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Abstract
Background  Discrete choice experiment (DCE) methods are an increasingly popular valuation method, particularly 
for the EQ-5D-5L. While EQ-5D-5L value sets developed using DCE have traditionally assumed linear time preferences, 
this assumption has been challenged. This has led to the development of DCE modelling methods that allow for 
nonlinear time preferences. The aim of this study was to explore the impact of a model that accounts for nonlinear 
time preferences with DCE choice set formats and design construction methods for EQ-5D-5L value sets.

Methods  This study used a four-arm (2 × 2) between-subjects design to investigate the impact of two commonly 
used DCE choice set formats (i.e. a third option of either immediate death or full health) and two commonly used DCE 
design construction methods (i.e. generator-developed and efficient designs) on EQ-5D-5L value sets. Mixed logit 
models that used exponential discounting to account for nonlinear time preferences were estimated in OpenBUGS. 
This was tested in a sample of respondents from Peru (n = 942) and Denmark (n = 988).

Results  Across all arms and for both countries, discounting was found to be present when modelling explicitly for 
nonlinear time preferences. Although estimated discount rates varied widely from 1 to 117%, both type of choice 
set format and type of design construction method influenced the utilities for more severe health states. Choice sets 
with full health tended to produce a wider range of utility weights, while choice sets with immediate death tended 
to produce higher estimated discount rates. Generator-developed designs tended to produce the highest and lowest 
utility weights for health states compared to the efficient designs.

Conclusions  This study provides a comparison of DCE choice set format and design construction method when 
nonlinear time preferences were explicitly modelled. Limitations to this study are discussed including data quality 
issues with the Peruvian dataset and small sample sizes. Further investigation is needed to confirm the suitability of 
models that account for nonlinear time preferences in EQ-5D-5L valuation studies.
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Introduction
Time trade off (TTO) has been the key method included 
in the EQ-5D-5L valuation protocol (EQ-VT) used to 
estimate value sets for EQ-5D-5L health states [1], but 
TTO methods are often labour-intensive as they are 
undertaken as face-to-face interviews. This has led to 
growing interest in alternative valuation methods, such 
as discrete choice experiments (DCEs). Like the TTO 
approach, the DCE method can derive health state values 
from trade-offs between time and quality of life [2]. DCEs 
can be administered online and do not require individual 
interviews. DCEs have gained recognition as a valuation 
method with an increasing number of valuation studies 
using DCE methods [3, 4].

One of the challenges of using DCE as a valuation 
method is how to incorporate time preferences. DCE 
methods used for EQ-5D value sets have commonly 
assumed linear time preferences, i.e. respondents are 
assumed to value time similarly regardless of whether 
it is closer to the present or further in the future [5–7]. 
It has also generally been assumed that respondents 
exhibit constant proportional time trade-off [8, 9]. That 
is, the trade-off between duration and quality of life gain 
is a fixed proportion and is independent of the quantity 
of life years presented to respondents. However, there is 
evidence that constant proportionality does not hold and 
that models which include time discounting (i.e. events 
in the future to be valued less than events closer to the 
present) provide a better reflection of respondent health 
preferences [10].

This has led to the introduction of DCE methods that 
explicitly model potential nonlinear preferences for 
duration or time [11], i.e. DCE data is modelled assum-
ing time is discounted such that time further away in the 
future is considered less valuable than time closer to the 
present. Jonker et al. [11] found that when discount rates 
are explicitly estimated in the DCE modelling process, 
there was evidence of nonlinear time preferences in the 
context of estimating a Dutch value set for the SF-6D. 
More generally, Jonker and Bliemer [12] demonstrate 
that for several instruments including the EQ-5D-5L, 
DCE design specifications that account for nonlinear 
time preferences tend to have better design efficiencies 
(based on Bayesian D-error criterion) compared to DCE 
specifications that assume a linear utility specification.

This favours a movement towards modelling explic-
itly for nonlinear time preference in the valuation of 
EQ-5D instruments. However, an issue that remains to 
be addressed is to understand the impact of DCE design 
methods when modelling nonlinear time preference. 

There are currently two commonly used DCE design 
construction methods—generator-developed [13] and 
efficient designs [11, 14]. Generator development can be 
used to construct designs that are D-optimal under the 
null hypothesis of utility neutrality, that is, all entries in 
beta are 0. Efficient designs are designs in assumptions 
are made about the prior probability distribution for beta. 
An algorithm with an appropriate objective function, 
such as the determinant of the inverse of the information 
matrix, is used to evaluate a large number of randomly 
drawn designs. Of all designs tested the one if kept is 
the one that best approximates the expected value of the 
objective function. In practice, due to the random nature 
of the draws and inability to test all possible designs, it is 
not possible to know if the final design is actually optimal 
[15].

