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Abstract

Background/Aims Discrete choice experiments (DCEs) with either duration included an attribute or with dead included
as an option can be used as a stand-alone approach to value health states. This paper reports on a DCE with both of these
features to develop an EQ-5D-5L value set for Australia.

Methods A DCE was undertaken using a large Australian panel of internet respondents, from which a sample of more than
4000 Australian adults was chosen, stratified to be population representative on age and gender. The DCE contained 500
choice triplets, with two EQ-5D-5L health states with duration, and dead as the third option. Each respondent answered 12
choice sets from the 500, stating both the best and worst options from the three available. The design was constructed to
estimate a utility algorithm with main effects plus some key interaction terms. A variety of approaches to parameterising
interactions, and to anchoring the value set on the required 01 scale, were tested. A preferred Australian adult utility algo-
rithm for use in cost-utility analysis was then generated.

Results In total, 4477 people completed at least one choice set and were included in the analysis. The results reflected the
monotonic structure of the EQ-5D-5L, in that moving from no problems to extreme problems led to worsening utility in
each dimension. Inclusion of interaction terms demonstrates that the disutility of the first dimension moving to a poor level
(defined as either level 5, or level 4 or 5) had a large impact, but subsequent dimensions moving to a poor level had a rela-
tively smaller disutility.

Discussion This work develops a value set for the EQ-5D-5L in Australia, and also provides a range of methodological
insights which can inform future work using a stand-alone DCE to value health in other countries.

1 Introduction

Key Points for Decision Makers

Cost-utility analysis (CUA) is the most prevalent form of
economic evaluation and is recommended as the preferred
method for the economic evaluation of new pharmaceuticals

Country-specific value sets are important to allow deci-
sion makers to reflect the views of their community in
their decisions
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The EQ-5D-5L is widely used in Australian Health
Technology Assessment, and this study reports local
values, which can facilitate better decisions

Until now, decision makers either used international
value sets, or the pilot Australian value set, both of
which were potentially unrepresentative of true commu-
nity attitudes
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and health technologies in Australia and internationally.
CUA employs the quality-adjusted life year (QALY), which
combines length and quality of life, as the main measure
of outcome. Preference-based measures (PBMs) of health-
related quality of life (HRQoL) provide the quality-of-life
input to the QALY. PBMs include a descriptive system that
describes health states and a value set that provides a value
for every health state described, which is typically developed
using a preference elicitation method such as the time trade-
off (TTO) or discrete choice experiment (DCE) with large
population-based samples [1]. The most widely used PBM
internationally is the EQ-5D, and value sets are available for
many countries [2, 3]. The EQ-5D measures HRQoL across
five dimensions (Mobility, Self-care, Usual activities, Pain/
discomfort and Anxiety/depression) using three [4] or five
[5] response levels. Value sets are anchored on the full health
[1] to dead utility (0) scale.

The use of DCEs in health decision-making has been
increasing over time [6]. One area of considerable develop-
ment in recent years is the use of DCEs to value health states
for the development of value sets for use in health technol-
ogy assessment [7]. The relative utility of different dimen-
sions and levels within a health state is derived from DCE
tasks in line with the Random Utility Theory framework
developed by McFadden [8, 9], and the utility of a health
state is assumed to be the sum of the utility of each of the
levels in that health state.

There has been a range of different DCE approaches taken
to estimate value sets. For example, in the protocol devel-
oped by the EuroQol Research Foundation for the valua-
tion of the EQ-5D-5L [10], both TTO and DCE data are
collected, and can be combined to estimate value sets [11].
Alongside this, considerable work has been conducted to
develop DCE:s as a standalone approach for the estimation of
value sets [7]. One methodological issue is that DCEs focus-
ing on only health dimensions (so, comparing two health
states against each other without duration or dead) result in
values on a latent unanchored scale that cannot be used in
the estimation of QALY's without further external anchor-
ing. One approach that has been developed to allow latent
DCE estimates to be anchored onto the full health to dead
scale required for QALYs is by the inclusion of duration as
an attribute in the choice sets. This approach was initially
developed and tested for the valuation of the EQ-5D-3L
[12, 13], the EQ-5D-5L [14] and the SF-6Dv2 [15], and
a recent review found that this approach has subsequently
been applied in more than 30 studies worldwide [7]. How-
ever, under this approach, the position of dead is inferred by
assuming it to be the value of a health state with zero dura-
tion. However, it is unusual to actually present such a health
state in these surveys, and it remains uncertain whether the
inference is appropriate or not.
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Beyond this key point, other ongoing methodologi-
cal questions about using DCE as a health state valuation
approach remain. One important question concerns the
estimation of interaction effects. It is potentially extremely
restrictive to assume that the impact on the value of moving
between levels in a dimension of a health profile (e.g. mov-
ing from no problems to extreme problems) is independent
of the levels of other dimensions in the instrument. Indeed,
previous research with EQ-5D-3L has frequently demon-
strated that estimation of interaction effects improves model
fit, with the coefficients estimated on these terms being sta-
tistically significant. Australian data using both TTO and
DCE for the EQ-5D-3L suggested that the first time a dimen-
sion moves to the worst level, there is a large disutility, but
subsequent dimensions moving to the worst level have rela-
tively smaller decrements [16, 17]. This pattern is similarly
reflected in the original English EQ-5D-3L modelling [18],
where the coefficient on the N3 dummy term (which equals
1 if any dimension is at the worst level) was large and sta-
tistically significant. However, it is important to note that
this pattern is not universally true. For example, the study
by Nicolet et al. [19] suggested that the effect of including
interactions was more modest. In their data, while many of
the dimension-by-dimension interactions were statistically
significant, the effect on overall model fit from their inclu-
sion is modest.

