitation derives from a strong assumption that the utility difference 
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resulted from health state difference, instead of left-right preference and lexicographic 

preference with health[149-151]. Each respondent needs to answer 10 TTO tasks and 

7 DCE questions, and the valuation has quality control throughout the data collection 

process. Age, education, gender and ethnicity are the main characteristics of quota 

control [152].  

The EQ-5D-3L/5L utility functions were specified as additive models with 10 

coefficients (3L) or 20 coefficients (5L), constructed with the homogeneity TTO+DCE 

hybrid method and linear additive utility function. As introduced above, the mixed logit 

model relaxed the preference homogeneity assumption estimating a distributed 

preference weight, or use heteroscedasticity model with an assumption that the more 

severe health states tend to have larger variance by its utility function[52, 153, 154]. A 

EQ-5D-5L value set may also generated through crosswalk: a mapping function can 

be generated by collecting the EQ-5D-5L and EQ-5D-3L responses from a smaller 

sample size than valuation study[155].  

2.1.3 Criticism for EQ-5D measures 

EQ-5D is the most popular GPBM, but it needs to note that EQ-5D is not a perfect 

measure due to the limited dimension and level number. Although some evidence 

indicated that GPBMs were able to evaluate the health impact of depression and 

anxiety[156], a study with Finnish population showed that EQ-5D index were not 

sensitive for delusional or bipolar I disorders[157]. UK population survey with hearing 

imperfect population found a similar outcome[31], which was also predictable for vision. 

Other populations where the EQ-5D did not show a statistically significant reduction 

were long-term QoL improvement with care, multiple sclerosis symptoms and 

schizophrenia[158]. Such evidence posed challenges for reflecting the utility change 

of patients.  

EQ-5D was criticized for ignoring non-health benefits, such as wellbeing and capability 

[159]. EQ-5D was more suitable for informing healthcare resource allocation decisions 

on pharmaceutical drugs and medical instruments than informing decisions with social 

care (e.g., care for independent senior people) and palliative care[36]. The content of 

EQ-5D was developed through literature review and expert judgement 20 years ago. 

One wellbeing attribute social functions and wellbeing was combined into usual 

activities in the later stage of EQ-5D development[52].  

Practically, short measure focusing on health change poses less conceptual and 

valuation challenges. However, there is interest among policy makers and clinical 

professionals in measuring changes in wellbeing[159]. To achieve the cross-disease 
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comparison between traditional healthcare interventions and care and evaluate 

broader health improvements, health economists are interested in developing a new 

measure that reflects changes beyond the dimensions of physical and mental health 

covered by EQ-5D[144]. 

2.2 The health and wellbeing QALY and its development: EQ-HWB 

This section provides a more detailed introduction for EQ-HWB measure and related 

researches: how does the measure developed through E-QALY project, health and 

wellbeing concepts in EQ-HWB and the progress of EQ-HWB related research[160].  

2.2.1 Extending the QALY project and EQ-HWB 

EQ-HWB was developed by the Extending QALY (E-QALY) project, which-̀ was led by 

the Sheffield Centre for Health and Related Research (ScHARR) and in collaboration 

with other institutions and the EuroQol Group[160]. The aim of E-QALY was to ódevelop 

a broader generic measure of health and wellbeing for use in economic evaluation 

across health, social care, informal care and public health based on the views of users 

and beneficiaries of these services, including informal carersô[161]. 

The project has six stages (Figure 2): identify potential domains, generate items and 

questions for each domain, test the face validity of items with representatives, 

psychometric testing of selected items with users, item selection, and the valuation, 

implementation and assessment[161].  

The first stage was to identify potential domains by literature review. The starting point 

of this work was a targeted review of the qualitative evidence on the óimpact on QoLô 

by selected population groups of patients, social care users, and informal carers[162]. 

The analysis used a modified Wilson and Clearly framework, which presented an 

analysis framework for correlation between circumstance / biological / physiological 

variables and quality of life, to organize and analyse the extracted factors. The 

identified themes and sub-themes were then selected based on their importance, 

feasibility for self-reporting, non-instrumental consequences and non-overlapping 

concepts[39]. After the dropping and merging of sub-themes, the review process 

resulted in 7 themes (domains) and 26 sub-themes (sub-domains) covering both health 

and wellbeing identified in this stage (Seven themes are: Feelings and emotions, 

Cognition, Self-Identity, Autonomy, Relationships, Physical sensations, Activity)[163].  

The second stage was to generate potential item questions for domains and sub-

domains. An item pool was developed from a review of 30 existing measures, data 

banks and de novo from the qualitative review. Item inclusion was based on item 
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selection criteria as follows: ease of completion, avoid items that are value-laden, 

coverage of sub-domains and severity range, coverage of current QoL measures, 

translation and localization suitability, and suitability for valuation[164]. 687 potential 

items were identified from the review and 89 items were left after selection. There were 

also considerations on the items related to more than one domain, and the recall period 

as well as negative or positive wording to make the whole item pool consistent[165]. 

For those sub-domains without potential items, new items were generated. After a 

review of items from stakeholders, advisories, Patient and Public Involvement and 

Engagement (PPIE) group and necessary refinement of items, 8 items were generated 

or added to the 89, and 97 items remained. The measures have experimental status 

which allows items to be refined as they are tested.  

Figure 2 overview of E-QALY project 

 

Source: John brazier. Sheffield mini master class PowerPoint: 
https://www.youtube.com/watch?v=KTlsIvqyhNI&t=2337s and Brazier J et al., (2022).   

Stage three was a qualitative multi-national semi-structured interview to test the face 

validity of the 97 items from stage two. 168 participants, including social care users, 

patients, mental health service users, carers, and healthy people, were one-to-one 

interviewed in the UK, Argentina, Australia, China, Germany, and the USA. Each 

respondent was presented with around 40 items from two to three domains. They were 

asked whether they had a preference and alternative wording if they did not like the 

item. The items were selected based on the meaning /interpretation of meaning, 

positive or negative comments (though not transcribing the verbal recording into 

qualitative analysis documents), and suitability of response. The result shrunk the item 

pool to 64 items (3 new items added)[165].  

The fourth stage was to assess the psychometric performance of the proposed items 

through a large survey. 4830 participants, covering patients (acute, long-term 

https://www.youtube.com/watch?v=KTlsIvqyhNI&t=2337s
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conditions, and mental health service users), social care users, carers and the general 

public, completed the large-scale psychometric survey among the six countries. The 

respondents completed E-QALY items, EQ-5D, Short Warwick Edinburgh Mental 

Wellbeing Scale (SWEMWBS), and social care measure (ASCOT) to test the 

distribution of responses, domain structure, item performance (using Item response 

theory) and construct validity of the proposed 64 items[166]. Dimensionality and its 

validity in multicultures were explored by exploratory and confirmatory factor analysis. 

Item performance was tested to check its ability on discriminating groups, as well as 

the rate of missing data and floor or ceiling effects. Views of the advisory group were 

included in the selection of items in stage 3. 32 items performed well, 25 had mixed 

evidence and 7 performed poorly[161].  

Stage five involved the selection of the items for EQ-HWB and short classifier EQ-

HWB-S. The E-QALY group aimed to have at least one item for each sub-domain. This 

item selection was completed by collecting evidence from stakeholders including the 

project advisory group, PPIE group, HTA institutes and EuroQol Group membership. 

For the long version EQ-HWB, stakeholders (academics, those working in HTA and in 

pharmaceutical companies) were invited to provide opinions with presented items: to 

include, reject or undecided about the item in an online survey. Top-ranking item in 

each sub-domain were retained. For the EQ-HWB-S, a second round of consultation 

with 71 experts was conducted, with two selection concerns that the EQ-HWB-S items 

should be core items and correlation among the sub-domains should be acceptable. 

Respondents were asked to rank the items and indicate whether they strongly 

recommended, recommended, or were not sure or do not recommend the item as 

suitable to inform decision-making in the context of economic evaluation. 7 of 10 most 

highly ranked items were selected and two items were added for the draft EQ-HWB-S. 

The research team also considered a pilot interview evidence with DCE and TTO 

method, to test the feasibility of valuation of each item[161]. It resulted in a change of 

the coping item to a control item. The final version of EQ-HWB had 25 items and EQ-

HWB-S had 9 items with different response options and a seven day recall period (see  

in Table 2 and 3, Appendix A) [161].  

Stage six is the valuation of the new measure. For the shorter classifier EQ-HWB-S, a 

feasibility study with 520 UK participants tested valuation with EQ- Portable Valuation 

Technology protocol (version 2)[119]. Each respondent participated in an online 

videoconference interview to complete a questionnaire with 4 practice TTO questions 

+ 7 TTO questions + 7 paired comparison DCE questions[167]. The result indicated 

that participants understood the TTO and DCE tasks as was expected[167]. Qualitative 
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evidence from the population group with high education level also proved that TTO 

questions were fairly or very easy to understand but held dissent opinion on what other 

information should be added to enrich the measure[168].  

Apart from efforts to generate a value set for the new measures, there is emerging 

evidence on the validity and efficiency of the new instruments in different populations, 

including the general population[169], care givers[170], and parents[171].  

2.2.2 EQ-HWB  

The EQ-HWB definition of health and wellbeing is characterized as a bottomïup 

process, in favor of a more flexible, inclusive dimension structure that focused on 

health, social-care and carer related quality of life. Wilson and Clearyôs model for 

health-related quality of life, has been adopted to identify the main dimensions [64], 

incorporating bidirectional relationships and interactions between health symptoms 

and emotional feelings [46]. Other sources of HWB are literature review of health and 

wellbeing PBM measures [65], and qualitative interview data with future measure users 

and stakeholders, especially the UK HTA institutes and social carers[39, 166, 172, 173].   

The EQ-HWB covers seven domains (physical sensation, feelings and emotions, 

activity, self-worth, control and coping, relationship, cognition) [161]. The 25 items of 

EQ-HWB are: Vision, Hearing, Mobility, Daily activities, Self-Care, Sleep, Fatigue, 

Loneliness, Support, Memory, Concentrating/ thinking clearly, Anxious, Unsafe, 

Frustrated, Sad/depressed, Hopeless, Control, Coping, Stigma/belonging, Enjoyable 

activities, Self-worth, Pain severity and frequency, Discomfort severity and frequency. 

Each sub-domain identified in the E-QALY stage is represented by one item, with the 

exception of pain and discomfort. Loneliness, stigma, and concentration have one item 

each and there is no item specifically for dignity. Stigma/belonging, Enjoyable activities, 

Self-worth were positively worded while the rest were negatively worded. Each item is 

designed with five response levels.  

The EQ-HWB-S, with nine core attributes, represents a more concise variant of the full 

EQ-HWB measure that was amenable to valuation. Items included are Mobility, Daily 

activity, control, concentration, anxiety, depression, loneliness, fatigue, and pain 

severity. 

2.2.3 Valuation 

The EQ-HWB-S is amenable to valuation using established techniques. A pilot 

valuation study in the UK, following the EQ-VT protocol, was conducted to test the 

validity of the existing valuation method for EQ-HWB-S[168]. An alternative method, 
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called Online elicitation of Personal Utility Functions (OPUF), has recently been used 

to create the value set of UK and Australian general public population, and German 

rheumatic disease and diabetes patients. All of the published valuation study targets 

on testing a promised EQ-5D valuation method using the new measure (until 

December 2023). The two studies proved that the health state valuation theory and 

approaches could be applied to measures extended beyond the scope of physical and 

mental health. The additional dimensions of EQ-HWB-S, compared with EQ-5D (9 vs. 

5) provided respondents with more detailed scenarios, though the increased amount 

of information could potentially raise the difficulty of the task. Respondents understand 

the classic valuation designs (DCE and TTO) well and the data quality is comparable 

to the EQ-5D health state valuation data (OPUF){Schneider, 2022 #849}. However, 

other valuation approaches (e.g., generating a value set solely through ordinal data) 

has not been fully tested with the EQ-HWB (-S) measure. To present an overview of 

other potential valuation methods, this study conducted a literature review and other 

promising alternative methodology options will be introduced in Chapter 3.  

As EQ-HWB-S served as a new measure reflecting broader health change, some of 

the ongoing valuation studies explored the utility influence of using a ñbolt-onò version 

of EQ-HWB-S. No result has been published yet (until November 2024).  

Currently, there is no specific valuation protocol tailored for the full EQ-HWB measure. 

While the EQ-VT protocol originally designed for valuing the EQ-5D health measure, 

concerns were raised about its application with the full EQ-HWB measure. The 

extensive information presented in the valuation tasks for the EQ-HWB measure would 

require that careful consideration must be given to the selection of the valuation 

method.   

For this valuation research, the EQ-HWB items were classified into physical health, 

mental health and wellbeing to distinguish across them:  

Physical health: Vision, Hearing, Mobility, Daily activities, Self-Care, Discomfort 

severity, Discomfort frequency, Pain severity, Pain frequency. 

Physical but influenced by mental health: Sleep, Fatigue, Memory, Concentrating/ 

thinking clearly. 

Mental health: Anxious, Unsafe, Frustrated, Sad/depressed, Hopeless. 

Wellbeing: Loneliness, Support, Control, Coping, Stigma/belonging, Enjoyable 

activities, Self-worth. 
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2.3 Conclusion 

The EQ-HWB and EQ-HWB-S represent a significant advancement beyond the EQ-

5D, covering aspects of health and wellbeing identified as important by service users 

and informal carers. The EQ-HWB is not simply an update or extension of the EQ-5D, 

but rather a novel measure designed to capture a broader range of benefits, covering 

both health and wellbeing. It capture a broader notion of change of health-, social care- 

and carer-related quality of life. The EQ-HWB therefore offers a more inclusive 

evaluation of outcomes in CEA studies and multi-disciplinary comparison in 

policymaking.  

In the perspective of valuation, the 9-item EQ-HWB-S measure is more feasible in 

terms of length and can be valued using the EQ-VT protocol. However, the EQ-HWB-

S does not contain the full richness of wellbeing themes and sub-themes captured in 

the EQ-HWB which potentially limits what it is able to capture. This raises the issue of 

whether it is possible to value a wider set of items from EQ-HWB to enable the wider 

set of aspects covered in EQ-HWB to be reflected in utility values. Balancing 

comprehensiveness in the state description with practicality remains a key challenge 

in developing effective tools for evaluating health and wellbeing outcomes within a 

QALY framework. In the next section, I will introduce some feasible valuation designs 

specifically for long measures.  
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Chapter 3 Literature Review of DCE Health State Valuation Studies 

The preceding sections have provided an overview of health state valuation 

methodologies and a brief comparison of EQ-5D and EQ-HWB. Recently, health 

economists have increasingly adopted the DCE approach[174], and as noted by 

Carson and Louviere[80], DCE is a ógeneral preference elicitationô survey approach 

asking respondents to choose between two or more alternatives, where at least one 

attribute is ósystematically variedô.  

The initial application of DCE in measuring health state preferences was reported by 

Hakim and Pathak in 1999[82]. Since then, DCE has been widely used in health state 

valuation research and is recommended in the EQ-5D-5L valuation protocol[53, 84, 

175]. This section included literature from September 2018 to December 2022 in both 

English and Chinese language. It highlights recent advancements and trends in DCE 

methodologies within health state valuation and summarizes viable study designs for 

long measures. The paper has been published, available at:  

https://doi.org/10.1007/s40258-023-00794-9. This is an extended version of the 

published review.  

3.1 Published evidence 

Mulhern et al. and Bahrampour et al. conducted two comprehensive review studies 

focused on DCE valuation of PBMs [84, 175]. The first study, conducted by Mulhern et 

al., spanning from 1999 to May 2018, identified 63 studies satisfying the inclusion 

criteria, generally exhibiting high quality. In contrast, the second study by Bahrampour 

et al., covering the period until 2018, differed in its search terms by not including BWS 

Case 3 and excluded simulation data studies. This resulted in the identification of 38 

studies. Like the first study, the quality of studies were high, with an average score of 

86.5%. Both studies provide valuable insights into the application and quality of 

research in the field of health state valuation using DCE and PBM methodologies. 

The review of DCE studies in health state valuation revealed notable trends and 

methodologies. There was a noticeable increase in the number of DCE studies, with 

57% of the reviewed papers published in the last three years of the review period 

(2016-2018). Over half of the studies created a value set, while the rest of them 

focused on study design strategies, preference heterogeneity, and data modelling 

comparisons.  

EQ-5D measures (3L, 5L, and EQ-5D-Y) were the most commonly valued PBMs 

across these studies. Most studies employed digital DCE surveys. The sample sizes 

https://doi.org/10.1007/s40258-023-00794-9
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varied, with half of the studies involving over 1000 participants, while two studies had 

fewer than 100 participants. The choice tasks in these studies typically featured five to 

six attributes, aligning with the attributes of popular PBMs like EQ-5D or SF-6D, with a 

range of 4 to 20. The majority of studies presented respondents with over ten choice 

questions, with a range from 4 to 32. D-efficiency design was prevalent, and priors 

often derived from value sets of other countries or from a small-sample prior survey. 

The conditional logit regression model was the most common analytical approach[176] 

for anchoring.  

To manage the complexity of tasks with numerous attributes, researchers employed 

various presentation formats, such as coloured balloons for levels or highlighting with 

different colours, to reduce cognitive burden for respondents. It was found to improve 

response rates to some extent.   

In conclusion, valuation studies employing the DCE method have garnered significant 

attention. However, it is important to note that an universally accepted "gold standard" 

for study design and the valuation of long measures remains unclear. This review 

updated the evidence, including study design, information presentation, anchoring 

strategies and the data analysis methods, and tried to summarize all of the feasible 

study design strategies for generating a value set with long measures.  

3.2 Review question and methodology 

3.2.1 Literature Search 

This literature review was the first review of this literature covering both English and 

Chinese database. Recently, DCEs gained prominence in generating health state 

utilities within China. A notable instance includes its application in deriving the Chinese 

value set for the SF-6Dv2 measure[177], but there has been an absence of systematic 

searches and review of such studies. To formulate our search strategy, this study 

referred to prior systematic reviews [84, 175] and translated the English keywords into 

Chinese. The searched English databases were PubMed, Cochrane, and Chinese 

databases Wanfang and CNKI.  

Our search strategies were developed based on existing published evidence. While 

Bahrampour et al. represented the most recent review in terms of publication date[175], 

the registration details on the PROSPERO website suggested their literature search 

concluded earlier. Additionally, Bahrampour et al. excluded studies that utilized 

second-hand data, contrasting Mulhern's inclusion of studies with both primary and 

secondary data[84, 175]. Our review expanded upon the foundation laid by Mulhern et 
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al[84], aiming to include a broader range of evidence. The search terms encompassed 

descriptive keywords related to discrete choice survey (e.g., "discrete choice 

experiment," "DCE"), health state valuation (e.g., "value set generation"), and Multi-

Attribute Utility Instruments (e.g., "preference-based measure," "PBMs," "MAUIs," 

"EQ-5D"). A scoping review was conducted to identify the various terminologies and 

Chinese translations for DCE methods (such as "paired comparison," "case 3 Best-

Worst Scaling"), and an external Chinese expert was consulted for reviewing the 

search terms. In addition to the term ordinal method, some institutions or researchers 

use conjoint analysis to represent the choice methods or specifically for DCE. The 

International Society for Pharmacoeconomics and Outcomes Research (ISPOR) 

defined conjoint analysis as a concept involving ranking, rating, or multi-attribute 

choice design for general health preference evaluation[178]. However, Louviere et al 

(2010) reported that the conjoint measure theory was about the factorial manipulations 

of levels that applicable for utility measurement[179]. This research included ñconjoint 

analysisò as the English search term. 

The comprehensive list of English and Chinese search terms is detailed in Table 4, 

Appendix A. The initial English search was completed in March 2021 and updated in 

December 2022 to include the most recent papers. The Chinese database search was 

completed in early October 2022. 

3.2.2 Inclusion and Exclusion criteria 

Health state valuation or methodology study papers were included if the study used 

DCE design or paired Case 3 (multi-profile case) BWS to generate a value set for a 

PBM. Case 3 BWS asked respondents to select the best and worst scenarios with 

more than one multiple-attribute profiles where the choice experiment was in line with 

DCE [180, 181]. Papers were excluded if: 

1. Only non-DCE methods were used[72]; 

2. DCE studies targeting a monetary parameter ratio or Willingness-To-Pay (WTP) 

for a certain intervention.  

3. Studies valuing partial health states where not all attributes were considered, or 

health states that were not derived from Preference-Based Measure (PBM), where a 

value set cannot be developed.  

4. Quantitative studies using DCE but not reporting the statistical analysis results, 

reviews and qualitative studies. 
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5. Papers published before September 2018. 

6. Data generated from software simulation instead of real-world survey, or where the 

study design is not reported, conference abstracts where full text was not available, 

and replicated articles in various languages were excluded.  

HW and external expert LJ designed and translated the search terms. HW reviewed 

article titles and abstracts. The full text of remaining articles was reviewed by HW. 

PhD supervisors DR and JB finalized the included articles. DR and JB provided 

suggestions for developing the data extraction sheet to confirm that the extracted 

information was consistent with the review objective. HW extracted the information 

and DR assessed the data extraction quality for a subset of articles.  

3.2.3 Data Extraction 

Data extraction was conducted using a designed data extraction sheet. The 

extraction sheet comprised four key components: 1) General study information, 

including sample details, measurement, and data characteristics; 2) Study design 

elements, such as attributes and levels, attribute categories, the number of scenarios 

and choice sets, anchoring methods, the questions posed, and the statistical analysis 

approach; 3) analysis specifics, focusing on whether the results were latent or 

anchored, and the logical consistency of the findings; and 4) reported research 

limitations and recommendations, particularly concerning the methodological choices 

in DCE. The information in data extraction sheet was based on insights from previous 

reviews [84, 175]. Key information was reported for the main study characteristics, 

study design and analysis. Trends since the previous reviews were outlined in the 

discussion. 

3.2.4 measure concepts  

In this section of our study, three distinct measure concepts to categorize and assess 

the effectiveness of the identified evidence are used: wellbeing measures, health 

measure and long measure. The criteria for defining wellbeing measures are grounded 

in three consensus points: 1. Recognition of the five wellbeing measures (GHQ-12, 

WEMWBS, ONS-4, ICECAP-A, ASCOT) commonly utilized in the UK, as referenced 

in a previous study[172]; 2. Inclusion of measure attributes that assess life pleasure, 

attitude, and qualities, aligning with the principles of hedonism theory; 3. Identification 

of a measure as a "wellbeing measure" either by the original study authors or through 

the predominance of "wellbeing" attributes within it. A health measure is defined as  

ñfocuses on health attributes but may also encompass aspects of wellbeingò. 
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3.3 RESULTS 

3.3.1 Identified studies 

The search identified 1133 English language records and 46 Chinese language studies 

using DCE and preference elicitation search terms, where 1172 articles were included 

after duplicate checks. 1106 records were from PubMed, 20 articles from the Cochrane 

database, 16 articles from Wanfang, and 30 from CNKI. All of the studies reported DCE 

study design and no case 3 BWS articles were identified. After screening titles and 

abstracts, 1063 articles were excluded, leaving 109 articles. The assessment of full 

articles further excluded 44 articles. There was one Chinese language article, and 64 

English articles satisfied the inclusion criteria (Figure 2, Appendix A). All the 65 papers 

(Table 5, Appendix A) were double-checked to ensure no research study overlapped. 

3.3.2 General characteristics 

An increasing number of works were identified in the reviewed years in comparison to 

the reviews of the literature up to 2018[84, 175]. More papers were published in 2021 

(n=19) than 2020 (n=17) and 2019 (n=9) but cannot easily be compared to 2022 (n=15), 

since this is not a full calendar year. Overall, the majority of the studies were conducted 

in Organization for Economic Co-operation and Development (OECD) countries, 

examples including the UK (n=13), the USA (n=6), Australia (n=6) and Netherland 

(n=7). Other countries with more than one research identified were Germany, China 

(n=4 for each country), Italy (n=3), Canada, France, Poland, Spain, Hungary and 

Slovenia (n=2 for each country). Denmark, Egypt, Ethiopia, Malaysia, Mexico, New 

Zealand, Japan, Peru, Portugal, Russia, Slovenia, Tunisia, Philippines and Thailand 

all provided one. Compared with published reviews in 1999-2018, there was an 

increase in studies coming from ódevelopingô countries (15 % in 1999ï2018 compared 

with 25 % in 2019ï2022), but the UK, the USA, and the Netherlands were still top four 

publication sources.  
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3.3.3 Sample size and PBM measures 

Most studies (n=60) sampled the general population, and stratified the respondents by 

gender, age, educational level and region. Other studies collected data from 

adolescents[182], parents[183], diabetic macular edema patients[184], elderly people 

[125, 185] or people with hemophilia [186]. The sample size varied among the studies. 

Forty-nine studies (46 valued by general public and 3 valued by a specific group) 

interviewed over 1000 respondents, with a sample size ranging from 220 to 13623 

(Table 3). The average sample size was 1704, with a number for the general population 

of 1948 samples and for the specific population of 797.  

The proportion of studies administrated online was similar with the previous review. 37 

studies (60%) collected data online with an online panel. In comparison, Mulhern et al 

[84] identified 37 (59%) of all the papers employed online administration mode. Out of 

the 25 off-line studies, 21 employed software-assistant data collection. Two studies 

used mixed data collection strategy and one study did not mention their data gathering 

method (Table 3). 
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Table 3 Experiment design characteristics 

Characteristics Level Identified 
studies 

Attributes Number 
(Range: 5~13) 

Range: 5~13  
5 38 
6~7 10 
8~10 6 
11~12 10 
13 1 

Number of Levels 3 15 
 4 11 
 5 34 
 6 5 
Anchoring Anchoring with cTTO data 24 
 Anchoring with duration 29 
 Anchoring with VAS data 3 
 Others1 (rescaling) 5 
 No anchoring 4 
Choice set Pairs 62 
 Triplets2 3 

Choice tasks per 
participant 

Range: 7~28  

 Ò12 38 
13~28 25 
Not mention 2 

Survey mode Interview offline 25 
 Interview online 37 
 Mixed 2 
 Not mention 1 
Question asked Prefer 32 

Better 10 
ñWhich one do you pickò 4 
Following EQ-VT (v1/v2 question format mentioned) 14 
Not mention 5 

Total number of Choice 
sets  

Range: 28~960     

 Ò120 20 
 121~196 26 
 197~960 16 
 Not mentioned 3 

 In total 65 

Note: 1. Re-scaling anchoring option includes re-scale with existing tariff or re-scale with the 

minimum/maximum utility value. 

2. All of the studies included used death as the third state.   
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EuroQol HRQoL measures (5D-3L, 5D-5L and 5D-Y) were the most commonly valued 

PBMs. The EuroQol international protocols for valuing EQ-5D-5L[53] recommend 

using TTO and DCE meant there were 21 papers generated EQ-5D-5L value set under 

the recommended framework. Nine studies generated EQ-5D-Y value sets. Other 

studies measured generic PBMs including EQ-5D-3L (n=4), EQ-5D bolt-on/bolt-off 

measures (n=2), SF-6Dv2 (n=4), EQ-5D-5L plus ASCOT (n=1), the informal caregiversô 

life quality measure CarerQol-7D (n=8) and infant health-related quality of life 

instrument measure IQI (n=1). Various Condition-Specific PBMs were also valued, 

such as the European Organization for Research and Treatment of Cancer (EORTC) 

cancer utility measure instrument EORTC-QLU-C10D[187]. (n=6), the impact of self-

management on quality of life in diabetes measure HASMID, a tool for palliative and 

supportive care ICECAP-SCM [188], diabetic retinopathy measure DRU-I[189], 

traumatic brain injury outcome measure QOLIBRI-OS[190], Alzheimer measure AD-

5D[135] and cerebral palsy measure CP-6D[135, 191] (Figure 3). 

Figure 3 Measures used in identified articles 

AD-5D: Alzheimer's Disease Five Dimensions; CARIES-QC-U: Caries Impacts and Experiences 

Questionnaire for Children; CarerQol-7D: Care related quality of life-7 dimensions; CP-6D: cerebral palsy 

quality of life-6 dimensions; CQ-11D: Chinese medicine quality of life-11 dimensions; DMD-QoL: 

Duchenne muscular dystrophy quality of life; DRU-I: Diabetic Retinopathy Utility Index; EQ-5D-3L/5L: 

European Quality of Life 5 Dimensions 3 Level/5 Level Version; EQ-5D-Y: European Quality of Life 5 

Dimensions Youth; Bolt on/off: EQ-5D with bolt on/off dimensions; ASCOT: Adult Social Care Outcomes 

Toolkit; FACT-8D: Functional Assessment of Cancer Therapy Eight Dimension; HASMID: Health and Self-

Management in Diabetes; ICECAP-SCM: ICECAP Supportive Care Measure; IQI: Infant health-related 

Quality of life Instrument; NDI: Neck Disability Index; QLU-C10D: European Organization for Research 

and Treatment of Cancer (EORTC) cancer utility measure instrument; QOL-ACC: Quality-of-Life Aged 

Care Consumers; QOLIBRI-OS: Quality of Life after Brain Injury overall scale; SF-6D V2: Short-Form Six-
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Dimension Version 2; SOSGOQ-8D: Spine Oncology Study Group Outcomes Questionnaire-8 

dimensions; WOOP: wellbeing of older people. 

Note: Shah (2020) used EQ-5D-Y and EQ-5D-3L 

 

Among all of the measures, most of them were focused on physical and mental health 

change. Some studies generated utility weights for caregiver QoL measures 

considering wellbeing, health, and needs. Adult capability wellbeing measure ICECAP-

A[192], the palliative and supportive care supported patient evaluation measure 

ICECAP-SCM were found and classified as wellbeing measure following consensus 1. 

The Australian health and care preference comparison research used the wellbeing 

measure ASCOT and EQ-5D to measure the relative preference across dimensions 

for the two measures. HASMID, QOLIBRI-OS, and CarerQol-7D are classified as 

wellbeing measure because of consensus 2 (all of the three measures evaluated life 

pleasure). DRU-I was classified as wellbeing measure according to consensus 3. In 

conclusion, some measures covered a broader wellbeing change  [8] and this review 

found that 14 out of 65 articles valued measures covering wellbeing. 

3.3.4 Attributes and Choice sets 

The majority of measures were described by five attributes with five levels, with a range 

of 5 to 13 attributes. Thirty-two studies included a duration attribute (n=29) or included 

a ódeathô scenario (n=3) to collect relative preference for anchoring. The range of 

duration levels of all the included studies was 2 months to 15 years. 1, 2, 5 and 10 

years were the most common duration levels as recommended by the QLUȤC10D 

valuation studies[193, 194]. However, other condition-specific PBMs and SF-6D 

valuation studies took 1, 4, 7 and 10 for duration level design. This study did not find 

any study which combined the two duration level designs together. Three studies 

reported conducting qualitative interview for deciding duration levels, but evidence 

from published studies was the most common source of duration levels. Most studies 

(n=28) selected the n-1 number of duration levels compared with other attributes. The 

methods employed by researchers to determine duration levels in their studies were 

varied. Three studies opted to conduct additional interviews to gather insights on 



39 

 

duration levels directly from stakeholders. Another common approach was to draw 

upon evidence from prior research as a basis for setting these duration levels, as the 

SF-6D valuation studies did. Moreover, it was observed that most research projects 

tended to select a number of duration levels that matched the quantity of other 

attributes in their study, maintaining a consistency and orthogonality in the level of 

detail across different aspects of the research. However, Limôs[126] EQ-5D severity-

stratified study used 12 duration levels (from 2-month to 9 years), though there was no 

explanation for the duration selection process.  

Valuation studies can present choice tasks with either paired scenarios [177, 195] or 

triplet scenarios[196].  Pairs (n=65) was more commonly used than triplets (n=3). The 

additional scenario was either described as dead or worst health state of valued 

measure. The total number of choice sets ranged from 28 to 960, with a mean number 

of 269 (Table 3). Over 60% (n=34) of all studies presented less than 12 DCE tasks per 

respondent, and the number of tasks varied from 7 to 28 (including dominant task or 

consistency test task). The respondents were asked questions about selecting their 

ñpreferredò health state (n=32), the ñBest/betterò scenario among the options (n=10), 

or the scenario that they would like to pick (n=4). 

3.3.5 Study design and presentation 

Studies applied mathematical algorithms to eliminate the DCE scenario number and 

generate an efficient design or used random selection/orthogonality array to decrease 

the number of potential pairs. The reported efficient design approaches were 

optimizing D-efficiency with non-zero (n=26) and zero priors (n=1). Informative prior 

values could be applied in minimizing the D-error in efficient design, where the priors 

may come from a pilot study or extracted data from published articles (e.g., taking 

Dutch EQ-5D-5L values as the fixed prior values for 15 EQ-5D valuation studies). 

Studies with prior distribution information and value uncertainty iteratively extracted 

priors with a Bayesian method (n=25). As recommended by the EuroQol EQ-5D-5L 

international valuation protocol, Bayesian efficient design has been applied by a larger 
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proportion of DCE studies (38% versus 30% from 1999-2018 review[84]). A non-

informative prior value was applied to design a small-scale pilot study, followed by 

design update with the pilot data values and distributions. Other design strategies 

included fractional factorial design (n=8), C-efficient design (n=1), full/fractional 

factorial design (n=1), and others (hand selection and self-adaptive) (n=2). Four 

studies applied mixed design strategy, including both D-efficient and suppressing 

unrealistic/severe health states using hand selection (Table 4). The innovative adaptive 

DCE method presents certain uncertainties, particularly regarding the efficiency of the 

adaptive DCE design and the optimal way to present choice sets.  

Table 4: Design method used 

Design type Approach Identified study 

Efficient Design Bayesian efficient design      25 

 D-efficient (with fixed/zero prior) 26 

 C-efficient (with fixed/zero prior) 2 

Fractional factorial Randomized design and orthogonal method 8 

Factorial design Full factorial/fractional factorial design 

 (Including adaptive DCE) 

2 

Other Others (hand selection and self-adaptive) 2 

 In total    65 

Note: study using both efficient design and exclude combinations of dimension levels that were considered 

highly implausible in practice has been classified as efficient design 

 

A study design with all attributes varied in each choice set provided higher statistical 

efficiency with a given number of respondents, yet it simultaneously increased 

respondents' confusion, misunderstanding, and dropout rate [44]. 25 studies 

presented the choice set with strategies to reduce the cognitive burden and increase 

respondent participation. These strategies included attribute overlap and visually 

attractive choice set presentation. 22 studies introduced within-dimension overlap, and 

eighteen studies highlighted the dimensions that differed within a choice set using 

different colors (yellow or light grey). Three studies presented the attributes that 

differed within a choice set before fixed overlap levels, where the other studies (n=62) 

presented all attributes including those that were fixed and those that differed. It was 
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found that health states described by a larger number of attributes (attribute number 

larger than 9) applied some degree of attribute overlap within the pair of health states 

in a choice set.  

Included studies involved a randomization process of choice sets or sample 

randomization to increase face validity. 33 studies applied a process of blocking choice 

sets, including Balanced Incomplete Block Design (BIBD) or partial block design, to 

guarantee a balanced severity level distribution. Twenty-nine studies randomized the 

choice sets into blocks without stratification. Respondents in 6 studies answered a 

fixed number of unduplicated DCE questions, regardless of the attribute level overlap. 

Some studies developed in-block randomization: 16 studies randomized the choice set 

order in a fixed DCE block, 12 studies randomized the scenario sequence (left-right 

randomization), and 20 studies arranged the measure attributes in a random order 

(randomized dimensions). Studies with non-randomized blocking employed a 

weighted correlation strategy to minimize the average correlation between the blocking 

columns and all other design columns (n=1), or block with half random selected and 

half balanced (n=3).  

3.3.6 Statistical analysis 

Table 5 summarized the number of articles using different utility models employed. The 

main effect linear utility function (n=19) and main effect interacted with duration (n=26) 

were the most frequently used model functions. The main effect model captured only 

single-parameter main effects without interactions or extra dummies, while the main 

effect interacted with duration model estimated attribute coefficients with duration 

interactions with an additional duration attribute coefficient[44]. Both model 

specification forms assume that there was no dimensional interactions between PBM 

attributes[67]. Some studies considered the interaction between non-duration 

attributes[188, 197] or included an extra dummy to capture the impact of extreme 

health states (n=3). Shafie et al[198] and two other studies used an eight-parameter 

non-linear constrained model, where the parameter representing level 5 and one 
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parameter for levels 2, 3, and 4 (L2, L3, L4) were included. A hybrid model function 

(n=13) used both DCE and cTTO data mentioned, where the majority of EuroQol 

measure valuation studies included this model.  

Table 5 Utility function and data analysis function 

Characterist

ics 
Approach 

Identifi

ed 

study 

Model 

function 
Main effect linear utility function1 19 

 
Main effect interacted with duration (with and without constant 

time assumption2) 
26 

 Main effect with extra term (dead dummy or worst/N3 state) 3 

 Hybrid model3 13 

 Main effect with constrained model (eight-parameter) 3 

 Personal value function4 1 

Regression 

function5 
Conditional logit model (random/fix effect, scale-adjusted 48 

 Mixed logit/latent-class logit model (heterogeneity model) 33 

 Likelihood function (TT0/BWS with DCE data) 24 

 Scale-assessment models/Poolability 7 

 ZBT model with power function 2 

 Mean individual preference 1 

 Total identified articles 65 

Note:  1. Main effect linear utility function is the model function with only DCE data and consider no 

dimensional interaction or co-effect with duration attribute. 

2. Research considered both interaction with duration and extra term is classified as main effect with extra 

term.   

3. Hybrid model is the Main effect function with cTTO or BWS data.  

4. The personal value function is a self-adjusted health state valuation function, where the social 

preference is the average of personal preference. 

5. Research can use more than one regression function. 

 

For the regression model, the conditional logit model (n=48) was the starting point of 

choice data analysis. A conditional logit model is consistent with the random utility 

theory and assumes no scale or preference heterogeneity[199]. On the other hand, 

thirty-three studies applied the mixed logit model (n=24) or latent-class model (n=9) to 

control for individual heterogeneity. 24 studies used a hybrid model, which jointly 
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modelled both DCE and TTO preference data using a likelihood function. 7 studies 

considered the possible heteroscedasticity issue with conditional logit model, and 

estimated the scale effect with scale-assessment models[200]. The Zermelo Bradley 

Terry model (ZBT model) with an unilinear time preference[201] model appeared twice 

(more details in the following chapter) and the mean individual preference model 

showed one time (Table 5). Studies evaluated model performance with logical 

judgements: if the óworse levelô has higher latent or anchored disutility value, then the 

item coefficient would be regarded as inconsistent. Our updated review found over 60% 

of all studies reported some degree of inconsistency with the conditional logit model. 

However, there was no significant inconsistency rate increase with the DCE valuation 

result, compared with other valuation methods where these were included[84, 175]. 

3.3.8 Anchoring 

DCE values were estimated on a latent scale. However, to generate utility values on a 

QALY scale, latent coefficients should be anchored on the 0 (full health) to 1 (dead) 

QALY scale, which can be done using a variety of different methods [87]. Sixty-one 

studies anchored the latent coefficient by using: extra TTO data (n=24); VAS data(n=3); 

duration attribute for estimating relative preference with time (n=29); re-scaling method 

with or without additional data (n=5).  

There are 36 papers published on DCETTO and 4 with the triplet design with duration 

and death, including a second-hand data analysis study. The majority of DCETTO 

studies employed SF-6D and EQ-5D-5L measures, which are short measures focusing 

on health. However, DCE with duration were less used with long measure due to the 

cognitive burden of long measures and less recommendation of those measures by 

HTA institutes[202].  

3.3.9 Design similarity 

The selection of an experimental design is a crucial phase, significantly influenced by 

various "famous" designs. In an effort to guide future research and the selection of 

methodologies, this review endeavored to delve deeper into the underlying reasons for 
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the similarities and differences observed in study designs, including choice set 

selection method, anchoring strategy and information presentation. Our research 

revealed that the study designs for EQ-5D valuation, SF-6Dv2 valuation, and the 

cancer-specific EORTC QLU-C10D significantly influenced the methodologies: 

increased the use of EQ-VT (version 1 and 2) and the Australia EORTC QLU-C10D 

valuation method[203]. A considerable number of value set generation studies 

incorporated duration attributes found in the EORTC QLU-C10D valuation 

guidelines[193], and composite TTO (cTTO) data in analysis recommended in EQ-VT 

valuation[119]. One advantage of using the DCE with duration design was that the 

DCE data can be anchored without extra cardinal data [44], and the hybrid model with 

cTTO data used additional TTO information to increase its accuracy. Common DCE 

with duration levels for the duration attribute of 1, 4, 7, or 10 years/ 1, 2, 5, or 10 years 

were from the SF-6D v2 and QLU-C10D valuation models[203, 204]. In addition, the 

increasing trend of using D-efficient DCE design with priors and considering no 

dimensional interaction was influenced by the methods used by EQ-5D-5L, SF-6Dv2 

and EORTC-QLU-C10D three studies as well.  

While common designs of key PBMs focusing on main effects and interactions with 

duration remained predominant, there has been a noticeable shift in some studies to 

accommodate interactions between health attributes. This approach represents a 

perspective in study design, recognizing the complexity of health-related decision-

making and the potential for different health attributes to influence each other. An 

ISPOR report[205] shows that estimating interaction effects among measure attributes 

should rely on quantitative analysis instead of assuming that the interactions are not 

statistically significant. More detailed methodology research on the significance criteria 

of attribute interaction is potentially worth exploring in the DCE health state valuation 

literature. Included methodology studies found that if interactions are important, these 

should be accounted for in the experimental design. In conclusion, the results of this 

review suggest that the methodological consensus identified in the Mulhernôs review 

might be influenced by the measure that is valued, rather than academic 
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agreement[84]. Whilst this reflects a policy-making demand for PBM tariffs, it is 

recommended that the method and selections of the levels of the duration are 

examined further using qualitative research instead of copying the levels used in a 

published study or just relying on the most common levels identified during a review.  

3.4 DCE Design options for long measures 

Valuing long measures such as EQ-HWB presents significant challenges. These 

measures typically encompass a wide range of attributes and dimensions, making it 

difficult to design studies that can effectively capture and quantify such multifaceted 

concepts [144]. The published valuation studies using longer measures can provide us 

with valuable insights on the feasible design and information presentation options with 

classic statistical design methods. This section will introduce five feasible study design 

strategies and the attached information presentation options for valuing long measures: 

the efficient design, the orthogonal design, the Fold-in Fold-out design (FIFO), the 

Pivot design and the adaptive conjoint analysis design (taking PAPRIKA as an 

example). In the subsequent part of this section, the term "study design" denotes both 

the choice set selection strategy and the information presentation strategy (examples 

introduced in the Chapter 5).  

3.4.1 D-Efficient design 

A D-efficient design streamlines the process in DCE by reducing the choices from a 

full factorial set to the fractional factorial choice sets. This approach is not random but 

a calculated method aimed at minimizing the asymptotic variance-covariance (AVC) 

matrix in parameter estimations [206]. Given that these values remain unknown until 

data analysis, the design compensates by using the most precise available estimates, 

known as 'priors'. The determination of these priors can follow four methodologies: 

setting them to zero, employing fixed non-zero values from a value set, deriving them 

from distributions of a value set with parameter estimation, or updating them with data 

from pilot studies. Each of these options has unique implications for the study's 

accuracy and applicability. 
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This design strategy can be implemented using software packages available on Stata 

(where priors are not set), R, and Ngene. Each of these platforms offers unique tools 

and functionalities to facilitate the execution of the design strategy, catering to different 

preferences and requirements of researchers in the field. A good example is the EQ-

5D-5L and EQ-5D-Y valuation studies following the recommendations of the EuroQol 

EQ-VT v2 valuation protocol[198, 207].  

3.4.2 Orthogonal design with generator 

The efficient design approach in DCE aims to balance orthogonality and efficiency. 

However, in practice, the designs are often non-orthogonal due to efficiency 

consideration. With inaccurate prior information and a large number of attributes, 

simulation data suggests that efficient design can become the most 'inefficient' and 

ómisleadingô, as the selected choice sets violated the minimum standard deviation 

assumption and the most of choice context may provide little information on 

respondents preference[206, 210] On the other hand, the orthogonal design with a 

generator operates differently. This method seeks to find a fractional factorial design 

using an orthogonal array and a self-constructed generator[85, 99]. During the design 

stage, all attributes and levels are treated as dummy coded variables, ranging from 1 

to the number of levels of a given attribute. The orthogonal array is then identified from 

a pre-existing list, and a generator is used to create the other options for each choice 

set.  

Compared to efficient design, the generator approach does not require accurate prior 

values for error calculation, or the judgement to define a specification of error term. 

This characteristic gives it an advantage, especially when dealing with new measures 

and long measures where prior data might not be available or reliable. The 

orthogonality generates a theoretical efficiency of 100% under the ideal situation.  

3.4.3 Fold-in Fold-out design 

The FIFO approach, introduced by Goossens et al., represents an application of the 

Hierarchical Information Integration (HII) method on the stage of valuation[118]. HII 
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has been conceptualized by Louviere et al., HII assumes that respondents 

automatically categorize attributes and simplified decision-making processes in 

behavioral studies by grouping individual attributes into overarching constructs[211]. 

This method operates on the assumption that respondents categorize attributes 

naturally and assign a singular value to each grouped construct. In the health state 

valuation studies, the dimensions are served as ónatural categorizationô of attributes. 

HII facilitates the valuation of relative preferences between these constructs through 

sub-experiments of the attributes in each category, and it assesses out-of-construct 

preferences via bridging experiments. To select the choice sets, researchers can use 

the normal strategies such as efficient design.  

For any FIFO question, all of the attributes are presented, and it has various sub-

questions valuing certain number of domains. Each question presents overlapped 

attributes with the same level information (Fold-in) and separately presents attributes 

with varied levels (Fold-out). However, a notable limitation of FIFO is the absence of a 

dedicated software package for designing these specific types of DCEs, nor are there 

any instructions about how to select FI and FO attributes if each item represents a 

different domain. This approach, while practical, may lead to inconsistencies due to 

the independent design of each sub-question and the random selection of choice tasks 

for combination. 

3.4.4 Pivot design 

Pivot design builds on the theory of partial profiling, which is a strategy that addresses 

the challenge of dealing with a large number of attributes in studies, as discussed by 

Witt et al[212]. This approach presents only a subset of the complete attribute 

information, making it more manageable for respondents. In this setup, the 'pivot' refers 

to a set of attributes that remain fixed across both scenarios in a choice set, which 

presented above the varied attributes as background information. Respondents needs 

to complete a series of partial paired tasks with different pivots to generate a value set 

for all of the attributes[83]. One example has been that Craig et al., implemented the 
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pivot design in evaluating the 29 attributes of the PROMIS-29 measure[136]. This 

approach assumes that the respondent makes decisions based on the varied items, 

rather than the entire set[213]. An earlier application of this method indicated that using 

a partial DCE profile could reduce the variation in regression weights but there was 

limited publication with this method in the future[114, 214].  

The pivot design shares similarities with the 'folded-in' approach in efficient design. 

However, there's a key difference: while FIFO design presents fixed attributes in a 

grouped format alongside separately presented changing attributes, the pivot design 

exclusively presents the two changing attributes without FI information. This distinction 

highlights the expectation to balance respondent burden and data accuracy, and one 

issue around valuing long measures is the optimal number of questions per respondent. 

3.4.5 Adaptive conjoint analysis design 

Adaptive conjoint analysis design offers innovative approaches to managing the 

complexity of choice tasks in studies. These strategies, including Rank Inclusion in 

Criterion Hierarchies with Extended Rankings (RICHER), Potentially All Pairwise 

RanKings of all possible Alternatives (PAPRIKA), and the less commonly used 

classical ZAPROS method, adapt to the respondent's selections and utilize transitive 

relations to refine the choice tasks. A key aspect of these methods is that the number 

of choice tasks is not fixed for each respondent and can increase if the respondent 

makes inconsistent choices[215].  

The RICHER model focuses on modelling preferences using incomplete information 

derived from partial statements[216, 217]. Respondent are expected to make 

incomplete ordinal statements during choice tasks with less information scenarios. The 

scenarios are then enriched with additional information, allowing for a more nuanced 

understanding of preferences even with partial data. The RICHER method does not 

employ transitivity to reduce the choice set pool[215]. This could result in a higher 

number of choice tasks presented to the respondent, potentially increasing the 

cognitive burden. 
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ZAPROS (an acronym from Russian language, meaning óclosed procedure near 

references situationsô) has been proposed by Larichev and Moshkovich[218]. The 

original idea is to compare scenarios (or vectors) that have two values altered, 

positioned near a reference point. The reference point is a hypothetical state 

considered optimal across all dimensions. This process gradually finds the position of 

all of the health states on the line of utility value. A key challenge in decision-making 

processes, as noted by Larichev, is the potential for respondent inconsistency, which 

can violate the transitivity characteristic typical of discrete choice answers[218].  

ZAPROS addresses this issue by eliminating dominated choice sets based on the 

principle of information transitivity. In essence, ZAPROS ensures that the preferences 

expressed are coherent and logically consistent.  

Compared with non-adaptive designs, the PAPRIKA method is distinctive in its ability 

to generate both a personal and a social value set, while automatically accounting for 

heterogeneity during the adaptive choice set presentation process[219]. The PAPRIKA 

strategy starts by identifying all the undominated pairs and followed by valuing 

scenarios, consists of at least two degrees (attributes). This approach leverages the 

transitivity property of additive value models, which allows the survey software to 

identify all pairs that are implicitly ranked. The valuation process continues until all 

pairs have been assessed, either explicitly or implicitly. A separate binary search that 

uses individualsô DCE results from the valuation of attributes to locate states better or 

worse than being dead. The notable and sole application of the PAPRIKA method in 

health state valuation is the creation of the New Zealand EQ-5D-5L value set[219]. 

This experiment involved an average of five binary search questions to determine the 

dividing line between states considered better or worse than death, and 20 adaptive 

DCE pairs to generate the value sets. Three levels (level 1, 3, and 5) from the EQ-5D-

5L measure were used to construct the adaptive choice sets. The two median levels 

were determined through interpolation.  