There are also two commonly used formats for DCE 
choice sets—including a third option of either imme-
diate death or full health. In the literature, generator-
developed designs have conventionally been paired with 
DCE choice sets that use immediate death, while efficient 
designs are commonly paired with DCE choice sets that 
use the full health option [3, 4, 14, 16]. The development 
of these two DCE choice set formats are briefly reviewed 
below.

DCE with duration using immediate death
The DCE valuation method that was developed in 2012 
for anchoring values on the QALY scale included dura-
tion as an attribute in each option of the choice set [17]. 
This will be referred as DCE with duration, although it 
has also been referred to as DCETTO in the literature. For 
valuation of the EQ-5D using DCE with duration, each 
option thus consists of a health state described using the 
five dimensions of the EQ-5D and an additional attribute 
for duration, giving six attributes in total. Each respon-
dent’s utility is assumed to be defined by the product of 
the utility of the specified health state and the duration 
in each option. When duration is zero, the utility is inde-
pendent of the health state—this is known as the zero-
condition assumption [8, 18].

However, a concern about the DCE with duration 
method (in which two or more health state duration 
combinations are presented to respondents) is that 
respondents have not been explicitly asked to consider 
whether a health state is better or worse than being dead. 
Instead, the position of being dead on the utility scale is 
inferred through the modelling process [16].

Viney et al. [16] added to the DCE with duration 
method by introducing immediate death as an option in 
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each choice set to obtain stronger information about the 
position of dead. This approach is well established and 
has been used to obtain value sets for the EQ-5D-5L [16, 
19, 20], SF-6D [21, 22], EORTC-QLUC10D [23, 24] and 
the FACT-8D [25, 26]. This approach typically presents 
two health state duration combinations (A and B), and a 
third option (C) described as immediate death. Options 
A and B are represented by an EQ-5D-5L health state 
experienced for a specified duration (same for the two 
health states or may differ). Option C is specified as death 
(no duration and no health state). Typically, respondents 
are asked to choose both the best and the worst option 
of the three in order to obtain a complete ranking of 
health states from those considered worse than death to 
full health [27]. This will be called the immediate death 
approach in this study.

DCE with duration using full health
The full health approach to DCE with duration was intro-
duced in 2017 [28] in response to concerns about the 
complexity of tasks given to respondents and whether 
respondents behave according to the assumptions of the 
QALY model. DCE with duration responses are mod-
elled under the assumption that utility of a health state 
is a product of length of life and quality of life, i.e. that 
respondents treat health and duration multiplicatively. 
However, in an unconstrained task, there is evidence 
that most respondents seem to behave in ways that are 
not consistent with this assumption, and this can bias 
the results [29]. The full health approach implements 
various constraints on the task to mitigate this problem. 
Firstly, options A and B always have the same duration, 
and option C always refers to full health, for a shorter 
duration compared to options A and B. This approach 
uses a ‘matched pairwise choice’ format, meaning that 
respondents first indicate their preferred option from 
A and B, and then choose between option B and option 
C. By allowing the time spent in full health in option C 
to approach 0 (3 months is the smallest amount of time 
offered), ‘dead’ is approximated, but it is not the same as 
including the immediate death option in the immediate 
death approach.

How to incorporate nonlinear time preferences in 
EQ-5D-5L valuation studies
The immediate death and full health approaches repre-
sent different ways the DCE with duration can be imple-
mented in EQ-5D valuation studies. Researchers can 
choose the DCE choice set format, design construction 
method, implementation, and analysis approach. These 
choices can affect utility weights [30], as can the way in 
which ‘dead’ is treated in the modelling process [20].

Lim, et al. [14] used efficient DCE designs to investi-
gate the sensitivity of the DCE with duration approach 

to how well the DCE design construction method covers 
the severity range of health states. They found that the 
full health approach to DCE with duration was sensitive 
to the DCE design construction method and produced 
a skewed health state selection, introducing bias to the 
results. The immediate death approach was less impacted 
by the severity range in the DCE design construction 
method. The DCE with duration approach thus appeared 
to be sensitive to the DCE design construction method, 
although their study used efficient designs only and did 
not test generator-developed designs.