The only current Australian adult general population
EQ-5D-5L value set was developed using an experimental
DCE with a duration approach on a sample of 973 Austral-
ians [14]. However, an updated value set that is informed by
advances in DCE methods, and is based on the preferences
of a large representative sample of Australians, is required
for better health care decision-making. Therefore, this paper
has two key aims. First, it will produce an EQ-5D-5L value
set using a DCE with a duration approach. This value set can
be used in Australian health technology assessment and in
the measurement of health in the community in a way that
reflects underlying community values. Second, this paper
will explore possible approaches to the estimation of interac-
tion effects in the development of a value set, using a DCE
approach.

2 Methods

The DCE was presented using an approach building on that
employed in previous work in Australia [13]. Choice sets
were presented as a series of triples, consisting of two hypo-
thetical health states plus dead. Respondents were asked to
select which of the three options was the best and which
was the worst, thus giving a complete ranking over the three
options.
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2.1 Design of the Experiment

The design was constructed as pairs in Ngene [20], with
each option in the pair consisting of a combination of an
EQ-5D-5L health state and a survival duration (denoted as
“TIME” below). The possible values of the duration variable
were 1 year, 4 years, 7 years, 10 years and 15 years, selected
to cover the range of durations included in most valuation
tasks [7], but to be broad enough to allow comparison of
good and bad health states. The modified Fedorov algorithm
available in Ngene was used to construct the design, with the
aim of producing a design with low D-error. The algorithm
iterated through design improvements until no substantial
reduction in the D-error was observed.

The design was built using the following criteria: (1) a
dead health state was appended to each pair (options A and
B) and presented as option C in each choice set; (2) the
design was specified as containing 500 choice sets (from
which each respondent completed 12 tasks drawn at ran-
dom); (3) no prior information on parameter estimates was
used (i.e. we assumed all coefficients were zero, as we did
not have estimates for all of the interactions from previous
studies, given the novel approaches used); (4) the experiment
was designed to allow estimation of main effects, the 20
two-factor interactions between each move from full health
in each dimension and the linear term on duration (which
collectively allow estimation of a main effects utility algo-
rithm, as described below in the analysis section) and 40
three-factor interactions between duration and any pair of
dimensions where both appear at either level 4 or level 5;
(5) the design maximised D-efficiency. To be explicit about
the three-factor interactions used, the interactions involv-
ing (as an example) mobility (MO) and self-care (SC) were
MO4 x SC4 x TIME, MO4 x SC5 x TIME, MO5 x SC4 x
TIME, and MOS5 x SC5 x TIME. As there are ten combina-
tions of dimensions, this gives 4 X 10 (= 40) three-factor
interactions. The reason that only these three-factor interac-
tions were included is because these are the ones needed
to estimate two-factor interactions in the utility algorithm;
we limited ourselves to this set because previous work sug-
gested statistically significant interactions were most preva-
lent between poorer levels of each dimension [13].

2.2 Administration of the Survey

The survey was hosted by Survey Engine (http://surveyengi
ne.com/language/en/), who liaised with a panel provider
(PureProfile) to arrange the sample. Pureprofile have a
large pool of potential respondents across Australia, which
is largely population representative in terms of key demo-
graphic variables. Evidence suggests that DCE data col-
lected online generates similar findings to those collected
face-to-face [21], and can improve the reach of the survey

to those in more remote areas. Members of the PureProfile
panel were sent a link to the survey, which they could then
complete at their convenience. Each respondent received a
small cash sum for completing the survey (approximately 10
Australian dollars). Respondents were initially screened to
ensure the sample was population representative for age and
gender. If their age/gender quota was incomplete (and hence
they were allowed to continue), respondents completed the
following: the EQ-5D-5L, the 12 DCE choice sets randomly
allocated to them, feedback questions relating to clarity and
difficulty of the task and their strategy for completing the
DCE task, and socio-demographic questions relating to
country of birth, highest education level, whether they are
currently studying, their income, marital status, number of
children, whether they had specific health conditions, and
whether they had been hospitalised in the previous 5 years.
Additionally, the survey collected data regarding how long
they spent on each page, and the aggregate time across the
entire survey. The study was approved by the University of
Technology Sydney Human Research Ethics Committee
(approval 2009-143P).