However, a significant challenge arises, when this method is applied to cases with 

more than 10 attributes, that the minimum choice set number is 126 (with second-order 
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and third-order stability questions), potentially rendering the method impractical for use 

for longer measures. This high number of choice sets can lead to respondent fatigue 

and reduced data quality, as participants may struggle with the cognitive load and time 

commitment required.  

The ZAPROS and RICHER methods have primarily been applied to assess relative 

preferences, while the PAPRIKA method has seen broader application in stated 

preference elicitation and health state valuation. While ZAPROS and the PAPRIKA 

method are theoretically similar in their approach to handling choice sets and 

preferences, a key difference lies in their starting points. PAPRIKA does not begin with 

a fixed reference point, unlike ZAPROS. This distinction highlights the varied 

methodologies in adaptive conjoint analysis, each tailored to specific types of data 

collection and analysis requirements, particularly in the context of preference elicitation 

and decision-making studies. 

3.4.6 Information presentation 

Even with the most meticulously designed study strategies, health state valuation 

involving varied attributes presents a significant challenge for respondent 

understanding. To mitigate this and enhance respondent engagement, various studies 

have introduced more respondent-friendly presentation formats, including highlighting 

changed dimensions with attractive color, visualizing measurement results in the form 

of colored balloons, simultaneously presenting level descriptions with numbers and 

simplified question wording.  

The literature reviews suggested that eight distinct highlighting formats were identified. 

These formats included dark shading for more severe levels, "traffic light" color-coding 

for different levels, grey/yellow highlighting for overlapped domains, grey/yellow 

highlighting for changed domains, bold/yellow level highlighting, alternative 

highlighting, and no color-coding. Mulhern et al., evaluated a subset of these strategies 

(alternative highlighting, grey/yellow highlighting for changed domains, and bold/yellow 

level highlighting) in an online survey [208], suggesting yellow highlight was the most 
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efficient. Jonker et al., explored how level overlap and color-coding affect respondent 

dropout rates[209], suggesting a reduced the dropout rate by 4%. When applying this 

method to longer measures, two primary issues emerge: determining the optimal 

number of overlapped attributes and setting the appropriate prior values. These factors 

are critical in ensuring the effectiveness and reliability of the design, especially in more 

complex or extensive research settings.  

Despite these efforts to make DCE tasks more respondent-friendly, a recurring 

limitation is the perceived insignificance of intermediate or adjacent attribute levels. 

Participants often report difficulty distinguishing between middle or intermediate levels, 

such as level four and five in the EQ-5D[61]. This issue of 'level insensitivity', with 16 

out of 42 studies in the updated review reporting challenges in capturing sensitivities 

to these intermediate levels, may be difficult to combat with presentation optimization 

strategies alone. 

3.4.7 blocking 

Blocking refers to the selection of choice sets from the design that each participant 

answers in the DCE survey. This process can be either completely random (random 

blocking) or more sophisticated allocations. From the literature and ISPOR guidelines, 

six distinct blocking strategies were identified, offering varied approaches to grouping 

and presenting choice sets in surveys[123, 205]: 

Random blocking: selecting the choice set for each block without duplication or 

generates a random number after efficient design. 

Blocking with extra orthogonal array: using one extra column from an orthogonal array 

for blocking strategies[220]. 

Efficiency maximization by minimizing the correlation between the blocking columns: 

this strategy is often used in software like Ngene in the modified Fedorov algorithm. It 

focuses on minimizing the correlation between columns used for blocking, aiming to 

maximize the design's efficiency[135]. 
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Efficiency balance by using a weighted D-error: this approach involves assigning 

weights to the efficiency of the overall design and the D-efficiencies of blocked sub-

designs (typically, one-third to the overall design and two-thirds to the sub-designs). 

This is done after the initial pair selection, striving for a balance between overall design 

efficiency and that within blocks.[221]. 

Balanced incomplete block design (BIBD): BIBD is a classic design method. The 

ñincompleteò characteristic indicates that not all of the selected choice sets presented 

in the block. As a result, the design method is recommended for the situation that there 

is a large number of attribute levels[222]. The BIBD with HWB measure keeps the 

information balanced in each of the block by allowing each attribute to vary together 

with another attribute the same time in each block. It uses algorithms, with t level 

attributes and S blocks of size m, to produce blocks with same frequency on t. as well 

as tôs combination, in each m among S.  For any BIBD, the number of blocks each pair 

of attributes appears together is m(t-1)/(S-1). 

Sawtooth Software level balance and near-orthogonal design: this strategy is specific 

to Sawtooth Software, ensuring each respondent receives a different block[205].  

In addition to the prevalent blocking strategies, there are less frequently used methods:  

The blocked fractional factorial design (BFFD), is defined by a specific blocking 

variable, which can be defined by the blocking generator[223].  Despite its potential 

applicability, this method has not been adopted in health state valuation studies, which 

limited its consideration in the broader discussion. Software tools may label different 

names for BFFD. For example, Stata (MP16) randomly generated a blocking variable, 

where a series of Pearson chi-squared tests are used to calculate the correlation with 

design variables, to produce the blocking with lowest óassociationô. To simplify the 

descriptions, the name BFFD represents all these kinds of methods.  

While evidence to ranking the superiority of one blocking method over another were 

absent, the literature review evidence provided us with useful information. Nearly one-

third of these studies (22 in total, including those employing the EQ-VT approach) 
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opted for a balanced approach with regards to level distribution, such as the Balanced 

Incomplete Block Design (BIBD). However, the óbalanceô blocking never represented 

perfect evenly distribution of attribute levels. When BIBD was applied within the 

confines of a specific efficient design framework, like D-optimality, it merely strived to 

emulate the balance inherent to a BIBD as closely as possible rather than achieving it 

perfectly[224]. Moreover, the strategy of minimizing correlation/association was 

employed in 6 studies. It was important to note that when non-random blocking applied, 

maintaining a balanced level was often prioritized with efficient and generator designs. 

3.5 DISCUSSION 

3.5.1 Summary of review  

This review generates a richer picture of valuing health and wellbeing using DCE and 

updated findings from the published literature. Compared with the published reviews 

covering the time periods of 1999-2018 [84] and 2007-2018[175], this review has 

identified a larger average number of published studies in the reviewed years, and for 

the first time included studies published in the Chinese language. The research 

concludes that not only a diverse range of DCE methods were used in the health state 

valuation studies, but a widening range of countries launched large-scale experiments 

to test the feasibility of this method and reached positive outcomes. This trend 

indicates that DCE is a valuable and feasible methodology for valuing health and 

wellbeing states, including less educated populations in developing countries[225]. 

3.5.2 Study design  

The popularity of anchoring with duration, question wording and data analysis is driven 

by ñstandarizedò international protocols or sample studies, increasing the comparability 

of results. On the other hand, it must be noted that standardization may be a double-

edged sword. Firstly, researchers should consider pros and cons of all feasible options 

before valuing new measures, instead of picking the standard protocol, such as the 

DCE design applied on EQ-5D-5L, EORTC QLU-C10D and SF-6Dv2 measure 

valuations. Secondly, deciding study design details, such as duration attribute levels, 
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should consider social-demographic factors and participant background. Thirdly, there 

is still no gold standard for study design, especially for long measures.  

Some of the methodology consensus reported by the Mulhern et al[84] review is 

reinforced in the last three years. Online DCE with the general population has been 

more frequently undertaken during the COVID-19 pandemic. Online DCE is a less 

costly and more flexible option for a large-scale survey. However, it is worth noting that 

requirement to undertake surveys online means that participants require internet 

connection, an appropriate device and some level of computer literacy, and this may 

affect the representativeness of the sample completing an online survey, and data 

quality can be lower[226].  

The reporting of models accounting for heterogeneity and heteroskedasticity becomes 

more common in recent DCE valuation studies, while the conditional logit model is still 

considered and compared with the results of models accounting for heterogeneity. 

Conditional logit model is advantageous because it utilizes all of the information in the 

regression, and heterogeneity models (i.e., mixed logit model) accounts for the 

demographic information collected in the valuation studies[227]. Heterogeneity models 

tend to be more promising practices with prior research group knowledge and large 

samples. On the other hand, Doherty et al and Wang et al evaluated attribute non-

attendance[228, 229] with a conclusion that some respondents were less likely to 

consider the physical dimensions[230], which was a systematic bias violating the 

discrete choice assumption that the individual considers all the information and may 

not be identified under homogeneity assumption[231]. This heterogeneity supported 

the assumption that decision strategy was the main factor deciding the preference 

heterogeneity observed, instead of the demographic factors. With the stratified-group 

evidence or identified decision strategy pattern, preference heterogeneity should be 

considered from multiple perspectives. 

3.5.3 Measure and selecting priors 

The preference for study design with informative priors, with fixed and Bayesian priors, 
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increased. The review indicated that using non-informative for the pilot design and 

updated with Bayesian method is commonly applied. It was accepted that using 

Bayesian design could maximize the efficiency of the determinant[232], with a price of 

extra effort on prior data collection. However, the advantage may be exaggerated by 

its charming theoretical efficiency instead of real-world improvement. using non-

informative priors and informative priors may not cause a systematic difference. 

Kesselsa et al[233] has presented with a case study that noninformative prior efficient 

design did not cause result variation with a sample size greater than 1000. A risk with 

small-sample soft-launch survey to get the prior information is the appropriate sample 

size to acquire sufficient variation[234]. It is reasonable for valuation studies with a 

large sample size to use non-informative priors, without pilot information update, in the 

design stage.  

3.5.4 Remaining questions and limitations 

Although there was a wide range of health state valuation applications using DCE, 

some remining questions from the previous review remained[84]. The first was around 

the modelling function used. The majority of DCE data was modelled using the main 

effect approach or the main effect interacted with duration approach, where the non-

duration interaction term was not considered[202]. By using DCE design with duration 

attribute, an implicit assumption was the attribute interaction should be ñinteractedò 

with time as well[235], and a ñzero timeò condition is equal to the state of death. With 

few exceptions[236], attribute interaction without time was largely ignored. Besides, all 

of the respondents are expected to ñchooseò at least one health state with duration to 

be worse than death, as respondents refused this assumption, namely making their 

choice only based on duration, are regarded as using heuristic decision strategy. 

Norman et al discussed the influence of relaxing the ñzero timeò assumption by 

incorporating a dead state option in DCETTO design{Norman, 2016 #381}. However, 

this assumption has not been fully relaxed in the new design where a varied duration 

still kept. Chapter 6 will discuss other options in considering the interaction effect.   
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Secondly, there was no comprehensive feasibility and efficiency comparisons of 

various DCE study design strategies, nor any study known whether a paired design or 

triplet design is more appropriate. A triplet comparison increased difficulty and dropout 

rate[175] but provided more information with a fixed number of choice sets. Regarding 

the anchoring strategies, the DCE with duration design is straightforward, but may 

encourage respondents to answer the paired comparison questions with simplifying 

heuristics[42], and there is still no consensus on duration level selection. At this stage, 

this study cannot answer the question óWhat is the most appropriate and feasible way 

of designing a DCE valuation of EQ-HWB valuationô. Further evidence is required to 

generate more integrated criteria, considering understanding, statistical consideration, 

response rates and cost efficiency for study design selection. 

Thirdly, although there is some empirical evidence suggesting [230] that 

overlapping and color-coding design strategies reduced the dropout rate of 

EQ-5D-5L[237], there is no evidence with long measures. A larger number of 

questions per respondent increases the information collected but with a price 

of higher dropout rate and fatigue effect. Future qualitative and quantitative 

studies are required to help researchers make the trade-offs. 

3.6 CONCLUSION 

This review provides up-to-date information of health state valuation studies using the 

DCE method. The number of published studies continues to grow dramatically and 

there is more homogeneity in the methods used in the published articles, but this is 

likely impacted by the use of international protocols for some measures. The review 

intends to answer a key question particularly useful for this PhD research: is there any 

DCE designs that are potentially feasible for measures with 15 or more health and 

wellbeing attributes? 4 methods emerged and their characteristics summarized. Like 

previous reviews, this study did not find a ôgold standardô or consensus in the DCE 

health state valuation study design strategy or universally accepted criteria to evaluate 

the validity of included design strategies. This updated review surprisingly found that 
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researchers introduced more sophisticated modelling strategies, more straightforward 

DCE designs and better administrative strategy to minimize the data analysis bias, 

cognitive burden and data quality issues raised by previous reviews, though most of 

the explorations are still at an initial stage. Further research, especially qualitative 

research to assess the impact of different methodologies is recommended to inform 

practice in health state valuation using DCE. 
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Chapter 4 Systematic Selection of DCE Attributes   

This thesis introduced the EQ-HWB measures and outlined the critical steps for 

designing a DCE survey in Chapter 2 and 3. The overall aim was to test DCE methods 

in valuing a health and wellbeing measure. However, the 25 EQ-HWB items have 

correlation and a DCE with that number of attributes would have high cognitive burden 

in the EQ-HWB DCE valuation study, leading to insignificant main effects. Therefore, 

selecting the proper attributes for the DCE valuation study is necessary to make the 

preference elicitation tasks feasible. In this chapter, I provided details on the steps for 

selecting attributes from the comprehensive EQ-HWB long measure to mitigate 

cognitive burden and avert collinearity in the DCE tasks. This follows the best-practice 

guideline of DCE design and presentation, where a large number of attributes is not 

recommended[238, 239].   

All of the EQ-HWB attributes were evaluated with five criteria, by considering the 

evidence on dimensional completeness, item performance, stakeholder preference, 

international and cultural performance, and the qualitative consultation results.  

4.1 Justification for item selection 

The feasibility of this valuation approach is multifaceted. Firstly, it involves assessing 

the viability of using DCE for the EQ-HWB measure with a large number of attributes, 

as seen in recent examples like PROMIS-29[136] and ASCOT+EQ-5D[202]. This study 

defines ñlarge numberò as more than the EQ-HWB-S and acceptable for the 

respondents. Secondly, it explores the feasibility of valuing a measure that captures 

both health and wellbeing, a concept still in its infancy for wellbeing measures. Thirdly, 

it examines the reliability of generating health and wellbeing value set DCE preference 

data. The overall number of attributes should be reasonable for a modelling estimation, 

given the expected sample size. 
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Instead of indiscriminately increasing the number of attributes, which risks exceeding 

cognitive limits and yielding ineffective data, a focused feasibility study with a 

reasonable number of health and wellbeing attributes can offer more profound 

methodological insights on this stage. In other word, by selecting the attributes, it is 

ensured that the feasibility study result is solely related to the DCE method itself, 

instead of the measure attribute number. The second advantage is mathematical 

concise and comparable for the DCE design and data regressions[240]. An important 

consideration of statistical feasibility is the reliance of choice data regression analysis 

with a linear utility function on the assumption that attributes are independent and 

identically distributed (i.i.d.)[124]. With a large number of attributes with correlation, an 

assumption of multi-order correlations deviates from the standard DCE utility valuation 

function and can lead to misinterpretations of the results. The last advantage is the 

result generalization. The feasibility result can be generalized to the EQ-HWB-S 

valuation if we measured EQ-HWB-S attributes plus more core EQ-HWB attributes.  

In conclusion, by selecting the EQ-HWB attributes, this study effectively concentrates 

on testing the design and statistical feasibilities. This strategic reduction in attributes 

ensures a more focused and manageable approach to this research objectives.  

4.2 Item selection rules 

The process of item selection commenced with the initial consideration of the nine EQ-

HWB-S items, followed by a systematic evaluation of the remaining 16 items. Various 

criteria, including dimensionality, psychometric performance, item feasibility, 

stakeholder preferences, and cross-cultural performance, were assessed using the 

evidence generated in the E-QALY project development, refinement and testing of EQ-

HWB and EQ-HWB-S[161]. The item selection criteria were outlined in Table 6. It was 

imperative to exercise caution during the item selection process to avoid inadvertently 

excluding core information[241]. A number of amendments have been made since the 

psychometric survey, including a revision of levels and the wording of control item. 

Given that the EQ-HWB is a relatively new measure and both of the instruments have 
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been given an experimental version status by the EuroQol, further revision of item 

wording may be possible but the domain structure should be stable. This section will 

rely on the psychometric evidence generated for developing the first version of EQ-

HWB. As the importance of EQ-HWB-S attributes were supported by empirical 

evidence on the psychometric stage and international studies, all the items from the 

EQ-HWB-S will be included.  

As introduced in the Chapter 2, E-QALY project collected data from various sample 

groups or published literature. The dimensionality was concluded by conducting 

literature review of QoL measures and interviews with patients, social care users, and 

informal carers about the QoL impacts. A test of item performance was conducted with 

the Patient and public involvement and engagement (PPIE) group in England. The 

overall validity and International & cultural feasibility tests were conducted with 

participants from UK, Argentina, Australia, China, Germany, and the USA, using both 

semi-structured interview and survey method. Finally, stakeholder and expert 

consultations decided the relative ranking or recommendation of each item for EQ-

HWB and EQ-HWB-S[161]. The These evidence from E-QALY project was extracted, 

re-calculated and evaluated by this research. This section explained how the evidence 

was used and compared.  
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Table 6 Item selection criteria overview 

Measurement 
Criterion 

Criterion explanation  Rules explanation 

Dimensionality  To include domains and attributes in the attributes selected for 
valuation based on verified evidence from literature review and 
the psychometric analysis.  
 
Consider for inclusion:  
-  At least one item minimum per domain and a maximum of one 
item per sub-domain 
- All the EQ-HWB-S items 
- Use ôBolt-onô evidence to identify items 

 
 
 
 
Consider for inclusion:  
- at least one attribute for each high-level domain and maximum of one attribute for 
each sub-domain 
- The EQ-HWB-S items; 
- ôBolt-onô dimensions for the EQ-5D measure[242].  

Item 
performance 

Item performance evaluates three primary characteristics of each 
item: item independence, item response distribution and overall 
validity performance. 
 
Consider for inclusion items with: 
- Low item correlation 
- Appropriate distribution ceiling and floor effect  
- High weighted validity score in each E-QALY research country 

 
Consider for exclusion items with:  
- Spearman rank correlation matrix with over 0.7 correlation with items from other sub-
domains; 
- high or very low proportion for the best or worst severity levels with cut-off points 
either >70% or <5%, except for the disease-specific item vision, hearing, coping, sleep, 
fatigue.  
- a weighted average score generated from the E-QALY data, with UK and Australia 
having a weight of 0.2 and 0.15 for rest of the countries. Score less than 3 would be 
flagged as less preferred for item selection and score less than 2 would be flagged as 
dropping.  

Stakeholder 
preference 

Stakeholder preference evaluated using the retrospective 
evidence from E-QALY consultations with summarized scores. 
 
Consider for inclusion items: 
- High consultation I vote 
- High consultation II ranking  
- Agreement from PPIE group Keep/Drop voting and cross 
validation 

 
 
Consider for exclusion items with:  
- Consultation I voting result transformed into summarized scores (with óKeep inô for 1, 
óDropô for -1 and óUnsureô for 0). Higher score indicates a higher preference for 
inclusion. The evidence was considered with Consultation II result. Attributes with 
negative Consultation I score would be flagged 
- Consultation II interviews with stakeholders to generate evidence on selecting EQ-
HWB-S items, reflecting the UK stakeholder preference after reviewing the 
psychometric evidence. The item would be flagged if the voting is less than 16.  
- PPIE views of draft items was summarized containing 4 PPIE sessions. PPIE group 
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attitude for óDropô would be regarded as negative attitude while óKeepô for positive. 
Negative PPIE attitude would be flagged.  

International  
and cultural 
feasibility 

This criterion evaluates internationally/culturally unacceptable by 
the international team. 
 
Consider for inclusion items: 
- Passed the CFA feasibility in each country 

 
Consider for exclusion items with:  
- The confirmatory factor analysis (CFA) results in United Kingdom, Germany, China, 
Argentina, Australia and the United States, where attributes with fitness issue with 
certain domains and related attributes would be flagged.  

Consultation  
and qualitative 
evidence 

A summarization of meeting feedback, supervision team 
discussion and the focus group findings (Chapter 5) 
 
Consider for inclusion items: 
- General public sample can interpret the attribute information in 
DCE 
 

 
Consider for exclusion items with:  
- qualitative consultation participants reported no understanding issue with the 
attribute, or consultation participants reported understanding issue but the supervisors 
believed it should not be excluded. 
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4.2.1 Dimensionality  

The dimensionality assessed the completeness of EQ-HWB dimensional structure. 

Three rules were: 

1. EQ-HWB-S attributes: include all of the EQ-HWB-S attributes in the 

attributes selected for valuation using DCE. The nine classifier attributes were 

agreed to be important in the development of EQ-HWB-S, and hence this 

valuation study should include them. These items are Mobility, Daily activity, 

Control, Concentrating/ thinking clearly, Anxious, Sad/depressed, Loneliness, 

Fatigue and Pain. 

2. Domain control: incorporate at least one item for each high-level 

domain and a maximum of one item for each sub-domain in the attributes 

selected for valuation using DCE to maintain the conceptual integrity of EQ-

HWB and minimize the concept overlap. The high-level domains were Feelings 

and emotions, Activity, Self-identity, Autonomy, Relationships, Physical 

sensations, Cognition[161]. The dimensionality also considered factor analysis 

results (both confirmatory factor analysis and exploratory factor analysis)[161]. 

The evidence was considered with exploratory factor analysis and confirmatory 

factor analysis results (criterion 4). 

3. Bolt-on attributes: ñBolt-onò of EQ-5D is the development of new 

attribute to ñbolt-onò to the standard EQ-5D measure, to increase the sensitivity 

of EQ-5D and capture important aspects of health[243]. The significance of 

"Bolt-on" domains in health state valuation practice lied in their ability to 

address pertinent but uncovered aspects by EQ-5D, aligning closely with the 

practical concerns addressed by the E-QALY project. Bolt-on dimensions 

considered were those dimensions in the EQ-HWB that overlapped with the 

EQ-5D, but that were not in the EQ-HWB-S. 

4.2.2 Item performance  

The item performance considered the attribute independence and validity with future 



64 

 

respondents. The credible attributes and levels for DCE attributes must be relevant for 

distinguishing health and must be amenable to valuation[88]. All of the attributes 

included in DCE survey should be supported by evidence from potential users that the 

attribute captured HWB change (good performance) and had minimum level of 

collinearity as predictors in a regression model (high feasibility with DCE)[244]. There 

are three rules for attribute selection: 

1. Correlation: EQ-HWB attributes with strong correlation score were 

highlighted. Multi-attribute outcome scoring adheres to von Neumannï

Morgenstern (vNM) utility theory, relying on the first-order utility independence 

assumption[42]. The statistical analysis, implemented through the multinomial 

logit (MNL) model, assumes independence of irrelevant alternatives[46, 47]. 

Significant overlap between items selected as attributes in a DCE task poses 

challenges to the orthogonal design assumption and escalates cognitive 

burden, and also suggests that one item could potentially be considered 

redundant in terms of providing new information in the DCE task. Spearman 

Rank correlations were used, reflecting item-level correlations within and 

across dimensions, to identify high correlations (>0.7) attributes. 

2. Ceiling and floor effects: attributes with high ceiling or floor effects 

were highlighted due to low universality. While it was anticipated that some 

disease-specific conditions, such as vision and hearing, naturally exhibit low 

prevalence and a skewed distribution, a more balanced distribution in other 

generic dimensions was expected. Balanced items indicated that general public 

had higher possibility to be familiar with various severity levels and understand 

the difference. Items with high ceiling and floor effects are limited in their ability 

to assess an improvement/deterioration for participants already at the ceiling 

(best level) or floor (worst level). On the other hand, generic items that had a 

very low proportion at the ceiling or floor may indicate the lack of validity of the 

item. The focus was primarily on skewness within the UK and Australia data, 

aligning with this current valuation study's geographical scope. Any generic 
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items exhibiting a skewed distribution were identified but not immediately 

dismissed, as most studies do not consider skewness as significant issues[245]. 

This distribution evidence would be weighed alongside other factors to 

determine whether to retain or discard flagged items. The assessment of 

skewness in psychometric tests would hinge on whether floor and ceiling 

effects reach or exceed 70%, or if the proportion presented below 5%. All 

decisions would be grounded in the results derived from psychometric analysis.  

3. Overall validity: attributes with low general validity were highlighted. 

In the E-QALY study, each research team from the countries participating was 

tasked with evaluating the psychometric and face validity of each item and 

instructed to use a scoring system ranging from 1 to 4 for overall validity 

assessment with the evidence with equal weighting for each of the six 

countries[161]. Attributes with low overall validity score indicated a relatively 

poor performance in understanding and response [246]. However, considering 

that this current study will primarily be conducted in the UK and Australia, 

applying an equal-weight average score across all six countries is not 

appropriate. Therefore the original overall validity scores, derived from the 

psychometric analysis results, were revised to achieve a weighted average 

score. This approach assigns a higher weight to the scores from the UK and 

Australia (0.2), reflecting their greater significance in this current study. The 

remaining countries would each have a weight of 0.15. This method ensured a 

more representative overall psychometric validity score, aligning with the 

geographical focus of this valuation study. The attribute item wording could 

influence response patterns, comprehension[247] and factor rating[248]. Given 

that EQ-HWB attributes encompass both positive and negative wordings, this 

valuation study refrained from altering the attribute wordings. Instead, it 

investigated the impact of mixed wording during the qualitative consultation 

stage (Chapter 5), with a focus on identifying and potentially excluding 

attributes that posed challenges or were perceived as problematic by 
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participants.  

4.2.3 Stakeholder preference 

The valuation process aimed to incorporate items with high stakeholder preference, 

including decision-maker, academic, and public preferences. Two consultations in the 

E-QALY project yielded separate summarized evidence, with a total of 71 stakeholders 

participating both consultations, primarily from the UK (54% overall) and identifying as 

academics (65% overall)[246]. The first consultation with the advisory group informed 

domain and item selection (voted as keep, drop, unsure) for EQ-HWB. Voting results 

were generated after this initial consultation. The second consultation asked 

respondents to consider all evidence and recommend an item's inclusion level 

(strongly recommend, recommend, not sure, or do not recommend) for EQ-HWB-S. 

Consultation I provided a general score considering single-item inclusion 

appropriateness, while Consultation II forced stakeholders to make decisions after 

considering relative importance. Besides, one PPIE sessions were integral to the E-

QALY project summarizing views on draft items categorized as 'Reject,' 'Undecided,' 

and 'Include.' This criterion considered the three sources of evidence[246].  

1. Consultation I: a transformed voting results into summarized scores 

using the anchoring rule as 'Keep in' for 1, 'Drop' for -1, and 'Unsure' for 0. This 

study summed up the voting results and ranking scores to explore the key 

stakeholdersô preference. The consultation I score attached same weight for all 

participants and an attribute with score lower than 50 were flagged.  

2. Consultation II: an item with an above-average number of votes 

(n=25) would be strongly preferred for including in the survey, while attributes 

in the lower 25% (vote n<15) would be considered not including in the survey.  

3. PPIE: an item with 'Reject' from PPIE perspective would be strongly 

considered for exclusion. This evidence was considered with the Consultation 

I.  

An overall consensus would be achieved on whether items should be kept, revised or 

dropped, and whether important information has been excluded in the former stage. 
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This Criterion is not included in Table 3 as this is a retrospective check of selected 

items.  

4.2.4 International and cultural feasibility 

In the E-QALY study, exploratory factor analysis (EFA) and CFA were used to confirm 

the dimensions of the EQ-HWB[161]. The primary EFA and CFA model, rooted in UK 

survey data, underwent confirmation through CFA analyses across six countries 

including Australia[249]. The factor analysis evidence was used to identify specific 

attributes with fit concerns, where attributes with low factor analysis performance had 

higher risk of mis-specification of the hypothesized causal relations between latent 

factor and the stated preference data[250].  

The CFA revealed the presence of 15 distinct factors. CFA data from the original E-

QALY project was used to confirm item fitness with potential response model. Items fit 

with the original model were considered included. Notably, the CFA did not include all 

the EQ-HWB items, where coping, control, and usual activities did not exhibit loading 

onto any specific factor. All of the EFA and CFA data were from the E-QALY project 

and CFA evidence published or reported after 2022 (e.g., the replication of the original 

confirmatory factor analysis in China reported on 2024 EuroQol Academy Meeting) 

were not considered, as these updated evidence were re-confirmation with different 

sample[246].  

4.2.5 Qualitative evidence 

The selected attributes, evaluated based on the criteria mentioned above, subjected 

to discussions with the supervisory team (DR, CM, DS and RN), and underwent further 

discussion in the qualitative consultation (11 participants from Sheffield). Qualitative 

participants were asked if the attributes were understandable and distinguishable for 

each level (Chapter 5 reported the qualitative questions). The supervisors (DR, CM) 

participated in the qualitative consultations. Haode Wang and the supervision team 

discussed feedbacks. Face validity and feasibility for the future DCE, along with 

implications on DCE design strategies, were thoroughly considered during item 
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selection. Items deemed infeasible, ambiguous, or problematic in the consultation were 

excluded. A final decision was made about any attribute should be included or excluded 

after the discussion. 

4.2.6 Data source 

Data from the E-QALY project Phases I, III, IV, and V were considered. Integration of 

quantitative evidence[246] and recommendations from multiple individual 

consultations was undertaken to generate a comprehensive basis for item selection.  

The Dimensionality criterion encompassed evidence derived from the domain structure 

established in the E-QALY project Phase I and included items from EQ-HWB-S. A 

literature review on EQ-5D bolt-on domains contributed insights into dimensions 

enhancing the validity of the descriptive system of EQ-5D [251].  

The Item Performance criterion considered item-level correlation, supported by Phase 

IV item psychometric test outcomes. Ceiling and floor effects incorporated E-QALY 

Phase IV psychometric test distribution evidence for each item at the first and fifth 

(highest) levels, with overall validity scores transforming E-QALY descriptive evidence 

into numeric scores by international researchers in different countries[252].  

The Stakeholder preference criterion considered insights from E-QALY Phase V. 

Quantitative results were derived from the descriptive outcome of Consultation I in 

each country for each item, concurrently evaluated with the qualitative PPIE result for 

making judgment when the two outcomes aligned. The International and cultural 

feasibility criterion drew conclusion based on E-QALY Phase III CFA results. Items with 

reported CFA model unfitness were highlighted as potential concerns.  

The attribute selection was based on EQ-HWB UK version 1.0 (obtained October 

2022). 
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4.3 Item selection result 

4.3.1 Selection with criteria 

Evidence from applying the criteria is reported in Table 7. The exclusion decisions have 

been made for several items in the item selection process: Frustrated, 

Stigma/belonging, Unsafe, Discomfort severity, and Enjoyable activities were excluded 

due to significant overlap (strong correlation) and/or unsatisfactory overall validity. The 

Pain frequency attribute was dropped due to domain overlap, while Discomfort severity 

was excluded due to sub-domain overlap and correlation with pain severity. The 

decision to exclude Hopeless was driven by evidence from Consultation II and 

correlation results. Memory performed less favourably in terms of correlation. The 

decision to exclude Support was influenced by indications from both overall validity 

and stakeholder preference, suggesting potential insufficient evidence for confident 

inclusion. Coping, memory, and support were excluded based on the consensus from 

Consultation I and PPIE, despite memory and support being mentioned in bolt-on 

reviews. Self-worth was excluded due to unacceptable results from CFA.  

In conclusion, Frustrated, Stigma/belonging, Unsafe, Enjoyable activities, Coping, 

memory, support, hopeless, Self-worth were excluded. These decisions reflect a 

careful consideration of multiple criteria, including stakeholder input, psychometric 

analysis, and consultation outcomes, ensuring a comprehensive and informed item 

selection process with the available E-QALY evidence. 



70 

 

 

Table 7 Item performance 

 Attribute Dimensionality Item performance Stakeholder preference 

Internatio

nal and 

cultural  

Consultation and 

qualitative 

evidence 

Rul

es 
 Domain EQ-HWB-S Bolt-on Correlation 

Ceiling and 

floor 

Overall 

validity 

Consultation 

I  

Consultation 

II  
PPIE 

CFA 

feasibility 

Expert and focus 

group participants 

1 Vision V U V V bκ! O V V O V V 

2 Hearing V U V V bκ! O V U V V V 

3 Mobility V V U 
U 

5ŀƛƭȅ ŀŎǘƛǾƛǘȅ 

U 

CƭƻƻǊ ŜŦŦŜŎǘ 

ŦƻǊ ōƻǘƘ 

V V V V U V 

4 
Daily 

activity 
O V U 

U 

aƻōƛƭƛǘȅ 
U O V V V V V 

5 Self-Care V U U V 

U 

CƭƻƻǊ ŜŦŦŜŎǘ 

ŦƻǊ ōƻǘƘ 

O V V V V V 

6 Control O V U 

U 

[ƻƴŜƭƛƴŜǎǎΣ 

{ǳǇǇƻǊǘΣ 

/ƻƴŎŜƴǘǊŀǘƛƴƎ 

O O U V U V V 
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7 Coping O U U O bκ! O U V U U V 

8 Memory V U V 
U 

ŎƻƴŎŜƴǘǊŀǘƛƻƴ 

 O V U U U V V 

9 
Concentrati

ng/ thinking 

clearly 

V V V V V V V O V V V 

10 Anxious V V U 

U 

[ƻƴŜƭƛƴŜǎǎΣ 

{ǳǇǇƻǊǘΣ 

/ƻƴŎŜƴǘǊŀǘƛƴƎΣ 

ŎƻƴǘǊƻƭ 

V V V V V U V 

11 Frustrated V U U 

U 

anxious, 

ŎƻƴǘǊƻƭΣ ǎŀŘ 

V V V U V V V 

12 
Sad/depres

sed 
V V U 

U 

cope, ŎƻƴǘǊƻƭΣ  
V O U V V V V 

13 Hopeless V U U 
U 

happy 
V V V U O U V 

14 Loneliness V V U 
U 

support 
V V V V V V V 

15 Support V U V 

U 

Lonely, 

control, left-

out 

V V U V U V O 

16 unsafe V U U V 

U 

CƭƻƻǊ ŜŦŦŜŎǘ 

ŦƻǊ ōƻǘƘ ŀƴŘ 

O U O V V V 
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ŎŜƛƭƛƴƎ ŜŦŦŜŎǘ 

17 Sleep V U V O V bκ! V V V V V 

18 Fatigue V V V V V V V V V V V 

19 
Stigma/belo

nging 
V U U 

U 

{ŜƭŦπǿƻǊǘƘ 
V V V U V V V 

20 Self-worth V U V 

U 

{ǘƛƎƳŀκōŜƭƻƴƎ

ƛƴƎ 

 O O V V U U V 

21 
Enjoyable 

activities 
V U U 

U 

aƻōƛƭƛǘȅΣ Řŀƛƭȅ 

ŀŎǘƛǾƛǘȅ 

 O V V V V V V 

22 
Pain 

severity 
U          V 

23 
Pain 

frequency 
V V U V 

U 

CƭƻƻǊ ŜŦŦŜŎǘ 

ŦƻǊ ōƻǘƘ  

V V V V V V 

24 
Discomfort 

severity 
V U U O V V V O V V U 

25 
Discomfort 

frequency 
U U U 

U 

{ŜǾŜǊƛǘȅ ǿƛǘƘ 

Ǉŀƛƴ 

U 

CƭƻƻǊ ŜŦŦŜŎǘ 

ŦƻǊ ōƻǘƘ  

V V O V V U 

bƻǘŜΥ мΦ U ŦƻǊ ƴŜƎŀǘƛǾŜ ŜǾƛŘŜƴŎŜΣ ƴƻǘ ǎǳǇǇƻǊǘ ƛƴŎƭǳŘƛƴƎ ǘƘŜ ŀǘǘǊƛōǳǘŜ ǿƛǘƘ ǘƘŜ ƎƛǾŜƴ ŜǾƛŘŜƴŎŜΦ 

V ŦƻǊ ǇƻǎƛǘƛǾŜ ŜǾƛŘŜƴŎŜΣ ǎǳǇǇƻǊǘ ƛƴŎƭǳŘƛƴƎ ǘƘŜ ŀǘǘǊƛōǳǘŜ ǿƛǘƘ ǘƘŜ ƎƛǾŜƴ ŜǾƛŘŜƴŎŜΦ 

h ŦƻǊ ƳƛȄŜŘ ƻǊ ƴƻ ŎƭŜŀǊ ŜǾƛŘŜƴŎŜΦ 

1. 5ƛƳŜƴǎƛƻƴŀƭƛǘȅ ŜǾƛŘŜƴŎŜ ŘŜǊƛǾŜŘ ŦǊƻƳ ǇǳōƭƛǎƘŜŘ ƭƛǘŜǊŀǘǳǊŜΣ ǿƘŜǊŜ h ŦƻǊ ǘƘŜ ŘƻƳŀƛƴ /ǊƛǘŜǊƛƻƴ ƛƴŘƛŎŀǘŜŘ ŀ ŦŀŎǘƻǊ ŀƴŀƭȅǎƛǎ ƛǎǎǳŜ ŀƴŘ U ƳŜŀƴǎ ǎǳōπŘƻƳŀƛƴ 
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ƻǾŜǊƭŀǇΦ 

2. .ƻƭǘπƻƴ ŜǾƛŘŜƴŎŜ ŘŜǊƛǾŜŘ ŦǊƻƳ ǘƘŜ ǊŜǾƛŜǿ ŀǊǘƛŎƭŜ ά! ǎȅǎǘŜƳŀǘƛŎ ǊŜǾƛŜǿ ƻŦ ǘƘŜ ŘŜǾŜƭƻǇƳŜƴǘ ŀƴŘ ǘŜǎǘƛƴƎ ƻŦ ŀŘŘƛǘƛƻƴŀƭ ŘƛƳŜƴǎƛƻƴǎ ŦƻǊ ǘƘŜ 9vπр5 ŘŜǎŎǊƛǇǘƛǾŜ 

ǎȅǎǘŜƳέ ŀƴŘ ǘƘŜ ōƻƭǘπƻƴ ƛǘŜƳ ǎŜƭŜŎǘƛƻƴ ǊŜǎŜŀǊŎƘ ά{ŜƭŜŎǘƛƴƎ .ƻƭǘπƻƴ 5ƛƳŜƴǎƛƻƴǎ ŦƻǊ ǘƘŜ 9vπр5Υ ¢ŜǎǘƛƴƎ ǘƘŜ LƳǇŀŎǘ ƻŦ IŜŀǊƛƴƎΣ {ƭŜŜǇΣ /ƻƎƴƛǘƛƻƴΣ 9ƴŜǊƎȅΣ ŀƴŘ 

wŜƭŀǘƛƻƴǎƘƛǇǎ ƻƴ tǊŜŦŜǊŜƴŎŜǎ ¦ǎƛƴƎ tŀƛǊǿƛǎŜ /ƘƻƛŎŜǎέΦ hǘƘŜǊ ōƻƭǘπƻƴ ŀǊǘƛŎƭŜǎ ƘŀǾŜ ŀƭǎƻ ōŜŜƴ ŎƘŜŎƪŜŘ ǘƻ ƳŀƪŜ ǎǳǊŜ ƴƻ ƛǘŜƳǎκŘƻƳŀƛƴǎ ƴŜƎƭŜŎǘŜŘΦ 

3. LǘŜƳ ǇŜǊŦƻǊƳŀƴŎŜ /ǊƛǘŜǊƛƻƴ /ƻǊǊŜƭŀǘƛƻƴ ƛǎ ŦǊƻƳ ǘƘŜ ǇǎȅŎƘƻƳŜǘǊƛŎ ǘŜǎǘ 9πv![¸ ƛǘŜƳ ƭŜǾŜƭ ŎƻǊǊŜƭŀǘƛƻƴǎ ŎƘŀǊǘΣ ǘƘŜ άIƻǿ ŘƛŦŦƛŎǳƭǘ ǿŀǎ ƛǘ ŦƻǊ ȅƻǳ ǘƻ ƎŜǘ ŀǊƻǳƴŘ 

ƛƴǎƛŘŜ ŀƴŘ ƻǳǘǎƛŘŜ όǳǎƛƴƎ ŀƴȅ ŀƛŘǎ ȅƻǳ ǳǎǳŀƭƭȅ ǳǎŜ ŜΦƎΦΣ ǿŀƭƪƛƴƎ ǎǘƛŎƪΣ ŦǊŀƳŜ ƻǊ ǿƘŜŜƭŎƘŀƛǊύΚέ ƛǎ ŎƻƳōƛƴŜŘ ŜǾƛŘŜƴŎŜ ƻŦ ƛƴǎƛŘŜ ŀƴŘ ƻǳǘǎƛŘŜΣ {ŜƭŦπ/ŀǊŜ ƛǘŜƳ 

όŎƻǊǊŜƭŀǘƛƻƴ лΦфн ƻƴ ŀǾŜǊŀƎŜύ ƛǎ ƴƻǘ ŦƭŀƎƎŜŘΣ /ƻǇƛƴƎ ƛǘŜƳ ǎƘƻǿǎ ƳƛȄŜŘ ŜǾƛŘŜƴŎŜ όǇƻǎƛǘƛǾŜ ϧ ƴŜƎŀǘƛǾŜ ƛǘŜƳ ƛƴ ŎƻǊǊŜƭŀǘƛƻƴ ŎƘŀǊǘύΦ  

4. ¢ƘŜ ŎŜƛƭƛƴƎ ŀƴŘ ŦƭƻƻǊ ŜŦŦŜŎǘ ŜǾƛŘŜƴŎŜ ŘŜǊƛǾŜŘ ŦǊƻƳ ¢ŀōƭŜ !ΦоΥ {ǳƳƳŀǊȅ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ƛǘŜƳǎ ŦƻǊ ŘƛǎǘǊƛōǳǘƛƻƴ ŀƴŘ ƪƴƻǿƴ ƎǊƻǳǇ ŘƛŦŦŜǊŜƴŎŜώмсмϐΦ hƴƭȅ ¦Y 

ŀƴŘ !ǳǎǘǊŀƭƛŀ Řŀǘŀ ŜǾŀƭǳŀǘŜŘΦ U ƛƴŘƛŎŀǘŜǎ ŦƭƻƻǊ ƻǊ ŎŜƛƭƛƴƎ ŜŦŦŜŎǘ ƛƴ ¦Y ƻǊκŀƴŘ !ǳǎǘǊŀƭƛŀ όά·· ŜŦŦŜŎǘ ŦƻǊ ōƻǘƘέ ƳŜŀƴǎ ǘƘŜ ŜŦŦŜŎǘ ƛŘŜƴǘƛŦƛŜŘ ƛƴ ǘƘŜ ǘǿƻ ŎƻǳƴǘǊƛŜǎύΦ 

¢ƘŜ ŀǘǘǊƛōǳǘŜ ƛǎ ǊŜǇƻǊǘŜŘ ŀǎ h ƛŦ ŀƭƭ ƻŦ ǘƘŜ ǊŜǎǘ ŦƻǳǊ ŎƻǳƴǘǊƛŜǎ ǎƘƻǿŜŘ ŦƭƻƻǊκŎŜƛƭƛƴƎ ǇǊƻōƭŜƳΦ 

5. ¢ƘŜ hǾŜǊŀƭƭ ǾŀƭƛŘƛǘȅ ŀƴŘ /ƻƴǎǳƭǘŀǘƛƻƴ L ŜǾƛŘŜƴŎŜ ŘŜǊƛǾŜŘ ŦǊƻƳ !ǇǇŜƴŘƛȄ ŘƻŎǳƳŜƴǘ 9πv![¸ LǘŜƳ {ŜƭŜŎǘƛƻƴ /ƻƴǎǳƭǘŀǘƛƻƴΦ /ƻƴǎǳƭǘŀǘƛƻƴ LL ǊŜǎǳƭǘǎ ǿŀǎ ŦǊƻƳ 

!ǇǇŜƴŘƛȄ 9πv![¸ /ƭŀǎǎƛŦƛŎŀǘƛƻƴ LǘŜƳ {ŜƭŜŎǘƛƻƴ /ƻƴǎǳƭǘŀǘƛƻƴ {ǳǊǾŜȅΦ aƻǊŜ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ 9πv![¸ ŘŜǎƛƎƴΣ ǇǊƻŎŜǎǎ ƻŦ /ƻƴǎǳƭǘŀǘƛƻƴ L ŀƴŘ LLΣ ŀƴŘ ǘƘŜ Řŀǘŀ 

ǊŜǇƻǊǘŜŘ Ŏŀƴ ōŜ ŦƻǳƴŘ ƛƴ /ƘŀǇǘŜǊ н ƻǊ ǘƘŜ ƻǾŜǊǾƛŜǿ ǇŀǇŜǊώмсмϐ 

6. ¢ƘŜ {ǘŀƪŜƘƻƭŘŜǊ ǇǊŜŦŜǊŜƴŎŜ ttL9 /ǊƛǘŜǊƛƻƴ ŜǾƛŘŜƴŎŜ ǿŀǎ ŘŜǊƛǾŜŘ ŦǊƻƳ 9πv![¸ ǇǊƻƧŜŎǘ ǇŀǘƛŜƴǘ ƛƴǾƻƭǾŜƳŜƴǘ ŀƴŘ ǊŜǎǳƭǘ ǊŜǇƻǊǘ ά¢ƘŜ ǊƻƭŜ ƻŦ ǇŀǘƛŜƴǘ 

ŀƴŘ ǇǳōƭƛŎ ƛƴǾƻƭǾŜƳŜƴǘ ŀƴŘ ŜƴƎŀƎŜƳŜƴǘ όttL9ύ ǿƛǘƘƛƴ ǘƘŜ ŘŜǾŜƭƻǇƳŜƴǘέΦ aƛȄŜŘ ŜǾƛŘŜƴŎŜ ƛǎ ƎŜƴŜǊŀǘŜŘ ŦƻǊ ǘƘŜ ŘƻƳŀƛƴ ƻŦ {ŜƭŦπ/ŀǊŜΣ IƻǇŜƭŜǎǎ όǘƘŜ ƻƭŘ 

ŜȄǇǊŜǎǎƛƻƴ άƴƻǘƘƛƴƎ ǘƻ ƭƻƻƪ ŦƻǊǿŀǊŘ ǘƻέύΦ {ǳǇǇƻǊǘ ŀƴŘ IƻǇŜƭŜǎǎ Ǝƻǘ ƴŜƎŀǘƛǾŜ ŦŜŜŘōŀŎƪΦ  

7. LŦ ǘƘŜ Ŏƻƴǎǳƭǘŀǘƛƻƴ L ŀƴŘ ttL9 ǎƘŀǊŜŘ ǘƘŜ ǎŀƳŜ ƻǇƛƴƛƻƴ ƻƴ ŀƴȅ ƛǘŜƳΣ ǘƘŜƴ ƛǘ ǎƘƻǳƭŘ ōŜ ǎǘǊƻƴƎƭȅ ŎƻƴǎƛŘŜǊŜŘ ƛƴŎƭǳŘŜŘ ƻǊ ŜȄŎƭǳŘŜŘΦ 

8. LŦ ǘƘŜ Ŏƻƴǎǳƭǘŀǘƛƻƴ LL ǎƘŀǊŜŘ ǎƛƳƛƭŀǊ ƻǇƛƴƛƻƴ ǿƛǘƘ ǘƘŜ Ŏƻƴǎǳƭǘŀǘƛƻƴ LΣ ǘƘŜƴ ƛǘ ǎƘƻǳƭŘ ōŜ ǎǘǊƻƴƎƭȅ ŎƻƴǎƛŘŜǊŜŘ ƛƴŎƭǳŘŜŘ ƻǊ ŜȄŎƭǳŘŜŘΦ IƻǿŜǾŜǊΣ ŘǳŜ ǘƻ ǘƘŜ ƛǘŜƳ 

ǎŜƭŜŎǘƛƻƴ ǊǳƭŜ ƛƴ Ŏƻƴǎǳƭǘŀǘƛƻƴ LLΣ ǘƘŜ ǎƛƴƎƭŜ ǊŜƧŜŎǘƛƻƴ ŦǊƻƳ ǘƘŜ Ŏƻƴǎǳƭǘŀǘƛƻƴ LL Řŀǘŀ ǿƻǳƭŘ ōŜ ŎƻƴǎƛŘŜǊŜŘ ŀǎ ǎǳǎǇƛŎƛƻǳǎ ŀƴŘ ǿƻǳƭŘ ōŜ ŎƻƳōƛƴŜŘ ǿƛǘƘ ŎƻǊǊŜƭŀǘƛƻƴ 

ŀƴŘ ōƻƭǘπƻƴ ŜǾƛŘŜƴŎŜ ǘƻ ŎƻƴǎƛŘŜǊΦ ¢ƘŜ h ƛƴŘƛŎŀǘŜŘ ǘƘƛǎ ƛǘŜƳ ƛǎ ƻƴ ǘƘŜ ŜŘƎŜ όƴҐмсύ ƻŦ ǾƻǘƛƴƎ ƻǳǘΦ  

LŦ ǘƘŜ /C! ŦŜŀǎƛōƛƭƛǘȅ ŜǾƛŘŜƴŎŜ ƛǎ ǳƴŀŎŎŜǇǘŀōƭŜΣ ǘƘŜƴ ŀƴ ƛǘŜƳ ǿƻǳƭŘ ōŜ ŜȄŎƭǳŘŜŘΣ ǘƘƻǳƎƘ ǘƘƛǎ ŎǊƛǘŜǊƛƻƴ ƛǎ ƴƻǘ ŀǇǇƭƛŜŘ ǘƻ ǘƘŜ 9vπI².π{ ƛǘŜƳǎΦ



74 

 

It was decided to include fourteen HWB attributes on this stage: Vision, Hearing, 

Mobility, Daily activities, Control, Anxiety, Depression, Loneliness, Pain severity, 

Concentrating/thinking clearly, Support, Sleep, Fatigue, and Discomfort frequency. 

Nine attributes were from the EQ-HWB-S: Mobility, Daily activities, Control, 

Concentration, Anxiety, Depression, Loneliness, Fatigue, and Pain severity. The 

additional five items of Vision, Hearing, Concentrating/thinking clearly, Sleep, and 

Fatigue were included. However, the inclusion of Sleep was debatable as there was 

no evidence for exclusion, but mixed evidence observed in the Spearman correlation 

matrix. There was no compelling evidence to exclude Discomfort frequency, but the 

evidence was mixed. 

4.3.2 Expert and supervisor team discussion 

The selection of attributes was reviewed with the projectôs leading experts on meetings. 