Roudijk et al. [2] compared the impact of using linear 
versus nonlinear modelling on the valuation of the EQ-
5D-5L. In addition, they used DCE with duration choice 
sets with full health and immediate death as a 3rd option 
using the matched pairwise format, although only 3/18 
tasks used health state C as immediate death. It was 
found that the linear and nonlinear models produced 
consistent and significant estimates. However, this study 
also only used efficient designs and did not test genera-
tor-developed designs. In addition, the focus of analysis 
was on comparing cTTO and DCE valuation, hence a 
comparison of different DCE with duration approaches 
and design construction methods was not the main focus 
of the study.

Study aims
We used a 2 × 2 between-subjects design (i.e. a four-arm 
study) to investigate:

1.	 The impact of using a model that allows for 
discounting of time i.e. nonlinear time preferences, 
on EQ-5D-5L value sets. This is investigated in 
the context of systematically varying DCE design 
methods, specifically:

a.	 the two DCE with duration approaches of 
immediate death and full health, and.

b.	 the two DCE choice set construction methods, i.e. 
generator-developed designs and efficient DCE 
designs.

2.	 The consistency of value sets obtained using different 
DCE design methods by comparing results from 
using data from two diverse countries (Peru and 
Denmark).

Methods
The data
This study used data that were collected in Peru and Den-
mark alongside the national EQ-5D-5L valuation stud-
ies reported elsewhere [31–33]. The reason for choosing 
these two countries was opportunistic. Valuation studies 
for these two countries were being conducted around the 
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same time and provided the necessary data to explore the 
aims of this study.

Data collection: Peru
A detailed account of the data collection of the Peruvian 
value set can be found in Augustovski et al. [31]. Briefly, 
a population-based random sample of 1000 adults aged 
18–75 years was used. The interviews were conducted 
at participants’ homes and administered as a computer-
assisted personal interview (CAPI). Interviews with 
respondents in Peru were conducted between April 2018 
and February 2019. Quality of responses were deter-
mined by interviewer compliance with the interview 
methodology and the face validity of responses [31, 34].

300 respondents were randomly selected to complete 
11 cTTO tasks first. All respondents completed 10 DCE 
latent scale choice sets; that is, a choice between pairs 
described by the 5 dimensions of the EQ-5D-5L as attri-
butes (no attribute for duration). This was followed by 12 
‘matched pair’ DCE with duration choice sets. The data 
analysed in this paper are from the responses to the DCE 
with duration choice sets.

Data collection: Denmark
A detailed account of the data collection in Denmark can 
be found in Jensen et al. [32]. Similar to the Peruvian data 
collection, a nationally representative sample of the Dan-
ish adult population was used. Individuals who agreed to 
participate could choose to be interviewed at home or at 
a nearby public institution. The study was administered 
using CAPI. Interviews in Denmark were conducted 
between October 2018 and December 2019.

In the Danish study, all respondents completed 10 
cTTO tasks, followed by 7 DCE latent scale choice sets 
then finally the 12 ‘matched pair’ DCE with duration 
choice sets. Once again, the focus of the current analysis 
was on the DCE with duration choice sets.

Arms
The 2 × 2 between-subjects design resulted in a 4-arm 
study (see Table  1). We compared the two approaches 
for anchoring the DCE with duration, i.e. the immediate 
death approach and the full health approach and then 
two design construction methods for the choice sets, 

i.e. generator-developed or the use of an efficient DCE 
design (see section on choice set construction for further 
details).

The DCE with duration choice set ‘matched pair’ format
Each DCE with duration choice set used the ‘matched 
pair’ format where each choice set included three options 
and was answered as a two-stage task. Respondents 
were first asked to choose between health state options 
A and B, and then between health state options B and 
C. Depending on the arm to which respondents were 
assigned, health state C was shown either as immediate 
death or as full health for a shorter duration than health 
state B. Participants completed a practice choice set fol-
lowed by 12 choice sets used for data analysis. An Eng-
lish-language mock-up of the choice sets is provided in 
Appendix A.

Choice set construction method
The generator-developed designs used in this study were 
constructed in Mathematica using the approach in Street 
and Burgess [10], with the additional constraint that 
two of the health state attributes were to be at the same 
level in options A and B for the full health design. Fur-
ther details on the construction process can be found in 
Appendix B. The final design of 105 choice sets was 86% 
efficient relative to the set of all choice sets. For both 
arms, duration was obtained from an initial coding of 
levels. In the arms anchored to full health, the full health 
duration was chosen randomly from an allowable set 
of shorter durations. The option to be compared to full 
health in each set was fixed, i.e. health state option B was 
always compared to health state option C.