2.2.1 Core Data Analysis

To analyse the data, we used ten different models. As
described below, there were two distinct methods for using
data and anchoring such that dead was valued at 0 and full
health at 1. Each of these two approaches was combined
with one of five different approaches to modelling interac-
tions. The anchoring method and the approach to interac-
tions are now described in order.

When considering the choice between two options A and
B, an additive utility function with both TIME and the levels
of the EQ-5D-5L would be inconsistent with the underly-
ing QALY approach, because the QALY model implicitly
requires that all health states have the same utility at death.
This is the zero condition [22, 23]. Therefore, the proposed
core specification of the utility function is similar to that of
Bansback et al. [12], in which the utility (U) of option j in
choice set s for survey respondent i was assumed to be:

Uij = aTIME; + ﬂXiSjTIMEisj + & (1)

where Xi,sj is a set of dummies relating to the levels of the

EQ-5D-5L health state presented in option j and f is a cor-
responding vector of coefficients. The error term is a random
error term with an extreme value type 1 distribution, as is
usual in this setting. We adjust the standard errors using a
clustered sandwich estimator to reflect the fact that survey
respondents answered multiple questions. In studies such as
Bansback et al. [12], the regression results are then trans-
formed into a utility algorithm. Since the method of trans-
formation (or scaling) is one of the questions being
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considered in this work, the conventional method for doing
so will be described in the next section, alongside some
alternative methods.

2.2.2 Anchoring

Previous work has considered different approaches to
anchoring DCE data on to the 01 scale required for CUA
[24]. The results of this existing work suggested that using
preference with regard to a dead state (rather than infer-
ring it) reduced the scale of the utility algorithm. Therefore,
if preferences between health states and the dead state are
included, fewer health states will be considered as worse
than being dead, which has implications for health decision-
making and the relative value of interventions affecting mor-
tality and morbidity. In such a situation, interventions that
improve quality of life would be valued relatively less than
under an approach that yields a broader spread of values.
The approach we take here is to treat the dead state as a
health state with a duration of zero. Previous work, such as
that of Bansback et al. [12] inferred the position of dead.
Using Eq. 1 above, the value of a health state with zero
duration can be inferred without requiring the respondent to
actually respond to a choice set where duration is zero (i.e. a
dead state). To do this, the utility function used in the initial
conditional logit regression is differentiated with respect to
TIME, to estimate the marginal utility of TIME. This can be
done both to identify the relative disutility associated with
individual levels, or with entire profiles. This gives:

6U /
= X .
5TME ~ * 17 @
To generate the utility algorithm to construct QALYs,
the ratio of the marginal utility of TIME for the health state
being valued and the marginal utility of TIME for full health
is estimated. This is:

a+ px’
o

3

To do this, we do not need explicit preferences between
health states and being dead. Thus, for our data, we initially
only use the preference between health profiles A and B.
We assume independence of irrelevant alternatives (I[A) to
identify the relative preferences of respondents between the
two non-dead options, which can be done for each health
state (A > B if A is the best of the three or B is the worst).

However, since we have preferences between health state/
duration combinations and dead, it is important to explore
the effect of using those as part of the analysis. Therefore,
we repeat the analysis using all data from each choice set.
Specifically, we explode the stated preferences into three
pairwise choices (A vs B, A vs C [dead], B vs C [dead]), and
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then repeat the regression analyses using all data (and with
the dead health state considered as a state where TIME = 0).

2.2.3 Exploring the Effect of Including Interaction Terms

The second area explored in this paper is the approach to
including interactions in the utility algorithm. Before describ-
ing the methods to do this, it is important to distinguish
between interaction effects in the regression and interaction
effects in the utility algorithm. As described previously, the
regression fits interaction terms between duration and each
move from full health in each EQ-5D-5L dimension. By esti-
mating the 20 interaction terms between levels 2 and 5 of each
dimension and duration in the regression, we can derive a
main effects utility algorithm. In this study, we move beyond
this to explore different approaches to including interactions
in the utility algorithm. For a two-factor interaction in the
utility algorithm (for example, between the worst levels of
Mobility and Self-care), we need to estimate a three-factor
interaction in the regression that also includes duration (for
instance, MOS5 X SC5 x duration), as described above.

Five different approaches to modelling interactions in
the utility algorithm were explored. The first was to assume
that there are no interaction terms in the utility algorithm.
Second, a simple dummy was fitted to profiles where any
EQ-5D dimension was at the worst level (denoted as an N5
term). Third, since previous Australian evidence suggested
that our population often consider levels 4 and 5 to be close
in disutility terms [13], it was considered to be of potential
value to broaden the dummy to reflect any dimension at level
4 or 5 (denoted as an N45 term). When designing the experi-
ment, we explicitly allowed for the estimation of interactions
between any dimension at either level 4 or 5 with any other
dimension at these same two levels. The fourth approach to
interactions exploits this design characteristic, estimating
the three-factor interactions between duration and each of
the ten pairwise interactions between dimensions at level 5
(MO5 x SC5, MOS5 x UAS, MO5 x PD5 MO5 x AD5 SC5
X UAS and so on). Finally, the fifth interaction approach
replicates this but with interactions between dimensions
at either level 4 or 5. This again produces ten interactions
(MO45 x SC45, MO45 x UAA4S5, etc). To compare these
different approaches, we estimate the pseudo R?, the overall
direction of the interactions and their impact on the models
and utility estimates.