During these discussions, concerns were raised about the 'Discomfort' attribute in the 

future DCE survey. The discussion noted that it might be overly broad, potentially 

encompassing a wide range of physical symptoms not covered by other physical items, 

as well as 'mild pain' symptoms, which would be more appropriately categorized under 

the 'pain' item. A re-evaluation of E-QALY qualitative evidence from healthcare service 

and care users supported this view, indicating that the 'discomfort' item might lead to 

ambiguities under the circumstances of quick decision[246]. Hence, it was concluded 

that 'Discomfort' might be unclearly defined and correlated with pain, leading to its 

exclusion.  

The inclusion of 'Support' attribute was challenged by the experts. The item's wording, 

ñI felt unsupported by peopleò combined with the response option ñNone of the timeò 

created a double negative that could confuse participants if they read quickly, leading 

to misinterpretation of the best and worst states. However, it was noted that with clear 

presentation of item information, the proportion of misinterpretation remained low (See 

Chapter 5 for more information). 3 out of 11 participants realized that this was confusing 

while other participants understood the descriptions quickly. Therefore, 'Support' was 
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retained. 

After evaluating all of the evidence, attributes Vision, Hearing, Mobility, Daily activities, 

Control, Anxiety, Depression, Loneliness, Pain severity, Concentrating/thinking clearly, 

Support, Sleep and Fatigue (Table 8) were included.  

4.4 Conclusion  

The item selection systematically evaluated E-QALY project evidence, qualitative 

consultation results and expertsô opinion to evaluate each attribute by its dimensionality, 

psychometric performance, item feasibility, stakeholder preferences, and cross-

cultural performance. 13 items met the selection criteria and passed qualitative 

consultations for the valuation study: Vision, Hearing, Mobility, Daily activities, Control, 

Anxiety, Depression, Loneliness, Pain severity, Concentrating/thinking clearly, Support, 

Sleep and Fatigue (Table 8). 
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Table 8 selected items 

 Domain Item 

Levels 

No difficulty Slight 

difficulty 

Some 

difficulty 

A lot of 

difficulty 

Unable 

1 Vision 

How difficult was it for you to see (using, for 

example, glasses or contact lenses if they are 

needed)? 

Ǐ Ǐ Ǐ Ǐ Ǐ 

2 Hearing 
How difficult was it for you to hear (using hearing 

aids if you usually wear them)? 
Ǐ Ǐ Ǐ Ǐ Ǐ 

3 Mobility 

How difficult was it for you to get around inside 

and outside (using any aids you usually use e.g., 

walking stick, frame or wheelchair)? 

Ǐ Ǐ Ǐ Ǐ Ǐ 

4 Daily activity 
How difficult was it for you to do day-to-day 

activities (e.g., working, shopping, housework)? 
Ǐ Ǐ Ǐ Ǐ Ǐ 

5 Control 

 
None of the 

time 

Only 

occasionally 

Some of the 

time 
Often 

Most or all 

of the time 

I felt I had no control over my day-to-day life (e.g., 

having the choice to do things or have things 

done for you as you like and when you want). 

Ǐ Ǐ Ǐ Ǐ Ǐ 

6 
Concentrating/ 

thinking clearly 
I had trouble concentrating/thinking clearly Ǐ Ǐ Ǐ Ǐ Ǐ 

7 Anxious I felt anxious Ǐ Ǐ Ǐ Ǐ Ǐ 

8 Sad/depressed I felt sad/depressed Ǐ Ǐ Ǐ Ǐ Ǐ 

9 Loneliness I felt lonely Ǐ Ǐ Ǐ Ǐ Ǐ 

10 Support I felt unsupported by people Ǐ Ǐ Ǐ Ǐ Ǐ 

11 Sleep I had problems with my sleep Ǐ Ǐ Ǐ Ǐ Ǐ 

12 Fatigue I felt exhausted Ǐ Ǐ Ǐ Ǐ Ǐ 

13 Pain 

I had no physical pain in the last 7 days Ǐ 

I had mild physical pain in the last 7 days Ǐ 

I had moderate physical pain in the last 7 days Ǐ 

I had severe physical pain in the last 7 days Ǐ 

I had very severe physical pain in the last 7 days Ǐ 
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Chapter 5 Survey Qualitative Consultation  

Qualitative data are recommended to understanding of how participants interpret health 

factors and consider health state preference elicitation tasks [166, 253]. Qualitative methods 

have been used to obtain attributes and condense the complex decision making 

strategies[235]. However, there has been no explicit investigation focusing on the DCE EQ-

HWB valuation study design. A qualitative consultation was conduct, in order to provide deeper 

understanding of the interpretation of HWB information in the DCE context, and evaluate 

various designs and information presentation formats. 11 volunteers from Sheffield 

participated in the focus group. This chapter reported the research objectives, methods, and 

results.  

óDesignô in this Chapter refers to the specific information presentation format tested.  

5.1 Objectives 

The qualitative consultation topics were to explore the interpretation of HWB attributes, 

discuss the pros and cons of each DCE study design option, evaluate the feasibility of 

anchoring methods attached to each DCE design, and other nuanced information presentation 

topics.  

Â Topic one: interpretation of health and wellbeing attribute information in the DCE 

context. 

The inclusion of HWB information introduced complexity to the valuation design process. This 

study aimed to engage the general public to test if they interpreted the HWB information as 

expected in the DCE choice set. Discussions around the concept of HWB attributes and 

information interpretation in the described health state. The discussion focuses mainly on the 

nuanced interpretation difference between the individual attribute information and its meaning 

in the DCE choice set.  
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Â Topic two: discussion of the pros and cons of various DCE study design strategies 

and information presentation methods. 

User-centred design principles were increasingly adopted in the development of DCE designs, 

advocating for the use of qualitative methods in revising designs. The characteristics of DCEs 

influenced survey response rates[254] and statistical efficiency[210]. This focus group 

consultation was to garner an understanding of general public views and preference on the 

feasible designs. The first two designs are partial comparison pivot design and FIFO design. 

Only two to three changed attributes in each ñpivotò or ñfolded-outò section will be presented 

for the respondents to make their choice. This method decreased cognitive burden and make 

respondents more focused on all the revised information in choice making. The paired design 

with full information presented and triplet design with dead state are also named DCETTO and 

DCE with death, which are successfully used with EQ-5D, SF-6D and cancer QoL measuresô 

valuation{Wang, 2023 #612}. All of the four designs are supported by evidence found in 

literature review. 

Â Topic three: investigation of decision strategies. 

Econometrics evidence supported the assumption that respondents adopted a range of 

ñcopingò strategies to reply the complex stated preference questions[255]. A rationality test 

question, mainly presented as dominated choice pairs, can identify the respondents who have 

logically inconsistent responses to the DCE questions in a DCE survey. However, this shed 

little light on how respondents replied to other undominated questions. It was important to 

explain understand the underlying decision-making strategies. This study discussed this topic 

about how respondents made their preference decision with the HWB information presented. 

Â Topic four: examination of other design issues, including wording of warm-up 

questions, introduction and question instructions.  

The last effort was to gain insights to optimize the question wording and presentation of warm-

up questions. DCE guidelines underscored the significance of qualitative evidence, 

emphasizing its irreplaceable role in informing and guiding unbiased design[256]. In the fourth 
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topic discussion, participants were asked about their design preference with the paired and 

triplet design warm-up questions, and necessary information in question instruction to prevent 

vague description. 

5.2 Method 

5.2.1 Focus group method 

This research used a focus group method. This method recruited a group of general public to 

engage on specific topics relevant to the research question[257]. In contrast to one-to-one 

interviews, the focus group was an efficient qualitative method, allowing for the collection of 

qualitative data from more than one participant simultaneously[258]. This method was 

commonly employed to gain insights into attitudes regarding various research questions, i.e. 

attribute selection, and to elucidate explanations for certain behaviours[259-261]. 

5.2.2 Participants 

The feasibility study tested the DCE valuation with the general public sample, which was the 

target sample of the future DCE survey. A consistent sample provided tailored responses to 

the specific question and directly relevant data, as recommended by Coast et al[253]. 

Participants were recruited via email using a volunteer list at the University of Sheffield. 

Participants from the volunteer list received an email advertising the study, with links to the 

information sheet and links to a short questionnaire where they could register with personal 

details and available time. Then the researcher (Haode Wang) selected and allocated 

participants to various focus groups, balancing age, education level, and gender in each group.  

The number of focus group consultations adhered to the information saturation principle[262] 

Four focus groups were conducted, with 3-5 participants each time. The decision to include 

a fourth focus group was not pre-planned but due to the high no-show rate due to the 

University strike in 2023. 

5.2.3 Procedure 

Focus groups were conducted by the lead researcher, accompanied by one supervisor (DR 
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or CM). A topic guide (Appendix B) was designed with semi-structured questions covering 

aspects of EQ-HWB attributes, comparison of different presentation of DCE tasks, decision-

making processes, time and death information interpretation, and fatigue effects with given 

numbers of DCE tasks. Semi-structured questions were crafted in a natural DCE information 

presentation order: attributes interpretation (after completing the EQ-HWB), attribute in DCE, 

decision-making strategy, and the information presentation.  

Each topic consisted of two or three follow-up questions. Participants were required to 

complete the EQ-HWB (selected 13 attributes) at the start of the focus groups. After 

introducing the DCE and research aims, the focus group facilitator (Haode Wang) led the 

discussion and summarized the main points of each respondent after their round of speaking. 

Considering the fact that all respondents had no experience with DCE survey before, one 

warm-up question with a dominated pair was introduced to explain DCE tasks before topic 

discussion. The facilitator introduced reasons for discussion before initiating the discussion. 

The question asked in each focus group considered the information saturation that none of 

the questions discussed in all focus groups. 

To facilitate a meaningful comparison, a mock DCE task was presented with the specific 

design. Respondents completed the mock design and shared their opinion about the design 

(see Appendix B for the order of presenting and topics discussed). The efficient design was 

the baseline design for practice question. Compared designs were:  

a. Efficient design: efficient design has one label/attribute name followed by the levels of 

correspondent health states. Figure 4 shows a mock-up of an efficient design example. All 

of the attributes presented and overlapping attributes highlighted with yellow colour. 

Different approaches for presenting and highlighting differences were explored in the focus 

group (Figure 4).  
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Figure 4 Efficient design sample 

 

b. FIFO design: Unlike presenting the individual level information of each attribute, the 

FIFO design groups overlapping levels together[263]. In other words, only the levels of 

changed attributes can be 'folded-out'. The 'Folded-in' format facilitates respondents in 

quickly identifying overlapped attributes (Figure 5).  

Figure 5 FIFO design sample 

c. Pivot design: the pivot design relied on providing a subset of attributes, named ôPivotô, 

that were overlapped. Respondents make partial comparisons with the rest of the 

attributes[83]. For this study, the 13 attributes were separated into three subsets related to 

baseline physical activities (Seeing, Hearing, Getting around inside and outside, Doing 

day-to-day activities), Wellbeing and mental health goodness (Control, 
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Concentrating/thinking clearly, Anxious, Sad/Depressed, Lonely, Unsupported) and other 

physical health (Sleep, Exhausted, Pain severity). Respondents make separate choice 

with each pivot question (Figure 6).  

Figure 6 Pivot design sample 

 

d. Triplet comparison: in terms of the number of compared health states in each question, 

there are triplet and paired comparisons. A triplet design (with death) provides more 

information and opportunity to ask a better-or-worse-than-death question directly (Figure 

7), akin to the classic Time-Trade Off (TTO) valuation method.   

Figure 7 Initial triplet design sample 
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Questions asked in each focus group were presented in Table 10. The attributes were 

presented with or without labels in the efficient design format, where label was the first column 

summarizing the dimension. Respondents were suggested to comment on attribute, level and 

the general design format separately. As the discussion included comparing with death, 

participants were informed and given the opportunity to leave the focus group discussions at 

any time.  

5.2.4 Data analysis, coding and theme selection process 

The focus groups were transcribed verbatim. All transcripts were analysed in NVivo 12.  

Data was analysed using a thematic analysis framework, by familiarizing with the transcript, 

generating initial codes during checking the transcript quality, generating themes in the second 

reading, reviewing themes in the third reading, defining and naming themes after combining 

the overlapped themes, and drafting the final report[264]. The data were coded, and a thematic 

framework was established aligned with the aims of the study. This research employed a 

óbottom-upô method to build themes, allowing the framework to evolve with the progress of 

data analysis. The codes were analysed and grouped thematically[265]. Anonymity was 

valued and pseudonyms (e.g., P1, P2 etc.) were used throughout the transcription. 

5.2.5 Ethics approval 

Ethics approval to conduct this research was granted by the University of Sheffield Population 

Health Ethics Panel (050569).  

5.3 Results 

5.3.1 The sample and question asked in each focus group 

Twenty-one individuals expressed their interest after circulating the first round of recruitment 

email. Ten withdrew from the research due to time arrangement and UK education strikes in 

the early 2023. There were 11 participants who participated. The research was undertaken 

face-to-face at the Sheffield Centre for Health and Related Research (SCHARR), University 

of Sheffield. More participants details were: 
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Á All the participants were from University of Sheffield (employee or affiliated institutes, 

none of them was student). 

Á 18% were male; 82% were female. 

Á 18% were high-school or below educated, 46% achieved an undergraduate degree or 

college degree, 36% had postgraduate degree. 

Á 18% were aged 20-30, 55% were aged 31-50, the rest responses came from 

participants of 51 or older. 

Á Respondents were enrolled in various field of working: postman, sports coach, 

equipment maintenance staff, research assistant, caregiver, language supporter and 

professor (Table 9).  

Questions asked in each focus group were presented in Table 10. 
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Table 9 Participation information summary 

*In total column summarizes the characteristics of all participants.

  

Focus group I (n=4) Focus group II: (n=2) Focus group III: (n=2) Focus group IV (n=3) In total* 

N % N % N % N % N % 

Age 

18 - 30 0 0.0% 1 50.0% 0 0.0% 1 33.3% 2 18.2% 

31 - 40 1 25.0% 0 0.0% 1 50.0% 0 0.0% 2 18.2% 

41 and  

above 
3 75.0% 1 50.0% 1 50.0% 2 66.7% 7 63.6% 

Gender 
Male 1 25.0% 0 0.0% 0 0.0% 1 33.3% 2 18.2% 

Female 3 75.0% 2 100.0% 2 100.0% 2 66.7% 9 81.8% 

Education level 

Higher or secondary 2 50.0% 0 0.0% 0 0.0% 0 0.0% 2 18.2% 

College or university 1 25.0% 1 50.0% 2 100.0% 1 33.3% 5 45.5% 

Post-graduate 

degree 
1 25.0% 1 50.0% 0 0.0% 2 66.7% 4 36.4% 

Total number  4 100.0% 2 100.0% 2 100.0% 3 100.0% 11 100.0% 
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5.3.2 Thematic analysis 

Four main themes were identified:  

Á Information interpretation: summarized how the respondents considered and 

understood the information.  

Á DCE decision making: summarized the decision-making pattern of respondents under 

various designs. 

Á Presentation of DCE questions (with sub-themes preferred design characteristics, 

less preferred characteristics and neutral): presented the likes and dislikes of design 

and information presentation formats.  

Á General suggestions 

Subthemes were identified under each of these main themes (Figure 8). 
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Figure 8 Thematic framework for the questionnaire response   
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Table 10 Focus group questions 

 
Focus group I Focus group II Focus group III Focus group IV 

Y/N1 Changes2 Y/N1 Changes2 Y/N1 changes2 Y/N1 changes2 

Focus group mainly 

discussed 
General design DCE wording Anchoring and design  Design and wording 

Warm-up 

Question: the 

interpretation 

of EQ-HWB 

questions and 

DCE as a 

survey format 

EQ-HWB 

attributes 
Y  Y 

Attribute order 

changed 
Y  Y 

Attribute order 

changed 

DCE warm-

up question 
Y  Y  Y  Y 

In SurveyEngine 

Online format 

DCE 

instruction 
N  N  N  Y 

In SurveyEngine 

Online format 

How to ask 

DCE 

question 

Y  Y 
Ask the importance of 

subject 
N 

Ask whether have 

óyouô in question is 

important 

Y 

Ask where the DCE 

question should be 

placed 

Question I: 

comparison of 

different DCE 

designs 

Baseline 

presentation 
Y 

Ask attribute order, 

highlighting and 

decision process 

Y 
Health state more 

balanced 
Y  Y 

Ask where the DCE 

question should be 

placed 

Long 

information 

design 

Y  Y 

Ask whether double 

negative can be 

correctly interpreted 

Y Format optimized Y 
Order label question 

changed 

Labelled 

design3 
Y  Y  Y Format optimized Y  

FIFO design Y 
Use orange color for 

highlight 
Y 

Compare yellow and 

orange color 

information 

presentation 

Y 

Use yellow color only 

and health state levels 

balanced 

N  

Pivot design Y  Y 
Ask information 

saturation 
Y Order changed N  
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Question II: 

compare 

different 

anchoring 

Anchoring 

with duration 
Y  Y 

Discussed more about 

their understanding 

with anchoring 

Y 

Time and health more 

balanced to prevent 

domination 

Y 

Ask where duration 

level should be 

placed 

Anchoring 

with death 
Y  Y  Y 

Discussed more about 

anchoring  
Y 

Ask death anchoring 

before presenting 

them the duration 

anchoring question 

Anchoring 

with duration 

and death 

N  Y 
More severe health 

states used 
N  Y  

Question III: 

how many 

question and 

the less 

common 

health states 

How many 

DCE 

questions to 

include 

Y 

Ask respondents 

whether 16 is an 

acceptable number 

Y 

Ask respondents 

whether 14 is an 

acceptable number 

Y 

Ask respondents 

whether 12 is enough 

for eliciting preference 

Y 
This question not 

asked 

less 

common 

health state 

Y 

Ask what health 

state can be defined 

as óworse than 

deathô 

N  Y 

Ask what health state 

can be defined as 

óimpossible health 

stateô (impossible 

combination of 

attributes) 

Y 

Ask a number of 

impossible health 

state samples from 

published literature 

Question IV: 

others 
Others Y 

Ask if understand 

what to do 
Y  Y 

Ask importance of 

introduction 
Y 

Ask if understand 

what to do 

1. Y indicates this question is asked in the correspondent focus group. 

2. óChangesô indicates the semi-structured question change for certain topic compared to the latest focus group conducted. 

There are five questions including the warm-up. The respondents were told on the discussion material, they were under warm-up or semi-structured questions 

and how many questions left. 

3. óLabelô is the short first column before the two health state levels, to provide impression on what health problem it is. 
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5.3.3 Information interpretation 

Â Attributes  

Participant distinguished the attributes presented as describing aspects of individual health 

and wellbeing. The number of attribute (13) was necessary to give an overview of health. 

Participants indicated a clear preference for the Fatigue, Seeing, Hearing, Control, and 

Loneliness in their decision-making process. The reasons for emphasizing Seeing and 

Hearing were related to the impact of vital physical function failure, hindering a large number 

of daily activities and affecting confidence. Fatigue and Control were seen as reflections of an 

individual's general status, where tiredness may lead to accidents and undermine productivity. 

Loneliness was designated as a valuable aspect of social wellbeing and a naturally concerning 

issue, even though the reasons extended beyond health. 

Participants were uncertain about the definition of Control (control over work, which may be 

dictated by the supervisor, or just control of daily life), Daily activity (an ambiguous and broader 

concept), Mobility (getting around was be part of daily activities or only include travel outside 

the home), Seeing (whether myopia should be considered as a seeing issue), Pain severity 

(unable to justify if it was a state after using auxiliary means such as painkillers), Depression 

(hard to distinguish the levels and not clear if it was a diagnosed illness or contemporary mood) 

and Support (whether it was about real-life support or just their feelings about it).  

Apart from the attribute wording, it was common that the attribute information interpretation 

was affected by personal experience, societal experience and imagination of the illness: 

Personal experience: óI think there are some things like occasionally feeling 

exhausted well thatôs what I do anyway.....(the existing situation) I did not know it was a 

health issueô (Focus group 1, P3).  

Imagination: óé..feeling anxious and sad and depressed if I could not see' (Focus 

group 1, P1). 

Societal experience: óblind is a very high level disabilityé(will) affect the life very, very 

stronglyô (Focus group 2, P6). 
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The participants were questioned about their perceptions of the attribute ordering in the choice 

tasks and its impact on their choices. Grouping similar attributes (e.g. physical health, mental 

health, wellbeing) aided respondents in making connections. However, this approach led at 

least one participant feeling that they were being manipulated to focus on certain aspects or 

struggled with considering all attributes collectively: 

Focus group 4, P11: óI felt é being manipulated a little bit for me, think I cannot not think 

of other scenariosô  

Â Levels  

Respondents indicated interpretation issue with levels and showed a strong desire for 

considering severity with their personal situation or experience. Mild physical health issues 

(level 2 and sometimes level 3) were considered as acceptable and not that different to with 

perfect health, as these health conditions were seen as inevitable with age. The majority of 

the participants, who were retired or middle-aged employees, regarded the mild physical issue 

as being part of their life.  

They also thought that distinguishing between the levels "occasionally" and "sometimes" was 

challenging. The levels at the severe end of the severity spectrum were confusing. As the 

health issue got more severe, it got ódifferentô to imagine. Besides, some attribute levels were 

not interpreted as expected. The description of the frequency of ñlonelinessò was interpreted 

as the frequency of having visitors or family gatherings. One respondent suggested using 

horizontal pain severity levels, instead of listing the pain severity as column, in the EQ-HWB 

measure. 

Â Health states 

When evaluating a health stated described by a list of health problems with the given 

dimensions, participants automatically considered the sociodemographic of the subject and 

the uncertainty associated with the health issues. Respondents, in line with their varied 

opinions on attributes, unconsciously categorized health states, and the categorization 

influenced their preference decision:  
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Significantly bad health state: those with more than one extremely adverse attribute or severe 

issues with mental/physical health, such as solitary elderly individuals. Respondents tended 

to consider the significantly bad health states as invalid options in the choice questions. This 

could also be a feasible health state but ónot something that I want at all (Focus group 1, P4)ô 

in the preference decision. 

Impossible health state: quote óunrealistic stuffô (Focus group 2, P5).ô The health state was 

unpractical from their own perspective.  

Normal health states: states respondents could imagine in decision-making. A choice activity 

between normal health states would consider and compare the attribute information of all 

options. 

Respondents acknowledged a distinction between imagining health states predominantly in a 

'hypothetical world' and recognizing the potential reversal of their answers in the 'real world.' 

They were conscious of these two perspectives and, although the 'hypothetical world' 

perspective was commonly adopted, it could change when considering health with duration. 

Respondents perceived the difference in their perspectives and demonstrated flexibility in 

switching between perspectives. For instance, participants mentioned  

óI would choose life B, but the reality is life A (with duration in the instruction, focus group III, 

P7)ô. 

Mental health attributes had lack of attribute independence and were closely related with 

physical health. Having problems reported in mental health attributes may be a result of 

physical health and wellbeing. The weight of mental health attributes had higher correlation 

with physical health attributes, control, support and fatigue. In other word, the mental health 

issue was sometimes interpreted as a result of other attributes, expressing sentiments: 

óif you feel sad or depressed and maybe because, err, of lots of problemséhaving the 

additional problems of not being able to see, not being able to hear would make that even 

worse (Focus group 2, P6)ô.  

Mental health and wellbeing attributesô preference was also correlated with demographic 
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factors, especially age. However, as the introduction to the focus group embedded the concept 

of health, mental health and wellbeing to participants before the discussion started, 

participants were naturally tried to group the attributes into each category. They noted difficulty 

in splitting attributes into mental health and wellbeing categories, defining wellbeing attributes 

as part of mental health. When reading the labels, respondents tended to understand 

wellbeing as a kind of ófeelingô rather than a permanent state. 

5.3.4 Decision patterns 

The decision-making process among respondents revealed various patterns, and to avoid 

duplication, this research summarized decision patterns across different DCE designs. Figure 

9 illustrated the decision patterns used with each design formats. It was important to note that 

an individual respondent may change their decision pattern, as they faced different DCE 

designs and questions, in the focus group.  
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Figure 9 Decision-making strategies 

Note: 1. Efficient design: presents full information; FIFO design and pivot design: partial information design; Triplet design and DCE with duration: the efficient design with 

anchoring information 

2. Continuous lines are connecting decision pattern and designs, while the dotted boxes and lines are other factors apart from the attributes 

3. Decision patterns are merged if they shared similar characteristics in different designs. Partial information indicates respondents only consider aspects they value most 

instead of focusing on difference
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Over-consideration pattern: the over-consideration pattern involved considering all attributes 

and making implicit imaginations about necessary background information not explicitly 

described. Imagination about individual characteristics, such as life stage, age, gender, and 

economic status were frequently reported. Participants made the health preference decision 

in a órealô societal context, especially considering the background reasons putting themselves 

in the given situation. A common approach for making assumptions was respondentôs own 

situation (e.g., experiencing the given imperfect health state at their age). Another approach 

was reasoning the context of given health state, i.e. why, how and the further influence of the 

health state, though this might lead to varied age assumption for the two scenarios presented 

in the DCE question. As one respondent explained below.  

óé.as you get further into these types of questions thereôs a lot more that you can, or you can 

consider behind it, so you have to make some assumptionséô Focus group 3, P7. 

The all-round pattern: all-round pattern involved considering all of the information provided 

(but not additional factors). Respondents focused on the health description itself and took into 

account all of the information. The distinction between the all-round and ôexclusionô pattern 

(below) was that respondents in the all-round pattern iteratively evaluated all of the information 

after reading the highlighted attributes. They did not make assumptions about other social-

demographic factors, as introduced in the over-consideration pattern.  

 óéhow different they are, and then certain things will jump out, like you said, weighted so 

certain things would be like well that to me seems like a bigger difference so I focus it onô 

Focus group 3, P8. 

For questions where the DCE task included a duration attribute, an all-round pattern 

respondent considered all information and making health and duration trade-off.  

 óitôs about quality of life, and how long Iôve got.ô Focus group 4, P9 

The exclusion pattern: the exclusion pattern involved respondents having expectations for 

each attribute. If any attribute level could not satisfy the expectation, then the health state 
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would not be considered. In cases where two unwanted health states were presented, a 

random selection would be made.  

óé. work out a balance between what you can ñaffordò to lose against other things isnôt it now 

for me.ô éóI did look at the deeper colours in the middle box, but then worked backwards from 

the deepest to the lightest to see in each side which I would be able to cope withô Focus 

group 3, P7. 

óNarrowing down some like key things makes me think well actually.ô é óif youôve got one 

particularly strong weighting (in one sub-question) against another one, so no difficulty seeing, 

a lot of difficulty, you know, itôs gonna make the decision easy.ô Focus group 1, P4 

Difference pattern: the difference pattern involved making judgments by evaluating the varied 

attributes only. There were two ways of making decisions: the first way was difference counting, 

where respondents did not engage in an internal debating or trade-off process. Instead, they 

counted the better levels in each health state. A health state with more attributes rated as 

better than the other option would be selected. The second way was trading-off between varied 

attributes, respondents traded off the varied attributes with each other. The trade-off was 

limited to the attributes that differed between the two options. However, decisions based on 

the difference pattern could be unstable, as respondents always read less information, and 

may change the choice after a second reading. 

óif the other ones are the same itôs kind of like well theyôre exactly the same theyôre not gonna 

play much of a part in decision-makingôFocus group 3, P8and  

In relation to the fold-in fold-out design, where overlapped attributes were folded-in with 

different colours representing response level severity, one participant said: 

óI literally looked at the top box, itôs a paler colour, but both lives have got the same issuesé 

then jump straight to the middle (fold-out)ô Focus group 2, P5. 
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Significance trading-off pattern (with duration design only): the concept of 'significance' in 

decision-making reflected that respondents would only consider trade-offs time with health 

when any factor was significantly bad or good. There were two patterns within this concept: 

respondents would not consider the life expectancy only if the health state was deemed 

'significantly bad'. Hence the life expectancy change could compensate the loss. Otherwise, 

they would continue to make decisions using one of the decision patterns mentioned earlier.  

óIôd be looking through the information and then I kind of be thinking would this be significantly 

bad that it would not be worth me having the extra life.ôFocus group 3, P8. 

The second pattern within the 'significance' concept is the 'Time Difference Trading-off'. 

Respondents would consider HWB information only if the difference in duration levels between 

two states was significantly large, or the state with longer life expectancy was always chosen. 

When asked about the definition of 'significant' life expectancy difference, one respondent 

mentioned '10 years,' emphasizing that it could depend on the age and life stage. Additionally, 

a longer duration prompted respondents to consider factors such as how they would die and 

the impact on carers' feelings. Respondent reported willingness to live a shorter life under 

certain circumstances to leave a positive memory for loved ones (quote óI want to leave them 

a good memory (Focus group 2, P5).ô).  

óI mean, only if the difference is larger enough I would, (I1: trade it?) I would consider.ô Focus 

group 2, P5. 

Â Decision with anchoring information  

Respondents discussed the influence of duration information and death state on their 

comparison decision.  

The better-or-worse-than-death decision was influenced by factors such as whether the health 

problem was manageable and whether there was enough positive reward to compensate for 

the negative aspects (óalthough I canôt see it, I know itôs there, I can hear the birds (Focus 

group 1, P4).ô). Respondents considered the meaningfulness or hopelessness of a state when 
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making this decision. For example, a state that was regarded as meaningless or hopeless was 

generally considered worse than death. Instead of providing a description with the EQ-HWB 

attributes, respondents provided example with the specific disease or treatment that they were 

more familiar with, i.e. ventilator support, vegetative state, long-term depression, coma, and 

constant severe physical pain. 

However, some respondents expressed that all the health states were better than immediate 

death. They emphasized the finality of death and the absence of a way to 'go back.' The ability 

self-adjustment and the value of hope were also factors that contributed to the perception that 

life, even in challenging health states, was preferable to death.  

Another factor was the fixed duration information with the two health states. This research 

proposed ñ10-year in Health State A/Bò and ñ4-year in Health State A/B" descriptions in focus 

group. Respondents considered the possibility of adaptation for longer duration but not for 

shorter duration.  

ñI think your main choice starts like thatôs just for however long (imagine) youôve got this is just 

the state and itôs not gonna change éé but I think in the real world my brain might evaluate 

it slightly differently because I think somethings I do think you might be able to alter for longer 

duration and other things you canôt.  Whereas, for the point of the question (4 years), youôd 

have to be like well thatôs just youôre like thaté. (Focus group 2, P7) ñ 

Respondents reported a decision strategy to maximize health rather than focusing on longer 

duration. They applied a heuristic decision strategy tailored for a health Discrete Choice 

Experiment (DCE) survey that only the health attributes considered.  

óWhereas, I would much rather have a shorter but healthier lifeô. Focus group 3, P7. 

On the contrary, some respondents always prioritized living a longer life, choosing health 

states based solely on longer duration.  

óI think Iôd still want to have those years even if they were not optimum health.ô Focus group 

3, P8. 

Â Other factors 
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Apart from the decision patterns, other factors influencing the decision were life stage and 

order of attributes. The evidence delved into the stage of occurrence of a health state on 

preference. Discussions directed participants to envisage living in a specified health condition 

for a certain number of years (X), without clarifying the starting point of these years. This 

ambiguity led some respondents to interpret the health state either retrospectively (X years 

before death, normally predicting health in older age with a general life expectancy), or 

prospectively (X years from their current age). This perspective could mirror the impact of age 

on health state valuation, where older age often correlates with a lower disutility value. For 

instance, severe health states might be perceived as 'normal' in advanced age, as one focus 

group participant noted 

óyou kind of expect to have physical health problems when we get closer to, to the end-of-life 

expectancy (Focus group 4, P10).ô  

Despite the absence of a specific duration attribute in the triplet DCE mock task, health state 

duration influenced what constitutes a ómanageable health problemô. The respondents 

concurred that many health issues might be bearable in the short term, for instance, over a 

year, but would become intolerable if endured for an extended period, such as the ten-year 

timeframe suggested in the survey. This was conflicted with the adaptation perspective.  

The participants were asked about their perceptions of the attribute ordering in the choice 

tasks and its impact on their choices. Grouping similar attributes (e.g. physical health, mental 

health, wellbeing) aided respondents in making connections. However, this approach 

sometimes made them feel manipulated and struggle with considering all attributes collectively.  

5.3.5 Information presentation preference 

The Table 11 presented a design considering the qualitative suggestions. A preferred DCE 

information presentation format included characteristics that mentioned by at least one 

respondent from each focus group. Other suggestions, such as asking the choice question 

twice at the top and bottom of each choice set, was discarded out of the tidiness consideration 

and infeasibility with limited screen space. See Table 10 for other dislike and preferred 

presentation characteristics. 
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This section summarized the focus group consultation results on three core design questions: 

information presentation format (which design was preferred and why), attributes and levels 

presentation within each scenario (description of health issues and how to present the 

information), and choice set question wording and position (including both paired comparison 

and triplet comparison).



 101 

 

 

 

 

Table 11: DCE design following preference 

 Life A  Life B 

In seeing No difficulty  Some difficulty 

In hearing No difficulty   No difficulty  

In your getting around inside and outside Some difficulty   Slight difficulty  

In your day-to-day activities Slight difficulty  Slight difficulty  

You feel you have no control over your day-to-
day life 

Never   Sometimes  

You have trouble concentrating/thinking clearly Only occasionally   Only occasionally  

You feel anxious Sometimes   Often  

You feel sad/depressed Often   Only occasionally  

You feel lonely Only occasionally   Only occasionally  

You feel unsupported by people Only occasionally   Sometimes  

You have problems with your sleep Only occasionally   Only occasionally  

You feel exhausted Only occasionally   Never  

You have physical pain Moderate physical pain   
Moderate physical pain  

You will live in the health state for 4 years and then I die  5 years and then I die 

Which would you choose? 
Life A or Life B 

  
 

Yellow highlight 

Labels 

used and 

with 

subjects 

in each 

attribute. 

Centralized 

table design 

Duration attribute at the 

bottom 

 

With order 

fixed and 

grouped 

together 

across 

similar 

domains 

Suggested wording: Which would you choose?  

Life A or Life B 

Question at the bottom to help them know what to do with additional instructions at the top/outset for initial DCE tasks. 
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Â Presentation format 

The presentation format discussion focused on comparing partial profiles and full profile with 

overlapping.  

When asked about the DCE design, every participant mentioned efficient design as 

ñunderstandable.ò The potential advantage with partial design methods FIFO and pivot 

designs was considered as lower cognitive burden and evaluating the information in a more 

detailed way. This would enable higher participation rate. The negative comments were that 

partial profiles were misleading and strange, as the separate questions were difficult to 

evaluate as a single life:  

ó(the partial designs) éé. does not fit the purpose as well as the other one. The two designs 

are like three different incomplete lives, which is less like real life (Focus group 3, P8) .ô 

Another related theme was the duration and dead state information understanding. This 

discussion was presented with two efficient designs, one with duration attribute and the other 

with a third dead state. Some participants agreed that the DCE with duration was easier to 

understand and more comfortable.  

óIf Iôm given a timescale or just being dead, timescale would work for me (Focus group 2, P5).ô 

Participants detailed the reasons of dislike such as religious belief and hard question with 

three states, and hardness to compare some possible state with the ultimate result dead. 

Other participants who supported the DCE with death stated that the duration brought more 

randomness:  

ñé. I agree I think itôs very difficult to answer. I mean, you literally could go and tick some in 

boxes and still not come up with an answer (Focus group 1, P4) .ò 

 There was no strong evidence support the exclusion of paired or triplet design. Both DCE with 

duration and design with dead state were practical and understandable with the 13 health and 

wellbeing attributes. However, a combined version with varied duration and triplet choice set 

was considered as too complicated.  
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Â Attribute and levels 

Participants discussed the preferred and dislike attribute and level information presentation. 

Design with attribute label, short levels, centre layout, varied attributes highlighted, and 

instructions at the bottom of the choice set, was preferred. Participants indicated that the short 

label was a respondent-friendly design to grab the key information. A centralized information 

layout, with cell borders, was suggested. Highlighting the varied part of information helped the 

ñDifference and important parts jump out (Focus group 1, P2).ò  

The grey and traffic-lighting highlighting were not preferred. Participants supported presenting 

the question only one time at the bottom, some agreed that this made them know what to do 

fast:   

ñI think youôre not gonna move on to the next page until youôve ticked one of those boxes, so 

you know that itôs something that youôve got to do. é. otherwise, you just going down a list 

and maybe the last thing you read is moderate physical painô (Focus group 4, P9).ò 

Â Question wording 

A full information presentation, including clear labels and a table format with highlighted 

differences, was favoured. Wording the question as second person pronoun, for example, 

"Your health" or ñYou preferò, captured individual preferences based on current information. 

Participants explained the reason:  

óI feel less confident in making decision with for other peopleô (Focus group 2, P6)ô 

 "Which is better" encouraged respondents to think more about health impact (Table 12). When 

asked any confusing wording with DCE questions and instructions, almost all participants 

supported adding instruction information that they could not return to previous questions. 

Participants should be made aware that the health state comparison was about preference 

rather than logical thinking. A statement saying ñthere was no right or wrongò would be helpful. 

Emphasizing important parts of the instruction and advising to have a pen ready for trade-offs 

were also mentioned, that respondents believed making notes were reading habits for some 

senior citizens.  
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Table 12  DCE design and presentation preference 

  

Factor 

Reason for 
Counts

2 
Reason against Counts2 

Outcome4 

General 

Presentatio

n1 

Question number Â Maximum question number is 20     ã 

Information order 

Â Prefer fundamental health attributes first 

(Focus group 1, P2) 

Â Prefer group together: óit makes it easier 

because you, youôre thinking about similar 

thingsô (Focus group 4, P10) 

Â Prefer fixed order: óI would somehow argue 

though if you keep all of information order in a 

fixed patternô (Focus group 4, P9) 

 

Â óNot influence because itôs not a long enough 

list to get tired of reading itô (Focus group 1, 

P3) 

Â Not prefer group together: óI felt é being 

manipulated a little bit for me, think I cannot 

not think of other scenariosô (Focus group 4, 

P11) 

Â Prefer changed order: óif you have a different 

order that actually make people read it more 

carefully and think about it more carefullyô 

(Focus group 4, P9) 

 

ã 

Survey instruction 

Â State the meaning of highlight: óI mean it 

sounds obvious but when you sit down to do a 

survey youôve got to take in so much information 

and you donôt want to spend too long reasoningô 

(Focus group 4, P11) 

   

ã 

Information 

presentatio

n 

óTell us which 

description you 

would prefer to live 

inô 

Â More confident in decision: óI feel less 

confident in making decision with for other 

peopleô (Focus group 3, P8) 

Â Fulfill the respondentôs expectation: óAlign 

with what I expect to doô (Focus group 2, P4) 

6 

Â Other question wording options: óSuggest 

imagine someone will live in life X for n years 

with durationô (Focus group 2, P6) 

Â óWhich would you choose, life A or B is betterô 

(Focus group 4, P9)?  

Â óSaying óôthink about your life and you had to 

live that life, which one would you preferóô 

ó(Focus group 3, P8).  

7  

Question position Â Know what to do faster: óI think youôre not 3 Â More obvious than the bottom: óobviously at 2  
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at bottom gonna move on to the next page until youôve 

ticked one of those boxes, so you know that itôs 

something that youôve got to do. é. otherwise, 

you just going down a list and maybe the last 

thing you read is moderate physical painô (Focus 

group 4, P9). 

the top it really stands outô (Focus group 4, 

P10). 

Short label used to 

describe the 

attribute 

Â Respondent-friendly design: óEasier to see 

things when the alignment was in the middleô 

(Focus group 1, P4). 

Â Have subject in label: óitôs not a massive 

difference whether itôs you or I, both preferable 

to just the verb, cos that kind of disassociatesô 

(Focus group 4, P9) 

5 

Â Some labels are confusing: óJust saw 

mobility and daily activity and control might not 

be 100% clearô (Focus group 1, P4). 

3 ã 

Long sentence 

used to describe 

the level in each 

attribute in each 

option5 

Â Understanding better: ómakes more sense and 

gives more contextô (Focus group 3, P8) 

Â (For double negative) has the full sentence next 

to it makes it clear (Focus group 3, P7) 

3 

Â Too many words: óDifficult to read and adding 

potentially unnecessary layerô (Focus group 1, 

P2) 

3  

Table 

Â Reader-friendly design: óClearer about which 

label goes with which thingô (Focus group 3, P8). 

Â Centralize the information: óHave everything 

centralised in the lineô (Focus group 3, P7). 

7 
Â Misleading: óLook like go out to the 

categoriesô (Focus group 3, P8). 
1 ã 

Level bolding Â óBetter than underlineô (Focus group 2, P6). 2 ó(Underline) good if with tableô (Focus group 1, P3) 1 ã 

(Yellow) 

Highlighting 

Â Grab the different parts fast: óDifference and 

important parts jump outô (Focus group 1, P2). 

Â Grey is less preferred: ómore difficult and 

having to concentrateô (Focus group 1, P2). 

7 
Â Yellow is less preferred: shouty in my face 

and hurts my eyes (Focus group 2, P5). 
1 ã 

Traffic light 

Â Severity distinguished: óthe severity goes from 

pale to dark and easier to look at and decision 

easier '(Focus group 2, P5). 

3 

Â Unclear gradient of colour: óharder to 

distinguish the gradient of colour and not 

enough difference between the coloursô (Focus 

group 2, P5). 

Â Strange design: ócolour palette like websites 

6  
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back in the day that not fully doneô (Focus 

group 3, P8). 

DCE design 

FIFO design 
Â Less information to read: ósimple and easierô 

(Focus group 1, P1). 
2 

Â Confusing design: óItôs confusing and those 

sections almost have no relevanceô (Focus 

group 1, P3). 

Â Misleading: óDoes not fit the purpose as well 

as the other oneô (Focus group 3, P8). 

7  

Pivot design 

Â Consider information in detail: óGet down to 

detail on certain elements and separate the 

different partsô (Focus group 2, P5). 

Â Lower cognitive burden: óless factors it makes 

it a lot quicker decisionô (Focus group 3, P8). 

4 

Â More information considered overall: ónot 

narrowing down whatôs important to meô 

(Focus group 1, P4). 

Â Strange design: ólike three different 

incomplete lives, which is less like real lifeô 

(Focus group 3, P8). 

7  

Anchoring 

Â Easier to understand with duration: óIf Iôm 

given a timescale or just being dead, timescale 

would work for meô (Focus group 2, P5). 

Â ó(triplet) very hard question to answer and leads 

to random answerô (Focus group 3, P8). 

Â ó(triplet) unless in that situation, find it very hard 

to compare with deathô (Focus group 1, P2). 

Â More comfortable question with duration: 

ó(triplet) uncomfortable judging whether they 

should be dead or alive, and it is very privateô 

(Focus group 1, P4). 

Â ó(triplet) taking people on an uncomfortable 

journey of thinking about it. Want think positive 

'(Focus group 1, P2). 

Â ó(triplet) religious beliefs affectsô (Focus group 1, 

P4). 

Â More realistic question with duration: ó(triplet) 

unrealistic, as you wouldnôt compare the health 

state to death directlyô (Focus group 2, P6). 

10 

Â Anchoring should not be included: óDonôt 

really like considering death and life 

expectancyô (Focus group 1, P2) 

Â No need for duration information with 

triplet design: óapproaching it without having 

had all this background and help throughô 

(Focus group 4, P10) 

Â Prefer anchoring with both duration and 

dead state: óéset one duration at the 

beginning rather than putting different 

durations in different questions.ô (Focus group 

4, P9)  

2 ã 
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Duration at bottom 

Â Less confusing: óLess shock in the health 

questionô (Focus group 3/4, P8/P11). 

Â Health first satisfy the expectation: óFeel like 

where it should goô (Focus group 3, P8). 

Â óHave chance to think health firstô (general) 

Â óThink about different life moreô (Focus group 1, 

P4). 

5 
Â Consider time first better: óFirst is better for 

considering first'(general). 
2 ã 

1. The general presentation questions were asked only in focus group 4. No counting reported here.  

2. The counts column presents how many times one certain theme mentioned and is a way of demonstrating how commonly this was raised. 

3. Quotes of respondents are given with quote marks and the boldened words are paraphrases. 

4. The óoutcomeô column shows the outcome following review across the focus groups. A óãô means most of the participants (60% or above among all focus 

groups) agree and this format has been accepted for the final design.  

5. The long level is to describe the health problem with a long sentence without a label for the first column. More information about the labels can be found in 

the Table 2 footnote. See Appendix B for the focus group topic guide.  
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5.3.6 Other suggestions 

Â Number of Choice sets 

The discussion started with asking whether completed 12 tasks was feasible, and all of the 

participants agreed that 12-20 tasks could be finished in the 30 minutes. However, 

respondents also mentioned that the acceptable number and expected time depended on the 

decision strategy employed: 

ñI can take 14 questions, but not all, I, I looked at the majority of Life A to tick, to tick it. This 

one (pivot), I was imagine- I was able to mix and match. So I could take a part of it from here, 

a part from here, a part from here. When you look at the first one, itôs, itôs either set A or set B 

(Focus group 2, P5).ò 

Â Understanding and cognitive burden 

Thirteen HWB attributes were acceptable and reasonable for the respondents to complete the 

DCE questions. The first reason was that the DCE scenarios were considered to describe 

overall health, where no attribute was unexpected. The second reason was that the 

respondents already had an expectation of facing a large amount of information after reading 

the instructions:  

ñI think my thought would be that like if youôre thinking about health, like someoneôs health and 

wellbeing overall, you are gonna have to ask quite a few questions and weigh them up and 

things in your mind because thereôs a lot of different aspects to go into it, so I feel like thatôs 

fine (Focus group 3, P8).ò 

5.4 Implications for study design 

The focus group findings indicated that the respondents understood most attributes of the 

EQ-HWB and the DCE questions as expected. It provided evidence that participants could 

undertake a DCE survey to value the EQ-HWB 13 selected attributes, with an extra duration 

information or a third option dead. However, Fatigue, Loneliness and Control were less clear 

and the level 2/4 were less distinguishable. Results suggested that the FIFO and pivot design 

may not be an ideal design for valuing the health preference than efficient design. Anchoring 
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with duration or with dead health state were advocated.  

A clear observation was that respondents lack of a consistent decision strategy to consider 

all the information provided when making their decisions. It was possible that using heuristic 

decision strategies and considering information unrelated with health interfered with 

evaluating the HWB information. It might lead to biased parameter estimation and the 

appearance of false preference heterogeneity, as noted in the literatures[255, 266-270]. A 

heuristics research identified seven common heuristics in health-related DCE[270], and the 

theme revealed the presence of five of these heuristics: the choice set format, lexicographic 

preference, dominant decision-making behaviour, attribute non-attendance and level non-

attendance. This finding led to the suggestion that an appropriate data analysis method or 

follow-up question needed to collect more information about the decision strategies. 

The preference for certain DCE design and information presentation formats was a recurring 

theme throughout the focus groups. Efficient design that incorporated overlapping and 

highlighting, evidenced by the second and third discussion topic, was deemed most suitable 

for valuing the preference of EQ-HWB 13 attribute. This approach also enhanced 

comparability with other studies. Respondents viewed the FIFO and pivot design as three 

partial questions to consider separately, which was conflict with the partial design assumption 

and increased the number of questions. The paired and triplet designs were kept for future 

DCE survey. The attributes information was given in a separate label column, while the level 

information was described as short severity/frequency of imperfections (Table 11). Despite the 

conclusion with design and presentation, it was important to note that there were very few 

instances in which participants expressed clear preference to one specific anchoring methods. 

Additionally, the perceived importance of life expectancy and the imagined social factors 

influenced respondents' decisions. The 'focusing effect' with time amplified the heuristic in 

DCE decision, while an uncertain starting point led to random decision-making for some 

participants [271]. To improve the understanding of DCE choice set, the question wording 

changed from ñwhich you preferò to ñwhich would you chooseò, making respondents confident 

with choosing from their own perspective.  

In conclusion, a preferred design following the focus group evidence incorporated several key 
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features: full information presented with labels, centrally placed short levels, varied attributes 

that were highlighted and question instructions located at the bottom of the choice set. It was 

decided to not incorporate numbers reflecting the severity levels as this may cause confusion 

for some participants around how to interpret the numbers. Both paired design with extra 

duration attribute and a triplet design with dead state remained.  

5.5 Limitations 

The primary constraint for this qualitative work was small sample size, stemming from 

resource limitations and challenges in recruiting participants during national Universities 

strikes. Another limitation was the homogeneity of the participant pool: all participants were 

recruited from the University of Sheffield volunteer list. This raises concerns about the 

generalizability of the findings, especially that the future international online survey aimed to 

encompass both the UK and Australia, yet no Australian participants were involved in these 

focus groups. The possibility of desirability bias was also acknowledged, where participants 

might have provided responses they believed were desired or unproblematic, particularly in 

response to semi-structured questions[272]. In the group discussions, instances of 

disagreement fear and shifting opinions were observed, especially when respondents realized 

they were in the minority. Some respondents, i.e. the P8 from focus group 3, had a higher 

willingness to share their opinion. Their preference tended to have a higher weight in deciding 

the DCE format. 

To mitigate these limitations, deliberate efforts were made during participant recruitment to 

include individuals with lower education levels and to balance socio-demographic 

characteristics within each group. The facilitator took steps to ensure a comfortable 

environment for participants and subtly encouraged those with dissenting views to articulate 

their reasoning. Follow-up questions were crafted based on participantsô narratives, focusing 

on attitudes rather than cultural backgrounds or peer pressure, to elicit more authentic and 

diverse perspectives. 
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Chapter 6 Valuing Health and Wellbeing Using DCE: Study design 

The overall aim in the development of this feasibility valuation study was to test the 

feasibility of valuing the long measure EQ-HWB using the DCE method, and to 

compare preference influence of designs and countries. Based on qualitative evidence 

(Chapter 5), this Chapter introduced what exactly design method the valuation study 

used, what presentation format tested, and how valid results got with the given sample 

size under the limited budget.  

Secondly, extrapolating beyond the feasibility itself, this research has three core 

questions that provided insights with the data: (1) the influence of study design on 

HWB valuation results; (2) the influence of attribute order on preferences, and (3) 

whether the findings were comparable in UK and Australia. Additionally, this study 

tested the relative merits of several alternative model specifications, including the 

additive model, cross-attribute level effect (CALE) model and the rank-ordered logit 

model. 