The efficient DCE designs, i.e. used in arms death_eff 
and fullhealth_eff, were constructed using the Time 
Preferences Corrected QALY Design (TPC-QD) soft-
ware with customised code that has been used in pre-
vious studies [11, 28]. These designs explicitly allow for 
the measurement of nonlinear time preferences [12]. As 
priors are needed to optimise this design, a pilot round 
of data collection was used to improve upon the initially 
selected priors and thus improve the DCE design effi-
ciency. A pilot design was developed and administered 
to the first batch of respondents in arms death_eff and 
fullhealth_eff. The results were used as priors to develop 
a second set of choice sets, which were then given to a 
second batch of respondents in arms death_eff and full-
health_eff. Final analyses were conducted with all data. 
Choice sets were blocked into 10 blocks of 12 choice sets 
each. Respondents were randomly assigned to one of the 
blocks of 12 choice sets. The order of health states A and 
B was randomised.

Table 1  The four arms in the study to compare DCE with 
duration data in Peru and Denmark
Anchoring approach to 
DCE with duration

Construction method of choice sets
Generator-developed Efficient 

DCE design
Immediate death* death_gen death_eff
Full health** fullhealth_gen fullheatlh_eff
* Respondents saw immediate death as the third option (health state C) ** 
respondents saw full health for a shorter duration compared to health state B as 
the third option (health state C)
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Data analysis
Modelling nonlinear time preferences and estimating 
discount rates
The mixed logit (MXL) model was estimated using expo-
nential discounting to reflect nonlinear time preferences. 
This paper uses one specification of discounting for time 
as the focus of the study was on DCE design comparison 
rather than exploring optimal modelling of the discount-
ing for time. Introducing further comparison between 
different discounting specifications would add complex-
ity which does not necessarily address the aims of this 
paper. Exponential discounting was chosen over hyper-
bolic or power specifications as it is better identified 
which was considered desirable for the relatively small 
sample size per arm in this study.

Analyses were conducted in OpenBUGS. The model 
specification is based on Jonker et al. [11], which allows 
for linear time preference as a special case. For the MXL 
model, utility U for individual i for alternative n in 
choice set j is specified as:

	
Uinj = (βi Xinj) NPVinj + εinj ,

βi ∼ MV N (β ,
∑

) � (1)

where β i are the preference parameters associated with 
individual i that are multivariate normal distributed with 
population mean β  and covariance matrix, 

∑
. Xinj  

are the attribute levels faced by individual i in alterna-
tive n of choice set j. Net present value NPV inj is the 
sum of the present value of future life years ( TIMEinj). 
In this case, net present value, NPV inj , is discounted 
using the standard exponential function. The standard 
exponential function allows for linear time preference as 
a special case when the discount rate (r) is equal to zero. 
This can be expressed as:

	 NPVinj = TIMEinj , if r = 0,

	 NPVinj =
((

1 − e(−r)T IMEinj

))
/(er − 1)), if r ̸= 0. � (2)

.

Reporting and comparison of results
After MXL model parameters were estimated, the QALY 
scale parameter estimates were obtained by dividing the 

estimate of the mean, β̂ , by the first element of β̂ , i.e. 

the perfect health/duration intercept, β̂ 1. This can be 
expressed as:

	 QALY decrement = β̂ / β̂ 1 � (3)

The significance of the QALY scale parameter estimates 
compared to level 1, i.e. baseline, and any disordering was 
examined by arm and dataset. Significance is indicated 
by the non-inclusion of 0 in the 95% credible intervals. 
To compare model performance across arms, the mean 
absolute error (MAE) was calculated, with a lower score 
indicating better model performance.

For the purposes of calculating the utility weights asso-
ciated with health states, QALY scale estimates were 
reordered, and are summarised in Appendix C. If dimen-
sion level parameter estimates were inconsistent in order 
and not significant at the 5% level (i.e. the 95% credible 
intervals did not comprise 0), then it was assigned the 
parameter estimate of the previous dimension level. For 
instance, the parameter estimate for the dimension of 
Mobility at level 2 (i.e. MO2) was 0.01 and not significant 
at the 5% level, i.e. the 95% credible interval comprises 
of 0. Therefore, its value was constrained to the previous 
dimension level, i.e. Mobility at level 1 (MO1), which is 0, 
i.e. no difference in utility to MO1. In contrast, MO3 was 
also not significant at the 5% level, but because its value 
of -0.03 exhibited consistent ordering (i.e. decrement to 
MO2), its parameter estimate was left unchanged. Utility 
weights of selected health states were used for compari-
son purposes across arms, datasets and also against the 
published Peruvian and Danish datasets. Estimated dis-
count rates were examined for significance (p < 0.05) and 
compared across arms.