3 Results

The characteristics of the total sample are reported in
Table 1. In total, 7359 potential respondents clicked on the
entry link. Of these 2245 were excluded due to being part
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Table 1 Characteristics of

respondents in analysis set (i.e.

completed 1 + choice set)

Variable Value N (%) Comparable
Australian data
(%)

Age (years) 18-24 526 (11.8%) 11.0
25-34 789 (17.6%) 18.6
35-44 850 (19.0%) 17.6
45-54 798 (17.8%) 16.3
55-64 686 (15.3%) 15.0
65+ 828 (18.5%) 21.5

Gender Male 2196 (49.1%) 474
Female 2281 (50.9%) 52.6

Mobility Level 1 3569 (79.7%)

Self-care Level 1 4135 (92.4%)

Usual activities Level 1 3513 (78.5%)

Pain/discomfort Level 1 2031 (45.4%)

Anxiety/depression Level 1 2393 (53.5%)

Country of birth Australia 3226 (75.2%) 79.8

Highest education Primary/secondary 1104 (25.8%) 394
Trade cert./diploma 1299 (30.3%) 33.0
Bachelor’s 1237 (28.9%) 15.3
Higher degree 648 (15.1%) 12.2

Current student Yes 547 (12.8%)

Gross household income < $20,000 167 (3.9%)
$20,001-$30,000 259 (6.0%)
$30,001-$40,000 258 (6.0%)
$40,001-$50,000 323 (7.5%)
$50,001-$60,000 367 (8.6%)
$60,001-$70,000 334 (7.8%)
$70,001-$80,000 305 (7.1%)
$80,001-$100,000 573 (13.4%)
More than $100,000 1144 (26.7%)
Other 558 (13.0%)

Marital status Single 1122 (26.2%) 23.6
Separated/divorced 432 (10.1%) 12.6
Widowed 104 (2.4%) 49
Married/de facto 2630 (61.3%) 59.0

Note that the sample under each variable is slightly different due to respondent dropping out after complet-
ing the choice task but not completing all demographic data

All Australian data come from Wave 19 of the Household Income and Labour Dynamics Australia
(HILDA) survey, other than age distribution, which uses data from the Australian Bureau of Statistics

of an age/gender quota that was already complete, leaving
5114. Of these, 4477 answered at least one choice set (with
the remainder either pulling out before the first choice set or
being timed out). These 4477 constitute the analysis set. Of
the 4477 who completed one choice set, 4307 (96%) com-
pleted all choice sets, and of those 4307, 4267 completed all
the demographics and reached the end of the task.

The distribution of time spent on each choice set is pre-
sented in Fig. 1. The median time spent on each choice set
declines as respondents progress through the tasks, dem-
onstrating increased familiarity with the task, or perhaps

movement to the use of simplifying heuristics. The median
respondent spent 47 s on the first choice set, but between
choice sets 3 and 12, was spending approximately 20 s on
each. There is a small part of the population who spend little
time on each choice set; the 25th percentile falls to 10 s by
the final choice set. As a robustness check, we re-estimated
the simplest model (excluding dead data and only allowing
two-factor interactions in the regression) excluding either the
slowest or fastest 10% of respondents (or both). The impact
of this was small and non-systematic across models, and is
available on request from the authors.
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Fig.1 Time spent on each choice set, by percentile (P)

The regression results using different approaches to mod-
elling interaction effects are reported in Table 2 using only
the relative preference between the two non-dead health
states. In the simplest main effects model, the coefficients
are monotonic as expected. Across all models, levels 1, 2
and 3 appear to be considered as similar, while levels 4 and
5 have significantly larger coefficients. Focusing first on
the main effects model (denoted as approach 1 in Table 2),
Pain/discomfort has the largest coefficient on the worst
level, followed by Mobility, Self-care, Anxiety/depression
and Usual activities. This pattern is similar in approaches
2 and 3, where we have introduced the N5 and N45 term,
respectively. The coefficient on both new terms is negative
and statistically significant at the 1% level; this suggests the
effect of dimensions being at these poor levels is less than
additive. In other words, the first dimension moving to a
poor level has a major impact, but the second dimension and
subsequent dimension moving to a poor level have a smaller
effect. Interestingly, the scale of the value set reduces when
interactions are included. When scaled such that dead
= 0 and full health = 1, the worst health state (55555) is
valued lowest under the simple main effects approach 1.
Approaches 4 and 5, which include each pairwise combi-
nation of dimensions at these poor levels, rather than the
crude N45 or NS5 terms, produces statistically significant
coefficients for seven or ten of these new interaction terms,
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respectively. These coefficients are positive, which shows
the same effect observed in approaches 2 and 3; if multiple
dimensions are at poor levels, there is a mitigation effect.