This chapter start with clarifying the research question. Then introduced the method 

used for study design, choice set selection, survey design, surveys implementation, 

and the data analysis. To distinguish from the wording óstudy designô used in Chapters 

3 and 5, this Chapter uses ódesign formatô to represent the choice task and anchoring 

design (i.e., DCETTO and DCE-Death) options and used ódesignò to represent the DCE 

design strategy for selecting the profiles (i.e., generator design and efficient design). 

6.1 Research questions 

The order of information: does the attribute ordering of health and wellbeing affect 

choices and answering times? 

A potential methodological issue for valuing health state is the order of HWB 

dimensions presented to respondents. Dimensions can be presented in the standard 

order, consistent with the PBMs, or in a revised-order to prevent the influence of overall 
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perception of health states. Mixed evidence revealed on this topic with EQ-5D-5L 

measure[273, 274], and study reported no significant impact with QLU-C10D 

measure[275]. Compared with EQ-HWB, both EQ-5D and QLU-C10D describe health 

states with smaller number of dimensions. When using the WTP DCE design, a 

prediction is the attribute order impact the relative preference and tendency to engage 

with the given information[276]. The focus group participants reported remembering 

dimensions listed near the choice question better (See Chapter 5.3.3 for more 

information). This study compared preference elicited with DCE question in varied 

attribute order, to inform the study design and dimension randomization in future HWB 

valuation studies.  

To explore this hypothesis, the study used DCETTO with two different versions of 

attribute ordering. The first version follows a 'standard order' that aligned with the order 

of EQ-HWB, with physical health attributes being listed first. Conversely, the second 

version adopted a reversed order, with wellbeing attributes listed first, followed by 

mental health and physical health attributes.  

Duration and death anchoring comparison: do different design formats and anchoring 

methods leads to different results? 

DCE with an duration attribute (DCETTO) allows valuation study to generate anchored 

value set with DCE choice data[44]. Since Bansback et al reported this method in 2012, 

the approach gained popularity in the EQ-5D-5L and SF-6Dv2 valuations[123]. A major 

uncertainty around the episodic random utility theory (episodic RUM) DCETTO 

grounded, as discussed by many researchers, was the linear time preference 

assumption[230]. A standalone solution in the literature was to optimize the anchored 

value by design a parameter accounting for the discounted ñvalue of timeò[230], or 

consider the latent utility of death with non-linear time preference assumption[129]. 

However, these methods relied on the assumption of respondentôs preference on 

duration, potentially leading to a new type of bias. On the other hand, Brazier et al., 

reported a utility function with dead dummy following RUM[277], where no time 
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preference assumption was made. The function could be used with DCE data[4] and 

utility values were expected to be theoretically consistent with the DCETTO values[278]. 

This study used this framework for designing the DCE-Death question. 

To test the varying effects engendered by distinct anchoring methodologies, a 

structured experimental analysis was conducted, encompassing two cohorts. Each 

cohort was tasked with engaging in different design tasks to enable a distinct type of 

anchoring: with duration or death.  

Do the HWB preference differ for public samples from the UK and Australia?  

On the EQ-HWB developing stage, it was found that general public and other 

stakeholders with varied culture background held different definition and preference 

for health and wellbeing[161]. This led to a concern if the divergence on HWB definition 

led to health state preference difference. EQ-5D observed systematic difference 

between value sets in different countries, and concluded culture background was the 

main influential factor on health state distribution and the scale of disutility[279]. 

Understanding and quantifying preference difference provided valuable insights for 

study design, i.e., prior value selection with efficient design, and HTA decisions on the 

value set choose. 

While UK and Australia shared similar culture background, a similar preference on 

HWB was expected. This research would discern the variations in health preference 

among the general populations in the United Kingdom and Australia, and whether the 

preference difference influenced by design formats (DCETTO and DCE-Death).  

Model specification and preference heterogeneity with HWB measure 

This study aimed to evaluate the performance of various utility models as well as data 

analysis approaches. The evaluated utility models were additive dummy coded model 

and the cross-attribute level effects model. It provided insight into which model best 

described the preference on HWB attributes and the model consistency itself.  
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6.2 Descriptive system 

The health states were defined by 13 attributes of the EQ-HWB instrument (attribute 

selection see Chapter 4): Seeing, Hearing, Mobility, Daily activity, Control, 

Concentration/thinking clearly, Anxious, Sad/depressed, Loneliness, Support, Sleep, 

Fatigue, Pain Severity. For each attribute other than duration, five levels are used to 

describe the severity of impairment in monotonic order from óNo difficulty/None of the 

timeô (level 1) to óUnable/Most or all of the timeô (level 5). For consistency and cognitive 

burden consideration, 7 of the 13 attributes in each choice set were overlapped to have 

the same level of severity in both of the compared health states presented[202]. The 

dimensions that were differed were highlighted with a light-yellow colour. 

This study determined the duration levels by considering 1) literature review evidence, 

2) qualitative evidence, and 3) optimal and orthogonal theories. According to the review 

evidence[123], duration levels 1, 2, 4, 5, 7, and 10 years were the most widely used 

(Figure 10). However, the qualitative consultation did not support including duration 

levels with short interval, and the ñ1, 2, 4ò level combinations were rarely employed in 

other studies. The final selected duration levels were 1, 4, 5, 7, 10 years. The selected 

attributes were tested by focus group 3 and 4.  
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Figure 10 duration levels used in published literatures 

6.3 Experimental design 

As suggested by qualitative consultation and review works[129, 202], this feasibility 

study included three design formats: standard paired DCETTO, revised-order paired 

DCETTO, and triplet DCE-Death design (Table 1, Appendix C) to solve the research 

questions. The HWB attributes information in choice sets for all designs were the same 

for all three design formats. Standard and revised-order DCETTO designs incorporated 

duration attribute with levels 1, 4, 5, 7, 10 years. The triplet DCE-Death design included 

same 10-year duration attribute, and a triplet health state ñimmediate deathò.  

6.3.1 DCE Valuation task 

The standard paired DCETTO was a paired comparison between two health states, 

where respondents were asked to choose between living in health state A and B in a 

fixed number of years. All of the HWB attributes were ordered in an EQ-HWB standard 

order (Table 1a, Appendix C).  

The revised-order paired DCETTO format also presented paired choice, but the order of 

attributes was revised. The wellbeing attributes were presented first, followed by 

mental health and physical health attributes. A new attribute order was Control, 

Loneliness, Support, Concentration/thinking clearly, Anxious, Sad/depressed, Sleep, 

Fatigue, Seeing, Hearing, Mobility, Daily activity, Pain Severity and the duration 
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attribute (Table 1b, Appendix C). Information in each choice pair remained the same 

as standard paired DCETTO design.   

The triplet DCE-Death format had three alternatives in each choice task, namely Health 

state A, B and C. Choice sets were presented as a series of triplet questions, consisting 

of 10 years in hypothetical health state A, B, and Health state C as dead state. The 

triplet design used a fixed duration information to prevent any duration preference 

interaction with attribute preference. Respondents were asked to choose which of the 

three options was the best and which was the worst. Each choice task thus provided 

the full ranking information of the three health states (Table 1c, Appendix C). The DCE-

Death selections requested no time trade-offs [7, 8]. To compare with DCETTO, the 

triplet DCE-Death format did not change health and wellbeing attribute information for 

health state A and B. 

This research did not consider any exclusion or prevention of óimplausibleô level 

combinations, as the definition of implausible states were not consistent and an 

arbitrary exclusion led to inefficiency/non-orthogonality in the choice set selection[280].  

6.3.2 Choice set selection 

The 13 dimensions combined along with the duration attribute yielded over 1 billion 

health profiles, meaning it was necessary to include only a subset of profiles to include 

in the DCE. The DCE choice sets could be systematically selected using efficient 

design or generator design, as introduced in Chapter 1 and 3. Both were tested in this 

study. 

Efficient design was constructed as pairs in Ngene[281]. A ógoodô design provided the 

most significant amount of information with fixed number of choice sets[282]. The 

efficient design, with the criteria of lowest  D-error[283], built using two prior 

assumptions: non-informative prior with nature order (i.e. this study assume the 

attribute levels had a nature order of coefficients, from 0.001 to 0.004, as we did not 

have estimates for all of the coefficients from previous studies), and average value for 

the 4 added attributes+9 UK pilot valuation coefficients. The experiment was designed 
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separately for paired and triplet comparison. The paired comparison experiments, with 

the duration attribute, was designed to allow estimates of main effects and two-factor 

interactions between each dummy-coded attribute level and the linear duration term, 

allowing collective estimation of main effects utility algorithm[44]. The triplet 

comparison experiments, with duration attribute level of 10-years, was designed with 

only main effects.  

1,000,000 random pairs with 7 attributes overlapped were generated, as the candidate 

sets for Ngene to select the most efficient design using the modified Fedorov algorithm. 

The severity levels for each attribute were treated as categorical variable and duration 

levels as continuous variable in Ngene. A WTP approach was used for estimating the 

partial derivative disutility of paired comparison, derived using the modified Fedorov 

algorithm[281, 284, 285]. The number of choice tasks was 240 decided by the number 

of parameters to be estimated (14Ĭ4=56)[286], the sample size this survey expected 

to have, and the review suggestions[123, 287]. With the two prior assumptions 

reported above and two choice set formats (paired and triplet), there were 4 designs 

in total.  

The generator design generated DCE design with the orthogonal array and 

generators[85, 99]. During the design stage, all attributes and levels were treated as 

dummy coded variables from 1 to the number of levels of any attribute. Then the 

orthogonal array was derived from the orthogonal list, and the generator was employed 

to produce the second option for each choice set. Unlike efficient design methods, the 

generator design did not necessitate precise prior values for error calculation. The 

generator design pairs with the HWB attributes were generated with R and 

Mathematica by Deborah Street. This design decided the number of pairs by the 

orthogonal array matrix1, blocking rule and the number of overlapped attributes. By 

relaxing the balance requirement of blocking and allowing attributes appeared together 

as varied attribute in at least one generator, a 13 attribute HWB measure with 7 varied 

 
1 see the SAS webpage http://support.sas.com/techsup/technote/ts723_Designs.txt 
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attributes needed to have 6 generators.  

Different from the efficient design, the triplet and paired formats had the same design 

with the HWB attributes in the choice sets. Generators for the HWB attributes were 

selected following criteria of information saturation level (how close it is to full factorial 

design)[85]. The duration information for paired formats was treated as a new attribute 

with 5 levels, added to the original generator by testing and comparing the efficiency 

performance of two-factor interactions[181,4,0], using a looping code in Mathematica. 

The generator design differed from the efficient design, as the efficient design allowed 

predetermined duration levels[85]. The interaction calculation and orthogonal arrays 

were influenced by the number of duration levels instead of the level itself. 600 choice 

sets were selected, with no dominated health states for the paired design and 48 were 

dominated health states for the triplet design. With the paired and triplet formats, there 

were two designs in total. 

6.3.3 Simulation and evaluation 

Simulation was conducted to test the design performance before deciding the choice 

set selection method. Simulation data were generated with two methods: either 

random answers (by MicrosoftÈ Excel órand()ô command), or use the prior information 

and normally distributed error term[167]. To keep the design and simulation process 

consistent, the efficient design prior information and information for generating 

simulation data remained the same. For the generator design, the information for 

simulation data generation was UK EQ-HWB-S valuation data for the 9 attributes + an 

average value for all other HWB attribute levels and duration. Following the random 

utility theory, the option with smaller disutility value was considered the selected option. 

The simulation data were modelled with conditional MNL model introduced by Burton 

et al.[288]. In total, eight simulation datasets (4 for efficient design and 4 for generator 

design) were created and modelled using the Stata 16 clogit command (Table 13).  

The designs were evaluated by its performance with different prior information. First, 

with random data simulation, which was not considering any prior information, the 
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outcome of the conditional logit regression was expected to be insignificant for both 

the attribute level and the model. 

Second, for the data simulation with prior information, where all of the respondents 

provided ócorrectô answers, the models should be significant, having reasonable 

standard errors (S.D.), proper level coefficients, and predicting logically consistent 

values. Considering the available UK EQ-HWB-S valuation data, this study defined a 

level coefficient absolute value larger than 0.5 as high, and 0.8 as very high. 

Additionally, an S.D. larger than 5 and 10 times the coefficient was regarded as high 

and very high. Models predicting logically inconsistent values, where the higher levels 

had a lower disutility value than the lower levels or positive disutility values, would be 

problematic. The Akaikeôs information criterion (AIC) and Schwarzôs Bayesian 

information criteria (BIC) were not considered, as the simulated observations and 

design used same amount of information[289, 290].  

The simulation analysis reported log likelihood and pseudo R-squared number to 

evaluate the model performance. Pseudo R-squared is the equivalent statistic to R-

squared statistic generated in ordinary least squares (OLS) regression that was often 

used for model goodness in logistic regressions. With the same design using a same 

amount of coefficient factors, the higher the log-likelihood value, the better a model 

explained the preference data[291]. The likelihood ratio (LR) chi-square evaluated the 

model significance. This study employed a 5% significance level for model evaluation, 

where the probability smaller than LR and pseudo R-squared value smaller or equal 

than 0.05 indicated the model was insignificant, or explained less variability than 

expected[292]. As introduced above, this research expected that the random model 

should be insignificant and explain none of the variability, while the model with 

simulation choices generated with prior values significant and explain much of the 

variability.
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Table 13 Generator and efficient design and simulation summary 

  

 

Simulation 1 

(S1) 

Simulation 2 

(S2) 

Simulation 3 

(S3) 

Simulation 4 

(S4) 

Simulation 5  

(S5) 

Simulation 6  

(S6) 

Simulation 7 

(S7) 

Simulation 8  

(S8) 

Generator design Efficient design 

Paired Triplet 

Paired Triplet 

Non-informative 

prior 

with EQ-HWB 

prior 

Non-informative 

prior 

with EQ-HWB 

prior 

Design 

summary 

DCETTO design using the 

given generator 

DCE design with the 13 

selected attributes using the 

given generator 

DCETTO design 

with standard 

order 

DCETTO design 

with EQ-HWB-S 

prior  

DCE design with 

standard order 

DCE design with 

EQ-HWB-S prior  

Pair 

number 
600 600 240 240 

Simulate 

answers 
600Ĭ150 600Ĭ150 240Ĭ250 240Ĭ250 

Selection Orthogonality and statistical saturation D-efficiency and orthogonality 

Simulation 

prior 

assumption 

Non-

informative 

prior 

EQ-HWB-S 

UK valuation 

prior + random 

value 

Non-

informative 

prior 

EQ-HWB-S 

UK valuation 

prior + 

random 

value 

Non-informative 

prior 

EQ-HWB-S UK 

valuation prior + 

random value 

Non-informative 

prior 

EQ-HWB-S UK 

valuation prior + 

random value 
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In comparison to efficient designs, generator designs emerged as a superior strategy for 

designing the EQ-HWB DCE survey (Table 14). First, in scenarios with non-informative 

priors with interaction model, both the generator design and the efficient design were 

insignificant with DCETTO. However, the efficient design with simulation 7 (S7) showed a 

significant model outcome with DCE-Death, with a chi-squred probability of 0.018 and R-

squared value of 0.1213, suggesting that in the absence of proper simulation model, 

efficient designs might overestimate choice consistency. We also observed a larger 

number of disutility levels had lower disutility than the better levels, or had positive disutility 

values, with the efficient design. With the accurate prior information, the D-efficient design 

selected choice pairs with lower error variance, anticipating responses with low variance 

or uncertainty. 

Nevertheless, deviations from this 'expected range' by respondents, or reliance on 

inaccurate prior information, could lead to model misestimation [89]. One study found that 

the complexity of choice questions in surveys led to less consistent responses from 

participants[90], which underscored the reliability of efficient design with informative priors 

from the EQ-HWB-S valuation outcome, or using a small sample pilot to update the 

efficient design for this valuation study.  

Secondly, by assessing the efficacy of both designs incorporating EQ-HWB-S UK 

valuation priors, it was expected that the efficient design, enriched with prior information, 

would outperform the generator design in terms of model fitness. It was also expect the 

outperformance should be more significant with DCE-death simulation, as the EQ-HWB-

S valuation adopted the EQ-VT valuation method[167]. However, observations deviated 

from these expectations. With the same model specification between efficient design and 

generator design, the Pseudo R-squared for two efficient designs were on the edge of 

insignificance, and the likelihood ratios were smaller than the generator design.  

Yet, it was hard to explain why the R-squared of paired efficient design with duration 

interaction performed better than that of the triplet efficient design, where the prior values 

were calculated by main effect model instead of the interaction model used in DCETTO. A 

plausible hypothesis could be the impact of the MNL regression model, where 

incorporating duration led to a proportional reduction in coefficients, inadvertently boosting 

the model fitness value. Another explanation is that the interaction utility function and main 

effect utility function had little effect on the power of prior values.  
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In summary, the simulation results demonstrated that the generator design outperformed 

the efficient design with the EQ-HWB attributes, both when prior values were included and 

when they were not. Despite the generator design's lack of reliance on prior information, 

its inherent orthogonality and equal treatment of all elements seemed to enhance its 

capacity to predict main effects or interaction effects with duration[92]. Given the 

uncertainties associated with prior values, particularly due to the discrepancies between 

EQ-HWB-S and EQ-HWB attributes included, the generator design emerged as the 

preferred choice.   

This study uses a generator design for both paired (DCETTO) and triplet (DCE-death) 

designs to select 600 choice sets per task design, with the method introduced in Section 

6.3.2. 
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Table 14 generator and efficient design and simulation summary 

 
S1 S2 S3 S4 S5 S6 S7 S8 

Design type Generator design Efficient design 

DCE format DCETTO DCETTO DCE-death DCE-death DCETTO DCETTO DCE-death DCE-death 

Number of 

insignificant 

attribute level 

49 1 51 3 52 7 43 12 

Number of 

logical 

inconsistent 

attribute level 

2 1 0 1 0 0 5 10 

Number of high 

coefficients 
NA 0 NA 5 NA 1 NA 2 

Number of high 

S.D. 
NA 0 NA 0 NA 3 NA 1 

Likelihood ratio -58809.2 -2087.28 -35303.1 -30295.5 -58821.3 -48612.2 -2730.47 -2055.06 

Prob > chi2 0.117 <0.001 0.995 <0.001 0.878 <0.001 0.018 <0.001 

Pseudo R-

squared 
<0.001 0.961 <0.001 0.133 <0.001 0.087 0.121 0.145 

Performance fit fit fit fit fit fit Not fit fit 

 

  



124 

 

6.3.4 Blocking 

As noted in Chapter 3, there were different options for selecting the choice sets that each 

participant answers, and a balance of attribute levels were always considered. This study 

implemented a BIBD within the generator design framework in selecting the choice sets, 

achieved by originating the generators from a BIBD structure in R. BIBD was considered 

on the design stage that if the BIBD had each pair of attributes appear together as non-

zero entries in at least one generator, six generators were required (as the minimum 

number of generator). Ideally, the same number of choice sets were selected from each 

generator to form balanced blocks. Therefore, the decision was made to select 2 choice 

sets from each generator (2Ĭ6=12 choice sets for each block, 50 blocks in total), creating 

near-BIBD blocks for respondents. Several methods were considered for this selection 

process, including looping through code to allocate 2 choice sets from each generator until 

full distribution across 100 blocks, and starting the allocation process from specific number 

for 50 blocks. Systematic trials led to the identification of optimal starting points for each 

generator: 34, 28 (generator 1), 97, 1 (generator 2), 19, 55 (generator 3), 21, 46 (generator 

4), 22, 10 (generator 5), and 76, 37 (generator 6).  

The balanced blocking process resulted in 50 blocks, each with 12 choice sets, with or 

without dominated choice set. One extra choice set, from the 600 generator design pairs, 

was added to each of the 50 blocks to ensure each block had at least one dominated 

choice set, and the attribute levels were more balanced. As a result, each block had 13 

tasks, where 12 choice sets were non-dominated, and one choice set was dominated (i.e. 

for every attribute had a level that was at least as good as the other profile). After the 

adjustment, each block had 13 choice sets and the level was balanced.  

To evaluate the efficacy of each blocking design, statistical simulation tests and balance 

checks were conducted. Balance checks further scrutinized level distribution and 

representation within the choice sets. The final design comprised balanced blocks for both 

paired and triplet choices, consisting of 12 undominated and 1 dominated choice set 

presented in random order. Each block had no attribute level appeared more than 85 times 

and no less than 60 times (each block should have 13Ĭ2Ĭ13=338 piece of level 

information, equals to 338õ5=67.6 on average), allowing for comprehensive attribute level 

evaluation by each respondent. 82% of all blocks had a balanced level distribution. 

Blocking was completed separately for DCETTO and DCE-death designs. The design and 

the blocks were not updated after the pilot survey.  
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6.4 Survey design 

The survey was administrated online. It began with an information sheet about the survey, 

followed by digital informed consent page. The survey had 4 parts: first, respondents 

completed demographic characteristics questions, health questions about 

disability/activity limitations and general health, and one repeated employment status 

question to check the data quality. The wording of questions for education level, income 

level, and ethnic groups were different for the two countries in accordance with the official 

classification. Respondents also completed the QoL (13 EQ-HWB attribute) questions, 

with all of the attributes were presented in the EQ-HWB measure standard order (See 

Appendix C).  

Second, respondents were randomly allocated to one of the three DCE study arms until 

the target sample size was saturated and quota control satisfied for that arm. Respondents 

were shown instructions about the task and one practice DCE question that explained the 

question and gave feedback about their choice, enabling the respondents to confirm their 

paired/triplet comparison choice(s) or complete the practice question again. Respondents 

then completed the 13 DCE tasks in a random order (See Table 1, Appendix C).   

Subsequently, respondents were asked a series of follow-up questions designed to delve 

their decision strategy, attribute importance questions, time preference questions and the 

death relative preference questions for triplet comparison samples. For the decision 

strategy question, respondents were asked about their consideration of specific attributes 

and how they made DCE choices. This aimed to uncover the cognitive strategies and 

value systems that participants employed when making their DCE choices. Next, the 

attribute importance question sought to identify the attributes that participants regarded as 

most crucial in their evaluations. The time preference question was adapted from the 

existing health economics literature on time preference, specifically designed to gauge 

their personal time preference on health[293]. For the DCE-Death respondents who never 

selected any health state as WTD, a specific death relative preference question was posed. 

This question sought to understand the reasons behind their reluctance to categorize any 

of the presented states as WTD.  

Finally, 5 multiple choice questions about how difficult the DCE tasks were to understand 

and answer, and whether the amount of information was proper for completing the tasks, 

were included along with a text question to understand respondentsô opinion on the survey 
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and the content in general. Appendix C is the full survey questionnaire.  

6.5 Selecting and recruiting the sample  

Respondents were recruited using an existing online panel from a market research agency 

(the SurveyEngine GmbH Company) in both UK and Australia. The study aimed to recruit 

2000 respondents in each country. The full samples were distributed into the three designs. 

The standard paired DCETTO format and revised-order paired DCETTO format had 600 

participants, while the  triplet DCE-Death format had 750 participants. A comprehensive 

summary of sample quotas for each design format can be seen in Figure 11.  

Figure 11 sample in each country for each design format 

 

Studies suggested that lower education levels can influence subjective feelings on DCE 

and understanding with EQ-HWB terms[294, 295]. Age was a significant factor in 

predicting their endurance for care[161, 296, 297], and gender was controlled in the 

majority of DCE studies[123]. The respondents were targeted to be representative in terms 

of age, gender, and education levels, with national census data from UK Office for National 

Statistics (ONS)[298], Australian Institute of Health and Welfare (AIHW)[299] and 

Australian Bureau of Statistics (ABS)[300-302] (Table 14). A tolerance of 5% variance was 

permitted for each group. A small incentive was provided if respondents completed the full 

requirements of the survey and passed the data quality check.  
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Table 14 Survey sample quota 

 UK Australia 

Group Proportion Adjusted Group Proportion Adjusted 

Age 

18-24 17% 16% 18-24 15% 15% 

25-34 17.10% 16.10% 25-34 17.43% 17.43% 

35-44 16.40% 15.40% 35-44 16.78% 16.78% 

45-54 16.80% 15.30% 45-54 15.60% 15.60% 

55-64 15.90% 14.40% 55-64 14.50% 14.50% 

65+ 23.30% 22.30% 65+ 21.10% 21.10% 

Gender 
Male 49% 49% Male 49% 49% 

Female 51% 51% Female 51% 51% 

Education 
level 

Primary school  27.80% NA1 
Year 11 and 
below 

27.33% 7.30% 

Secondary school 
up to 16 years 

13.40% 21.00% Year 12 16.30% 20.30% 

Higher or secondary 
or further education 
(A-levels, BTEC, 

etc.)  

22.20% 29.20% Certificate 17.60% 21.60% 

College or university 
or professional 
qualification 

22% 30% Diploma 10% 14.20% 

Post-graduate 
degree 

11.80% 19.80% 
Bachelor 

18.90% 22.90% 

   Post-graduate 9.70% 13.70% 
Note: the ñProportionò column indicates the national survey target population proportion. However, due to the 
characteristics of online DCE survey and the practical difficulty, people with Primary school/Year 11 and below 
education is hard to reach. An adjustment to the survey quota was implemented after discussing with the 
SurveyEngine. The ñAdjustedò column reported the real survey quota for each group after adjustment.  
1. The UK education policy request a compulsory education includes about 12 years until the age of 16. 
Respondents with primary education are hard to recruit and violate the policy. This research excluded these 
respondents. More can be found on.  
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/219167/v
01-2012ukes.pdf  

6.6 Piloting  

The initial pilot launch recruited 50 individuals from each country (in total: 100) with the 

standard-order DCETTO and DCE-Death designs. Each design collected 25 respondents 

with no restrictions on the participant social-demographic characteristics. The UK pilot 

outcome was finished in December 2023, with all of the comparison data regressed using 

the conditional logit model to check the model significance. The proportion of respondents 

who reported difficulty on understanding the question and unconfident with their 

respondents were checked. The text feedback reporting any interpretation issues were 

summarized. The Australia pilot survey finished in March 2024 with the same analysis 

process conducted. The pilot did not reveal any major issues for revising the design and 

https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/219167/v01-2012ukes.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/219167/v01-2012ukes.pdf
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choice set format.  

6.7 Ethics approval 

Ethics approval to conduct this research was granted by the University of Sheffield 

Population Health Ethics Panel (approval number: 051907) in the UK and Curtin University 

Human Research Ethics Office (approval number: HRE2024-0055) in Australia.  

6.8 Data analysis 

6.8.1 Data quality check  

A data quality check was conducted by reviewing the repeated employment status 

question and the time used, to exclude those with inconsistent answer for the repeated 

question. Respondent IP was checked by the SurveyEngine and Haode Wang for 

excluding repeated answers or fraudulent data.  

Further data quality assessments were performed for each cohort to check: 

¶ Text feedback: all participant text comments were reviewed to categorize attitudes 

as negative (0), positive (1), or neutral (2), and the quantity of negative feedback 

was tallied.  

¶ Survey time: responses with survey completion times under 10 minutes or any 

DCE question response times below 10 seconds were flagged.  

¶ Left-right check: respondents who always chose left or right health state (cohort 

1,2 and 3), or the middle health state as best/worst (cohort 3). 

¶  Decision strategy and non-WTD check: the reason of respondents choosing death 

as the worst health state for all of the questions, and the proportion of these 

respondents were reported. 

Note that these checks did not exclude any respondent (including the speeders), as it was 

hard to distinguish those with low data quality and true preference, but to report the general 

performance of respondents 

6.8.2 Modelling with additive utility model 

All of the data were analysed separately by design. DCETTO data was analysed using the 

conditional logit fixed effect model. The conditional logit model assumed that all of the 
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participants hold the same preference and each of the DCE choice was independent. For 

the standard-order paired DCETTO and revised-order paired DCETTO designs, an additive 

utility function with both time and EQ-HWB attribute levels was analysed consistently with 

the QALY approach[283]. The utility of the respondent i for the health state j in the choice 

task t is specified as[44]: 

 5  ‍ὸ ‍ὢ ὸ ‐                                                                         Formula (2)   

where the 5  represents the utility of individual i for the health state j, of which the order 

and health state presented does not influence the utility of j. ‐ represents the error term 

following the independent and identically distributed random variables (i.i.d) characteristic, 

‍ and ‍ represent the coefficients for the duration in life years t and the coefficients on 

the 52 dummy-coded severity levelsĬduration, with level 1 (the best health attribute level) 

as the baseline. The ‍ represents the value respondent i assigns to living in perfect health 

for 1 year. The regression coefficients are latent values of each level interacted with 

duration, which have no utility interpretation.  

Incorporating anchoring of latent coefficients with the structuring of choice tasks is a pivotal 

aspect of the study since the coefficients must be anchored on a QALY scale. The 

approach this study took here was attribute level coefficients differentiated with respect to 

coefficient of time. The anchored disutility ‍ of each level was:  

‍
‍ς
ᴂ

‍ρ
                                                                                                          Formula (8) 

The DCETTO did not need explicit preference between health states and being dead, but a 

health state utility smaller than 0, achieved by using the function (9), was considered as 

WTD.  

 ‍ ‍ὢ ‐                                                                                      Formula (9) 

The DCE-Death data were modelled using the conditional logit fixed effect model, mixed 

logit models and rank-ordered logit models. In theory, the rank-ordered model can be used 

to analyse the preference over a number of scenarios, with full ranking or partial ranking 

records[303]. A foundation for decomposing the triplet ranks to a series of paired 

comparison was proved by Craig, Buschbacher, and Salomon[304]. For the conditional 

logit model, the DCE-Death data was decomposed into three paired comparisons similar 
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to the DCE with duration. With the rank-order logit model, the full ranking of three health 

states can be pooled into the model for a complete ranking analysis. The hypothetical 

states were agreed with either the episodic or instant RUMs, as example within the UK 

MVH-protocol[278]. The utility function with both episodic and instant RUMs are: 

5
‘ὸ ‐                                                    ὉὴὭίέὨὭὧ ὙὟὓ

‘ ‐ ὸ ‘ὸ ‐ὸ                        Ὅὲίὸὥὲὸ ὙὟὓ   
                              Formula (10) 

Where 5  is the total QALY in 10 years, ‘ is the state utility with a given HWB state, ὸ 

is the 10-year time and ‐ is error term. Taking the conclusion to logit model, under the 

linear time preference assumption with both utility and error term, function (11) had equal 

error term ‐ὸ ‐. We have the episodic RUM and instant RUM equal on a 10-year 

basis:  

‘ὸ ‐ ‘ὸ ‐ὸ                                                                                       Formula (11) 

Thus, it is possible to calculate the HWB health state utility 5  with instant RUM. The utility 

of the respondent i for the health state j in the choice task T is specified as[87]: 

5  ‍ Ὀ ‍ ὢ ‐                                                                             Formula (12)  

where  5 , ‐, holds the same meaning but ‍  is the coefficient for the state of dead and 

‍   is the main effect of 52 dummy-coded severity levels. When Ὀ =0, ‍   will not 

influence the units of interval attribute scales. The coefficients generated using Formula 

(12) is relative preference values not on a QALY scale. This research borrows a method 

from DCETTO[44], determining the relative value (distance) of non-dead health state 

attributes to death. The coefficients for each level ‍  are divided by the coefficient for 

dead dummy ‍ , to get the disutility of each level on QALY scale ‍  (Formula 13). As 

‍  and ‍  are negative disutility values, the differentiation is the magnitude of coefficient 

contribution. 

5  
ȿ ȿ

=1+‍   

‍
ȿ ȿ
                                                                                                         Formula (13)    

The regression function assumed each parameter independently followed a normal 

distribution, as suggested by similar study[202]. The standard errors were calculated using 
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the Delta method with the Stata command nlcom. The regression outcomes reported in 

the following chapters, for the attribute levels, were anchored results. All of the results 

were not regressed with consistent model, where positive disutility, insignificant levels and 

non-monotonicity (where the higher levels had a lower disutility value than the lower levels) 

kept. Model performance was evaluated by the log-likelihood value, Pseudo R-squared 

statistics, AIC and BIC, as well as the inconsistent and insignificant coefficients[305].  All 

of the data analysis were completed in Stata version 17. 

6.8.3 Models 

A number of different models were estimated using data from each country: 

Model 1 included all of the data from standard-order DCETTO cohort. The data was 

modelled with all of the level coefficients were dummy coded except the duration 

attribute. The independent terms were interaction terms consisting of duration and 

attribute level variables. This model is to generate a preference data for the first cohort. 

No preference heterogeneity considered. The utility function follows function (1). 

Model 2 included all of the data from revised-order DCETTO cohort. Analysis was similar 

with Model 1. 

Model 3 included all of the data from DCE-Death cohort. Each line of triplet comparison 

data was decomposed into three separate paired comparison replies, where the best 

health state was selected comparing with the rest two health states, and the worst health 

state was not selected comparing with the middle health state. The data was modelled 

with all of the level coefficients were dummy coded, including the death dummy 

representing the dead state. The utility function follows function (6). 

Model 4 included all of the data from DCE-Death cohort. The data was modelled with the 

rank order logit model, with all of the level coefficients were dummy coded, including the 

death dummy representing the dead state. The utility function follows function (6).  

6.8.4 Model performance and feasibility 

The model reported the log likelihood statistic of the final logit regression model. The 

probability of likelihood ratio chi-square statistics (P-value) was used to evaluate the model 

significance. The pseudo R-square value, where measured the proportion of variance 

attribute to the predictors, was regarded as equivalent to the R-square in ordinary least 

square estimation[306]. A higher pseudo R-square value indicated better ñgoodness-to-fitò 
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for predicting the preference decisions.  

The feasibility of each design strategy was compared and evaluated by the model 

significance first. A full feasibility was assessed using the proportion of left-right 

preferences, data quality, respondent understanding, response time, decision strategies, 

and feedback. This study intends to shed light on the importance of DCE task design and 

the feasibility comparison focuses on standard order DCETTO and DCEdeath.  

6.8.5 Order effect, design effect and country-level difference 

The hypothesis that DCE preference algorithms tended to be influenced by order of 

information, design of choice set, and population were tested by comparing the values 

between analysis. To determine how the preference differ from each other, several key 

characteristics of the anchored coefficient were reported, including the number of logically 

inconsistent (non-monotonic and positive disutility) and insignificant attribute levels, the 

proportion of WTD health states, the location of the benchmark states (2222222222222, 

3333333333333, 444444444444, worst state) on the value set scale[279], relative 

importance of health and wellbeing attributes, marginal effect of moving from one severity 

level to another, consistency of stated and regressed preference, coefficient difference 

significance, variance analysis and the health state value comparison.  

A larger number of logically inconsistent and/or insignificant attribute level might be 

result of attribute wording, data quality and model performance. These numbers were 

compared between the three designs for each country. The attribute levels with 

significant but logically inconsistent anchored value demonstrated an understanding 

issue with the attribute level [124]. The regression outcome with smaller number of 

significant but logically inconsistent anchored coefficient was preferred.  

The WTD proportion was assessed by conducting five million Monte Carlo simulations 

for each group. It was important to remember that the Monte Carlo simulated WTD 

proportion was different from listing all of the possible health states. However, the large 

number of possible EQ-HWB attribute combinations (513) prevented implementation of 

exhaustive method with any software package.  

Differences in benchmark states between designs and countries were inspected by 

calculating the health state values for each design. A scale length was calculated by 

subtracting the worst state value from the perfect state value[279].  
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The relative importance of health and wellbeing attributes was evaluated by comparing 

the worst level disutility of physical attributes (Sleep, Fatigue, Seeing, Hearing, Mobility, 

Daily activity, Pain Severity) with wellbeing and mental health attributes (Control, 

Loneliness, Support, Concentration/thinking clearly, Anxious, Sad/depressed). The 

stated preference ranking and regressed attribute relative importance (by the attribute 

maximum value decrement) ranking were plotted and compared graphically.  

The order effect comparison drew conclusion by comparing Model 1 and Model 2 

attribute level significance, attributes preference order, relative preference between HWB 

attributes and the distribution of utility. This study conducted Wald test with all of the 

negative coefficients to test the significance of order effect (Model 1 and Model 2 results 

in each country) preference difference. The test was conducted with a null hypothesis 

that a particular pair of coefficients were equal, and calculated the weighed distance of 

two coefficients[307]. The P value was the probability that the null hypothesis was true, 

with a threshold of 0.05 and 0.1 to determine if the difference was significant. The 

difference was significant if the P value is smaller than the critical value.  

A pooled conditional regression included all of the data from standard paired DCETTO 

and revised-order paired DCETTO cohorts was conducted. The data was modelled with all 

of the level coefficients were dummy coded except the duration attribute. The attribute 

order dummy ὕὶὨὩὶ was coded as 0 if the choice set was in standard order, and 1 if it 

was in revised order. The utility function was as below.  

5  ‍ὸ ‍ὸ ὕὶὨὩὶ‍ὢ ὸ ‍ὢ ὸ ὕὶὨὩὶ‐            Formula (14) 

A significant order effect term ‍ὸ ὕὶὨὩὶ revealed that respondents had varied 

preference with the attribute level.  

The design effect compared Model 1 and Model 3 (standard order DCETTO regression 

and DCE-Death regression outcomes) anchored results. As the log likelihood ratio and 

Pseudo R-squared values are not comparable, the design effect compared number of 

non-monotonic or/and insignificant attribute levels, stated and regressed preference 

consistency, the distribution of utility values and the proportion of health states WTD.  

Data quality was assessed by analyzing responses to dominated choice sets and 

consistency with the quality control question. Given the greater complexity of DCEdeath 
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tasks, we anticipated longer response times and a higher proportion of reported 

understanding issues.  

The modelled health state value distribution was analyzed to characterize value sets, 

including the proportion of WTD states and the overall range of values[25]. Due to the 

extensive number of possible HWB state combinations (513), we employed a Monte 

Carlo method with 108 simulations per design to estimate WTD proportions[26]. Utility 

values for a subset of states used in the valuation survey were calculated by mode and 

visualized. Health state values were compared using the ANOVA test, intraclass 

correlation coefficient (ICC) and Pearsonôs correlation to test if the paired values were 

significantly different and whether they changes with the same trend[17, 27]. Additionally, 

Wald tests were conducted to compare disutilities between levels 3 and 5, out of the 

consideration that the first disutility levels were expected to have positive disutility value 

and large proportion of non-monotonicity.    

In sensitivity analyses, we excluded DCEdeath respondents who did not classify any 

health state as WTD, and used this subset to generate value sets and calculate the 

WTD proportion, with comparisons to DCETTO values[308]. 

The comparison of preference in two countries included the examination of the 

ranking and relative importance of dimensions, relative decrements between levels, 

scale length difference and the distribution of utility, with Model 1 and Model 3 

representing the DCETTO and DCE-Death results. Unlike doing Wald test with single 

anchored disutility, the country-level comparison focused on the relative preference of 

health and wellbeing, and the distribution of health state utilities. The specific utility 

values of 240 health states, selected by D-efficient method, and the 4 benchmark health 

states (1111111111111, 2222222222222, 3333333333333 and 4444444444444) 

evaluated and compared two ways. First, the Model 1 (DCETTO) and Model 3 (DCE-

Death) health state values in each country with the two value sets were plotted and 

compared. Second, a variance analysis with 240 utility values was conducted to 

evaluate the percentage of variance explained by sample source.  

6.8.6 Modelling with CALE utility function 

This research tested nonlinear cross-attribute level effect (CALE) model, introduced with 

EQ-5D-5L TTO data[309], hereafter referred to as ñMULT16 (name the function as it had 

13 level-5 attribute terms and 3 level effects ï following the naming rule of cited journal 
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paper)ò[310].  

Unlike additive utility functions introduced in Section 7.3.1, the CALE model is a 

constrained main-effects model. It has 13 parameters are included representing the 

disutility of level 5 on each of the EQ-HWB attributes, and other three levels for each 

attribute are calculated by multiplying parameters for levels 4, 3 and 2 (ὒɹὒɹὒ), with 

the assumption that level effect across the attributes are constant[311]. In other word, by 

using the funciton ‍ ὒ  ‍ ὒ ‍ ὒ, the disutility of level 2 ï level 4 for each 

attribtue can be calculated. This constrained function relies on the assumption that the 

utility decrements for levels 2 to 4 are proportional to the level five utility decrement with 

the same parameter i.e. the proportional difference between the levels is fixed across all 

attributes but the coefficient of attribute level 5 (and hence levels 2 to 4 in proportion to 

this) varies. The DCETTO and DCE-Death had an extra term for duration main effect or 

dead dummy.  

The assumption that participantôs relative preferences on levels are independent is similar 

with the preference assumption of individual preference functions, but different from the 

assumption of additive DCE utility function[202], where the preference on each of the 

attribute level are independent of each other. The mathematical function of MULT16 is as 

follows for the DCE with duration data (more details can be found in Appendix D): 

‘ ɻ ‍ ὸ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ

‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ

‍ ὴὴ ὸ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ

‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ὸ

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ

‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ὸ

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ

‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ὸ ‭                                                                                                              

Formula (15) 

where the 5  represents the utility of individual i for the health state j, of which the order 

and health state presented did not influence the utility of j. ‭ represents the error term, 

‍  and ‍ - ‍  represent the coefficients of 13 dummy-coded level 5Ĭduration for 
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the attributes, compared to level 1 (the best health attribute level). The ὛὩὩ ὴὴ are 

the dummy-coded level 5. ὒɹὒɹὒ represents the proportional factor for level 4 to level 

2. To anchor the coefficients of level 5 onto a 0 to 1 utility scale, the coefficients are divided 

by the coefficient for dead dummy main effect ‍.  

The model specification for the DCE-Death data is: 

‘ ‍ Ὀόάάώ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ

‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ

‍ ὴὴ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ

‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ

‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ‍ ὛὩὩ

‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ

‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ‭                    Formula (16) 

where  5  , ‐ , ὒɹὒɹὒ  holds the same meaning but ‍   is the coefficient for the 

state of dead and ‍ - ‍  represent the coefficients of 13 dummy-coded level 5 main 

effect. To anchor the coefficients onto a 0 to 1 utility scale, the coefficients for each level 

‍ - ‍  are divided by the coefficient for dead dummy ‍ , which is the disutility of level 

5 anchored onto the scale.  

6.8.7 Robustness 

Robustness of the results was examined by estimating the same models excluding 

respondents who provided lower quality responses. This included: respondents who did 

not choose the dominant profile in the dominance questions; respondents who reported it 

was difficult to understand the survey (very or slight understanding issue); and 

respondents who spent time shorter than one quarter of average time on answering the 

DCE questions, including answering the practice question.  

6.8.8 Preference heterogeneity 

Analysing preference heterogeneity forms the core part of this feasibility study, which 

aimed to discern the impact of observable and unobservable preference heterogeneity. 

There was a growing number of studies accounting the preference heterogeneity in the 
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DCE data analysis[312], to provide richer implementation of the valuation preference data. 

The preference heterogeneity analysis considered the ISPOR recommended preference 

heterogeneity analysis framework[313], including explain preference heterogeneity with 

the interaction terms (i.e., interaction terms with the key personal characteristics), 

accounting for unexplained heterogeneity with continuous distribution (mixed logit 

estimation), and with latent class estimations. Due to the small sample size with each 

cohort and large number of attributes, the mixed logit estimation was infeasible. All of the 

preference heterogeneity analysis was conducted with the respondents of standard-order 

DCETTO design 

Regression with interaction terms was to include interactions between an attribute variable 

and the observed characteristic of the respondent. A significant interaction term indicated 

the preference heterogeneity existed between the known groups (Function 17). The 

‎   is the individual characteristic in each regression and the other factors are 

same as the Formula 2. 

5  ‍ὸ ‍ὸ ‎ ‍ὢ ὸ ‍ὢ ὸ ‎ ‐  Formula (17)    

A second analysis was latent class analysis, which classified respondents with similar 

decision patterns to various latent classes[267]. The utility function allowing preference 

heterogeneity was:  

5  ‍ὸ Ὂὸ ‏ ‍ὢ ὸ Ὂὢ ὸ ‏ ‐               Formula (18)   

where the Ὂ is the matrix of effect of latent class factors and ‏  is a column vector of 

the latent class factors. The other terms are the same as the Formula 2[314]. Latent class 

regression produces parameter estimations of each class and the class share of each 

class from the overall dataset. The optimum number of classes was determined using the 

Corrected AIC (CAIC) and BIC criteria, testing 2 to 10 classes for UK and Australian 

dataset separately. The class model with the lowest CAIC and BIC was preferred. 

However, the ISPOR studies did not discuss individual characteristics that should be 

included, especially examined little evidence of WTP studies. Individual characteristics   

included in this study were age (18-65 years old and 65 or above), gender (female or 

male), carer (informal carer of adult or not), cared (cared by other people or not) and health 

conditions (good health or poor health).  

6.9 Conclusion  
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This chapter outlined the methodological framework for study design and data analysis. 

By utilizing simulation data, the study selected the generator design approach to design 

the proposed DCE surveys. Compared with similar studies, the design method selection 

process was more systematic and comprehensive. Further refinement in the blocking of 

choice sets was achieved through the application of balanced approach, in the perspective 

of attribute level and information provided in each block. This systematic design was not 

only conducive to a more engaging respondent experience but also significantly improve 

the statistical efficiency. The data analysis was aligned with the study's research objectives, 

with a particular emphasis on evaluating the influential factors in a comprehensive health 

and wellbeing measure. This study design was both scientifically robust and highly 

relevant to the study's objectives. 
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Chapter 7 DCE analysis results 

This chapter reports the analysis result. The DCE survey was generally well implemented, 

and the data analysis were able to derive a consistent and meaningful result with the 

conditional logit model.  

Following the study design reported in Chapter 6, the survey was implemented with three 

designs: DCETTO with standard order of information (Design 1), DCETTO with revised-order 

of information (Design 2) and DCE-Death (Design 3). This Chapter reported general 

sample characteristics, comparison results of order of information, survey design and 

preference heterogeneity in two countries, and the CALE model regression outcome. The 

preference heterogeneity was also discussed.  

7.1 The sample 

7.1.1 The UK sample 

The demographic and health characteristics of the sample were presented in Table 15. 

The survey was completed by 2037 respondents, where 34 of them were excluded due to 

bot check or repeated IP. 2003 respondents were included in the final analysis after the 

data quality check. The sample was generally representative of UK population in age, 

gender and marital status. Approximately 60% of all respondents had a university 

equivalent degree or higher, more highly educated than the UK population. The sample 

had 56%, 21 % and 7% of respondents employed (full-time or part-time), retired or 

students, which were the three main employment status. Around 51% of respondents 

earned an income higher than the median level of UK household income2 . 24% were 

parents or guardians for child or children aged under 18. 14% were informal carers taking 

care of adult family member or friend as informal carer, while 7% were being cared by an 

informal carer.  