Results
Data cleaning and screening of respondents
Table  2 outlines total number of respondents included 
in the analysis and the number of choice sets in each 
arm. During the data cleaning process in the main valu-
ation study, 27 respondents in the Peruvian data set and 
36 respondents in the Danish data set were dropped 
due to low quality responses. An additional 11 respon-
dents each from the Peruvian data and the Danish data 
were excluded in the current study due to incomplete or 
missing choice data. Respondents were only included for 
analysis if they completed all 24 assigned choice sets.

The number of respondents in the full health approach 
exceeded those in the immediate death approach in Peru. 

Table 2  Number of respondents and choice sets
Arm Peru Denmark

No. of 
choice 
sets

No. of 
respondents

No. of 
choice 
sets

No. of 
respon-
dents

death_gen 125 221 125 253
fullhealth_gen 105 241 105 228
death_eff 240 229 240 251
fullhealth_eff 228 251 240 256
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For Denmark, the highest number of respondents was in 
the fullhealth_eff arm, with the lowest in the fullhealth_
gen arm. For Peru, there were just over 200 respondents 
in each arm. The number of choice sets were higher in the 
arms using efficient designs, as two batches of respon-
dents were used (see Methods: Choice set construction 
method for further details).

Comparison of MXL model results
Table  3 summarises the MXL model QALY scale esti-
mates. For comparison purposes, parameter estimates 
that were not significant at the 5% level in compari-
son to level 1, i.e. the baseline and/or misordered were 
highlighted in red. The Peruvian dataset had more non-
significant estimates compared to the Danish dataset. 
Consistently across both datasets, the death_gen arms 
and the death_eff had the highest and lowest number of 