Turning to the results using dead data reported in Table 3,
it is notable that many of the same patterns exist across the
approaches. The results are typically monotonic across
dimensions, and the effect of including interactions is to
mitigate the disutility of multiple dimensions being at poor
levels. The major difference between the results in Tables 2
and 3 is the scale of the resultant value sets. The value of
the worst health state when the dead data are considered is
between 0.282 and 0.455 better than when the dead data are
excluded, depending on approach.

3.1 Selection of Preferred Model

Selection of the preferred approach for scoring EQ-5D-5L
health states in Australia depends on a number of factors.
Considering the inclusion or exclusion of the dead data,
there are a number of considerations. First, the exclusion of
the dead data uses a more uniform methodological approach
to what exists, and therefore produces a value set that is more
similar to most of the existing literature generating value sets
for PBMs [7]. This is of value as it potentially allows com-
parability with other studies. In an economic evaluation con-
text, this is useful if utility weights are drawn from multiple
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Table 2 Comparison of approaches to inclusion of interaction effects (excluding dead preferences)

Approach 3
(poor = 4/5)

Approach 4 (poor = 5)

Approach 5
(poor = 4/5)

Dimension Approach 1 Approach 2 (poor = 5)
Duration 0.222 (0.006)*** 0.232 (0.006)***
MO?2 x dur —0.015 (0.003)***  —0.015 (0.003)***
MO3 X dur —0.027 (0.003)***  —0.028 (0.003)***
MO4 x dur —0.074 (0.003)***  —0.075 (0.003)***
MOS5 X dur —0.093 (0.003)***  —0.083 (0.003)***
SC2 x dur —0.017 (0.003)***  —0.016 (0.003)***
SC3 x dur —0.023 (0.003)***  —0.023 (0.003)***
SC4 x dur —0.067 (0.003)***  —0.067 (0.003)***
SCS5 x dur —0.085 (0.003)***  —0.077 (0.003)***
UA2 X dur — 0.004 (0.003) —0.003 (0.003)
UA3 X dur —0.017 (0.003)***  —0.017 (0.003)***
UA4 X dur —0.048 (0.003)***  —0.046 (0.003)***
UAS X dur —0.056 (0.003)***  — 0.046 (0.003)***
PD2 x dur —0.017 (0.003)***  —0.016 (0.003)***
PD3 x dur —0.030 (0.003)***  —0.03 (0.003)***
PD4 x dur — 0.081 (0.003)***  —0.081 (0.003)***
PD5 x dur —0.104 (0.003)***  —0.094 (0.003)***
AD2 X dur —0.015 (0.003)*** - 0.014 (0.003)***
AD3 X dur —0.024 (0.003)*** - 0.025 (0.003)***
AD4 x dur —0.072 (0.003)*** - 0.071 (0.003)***
ADS5 X dur —0.083 (0.003)***  —0.074 (0.003)***
NS5 X dur —0.030 (0.003)***
N45 x dur

MO, 50r X SCpgqr X dur

MO0 X UA g X dur

MO, X PDpyg, X dur

MO, X AD oo, X dur

SCpoor X UA g0, X dur

SCpoor X PDjyer X dur

SCpoor X ADpoo, X dur

UA oo X PDpg, X dur

UA joor X ADjy0, X dur

PDpoor X AD o, X dur

Pseudo R* 0.1491 0.1505

Value (55555) —0.896 -0.735

0.341 (0.008)%+*
— 0.013 (0.003)%**
— 0.024 (0.003)%**
— 0.06 (0.003)%**

— 0.079 (0.003)%**
— 0.011 (0.003)%**
— 0.018 (0.003)%**
— 0.052 (0.003)%**
— 0.067 (0.003)%**
— 0.008 (0.003)%**
— 0.021 (0.003)%**
— 0.037 (0.003)%**
— 0.044 (0.003)%**
— 0.016 (0.003)%**
— 0.027 (0.003)%**
— 0.067 (0.003)%**
— 0.089 (0.003)%**
— 0.02 (0.003)%**

— 0.026 (0.003)%**
— 0.062 (0.003)%**
— 0.074 (0.003)%**

—0.162 (0.007)***

0.1614
-0.511

0.232 (0.006)+*
— 0.015 (0.003)%*
— 0.027 (0.003)%%*
— 0.075 (0.003)%**
— 0.103 (0.004)%**
— 0.017 (0.003)%%*
— 0.023 (0.003)%**
— 0.066 (0.003)%*
— 0.095 (0.004)%**
— 0.004 (0.003)

— 0.016 (0.003)%*
— 0.046 (0.003)%**
— 0.072 (0.003)%**
— 0.017 (0.003)%**
— 0.031 (0.003)%**
— 0.082 (0.003)%**
— 0.123 (0.004)%**
— 0.014 (0.003)%**
— 0.024 (0.003)%**
— 0.07 (0.003)%**
— 0.104 (0.004)%**