Samples demographic in each group was well balanced, except standard order DCETTO 

 
2 This number may be different from varied sources. This research took the value from 2023 UK 

Family Resources Survey (FRS), full report available at 

https://www.gov.uk/government/statistics/households- below- average- income- for- financial- years-

ending- 1995- to- 2023/households- below- average- income- an- analysis- of- the- uk- income-

distribution- fye- 1995- to- fye- 2023. The median household income is 32,500 per year.  

https://www.gov.uk/government/statistics/households-below-average-income-for-financial-years-ending-1995-to-2023/households-below-average-income-an-analysis-of-the-uk-income-distribution-fye-1995-to-fye-2023
https://www.gov.uk/government/statistics/households-below-average-income-for-financial-years-ending-1995-to-2023/households-below-average-income-an-analysis-of-the-uk-income-distribution-fye-1995-to-fye-2023
https://www.gov.uk/government/statistics/households-below-average-income-for-financial-years-ending-1995-to-2023/households-below-average-income-an-analysis-of-the-uk-income-distribution-fye-1995-to-fye-2023
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respondents were slightly older and had higher retirement proportion (1.5% higher than 

average). DCE-Death respondents had larger proportion (2.3% higher than average) of 

respondents with bachelor's or above education (Table 15).  
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Table 15 the descriptive characteristics of UK data 

Characteristics 

General 

population
1 

Design 12 Design 22 Design 32 Overall 

No. % No. % No. % No. % 

627  600  776  2003  

Sex          

Male 49% 306 48.80% 288 48.00% 381 49.10% 975 49.20% 

Female 51% 321 51.20% 311 51.83% 394 50.77% 1023 50.27% 

Prefer not to say  0 0 1 0.17% 1 0.12% 2 0.09% 

Age          

Ave. age 40.70 47.47  46.92  46.03  46.74  

Education          

Primary school 27.80% 3 0.48% 2 0.33% 1 0.13% 6 0.30% 

Secondary school up to 16 years 13.40% 118 18.82% 112 18.67% 137 17.65% 367 18.32% 

Higher or secondary or further 

education (A-levels, BTEC, etc.)  
22.20% 142 22.65% 149 24.83% 163 21.01% 454 22.67% 

College or university or 

professional qualification 
22% 244 38.92% 235 39.17% 326 42.01% 805 40.19% 

Post-graduate degree 11.80% 118 18.82% 99 16.50% 146 18.81% 363 18.12% 

Prefer not to say  2 0.31% 1 0.16% 5 0.64% 8 0.40% 

Marital status          

Single 34.5% 238 37.96% 208 34.67% 266 34.28% 712 35.55% 

Married/ Living with partner 50.3% 313 49.92% 340 56.67% 439 56.57% 1,092 54.52% 

Separated/ Divorced 9.1% 51 8.13% 34 5.67% 48 6.19% 133 6.64% 

Widowed 6.1% 22 3.51% 16 2.67% 21 2.71% 59 2.95% 

Prefer not to say  3 0.48% 2 0.33% 2 0.26% 7 0.35% 

Average time         

Total (seconds) 990.84  983.88  1122.45  1039.74  

S.D. 789.84  729.48  1275.48  994.18  

DCE question (seconds) 28.46  27.24  31.24  29.17  
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S.D. 39.56  28.08  32.14  33.58  

Employment         

Full-time employed or self-employed 242 38.60% 245 40.83% 342 44.07% 829 41.39% 

Part-time employed or self-employed 104 16.59% 101 16.83% 115 14.82% 320 15.98% 

Retired 143 22.81% 124 20.67% 164 21.13% 431 21.52% 

Student 39 6.22% 50 8.33% 52 6.70% 141 7.04% 

Unemployed 52 8.29% 29 4.83% 44 5.67% 125 6.24% 

Long-term sickness 21 3.35% 15 2.50% 25 3.22% 61 3.05% 

Look after family/home 20 3.19% 30 5.00% 27 3.48% 77 3.84% 

Prefer not to say 1 0.16% 1 0.17% 1 0.13% 3 0.15% 

Other 5 0.80% 5 0.83% 6 0.77% 16 0.80% 

Income level         

Up to £5,199  27 4.31% 18 3.00% 28 3.61% 73 3.64% 

£5,200 and up to £10,399  37 5.90% 24 4.00% 22 2.84% 83 4.14% 

£10,400 and up to £15,599  48 7.66% 35 5.83% 52 6.70% 135 6.74% 

£15,600 and up to £20,799  42 6.70% 50 8.33% 53 6.83% 145 7.24% 

£20,800 and up to £25,999  61 9.73% 64 10.67% 79 10.18% 204 10.18% 

£26,000 and up to £31,199  78 12.44% 75 12.50% 91 11.73% 244 12.18% 

£31,200 and up to £36,399  47 7.50% 45 7.50% 63 8.12% 155 7.74% 

£36,400 and up to £51,999  106 16.91% 120 20.00% 175 22.55% 401 20.02% 

£52,000 and above  136 21.69% 141 23.50% 171 22.04% 448 22.37% 

Prefer not to say or donôt know 45 7.18% 28 4.67% 42 5.41% 115 5.74% 

Parent guardian         

Parent or guardian for a child or children aged 

under 18 years 
137 21.85% 149 24.83% 200 25.77% 486 24.26% 

Not a parent or guardian for a child or children 

aged under 18 years 
489 77.99% 450 75.00% 575 74.10% 1,514 75.59% 

Prefer not to say  1 0.16% 1 0.17% 1 0.13% 3 0.15% 

Care status         
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Carer for an adult(s) family member or friend (not 

as a paid job) 
94 14.99% 88 14.67% 105 13.53% 287 14.33% 

Cared for by other adults (including paid carers) 

because of health or age 
45 7.18% 43 7.17% 52 6.70% 140 6.99% 

Neither of the above 479 76.40% 464 77.33% 612 78.87% 1555 77.63% 

Prefer not to say or donôt know 9 1.44% 5 0.83% 7 0.90% 21 1.05% 

Day-to-day activities limitation         

Yes, limited a lot 50 7.97% 40 6.67% 50 6.44% 140 6.99% 

Yes, limited a little 117 18.66% 127 21.17% 156 20.10% 400 19.97% 

No 455 72.57% 428 71.33% 565 72.81% 1,448 72.29% 

Prefer not to say 5 0.80% 5 0.83% 5 0.64% 15 0.75% 

General health         

Excellent 59 9.41% 71 11.83% 94 12.11% 224 11.18% 

Very good 208 33.17% 186 31.00% 229 29.51% 623 31.10% 

Good 196 31.26% 194 32.33% 278 35.82% 668 33.35% 

Fair 141 22.49% 124 20.67% 147 18.94% 412 20.57% 

Poor 23 3.67% 25 4.17% 28 3.61% 76 3.79% 
 
Notes: *9 people did not provide the sex, (and/or) education, (and/or) marital status information. 
1The general population quota see Chapter 6.5 for more detailed information. 
2Desgin 1: DCETTO design with the EQ-HWB attribute order (health first); Design 2: DCETTO design with the revised attribute order (wellbeing first); Design 3: DCE-
Death design. 
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Overall, 27% respondents self-reported limitation with day-to-day activities, and 24% 

classified them as fair or poor health. The proportion was 1% and 3% higher for the DCETTO 

groups (Table 15). The EQ-HWB (13 attributes) responses demonstrated the health 

problems encountered by the sample in the last 7 days, where over half of all respondents 

reported sleep, exhausted and tiredness, anxious, depression, and physical pain (Figure 

12). The respondents were distributed primarily across the first two severity levels of the 

physical health attributes, and the first three of the wellbeing and mental health attributes. 

No significant variance identified among the groups by conducting one-way ANOVA test, 

except with Concentration/thinking clearly and Depression attributes that had a variance 

of 5%-6% with the first two levels (Table 1, Appendix E).  

Figure 12 EQ-HWB self-report of UK respondents 

 

Note: Level 1 is No difficulty or None of the timeLevel 2 is Slight difficulty or Only occasionally; Level 3 is 

Some difficulty or Sometimes; Level 4 is A lot of difficulty or Often; Level 5 is Unable or Most or all of the time. 
Pain severity levels are No physical pain (Level 1), Mild physical pain (Level 2), Moderate physical pain (Level 
3), Severe physical pain (Level 4), Very severe (Level 5). Percentage of Level 1 is provided as an example for 
compare the ceiling effect. More details for the other percentages reported in the Table 1, Appendix E. 

7.1.2 The Australian sample 

The study recruited 2068 participants through four rounds of invitations. 49 respondents 

were excluded. Characteristics of the 2019 participants included after data quality check 

reports in Table 16. Although we sought to recruit a representative of the Australian 
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population, the included samples were older and well-educated: average age of the 

sample was 46.7 (versus average 40.7) and 44% had higher or above education (versus 

29% in the Australia general population). 46%,17% and 19% of all respondents had full-

time job, part-time job or were retired. Roughly a quarter of all the respondents were carers 

and 14% were cared for by other people. 39% of respondents earned an income higher 

than the median level3. 31% were guardians for child or children aged under 18. 24% were 

informal carers taking care of adult family members or friends as informal carer, while 14% 

were being cared by an informal carer, higher proportion than the UK sample.  

The DCE-Death group recruited more female, younger, single and well-educated 

respondents than the two DCETTO groups. The employment, income and care status were 

well-balanced (Table 16).  

  

 
3 Here we cited the government household wealth data 

https://www.abs.gov.au/statistics/economy/finance/household- income- and- wealth- australia/latest-

release  

The median income is $121,108 for the latest financial year 2019- 2020 

https://www.abs.gov.au/statistics/economy/finance/household-income-and-wealth-australia/latest-release
https://www.abs.gov.au/statistics/economy/finance/household-income-and-wealth-australia/latest-release
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Table 16 The descriptive characteristics of full Australian data 

Characteristics 

General 

population
1 

Design 12 Design 22 Design 32 Overall 

No. % No. % No. % No. % 

632  604  783  2019 100.00% 

Sex          

Male 49% 325 51.42% 308 50.99% 353 45.08% 986 48.84% 

Female 51% 306 48.42% 294 48.68% 427 54.53% 1027 50.87% 

Prefer not to say  1 0.16% 2 0.33% 3 0.38% 6 0.30% 

Age          

Ave. age 40.70 48.56  47.96  44.13  46.74  

Education          

Year 11 and below 27.33% 81 12.82% 64 10.60% 78 9.96% 223 11.05% 

Year 12 16.30% 87 13.77% 103 17.05% 122 15.58% 312 15.45% 

Certificate (any level including 

trade certificate)  
17.60% 123 19.46% 98 16.23% 119 15.20% 340 16.84% 

Diploma/ advanced diploma 10% 71 11.23% 72 11.92% 103 13.15% 246 12.18% 

Bachelors or honours degree  18.90% 181 28.64% 184 30.46% 264 33.72% 629 31.15% 

Post-graduate degree (Masters or 

Doctorate) 
9.70% 86 13.61% 83 13.74% 94 12.01% 263 13.03% 

Prefer not to say  3 0.47% 0 0.00% 3 0.38% 6 0.30% 

Marital status          

Single 33% 163 25.79% 171 28.31% 252 32.18% 586 29.02% 

Married/ Living with partner 58% 384 60.76% 353 58.44% 439 56.07% 1176 58.25% 

Separated/ Divorced 9% 66 10.44% 47 7.78% 63 8.05% 176 8.72% 

Widowed 6% 15 2.37% 31 5.13% 22 2.81% 68 3.37% 

Prefer not to say  4 0.63% 2 0.33% 7 0.89% 13 0.64% 

Average time         

Total (seconds) 1148.64  1094.46  1212.17  1157.07  

S.D. 828.59  730.49  894.22  828.47  
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DCE question (seconds) 27.51  28.44  29.23  28.46  

S.D. 27.68  27.79  30.11  28.67  

Employment         

Full-time employed or self-employed 278 43.99% 280 46.36% 363 46.36% 921 45.62% 

Part-time employed or self-employed 102 16.14% 89 14.74% 154 19.67% 345 17.09% 

Retired 140 22.15% 139 23.01% 110 14.05% 389 19.27% 

Student 24 3.80% 19 3.15% 53 6.77% 96 4.75% 

Unemployed 42 6.65% 41 6.79% 50 6.39% 133 6.59% 

Long-term sickness 15 2.37% 12 1.99% 18 2.30% 45 2.23% 

Look after family/home 18 2.85% 19 3.15% 24 3.07% 61 3.02% 

Prefer not to say 3 0.47% 0 0.00% 1 0.13% 4 0.20% 

Other 10 1.58% 5 0.83% 10 1.28% 25 1.24% 

Income level         

Negative or Zero Income 11 1.74% 6 0.99% 6 0.77% 23 1.14% 

$1 - $20,799 per year ($1 - $399 per week) 29 4.59% 30 4.97% 28 3.58% 87 4.31% 

$20,800 - $41,599 per year ($400 - $799 per 

week) 
103 16.30% 110 18.21% 123 15.71% 336 16.64% 

$41,600 - $77,999 per year ($800 - $1499 per 

week) 
147 23.26% 116 19.21% 172 21.97% 435 21.55% 

$78,000 - $103,999 per year ($1500 - $1999 per 

week)  
84 13.29% 77 12.75% 127 16.22% 288 14.26% 

$104,000 - $155,999 per year ($2000- $2999 per 

week) 
93 14.72% 106 17.55% 130 16.60% 329 16.30% 

$156,000 - $207,999 per year ($3000 - $3999 per 

week) 
44 6.96% 48 7.95% 73 9.32% 165 8.17% 

$208,000 - $259,999 per year ($4000 - $4999 per 

week) 
31 4.91% 27 4.47% 32 4.09% 90 4.46% 

$260,000 - $311,999 per year ($5000 - $5999 per 

week) 
43 6.80% 36 5.96% 36 4.60% 115 5.70% 

$312,000 or more per year ($6000 or more per 

week) 
20 3.16% 27 4.47% 29 3.70% 76 3.76% 
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Prefer not to say or donôt know 27 4.27% 21 3.48% 27 3.45% 75 3.71% 

Parent guardian         

Parent or guardian for a child or children aged 

under 18 years 
176 27.85% 195 32.28% 249 31.80% 620 30.71% 

Not a parent or guardian for a child or children 

aged under 18 years 
452 71.52% 408 67.55% 530 67.69% 1390 68.85% 

Prefer not to say  4 0.63% 1 0.17% 4 0.51% 9 0.45% 

Care status         

Carer for an adult(s) family member or friend (not 

as a paid job) 
151 23.89% 153 25.33% 185 23.63% 489 24.22% 

Cared for by other adults (including paid carers) 

because of health or age 
91 14.40% 87 14.40% 111 14.18% 289 14.31% 

Neither of the above 12 1.90% 5 0.83% 13 1.66% 30 1.49% 

Prefer not to say or donôt know 378 59.81% 359 59.44% 474 60.54% 1211 59.98% 

Day-to-day activities limitation         

Yes, limited a lot 59 9.34% 59 9.77% 77 9.83% 195 9.66% 

Yes, limited a little 184 29.11% 149 24.67% 199 25.42% 532 26.35% 

No 384 60.76% 394 65.23% 501 63.98% 1,279 63.35% 

Prefer not to say 5 0.79% 2 0.33% 6 0.77% 13 0.64% 

General health         

Excellent 81 12.82% 83 13.74% 127 16.22% 291 14.41% 

Very good 165 26.11% 174 28.81% 223 28.48% 562 27.84% 

Good 221 34.97% 204 33.77% 254 32.44% 679 33.63% 

Fair 140 22.15% 112 18.54% 140 17.88% 392 19.42% 

Poor 25 3.96% 31 5.13% 39 4.98% 95 4.71% 
Notes: *13 people did not provide the gender, (and/or) education, (and/or) marital status information 
1The general population quota see Chapter 6.5 for more detailed information. 
2Desgin 1: DCETTO design with the EQ-HWB attribute order (health first); Design 2: DCETTO design with the revised attribute order (wellbeing first); Design 3: DCE-
Death design.
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42% of respondents had very good health and 34% had good health, while 36% of 

respondents reported little to serious limitation with their daily activities. The self-report 

health of Australian sample was worse than the UK sample, by a higher proportion of poor 

health. Among the three groups, the standard-order DCETTO respondents had higher 

proportion of Daily activity limitation but reported better general health. In general, the 

ANOVA test indicated that Daily activity limitation and general health had no significant 

difference (Table 2, Appendix E). The EQ-HWB self-reported measure recorded sleep 

(75%), exhausted and tiredness (75%), physical pain (67%), anxiety (63%) and 

depression (59%) as the most common health issues (Figure 12). The ANOVA test result 

indicated that except for the Day-to-day activities attribute, DCETTO respondents were 

better with almost all wellbeing attributes, including Lonely, support, 

Concentration/thinking clearly, Anxious, Depression and Control, with 4% to 12% higher 

proportion of level 1 and level 2 report (Table 2, Appendix E).  

  
Figure 12: EQ-HWB self-report of Australian respondents 

 
Note: Level 1 is No difficulty or None of the timeLevel 2 is Slight difficulty or Only occasionally; Level 3 is 

Some difficulty or Sometimes; Level 4 is A lot of difficulty or Often; Level 5 is Unable or Most or all of the time. 
Pain severity levels are No physical pain (Level 1), Mild physical pain (Level 2), Moderate physical pain (Level 
3), Severe physical pain (Level 4), Very severe (Level 5). Percentage of Level 1 is provided as an example for 
compare the ceiling effect. More details for the other percentages reported in the Table 1, Appendix E. 
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7.2 Understanding and data quality check 

This section reported the time for completing the EQ-HWB DCE valuation study, 

confidence with the answers and data quality checks. Data quality assessments 

considered the text feedback, the repeated employment status question answer 

(asked twice at different points during the survey to assess consistency in responses), 

survey completion time, respondents who always selected the left or right answer, 

respondent decision pattern and the proportion of respondents who did not select any 

state as being WTD due to the varied anchoring method reason.  

7.2.1 Understanding and data quality check with UK sample 

The data collection received 26039 valid DCE answers from UK sample. The standard-

order DCETTO, revised-order DCETTO and the DCE-Death received 14, 13 and 17 

responses for each DCE profile, including the dominated pairs.  

The average time to complete the survey was 17 minutes, with shorter time taken for 

DCETTO (16.5 min) and longer for the DCE with death survey versions (18.7 min). The 

average time for each DCE question was 34 seconds, ranging from 28 seconds 

(DCETTO) to 31 seconds (DCE with death). 27% of respondents spent less than 10 

minutes to complete the survey, while 15% of respondents spent less than 10 seconds 

for at least one DCE question (Table 3, Appendix E). The average time for the first 

three and last three questions did not have significant difference for all cohorts, 

indicating the average DCE response time revealed the general situation.  

Most respondents felt confident with their choices (82%), agreed that the number of 

choices sets per person was appropriate (75%) and the amount of information provided 

was appropriate (82%). 81% of respondents agreed that the DCE choices were easy 

to tell the difference between the given health states (Figure 13).  



151 

 

Figure 13 UK participant feedback 

 

Participants were able to provide free text feedback at the end of the survey, where 4% 

of all respondents provided negative feedback or design suggestions for this survey in 

each group. Around 3% of respondents reported an inconsistent answer for the 

repeated employment status question. 1% of respondents always selected the left or 

right health state for all of the questions. However, this left-right choice did not provide 

information about whether data had position bias, or the health state randomization 

always placed the better alternative at a certain spot[315, 316]. 31% of all respondents 

self-reported considering all of the information presented all the time, which was the 

ideal decision-making strategy for DCE research. The other most employed decision-

making strategies were considering only the subset of HWB attributes that the 

participant believed to be important (36%), considering different HWB attributes (16%) 

and mainly consider the length of time (12%). DCETTO (Design 1 and 2) had higher 

proportion of considering length of time in the decision than the DCE-Death. Among 

those who never chose a health state as WTD, 11% concluded that the reason was 

that the presented health states were not ñbad enoughò to be worse than death. 5% 

stated that it was difficult to imagine ñimmediate deathò (Table 17).  

In conclusion, the data quality check found that Design 1 and 2 had more speeder, 

whereas Design 3 had more left-right heuristic respondents. A larger proportion of 

respondents considered all of the information in making DCE choice in Design 3.   
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Table 17 Data quality check and WTD reasoning with UK data 

  Design 1 (n=627) Design 2 (n=600) Design 3 (n=776) Overall (n=2003) 

N % N % N % N % 

        

Data quality check 

Negative feedback 27 4.31% 24 4.00% 32 4.12% 83 4.14% 

Completed survey in less than 10 minutes 196 31.26% 177 29.50% 160 20.62% 533 26.61% 

Completed DCE task in less than 10 seconds1 100 15.95% 99 16.50% 109 14.05% 308 15.38% 

Repeated employment status question inconsistency2 17 2.71% 12 2.00% 26 3.35% 55 2.75% 

Left-right bias: left  3 0.48% 4 0.67% 11 1.42% 18 0.90% 

Left-right bias: right* 1 0.16% 1 0.17% 6 0.77% 8 0.40% 

Decision-making strategies (self-report)3 

Considered all of the health and wellbeing aspects all the time 173 27.59% 166 27.67% 287 36.98% 626 31.25% 

Only considered health and wellbeing aspects that I believe to be 
important 229 36.52% 201 33.50% 293 37.76% 723 36.10% 

Considered different health and wellbeing aspects each time 98 15.63% 87 14.50% 139 17.91% 324 16.18% 

Mainly considered the length of time in Life A or B 106 16.91% 120 20.00% 24 3.09% 250 12.48% 

Considered health and wellbeing aspects not presented here 2 0.32% 1 0.17% 5 0.64% 8 0.40% 

Other decision method  11 1.75% 16 2.67% 15 1.93% 42 2.10% 

Select randomly 2 0.32% 3 0.50% 3 0.39% 8 0.40% 

Do not know 6 0.96% 6 1.00% 10 1.29% 22 1.10% 

Participants who never selected WTD 79 11.28%   

Reason for not selecting WTD state (Cohort 3) 2     

 In the questions, there were always better options in either Life A or Life B. 60 7.73%   

 Being alive, even with the given health and wellbeing problems, is always better than being dead. 17 2.4%   

 I choose ñimmediate deathò as worst because of my religious beliefs. 6 0.77%   

 I choose ñimmediate deathò as worst because of my outlook on life or family related considerations. 48 6.19%   
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 I found it difficult to imagine what ñimmediate deathò would mean so I did not consider it. 9 1.16%   

Reason for not selecting WTD state ï because of study design only4 18 10.72%   

Reason for not selecting WTD state ï because of dead state hard to imagine only 4 4.92%  
 

Notes: * The Design 3 group counted respondents always selecting the middle health state 

1 completion time under 10 seconds with at least one DCE task 

2This number is after the check of choice understanding 

3more than 1 decision-making strategy can be selected 

4the presented health states in all of the choice sets were not bad enough to be compared with dead state 
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7.2.2 Understanding and data quality check with Australian sample 

The data collection received 26039 valid DCE answers from Australian sample. The 

standard-order DCETTO, revised-order DCETTO and the DCE-Death received 14, 13 and 

17 responses for each profile, including the dominated pairs.  

An average time spent was 19 minutes to complete the whole survey, with shorter time 

taken for DCETTO (18.7 min) and longer for the DCE with death (20.2 min). The average 

time to complete each DCE question was 29 seconds, ranging from 28 seconds 

(DCETTO) to 30 seconds (DCE with death). 21% of respondents spent less than 10 

minutes to complete the survey, while 19% of respondents spent less than 10 seconds 

for at least one DCE question (Table 4, Appendix E). 61% of all speeder records 

appeared with the last three questions, indicating that the last questions might have 

higher risk of heuristic decision.  

The majority of respondents reported the DCE questions as easy to understand (96%), 

confident in answers (84%), the number of DCE questions was appropriate (83%) and 

had appropriate amount of information to make their decisions (80%). However, less 

than half of respondents found it easy to tell the difference or make the choice (33% 

and 40%), which were both lower than the correspondent rates with UK sample. More 

Design 3 respondents disagreed with making choices easily, but had slightly higher 

percentage agreed they were confident in answers (Figure 14).    
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Figure 14 Australian participant feedback 

 

In the optional free text feedback at the end of the survey, 3% of all respondents 

provided negative feedback or design suggestions for this survey, with limited 

variations among the designs. 4% of respondents reported an inconsistent answer for 

the repeated employment status question. 3% of respondents always selected the left 

or right health state for all of the DCE questions, where Design 3 had a higher 

proportion. The 37% of all respondents considered all of the information presented in 

the DCE task all the time, with a higher proportion with the Design 3 (42%) in 

comparison to Design 1 and 2. 12% of all non-WTD respondents explained the reason 

as the presented health states were not ñbad enoughò to be worse than death, while 

3% stated that it was difficult to imagine ñimmediate deathò (Table 18).  

The Australian sample had higher proportion of left-right bias compared with the UK 

sample, but the proportion of respondents considering all of the information was higher 

as well. However, for the Design 3, the proportion of respondents selecting no health 

state as WTD doubled, whist the number of non-WTDs stated out of the DCE design 

and imagination difficulties remained similar (28 versus 22 for Australian and UK 

samples). This comparison indicated that UK and Australian samples had similar data 

quality, but had some difference on decision-making due to culture or religious reasons.  
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Table 18 Data quality check and WTD reasoning with Australian data 

  Design 1 Design 2 Design 3 Overall 

N % N % N % N % 

632 100.00% 604 100.00% 783 100.00% 2019 100.00% 

Data quality check 

Negative feedback 15 2.37% 12 1.99% 29 3.70% 56 2.77% 

Completed survey in less than 10 minutes 146 23.10% 121 20.03% 161 20.56% 428 21.20% 

Completed DCE task in less than 10 seconds1 129 20.41% 108 17.88% 145 18.52% 382 18.92% 

Repeated employment status question inconsistency2 16 2.53% 25 4.14% 30 3.83% 71 3.52% 

Left-right bias: left  12 1.90% 9 1.49% 31 3.96% 52 2.58% 

Left-right bias: right* 1 0.16% 4 0.66% 3 0.38% 8 0.40% 

Decision-making strategies (self-report)3 

Considered all of the health and wellbeing aspects all the time 216 34.18% 193 31.95% 328 41.89% 737 36.50% 

Only considered health and wellbeing aspects that I believe to be 
important 192 30.38% 201 33.28% 274 34.99% 667 33.04% 

Considered different health and wellbeing aspects each time 85 13.45% 90 14.90% 130 16.60% 305 15.11% 

Mainly considered the length of time in Life A or B 91 14.40% 81 13.41% 15 1.92% 187 9.26% 

Considered health and wellbeing aspects not presented here 9 1.42% 11 1.82% 9 1.15% 29 1.44% 

Other decision method  19 3.01% 15 2.48% 16 2.04% 50 2.48% 

Select randomly 8 1.27% 6 0.99% 4 0.51% 18 0.89% 

Participants who never selected WTD 186 23.75%   

Reason for not selecting WTD state (Cohort 3) 2     

 In the questions, there were always better options in either Life A or Life B. 64 8.17%   

 Being alive, even with the given health and wellbeing problems, is always better than being dead. 135 17.24%   

 I choose ñimmediate deathò as worst because of my religious beliefs. 13 1.66%   

 I choose ñimmediate deathò as worst because of my outlook on life or family related considerations. 44 5.62%   

 I found it difficult to imagine what ñimmediate deathò would mean so I did not consider it. 24 3.07%   
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Reason for not selecting WTD state ï because of study design only4 24 3.07%   

Reason for not selecting WTD state ï because of dead state hard to imagine only 4 0.51%  
 

Notes: * The Design 3 group counted respondents always selecting the middle health state 

1 completion time under 10 seconds with at least one DCE task 

2This number is after the check of choice understanding 

3more than 1 decision-making strategy can be selected 

4the presented health states in all of the choice sets were not bad enough to be compared with dead state 
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7.3 Regression outcome   

7.3.1 Model recap  

The DCETTO data was analysed using a conditional logit model. Duration was 

modelled as a linear variable, with an assumption that respondents follow linear time 

preference. The coefficients are anchored onto the 1 to 0 full health-dead scale by 

dividing each attribute level coefficient with the duration level coefficient.  

The DCE-Death data was analysed using a model with no time interaction (time does 

not differ across the DCE profiles), with conditional logit model and the rank-order 

logit model. The coefficients were anchored onto the 1 to 0 full health-dead scale by 

dividing each attribute level coefficient with the dead dummy coefficient.  

Models 1, 2 and 3 are conditional logit regression with the three cohorts: Model 1 is 

DCETTO with the health attributes presented first in the task; Model 2 is DCETTO with 

the health attributes presented first in the task; Model 3 is DCE-Death. Model 4 is the 

rank-order logit regression with DCE-Death data. A pooled model also conducted 

with all of the DCETTO data to test the significance of information order on preference. 

This modelling result is presented in Section 7.3.3. More information about the 

regression models, including function and coding, see the Section 6.8.2.  

7.3.2 Model performance 

Model 1 ï Model 4 were listed in Table 19, where all of the models were significant 

with a 0.05 significance level. By using the conditional logit model (Model 3) and the 

rank-order logit model (Model 4) with the same sample data, they produced similar 

range of utility and the distribution of utility values, but rank-order logit models had 

smaller Pseudo R-squared statistic (Table 19). This study used Model 3 to generate 

the DCE-Death health state valuation result. The Pseudo R-squared value for Models 

1-3 were between 0.097 to 0.191, within the range of values that other DCE valuation 

studies reported[317, 318].  

Duration coefficients in Model 1 and 2 with UK and Australia samples were significant 

and had the expected positive sign. DCE-Death data regression followed the RUM 

was expected to be negative, with a negative sign indicating the distance from full 

health to death. Dead dummy in Model 3 and 4 with UK and Australia samples were 

significant and had negative sign for disutility (Table 5 and Table 6, Appendix E, with 

UK and Australian sample).  
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Table 19 Summary of key findings from the models 

Country  Model 1 Model 2 Model 3 Model 4 

UK 

Log-likelihood statistics1 4544.945 4393.045 18443.209 15970.090  

Prob > chi22 <0.001 <0.001 <0.001 <0.001 

Pseudo R-squared3 0.191 0.181 0.121 0.071 

Logical inconsistent 10 14 4 4 

Insignificant 10% 17 19 17 17  

Utility of health state with all items at level 1 1 1 1 1 

Utility of health state with all items at level 2 0.686 0.822 0.764 0.758 

Utility of health state with all items at level 3 0.448 0.556 0.453 0.452 

Utility of health state with all items at level 4 -0.179 -0.083 -0.133 -0.13 

Utility of health state with all items at level 5 -0.634 -0.791 -0.887 -0.862 

Scale length4 1.634 1.791 1.887 1.862 

Mid-point to length5 33.8% 24.8% 29.0% 29.4% 

Proportion of WTD 17.16% 16.74% 27.40% 27.36% 

AUS 

Log-likelihood statistics1 4919.716 4640.015 18772.880 16420.360 

Prob > chi22 <0.001 <0.001 <0.001 <0.001 

Pseudo R-squared3 0.139 0.143 0.097 0.061 

Logical inconsistent 8 11 4 2 

Insignificant 10% 26 15 11 14 

Utility of health state with all items at level 1 1 1 1 1 

Utility of health state with all items at level 2 0.699 0.598 0.673 0.711 

Utility of health state with all items at level 3 0.599 0.488 0.472 0.483 

Utility of health state with all items at level 4 -0.089 -0.025 -0.146 -0.126 

Utility of health state with all items at level 5 -0.588 -0.539 -0.713 -0.699 

Scale length4 1.588 1.539 1.713 1.699 

Mid-point to length5 25.3% 33.3% 30.8% 30.4% 

Proportion of WTD 13.16% 12.75% 17.01% 17.05% 

Notes: 1The Log likelihood statistics is the value of final model. This value cannot be directly compared 

between models as they used different survey data. 
2The model significance is evaluated through chi-square statistics. The model is significant if the value is 

less than 0.05 
3Pseudo R-squared summarizes the proportion of variance explained by the independent variables. A 

larger R-squared statistic indicates better explanatory power. This value cannot be directly compared 

between models as they used different survey data and model function. 
4Scale length is the difference between utility values for states with level 1 for all dimensions and level 5 

for all dimensions 
5Midpoint to length is the value assessed by dividing the difference between utility value for states with 

level 1 for all dimensions and level 3 for all dimensions by the scale length.   
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Table 20 Non-significant levels, positive disutility and non-monotonic levels 

 UK AUS 

 Non-
significant1 

Non-monotonic & 
incorrect sign1 

Significant 
& non-monotonic1 

Non-
significance1 

Non-monotonic & 
incorrect sign1 

Significant & 
non-

monotonic1 

By Attributes 
 

Vision 0 0 0 1 0 0 

Hearing 2 0 0 1 0 0 

Mobility 2 1 0 2 1 1 

Daily activity 2 0 0 1 1 0 

Sleep 8 5 2 8 6 1 

Fatigue 5 4 0 6 1 1 

Loneliness 7 6 1 7 3 0 

Support 5 2 1 3 4 2 

Concentrating 3 3 0 8 4 0 

Control 7 4 0 5 3 0 

Anxious 9 6 0 6 4 1 

Sad/depress 4 3 0 5 2 0 

Pain severity 1 0 0 0 0 0 

By Levels 
 

Level 1-2 
Severity2 6 0 0 2 0 0 

Frequency3 17 10 1 18 8 0 

Level 2-3 
Severity2 1 1 0 3 2 1 

Frequency3 18 10 0 18 10 1 
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Level 3-4 
Severity2 0 0 0 0 0 0 

Frequency3 10 8 0 6 4 1 

Level 4-5 
Severity2 0 0 0 0 0 0 

Frequency3 3 5 3 6 5 3 

Notes: Highlighted in bold and italics: attributes and levels that has the largest number of non-significant levels, non-monotonic coefficients and incorrect sign with both 

countries. The disordered & incorrect sign column signifies that the regression coefficient has a positive sign for the disutility, or the disutility of worse level is smaller than the 

disutility of adjacent better level. The significant & non-monotonic are the significant regression coefficients that has a positive sign for the disutility, or the disutility magnitude of 

a lower level is smaller than that of a higher level.  

Non-significance level: 10%.  
1By attribute: sum of the number of non-significant levels, positive disutility and non-monotonic coefficients in three models. The total number of coefficients for each attribute is 

12 since this is summing the results for Models 1, 2 and 3. The total number of coefficients for each level is 39. 
2Severity levels: HWB dimension attributes with health problems described by its severity (No difficulty, Slight difficulty, Some difficulty, A lot of difficulty, Unable). Attributes are 

Vision, Hearing, Mobility, Daily activity and Pain severity. This is summing the results for Models 1, 2 and 3. 
3Frequency levels: HWB dimension attributes with health problems described by its frequency (None of the time, Only occasionally, Sometimes, Often, Most or all of the time). 

Attributes are Sleep, Fatigue, Loneliness, Support, Concentrating, Anxious, Sad/depress and Control. This is summing the results for Models 1, 2 and 3. 

See Table 7, Appendix E for more information. 
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The utility ranges were from 1 to -0.634 (Model 1) or -0.887 (Model 3) with the UK 

sample, and 1 to -0.588 (Model 2) and 1 to -0.713 (Model 3) with the Australian 

sample (Table 19).  

There was some evidence of non-significant levels, positive disutility and non-

monotonic levels with all designs with both UK and Australian data, especially with 

wellbeing attributes and level 2/3 coefficients. Wellbeing attributes, such as sleep, 

anxious, loneliness, support (Australian data) and control (UK data) were the 

attributes with the largest number of non-significant and non-monotonic/ incorrect 

sign levels (Table 20). The frequency levels had more insignificance and logical 

inconsistency than the severity levels in all of the level effects. The Model 1 

regression with Australian data had the largest number of non-significant and non-

monotonic levels, followed by the Model 2 regression with UK data (Table 20).  

Level 2 and level 3 effects were more likely to be insignificant and non-monotonic. 

Attributes Sleep, support and the attribute level 5 (with all attributes) had the largest 

number of significant coefficients with non-monotonic disutility, but there was no 

significant coefficient with non-monotonic disutility. All of the significant coefficient 

with non-monotonic disutility appears in Model 1 and 2 (Table 7, Appendix E). In 

summary, Model 3, physical and mental health attributes and severity levels 

performed better than Models 1 and 2, wellbeing attributes and frequency levels, 

from the perspective of significance, monotonicity and difference distinguishment.  

This study asked respondents to select the five most important attributes after 

completing all of the DCE choice sets (stated ranking). The regressed rank used the 

anchored magnitude of the worst-level disutility as an indicator of the relative 

importance of each model. UK and Australian participants ranked Pain severity, 

Vision, Daily activity, Mobility and Hearing as the most important attributes affecting 

their DCE decisions, where the regression analysis with Australian outcome 

generated same result (Figure 15, or Table 5 and Table 6, Appendix E). UK Model 1 

regression outcome ranked Anxious, instead of Hearing, as the five most important 



163 

 

attributes. The attributes with the largest level-five disutility with the three models 

were always Pain severity and Vision. 5 out of the 6 most highly valued attributes (i.e. 

with the largest utility decrements) were health attributes, with 3 attributes similar to 

EQ-5D dimensions (Pain severity ï pain/discomfort; Daily activity - usual activity; 

Anxious - anxiety/depression)[319].  

The stated and regressed preference on attributes show high consistency. Figure 15 

matched the two rankings with each design. A higher proportion of attributes fell near 

to the line Y=X indicating a higher stated and regressed ranking consistency. A higher 

proportion of attributes ranked top-five fell on the Y=X line, while the other attributes 

showed more variance. DCE-Death design data revealed a higher proportion of 

attributes near to the line.  
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Figure 15 Rank order of stated and regressed preference by models (from top to 

bottom: Model 1, Model 2, Model 3) and by country (from left to right: UK and 

Australian datasets) 
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Figure 16 reports the marginal effect of moving from one level to another, by 

attributes. A value above 0 indicated a positive disutility. The marginal effects, which 

was represented by the slopes of the graphs, have steeper utility descents for level 3 

ï level 4 and level 4 - level 5. Physical health attributes, for example, Vision, Pain 

severity, Daily activity, Mobility and Hearing, had a ñkinkò moving from level 3 ï level 

4. Other attributesô decrements were more linear. Physical health attributes with 

severity levels (Figure 1a, Appendix E) had larger variance, and wellbeing/mental 

health attributes (Figure 1b, Appendix E) with frequency levels was centered on 

disutility range 0 to -0.1.  

All models had high robustness that results did not show significant variance with 

sub-group passed dominance questions and reported high understanding.  
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Figure 16 UK (left) and Australian (right) disutility value by level and dimensions, by models (from top to bottom: Model 1, Model 2, Model 3) 
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7.3.3 Order effect 

The utility ranges are 1 to -0.634/-0.588 (Model 1/Model 2) and 1 to -0.791/-0.539 

(Model 1/Model 2) with UK and Australian samples respectively. With the UK 

responses, Model 2 mild health states utility values (from perfect health to state 

4444444444444) are higher than of the Model 1, while extreme states (from state 

4444444444444 to state 5555555555555) are lower. With the Australian responses, 

the Model 2 mild health states utility values (from state 2222222222222 to state 

333333333333) are lower than that of the Model 1, while extreme states (from state 

4444444444444 to state 5555555555555) are higher (Table 19). However, it should 

be noted that the magnitude of utility difference is small. 

The Model 2 with both UK and Australian samples had more positive or non-

monotonic samples. On the other hand, there was mixed evidence on the number of 

insignificant level coefficients: the UK sample had a larger number of insignificant 

levels with Model 2 and Australian sample with Model 1. By comparing the number of 

non-monotonic and significant attributes, Model 2 had a larger number with both UK 

(1 versus 3) and Australian (1 versus 5) samples (Table 7, Appendix E).  

Only 5 out of 78 coefficients were significantly different with a significance level of 5% 

by conducting Wald test, with UK and Australian data (Table 21). However, the 

preference with single level coefficient might not reflect the overall effect on relative 

preference of health and wellbeing attributes. By calculating the relative importance 

of physical/mental health attributes (Vision, Hearing, Mobility, Daily activity, Sleep, 

Fatigue, Sleep, Sad/depression, Pain severity) versus the wellbeing attributes 

(Fatigue, Loneliness, Support, Concentrating, Control, Anxious), it yielded a global 

evaluation of preference variation. The relative importance value did not alter with UK 

sample, but the number increased from 4.4 to 7.1 with Australian value set (Table 

22).  
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Table 21 Model 1 V.S. Model 2 coefficient Wald test 

 Australian data UK data 

 Level 3 Level 4 Level 5 Level 3 Level 4 Level 5 

Seeing 2.71 0.17 2.31 0.10 2.15 0.34 

Hearing 1.45 0 1.51 0.01 1.38 9.42 

Getting around 1.09 1.93 4.20 2.15 0.38 6.78 

Day to day activities 0.62 0.03 0.41 0.22 0.65 0.73 

Sleeping 0.74 1.56 0.04 4.22 4.47 0.69 

Exhausted 2.17 0.58 0.65 4.08 1.74 1.05 

Lonely 0.03 0.03 1.35 0.02 3.65 0.29 

Unsupported 0.38 0.12 0.21 2.80 2.74 0 

Thinking 0.08 4.11 0.02 0.50 3.07 1.42 

Anxious 0.02 0.32 0.37 0.71 0.20 0.71 

Depression 0.10 0.17 3.46 0.28 2.08 1.74 

Control 0.14 0.15 0.22 0.2 0.42 0.01 

Physical pain 0.37 2.65 0.77 0.71 0.51 3.38 

Notes: Values given here are Wald test score; the p value over 0.1 and 0.05 are highlighted with dark or 

light green. Dark green: p value > 0.1; light green: 0.1> p value > 0.05 

Australian data: comparison of results regressing with the Australian sample.  

UK data: comparison of results regressing with the UK sample. 

Secondly, attribute order influenced the utility distribution, with varied influence on 

mild (from state 2222222222222 to state 333333333333) or extreme states (from 

state 4444444444444 to state 5555555555555). However, it should be noted that the 

magnitude of utility difference was small.  
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Table 22 relative importance1 of physical/mental health attributes versus the 

wellbeing attributes 

 
UK Australia Absolute difference 

Model 1 4.314  4.376  0.062 

Model 2 4.040  7.098  3.058 

Model 3 5.632  5.079  0.353 

Average (Model 1 and 3) 4.971 4.721 0.250 

Absolute difference 

(Model 1 and Model 2) 

0.266 2.722  

Absolute difference 

(Model 1 and Model 3) 

1.318 0.703  

Notes: 1Anchored dividing sum of level 5 disutility of Vision, Hearing, Mobility, Daily activity, Sleep, 

Fatigue, Sad/depression, Pain severity, by the sum of level 5 disutility of Sleep, Fatigue, Loneliness, 

Support, Concentrating, Control, Anxious  

The conditional logit model allowing for the order effect interactions with each term 

was conducted. Choice data collected with Design 1 and Design 2 was pooled for 

single regression. Table 5 and Table 6, Appendix E recorded the significant 

interaction of each level dummy with the order dummy (standard order DCETTO ï 0, 

revised-order DCETTO ï 1), and the order dummy with duration interaction. With 

DCETTO data collected in the UK, the attribute order effect on time was not significant, 

though order effects with Sleep (level 2 and level 4) and Depression (level 2) levels 

were significantly positive, and with Hearing (level 5), Getting around inside and 

outside (level 5), Control (level 2) levels were significantly negative. With Australian 

sample, the attribute order effect on time was significantly positive, indicating 

duration weighted more in the revised-order design. Hearing (level 5), Getting around 

inside and outside (level 2 and level 5), Concentration (level 4) levels had a 

significant negative order effect. A full pooled regression with all interactive terms is 

presented in Appendix E and the significant interactive terms is reported above.  

In conclusion, the order effect analysis supported the assumption that the order of 

health and wellbeing attributes influenced the respondent preference with some of 

the attributes but had mixed evidence in two countries. the survey data revealed 
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opposite utility distribution influence and midpoint to length in the two countries. The 

proportions of health states classified as WTD were close (around 16% for UK and 

13% for Australian sample), but Model 2 proportion was always lower in both 

countries. The pooled regression outcomes in both counties revealed that by listing 

the wellbeing attributes first, respondents had higher disutility for physical health 

attributes hearing and getting around but had conflict evidence for other HWB 

attributes and duration.  
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7.3.4 Design effect 

Model 1 had a larger number of non-monotonic/positive disutility and insignificant 

attribute level coefficients than Model 3 with Australian data sets, while had the same 

insignificance performance with UK sample as Model 3 had a larger number of 

significant and monotonic wellbeing levels (Table 19). There were no Model 3 

anchored coefficients that were significant and non-monotonic, while the number was 

1 with Model 1 in each country. With both designs, the respondents ranked Seeing, 

Mobility, Daily activity and Physical pain as the most important attributes. Model 3 

achieved more alignment between the stated preference and regressed ranking 

comparison (Figure 5).  

Model 1 and Model 3 showed considerable difference in terms of scale length and 

utility distribution. The difference of scale length could be interpreted as a willingness 

indicator to improve QoL (Model 1) by sacrificing time, or to prevent death (Model 3) 

by enjoying less health. The utility range with Australian sample was 1 to -0.588 and -

0.713 for Models 1 and 3, and the Model 3 utility values were always smaller than the 

Model 1 values, indicating a higher willingness to trade-off. Model 3 utility value of 

health states 2222222222222, 3333333333333 and 4444444444444 were slightly 

higher than the corresponding Model 1 utilities with UK sample, but Model 1 was 

higher with the Australian sample. On the other hand, the Model 3 utility for the worst 

state (5555555555555) was lower than Model 1 utility, with both UK and Australian 

sample.  

By calculating five million Monte Carlo simulations for each group, the Model 3 WTD 

proportion was lower than the Model 1 in both UK and Australia (Table 19), which 

was consistent with the finding that Model 3 had a lower worst state. 

The impact of different DCE designs on attribute level preferences was analyzed. All 

level 5 and level 4 anchored coefficients, except for Concentrating/Thinking Clearly, 

showed statistically significant differences across both the UK and Australian 

samples  (Table 23). Beyond level preference comparisons, we conducted paired 
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comparisons of health state values across the design methods. The mean DCETTO 

value (0.32 and 0.26 with UK and Australia value set) in both countries were higher 

than the corresponding values calculated by the DCEdeath value set (0.26 and 0.24 

with UK and Australia value set). Appendix E presents the results ranked by 

DCETTO values, indicating that DCEdeath values were generally lower, with greater 

variance observed in the Australian sample.  

Despite these differences, the Pearsons correlation coefficient reveals a strong 

correlation (>0.9) between state values derived from each design, suggesting 

consistency in respondents preferences. Additionally, the intraclass correlation 

coefficient (ICC) was below 0.05, indicating that respondents were likely to make 

similar DCE choices regardless of design (Appendix E). 

Table 23 Model 1 V.S. Model 3 coefficient Wald test 

 Australian data UK data 

 Level 3 Level 4 Level 5 Level 3 Level 4 Level 5 

Seeing 33.81 224.76 16.51 125.58 450.64 827.52 

Hearing 7.76 30.52 86.99 19.69 49.02 130.43 

Getting around 11.3 74.49 128.81 16.99 81.55 235.5 

Day to day activities 7.85 51.68 145.95 25.49 94.88 224.2 

Sleeping 0.49 6.88 9.22 3.22 10.85 9.7 

Exhausted 1.69 11.44 18.55 0.56 9.17 35.52 

Lonely 2.42 10.86 12.57 1.02 3.39 14.32 

Unsupported 2.6 14.38 8.45 3.87 27.2 12.43 

Thinking 8.01 3.06 14.24 14.47 7.49 23.16 

Anxious 1.89 7.85 16.28 0 1.71 10.76 

Depression 0.67 11.94 41.17 7.24 33.65 83.27 

Control 0.67 4.54 20.68 1.81 1.81 27.08 

Physical pain 51.16 356.22 531.3 70.43 512.52 728.21 

Notes: Values given here are Wald test score; P value is the probability of obtaining the Wald test 

statistic given that the null hypothesis is true, which is compared to the critical value 0.05 and 0.1 to 

determine if the difference is significant. The difference is significant if the P value is smaller than the 

critical value; the p value over 0.1 and 0.05 are highlighted with dark or light green. Dark green: p 

value > 0.1; light green: 0.1> p value > 0.05 

Australian data: comparison of results regressing with the Australian sample.  

UK data: comparison of results regressing with the UK sample. 
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Separate regressions were conducted to generate DCEdeath estimates using only 

respondents who identified at least one health state as equal to or WTD, thus 

contributing to the anchoring of health states on the QALY scale. In both the UK and 

Australian samples, the utility values for the worst health states were lower (-0.89 

and -1.15, respectively), and model fit improved, as all respondents in this subset 

acknowledged the existence of WTD states. 

When comparing the utility values for selected health states from this subset with 

those generated by the DCETTO sample, a larger proportion of health states showed 

lower utility values in the DCEdeath group. However, Pearsonôs correlation coefficient 

and ICC results remained consistent (see Supplementary Material Part B). Thus, 

excluding non-WTD selectors produced lower utility values but did not alter the 

overall similarity in utility value distributions between the DCETTO and DCEdeath 

designs. 

In conclusion, attribute level coefficient Wald test and utility distribution proved that 

the health state preferences systematically differed between the Model 1 and Model 

3. Significant effects were observed in the Wald test of level 4 and level 5, number of 

significant and monotonic attribute levels, utility distribution and utility range. Model 3 

had smaller proportions of the significant and non-monotonic anchored value, wider 

range of utility and higher WTD proportion. However, this WTD difference should be 

interpreted noting the amount of information used for setting WTD by the two 

designs: Model 1 with the DCETTO design collected anchoring information by 

introducing the duration trade-off to all participants and with all questions, while the 

Model 3 with the DCE-Death design gathered anchoring information from participants 

ñbelieveò the WTD state existed.  A paired comparison with the selected state values 

indicates that there were significant point estimation differences. However, the values 

still varied in a similar way.  
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7.3.5 UK and Australian preference difference 

The comparison of preference in two countries included the examination of the 

ranking and relative importance of dimensions, relative decrements between levels, 

scale length difference and the distribution of utility, with Model 1 and Model 3 

representing the DCETTO and DCE-Death results.   

The Table 19 included the midpoint to length that all of the four values were around 

30%. The minimum utility values dropped to -0.59/-0.63 and -0.71/-0.89 (Model 1/3) 

when applying Australia and UK weights, suggesting that other things being equal, 

the UK sample considered a deficiency in HWB worse than the Australian sample for 

the more severe states. A larger proportion of health states were classified as WTD 

with UK sample, despite UK utilities for health states better than state 

2222222222222 were higher than Australian utilities, indicating that the utility 

difference was not linearly changed across all health states.  

Both countries ranked Vision, Hearing, Mobility, Pain severity as the most important 

attributes, with an average physical/mental health versus wellbeing attribute 

importance weight of 4.97 and 4.73 (Table 22). Moving from one level to the next one 

down involved different marginal utility in both countries. Respondentsô considered 

the distance (disutility) from ñmoderateò to ñsevereò (level 3 to 4) as the largest. 

Figure 7 and 8 illustrated the DCETTO and DCE-Death health state value in each 

country with the two value sets. In general, the Model 1 and Model 3 health state 

utility values with the varied country weights moved up and down simultaneously, 

with some point estimation differences observed. The difference increased for health 

states in the last quarter (ie, the health states worse than 4444444444444) with both 

designs.  

Secondly, the variance analysis discussed reasons for health state value variance by 

designs[320]. Intraclass correlation coefficient (ICC) attributed less than 5% (0.03 

and <0.01 respectively) of variance to the country-level sample differences and the 

Pearsonôs correlation with both designs were high (0.96 and 0.98 respectively), 
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indicating the health state value from two samples changed almost linear. The 

predicted differences reached 0.06 and 0.02 for DCETTO standard order design 

(Design 1) and DCE-Death design (Design 3) respectively (Table 24). The higher 

mean and median utility values occurred when the Australian weights were applied 

(mean: 0.32 and 0.25; median: 0.37 and 0.26; standard deviation: 0.23 and 0.23), 

compared with UK weights (mean: 0.26 and 0.24; median: 0.27 and 0.24; standard 

deviation: 0.23 and 0.27). All the value distributions were left-skewed 

(mean<median), except for the Australian DCE-Death group. The variance analysis 

supported visualization figures.  

Based on the analysis above, some characteristics of preference difference were 

identified, but more striking similarities were observed across the two countries in 

terms of the utility distribution. UK and Australia had similar stated and regressed 

preference for the included HWB attributes, but making a judgement that Australian 

and UK samples had similar preference of each attribute level should be with caution.



176 

 

Figure 17 UK and Australia value sets per selected health state (n=244) with DCETTO 

standard order design 

 

 

Figure 18 UK and Australia value sets per selected health state (n=244) with DCE-

Death design 
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Table 24 correlation and difference analysis with the given health states 

 Correlation coefficient 
analysis 

Pearsonôs correlation 
Mean 

difference 

 Observations 
Variance of 
health state 

ICC 
Correlation 
value 

T statistics  

DCETTO design 483 0.932 0.033 0.96 
80.44 

(P<0.01) 
0.06 

DCE-Death 
design 

483 0.969 0.003 0.98 
113.55 
(P<0.01) 

0.02 

Notes: The correlation analysis generated the average value of 480 efficient design health states in both 

countries for both designs to analyse the source of health state variance with an ANOVA method, mixed 

effect model. The óVariance of health stateô was calculated as the variance caused by health state 

description (row variance/total variance of health state value). The óICCô represents the óintraclass 

correlation coefficientô to explain the variance due to country difference (column variance/total variance 

of health state value). 

óPearsonôs correlationô calculated the linear correlation between data sets in UK and Australia for the 

model predictions. A higher correlation (between 0.5 to 1) suggested a strong positive correlation.  