Table 3  MXL model QALY scale estimates with 95% credible intervals (95% CI)
Peru death_gen death_eff fullhealth_gen fullhealth_eff
MO2 0.01 (-0.04, 0.05) -0.03 (-0.08, 0.01) 0.02 (-0.03, 0.08) -0.03 (-0.07, 0.01)
MO3 -0.03 (-0.10, 0.05) -0.12 (-0.16, -0.07) -0.11 (-0.17, -0.05) -0.09 (-0.13, -0.04)
MO4 -0.21 (-0.27, -0.14) -0.19 (-0.24, -0.14) -0.2 (-0.28, -0.14) -0.24 (-0.29, -0.19)
MO5 -0.41 (-0.49, -0.32) -0.37 (-0.43, -0.31) -0.56 (-0.68, -0.46) -0.48 (-0.55, -0.41)
SC2 0.02 (-0.05, 0.07) -0.02 (-0.06, 0.03) 0 (-0.06, 0.06) 0 (-0.04, 0.04)
SC3 -0.03 (-0.08, 0.02) -0.07 (-0.12, -0.02) 0 (-0.06, 0.06) -0.02 (-0.06, 0.02)
SC4 -0.13 (-0.18, -0.08) -0.14 (-0.19, -0.09) -0.17 (-0.24, -0.11) -0.13 (-0.18, -0.08)
SC5 -0.25 (-0.32, -0.20) -0.22 (-0.27, -0.17) -0.34 (-0.42, -0.26) -0.29 (-0.35, -0.24)
UA2 -0.03 (-0.09, 0.03) -0.03 (-0.07, -0.02) -0.04 (-0.10, 0.02) -0.07 (-0.12, -0.03)
UA3 -0.1 (-0.15, -0.04) -0.05 (-0.10, 0.00) -0.08 (-0.14, -0.01) -0.08 (-0.13, -0.04)
UA4 -0.18 (-0.24, -0.13) -0.13 (-0.18, -0.08) -0.29 (-0.37, -0.22) -0.22 (-0.27, -0.17)
UA5 -0.39 (-0.45 -0.33) -0.32 (-0.38, -0.26) -0.54 (-0.66, -0.45) -0.47 (-0.55, -0.40)
PD2 0 (-0.04, 0.05) -0.04 (-0.08, 0.00) -0.02 (-0.07, 0.03) -0.04 (-0.08, 0.00)
PD3 -0.08 (-0.12, -0.04) -0.05 (-0.09, -0.01) -0.04 (-0.10, 0.01) -0.1 (-0.15, -0.06)
PD4 -0.2 (-0.26, -0.14) -0.17 (-0.22, -0.13) -0.28 (-0.36, -0.21) -0.21 (-0.26, -0.17)
PD5 -0.44 (-0.53, -0.36) -0.37 (-0.44, -0.30) -0.56 (-0.69, -0.45) -0.49 (-0.57, -0.42)
AD2 -0.01 (-0.06, 0.06) -0.05 (-0.09, -0.00) 0.01 (-0.05, 0.06) -0.02 (-0.06, 0.02)
AD3 -0.04 (-0.09, 0.05) -0.06 (-0.10, -0.02) -0.07 (-0.12, -0.01) -0.04 (-0.08, 0.00)
AD4 -0.15 (-0.20, -0.09) -0.16 (-0.20, -0.11) -0.14 (-0.21, -0.09) -0.17 (-0.22, -0.13)
AD5 -0.32 (-0.38, -0.25) -0.31 (-0.37, -0.25) -0.37 (-0.47, -0.29) -0.31 (-0.37, -0.25)
Denmark death_gen death_eff fullhealth_gen fullhealth_eff
MO2 -0.03 (-0.07, 0.01) -0.01 (-0.04, 0.03) -0.02 (-0.05, 0.01) -0.01 (-0.03, 0.01)
MO3 -0.07 (-0.11, -0.03) -0.04 (-0.08, -0.01) -0.11 (-0.14, -0.08) -0.06 (-0.09, -0.04)
MO4 -0.12 (-0.17, -0.08) -0.12 (-0.15, -0.09) -0.16 (-0.20, -0.13) -0.14 (-0.17, -0.12)
MO5 -0.19 (-0.23, -0.15) -0.17 (-0.21, -0.14) -0.23 (-0.27, 0.20) -0.21 (-0.24, -0.18)
SC2 -0.01 (-0.06, 0.04) -0.02 (-0.05, 0.02) -0.04 (-0.06, 0.00) 0 (-0.03, 0.02)
SC3 -0.04 (-0.08, 0.00) -0.05 (-0.08, -0.01) -0.07 (-0.09, -0.04) -0.02 (-0.04, 0.00)
SC4 -0.09 (-0.13, -0.05) -0.11 (-0.14, -0.07) -0.18 (-0.21, -0.14) -0.11 (-0.14, -0.09)
SC5 -0.16 (-0.20, -0.11) -0.19 (-0.22, -0.15) -0.2 (-0.24, -0.17) -0.2 (-0.23, -0.17)
UA2 -0.02 (-0.07, 0.03) -0.02 (-0.05, 0.02) -0.02 (-0.05, 0.00) 0.01 (-0.01, 0.03)
UA3 -0.07 (-0.11, -0.03) -0.05 (-0.08, -0.01) -0.09 (-0.12, -0.06) -0.05 (-0.07, -0.03)
UA4 -0.18 (-0.22, -0.14) -0.15 (-0.19, -0.12) -0.17 (-0.20, -0.14) -0.15 (-0.17, -0.12)
UA5 -0.22 (-0.27, -0.17) -0.22 (-0.25, -0.18) -0.25 (-0.29, -0.21) -0.21 (-0.24, -0.18)
PD2 -0.04 (-0.08, 0.00) -0.04 (-0.07, -0.01) -0.06 (-0.10, -0.03) -0.03 (-0.05, -0.01)
PD3 -0.11 (-0.15, -0.06) -0.13 (-0.17, -0.10) -0.11 (-0.14, -0.08) -0.11 (-0.14, -0.09)
PD4 -0.35 (-0.40, -0.30) -0.33 (-0.38, -0.29) -0.37 (-0.42, -0.32) -0.36 (-0.39, -0.32)
PD5 -0.59 (-0.66, -0.53) -0.52 (-0.58, -0.47) -0.54 (-0.61, -0.48) -0.59 (-0.65, -0.54)
AD2 -0.01 (-0.05, 0.03) -0.11 (-0.14, -0.08) -0.08 (-0.11, -0.05) -0.06 (-0.08, -0.04)
AD3 -0.07 (-0.12, -0.02) -0.22 (-0.25, -0.18) -0.18 (-0.21, -0.15) -0.17 (-0.20, -0.14)
AD4 -0.35 (-0.41, -0.30) -0.46 (-0.51, -0.41) -0.44 (-0.50, -0.39) -0.42 (-0.46, -0.38)
AD5 -0.55 (-0.63, -0.48) -0.7 (-0.78, -0.63) -0.69 (-0.77, -0.62) -0.64 (-0.70, -0.59)
Note: Parameter estimates that were not significant at the 5% level (i.e. the 95% credible interval does not include 0) in comparison to the baseline, were highlighted 
in red
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non-significant parameters, respectively. The arms that 
anchored choice sets using full health tended to be rel-
atively consistent, with the same number of non-signif-
icant parameter estimates in each dataset, regardless of 
choice set construction method.