— 0.004 (0.005)
0.014 (0.005)***
0.014 (0.005)***
0.016 (0.004)***
0.007 (0.004)
0.004 (0.005)
0.027 (0.004)***
0.028 (0.005)***
0.017 (0.004)***
0.025 (0.004)***
0.1514

- 0.506

0.305 (0.007)%*x
— 0.017 (0.003)%**
— 0.029 (0.003)%**
— 0.126 (0.005)%**
— 0.145 (0.005)%**
— 0.018 (0.003)%**
— 0.021 (0.003)%**
— 0.123 (0.005)%**
— 0.141 (0.005)%**
— 0.006 (0.003)%*
— 0.018 (0.003)%**
— 0.109 (0.005)%**
— 0.116 (0.005)%**
— 0.016 (0.003)%**
— 0.031 (0.003)%**
— 0.145 (0.005)%**
— 0.165 (0.005)%**
— 0.013 (0.003)%**
— 0.024 (0.003)%**
— 0.132 (0.005)%**
— 0.148 (0.005)%**

0.02 (0.003)*#*
0.02 (0.003)*#*
0.027 (0.003)***
0.03 (0.003)*#*
0.027 (0.003)***
0.027 (0.003)***
0.033 (0.003)***
0.037 (0.003)***
0.029 (0.004)**
0.03 (0.003)*#*
0.1608

—0.428

AD Anxiety/depression, dur duration, MO Mobility, PD Pain/discomfort, SC Self-care, UA Usual activities

sources. However, it is clear that the existing method does
not accurately predict preferences regarding dead [25]. This
may be driven both by dead having a particular resonance
with respondents that is different to a health state duration
of zero [26]. It may also be a consequence of the assump-
tions that are made in much of the literature around constant
proportional TTOs [27]. Regardless, we believe it is a poten-
tially useful feature of a value set to be able to predict dead
preferences, and this can be better achieved by including
explicit choices between health states and being dead when

it is reasonable to do so than by inferring the value of dead
in the way that has typically been used [12].

The second key issue is whether interactions should be
included in the value set, and if so, how they should be
specified. This is an important question for the distribution
of health states in the final value set. This importance is
illustrated in Fig. 2, which shows the scores of the 3125
possible health states in the EQ-5D-5L using each of the
five approaches described previously. Figure 3 shows the
corresponding data if dead preferences are excluded.
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Table 3: Comparison of approaches to inclusion of interaction effects (including dead preferences)

Approach 3 Approach 4 (poor =5) Approach 5

(poor = 4/5)

(poor = 4/5)

Dimension Approach 1 Approach 2 (poor = 5)
Duration 0.278 (0.005)*** 0.295 (0.005)***
MO?2 x dur —0.011 (0.002)***  —0.012 (0.002)***
MO3 X dur —0.020 (0.002)***  —0.020 (0.002)***
MO4 x dur —0.069 (0.002)***  —0.070 (0.002)***
MOS5 X dur —0.084 (0.002)***  —0.071 (0.002)***
SC2 x dur —0.011 (0.002)***  —0.009 (0.002)***
SC3 x dur —0.018 (0.002)***  —0.017 (0.002)***
SC4 x dur —0.064 (0.002)***  —0.063 (0.002)***
SCS5 x dur —0.078 (0.002)***  —0.065 (0.002)***
UA2 X dur —0.001 (0.002) 0

UA3 X dur —0.015 (0.002)***  —0.016 (0.002)***
UA4 X dur — 0.051 (0.002)***  —0.048 (0.002)***
UAS X dur —0.060 (0.002)***  —0.048 (0.002)***
PD2 x dur — 0.015 (0.002)***  —0.013 (0.002)***
PD3 x dur —0.025 (0.002)***  —0.024 (0.002)***
PD4 x dur —0.083 (0.002)***  —0.082 (0.002)***
PD5 x dur —0.098 (0.003)***  —0.084 (0.003)***
AD2 x dur —0.011 (0.002)*** - 0.010 (0.002)***
AD3 x dur —0.019 (0.003)*** - 0.019 (0.003)***
AD4 x dur —0.072 (0.002)*** - 0.070 (0.002)***
ADS5 x dur —0.082 (0.002)*** - 0.070 (0.002)***
NS5 X dur — 0.045 (0.002)***
N45 x dur

MO, 50r X SCpgqr X dur

MO0 X UA g X dur

MO, X PDpyg, X dur

MO, X AD oo, X dur

SCpoor X UA g0, X dur

SCpoor X PDjyer X dur

SCpoor X ADpoo, X dur

UA oo X PDpg, X dur

UA joor X ADjy0, X dur

PDpoor X AD o, X dur

Pseudo R* 0.1118 0.1143

Value (55555) —0.442 —-0.301

0.440 (0.008)%**
— 0.009 (0.002)%**
— 0.016 (0.002)%**
— 0.055 (0.002)%**
— 0.069 (0.002)%**
— 0.005 (0.002)**
— 0.013 (0.002)%**
— 0.049 (0.002)%**
— 0.060 (0.002)%**
— 0.005 (0.002)*