The óMean differenceô provides information on the mean utility difference with the two designs.  
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7.4 Cross-Attribute Level Effect (CALE) estimation  

The CALE regression is to explore if a constrained utility function improves the overall 

significance as well as the individual level performance. A conditional logit regression 

results with UK and Australia standard order DCETTO data were reported in Table 25. 

 All of the models were significant and had a Pseudo R-squared value larger than 0.1. 

However, the model fitness with DCE-Death data was worse than DCETTO model, 

though the DCETTO regression doubled the sample size.  All of the attribute level five 

effects, as well as the level effects, are significant at the 5% level for both models, 

which is an artefact of reducing the number of parameters that need to be estimated. 

The range of utilities are 1 to -0.638/-0.440 (UK and Australian samples, same below) 

with DCETTO data, 1 to -0.789/-0.685 with DCE-Death data. All of the models rank Pain 

severity and Vision as the attributes with lowest disutility. Compared with the additive 

utility function, the relative importance of HWB attributes remains the same. However, 

DCE-Death regression has lower utility values with all of the benchmark health states 

listed. 

Although calculated with varied design and respondents, the level 4 anchored 

coefficients (range 0.601 to 0.675) and level 3 anchored coefficients (range 0.287 to 

0.311) are similar across models. The relative preference on levels holds constant for 

more severe levels when estimated using CALE. However, the level 2 (range 0.125 to 

0.232) coefficients have a variance of 0.113, over 50% of the lowest value.  

Compared with additive function, CALE has lower worst state utility value and more 

skewed distribution. The disutility of the worst state is larger than that of the additive 

model, especially with the DCE-Death design. Second, the CALE utility value 

distribution is more left-skewed, with shorter tail and lower kurtosis, indicating that the 

utility estimations for mild health states (better than 2222222222222) are 

underestimated but estimations for worse health states (worse than 3333333333333) 

are overestimated (compared with additive model). The CALE model does not propose 

a linear transformation of all of the health states but mitigates the utility value 
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differences. 

In conclusion, the CALE model is a feasible option for modelling choice data to 

generate the valuation outcome with a large number of attributes. However, it is 

recommended that more attention should be paid to the distributional difference 

instead of just evaluating the log-likelihood value and significance statistics.  
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Table 25 CALE model UK and Australian general characteristics 

Country  CALE DCETTO CALE DCE-Death 

UK 

Log-likelihood statistics1 -9023.27  -18437.17 

Prob > chi22 0.165 0.119 

Pseudo R-squared3 0.165 0.119 

Logical inconsistent 0 0 

Insignificant 10% 0 0 

Utility of health state with all items at level 1 1 1 

Utility of health state with all items at level 2 0.810 0.776 

Utility of health state with all items at level 3 0.527 0.481 

Utility of health state with all items at level 4 -0.005 -0.073 

Utility of health state with all items at level 5 -0.636 -0.787 

Scale length4 1.636 1.787 

Mid-point to length5 11.6% 12.5% 

AUS 

Log-likelihood statistics1 -9631.47 -19105.93 

Prob > chi22 0.165 0.119 

Pseudo R-squared3 0.135 0.106 

Logical inconsistent 0 0 

Insignificant 10% 0 0 

Utility of health state with all items at level 1 1 1 

Utility of health state with all items at level 2 0.666 0.687 

Utility of health state with all items at level 3 0.581 0.476 

Utility of health state with all items at level 4 0.029 -0.107 

Utility of health state with all items at level 5 -0.439 -0.685 

Scale length4 1.439 1.685 

Mid-point to length5 23.2% 18.6% 

Notes: 1The Log likelihood statistics is the value of final model. This value cannot be directly compared 

between models as they used different survey data. 
2The model significance is evaluated through chi-square statistics. The model is significant if the value is 

less than 0.05 
3Pseudo R-squared summarizes the proportion of variance explained by the independent variables. A 

larger R-squared statistic indicates better explanatory power. This value cannot be directly compared 

between models as they used different survey data and model function. 
4Scale length is the difference between utility values for states with level 1 for all dimensions and level 5 

for all dimensions 
5Midpoint to length is the value assessed by dividing the difference between utility value for states with 

level 1 for all dimensions and level 3 for all dimensions by the scale length.   
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7.5 Preference heterogeneity  

7.5.1 MNL regression with correlation terms 

Models examining preference heterogeneity across sociodemographic factors of 

gender, age, carer and cared status, as well as the general health condition, with the 

DCETTO standard order design are reported in Table 1 and 2, Appendix F. With both the 

UK and Australian samples, gender, carer status, cared status and general health have 

an insignificant main effect, while age, care status and cared status interaction terms 

are significant. With the UK dataset, older age, respondents cared by others and 

respondents with better health had lower disutility with the attribute levels, while older 

age, respondents who did not take care of others or be cared by other people  had 

lower disutility. 

7.5.2 Latent class analysis  

CAIC and BIC are minimized with 4 classes (with 100 iterations due to computing 

capacity) with UK sample (Table 3a, Appendix F). The last class, with a strong ordered 

preference with all level attributes, includes 45.5% of all respondents (Table 4, 

Appendix F). CAIC and BIC are minimized with 6 classes (with 100 iterations due to 

computing capacity) with Australian sample (Table 3b, Appendix F). The sixth class 

explains the decision pattern of 34.3% of all respondents, including more older, male, 

non-carer/cared healthier respondents (Table 4, Appendix F).  

We assume a within-class constant time preference in the analysis, similar to the time 

preference with the conditional logit regression. Among the six classes with UK data 

set, Class IV weighed more for the independent duration effect compared with Class I 

and Class II but had a similar time preference value compared with Class III. With the 

Australian data set, the Class VI weighed more for the independent duration effect 

compared with Class II and Class V, but had a lower time preference value compared 

with Class I, Class III and Class IV. Australian respondents had a more varied time 

preference compared with the latent class analysis results with the UK data. 
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7.6 Discussion  

This chapter presented the data analysis results to systematically test the feasibility of 

valuing longer HWB measure with 13 attributes, using the DCETTO and DCE-Death 

design. DCE generated high-quality online responses that only 13/19 (UK/Australia) 

responses were excluded due to response quality. Compared with other DCE health 

state valuation studies[318], the proportion of respondents reporting hard to 

understand was relatively small in this study (3% for EQ-HWB DCE valuation V.S. 12.3% 

DMD-QoL DCE valuation), and the proportion of respondents reporting that they found 

it was hard to make a choice was slightly higher (45% vs 40%). By examining the 

model performance, the research was able to conclude that it was feasible to generate 

value set on QALY scale with the longer HWB measure using the DCE method.  

To my knowledge, this study is the first DCE health state valuation study comparing 

stated preferences using ranking and regressed preferences using DCE. Although 

there was a large amount of information presented within each DCE task, participantsô 

stated preference and regressed preference revealed high consistency. The stated 

preferences using the rank task were more aligned with the modelled DCETTO results 

than the modelled DCE-Death results. However, we should always be cautious about 

the stated ranking responses since the ranking task was a posterior test that occurred 

in the survey after the DCE questions. A different result might be possible if the 

question design or position was altered in the survey.  

By comparing the Model 1 and Model 2 results in each country, the analysis outcome 

suggested that there were some ordering effects on the utility decrements for some 

attribute levels of Seeing, Hearing, Sleep, Lonely, Depression and Control. The utility 

value distributions had more similarities than differences across the two samples 

where either health or wellbeing attributes appeared first. One explanation for the 

finding, that was contradicted to what has been found previously, was that the 13 

attributes were selected from a single HWB measure, whereas other studies used 

clusters from different measures[202]. Each of the EQ-HWB attributes included was 
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unique and non-overlapping dimension, after systematic attribute generation process 

(by the E-QALY project) and attribute selection process (See Chapter 4). Respondents 

primarily considered the most important pieces of information instead of the order, as 

suggested by DCE valuation study using the QLU-C10D measure[275]. Putting a 

cluster of health or wellbeing attributes first did not lead to an overall significant 

preference difference. 

There was a significant design effect when comparing the DCETTO and DCE-Death 

results from the perspective of attribute preference and the utility distribution, where 

respondents in the DCE-Death group were more cautious about ranking the health 

state as WTD but had lower utility value once the utility was classified as WTD. The 

Wald test outcome indicated that the majority of the anchored coefficients were 

different. Some key aspects may be the reasons for the value set difference, and these 

refer to: (1) whether it was implicit or explicit that the respondent is stating that a state 

is WTD; and (2) modelling strategies. The DCETTO respondents implicitly considered 

death, whereas the DCE-Death tasks asked respondents to compare each health state 

directly to being dead. Respondents may be reluctant to place themselves as explicitly 

preferring death (namely a hesitation to death)[321]. The modelling strategies, 

especially with varied utility function or data set, influenced the scale length and 

preference of attributes[322]. Respondents to the DCE-Death task gave larger utility 

decrements to physical/mental health attributes than wellbeing attributes.  

One potential concern with the DCE-Death design was the lack of WTD responses for 

some respondents, as some respondents do not select any state as WTD. The study 

revealed that 10% to 20% of respondents never selected any state as WTD, which 

was lower than the proportion reported in EQ-5D TTO valuation study[119]. With not 

all participants valuing a state WTD, the health state utilities for the WTD might not 

reflect the general preference of non-selectors[279]. A similar concern with the DCETTO 

design was respondents used heuristics when completing DCETTO tasks. The self-

reported decision-making question asked respondents about their main decision-

making strategy, indicating that around 35% respondents considered all of the 
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information and around 20% of respondents considered the duration attribute only 

when making their choices. By using a constant duration level, the proportion of 

respondents mainly considering the life-extending value decreased to around 4%. 

However, it is hard to make a judgement on whether anchoring the WTD health state 

with smaller proportion of respondents, as with DCE-Death sample, or generating the 

value set with larger proportion of potentially heuristic answers, as with the DCETTO 

sample, is better[271].  

By comparing the data from UK and Australia, we hypothesis that countries were 

similar in terms of aggregated values and other country-specific circumstance. Some 

characteristics of preference (i.e., the HWB relative weight) difference were identified, 

but there are striking similarities in decision and distribution of utility values. Little 

variance on the health state utility level was explained by the country-level difference. 

The conclusion was consistent with comparison study with the EQ-5D-5L value 

set[279]. 

Apart from the additive model with each level coefficients coded as dummy variables, 

the CALE model is another feasible option for valuing the HWB measure. An 

advantage with the CALE model is that there are no insignificant and logically 

inconsistent factors. Researchers do not need to use the consistent utility models to 

ñabsorbô the insignificant levels or attributes. The CALE models share some similar 

characteristics in utility distribution as the additive utility models, which is left-skewed 

with longer tail, and the decision characteristic that deficiency is considered more 

serious with WTD states (disutility increases incrementally for more severe states). 

However, the additive model produced a level decrement ñkinkò, whereas the CALE 

model flattened the distribution to being more linear across the severity levels and 

averaged the disutility across the attributes[323, 324]. The CALE model also required 

strong assumptions about the single impact for different types of attributes that were 

used in EQ-HWB, which were potentially unrealistic. 
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Models were estimated to examine preference heterogeneity through the inclusion of 

interaction terms with key social-demographic characteristics and also through the use 

of a latent class model. There was evidence of preference heterogeneity across all 

dimensions to different degrees. Preference for the dimensions of both health and 

wellbeing differed in different groups of respondents, which emphased the importance 

of sample representativeness for generating a social HWB preference value set in the 

future. 
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Chapter 8 Discussion and Conclusion 

8.1 Main findings  

This thesis reported an international study of using the DCE method in valuing the EQ-

HWB measure, with the research aim to assess the feasibility of generating a value 

set anchored on 0 to 1 death-full health scale. The study provided qualitative and 

quantitative evidence on the feasibility of DCE, focusing on the influence of attribute 

order, design and task formatting, and sample country on the HWB preference. The 

study was conducted in four main stages.  

In stage I (Chapter 1-3), a scoping review and literature review were conducted to 

summarize the implications of current health state valuation methods and DCE design 

strategies from both theoretical and practical perspectives. Over 90% of DCETTO 

studies explicitly assumed linear time preference[123]. Other methodology options, 

including a corrected time preference in DCETTO data regression, ranking design and 

personal/adaptive preference elicitation, were elicited. For the choice set selection, 

efficient design was the preferred approach due to its ability to select the most efficient 

choice sets using informative priors. However, efficient designs typically relied on priors 

from published value sets or small-sample pilot studies to select the most efficient 

choice sets. The EuroQol group identified 4 patterns of preference from different 

regions with the EQ-5D value sets, indicating using published prior information from 

different country may lead to incorrect predictions and inefficient designs[279].    

The second stage (Chapter 4) involved the systematic selection of EQ-HWB attributes 

to construct a DCE survey with lower cognitive burden, reduced collinearity between 

attributes, and fewer dependent error terms. The aim was to test the feasibility of 

valuing more than 9 attributes but fewer than 25 attributes to avoid generating low-

quality data. By reviewing all of the EQ-HWB attributes with 7 criteria, 13 attributes 

selected for the further valuation design. The attribute selection followed DCE design 
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principles[191, 197] and illustrated a novel perspective of valuing a ñEQ-HWB-S bolt-

onò in the future: starting with the EQ-HWB-S measure and picking more important 

EQ-HWB attributes to generate a bolt-on value set, as the health economists do with 

the EQ-5D bolt-on studies[325].  

The third stage (Chapter 5) validated the DCE designs using qualitative data from four 

semi-structured focus group discussions. I developed a triplet DCE design approach 

to the anchoring latent value with relative position to death, as an alternative to the 

DCETTO task. Participants interpreted the DCE and attribute information as expected. 

As reported by other qualitative studies[108], participants often used heuristics to make 

decisions, such as focusing on several important attributes or only considering the 

duration levels. Several studies have considered the rationale of anchoring with dead 

using ranking method[4, 326] or duration levels with quantitative survey data 

before[124, 129], but this study was the first to discuss and head-to-head compare the 

implications of varied design in a structured way. For good to mild health states the 

paired design with duration and a triplet design with death may not make difference, 

but when comparing WTD states or states close to dead, duration attribute played a 

critical role in locating the health states on a QALY scale more than HWB informaiton.  

Finally, Chapters 6 and 7 documented the DCE survey development and application, 

deriving a value set of 13 HWB attributes from a large sample of 4022 respondents in 

the UK and Australia. The data demonstrated the feasibility of using DCETTO and DCE-

Death to generate stable and comparable population value sets. Results indicated that 

DCE design and population influenced HWB distribution and relative preferences, 

while the order of information had a weak effect on the level coefficient. However, a 

large number (around 20 per 53 terms in each model of latent coefficients) were 

insignificances, logical inconsistencies or a combination of both, especially attributes 

with the frequency levels. The statistical insignificance may partly be due to sample 

size or the level wording, as there was some evidence that the frequency levels 

contributed more than severity levels. The qualitative findings (Chapter 5) indicated 
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that there were some difficulties distinguishing between levels 2 ñonly occasionallyò 

and levels 3 ñsometimesò which may have had an impact on the DCE results.  

The relative preference of health and wellbeing attributes were from 4.04 to 7.10 in this 

study, of which sleep, exhausted and concentration valued less. The EQ-HWB pilot 

valuation in the UK found similar relative preference that wellbeing attributes were less 

valued compared to physical health attributes as well[167]. However, the preference 

with physical health contradicted with UK WTP preference research using ICECAP-A, 

where the weight of capability and wellbeing attributes (measure) were 0.7-1.6 times 

larger than the value of health[327]. A PROMIS-29 valuation study, evaluating the 

preference with emotional wellbeing and general health, found respondents valued 

physical function, anxiety and sleep more[136]. Different relative weights may because 

of dimensions/attributes valued and the DCE method used, as well as understanding 

and implicit classification of attributes. The normative frameworks for wording the 

descriptive terms and DCE information presentation, as proposed by Hausman and 

Baker et al., needed a broader academic and public engagement before 

finalization[328, 329]. 

A methodology contribution of this study is the use of CALE model with DCE data and 

the application of the DCE-Death design as an alternative to the DCETTO task. The 

CALE mode assumes a constant level effect across all attributes[309], particular 

attention paying to the significance of worst level and the existence of cross-attribute 

effect. Throughout the 4 regressions with CALE model described in Section 7.4, all of 

the level 5 attributes are significant, and the cross-attribute levels are similar with 

different samples. This empirical evidence supports a deeper exploration of the 

reliability and comparability of constrained attribute effect assumption with a more 

flexible constrained attribute function.  

The DCE-Death design, a concise ranking valuation method with no varied time, 

evaluates disutility relative to death, providing reliable anchoring without time trade-

offs[120]. It is intuitive to use and easy to choose, arguably making the anchoring to 
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death more straightforward. Another advantage is the proportion of respondents 

considered all information increased from 32%(DCETTO) to 42% (DCE-Death), given 

that the triplet design respondents had no chance to focus on the length of life change. 

Although the DCE-Death design has the concern that triplet design considered 

questions with varied decision strategy[126], DCE-Death should be distinguished from 

the BWDCE[181, 330], as the third state dead was rarely considered best in most of 

the cases, nor does the DCE-Death introduced a health third scenario as BWDCE do. 

Our regressions indicated the best-and-worst data in a single DCE-Death question 

provided similar attribute ranking as the DCETTO design in two countries.  

8.2 Recommendations for HWB long measure valuation  

There is a plethora of valuation methodology researchers exploring choice methods in 

constructing value set for long measures[67, 109, 219]. However, a gold standard has 

not been established[331, 332], or any conclusive guideline for the design and 

anchoring. The empirical evidence in this study contributes to this work stream and 

translates the ranking valuation design into a triplet DCE design with death. Overall, 

both DCETTO and DCE-Death are versatile and pragmatic tools to elicit health state 

values with HWB measure. The DCE-Death has demonstrated advantages in data 

quality, level monotonicity, wellbeing attribute significance and consistency to stated 

preference. However, the DCE-Death has generated larger utility range and more 

right-skewed utility distribution. As most of the published studies uses the DCETTO 

method, a feasibility evaluation study using DCETTO method increases the 

comparability with other empirical evidence. By controlling the design effect, the 

proportion of significant but non-monotonic attributes, utility range and model 

performance can be compared. However, researchers should pay more attention to 

duration level selection by testing the levels with qualitative respondents, instead of 

directly ñborrowingò from classic designs, is necessary and more guaranteed.  

So far, it is arbitrary to make a judgement that the DCE-Death is feasible with valuing 

long HWB measures including the EQ-HWB, but the design has provided an alternative 
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anchoring option. The anchoring with duration in DCETTO has been explained as 

ñwillingness to sacrifice duration for healthò[44]. One question is whether ña willingness 

to sacrificeò should be equal to ñwillingness to accept dead stateò. The WTD non-

responses constitutes the answer: 12% - 23% responses refused to consider dead 

state as WTD explicitly. The WTD perspective has spurned debates that continued 

today[271]: should we consider the WTD preference explicitly or implicitly from 

individual respondents. A direct comparison with death can inform the wellbeing effect 

on terminal health state QALY declines better, increasing the data quality and attribute 

significance[333]. Besides, the proportion of individual respondents never selecting 

WTDs provides information on the rationale for using negative utility value in the 

economics evaluation.   

This study explored the valuation study design with a systematic mixed method. By 

evaluating and selecting the proper HWB attributes, all of the valuated attributes had 

at least one attribute level significant with all of the regression models. However, one 

thing that could be considered simultaneously with attribute selection was the level 

performance. A larger number of frequency levels proved to be insignificant or non-

monotonic, which influenced the overall model performance. However, this result 

should not be interpreted independently: most of the wellbeing attributes were 

described by frequency levels. Respondents reported understanding 

issue/inconsistency with the wellbeing attributes and tend to be considered less 

important than health aspects that posed significant influence on daily life. The target 

of this research is to provide insights on the preference influence of design factors, and 

any psychometric property discussion, including the wording of levels, is beyond the 

scope of this research. Frequency levels in EQ-HWB should not be regarded as ñmore 

problematicò compared with the severity levels with the given evidence. On the contrary, 

the comprehensive psychometric evidence provided by E-QALY project and the 

following EQ-HWB studies more thoroughly supported the rationality of using 

frequency levels. 
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From the methodology perspective, qualitative consultations in this study had 

implications for understanding the role key design factors play in the process of forming 

DCE preferences and design follow-up questions. It is recommended for future 

valuation studies to consider attribute and level performances in the DCE attribute 

selection, and collect qualitative evidence to support survey design.  

8.3 Recommendations for future research 

This study plans to do some further analysis with the given data sets. The first 

exploration is analysing the DCETTO choice data with optimized time preference 

method. Marcel Yonkerôs et al proposed the net value of time[334] and a correction of 

time preference DCE with non-linear Bayesian method[126], as two options to consider 

the common non-linear time preference with general public. However, one 

inconsistency for the time preference correction is the design and data modelling 

assumption, whereas using a non-linear factor in the analysis is contradicted with the 

efficiency calculation[236]. Besides, the non-linear time preference challenges the 

conceptual foundation of DCETTO that error term is linear in episodic RUM. By collecting 

the self-reporting decision making strategy and time preference choices in the follow-

up question, the DCETTO data in this study can be modelled with time preference 

segmentation characteristics, instead of the demographic characteristics, in the less 

demanding heterogeneity model[335]. This method can be a more concise modelling 

strategy to understand and produce time-preference corrected QALY. 

Secondly, a comprehensive research program can be devised to understand the 

influence on HWB preference by using alternative models, including logit model with 

HWB interaction terms, CALE model with varied level effect and GARBAGE model ï 

a mixed logit regression. Evaluating the utility models is beyond validating the 

regression insignificant and logically inconsistency with single levels, but to explore the 

potential explanation power and predictive power. It is predicted that varied utility 

models can lead to different effects on mild and extreme states[129]. From an 

econometric point of view, it would be interesting to define the scope of mild state and 
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consider whether piecewise regression with EQ-HWB preference is applicable, and 

discuss the prediction accuracy with self-reported health states (more familiar to 

respondents) and extreme states (less familiar)[279].  

Thirdly, further research can be taken to use stated preference and decision-making 

strategy information in the heterogeneity models. With the DCE-Death data, one 

assumption held with the baseline analysis is that the respondents employed similar 

decision strategy for selecting the best health state and the worst health state. Mixed 

evidence is revealed with this topic: the assumption of consistent decision was likely 

to be the ideal situation[336] and the best-worst DCE tasks had lower consistency[337], 

where social care preference evaluation found consistent preference[338]. This should 

be explored further with the collected UK and Australian DCE data. The decision-

making strategy information can be used in the latent class modelling.  

A key challenge to use stated preference and ranking of HWB attributes to make model 

consistency conclusion is whether they ought to be consistent. Although the regression 

and stated preference provided consistent results with the DCE-Death design and with 

the top-five ranked attributes with DCETTO, further qualitative exploration is required to 

understand the endogenous of stated preference and its relationship with the DCE 

questions. 

8.4 Limitations 

The research has a number of limitations. First, evidence-based study design can be 

improved. This study conducted the item selected based on the initial psychometric 

evidence generated by the EQ-HWB development stage from 2018 to 2022. However, 

some of the item wording and regional psychometric evidence has been updated in 

the following research (e.g., the confirmatory factor analysis has been re-conducted in 

2024 and the exploratory factor analysis results are confirmed to be 

unproblematic{Zhang, 2024 #947}). The item selection may exclude items that should 

be included with the updated evidence. Besides, although there was no collinearity 

after item selection, the item selection approach adopted might not be the most 
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suitable, as a new round of exploratory factor analysis to explore the structure of 

selected items provides more information for the appropriateness of the used measure. 

With the 13 items, this study provided evidence on the feasibility of DCE method but 

the valuation feasibility of whole EQ-HWB measure still need further consideration.  

While using DCE in HWB valuation is practically feasible, the small-sample qualitative 

evidence does not provide evidence with issues with the relative insignificance of 

wellbeing attributes persist. All of the DCE samples have been recruited from an 

existing panel, which might not be fully representative of general public experience 

with DCE and it is hard to ensure the challenges of bots and fraudulent responses. 

The respondents have completed either DCETTO or DCE-Death tasks, indicating 

decision-making strategies and preference with HWB attributes could be different in 

each group. Addressing these issues would require a comprehensive program of 

qualitative research and sampling with face-to-face recruitment.  

Secondly, this study reported here uses less common choice set selection of a 

generator design and uses a novel technique of DCE-Death. The results should be 

interpreted with caution since this is to my knowledge the only study using these 

combinations. Future research is recommended to compare the DCETTO and DCE-

Death results and whether CALE model can be extended with varied level effects.  

Thirdly, due to the large number of health state combinations, it was impossible to 

calculate the proportion of WTD health states by considering all of the possible 

combinations. The Monte Carlo method was used to estimate proportions of WTD 

states, and this procedure may have a random sequence generation bias. Due to the 

process of simulation being very time consuming, undertaking five million simulations 

was the largest number that could be undertaken to inform this PhD submission.  

Finally and most importantly, preference heterogeneity is not fully explored. The 

reported regression outcomes are based on the conditional logit model, where 

homogeneity preference among different populations holds. To provide information 

about preference heterogeneity, this study presented the regression outcomes with 
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latent class models and mixed logit models that considered the demographic factors 

of respondents displayed in this thesis. The informational data collected in the follow-

up questions, including time preference, relative preference of attributes and attitude 

towards death, can be used to generate a robust value set following Bayesian discrete 

choice estimation framework[339] and censored value set with WTD states[271]. The 

societal preference of wellbeing reflects the aggregated preference but not allows 

unique preference of some individual groups[340]. This information is ñwastedò but will 

be analysed and discussed in the future study with the same dataset. Our method and 

dataset provided a chance to quantify the influence of individual factors.  

8.5 Conclusion  

This study conducted a comprehensive mixed method study to test the feasibility of 

valuing health and wellbeing with varied DCE designs, including DCETTO with putting 

health information first, DCETTO with wellbeing information first and DCE-Death design. 

The data analysis found that all of the three designs generated value set on QALY 

scale, with insignificant HWB attributes identified by additive utility function. DCE 

design and sampling country had significant influence on attribute relative preference, 

but insignificant influence on the general trend of utility values. DCE-Death design had 

a smaller number of non-monotonicity and insignificance than DCETTO design, 

regardless of information order. CALE model generated a value set with all single level 

coefficients significant, affecting the mild state utility value distribution.  

This study does not mark the end of research on DCE HWB valuation methodology 

exploration but lays the foundation for further investigation into this topic. The classic 

efficient design, DCETTO method, and modelling functions remain feasible for HWB 

valuation. New pragmatic methods introduced in this study facilitate the construction 

of preferences with a possibility of fewer inconsistencies, greater significance, and 

reduced heuristic. Future research suggestions were made. 
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Table A-1: different forms of optimal designs 

 Mathematical definition Preference 

interpretation 

Disadvantage 

D-efficient 

design 

maximize the determinant 

of the information matrix 

|X'X| 

minimize the 

generalized variance of 

the parameter with 

given prior 

need accurate prior 

values 

C-efficient 

design 

minimizes the variance of 

best linear unbiased 

estimator of cTɓ with linear 

OLS regression 

minimize the marginal 

effect variance of utility 

constrained c-optimal 

design always used 

instead of classical c-

optimality 

A-efficient 

design 

minimize the trace of the 

inverse of the information 

matrix over a specified set 

of design points (a given 

model). 

minimize the average 

variance of the 

parameter estimates 

based on a pre-

specified model 

lack of sample  

G-efficient 

design 

minimize the maximum 

prediction variance 

d=x'(X'X)-1x over a 

specified set of design 

points (a given model). 

select best likelihood 

estimation with the 

given determined points 

and variance 

lack of sample  

V/I-efficient 

design 

minimize the average 

prediction variance 

d=  over a specified 

set of design points. 

select best likelihood 

estimation with the 

given determined points 

and variance 

lack of sample 
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Figure A-1: example of feasible DCE design  

a. DCE with duration format 

 

Source: Bansback, N., Hole, A. R., Mulhern, B., & Tsuchiya, A. (2014). Testing a discrete 

choice experiment including duration to value health states for large descriptive systems: 

addressing design and sampling issues. Social science & medicine, 114, 38-48. 

b. the two-way triplet design with perfect health and imperfect health in 10 years 

 

Source: Jonker, M. F., Attema, A. E., Donkers, B., Stolk, E. A., & Versteegh, M. M. (2017). Are 
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health state valuations from the general public biased? A test of health state reference 

dependency using selfȤassessed health and an efficient discrete choice experiment. Health 

economics, 26(12), 1534-1547. 

c. two-way triplet design with immediate death 

 

Source: Lim, S., Jonker, M. F., Oppe, M., Donkers, B., & Stolk, E. (2018). Severity-stratified 

discrete choice experiment designs for health state evaluations. Pharmacoeconomics, 36, 

1377-1389. 

d: triplet design with immediate death and varied duration 

 

Source: Norman, R., Cronin, P., & Viney, R. (2013). A pilot discrete choice experiment to 

explore preferences for EQ-5D-5L health states. Applied health economics and health 

policy, 11, 287-298. 
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Table A-2: The EQ-HWB measure (2022 UK version) 

In the last 7 days: No difficulty 
Slight 

difficulty 
Some difficulty 

A lot of 
difficulty Unable 

1.  How much difficulty did you have seeing? (using e.g. 
glasses or contact lenses if you normally use them)      

2.  How much difficulty did you have hearing? (using 
e.g. hearing aids if you normally use them) 

     

3.  How much difficulty did you have getting around 
inside and outside? (using e.g. a walking stick or 
wheelchair if you normally use them) 

     

4.  How much difficulty did you have doing day-to-day 
activities? (e.g. working, shopping, housework)      

5.  How much difficulty did you have washing, using the 
toilet, getting dressed, eating, or caring for your 
appearance? 

     

  

In the last 7 days, did you: None of the 
time 

Only 
occasionally 

Sometimes Often 
Most or all of 

the time 

6.  have problems with your sleep?      



201 

 

7.  feel exhausted?      

8.  feel lonely?      

9.  feel that people did not support you?      

 

In the last 7 days, did you: None of the 
time 

Only 
occasionally 

Sometimes Often 
Most or all of 

the time 

10.  have trouble remembering?      

11.  have trouble concentrating or thinking 
clearly?      

12.  feel anxious?      

13.  feel unsafe? (e.g. fear of falling, physical 
harm, abuse)      

14.  feel frustrated?      

15.  feel sad or depressed?      

16.  feel you had nothing to look forward to?      

17.  feel you had no control over your day-to-day 
life? (e.g. had no choice to do things or have      
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things done for you as you liked and when 
you wanted) 

18.  feel unable to cope with day-to-day life?       

 

In the last 7 days: None of the 
time 

Only 
occasionally 

Sometimes Often 
Most or all of the 

time 

19.  Did you feel accepted by others? (e.g. felt 
like you were able to be yourself and that 
you belonged) 

     

20.  Did you feel good about yourself?      

21.  Could you do the things you wanted to do?      
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In the last 7 days, did you: None of the time 
Only 

occasionally 
Sometimes Often 

Most or all of 
the time 

22.  have physical pain?      

 

23.  Please select one response to describe how much physical pain you had in the last 7 days. Did you have: 

 no physical pain?  
 mild physical pain?  
 moderate physical pain?  
 severe physical pain?  
 very severe physical pain?  

 

In the last 7 days, did you: None of the time 
Only 

occasionally 
Sometimes Often 

Most or all of 
the time 

24.  have physical discomfort? (e.g. feeling sick, 
breathless, itching) (not including pain)      

 

25.   Please select one response to describe how much physical discomfort you had in the last 7 days. Did you have: 

 no physical discomfort?  
 mild physical discomfort?  
 moderate physical discomfort?  
 severe physical discomfort?  
 very severe physical discomfort?  
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Table A-3: The EQ-HWB measure (2022 UK version) 

In the last 7 days: No difficulty 
Slight 

difficulty 
Some difficulty 

A lot of 
difficulty Unable 

1.  How much difficulty did you have getting around 
inside and outside? (using e.g. a walking stick or 
wheelchair if you normally use them) 

     

2.  How much difficulty did you have doing day-to-day 
activities? (e.g. working, shopping, housework)      

  

In the last 7 days, did you: None of the 
time 

Only 
occasionally 

Sometimes Often 
Most or all of 

the time 

3.  feel exhausted?      

4.  feel lonely?      

 

In the last 7 days, did you: None of the 
time 

Only 
occasionally 

Sometimes Often 
Most or all of 

the time 

5.  have trouble concentrating or thinking 
clearly?      

6.  feel anxious?      

7.  feel sad or depressed?      
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8.  feel you had no control over your day-to-day 
life? (e.g. had no choice to do things or have 
things done for you as you liked and when 
you wanted) 

     

 

9.  Please select one response to describe how much physical pain you had in the last 7 days. Did you have: 

 no physical pain?  
 mild physical pain?  
 moderate physical pain?  
 severe physical pain?  
 very severe physical pain?  
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Table A-4: The EQ-HWB measure (2022 UK version) 

Method Key Words: discrete choice experiment, discrete choice experiments, DCE, 

conjoint analysis 

 DCE   (translated) 

Measurement-related 

Key Words:  

Preference based measure, PBM, EQ-5D, euroqol, SF-6D, 

Multiattribute utility instrument, MAUI, Utility measure, health 

related quality of life, quality of life, preferences, health state 

valuation, valuation, choice experiments, choice modelling 

 EQ-5D

euroqol SF-6D  MAUI

    

 HRQOL    

  (translated) 
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Table A-5: Study categorization 

Study Year Categorization  Characteristics  Measure 

  Data source Research objective   Country1  

Al Shabasy, et al.[341]  2022 Primary Value set development  Egypt General public EQ-5D-5L 

Andrade, et al.[342] 2020 Primary Value set development  French General public EQ-5D-5L 

Augustovski et al. 

[201] 
2020 

Primary 
Methodology research 

 
Peru General public EQ-5D-5L 

Bahrampour et al. 

[191] 
2021 

Primary 
Value set development 

 
Australia General public CP-6D 

Baji et al. [189] 2020 
Primary 

Methodology research 
 Hungary, Poland, 

Slovenia 
General public CarerQol-7D 

Bouckaert  et al.[343] 2021 Primary Value set development  Belgium General public EQ-5D-5L 

Chemli, et al. [344] 2021 Primary Value set development  Tunisia General public EQ- 5D-3L 

Chen, et al. [345] 2021 Primary Value set development  Australia General public QCE 

Comans et al. [135] 2020 Primary Preference comparison  Australia General public AD-5D 

Dams et al. [188] 2021 Primary Value set development  Germany General public ICECAP-SCM 

Doherty et al. [228] 2021 Secondary Methodology research  Ireland General public EQ-5D-5L 

Dufresne et al. [252] 2021 Primary Value set development  Canada  0-17 children and patients SF-6Dv2 

Fenwick et al. [184] 2020 Primary Value set development  Australia Patients DRU-I 

Ferreira et al. [346] 2019 Primary Value set development  Portugal General public EQ-5D-5L 

Finch et al. [347] 2021 Primary Value set development  Italy General public EQ-5D-5L 

Finch et al. [348] 2021 Primary Value set development  Spain General public QLU-C10D 

Gamper et al. [349] 2020 Primary Value set development  Austra, Italy, Poland General public QLU-C10D 

Gutierrez-Delgado et 2021 Primary Value set development  Mexico General public EQ-5D-5L 
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Study Year Categorization  Characteristics  Measure 

  Data source Research objective   Country1  

al. [350] 

Hansen et al. [351] 2022 
Secondary 

Methodology research 
 Norway,  Netherlands and 

United States 
General public EQ-5D-5L 

Himmler et al. [125] 2022 Primary Value set development  Netherland Elderly people WOOP 

Hoogendoorn et al. 

[118] 
2019 

Primary 
Preference comparison 

 
Dutch General public EQ-5D-5L with bolt-on 

Jansen et al. [352] 2021 Primary Value set development  Dutch General public QLU-C10D 

Jensen, et al. [353] 2021 Primary Value set development  Denmark  General public EQ- 5D-5L 

Jiang  et al.[354] 2022 Primary Value set development  US General public Neck Disability Index 

Jonker, et al. [221] 2019 Primary Methodology research  Dutch General public EQ- 5D-5L 

Jyani et al. [139] 2022 Primary Value set development  India General public EQ- 5D-5L 

Kemmler et al. [355] 2019 
Primary 

Value set development 
 
Germany General public 

QLU-C10D (Germany 

1/2 versions) 

King et al. [356] 2021 Primary Value set development  Australia General public FACT-8D 

Krabbe et al. [183] 2020 
Primary 

Value set development 
 
Hong kong, UK, USA 

General public and primary 

caregivers 
IQI 

Kreimeier et al. [357] 2022  Primary Value set development  Germany General public EQ-5D-Y 

Lim, et al. [126] 2018 Primary Methodology research  Dutch General public EQ- 5D-5L 

Ludwig, et al. [358] 2018 Primary Value set development  Germany General public EQ-5D-5L 

Malik  et al. [225] 2022 Primary Value set development  Pakistan General public EQ-5D-3L 

Marten et al. [280] 2020 Secondary Methodology research  UK General public EQ-5D-5L 

McTaggart-Cowan  et 

al. [359] 
2019 

Primary 
Value set development  

 
Canada General public QLU-C10D 

Miguel et al. [360] 2022 Primary Value set development  Philippines General public EQ-5D-5L 
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Study Year Categorization  Characteristics  Measure 

  Data source Research objective   Country1  

Mott et al. [182] 2021 
Primary 

Value set development 
 
UK 

General public and 

adolescence (age 11 to 17) 
EQ-5D-Y-3L 

Mulhern et al. [202] 2019 Primary Value set development  Australia General public EQ-5D-5L and ASCOT 

Mulhern et al. [204] 2020 
Primary Methodology research and 

Value set development 

 
UK General public SF-6Dv2 

Nerich et al. [361] 2021 
Primary 

Value set development 
 
France General public QLU-C10D 

Norman, et al. [194] 2019 Primary Value set development  UK General public QLU-C10D 

OôHara et al. [186] 2021 
Primary 

Methodology research 
 
US 

General public and people 

with haemophilia 
EQ-5D-5L 

Omelyanovskiy et 

al.[362] 
2021 

Primary 
Value set development 

 
Russia General public EQ- 5D-3L 

Pattanaphesaj et al. 

[363] 
2018 

Primary 
Value set development 

 
Thailand General public EQ-5D-5L 

Pahuta  et al. [364] 2021 Primary Value set development  US General public SOSGOQ-8D 

Pickard, et al. [365] 2019 Primary Value set development  US General public EQ-5D-5L 

Prevolnik and 

Ogorevc. [366] 
2021 

Primary 
Value set development 

 
Slovenia General public EQ- 5D-Y 

Ramos-Go¶i  et 

al.[367] 
2022 

Primary Methodology research and 

value set  development 

 
Spain General public EQ- 5D-Y 

Ramos-Go¶i et al. 

[368] 
2022 

Primary 
Methodology research 

 
US and UK General public EQ- 5D-Y 

Ratclife  et al. [185] 2022 
Primary 

Value set development 
 
Australia  

Home care and residential 

care aged people 
QOL-ACC 
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Note: 1. Studies included population in more than one country 

Study Year Categorization  Characteristics  Measure 

  Data source Research objective   Country1  

Rencz et al. [369] 2022 Primary Value set development  Hungary General public EQ- 5D-Y 

Revicki et al. [370] 2021 Primary Value set development  US General public QLU-C10D 

Rogers et al. [371] 2022 
Primary 

Value set development 
 
UK 

Adolescents and  General 

public 
CARIES-QC-U 

Rowen, et al. [197] 2018 Primary Value set development  UK General public HASMID 

Rowen, et al. [318] 2021 Primary Methodology research  UK General public DMD-QoL 

Roudijk et al. [372] 2022 Primary Value set development  Netherlands General public EQ- 5D-Y 

Shafie, et al. [198] 2019 Primary Value set development  Malaysia General public EQ-5D-5L 

Shah et al. [195] 2020 
Primary 

Methodology research 
 
UK General public 

EQ-5D-Y-3L  

and EQ-5D-3L 

Shiroiwa et al. [207] 2021 Primary Value set development  Japan General public EQ- 5D-Y 

Sullivan et al. [219] 2020 
Primary Value set development and 

Methodology research 

 
New Zealand General public EQ-5D-5L 

Tsuchiya, et al. [373] 2019 
Primary 

Methodology research 
 
UK General public 

EQ-5D-3L 

EQ-4D-3L 

Voormolen et al. [190] 2020 Primary Value set development  Italy, Netherland, UK General public QOLIBRI-OS 

Webb et al. [374] 2020 Primary Methodology research  UK General public EQ-5D-3L 

Welie, et al. [375] 2020 Primary Value set development  Ethiopia General public EQ- 5D-5L 

Wu et al. [177] 2021 Primary Value set development  China General public SF-6Dv2 

Wu et al. [177, 376] 2020 Primary Methodology research  China General public SF-6Dv2 

Zhu  et al. [377] 2022  Primary Value set development  China General public CQ-11D 
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Figure A-2: Our review was conducted in line with Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
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Records removed before screening: 
Duplicate records removed (n =7) 

Review and intervention preference 

study records marked as ineligible by 

automation tools (n =0) 

Records removed for other reasons (n 

= 0) 

Records identified from: 

Total: (n=1179) 

CNKI Chinese Databases (n=30) 

Wanfang Chinese Database (n=16) 

Cochrane English Database (n=27) 

PubMed English Database (n=1106) 

Records screened after duplication 

and nonКrelevant check  (n = 1172) 

Records excluded  

(n = 1063) 

Reports sought for retrieval 

(n = 109) 

Reports not retrieved 

(n = 0) 

Reports assessed for eligibility 

(n = 109) 

Studies included in review 

(n = 65) 

 

Reports excluded: 

Qualitative research (n = 19) 

Article 

= 11) 

Research protocol (n = 3) 

      Methodology unsuitable (n= 9) 

      None health state measure (n = 2) 



212 

 

Appendix B: Focus group consultation Topic Guide

Appendix B: Focus group consultation Topic Guide 
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Valuing Wellbeing alongside Health with the DCE Method 

topic guide 

23/11/2022   

 

1. Consent, make sure every participant obtained informed consent and oral agreement on site. 

 

2. Introduction (1.5 Minutes) 

¶ Welcome and thank you for joining our group discussion on exploring the study design method.  

¶ [Introduction to the PhD project and the measure] 

¶ [Instruction on the focus group objective] 

 

3. Ground Rules (0.5 Minutes) 

 

4. Introduction (5 Minutes) 

 

5. [Topic one: DCE presentation strategy] (20 Minutes)  
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 [present a dominant example]. The left column shows the aspect of health or wellbeing which are pretty similar with the 

information in the questionnaire you have. The middle and right columns show the descriptions, called Life A and Life B. These 

are levels of the corresponding factor. For example, if there is a ñno difficultyò for ñIn seeingò, that means there is no problem 

with seeing. Aspects that are different for Life A and Life B are highlighted in yellow (ñwe can see there are six yellow lines) with 

the remaining 7 all having the same level of severity.  

 

Looking at Life A and Life B, which description would you prefer?  

Now it is your time and please tell me your answer once you make up your mind.  

 

6. ICE-BREAKING (5 Minutes) 

 To start with, Iôd like to let you get familiar with these aspects by evaluating your own health and wellbeing based on these 

aspects. Under each heading, please tick the one box that best describes your health or wellbeing in the last 7 days. If there are 

any questions about the aspect, please raise your hand and I will further explain to you. 

 

Thank you for filling the questionnaire. I could see all of you have pretty good health.  
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The format is the same as the the warm up question but the two LIFE information is different [present one DCE choice set with 

efficient design as example ] As before, there is Life A and B with different description level and differences are highlighted with 

light yellow colour.  

a. If you were asked to select the hypothetical state you prefer, would you be able to make up your decision? How did you 

make the decision?  [Open discussion, why is that? Ask what do you think of the presentation of the information? Whether 

or not the fixed attributes provides useful information to assist your decision?]  

b. Does the attribute highlighting (yellow colour) influence your decision-making process? 

[Open discussion. If yes, how does it influence? Provide other color-coding examples  (i) shades of colours for different 

levels (ii) ñtraffic lightò colour for different levels, do you prefer light yellow or the other two? Why?  Do you think the 

used colour influence your decision process (color-coding option)?]  

[When answer is ľNOĿ move onto] 

c. What about other design factors. Do you think the order of descriptive factors influences your decision?  

[Open discussion.  Does it influence a lot and cause any difficulty in interpreting the information? Do you use any 

techniques to overcome the influence?] 

d. Are there any parts of the description that you find not clear? Which one and why?  

[Optional. Summarize points raised before] 

e. Which is better / which do you think is better [Highlighting question] 

Subject important? 
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7. [Topic two: DCE design strategy] (24 Minutes, 10 for the first and second comparison each, 4 for question explanation in total) 

Here we presents you with two new designs of comparison questions, which is similar with the first design. Each of the new questions 

consists of Life A and Life B containing the same statement information, but using a different presentation strategy.  

The strategy 2 has two columns, with a full sentence to describe each factor. We can see that factor levels are underlined and the 

attributes that are different are highlighted with grey.  

 

Presentation strategy 3 has three columns but the first column uses one word to summarize the factor, as a label. And the following 

two columns are levels. No highlighting colour is used. Asking double negative [Highlighting question] also refer the never feel 

unsupported in warm-up.  

 

a. Which presentation strategy do you prefer, do you think any of the design characteristics in the two new designs helps you 

to understand the information easier? 

[Open discussion ͠  probe, why is that? Ask for how do they think about having label for each attribute 

What is participantsô views on long attribute description] 

 

8. Each of the new comparison consists of Life A and Life B containing the same attribute information as well. Design strategy 4 has a 

label for each factor. The following two columns provided level information, and we could see factors with the same levels are 

grouped. For example, we can see in the first part, lonely, sleeping, concentrating and daily activity are all Slight difficulty/only 

occasionally in Life A and Life B. In the third and fourth part, hearing is No difficulty, and there is Moderate physical pain for both 

life. The second part contains level information of those factors with different levels. For example, there is no vision problem for life 
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A and a lot of vision difficulty for life B. Light and deep colour in both lifes represent different levels, the deeper the colour, the more 

serious the health problem will be. 

 

For presentation strategy 5, we divide a single question into three sub-questions and each sub-question only present part of the 

information. It consists of only 3~6 factors. The overall question number will be tripled. In another word, fewer information for each 

question, but the question number is proportionally increased (2~3 times). The first sub-question contains four physical function 

factors, the second sub-question contains six mental or wellbeing factors, the last sub-question contains sleep, exhausting and pain 

feeling. The factors are described by a sentence reporting the health problem and its severity, just as the previous design shows. Levels 

are written with bold text and all together the three questions present the same information as the previous designs.  

 

a. Which presentation strategy do you prefer, or which design strategy helps you to understand the information easier? 

[Open discussion ͠  probe, why is that? Ask do you think containing less information in each task, but have more tasks, is better 

or worse than one task contains more information, but have less task? Why? 

How did you make your choice if less information presented? Will you consider attributes that not appear? If yes, how?]  

 
b. Compared with a more complete design, do you think the small aspects enough for making judgement? 

 

9. [Topic three: DCE anchoring] (26 Minutes, 10 for the first and second comparison each, 6 for question explanation in total) 

Letôs look at strategy 6. Life A and Life B presents you with the same information as above. However, there is a duration information 

for you to consider: imagine you will live with the health problems for the given number of years, then followed by death. The given 

time varies across the two states. For example, if you select Life A, it means living with the health problems described in Life A for 10 
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years is better than living with the health problems described in Life B for 4 years. When you are doing the comparison, you need to 

consider both quality of life and duration of life information. [need time control, shorter] 
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a. Compared with the comparison in presentation strategy I, where no time information included, do you think the added time 

information influenced your decision? What do you think of the state with the time in it? [Ask participants how they consider 

time with health: do you think the statement and question is clear enough? How do you think about the question in general and 

how do you make your choice?] 

b. You like the duration on top or bottom? Is it influence your decision process [Highlighting question] 

10. Life A consists of more severe mobility problems, mental health issue and pain feelings. Sometimes people may consider a health 

state is so bad that is worse than death. For example, people may regard persistent vegetative state as worse than death. There are 

three questions: compare Life A with being dead (from antepenultimate line), compare Life B with being dead and compare Life A 

and Life B. You need to make the decision and provide your answer on the last three lines. [Highlighting question] 

 

c. How do you think about the question in general/Do you think you can always make your choice? Do you think this question is 

hard to answer? Do you think there is a health state worse than death? [If answer yes, ask to describe. If answer No, why?] 

d. Which task, presentation strategy 6 and 7, do you prefer to answer?   

 

11. [Topic four: DCE question wording and discrete choice question sets] (8 Minutes) 

Imagine that you need to complete 12 comparison questions similar to the first task. But this time, there is no one like me to help you 

to understand.  

a. Do you think you can understand what you need to do with my introduction in the first question? Do you think you can 

understand the question without my explanation at first [If no, ask: What other background information do you need for 

understanding the question 
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b. There are several examples to ask the task question on the last page. Which expression do you think the clearest and easiest 

to understand what you should do? 

o Please consider and imagine living with the two health descriptions below. Then tell us which description you would 

prefer to live in. 

o Please indicate which state is better 

 

c. Is there anything important that you would like to mention about the task design and understanding? 

 

[Ending Topic]  

That is the end of my questions, anything else you would like to bring up? 