Table  4 summarises mean absolute error (MAE) by 
arm, with a lower score indicating better model perfor-
mance. In terms of MAE, there was no clear construction 
method that performed better than the other. For DCE 
with duration anchoring approach, the full health arms 
had lower MAEs in the Peruvian dataset. For Denmark, 

the death_gen arm had the highest MAE, with the lowest 
MAE in the fullhealth_gen arm.

Comparison of health state utilities
Table  5 illustrates a broad range of health states and 
their utilities. Most of the health states shown are from 
the 33 most common health states in the general popu-
lation [29]. For ‘milder’ health states (health states with 
dimension levels 3 or lower, e.g. 21231) the range of utili-
ties tend to be quite stable across approach to the DCE 
with duration choice set and construction method. That 
is, ‘milder’ health states were not as sensitive to the 
approach and construction method of the DCE with 
duration choice set.

For more ‘severe’ health states (health states with 
dimension levels 3 or higher, e.g. 44444), utilities were 
impacted by the anchoring approach to the DCE with 
duration choice set. The full health arms seemed to pro-
duce a wider range of utilities compared to the death 
arms, regardless of construction method (from 1 to 
-1.37 and to -0.91 for the Peruvian and Danish respon-
dents, respectively). More severe health states were also 
given worse utility weights in the full health compared to 
the death arms. The construction method of DCE with 
duration choice sets also appeared to have an impact on 
health state utilities. The arms with generator-developed 
designs tended to produce the highest and lowest utility 
values for a particular health state.

For instance, looking at the Danish utilities for health 
state 33,333, the arms using generator-developed designs 
had the highest utility value at 0.64 in the death_gen arm 
and the lowest utility value of 0.44 in the fullhealth_gen 
arm. A similar pattern was found for the Peruvian utili-
ties for the same health state and in most of the other 
health states, including the worst health state 55,555.

Comparison of health state utilities with published value 
sets
The health state utilities of the four arms of the study 
were also compared against the published value sets for 
Peru and Denmark [1]. This has been summarised in 
Table 6.

The utilities of the published Peruvian data set were 
quite different to those from the four arms. Most notably, 
the utility of 22222 (0.441) is much lower in the published 
value set compared to the 4 arms in this study. The differ-
ences may, in part, reflect the different data sets used; the 
published Peruvian value set was based on the cTTO data 
only. The published Danish value set, which was based on 

Table 4  Model performance: mean absolute errors
Mean absolute error death_gen death_eff fullhealth_gen fullhealth_eff
Peru 0.45 0.5 0.4 0.34
Denmark 0.4 0.29 0.23 0.31

Table 5  Utilities of select health States
Peru death_gen death_eff fullhealth_gen fullhealth_eff
21111 1 0.97 1 0.97
12111 1 0.98 1 1
11211 0.97 0.97 0.96 0.93
11121 1 0.96 0.98 0.96
11112 0.99 0.95 1 0.98
11111 1 1 1 1
11131 0.92 0.95 0.96 0.9
11232 0.88 0.87 0.92 0.81
21231 0.89 0.89 0.92 0.8
22222 0.96 0.83 0.94 0.84
31331 0.79 0.78 0.77 0.73
32332 0.78 0.71 0.77 0.71
33333 0.72 0.65 0.7 0.67
44444 0.13 0.21 -0.08 0.03
55555 -0.81 -0.59 -1.37 -1.04
%<0 11% 6% 27% 19%
Denmark death_gen death_eff fullhealth_gen fullhealth_eff
21111 0.97 0.99 0.98 0.99
12111 0.99 0.98 0.96 1
11211 0.98 0.98 0.98 1
11121 0.96 0.96 0.94 0.97
11112 0.99 0.89 0.92 0.94
11111 1 1 1 1
11131 0.89 0.87 0.89 0.89
11232 0.86 0.74 0.79 0.83
21231 0.84 0.84 0.85 0.88
22222 0.89 0.8 0.78 0.9
31331 0.75 0.78 0.69 0.78
32332 0.73 0.65 0.57 0.72
33333 0.64 0.51 0.44 0.59
44444 -0.09 -0.17 -0.32 -0.18
55555 -0.71 -0.8 -0.91 -0.85
%<0 15% 22% 29% 21%
Note: Utility weights of health states were based on QALY scale parameter 
estimates with forced ordering, different from Table 3. QALY scale parameter 
estimates with forced ordering is available in Appendix C
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a combination of the cTTO and DCE data, is relatively 
more consistent with the results of the four arms.