— 0.018 (0.002)%**
— 0.040 (0.002)%**
— 0.048 (0.002)%**
— 0.014 (0.002)%**
— 0.023 (0.002)%**
— 0.069 (0.002)%**
— 0.083 (0.002)%**
— 0.015 (0.002)%**
— 0.019 (0.003)%**
— 0.061 (0.002)%**
— 0.071 (0.002)%**

—0.208 (0.007)***

0.1246
—0.226

0.292 (0.005)%**
—0.011 (0.003)%#*
— 0.019 (0.002)%*
— 0.07 (0.002)%**
—0.101 (0.003)%*%*
— 0.01 (0.002)%**
— 0.017 (0.002)%%*
— 0.063 (0.002)%*
— 0.097 (0.003)%*
—0.001 (0.002)

— 0.016 (0.002)%*
— 0.05 (0.002)%**
— 0.08 (0.003)%**
— 0.015 (0.002)%**
— 0.025 (0.002)%%*
— 0.083 (0.002)%*
— 0.122 (0.003)%**
— 0.01 (0.002)%**
— 0.019 (0.003)%**
— 0.071 (0.002)%*%*
— 0.109 (0.003)%**

0.008 (0.003)**
0.016 (0.003)***
0.018 (0.003)***
0.022 (0.003)***
0.015 (0.003)***
0.016 (0.003)***
0.029 (0.003)***
0.023 (0.003)***
0.017 (0.003)***
0.031 (0.003)***
0.1144

—-0.074

0.393 (0.007)%**
— 0.014 (0.003)%**
— 0.023 (0.003)%**
— 0.142 (0.004)%**
— 0.156 (0.004)%**
— 0.011 (0.002)%**
— 0.015 (0.003)%**
— 0.148 (0.004)%**
— 0.160 (0.004)%**
- 0.002 (0.003)

— 0.016 (0.002)%**
— 0.128 (0.004)%**
— 0.137 (0.004)%**
— 0.014 (0.002)%**
— 0.026 (0.003)%**
— 0.178 (0.005)%**
— 0.192 (0.005)%**
— 0.008 (0.002)%**
— 0.017 (0.003)%**
— 0.159 (0.005)%**
— 0.171 (0.005)%**

0.033 (0.003)***
0.022 (0.003)***
0.039 (0.003)***
0.035 (0.003)***
0.037 (0.003)***
0.039 (0.003)***
0.043 (0.003)***
0.044 (0.003)***
0.035 (0.003)***
0.049 (0.003)***
0.1281

-0.116

AD Anxiety/depression, dur duration, MO Mobility, PD Pain/discomfort, SC Self-care, UA Usual activities

Models differ in terms of their spread (i.e. their mini-
mum values), as well as the clustering of scores at differ-
ent points. Of particular interest is that there is a range of
scores (around 0.5-0.8) where approach 3 does not have
any values; health states with the interaction term turned
on lie below that range; those without the interaction
term lie above. In terms of deciding between these, there
is a consistent pattern in existing EQ-5D valuation sets
that when interaction terms are included in the value set,
they are statistically significant. However, a major issue
with the use of two-factor interactions in the value set (as
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typified in approaches 4 and 5) is that, in some situations,
the value set would mis-order health states. This occurs
because the coefficients on the interaction terms are gen-
erally positive and, if enough of them are turned on when
moving between states, it exceeds the main effect working
in the opposite direction.

Of the models considered here, we recommend approach
2. This is because [1] interaction effects matter across
approaches 2-5; [2] the inclusion of all ten interaction terms
in approaches 4 and 5 yields mis-ordered scores for some
pairs of health states; and [3] the distribution of health states
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Fig.2 Value set distribution, by o 4
interaction approach (including
dead preferences)
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Table 4 Preferred Australian EQ-5D-5L value set

Dimension Level Value set decrement (95% CI)
Mobility 2 —0.039 (- 0.023 to — 0.056)
3 —0.067 (— 0.052 to — 0.083)
4 —0.237 (- 0.223 to — 0.251)
5 —0.242 (- 0.226 to — 0.257)
Self-care 2 —0.030 (— 0.014 to — 0.047)
3 —0.058 (— 0.042 to — 0.074)
4 —0.213 (- 0.198 to — 0.227)
5 —0.221 (- 0.206 to — 0.236)
Usual activities 2 0
3 —0.055 (— 0.041 to — 0.068)
4 —0.162 (- 0.151 to — 0.173)
5 —0.162 (- 0.151 to — 0.173)
Pain/discomfort 2 — 0.044 (- 0.028 to — 0.060)
3 —0.081 (- 0.066 to — 0.097)
4 —0.276 (- 0.261 to — 0.291)
5 —0.285 (- 0.269 to — 0.301)
Anxiety/depression 2 —0.032 (- 0.017 to — 0.048)
3 —0.066 (— 0.049 to — 0.083)
4 —0.238 (— 0.224 to — 0.252)
5 —0.238 (— 0.224 to — 0.252)
N5 Any dimen- —0.153 (- 0.138 to — 0.168)
sion at
level 5

CI confidence interval

under approach 3 is implausible, with a significant peak
around 0, and very few values in the 0.5-0.8 range. The final
value set resulting from approach 2 including preferences

around dead health states is presented in Table 4. As an
example of how this value set works, health state 23235
(i.e. level 2 for Mobility, level 3 for Self-care, level 2 for
Usual activities, etc.) would be valued as 1 — 0.039 — 0.058
—0.081 — 0.238 — 0.153 = 0.431.