 

12. Summary & thank participants, thank the interviewee for their time and useful input to the design of our study. Reaffirm that what 

we discussed today will remain anonymous.  
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The presented DCE designs:  

 Life A  Life B 

In seeing No difficulty No difficulty 

In hearing No difficulty No difficulty 

In getting around inside and outside No difficulty No difficulty 

In doing day-to-day activities Slight difficulty No difficulty 

You feel you have no control over your day-

to-day life 

Never Never 

You have trouble concentrating/thinking 

clearly 

Only occasionally Never 

You feel anxious Never Never 

You feel sad/depressed Never Never 

You feel lonely Never Never 

You feel unsupported by people Only occasionally Never 

You have problems with your sleep Only occasionally Never 

You feel exhausted Only occasionally Never 

You have physical pain Mild physical pain   No physical pain   

Which would you choose? 
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 Life A  Life B  

 You have no difficulty  seeing You have some difficulty seeing  

 You have no difficulty  hearing You have no difficulty  hearing 

 
You have some difficulty getting around 

inside and outside 

You have slight difficulty  getting around 

inside and outside 

 
You have slight difficulty  doing day-to-day 

activities 

You have slight difficulty  doing day-to-

day activities 

 
You never feel you have no control over 

your day-to-day life 

You sometimes feel you have no control 

over your day-to-day life 

 
You only occasionally have trouble 

concentrating/thinking clearly 

You only occasionally have trouble 

concentrating/thinking clearly 

 You sometimes feel anxious You often feel anxious 

 You often feel sad/depressed You only occasionally feel sad/depressed 

 You only occasionally feel lonely You only occasionally feel lonely 

 
You only occasionally feel unsupported by 

people 

You sometimes feel unsupported by 

people 

 
You only occasionally have problem with 

your sleep 

You only occasionally have problem with 

your sleep 

 You only occasionally feel exhausted You never feel exhausted 

 You have moderate physical pain You have moderate physical pain 

Which is better? Life A or B 
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 Life A  Life B 

Vision No difficulty seeing  Some difficulty seeing  

Hearing No difficulty hearing No difficulty hearing 

Mobility  
Some difficulty getting around inside and 

outside 

Slight difficulty getting around inside and 

outside 

Daily activity  Slight difficulty doing day-to-day activities Slight difficulty doing day-to-day activities 

Control  
Never feel you have no control over your 

day-to-day life 

Sometimes feel no control over your day-

to-day life 

Concentrating/ thinking 

clearly 

Only occasionally have trouble 

concentrating/thinking clearly 

Only occasionally have trouble 

concentrating/thinking clearly 

Anxious Feel anxious sometimes Often feel anxious 

Sad/depressed Often feel sad/depressed Feel sad/depressed only occasionally 

Loneliness Feel lonely only occasionally Feel lonely only occasionally 

Support 
Feel unsupported by people only 

occasionally 
Feel unsupported by people sometimes 

Sleep Have problem with sleep only occasionally Have problem with sleep only occasionally 

Fatigue Feel exhausted only occasionally Never feel exhausted  

Pain Moderate physical pain Moderate physical pain 

Which is better? Life A or B 
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 Life A  Life B 

Lonely 
Slight difficulty/ 

only occasionally 

 

Sleeping 

concentrating/thinking clearly 

Daily activity  

   

Mobility  Some difficulty Slight difficulty 

Anxious Sometimes Often 

Sad/depressed Often Only occasionally 

Control  Never Sometimes 

Unsupported by people Only occasionally Sometimes 

 Feeling exhausted Only occasionally Never 

Vision No difficulty Some difficulty 

   

Hearing No difficulty  

   

Pain Moderate physical pain 

   

Which is better? Life A or B 
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Life A  Life B  Question 1 

No difficulty  seeing  Some difficulty seeing  

Have problem with sleep only occasionally Have problem with sleep only occasionally 

Feel anxious sometimes Often feel anxious 

Slight difficulty doing day-to-day activities Slight difficulty  doing day-to-day activities 
 

 

Which is better? Life A or B 

 

Life A  Life B  Question 2 

Never feel you have no control over your 

day-to-day life 

Sometimes feel no control over your day-

to-day life 

No difficulty  hearing No difficulty  hearing 

Some difficulty getting around inside and 

outside 

Slight difficulty  getting around inside and 

outside 

Often feel sad/depressed Feel sad/depressed only occasionally 

Feel lonely only occasionally Feel lonely only occasionally 

Feel unsupported by people only 

occasionally 
Feel unsupported by people sometimes 

 

 

Which is better? Life A or B 

 

Life A  Life B  Question 3 

Only occasionally have trouble 

concentrating/thinking clearly 

Only occasionally have trouble 

concentrating/thinking clearly 

Feel exhausted only occasionally Never feel exhausted  

Moderate physical pain Moderate physical pain 
 

 

Which is better? Life A or B 
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 Life A Life B 

In seeing Unable A lot of difficulty 

In hearing No difficulty No difficulty 

In getting around inside and outside A lot of difficulty Some difficulty 

In doing day-to-day activities A lot of difficulty A lot of difficulty 

You feel you have no control over your day-to-day 

life 

Never Sometimes 

You have trouble concentrating/thinking clearly Often Often 

You feel anxious Most or all of the time Often 

You feel sad/depressed Often Only occasionally 

You feel lonely Often Often 

You feel unsupported by people Only occasionally Sometimes 

You have problems with your sleep Most or all of the time Most or all of the time 

You feel exhausted Only occasionally Never 

You have physical pain Severe physical pain   Severe physical pain     

Better than being dead 
  

Worse than being dead 
  

Which is better? Life A or B 
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Appendix C: DCE Survey Design 

Appendix C: DCE Survey Design 
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Table C-1: the DCE design samples 

a. The DCETTO paired comparison format example: EQ-HWB order design I 

    

    

    

    

    

    

    

    

    

    

    

    

    

    

    

 

 
   

 



229 

 

b. The DCETTO paired comparison format example: wellbeing first order design II 
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c. The DCE-Death triplet comparison format example: design III 
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Valuing Health and Wellbeing  

Consent Form (example) 

 This survey will ask respondents to answer comparison questions including death as 
an option 

Please initial the appropriate boxes Yes No 

Taking Part in the Project   

I have read and understood the project information above.  
  

I agree to take part in the project.  I understand that taking part in the project will include 

completing the research survey questionnaire which involves comparison questions on health, 

wellbeing, life expectancy and death. 

 

 

I understand that choosing to participate as a volunteer in this research, does not create a legally 

binding agreement, nor is it intended to create an employment relationship with the University of 

Sheffield and the consulting company SurveyEngine. 

 

 

I understand that my taking part is voluntary and that I can close the survey at any point, and if I do 

not complete the survey, my data will not be used. If I complete the survey, my data cannot be 

withdrawn as it is anonymous.  

 

 

How my information will be used during and after the project   

I understand that no personal identifying information will be shared with the researcher.  
  

I understand and agree that my answers may be quoted in publications, reports, web pages, and 

other research outputs in and out of the University of Sheffield. I understand that I will not be 

named in these outputs. 

 

 

I understand and agree that other authorised researchers may have access to the anonymous data. 
  

I understand and agree that other authorised researchers may use my anonymous data in 

publications, reports, web pages, and other research outputs. 

 

 

So that the information you provide can be used legally by the researchers   

I agree to assign the copyright I hold in any materials generated as part of this project to The 

University of Sheffield. 

  

 

This survey will ask respondents to answer comparison questions including death as 
an option. 
   

Participants are expected to ŎƻƳǇƭŜǘŜ ǘƘŜ ŎƻƴǎŜƴǘ ŦƻǊƳ ƻƴƭƛƴŜ ōȅ ŎƭƛŎƪƛƴƎ ǘƘŜ ΨŀƎǊŜŜ ŀƴŘ 
ǳƴŘŜǊǎǘŀƴŘΩ ōǳǘǘƻƴ ōŜŦƻǊŜ ǘƘŜ ƻƴƭƛƴŜ ǎǳǊǾŜȅ ǎǘŀǊǘΦ 
 
Project contact details for further information: 
 
SurveyEngine contact information to be added 

Haode Wang: hwang165@sheffield.ac.uk, 30 Regent St, Sheffield City Centre, Sheffield S1 4DA  Donna Rowen: 
d.rowen@sheffield.ac.uk, 30 Regent St, Sheffield City Centre, Sheffield S1 4DA 

Participant Information Sheet (example) 

Research project title 

mailto:hwang165@sheffield.ac.uk
mailto:d.rowen@sheffield.ac.uk
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Valuing health and wellbeing. 

1. Invitation to participate 

You are invited to take part in a research project. Before you decide whether to participate, it is 

important for you to understand why the research is being done and what it will involve. Please take 

time to read the following information carefully and discuss it with others if you wish. Please contact 

us if there is anything that is not clear or if you would like more information. Take time to decide 

whether you wish to take part. Thank you for reading this. 

2. ²Ƙŀǘ ƛǎ ǘƘŜ ǇǊƻƧŜŎǘΩǎ ǇǳǊǇƻǎŜΚ 

The research project is testing the feasibility of valuing health and wellbeing using a paired 

comparison method. In each of the questions, we will present you two imaginary states to find out 

your health and wellbeing preference. This international research will be launched in both the UK 

and Australia. The findings will be used to instruct future studies and to inform healthcare resource 

allocation decisions in both countries. 

3. Why have I been chosen? 

You have been chosen because you are a member of online panels accessed by consulting company 

Surveyengine and meet our selection criteria.  

4. Do I have to take part? 

It is up to you to decide whether or not to take part. If you decide to take part, you will be asked to 

consent before answering the questions. You can also email the survey organiser SurveyEngine 

(email to be added) to ask for more information about the project. You can leave the survey at any 

time without any reason, and if you do not finish the survey, your data will not be used.  

5. What will happen to me if I take part? What do I have to do? 

We would like to invite you to take part in a 15-20 minute online survey. It is expected that you 

complete the questions by yourself, and you do not need discussion with others. There are no right or 

wrong answers.  

Prior to starting the survey, you will complete a consent form. Please take some time to read through 

the information sheet and consent form.   

In the survey, you will be asked questions about you, such as gender, age, education level and health 

status. Then there will be 12 questions (including a warm-up question) which each show two 

descriptions of health and wellbeing with life expectancy, and ask you to choose which you think is 

better. There will be a practice question that explains these questions.  

After the comparison questions, you will be asked what you thought of the survey.  

 

6. What are the possible disadvantages and risks of taking part? 

There is no anticipated risk in taking part in this survey, but the paired comparison question will ask 

you to consider aspects of health, wellbeing, and life expectancy in choosing the answer to the 

question. If you find some of the questions upsetting, or if you wish to seek advice or reassurance 

about your own health, then either contact your GP or helpline 1800 022 222. It is okay not to 

answer a question, or to stop the survey by simply clicking the close button.  After withdrawing, the 

data will not be analysed. 

7. What are the possible benefits of taking part? 

You will be reimbursed by [panel company SurveyEngine use].  
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8. Will my taking part in this project be kept confidential? 

All the information we collect about you during the survey will be kept strictly confidential and will 

only be accessible to members of the research team and SurveyEngine.  

Anonymised data will be used to support research dissemination, including presentations, reports 

and/or publications. You will not be able to be identified in any reports or publications.   

9. What is the legal basis for processing my personal data? 

According to data protection legislation, we are required to inform you that the legal basis we are 

ŀǇǇƭȅƛƴƎ ƛƴ ƻǊŘŜǊ ǘƻ ǇǊƻŎŜǎǎ ȅƻǳǊ ǇŜǊǎƻƴŀƭ Řŀǘŀ ƛǎ ǘƘŀǘ ΨǇǊƻŎŜǎǎƛƴƎ ƛǎ ƴŜŎŜǎǎŀǊȅ ŦƻǊ ǘƘŜ ǇŜǊŦƻǊƳŀƴŎŜ 

ƻŦ ŀ ǘŀǎƪ ŎŀǊǊƛŜŘ ƻǳǘ ƛƴ ǘƘŜ ǇǳōƭƛŎ ƛƴǘŜǊŜǎǘΩ ό!ǊǘƛŎƭŜ 6(1)(e)). Further information can be found in the 

¦ƴƛǾŜǊǎƛǘȅΩǎ tǊƛǾŀŎȅ bƻǘƛŎŜ https://www.sheffield.ac.uk/govern/data-protection/privacy/general. 

10. What will happen to the data collected, and the results of the research project? 

All data collected as part of this study will be held securely and in confidence at the University of 

Sheffield, and available to the research group and related institutes only. No identifying details 

(names, contact details) will be collected in the survey.  

Anonymised data may be shared and archived online to support a research publication and to 

enable the fair reuse of the data by interested researchers.  

We intend to publish the results of this research project in an academic journal and present it at 

academic conferences. If you would like a copy of the results, please email the survey organizer 

SurveyEngine (email to be added). You will not be identifiable in these outputs and the results will 

not be automatically shared with you if you do not actively contact the research team. 

11. Who is organising and funding the research? 

This research is funded by the EuroQol Research Foundation. 

12. Who is the Data Controller? 

The University of Sheffield will act as the Data Controller for this study. This means that the 

University is responsible for looking after your information and using it properly. 

13. Who has ethically reviewed the project? 

¢Ƙƛǎ ǇǊƻƧŜŎǘ Ƙŀǎ ōŜŜƴ ŜǘƘƛŎŀƭƭȅ ŀǇǇǊƻǾŜŘ Ǿƛŀ ǘƘŜ ¦ƴƛǾŜǊǎƛǘȅ ƻŦ {ƘŜŦŦƛŜƭŘΩǎ 9ǘƘƛŎǎ wŜǾƛŜǿ tǊƻŎŜŘǳǊŜΣ ŀǎ 

administered by the Sheffield Centre for Health and Related Researchand the Curtin Human 

Research Ethics Committee, Australia. 

14. What if something goes wrong and I wish to complain about the research or report a concern 

or incident? 

You can withdraw or leave the survey at any time if you feel uncomfortable. You can report any 

discomfort and distress to Haode Wang or the survey organizer.  

If you are dissatisfied with any aspect of the research and wish to make a complaint, please contact 

the supervisor (Professor Donna Rowen) in the first instance. If you feel your complaint has not been 

handled in a satisfactory way you can contact the Head of the Division of Population Health (Dr 

Louise Preston, l.r.preston@sheffield.ac.uk). If the complaint relates to how your personal data has 

ōŜŜƴ ƘŀƴŘƭŜŘΣ ȅƻǳ Ŏŀƴ ŦƛƴŘ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ Ƙƻǿ ǘƻ ǊŀƛǎŜ ŀ ŎƻƳǇƭŀƛƴǘ ƛƴ ǘƘŜ ¦ƴƛǾŜǊǎƛǘȅΩǎ tǊƛǾŀŎȅ 

Notice: https://www.sheffield.ac.uk/govern/data-protection/privacy/general. 

If you wish to make a report of a concern or incident relating to potential exploitation, abuse or 

ƘŀǊƳ ǊŜǎǳƭǘƛƴƎ ŦǊƻƳ ȅƻǳǊ ƛƴǾƻƭǾŜƳŜƴǘ ƛƴ ǘƘƛǎ ǇǊƻƧŜŎǘΣ ǇƭŜŀǎŜ ŎƻƴǘŀŎǘ ǘƘŜ ǇǊƻƧŜŎǘΩǎ 5ŜǎƛƎƴŀǘŜŘ 

Safeguarding Contact (Professor Donna Rowen, d.rowen@sheffield.ac.uk). If the concern or incident 

https://www.sheffield.ac.uk/govern/data-protection/privacy/general
https://www.sheffield.ac.uk/govern/data-protection/privacy/general
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relates to the Designated Safeguarding Contact, or if you feel a report you have made to this Contact 

has not been handled in a satisfactory way, please contact the Head of the Division of Population 

Health (Dr Louise Preston, l.r.preston@sheffield.ac.uk) ŀƴŘκƻǊ ǘƘŜ ¦ƴƛǾŜǊǎƛǘȅΩǎ wŜǎŜŀǊŎƘ 9ǘƘƛŎǎ ϧ 

Integrity Manager (Lindsay Unwin; l.v.unwin@sheffield.ac.uk). 

15. Contact for further information 

Apart from survey organizer SurveyEngine (email to be added), if you would like to find out more 

about this research project, you can contact:  

Mr Haode Wang  

Sheffield Centre for Health and Related Research, University of Sheffield  

Regent Court, 30 Regent Street, Sheffield, S1 4DA 

hwang165@sheffield.ac.uk   

 

Professor Donna Rowen 

Sheffield Centre for Health and Related Research, University of Sheffield  

Regent Court, 30 Regent Street, Sheffield, S1 4DA 

 d.rowen@sheffield.ac.uk  

  

mailto:l.v.unwin@sheffield.ac.uk
mailto:d.rowen@sheffield.ac.uk
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DCE Survey Template (example) 

Instructions 

[Participant information sheet and consent form link to be added by SurveyEngine after ethics approval] 

Please read the consent form carefully before clicking the consent options 

The survey has 3 parts. 

1) In Part 1, we will ask you 26 questions about you and your health and wellbeing. 

2) In Part 2, we will ask you one practice question plus 13 choice questions.  

3) In Part 3, we will ask you some follow-up questions about your decision making process and what you 
thought of the survey. 

To fully participate and complete the survey, you need to complete all three parts. 
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PART 1: Questions about you 

The following questions will ask about you and your health and wellbeing. You should answer all of the questions 
(select at least one option, including the Prefer not to say option) to complete this session.  

1. Are you:     
  
Male             Ä 
Female           Ä 
Other            Ä 
Prefer not to say  Ä 
 
2. What is your age (in years): 

 

 
3. What is your current marital status: 
 
Single                                            ̈         
Married/ De facto                                         ̈         
Separated/ Divorced                                    ̈   
Widowed                                    ¨ 
Prefer not to say                              o 
 
4. Which of the following best describes your main activity?  Select one box below. 
Full-time employed or self-employed                       Ã 
Part-time employed or self-employed .................................................................... Ã 
Retired                       ...............................................................................   Ã 
Student                       ..............................................................................   Ä 
Unemployed                       ......................................................................   Ä 
Long-term sickness  ................................................................................   Ä_______________ 
Look after family/home ............................................................................   Ä 
Other (please specify)                     .........................................................   Ä _______________ 
Prefer not to say                                         Ä 
 
5. What is the highest level of education you have completed? 
For Australian version:  

Year 11 and below                                      ¨ 
Year 12                                       ¨ 
Certificate (any level including trade certificate)                            ¨ 
Diploma/ advanced diploma                                       ¨ 
Bachelors or honours degree                                       ¨ 
Post-graduate degree (Masters or Doctorate)                                       ¨ 
Prefer not to say                                                                        o 

 
6. What is your annual household/individual income before tax (including benefits)? 
For Australian version:  

Negative or Zero Income                                       ¨ 
$1 - $20,799 per year ($1 - $399 per week)                                       ¨ 
$20,800 - $41,599 per year ($400 - $799 per week)                                      ¨ 
$41,600 - $77,999 per year ($800 - $1499 per week)                          ¨ 
$78,000 - $103,999 per year ($1500 - $1999 per week)                          ¨ 
$104,000 - $155,999 per year ($2000- $2999 per week)                          ¨ 
$156,000 - $207,999 per year ($3000 - $3999 per week)                          ¨ 
$208,000 - $259,999 per year ($4000 - $4999 per week)                          ¨ 
$260,000 - $311,999 per year ($5000 - $5999 per week)                          ¨ 
$312,000 or more per year ($6000 or more per week)                          ¨ 
Prefer not to say or donôt know                                        ¨ 

 
7. What is your ethnic group? 
For Australian version:  

Aboriginal and/or Torres Strait Islander origin o 
North-West European                                        o  
Southern and Eastern European                         ¨ 
North-East and South-East Asian                      ¨ 
Southern and Central Asian                               o 
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North African and Middle Eastern            o 
Sub-Saharan African                                         ¨ 
Peoples of the Americas                                    ¨ 
Prefer not to say                                                o 

 
8. Are you a parent or guardian for a child or children aged under 18 years? 
Yes       Ä 
No        Ä 
Prefer not to say  Ä 
 
9. Are you a carer for an adult(s) family member or friend (not as a paid job) because of their health or age? 
Yes       Ä 
No        Ä 
Prefer not to say  Ä 
 
10. Are you cared for by other adults (including paid carers) because of your health or your age? 
Yes                        Ä 
No                         Ä 
Prefer not to say              Ä 
 
 
11. Are your day-to-day activities limited because of a health problem or disability which has lasted, or is 
expected to last, at least 12 months? 
Include problems related to old age.  
Yes, limited a lot   Ä 
Yes, limited a little  Ä 
No               Ä   
Prefer not to say    Ä  
 
12. In general, would you say your health is: 
 

Excellent     Ä 
Very good    Ä 
Good        Ä 
Fair         Ä 
Poor         Ä 
 

13. What is your age (in years): [Attention check question. Drop participant if different answer to question 2]  
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14-26. The following questions will ask about your health and wellbeing in general. 
These questions are about the last 7 days. 

Please answer all questions. There are no wrong or right answers. 

Please select one response for each question. 
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PART 2: Choosing which life you prefer to live in  

In the following questions, you will be presented with two descriptions of health and wellbeing that last for a 
certain number of years, called Life A and Life B. We want you to tell us which you would prefer to live in: Life A 
or Life B. 
 
The aspects of health and wellbeing that may be affected are to do with your physical health, mental health 
and wellbeing of daily life, and are:  
 

¶ Difficulty seeing (including using, for example, glasses or contact lenses if they are needed) 

¶ Difficulty hearing (including using hearing aids if you usually wear them) 

¶ Difficulty getting around inside and outside (including using any aids you usually use e.g., walking stick, 
frame or wheelchair) 

¶ Difficulty doing day-to-day activities (e.g., working, shopping, housework)  

¶ Problems with sleeping 

¶ Feeling exhausted 

¶ Feeling lonely 

¶ Feeling unsupported 

¶ Trouble concentrating/thinking clearly 

¶ Feeling anxious 

¶ Feeling sad/depressed 

¶ Feeling you have no control over day-to-day life (e.g., having the choice to do things or have things 
done for you as you like and when you want) 

¶ Feeling physical pain 

 
When answering the questions, please imagine that you will experience each life for the number of years shown. 
After that, you will die. Please imagine that death will be quick and pain free and you will not have any other 
health and wellbeing problems apart from what is mentioned. There will be no additional treatment to make the 
situation better. Please select either Life A or Life B to show which you prefer. 
 
We will start with a practice question.  
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Each of the text boxes on the below will appear one at a time and will be formatted clearly in the online survey. 
 
 
Participant will receive feedback after answering this question.  
If participant chose Life A: 
 
You chose Life A, which means that you prefer to live for 10 years with:  

¶ Having some difficulty in getting around inside and outside 

¶ Having slight difficulty in doing day-to-day activities 

¶ Only occasionally having sleeping problems 

¶ Only occasionally feeling exhausted 

¶ Only occasionally feeling lonely 

¶ Only occasionally feeling unsupported by people 

¶ Only occasionally having trouble concentrating/thinking clearly 

¶ Sometimes feeling anxious 

¶ Often feeling sad/depressed, and 

¶ Having moderate level physical pain 

 
Than to live for 4 years with: 
 

¶ Having a lot of difficulty in seeing 

¶ Having slight difficulty in getting around inside and outside 

¶ Having slight difficulty in doing day-to-day activities 

¶ Only occasionally having sleeping problems 

¶ Only occasionally feeling lonely 

¶ Sometimes feeling unsupported by people 

¶ Only occasionally having trouble concentrating/thinking clearly 

¶ Often feeling anxious 

¶ Only occasionally feeling sad/depressed 

¶ Sometimes feeling having no control over the day-to-day life, and 

¶ Having moderate level physical pain 

 
 
Do you still prefer Life A? (Yes/No) 
 
If yes, proceed to next question 
If no, start practice question again 
 
If participant chose Life B: 
 
You chose Life B, which means that you prefer to live for 4 years with: 

¶ Having a lot of difficulty in seeing 

¶ Having slight difficulty in getting around inside and outside 

¶ Having slight difficulty in doing day-to-day activities 

¶ Only occasionally having sleeping problems 

¶ Only occasionally feeling lonely 
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¶ Sometimes feeling unsupported by people 

¶ Only occasionally having trouble concentrating/thinking clearly 

¶ Often feeling anxious 

¶ Only occasionally feeling sad/depressed 

¶ Sometimes feeling having no control over the day-to-day life, and 

¶ Having moderate level physical pain 

Than to live for 10 years with:  

¶ Having some difficulty in getting around inside and outside 

¶ Having slight difficulty in doing day-to-day activities 

¶ Only occasionally having sleeping problems 

¶ Only occasionally feeling exhausted 

¶ Only occasionally feeling lonely 

¶ Only occasionally feeling unsupported by people 

¶ Only occasionally having trouble concentrating/thinking clearly 

¶ Sometimes feeling anxious 

¶ Often feeling sad/depressed, and 

¶ Having moderate level physical pain 

 
Do you still want to choose Life B? (Yes/No) 
 
If yes, proceed to the next question 
If no, start practice questions again 
 
  



242 

 

Survey questions 
Now we would like you to answer 13 questions. You cannot skip questions or go back to change your answers 
(you can quit the survey at any time without penalty). Some descriptions are more difficult to imagine than others, 
please take your time and consider each option carefully. Your choices will be based on your views, there are no 
right or wrong answers.  
Please keep going until you finish!   

[THESE 13 QUESTIONS WILL ALL TAKE THE SAME FORMAT AS THE QUESTION ABOVE, 12 WILL BE 
FORMAL QUESTIONS AND 1 WILL BE COGNITIVE QUESTION (WITH DOMINATED PAIRS) ] 
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PART 3: After Survey questions: 

Decision question after the survey: 

In answering the comparison questions above, would you say you (choose one option that best describe 

how you made your choices): 

Considered all of the health and wellbeing aspects all the time  Ä 

Only considered health and/or wellbeing aspect(s) that I believe to be important             Ä 

Considered different health and wellbeing aspects each time                         Ä   

Mainly considered the length of time in Life A or B          Ä 

Considered health and/or wellbeing aspects not presented here  

(please specify the health and/or wellbeing aspects)                                                         Ä 

_____________ 

Other decision method (please specify)                                            Ä _____________ 

Selected the option at random                                         Ä 

Do not know                                                      Ä 
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Attribute importance question: 

Among all of the health and wellbeing aspects in the comparison question, which do you think is the 

most important (you may select more than one): 

¶ Difficulty seeing                           Ã 

¶ Difficulty hearing                          Ã 

¶ Difficulty getting around inside and outside        Ã 

¶ Difficulty doing day-to-day activities               Ã 

¶ Problems sleeping                          Ã 

¶ Feeling exhausted                          Ã 

¶ Feeling lonely                                Ã 

¶ Feeling unsupported                          Ã 

¶ Trouble concentrating/thinking clearly              Ã 

¶ Feeling anxious                                Ã 

¶ Feeling sad/depressed                          Ã 

¶ Feeling you have no control over day-to-day life                Ã 

¶ Feeling physical pain                          Ã 
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Time preference question after the DCE survey (in quantitative): 

We would like to know how you would act in the following situation: 

Imagine that you have some problems with some difficulty in seeing and hearing, some difficulty in doing 

day-to-day activities, some fatigue, moderate pain, but no other problems with your health and 

wellbeing. There are two alternative treatment options (Treatment 1 and 2) available. The effects of the 

alternative treatments vary with regard to when the illness will occur and how long you will be ill for (you 

cannot be cured completely). For example, with the Treatment 2, you will be ill starting 5 years from now 

for 48 days and with treatment 1 you will be ill starting 1 years from now for 20 days. Assuming 

everything else about the treatments is the same (i.e. severity of the treatment, side effects, costs) 

which treatment would you prefer?  

Treatment 1: you will be ill 1 years from now for 20 days Ã 

Treatment 2: you will be ill 5 years from now for 48 days Ã 

No preference                                   Ã 
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Time preference question after the DCE survey (qualitative): 

In general, how willing are you to give up something that is beneficial for you today in order to benefit 

more from that in the future? Please indicate your answer on a scale from 1 to 10 (or donôt know), where 

1 means you are ócompletely unwilling to do soô and a 10 means you are óvery willing to do soô.  

Attention check question [Participant will not be dropped] 

Which of the following best describes your main activity?  Select one. 

Full-time employed or self-employed                       ................................              Ã 

Part-time employed or self-employed ................................................................... Ã 

Retired                       ..............................................................................   Ã 

Student                       ..............................................................................   Ä 

Unemployed                       ......................................................................   Ä 

Long-term sickness  ................................................................................   Ä_______________ 

Look after family/home ............................................................................   Ä 

Other (please specify)                     .........................................................   Ä _______________ 

Prefer not to say                                         Ä 

Feedback questions 

Please answer the following questions by selecting one response for each question to tell us how 

you think about the survey and your answers. 

 
Strongly 

agree 
Agree 

Neither agree or 
disagree 

Disagree 
Strongly 
disagree 

It was easy to understand the 
questions I was asked? 

Ǐ Ǐ Ǐ Ǐ Ǐ 

I found it easy to tell the 
difference between the two lives 
I was asked to think about? 

Ǐ Ǐ Ǐ Ǐ Ǐ 

I found it difficult to decide on 
my answers to the questions. 

Ǐ Ǐ Ǐ Ǐ Ǐ 

The number of choice 
questions I had to answer was 
appropriate (not too many or 
too few). 

Ǐ Ǐ Ǐ Ǐ Ǐ 

The amount of information 
used to describe the health and 
wellbeing problems was 
appropriate (not too much or 
too little). 

     

 
Very 

confident 
Confident 

Neither confident 
nor unconfident 

(neutral) 
Unconfident 

Very 
unconfident 

How confident are you in your 
answers to the questions where 
you had to make choices? 

Ǐ Ǐ Ǐ Ǐ Ǐ 
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Appendix D: two-step Cross-Attribute Level Effect (CALE) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

  

Appendix D: two-step Cross-Attribute Level Effect (CALE)  
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Cross-Attribute Level Effect (CALE) estimation 

1.1 The mathematical assumption of CALE model  

This material is to illustrate the mathematical relationship bwtween EQ- addtivie utility model (ADD20) and EQ- 8-factor CALE model (MULT8). The utility function employed an 

additive conditional logit assumption holding IIA distribution with error terms.  

 

The ADD20: 

 ‘ ɻ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ ‭ 

 

Where for all of the EQ-HWB factors, the attribute levels are dummy coded. The attributes and correspondent coefficient factors are expressed in vectors. For example, the 

seeing attribute vector fucntion is: 

 

‍ ὛὩὩ=‍ ὛὩὩ ‍ ὛὩὩ ‍ ὛὩὩ ‍ ὛὩὩ  

 

The MULT8: 

 ‘ ɻ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ ‍ ὛὩὩ

‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ

‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ

‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ ‭ 

 

The estimation of MULT8 constrained variant of ADD20 into 13 parameters representing the disutility of level 5 on each of the dimensions. The disutility of other three levels are 

calculated by multiplying parameters for levels 4, 3 and 2 (ὒɹὒɹὒ). This constrained function relies on two strong assumptions: the first assumption is that the imperfect 

levels for all attributes, except the level five, are proportional to level five with the same parameter. A preference interpretation is that the relative preference of each attribute is 

fixed and will not change with varied levels. The participantôs relative preferences on levels are independent of the preference on attributes. This assumption is similar with the 

preference assumption of Online Elicitation of Personal Utility Functions (OPUF) but different from the assumption of classic DCE utility function, where the preference on each 

of the attribute level are independent of each other. The second assumption is that the coefficient error term of all levels of certain attribute have identical distribution form. The 
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identical distribution is different from the i.i.d assumption with alternative utility function, where we assumed a identical error term distribution among individuals but not on the 

attributes coefficients. With the identical distribution form assumption, we assume that all of the attribute levels will be significant if the level 5 is significant, compared to level 1 

as the baseline, because the variation range will not cross 0 by multiplying positive ὒ values. These two assumptions increase the estimation efficiency and level significance, 

optimize utility distribution and diminish the possibility of inconsistency. However, the strong assumptions do not allow any insignificant middle levels (if level 5 significant) or 

significant middle levels (if level 5 insignificant), which may violate the real-world preference with the supportive qualitative or psychometric evidence. A evenly distributed utility 

values can be different from the standard bimodal utility value distribution. Besides, the estimation uses a non-linear conditional logit regression models for the DCE-TTO data, 

and methods for fitting such models are less accessible than linear conditional logit regression methods on STATA.  

 

 

 

 

 

Taking the first two assumptions into the utility function, we can derive the third assumption that the coding format of level variables changed from dummy coding to continuous 

coding. In another word, with the MULT8 utility function, the dummy coded variables are linearly transferred to some relationship of level 5, instead of independent estimation. 

We take the health state comparison of State A 4444444444444 and State B 5555555555555. For State A, we have the ADD20 estimation utility function: 

 

 ‘ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ ‍ ὛὩὩ

‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ 

 

The dummy coded variable equals to 1 if State A is 4444444444444, then we have:  

‘ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρὒ 

 

For State B, we use the same strategy to get the function: 

‘ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ ‍ ρ 

 

Then ‘ ‘ ὒȟ we can generalize this function to any health state J such as 3333333444444 by using vector of ὒ, to express the utility of Health state J ‘ ‘ ὒ as 

Level 4 disutility Level 5 disutility Level 3 disutility Level 2 disutility 
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a function of State 5555555555555. Each of the ὢ =ὢ ὒ . As a result, each of the measure dimension should be expressed with one variable level 5 for estimating the ‍ , 

and the other levels are expressed as ὢ ὒ , which is a linear relationship with the level 5 dummy coded variable (1 or 0). However, as introduced above, this has changed 

the independent dummy coding relationship between the variables. A new variable for each dimension is needed, where the values for each levels are 0-for level 1 (no disutility), 

L2-for level 2 (level 5 multipled by ὒ), L3-for level 3 (level 5 multipled by ὒ), L4-for level 2 (level 5 multipled by ὒ), and 1 for level 5.  

 

To transfer the model of TTO data on R and fit conditional logit regression model with DCE data on STATA, we need to change the function to linear function estimation. Note 

that all of the factors in MULT8 are dummy coded so that we can neither directly change this function to shorten the function with the assumption that ὛὩὩ ȟ ὪὛὩὩ  , 

nor change this to the format to directly estimating 13+4 (13 level-5 coefficients of all of the factors + 4 level coefficients) because of the probability estimation characteristic of 

conditional logit where a ñfunction of functionò is not allowed. In another word, the estimation of ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ

‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ  cannot be combined with the estimation of ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ

‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ  or other sub-optimised levels because they transferred the estimation to 

‍ ὛὩὩ ‍ ὛὩὩ ὒ ‍ ὛὩὩ ὛὩὩ ὒ  where the degree of freedom for estimation (1+1=2) exceeds the dummy coded factor degree of freedom in a utility function 

(only 1) in estimation. In another word, the requirement of MULT8 estimation requests prior information for ὒɹὒɹὒ to change the function into a format with single factor for 

each coefficient estimation.  

 

1.2 Consider the situation of paired comparison DCE data 

However, if we let The ADD20 = The MULT8 (which is our final target and the two functions simulates the same utility outcome) with the assumption of MULT8 that the factor of 

sub-optimal levels are proportionally similar among the attributes. Then we can get the function (take Level 4 as an example):  

 

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ  = ‍ ὛὩὩ

‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ  

 

Then we get:  

ὒ  
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Let all of the attribute levels equal to 4, which is the health state utility of 413, we get  

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ =‍ ‍ ‍

‍ ‍ ‍ ‍ ‍ ‍ ‍ ‍ ‍ ‍  

 

Same for the function below, with which we can get that of the same attribute :  

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ =‍ ‍ ‍

‍ ‍ ‍ ‍ ‍ ‍ ‍ ‍ ‍ ‍  

 

Using the health state 4444444444444 in the function, where all of the dummy coded X =1, and taking the above two functions into the L4 function, a prior relation between ‍  

and ‍ , which recorded by L4, equals to В‍/В‍. Using the same method (with health state of 3333333333333 and 2222222222222), we can get L3 and L2 to get the two 

parameters equal to В‍/В‍ and В‍/В‍. All of the ‍  can be derived by conditional logit regression and the three L parameters can be interpreted as the relative importance 

of certain level to level 5. The level significance will not influence the relative importance calculation. 

 

If we take the duration interaction into account, we can notice that for the  

‘ ‍ ὈόὶὥὸὭέὲςωχ 

 

Considering the fact that each factor of the The ADD20 is also interacted with duration and the intercept term (duration) is not related with L4 or L3 or L2, then L4 will not change 

with or without duration if the duration is coded as continuous variable. However, if duration is dummy coded, which indicates a non-linear time preference or discounted time 

value assumption taken, then the ὒ
В

В

 ἋἎἎ

╜╤╛╣ 

 (for the dummy coded time variable), where the n is the levels of duration attribute. If the discounted time method used, the 

function remains В‍/В‍.  

 

By taking the function of В‍/В‍ into the MULT8 function, we can get the utility function is to multiply each of the Level 4 dummy coded independednt variable with a constant 

number, which is derived from The ADD20 regression. Note that this two-stage regression (ADD20 regression to get the constant number with the assumption that the ‍ɹ‍ɹ

‍ have linear relation with ‍) are a compromised method for one-step estimation, under the conditional logit (binary) model framework. A conditional logit model estimates the 
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linear function of odds ratio of binary choice data: 

Ὅὲ
ὖ

ρ ὖ
‍ ὈόὶὥὸὭέὲὈόὶὥὸὭέὲ ‍

  
ὢ ὢ  

If we take the L4, L3, L2 into account, then the estimation would not be generalized linear estimation, where the interaction of parameters can not be estimated within the 

conditional logit framework: 

Ὅὲ
ὖ

ρ ὖ
‍ ὈόὶὥὸὭέὲὈόὶὥὸὭέὲ ‍

  
ὢ ὢ ὒτȾὒσȾὒς 

As a result, the two-stage estimation is the we that we should use. We estimate the L4, L3, L2 parameters in the first stage and estimate the 13 level-five attribute ‍ in the 

second stage.  

 

1.3 Consider the situation of triplet comparison DCE data 

If we use the triplet comparison data as paired comparison data, which means to de-composite the choice data to Health State A- Health State B, Health State A-Death and 

Health State B-Death, then the above two-step regression can be applied in the same way. For Health State A and Health State B, we have utility functions: 

‘ Ὀόάάώ ‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴ

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ

‍ ὛὩὩ ‍ Ὤὶ ‍ ὥὶ ‍ ὨὸὨ ‍ ίὰὴ‍ ὩὼὬ ‍ ὰὰ ‍ ίὴὸ‍ ὸὯ ‍ ὥὼί ‍ Ὠὴὶ ‍ ὧὸὶ‍ ὴὴὒ

‭ 

 

L4, L3, L2 are constant numbers from step 1. For state death, we have:  

‘ Ὀόάάώ ‭ 

Then the estimation of ‍ do not change.  

 

If we use the triplet comparison data as triplet comparison data, the estimation will be under ranked-order logit or other multinorminal logit frameworks. The estimation will be to 

estimate values of parameters that make choice probabilities consistent with observed choices using the maximum likelihood estimation. In this estimation, we will not use a 

triplet comparison estimation regarding the with-DEATH data as a three-profile DCE comparison, instead we uses the full ranking information from the best to the worst (ranking 
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1 to 3). The ranking analysis follows the Allison and Christakis (1994) and McFadden (1973) frameworks. This framework is to estimate each ranking number preference with a 

sequential conditional logit model. To get a ranking order ‎ with 3 alternatives, we need to have the utility order:  

Ὗ Ὗ Ὗ  

The probability of achieving a ranking order ‎ is to estimate the product of 2 (J-1) probabilities:  

0Ò‎Ƞ‍ 0ÒὟ Ὗ Ὗ
ÅØÐ ὠ

В ÅØÐ ὠ

Ὡ

Ὡ Ὡ Ὡ

Ὡ

Ὡ Ὡ
 

A log likelihood estimation of the above function is: 

 

ÌÎὒ ὠ ὠ ÌÎὩ Ὡ Ὡ ÌÎ Ὡ Ὡ  

 

Note that the utility function in paired comparison DCE data will replace ὠ, which is then maximuzed with respect to the coefficient vectors. By replacing the ADD20 utility 

function with the MULT8 function, estimation can be conducted within the same framework and relative importance transformations to get Li has the same mathematical 

properties after Ὡ  transformation. A two-step estimation or one-step estimation use same likelihood estimation strategy. We choose to use the two-step estimation here to 

maintain a model consistency and prevent the interaction terms ‍ ὒ. 
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Appendix E: Data analysis result, by design, by country and by utility function 
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and by utility function  
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Table E-1: UK sample self-report health condition 

  
ANOVA 
statistic 
(Prob>F)1 

Cohort 1 Cohort 2 Cohort 3 Overall 

Number Proportion Number Proportion Number Proportion Number Proportion 

627 100.00% 600 100.00% 776 100.00% 2003 100.00% 

Health status 

Day-to-day activities limitation  
        

 

Yes, limited a lot 

0.12 
(0.88) 

50 7.97% 40 6.67% 50 6.44% 140 6.99%  

Yes, limited a little 117 18.66% 127 21.17% 156 20.10% 400 19.97%  

No 455 72.57% 428 71.33% 565 72.81% 1,448 72.29%  

Prefer not to say 5 0.80% 5 0.83% 5 0.64% 15 0.75% 

General health   
        

 

Excellent 

0.49 
(0.61) 

59 9.41% 71 11.83% 94 12.11% 224 11.18% 

 Very good 208 33.17% 186 31.00% 229 29.51% 623 31.10%  

Good 196 31.26% 194 32.33% 278 35.82% 668 33.35% 

 Fair 141 22.49% 124 20.67% 147 18.94% 412 20.57% 

 Poor 23 3.67% 25 4.17% 28 3.61% 76 3.79% 
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EQ-HWB health status self-report 

Vision 

No difficulty 

1.49 
(0.23) 

416 66.35% 378 63.00% 499 64.30% 1,293 64.55% 

Slight difficulty 151 24.08% 154 25.67% 188 24.23% 493 24.61% 

Some difficulty 54 8.61% 56 9.33% 67 8.63% 177 8.84% 

A lot of difficulty 6 0.96% 11 1.83% 20 2.58% 37 1.85% 

Unable  0.00% 1 0.17% 2 0.26% 3 0.15% 

Hearing 

No difficulty 

0.44 
(0.65) 

495 78.95% 482 80.33% 625 80.54% 1,602 79.98% 

Slight difficulty 89 14.19% 80 13.33% 111 14.30% 280 13.98% 

Some difficulty 32 5.10% 30 5.00% 26 3.35% 88 4.39% 

A lot of difficulty 11 1.75% 7 1.17% 13 1.68% 31 1.55% 

Unable  0.00% 1 0.17% 1 0.13% 2 0.10% 

Getting around 

No difficulty 

0.82 
(0.44) 

509 81.18% 500 83.33% 644 82.99% 1,653 82.53% 

Slight difficulty 60 9.57% 56 9.33% 66 8.51% 182 9.09% 

Some difficulty 34 5.42% 26 4.33% 45 5.80% 105 5.24% 

A lot of difficulty 21 3.35% 16 2.67% 18 2.32% 55 2.75% 

Unable 3 0.48% 2 0.33% 3 0.39% 8 0.40% 

Day-to-day activities 

No difficulty 

0.01 
(0.99) 

463 73.84% 433 72.17% 562 72.42% 1,458 72.79% 

Slight difficulty 94 14.99% 98 16.33% 124 15.98% 316 15.78% 

Some difficulty 38 6.06% 47 7.83% 57 7.35% 142 7.09% 

A lot of difficulty 26 4.15% 18 3.00% 30 3.87% 74 3.69% 

Unable 6 0.96% 4 0.67% 3 0.39% 13 0.65% 

Sleep 

None of the time 

0.23 
(0.79) 

173 27.59% 155 25.83% 212 27.32% 540 26.96% 

Only occasionally 206 32.85% 197 32.83% 254 32.73% 657 32.80% 

Sometimes 115 18.34% 122 20.33% 157 20.23% 394 19.67% 

Often 94 14.99% 84 14.00% 97 12.50% 275 13.73% 
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Most or all of the time 39 6.22% 42 7.00% 56 7.22% 137 6.84% 

Exhausted 

None of the time 

0.91 
(0.40) 

194 30.94% 166 27.67% 218 28.09% 578 28.86% 

Only occasionally 188 29.98% 182 30.33% 229 29.51% 599 29.91% 

Sometimes 128 20.41% 130 21.67% 171 22.04% 429 21.42% 

Often 82 13.08% 94 15.67% 112 14.43% 288 14.38% 

Most or all of the time 35 5.58% 28 4.67% 46 5.93% 109 5.44% 

Lonely 

None of the time 

1.21 
(0.30) 

304 48.48% 302 50.33% 369 47.55% 975 48.68% 

Only occasionally 120 19.14% 122 20.33% 143 18.43% 385 19.22% 

Sometimes 115 18.34% 106 17.67% 161 20.75% 382 19.07% 

Often 60 9.57% 44 7.33% 63 8.12% 167 8.34% 

Most or all of the time 28 4.47% 26 4.33% 40 5.15% 94 4.69% 

Support 

None of the time 

0.46 
(0.63) 

352 56.14% 323 53.83% 414 53.35% 1,089 54.37% 

Only occasionally 124 19.78% 129 21.50% 173 22.29% 426 21.27% 

Sometimes 89 14.19% 88 14.67% 114 14.69% 291 14.53% 

Often 48 7.66% 33 5.50% 40 5.15% 121 6.04% 

Most or all of the time 14 2.23% 27 4.50% 35 4.51% 76 3.79% 

Concentration/thinking clearly 

None of the time 

0.76 
(0.47) 

302 48.17% 271 45.17% 347 44.72% 920 45.93% 

Only occasionally 138 22.01% 153 25.50% 190 24.48% 481 24.01% 

Sometimes 111 17.70% 93 15.50% 137 17.65% 341 17.02% 

Often 63 10.05% 59 9.83% 72 9.28% 194 9.69% 

Most or all of the time 13 2.07% 24 4.00% 30 3.87% 67 3.34% 

Anxious 

None of the time 

0.05 
(0.95) 

246 39.23% 234 39.00% 300 38.66% 780 38.94% 

Only occasionally 150 23.92% 148 24.67% 185 23.84% 483 24.11% 

Sometimes 112 17.86% 108 18.00% 154 19.85% 374 18.67% 

Often 89 14.19% 74 12.33% 84 10.82% 247 12.33% 

Most or all of the time 30 4.78% 36 6.00% 53 6.83% 119 5.94% 

Depression None of the time 1.13 280 44.66% 254 42.33% 301 38.79% 835 41.69% 
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Only occasionally (0.32) 144 22.97% 150 25.00% 213 27.45% 507 25.31% 

Sometimes 101 16.11% 107 17.83% 136 17.53% 344 17.17% 

Often 79 12.60% 62 10.33% 83 10.70% 224 11.18% 

Most or all of the time 23 3.67% 27 4.50% 43 5.54% 93 4.64% 

Control 

None of the time 

0.24 
(0.79) 

345 55.02% 298 49.67% 399 51.42% 1,042 52.02% 

Only occasionally 120 19.14% 143 23.83% 184 23.71% 447 22.32% 

Sometimes 88 14.04% 98 16.33% 107 13.79% 293 14.63% 

Often 49 7.81% 38 6.33% 63 8.12% 150 7.49% 

Most or all of the time 25 3.99% 23 3.83% 23 2.96% 71 3.54% 

Physical Pain 

No physical pain 

0.92 
(0.40) 

287 45.77% 254 42.33% 319 41.11% 860 42.94% 

Mild physical pain 227 36.20% 229 38.17% 311 40.08% 767 38.29% 

Moderate physical pain 89 14.19% 87 14.50% 119 15.34% 295 14.73% 

Severe physical pain 18 2.87% 22 3.67% 24 3.09% 64 3.20% 

Very severe physical pain 6 0.96% 8 1.33% 3 0.39% 17 0.85% 

1 Analysis of variance (ANOVA) tested the variance among the three cohorts to test if their baseline health condition was significantly different. The F-statistic, combined with 

the degree of freedom information, significant with a 5% significance level.  
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Table E-2: Australian sample self-report health condition 

  

ANOVA 
statistic 

(Prob>F)1 

Cohort 1 Cohort 2 Cohort3 Overall 

Number Proportion Number Proportion Number Proportion Number Proportion 

632 100.00% 604 100.00% 783 100.00% 2019 100.00% 

Health status 

Day-to-day activities limitation 

0.40 
(0.67) 

        
 

Yes, limited a lot 59 9.34% 59 9.77% 77 9.83% 195 9.66%  

Yes, limited a little 184 29.11% 149 24.67% 199 25.42% 532 26.35%  

No 384 60.76% 394 65.23% 501 63.98% 1,279 63.35%  

Prefer not to say 5 0.79% 2 0.33% 6 0.77% 13 0.64% 

General health  

1.97 
(0.14) 

        
 

Excellent 81 12.82% 83 13.74% 127 16.22% 291 14.41% 

 Very good 165 26.11% 174 28.81% 223 28.48% 562 27.84%  

Good 221 34.97% 204 33.77% 254 32.44% 679 33.63% 

 Fair 140 22.15% 112 18.54% 140 17.88% 392 19.42% 

 Poor 25 3.96% 31 5.13% 39 4.98% 95 4.71% 
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Health dimensions 

Vision 

No difficulty 

1.60 
(0.20) 

339 53.64% 343 56.79% 418 53.38% 1100 54.48% 

Slight difficulty 185 29.27% 176 29.14% 228 29.12% 589 29.17% 

Some difficulty 71 11.23% 59 9.77% 96 12.26% 226 11.19% 

A lot of difficulty 35 5.54% 23 3.81% 37 4.73% 95 4.71% 

Unable 2 0.32% 3 0.50% 4 0.51% 9 0.45% 

Hearing 

No difficulty 

5.39 
(0.01) 

410 64.87% 444 73.51% 521 66.54% 1375 68.10% 

Slight difficulty 140 22.15% 104 17.22% 166 21.20% 410 20.31% 

Some difficulty 58 9.18% 41 6.79% 77 9.83% 176 8.72% 

A lot of difficulty 19 3.01% 14 2.32% 16 2.04% 49 2.43% 

Unable 5 0.79% 1 0.17% 3 0.38% 9 0.45% 

Getting around 

No difficulty 

1.60 
(0.20) 

461 72.94% 471 77.98% 572 73.05% 1504 74.49% 

Slight difficulty 102 16.14% 73 12.09% 117 14.94% 292 14.46% 

Some difficulty 44 6.96% 34 5.63% 57 7.28% 135 6.69% 

A lot of difficulty 22 3.48% 25 4.14% 34 4.34% 81 4.01% 

Unable 3 0.47% 1 0.17% 3 0.38% 7 0.35% 

Day-to-day activities 

No difficulty 

2.58 
(0.08) 

378 59.81% 414 68.54% 492 62.84% 1284 63.60% 

Slight difficulty 151 23.89% 99 16.39% 160 20.43% 410 20.31% 

Some difficulty 63 9.97% 58 9.60% 74 9.45% 195 9.66% 

A lot of difficulty 33 5.22% 29 4.80% 52 6.64% 114 5.65% 

Unable 7 1.11% 4 0.66% 5 0.64% 16 0.79% 

Sleep 

None of the time 

1.36 
(0.26) 

169 26.74% 166 27.48% 172 21.97% 507 25.11% 

Only occasionally 191 30.22% 186 30.79% 276 35.25% 653 32.34% 

Sometimes 136 21.52% 136 22.52% 157 20.05% 429 21.25% 

Often 86 13.61% 74 12.25% 118 15.07% 278 13.77% 
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Most or all of the time 50 7.91% 42 6.95% 60 7.66% 152 7.53% 

Exhausted 

None of the time 

1.83 
(0.16) 

169 26.74% 160 26.49% 187 23.88% 516 25.56% 

Only occasionally 183 28.96% 185 30.63% 230 29.37% 598 29.62% 

Sometimes 161 25.47% 143 23.68% 194 24.78% 498 24.67% 

Often 83 13.13% 86 14.24% 119 15.20% 288 14.26% 

Most or all of the time 36 5.70% 30 4.97% 53 6.77% 119 5.89% 

Lonely 

None of the time 

4.75 
(0.01) 

311 49.21% 274 45.36% 305 38.95% 890 44.08% 

Only occasionally 138 21.84% 134 22.19% 193 24.65% 465 23.03% 

Sometimes 102 16.14% 103 17.05% 170 21.71% 375 18.57% 

Often 52 8.23% 54 8.94% 77 9.83% 183 9.06% 

Most or all of the time 29 4.59% 39 6.46% 38 4.85% 106 5.25% 

Support 

None of the time 

3.68 
(0.03) 

334 52.85% 317 52.48% 365 46.62% 1016 50.32% 

Only occasionally 126 19.94% 124 20.53% 168 21.46% 418 20.70% 

Sometimes 105 16.61% 93 15.40% 142 18.14% 340 16.84% 

Often 50 7.91% 45 7.45% 77 9.83% 172 8.52% 

Most or all of the time 17 2.69% 25 4.14% 31 3.96% 73 3.62% 

Concentration/thinkin
g clearly 

None of the time 

8.73 
(<0.01) 

293 46.36% 284 47.02% 293 37.42% 870 43.09% 

Only occasionally 153 24.21% 152 25.17% 216 27.59% 521 25.80% 

Sometimes 109 17.25% 107 17.72% 153 19.54% 369 18.28% 

Often 56 8.86% 42 6.95% 83 10.60% 181 8.96% 

Most or all of the time 21 3.32% 19 3.15% 38 4.85% 78 3.86% 

Anxious 

None of the time 

11.75 
(<0.01) 

255 40.35% 249 41.23% 246 31.42% 750 37.15% 

Only occasionally 165 26.11% 157 25.99% 220 28.10% 542 26.84% 

Sometimes 125 19.78% 110 18.21% 156 19.92% 391 19.37% 

Often 60 9.49% 63 10.43% 100 12.77% 223 11.05% 

Most or all of the time 27 4.27% 25 4.14% 61 7.79% 113 5.60% 

Depression None of the time 6.51 277 43.83% 270 44.70% 276 35.25% 823 40.76% 
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Only occasionally (<0.01) 159 25.16% 158 26.16% 217 27.71% 534 26.45% 

Sometimes 106 16.77% 82 13.58% 152 19.41% 340 16.84% 

Often 61 9.65% 61 10.10% 89 11.37% 211 10.45% 

Most or all of the time 29 4.59% 33 5.46% 49 6.26% 111 5.50% 

Control 

None of the time 

6.85 
(<0.01) 

323 51.11% 313 51.82% 333 42.53% 969 47.99% 

Only occasionally 127 20.09% 143 23.68% 198 25.29% 468 23.18% 

Sometimes 97 15.35% 90 14.90% 141 18.01% 328 16.25% 

Often 57 9.02% 35 5.79% 69 8.81% 161 7.97% 

Most or all of the time 28 4.43% 23 3.81% 42 5.36% 93 4.61% 

Physical Pain 

No physical pain 

0.20 
(0.82) 

205 32.44% 204 33.77% 271 34.61% 680 33.68% 

Mild physical pain 272 43.04% 274 45.36% 348 44.44% 894 44.28% 

Moderate physical pain 128 20.25% 87 14.40% 116 14.81% 331 16.39% 

Severe physical pain 23 3.64% 32 5.30% 35 4.47% 90 4.46% 

Very severe physical pain 4 0.63% 7 1.16% 13 1.66% 24 1.19% 

1 Analysis of variance (ANOVA) tested the variance among the three cohorts to test if their baseline health condition was significantly different. The F-statistic, combined with 

the degree of freedom information, significant with a 5% significance level.  
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Table E-3: UK sample data quality check, understanding and decision-making 

  
Cohort 1 Cohort 2 Cohort3 Overall 

Number Proportion Number Proportion Number Proportion Number Proportion 

627 100.00% 600 100.00% 776 100.00% 2003 100.00% 

Data quality check 

Negative feedback 
27 4.31% 24 4.00% 32 4.12% 83 4.14% 

Shorter than 10 min 196 31.26% 177 29.50% 160 20.62% 533 26.61% 

Question shorter than 10 seconds 100 15.95% 99 16.50% 109 14.05% 308 15.38% 

Repeated employment status question inconsistency 17 2.71% 12 2.00% 26 3.35% 55 2.75% 

Left-right bias: left  3 0.48% 4 0.67% 11 1.42% 18 0.90% 

Left-right bias: right 1 0.16% 1 0.17% 6 0.77% 8 0.40% 

Reason for not selecting WTD state (Cohort 3) 79 11.28%   
 

In the questions, there were always better options in either Life A or Life B. 60 7.73% 

  

 
Being alive, even with the given health and wellbeing problems, is always better than being dead. 17 2.4% 

  

 
I choose ñimmediate deathò as worst because of my religious beliefs. 6 0.77% 

  

 
I choose ñimmediate deathò as worst because of my outlook on life or family related considerations. 48 6.19% 

  

 
I found it difficult to imagine what ñimmediate deathò would mean so I did not consider it. 9 1.16% 

  

Reason for not selecting WTD state ï because of study design only 18 10.72%   

Reason for not selecting WTD state ï because of dead state interpretation difficulty only 4 4.92%   
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Understanding 

It was easy to understand the questions I was asked 
        

 

Strongly agree 288 45.93% 289 48.17% 319 41.11% 896 44.73% 

 Agree 285 45.45% 274 45.67% 366 47.16% 925 46.18%  

Neither agree nor disagree 41 6.54% 23 3.83% 53 6.83% 117 5.84% 

 Disagree 9 1.44% 13 2.17% 35 4.51% 57 2.85% 

 Strongly disagree 4 0.64% 1 0.17% 3 0.39% 8 0.40% 

I found it easy to tell the difference between the two lives I was asked to think 
about. 

        

 

Strongly agree 229 36.52% 222 37.00% 254 32.73% 705 35.20% 

 Agree 292 46.57% 272 45.33% 355 45.75% 919 45.88%  

Neither agree nor disagree 66 10.53% 64 10.67% 109 14.05% 239 11.93% 

 Disagree 35 5.58% 42 7.00% 52 6.70% 129 6.44% 

 Strongly disagree 5 0.80%  0.00% 6 0.77% 11 0.55% 

I found it difficult to decide on my answers to the questions. 
        

 

Strongly agree 61 9.73% 89 14.83% 103 13.27% 253 12.63% 

 Agree 215 34.29% 169 28.17% 267 34.41% 651 32.50%  

Neither agree nor disagree 141 22.49% 131 21.83% 172 22.16% 444 22.17% 

 Disagree 163 26.00% 162 27.00% 169 21.78% 494 24.66% 

 Strongly disagree 47 7.50% 49 8.17% 65 8.38% 161 8.04% 

The number of choice questions I had to answer was appropriate (not too 
many or too few) 

        

 

Strongly agree 180 28.71% 194 32.33% 226 29.12% 600 29.96% 

 Agree 296 47.21% 264 44.00% 349 44.97% 909 45.38%  

Neither agree nor disagree 119 18.98% 93 15.50% 127 16.37% 339 16.92% 

 Disagree 24 3.83% 37 6.17% 68 8.76% 129 6.44% 

 Strongly disagree 8 1.28% 12 2.00% 6 0.77% 26 1.30% 

Amount of information used to describe the health and wellbeing problems 
was appropriate (not too much or too little)  
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Strongly agree 192 30.62% 217 36.17% 244 31.44% 653 32.60% 

 Agree 321 51.20% 285 47.50% 390 50.26% 996 49.73%  

Neither agree nor disagree 94 14.99% 76 12.67% 106 13.66% 276 13.78% 

 Disagree 14 2.23% 20 3.33% 30 3.87% 64 3.20% 

 Strongly disagree 6 0.96% 2 0.33% 6 0.77% 14 0.70% 

Confident with the answers 
        

 

Very confident 138 22.01% 184 30.67% 199 25.64% 521 26.01% 

 Confident 378 60.29% 322 53.67% 424 54.64% 1,124 56.12%  

Neither confident nor unconfident (neutral) 94 14.99% 79 13.17% 117 15.08% 290 14.48% 

 Unconfident 14 2.23% 14 2.33% 33 4.25% 61 3.05% 

 Very unconfident 3 0.48% 1 0.17% 3 0.39% 7 0.35% 

 

Decision making strategies 
 

Considered all of the health and wellbeing 
aspects all the time 173 27.59% 166 27.67% 287 36.98% 626 31.25% 

 Only considered health and wellbeing aspects 
that I believe to be important 229 36.52% 201 33.50% 293 37.76% 723 36.10%  
Considered different health and wellbeing 
aspects each time 98 15.63% 87 14.50% 139 17.91% 324 16.18% 

 Mainly considered the length of time in Life A or 
B 106 16.91% 120 20.00% 24 3.09% 250 12.48% 

 Considered health and wellbeing aspects not 
presented here  2 0.32% 1 0.17% 5 0.64% 8 0.40%  

Other decision method  11 1.75% 16 2.67% 15 1.93% 42 2.10% 

 Select randomly 2 0.32% 3 0.50% 3 0.39% 8 0.40%  

Do not know 6 0.96% 6 1.00% 10 1.29% 22 1.10% 

 11 45 7.18% 43 7.17% 56 7.22% 144 7.19% 
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Table E-4: UK sample data quality check, understanding and decision-making 

  
Cohort 1 Cohort 2 Cohort3 Overall 

Number Proportion Number Proportion Number Proportion Number Proportion 

632 100.00% 604 100.00% 783 100.00% 2019 100.00% 

Data quality check 

Negative feedback 
15 2.37% 12 1.99% 29 3.70% 56 2.77% 

Shorter than 10 min 146 23.10% 121 20.03% 161 20.56% 428 21.20% 

Question shorter than 10 seconds 129 20.41% 108 17.88% 145 18.52% 382 18.92% 

Repeated employment status question inconsistency 16 2.53% 25 4.14% 30 3.83% 71 3.52% 

Left-right bias: left  12 1.90% 9 1.49% 31 3.96% 52 2.58% 

Left-right bias: right 1 0.16% 4 0.66% 3 0.38% 8 0.40% 

Dominant question failed 104 16.46% 114 18.87% 122 15.58% 340 16.84% 

Reason for not selecting WTD state (Cohort 3)  186 23.75%   
 

In the questions, there were always better options in either Life A or Life B. 64 8.17%   
 

Being alive, even with the given health and wellbeing problems, is always better than being dead. 135 17.24%   
 

I choose ñimmediate deathò as worst because of my religious beliefs. 13 1.66%   
 

I choose ñimmediate deathò as worst because of my outlook on life or family related considerations. 44 5.62%   
 

I found it difficult to imagine what ñimmediate deathò would mean so I did not consider it. 24 3.07%   

Reason for not selecting WTD state ï because of study design only 24 3.07%   

Reason for not selecting WTD state ï because of dead state interpretation difficulty only 4 0.51%   
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Understanding 

It was easy to understand the questions I was asked         
 

Strongly agree 269 42.56% 253 41.89% 302 38.57% 824 40.81% 

 Agree 299 47.31% 276 45.70% 388 49.55% 963 47.70%  

Neither agree nor disagree 49 7.75% 54 8.94% 71 9.07% 174 8.62% 

 Disagree 12 1.90% 18 2.98% 18 2.30% 48 2.38% 

 Strongly disagree 3 0.47% 3 0.50% 4 0.51% 10 0.50% 

I found it easy to tell the difference between the two lives I was asked to think 
about. 

        

 

Strongly agree 208 32.91% 193 31.95% 227 28.99% 628 31.10% 

 Agree 298 47.15% 291 48.18% 389 49.68% 978 48.44%  

Neither agree nor disagree 85 13.45% 85 14.07% 117 14.94% 287 14.21% 

 Disagree 37 5.85% 32 5.30% 47 6.00% 116 5.75% 

 Strongly disagree 4 0.63% 3 0.50% 3 0.38% 10 0.50% 

I found it difficult to decide on my answers to the questions.         
 

Strongly agree 100 15.82% 63 10.43% 127 16.22% 290 14.36% 

 Agree 150 23.73% 142 23.51% 225 28.74% 517 25.61%  

Neither agree nor disagree 156 24.68% 177 29.30% 206 26.31% 539 26.70% 

 Disagree 173 27.37% 153 25.33% 170 21.71% 496 24.57% 

 Strongly disagree 53 8.39% 69 11.42% 55 7.02% 177 8.77% 

The number of choice questions I had to answer was appropriate (not too 
many or too few) 

        

 

Strongly agree 162 25.63% 165 27.32% 198 25.29% 525 26.00% 

 Agree 327 51.74% 277 45.86% 352 44.96% 956 47.35%  

Neither agree nor disagree 95 15.03% 110 18.21% 172 21.97% 377 18.67% 

 Disagree 38 6.01% 42 6.95% 54 6.90% 134 6.64% 

 Strongly disagree 10 1.58% 10 1.66% 7 0.89% 27 1.34% 
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Amount of information used to describe the health and wellbeing problems 
was appropriate (not too much or too little)  

        

 

Strongly agree 202 31.96% 180 29.80% 216 27.59% 598 29.62% 

 Agree 310 49.05% 303 50.17% 395 50.45% 1,008 49.93%  

Neither agree nor disagree 90 14.24% 94 15.56% 147 18.77% 331 16.39% 

 Disagree 22 3.48% 23 3.81% 22 2.81% 67 3.32% 

 Strongly disagree 8 1.27% 4 0.66% 3 0.38% 15 0.74% 

Confident with the answers         
 

Very confident 208 32.91% 220 36.42% 227 28.99% 655 32.44% 

 Confident 326 51.58% 289 47.85% 414 52.87% 1,029 50.97%  

Neither confident nor unconfident (neutral) 85 13.45% 78 12.91% 120 15.33% 283 14.02% 

 Unconfident 11 1.74% 14 2.32% 19 2.43% 44 2.18% 

 Very unconfident 2 0.32% 3 0.50% 3 0.38% 8 0.40% 

 

Decision making strategies 
 

Considered all of the health and wellbeing 
aspects all the time 216 34.18% 193 31.95% 328 41.89% 737 36.50% 

 Only considered health and wellbeing aspects 
that I believe to be important 192 30.38% 201 33.28% 274 34.99% 667 33.04%  
Considered different health and wellbeing 
aspects each time 85 13.45% 90 14.90% 130 16.60% 305 15.11% 

 Mainly considered the length of time in Life A or 
B 91 14.40% 81 13.41% 15 1.92% 187 9.26% 

 Considered health and wellbeing aspects not 
presented here  9 1.42% 11 1.82% 9 1.15% 29 1.44%  

Other decision method  19 3.01% 15 2.48% 16 2.04% 50 2.48% 

 Select randomly 8 1.27% 6 0.99% 4 0.51% 18 0.89%  

Do not know 12 1.90% 7 1.16% 7 0.89% 26 1.29% 
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Table E-5: UK regression results (multiple models) 

Attribute Model 1 Model 2 Model 3 Model 4 Model 5 

Seeing (anchored)       

2 -0.067  -0.059  -0.067  -0.063  -0.067  

3 -0.096  -0.082  -0.151  -0.148  -0.096  

4 -0.225  -0.175  -0.292  -0.286  -0.2252  

5 -0.369  -0.340  -0.445  -0.439  -0.369  

Hearing (anchored)        

2 -0.046  -0.012**  -0.007** -0.005** -0.046  

3 -0.061  -0.047  -0.051  -0.048  -0.061  

4 -0.097  -0.110  -0.094  -0.086  -0.097  

5 -0.120  -0.197  -0.182  -0.179  -0.1202  

Getting around (anchored)        

2 -0.029*  -0.029**  -0.039  -0.040  -0.029*  

3 -0.044  0.003**1  -0.043  -0.044  -0.044  

4 -0.105  -0.082  -0.093  -0.092  -0.105  

5 -0.140  -0.203  -0.210  -0.208  -0.1402  

Day to day activities (anchored)        

2 -0.018** -0.016**  -0.043  -0.034  -0.018** 

3 -0.062  -0.045  -0.054  -0.051  -0.062  
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4 -0.112  -0.080  -0.111  -0.108  -0.112  

5 -0.168  -0.177  -0.195  -0.186  -0.168  

Sleeping (anchored)        

2 -0.020**  0.0661  0.012**1 0.008** -0.020**2  

3 -0.026**  0.0311  -0.013** -0.015** -0.026**2  

4 -0.049  -0.010**1  -0.024** -0.023** -0.0492  

5 -0.037*1  -0.011**1  -0.033  -0.032  -0.037*1  

Exhausted (anchored)        

2 0.008**1  -0.013**  0.006**1 0.006** 0.008**1  

3 0.003**1  -0.055  -0.027* -0.027* 0.003**1  

4 -0.041  -0.084  -0.038  -0.041  -0.041  

5 -0.059  -0.030**1  -0.076  -0.073  -0.059  

Lonely (anchored)        

2 0.001**  -0.009**  -0.003** -0.004** 0.001**  

3 0.003**1  -0.005**1  -0.021** -0.020** 0.003**1  

4 0.0011  -0.060  -0.034  -0.035  0.00112  

5 -0.036*  -0.0521  -0.054  -0.051  -0.036*  

Unsupported (anchored)        

2 -0.038*  -0.003**  -0.002** -0.005** -0.038*  

3 -0.050  -0.003**1  -0.019** -0.019** -0.050  

4 -0.087  -0.039  -0.057  -0.055  -0.087  

5 -0.029**1  -0.032*1  -0.058  -0.057  -0.029**1  
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Concentration (anchored)        

2 -0.044  0.012**1  -0.024* -0.029* -0.044  

3 -0.082  -0.040  -0.175  -0.154  -0.082  

4 -0.019**1  -0.059  -0.0461  -0.048  -0.019**1  

5 -0.055  -0.080  -0.052  -0.057  -0.055  

Anxious (anchored)        

2 0.017**1  -0.006**  0.001**1 -0.003** 0.017**1  

3 0.018**1  -0.020**  -0.009** -0.017** 0.018**1  

4 -0.032**  -0.034**  -0.022  0.009  -0.032**  

5 -0.038  -0.073  -0.030  -0.030* -0.038  

Depression (anchored)        

2 -0.053  0.017**1  -0.029  -0.032  -0.0532  

3 -0.032**1   -0.021**  -0.046  -0.048  -0.032**1   

4 -0.108  -0.059  -0.0431  -0.047  -0.108  

5 -0.149  -0.097  -0.091  -0.089  -0.149  

Control (anchored)        

2 0.020**1  -0.044  -0.018** -0.017** 0.020**12  

3 -0.013**  -0.024**1  -0.022** -0.021** -0.013**  

4 -0.011**1  -0.032  -0.151  -0.199  -0.011**1  

5 -0.060  -0.069  -0.0651  -0.068  -0.060  

Physical pain (anchored)        
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2 -0.044  -0.081  -0.021** -0.025** -0.044  

3 -0.111  -0.144  -0.074  -0.075  -0.111  

4 -0.294  -0.283  -0.289  -0.290  -0.294  

5 -0.373  -0.441  -0.396  -0.392  -0.373  

Duration/Death (unanchored) 0.616 1.099 -2.642  2.667  0.616 

Hearing level 5 (order term)     -0.102 

Getting around level 5  (order term)      -0.063 

Sleep level 2 (order term)     0.054  

Sleep level 4 (order term)     0.038  

Depression level 2 (order term)     0.072 

Control level 2 (order term)     -0.061 

Order main effect     -0.054** 

Observations 16,218 15,548 60,528  30,264  31,688 

Log-likelihood -4544.945 -4393.045 -18443.209 -15970.090  -8937.991 

Pseudo R-squared 0.1914 0.181 0.121  0.071  0.1861 

Logical inconsistent 10 14 4 4 10 

Insignificant 10% 17 19 17 17  17 

Utility of health state with all items at level 2 0.686 
0.822  

0.764  
0.758  0.686  

Utility of health state with all items at level 3 
0.448  0.556  

0.453  
0.452  0.448  

Utility of health state with all items at level 4 
-0.179  -0.083  

-0.133  
-0.130  -0.179  
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* The level is not significant at 5%; ** the level is not significant at 10% 

1 the attribute level is logically inconsistent with the previous one. 

2 the attribute level that the interaction term is significant. 

3 WTD: worse than dead state 

Model explanation: Model 1: conditional logit regression with standard-order DCETTO; Model 2 conditional logit regression with revised-order DCETTO; Model 3: conditional logit 

regression with DCE-Death; Model 4: rank ordered logit model with DCE-Death; Model 5: conditional logit regression with pooled DCETTO data, including both standard-order 

DCETTO and revised-order DCETTO 

 

  

Utility of worst state -0.634 
-0.791  

-0.887  
-0.862  -0.634  

Proportion of WTD3 states 17.16% 
16.74% 

27.36% 
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Table E-6: Australian data regression results (multiple models) 

Attribute Model 1 Model 2 Model 3 Model 4 Model 5 

Seeing (anchored)      

2 -0.037* -0.081 -0.071 -0.073 -0.037* 

3 -0.039** -0.087 -0.107 -0.109 -0.039**1 

4 -0.161 -0.148 -0.236 -0.230 -0.161 

5 -0.308 -0.258 -0.366 -0.366 -0.308 

Hearing (anchored)      

2 -0.066 -0.064 -0.009** -0.011**1 -0.066 

3 -0.083* -0.082 -0.047 -0.039 -0.083* 

4 -0.101 -0.103 -0.064 -0.065 -0.101 

5 -0.139 -0.179 -0.138 -0.135 -0.139 

Getting around (anchored)      

2 -0.003** -0.064 -0.048 -0.039 -0.003** 

3 -0.015** -0.0501 -0.067 -0.062 -0.015** 

4 -0.133 -0.085 -0.095 -0.091 -0.133 

5 -0.134 -0.203 -0.167 -0.164 -0.134 

Day to day activities (anchored)      

2 -0.064 -0.046 -0.023* -0.030* -0.064 
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3 -0.033**1 -0.059 -0.050 -0.053 -0.033**1 

4 -0.101 -0.103 -0.095 -0.097 -0.101 

5 -0.164 -0.143 -0.174 -0.181 -0.164 

Sleeping (anchored)      

2 0.002**1 0.051**1 -0.010** -0.006** 0.002**1 

3 0.010**1 0.043*1 -0.026* -0.023** 0.010**1 

4 -0.021** 0.023**1 -0.048 -0.045 -0.021** 

5 -0.021** -0.027** -0.057 -0.049 -0.021** 

Exhausted (anchored)      

2 -0.007** -0.020** -0.015** -0.010** -0.007** 

3 -0.007**1 -0.060 -0.028* -0.026** -0.007**1 

4 -0.024** -0.0481 -0.076 -0.076 -0.024** 

5 -0.028** -0.055 -0.090 -0.088 -0.028**1 

Lonely (anchored)      

2 -0.010** 0.021**1 0.011** 0.010** -0.010** 

3 -0.010**1 -0.005** -0.021** -0.020** -0.010**1 

4 -0.051* -0.043* -0.042 -0.039 -0.051* 

5 -0.051* -0.009**1 -0.049 -0.053 -0.051* 

Unsupported (anchored)      

2 -0.032** -0.055 0.007**1 0.011**1 -0.032** 

3 -0.053** -0.028**1 -0.009** -0.005** -0.053**1 

4 -0.088** -0.075 -0.038 -0.026** -0.088** 
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5 -0.043**1 -0.0571 -0.044 -0.036 -0.043**1 

Concentration (anchored)      

2 0.006**1 -0.017 -0.024** -0.021** 0.006**1 

3 -0.031** -0.022 -0.046 -0.037 -0.031** 

4 0.007**1 -0.061 -0.049 -0.047 0.007**1 

5 -0.025** -0.030**1 -0.066 -0.064 -0.025** 

Anxious (anchored)      

2 -0.017** 0.009**1 -0.030 -0.009 -0.017** 

3 -0.015**1 -0.012** -0.016**1 -0.016** -0.015**1 

4 -0.031** -0.052 -0.045 -0.042 -0.031** 

5 -0.060 -0.0421 -0.046 -0.046 -0.060 

Depression (anchored)      

2 -0.014** -0.006** -0.020** -0.021** -0.014** 

3 0.006**1 -0.008** -0.031 -0.032* 0.006**1 

4 -0.054* -0.041* -0.048 -0.043 -0.054* 

5 -0.116 -0.052 -0.078 -0.070 -0.116 

Control (anchored)      

2 0.008**1 -0.048 -0.036 -0.033 0.008**1 

3 -0.018** -0.006**1 -0.003**1 -0.012**1 -0.018** 

4 -0.028** -0.039 -0.035 -0.039 -0.028** 

5 -0.065 -0.079 -0.064 -0.069 -0.065 
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Physical pain (anchored)      

2 -0.068 -0.081 -0.059 -0.058 -0.068 

3 -0.112 -0.136 -0.076 -0.082 -0.112 

4 -0.304 -0.250 -0.275 -0.285 -0.304 

5 -0.433 -0.405 -0.374 -0.378 -0.433 

Duration/Death (unanchored) 0.451 0.548 -2.462 -2.462 0.451 

Hearing level 5 (order term)     -0.026 

Getting around level 1 (order term)     -0.034 

Getting around level 5 (order term)     -0.051 

Concentration level 4 (order term)     -0.037 

Order main effect     0.099 

Observations 16458 15600 61074 30498 32110 

Log-likelihood -4919.716 -4640.015 -18772.880 -16420.360 -9559.731 

Pseudo R-squared 0.139 0.143 0.097 0.062 0.141 

Logical inconsistent (summarize it) 8 11 4 2 8 

Insignificant 10% 26 15 11 14 26 

Utility of health state with all items at level 2 0.699 0.598 0.673 0.711 0.699 

Utility of health state with all items at level 3 0.599 0.488 0.472 0.483 0.599 

Utility of health state with all items at level 4 -0.089 -0.025 -0.146 -0.126 -0.089 
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* The level is not significant at 5%; ** the level is not significant at 10% 

1 the attribute level is logically inconsistent with the previous one. 

2 the attribute level that the interaction term is significant. 

3 WTD: worse than dead state 

Model explanation: Model 1: conditional logit regression with standard-order DCETTO; Model 2 conditional logit regression with revised-order DCETTO; Model 3: conditional logit 

regression with DCE-Death; Model 4: rank ordered logit model with DCE-Death; Model 5: conditional logit regression with pooled DCETTO data, including both standard-order 

DCETTO and revised-order DCETTO 

  

Utility of worst state -0.588 -0.539 -0.713 -0.699 -0.588 

Proportion of WTD3 states 13.16% 12.75% 17.05%   



279 

 

 

Table E-7: Non-significant levels, positive disutility and disordered levels 

a. By attributes 

  In 
total 

Vision Hearing Mobility Daily 
activity 

Slee
p 

Fatigu
e 

Lonelines
s 

Suppor
t 

Concentratin
g 

Contr
ol 

Anxious depress Pain 
severity 

UK 
  

Model 
1 

non-significant 17 0 0 0 1 2 2 3 1 1 3 3 1 0 

disordered  7 0 0 0 0 1 0 1 1 1 1 1 1 0 

incorrect sign 8 0 0 0 0 0 2 3 0 0 1 2 0 0 

combined 1 0 0 0 0 1 0 0 0 0 0 0 0 0 

Model 
2 

non-significant 20 0 1 2 1 3 2 2 2 1 1 3 2 0 

disordered  6 0 0 1 0 0 1 2 1 0 1 0 0 0 

incorrect sign 5 0 0 0 0 3 0 0 0 1 0 0 1 0 

combined 3 0 0 0 0 1 0 1 1 0 0 0 0 0 

Model 
3 
  

non-significant 18 0 1 0 0 3 1 2 2 1 3 3 1 1 

disordered  4 0 0 0 0 0 0 0 0 1 1 1 1 0 

incorrect sign 4 0 0 0 0 1 1 0 0 0 0 2 0 0 

combined 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

AUS 
  

Model 
1 

non-significant 26 1 0 2 1 4 4 2 0 4 3 3 2 0 

disordered  6 0 0 0 1 1 0 0 1 1 0 1 1 0 

incorrect sign 6 0 0 0 0 2 0 0 0 2 1 0 1 0 

combined 1 0 0 0 0 0 0 0 1 0 0 0 0 0 

Model 
2 

non-significant 16 0 0 0 0 3 1 3 1 3 1 2 2 0 

disordered  8 0 0 1 0 0 1 1 2 1 1 1 0 0 

incorrect sign 5 0 0 0 0 3 0 1 0 0 0 1 0 0 

combined 5 0 0 1 0 1 1 0 1 0 0 1 0 0 

Model 
3 

non-significant 11 0 1 0 0 1 1 2 2 1 1 1 1 0 

disordered  2 0 0 0 0 0 0 0 0 0 1 1 0 0 
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  incorrect sign 2 0 0 0 0 0 0 1 1 0 0 0 0 0 

combined 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

 

b. By levels 

  Level 2 Level 3 Level 4 Level 5 

Total  Severity 

levels 

Frequency 

levels 

Total  Severity 

levels 

Frequency 

levels 

Total  Severity 

levels 

Frequency 

levels 

Total  Severity 

levels 

Frequency 

levels 

UK Model 1 non-significant 6 1 5 6 0 6 4 0 4 1 0 1 

disordered  0 0 0 3 0 3 2 0 2 2 0 2 

incorrect sign 4 0 4 3 0 3 1 0 1 0 0 0 

combined 0 0 0 0 0 0 0 0 0 1 0 1 

Model 2 non-significant 9 3 6 7 1 6 2 0 2 2 0 2 

disordered  0 0 0 3 1 2 0 0 0 3 0 3 

incorrect sign 3 0 3 1 0 1 1 0 1 0 0 0 

combined 1 0 1 0 0 0 0 0 0 2 0 2 

Model 3 

  

non-significant 8 2 6 6 0 6 4 0 4 0 0 0 

disordered  0 0 0 1 0 1 3 0 3 0 0 0 

incorrect sign 3 0 3 0 0 0 1 0 1 0 0 0 

combined 0 0 0 0 0 0 0 0 0 0 0 0 

AU

S 

Model 1 non-significant 8 1 7 10 3 7 5 0 5 3 0 3 

disordered  0 0 0 4 1 3 1 0 1 1 0 1 

incorrect sign 3 0 3 2 0 2 1 0 1 0 0 0 

combined 0 0 0 0 0 0 0 0 0 1 0 1 

Model 2 non-significant 6 0 6 6 0 6 1 0 1 3 0 3 

disordered  0 0 0 3 1 2 1 0 1 4 0 4 

incorrect sign 3 0 3 1 0 1 1 0 1 0 0 0 

combined 0 0 0 2 1 1 1 0 1 2 0 2 

Model 3 non-significant 6 1 5 5 0 5 0 0 0 0 0 0 
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  disordered  0 0 0 2 0 2 0 0 0 0 0 0 

incorrect sign 2 0 2 0 0 0 0 0 0 0 0 0 

combined 0 0 0 0 0 0 0 0 0 0 0 0 

Highlighted in bold: The Disordered and incorrect sign means that the regression coefficient disutility magnitude of a lower level is smaller than that of a higher level, or has a 

positive sign for the disutility. The combined are the significant regression coefficients that has a positive sign for the disutility, or the disutility magnitude of a lower level is 

smaller than that of a higher level.  

Non-significance level: 10%.  
1numbers in each table: sum of the number of non-significant levels, positive disutility and disordered coefficients in three designs. The total number of coefficients for each 

attribute is 12. The total number of coefficients for each level is 39. 
2Severity levels: HWB dimension attributes with health problems described by its severity (No difficulty, Slight difficulty, Some difficulty, A lot of difficulty, Unable). Attributes are 

Vision, Hearing, Mobility, Daily activity and Pain severity.  

3Frequency levels: HWB dimension attributes with health problems described by its frequency (None of the time, Only occasionally, Sometimes, Often, Most or all of the time). 

Attributes are Sleep, Fatigue, Loneliness, Support, Concentrating, Anxious, Sad/depress and Control. 
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Figure E-1: UK (left) and Australian (right) disutility value by level and dimensions, by models (from top to bottom: Model 1, Model 2, Model 3) 

a. Physical health attributes: Vision, Hearing, Mobility, Daily activity and Pain severity 

  
Levels 
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b. Mental health and wellbeing attributes: Sleep, Fatigue, Loneliness, Support, Concentrating, Anxious, Sad/depress and Control 

 Levels 
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Figure E-2. UK and Australia value sets per selected health state  

a: with UK sample 

 

b: with Australian sample 
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Appendix F: Preference Heterogeneity analysis result, by model 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Appendix F: Preference Heterogeneity analysis result, by model  
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Table F-1: UK MNL regression with correlation terms 

Attribute Gender Age Carer or not Cared or not General health 

Seeing      

2 0.01** 0.02** -0.01** 0.03** 0.03** 

3 0.03** 0.01** -0.05** 0.05** 0.05** 

4 -0.03** -0.03** -0.01** -0.04** -0.04** 

5 -0.03** -0.12 0.00** -0.08 -0.08 

Hearing      

2 0.06 -0.05** 0.08 0.01** 0.01** 

3 0.05** -0.06** 0.05** -0.01** -0.01** 

4 -0.01** -0.08 0.10 0.00** 0.00** 

5 0.00** -0.07* 0.03** -0.03** -0.03** 

Getting around      

2 0.00** -0.05** 0.03** -0.02** -0.02** 

3 -0.02** -0.05** -0.01** 0.04** 0.04** 

4 -0.03** -0.06** 0.04** 0.04** 0.04** 

5 -0.05 -0.09 0.06* 0.04** 0.04** 

Day to day activities      

2 0.04** -0.05** 0.02** 0.02** 0.02** 

3 0.01** -0.01** -0.01** 0.03** 0.03** 
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4 0.01** -0.03** 0.04** 0.05* 0.05* 

5 -0.01** -0.06** 0.00** 0.04** 0.04** 

Sleeping      

2 0.01** 0.02** -0.01** 0.06** 0.07 

3 0.00** 0.07** -0.01** 0.09* 0.03** 

4 -0.02** 0.04** -0.08 -0.02** 0.04** 

5 -0.04** 0.07* -0.01** 0.05** 0.05** 

Exhausted      

2 0.01** -0.02** -0.04** -0.04** 0.00** 

3 -0.01** 0.03** 0.01** 0.00** 0.00** 

4 0.00** -0.05** 0.03** 0.06** 0.00** 

5 -0.03** 0.00** 0.01** 0.05** 0.01** 

Lonely      

2 -0.06** -0.03** 0.01** 0.00** 0.00** 

3 -0.05 0.03** 0.03** -0.05** 0.01** 

4 -0.07** -0.01** 0.02** 0.00** -0.03** 

5 -0.09** 0.00** 0.04** 0.05** -0.01** 

Unsupported      

2 -0.02** -0.04** 0.03** 0.07** -0.02** 

3 -0.02** 0.00** 0.02** 0.04** -0.02** 

4 -0.02** -0.05** 0.04** 0.04** -0.05** 

5 -0.01** 0.00** 0.05** -0.01** 0.05* 
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Concentration      

2 0.01** -0.03** -0.02** 0.00** 0.03** 

3 0.05** -0.04** -0.04** -0.10 0.00** 

4 0.02* -0.03** -0.01** -0.02** -0.01** 

5 0.00** -0.09 -0.04** -0.07** -0.02** 

Anxious      

2 0.03** 0.04** 0.04** 0.04** 0.01** 

3 0.03** 0.03** 0.03** 0.07** -0.01** 

4 -0.05** -0.03** 0.08* 0.10* -0.01** 

5 -0.03** 0.03** 0.07* 0.08** 0.00** 

Depression      

2 0.03** 0.00** -0.06* -0.03** -0.02** 

3 0.05** -0.05** 0.04** -0.05** 0.00** 

4 0.03* -0.01** -0.03** -0.05** -0.02** 

5 -0.01** -0.01** -0.01** 0.03** 0.00** 

Control      

2 -0.08 -0.03** 0.01** 0.05** -0.04** 

3 -0.05 -0.04** 0.04** 0.02** 0.00** 

4 -0.01** -0.05** 0.03** 0.00** -0.01** 

5 -0.04* -0.10 0.08 0.04** -0.02** 

Physical pain      
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2 -0.01** -0.01** 0.01** 0.00** -0.04** 

3 -0.06 -0.01** 0.05** 0.03** -0.04** 

4 -0.04** -0.08 0.04** 0.02** -0.07 

5 -0.10 -0.14 0.09 0.13 -0.07 

Time effect (unanchored) -0.04** 0.44 -0.17** -0.36** 0.01** 

Observation 31850 31850 31850 31850 31850 

Log-likelihood -9033.46 -9036.46 -9072.63 -9065.85 -9071.06 

Pseudo R-squared 0.18 0.18 0.18 0.18 0.18 
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Table F-2: Australian MNL regression with correlation terms 

Attribute Gender Age Carer or not Cared or not General health 

Seeing      

2 -0.04** 0.05** 0.05** 0.00** 0.05** 

3 -0.05** -0.08** 0.11 0.13 0.01** 

4 -0.15** -0.08** 0.22 0.17 -0.04** 

5 0.00** 0.00 0.00 0.00 0.00 

Hearing      

2 -0.10 0.02** 0.01** 0.10 -0.01** 

3 -0.09** -0.02** 0.02** 0.03** -0.02** 

4 -0.07** -0.02** 0.07 0.09 0.03** 

5 0.00** 0.00 0.00 0.00 0.00 

Getting around      

2 -0.06** 0.03** -0.01** 0.04** 0.01 

3 0.00** -0.12* -0.01** 0.05** 0.02 

4 -0.02** -0.10** 0.09 0.13 0.03 

5 0.00 0.00 0.00 0.00 0.00 

Day to day activities      

2 -0.02** -0.04** -0.04** -0.01** 0.04** 

3 -0.09** -0.06** 0.01** 0.05** -0.03** 
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4 -0.07** 0.03** 0.08 0.08 0.03** 

5 0.00** 0.00 0.00 0.00 0.00 

Sleeping      

2 -0.02** -0.06** 0.03** 0.00** 0.01** 

3 0.05** -0.12** 0.04** 0.03** 0.03** 

4 -0.01** -0.13* 0.02** -0.03** 0.00** 

5 0.00** 0.00 0.00 0.00 0.00 

Exhausted      

2 0.09** 0.05** 0.00** -0.04** -0.03** 

3 0.01** 0.03** 0.03** 0.05** -0.03** 

4 0.08** -0.03** 0.01** 0.03** 0.01** 

5 0.00** 0.00 0.00 0.00 0.00 

Lonely      

2 0.06 0.05** 0.03** 0.09 0.07* 

3 0.00** -0.02** 0.11 0.12 0.04** 

4 -0.04 0.02** 0.05** 0.15 -0.02** 

5 0.00 0.00 0.00 0.00 0.00 

Unsupported      

2 0.07** -0.11** 0.02** -0.03** 0.04** 

3 -0.09** -0.28 0.02** 0.01** 0.03** 

4 -0.07** -0.25 0.02** 0.05** 0.03** 

5 0.00** 0.00 0.00 0.00 0.00 
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Concentration      

2 0.00** -0.11** 0.04** -0.05** -0.03** 

3 0.02* -0.13* 0.07 -0.03** -0.01** 

4 0.04** -0.14 0.04** 0.02** 0.01** 

5 0.00** 0.00 0.00 0.00 0.00 

Anxious      

2 -0.06** -0.14* 0.04** -0.02** 0.03** 

3 -0.01** -0.13** -0.01** -0.03** 0.00** 

4 -0.06** -0.03** 0.03** 0.02** -0.04** 

5 0.00** 0.00 0.00 0.00 0.00 

Depression      

2 -0.03** -0.03** 0.02** 0.08** -0.03** 

3 -0.04* 0.01** 0.03** 0.04** -0.01** 

4 -0.14** 0.01** 0.05** 0.08* 0.00** 

5 0.00** 0.00 0.00 0.00 0.00 

Control      

2 0.04 0.06** 0.01** 0.05* -0.06** 

3 -0.02 -0.06** -0.02** 0.05** -0.01** 

4 0.01** -0.01** 0.03** 0.06 0.03** 

5 0.00 0.00 0.00 0.00 0.00 

Physical pain      
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2 -0.04** -0.06** 0.07 0.05** -0.01** 

3 -0.13 -0.17 0.11 0.16** -0.08 

4 -0.10** -0.26 0.17 0.16** -0.09 

5 0.00 0.00 0.00 0.00 0.00 

Time effect (unanchored) 0.05** 0.29 -0.21 -0.25 -0.02** 

Observation 31902 31902 31902 31902 31902 

Log-likelihood -9043.49 -9249.43 -9279.65 -9065.85 -9073.06 

Pseudo R-squared 0.18 0.22 0.16 0.18 0.18 
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Table F-3: Latent classes log-likelihood, CAIC and BIC value for various classes for UK and Australian sample 

a. UK sample latent classes 

 

b. Australian sample latent classes 

 

  

Classes log-likelihood ratio CAIC BIC 

2 -9280.0 18559.9 18559.9 

3 -9162.9 18325.9 18325.9 

4 -8698.4 17396.7 17396.7 

5 -8998.6 17997.2 17997.2 

6 -8942.8 17885.6 17885.6 

7 -8854.0 17708.1 17708.1 

8 -8761.8 17523.7 17523.7 

9 -9086.7 18173.4 18173.4 

10 -8936.4 17872.8 17872.8 

Classes log-likelihood ratio CAIC BIC 

2 -9670.558 19341.12 19341.12 

3 -9546.082  19092.16 19092.16 

4 -9411.207  18822.41 18822.41 

5 convergence not achieved 

6 -8956.883 17913.77 17913.77 

7 -9276.494 18552.99 18552.99 

8 -9336.979 18673.96 18673.96 

9 -9114.141 18228.28 18228.28 

10 -9105.633 18211.27 18211.27 
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Table F-4: Latent class analysis UK and Australian sample 

 UK sample Australian sample 

Observation 31902 32032 

Loglikelihood statistic -9072.621 -9437.916 

Classes  Class I Class II Class III Class IV Class I Class II Class III Class IV Class V Class VI 

Seeing   

2 -0.182 -0.056 -1.474 -0.168 -0.745 -0.048 -0.446 0.326 0.058 -0.142 

3 -0.328 -0.301 -3.098 -0.176 -0.597 -0.525 -0.393 -0.625 0.203 -0.239 

4 -0.453 -0.481 -6.184 -0.495 -0.773 -0.856 -1.251 0.529 -0.031 -0.425 

5 -0.417 -1.7 -9.23 -1.277 -0.046 -0.935 -2.566 -0.318 -0.051 -1.041 

Hearing    

2 -0.439 0.292 0.34 -0.118 -1.195 -0.106 -0.355 0.629 -0.335 0.152 

3 -0.248 -0.436 0.297 -0.075 -0.48 -0.68 -0.219 -0.457 -0.158 0.168 

4 -0.132 -0.392 -0.841 -0.377 -0.91 0.332 -0.474 -0.825 -0.231 -0.007 

5 -0.278 -0.477 -3.053 -0.63 -0.733 -0.711 -1.159 -1.411 -0.203 -0.182 

Getting around   

2 -0.083 -0.288 -0.528 -0.069 0.173 -0.794 -0.012 -0.282 0.081 -0.262 

3 -0.016 -0.163 -0.504 -0.258 0.331 0.194 -0.376 -0.767 -0.237 0.076 

4 -0.117 -0.932 -2.124 -0.364 0.002 -0.119 -0.683 -0.882 -0.145 -0.434 

5 -0.109 -1.116 -1.703 -0.922 0.656 -0.947 -1.208 -2.65 -0.13 -0.509 

Day to day activities   

2 -0.069 -0.889 -0.438 0.115 -0.027 0.106 -0.001 -0.73 -0.265 -0.253 

3 -0.114 -0.972 -1.06 -0.096 -0.859 0.861 -0.179 -0.398 -0.332 -0.145 

4 -0.103 -2.198 -1.351 -0.099 -0.634 -0.286 -0.544 -0.523 -0.21 -0.343 

5 -0.186 -2.463 -2.384 -0.541 -0.66 -0.133 -0.979 -1.108 -0.173 -0.574 

Sleeping    
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2 0.066 -0.343 -0.471 0.268 0.527 0.446 0.107 -0.248 -0.099 0.078 

3 -0.002 0.454 0.312 -0.17 -0.214 -0.067 -0.09 0.244 -0.074 0.2 

4 -0.104 -0.121 -0.14 -0.169 -0.092 -0.258 -0.269 -0.263 -0.173 0.09 

5 -0.029 -0.602 0.015 -0.204 0.065 -0.15 -0.295 -0.33 -0.191 -0.027 

Exhausted    

2 -0.118 -0.143 0.18 0.143 -0.84 -0.396 0.227 0.496 -0.151 0.026 

3 0.003 -0.574 0.2 0.03 -0.59 0.134 0.137 0.018 -0.073 -0.242 

4 -0.139 -0.432 -0.409 -0.147 -1.489 -0.752 -0.013 0.678 -0.021 0.044 

5 -0.087 -0.778 -0.619 -0.146 -1.068 -0.07 -0.413 -0.182 0.01 -0.085 

Lonely   

2 -0.143 0.297 0.734 0.016 0.259 0.505 -0.332 0.167 -0.029 0.193 

3 -0.134 -0.241 0.84 -0.103 0.349 -0.37 -0.237 0.006 0.013 -0.082 

4 -0.134 0.029 0.578 -0.382 -0.595 -0.198 -0.665 0.387 0.169 -0.096 

5 -0.073 -0.649 0.621 -0.344 -0.776 -1.23 -0.481 1.101 0.374 -0.164 

Unsupported (anchored)   

2 0.033 0.032 -0.084 -0.027 0.02 -0.249 -0.027 0.484 0.007 -0.029 

3 -0.059 0.574 0.49 -0.11 -0.305 -0.08 -0.079 -0.13 0.11 -0.091 

4 0.055 -0.081 0.181 -0.281 0.062 0.4 -0.384 -0.872 -0.102 -0.127 

5 -0.029 -0.093 -0.169 -0.276 0.176 -0.021 -0.453 -0.892 -0.082 -0.031 

Concentration   

2 0.094 -0.351 -0.531 -0.149 0.117 -0.063 -0.034 -1.093 -0.065 -0.113 

3 -0.108 -0.302 -0.633 -0.182 -0.483 0.41 -0.278 0.191 0.069 -0.193 

4 -0.208 0.303 -0.884 -0.37 -0.433 0.055 -0.345 -1.087 0.09 -0.119 

5 -0.307 -0.77 -1.142 -0.186 -0.453 -0.678 -0.531 -0.86 0.05 -0.029 

Anxious   

2 0.021 0.062 0.289 -0.094 -1.216 -0.209 0.199 -1.453 0.331 0.001 



297 

 

3 0.06 0.312 -0.221 -0.242 -0.787 -0.163 0.07 -1.356 0.128 -0.051 

4 0.18 -0.086 -0.11 -0.344 -1.043 -0.656 -0.121 -1.115 0.08 -0.004 

5 -0.048 -0.742 0.176 -0.35 -0.558 -0.537 -0.415 -1.826 0.006 0.029 

Depression    

2 -0.031 0.48 -0.573 -0.355 -0.241 -0.649 -0.334 1.134 0 0.004 

3 -0.156 0.487 -0.338 -0.356 -0.04 -0.182 -0.594 -0.163 0.176 -0.047 

4 -0.14 -1.065 -0.79 -0.393 -0.149 -0.765 -0.53 -1.096 0.288 -0.221 

5 0 -0.394 -1.146 -0.849 -0.196 -0.412 -0.971 -1.566 0.191 -0.064 

Control    

2 0.013 -0.101 0.202 0.036 0.07 -0.403 0.152 -0.813 0.079 -0.061 

3 0.084 -0.384 0.145 -0.158 -0.436 -0.668 0.043 -0.498 0.131 -0.152 

4 0.045 -0.298 0.412 -0.076 -0.17 -1.397 -0.065 -1.624 -0.018 0.003 

5 0.021 -1.189 -0.179 -0.08 -0.085 -1.192 -0.355 -1.318 -0.09 -0.125 

Physical pain    

2 -0.075 0.63 -0.962 -0.573 -1.629 1.055 -0.438 -1.429 -0.158 -0.107 

3 -0.064 -0.035 -1.764 -0.987 -2.387 0.674 -0.686 -3.318 -0.01 -0.566 

4 -0.318 -1.412 -2.602 -2.147 -3.75 0.61 -1.747 -5.9 -0.067 -1.234 

5 -0.256 -2.008 -3.33 -3.239 -6.064 0.257 -2.276 -9.144 -0.279 -1.701 

           

Class Share 0.27 0.154 0.121 0.455 0.074 0.057 0.257 0.064 0.205 0.343 

age -0.674 0.225 -0.04 0 0.087 0.059 0.137 -0.19 -0.631 0 

gender -0.959 0.104 -0.546 0 -0.149 -0.337 0.386 1.028 -0.175 0 

carer 0.553 -0.036 -0.076 0 0.434 0.621 -0.736 -0.47 0.597 0 

Cared for 1.247 -0.006 -0.112 0 -0.781 -0.957 -0.53 -0.822 0.345 0 

Poor health 0.117 -0.763 0.365 0 -0.063 -0.388 -0.133 0.254 -0.369 0 

_cons 1.786 -1.502 -0.519 0 -1.478 -1.382 -0.922 -2.89 0.574 0 
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