4 Discussion

This paper reports the development of an EQ-5D-5L value
set for Australia, and an assessment of the impact of interac-
tions and anchoring approaches on value set characteristics.
The preferred value set can now be used in health technology
assessment in Australia, replacing the previous pilot version.
As Australia is a user of CUA and the QALY as part of its
decision-making around public subsidy of medical services
and pharmaceuticals, these findings have the potential to
impact significantly on resource allocation processes at the
national, state and local levels (Fig. 3).

Beyond the practical value of the results, the conclusions
regarding the impact of interactions on values are important
in identifying the appropriate future directions for design-
ing and modelling DCE data, and of health state data more
generally. The optimal way to include interactions in data
analysis is, as yet, to be determined. However, we believe
that the work reported here demonstrates that analysing
without consideration of interactions can be inappropriate
if there is good prior reason for thinking they may impact on
stated preferences of respondents. Similarly, designing a task
in a way that does not allow unbiased (and reasonably pre-
cise) estimation of interaction effects is flawed as previous
EQ-5D-3L valuation studies have consistently demonstrated
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Fig.3 Value Set Distribu-
tion, by Interaction Approach S
(excluding dead preferences)
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that interactions matter [18, 28, 29], and these conclusions
are supported here. The results presented here use a range
of different approaches to modelling these interactions in a
DCE setting. The conclusion that interactions help to predict
choices matters for future valuation work using both DCE
and other approaches, such as those employed in the stand-
ard approach to valuing EQ-5D health states, the EQ-VT.
Future preference elicitation designs should be explicitly
constructed to capture a range of interaction effects.

It is interesting to note that the value set reported here
differs in a number of aspects from the pilot value set (model
D) [14]. There are a number of explanations that might con-
tribute to this difference: (1) the anchoring approach in the
two studies is different, with the pilot excluding data around
preferences for the dead health state; (2) the datasets were
collected in different years, and preferences in the popula-
tion might have changed in the intervening period; and (3)
random differences caused by recruiting different samples.
Our data do not allow these to be easily disentangled, but we
believe that the more contemporary, larger dataset reported
here, which is based on data that directly observes whether
a health state is better or worse than dead, is more appropri-
ate and hence should be used in preference to the value set
reported in the pilot work.

The research described here has a number of potential
limitations. Whilst the findings from this study may be of
interest more generally to the use of DCE duration with
any utility instrument, all analysis is conducted using the
EQ-5D-5L instrument and may therefore be specific to this
context. Second, the findings are specific to an online Aus-
tralian adult general population sample. Clearly, internet use
is high in Australia, particularly in younger, or more highly
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educated, people, but we acknowledge that there is a signifi-
cant potential selection issue in the use of internet panels (as
there may also be with those willing to take part in a face-
to-face interview). We have controlled for age and gender,
but note that there may be both observable and unobservable
differences between our sample and the general population.
A related point is that our preference elicitation approach is
potentially too difficult for those with cognitive impairment.
If we seek the preferences of a representative sample, it may
be that we cannot do so for those unable to complete the
DCE task online. This is an issue for face-to-face interviews
as well, but clearly, not having an interviewer to guide the
respondent will (all other things being equal) reduce the pool
of people able to complete it. A further issue with the use of
a DCE to value EQ-5D-5L health states is that it is different
to valuation approaches used in other settings, which have
typically combined both a DCE and a composite time trade-
off (¢cTTO). It is likely that TTO and DCE yield different
results, and it is challenging to identify which is more reflec-
tive of population preferences given the lack of an external
validation process. Thus, while we believe that the value set
reported here captures the preferences of Australian adults
for health defined within the EQ-5D-5L, it is important to
note that the results are not directly comparable to those
derived using other valuation approaches. Finally, the value
set we are recommending is sensitive to the choice to include
or exclude data around dead (and hence the appropriate
method for anchoring on the necessary 0-1 scale). While
we believe there is merit in having a value set that predicts
respondents’ attitudes to dead, it should be acknowledged
that such questions may be difficult or unethical to ask in
some populations, and there are additionally methodological
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questions around the use of a dead health state in a random
utility theory context [26].

To summarise, we have developed a value set for use in
Australian health care decision-making. We believe that
the findings in this paper suggest that including interaction
effects means that the values used in decision-making more
accurately reflect the preferences of the Australian popula-
tion, rather than reliance on findings from different coun-
tries, or from our older pilot data, which were based on a
smaller sample size.
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