Comparison of discount rates
The estimated discount rates are summarised in Table 7. 
Except for the fullhealth_gen arm from the Danish data 
set, the 95% credible intervals were all above 0, suggest-
ing that when modelling explicitly for nonlinear time 
preferences, there was evidence that discounting was 
present. A sensitivity analysis was also conducted on 
the treatment of immediate death as ‘0’, see Appendix 
D. Apart from the death_gen arm in the Peruvian data, 
all the other arms had a death dummy estimate that 
included 0 in the 95% credible interval. This suggests the 

assumption of immediate death as represented by 0 years 
in duration does hold in most cases, at least when nonlin-
ear modelling is used.

For the Peruvian data, discount rates varied widely 
from 15 to 117%, which lacks face validity. In contrast, 
the variation in the Danish data was much less, from 1 
to 28%. It was also noted that discount rates were sensi-
tive to the approach to the DCE with duration choice set. 
The death arms tended to produce higher discount rates 
compared to the full health arms, irrespective of con-
struction method. In both datasets, the full health arms 
consistently outperformed the death arms based on face 
validity of discount parameters.

A summary of the key study findings is provided in 
Table 8.

Discussion
In this four-arm study, EQ-5D-5L value sets were esti-
mated with an exponential discount function to account 
for nonlinear time preferences. It was found that DCE 
with duration approach, DCE design construction 

Table 6  Comparison of health state utilities with published value sets
Health State Utilities

Country Arm 11111 22222 33333 44444 55555
Peru Published* 1 0.441 0.148 −0.28 −1.073

death_gen 1 0.96 0.72 0.13 -0.81
death_eff 1 0.83 0.65 0.21 -0.59
fullhealth_gen 1 0.98 0.7 -0.08 -1.37
fullhealth_eff 1 0.84 0.67 0.03 -1.04

Denmark Published** 1 0.771 0.571 −0.251 −0.757
death_gen 1 0.89 0.64 -0.09 -0.71
death_eff 1 0.8 0.51 -0.17 -0.8
fullhealth_gen 1 0.78 0.44 -0.32 -0.91
fullhealth_eff 1 0.9 0.59 -0.18 -0.85

*The Peruvian published value set is based on cTTO data only **The Danish published value set is based on a combination of cTTO and DCE data

Table 7  Estimated MXL model discount rates
Mean (95% CI) Peru Denmark
Fullheath_eff 0.25 (0.21–0.32) 0.09 (0.07–0.11)
Fullhealth_gen 0.15 (0.10–0.22) 0.01 (-0.01-0.04)
Death_eff 0.80 (0.56-1.00) 0.28 (0.23–0.35)
Death_gen 1.17 (1.06–1.27) 0.27 (0.21–0.34)

Table 8  Summary of key findings
Generator-developed designs
• No consistent pattern in terms of impact on significance of QALY param-
eter estimates
• No consistent pattern in terms of model performance (MAE)
• Produces more ‘extreme’ health state utilities, designs tended to produce 
the highest and lowest utility values for a particular health state
• No consistent pattern in terms of impact on discount rates
• Combination of generator-developed design with the DCE with duration 
using immediate death produced greatest number of non-significant QALY 
parameter estimates, and worse model performance (MAE) compared to 
other arms

DCE with duration using immediate death
• Produced more ‘extremes’, e.g. the death_gen arm had the highest and 
the death_eff arm the lowest number of non-significant parameters
• No consistent pattern in terms of model performance (MAE)
• Fewer health states considered worse than death
• Discount rate estimates were consistently higher, and discount rates 
lacked face validity
• Combination of generator-developed design with the DCE with dura-
tion using immediate death produced greatest number of non-signifi-
cant QALY parameter estimates, and worse model performance (MAE) 
compared to other arms

Efficient designs
• Consistent pattern in terms of number of significant QALY parameter 
estimates
• Consistent pattern in terms of model performance (MAE)
• Consistent results in terms of health state utilities
• No consistent pattern in terms of impact on discount rates

DCE with duration using full health
• Consistent pattern in terms of number of significant QALY parameter 
estimates
• Consistent results in terms of model performance (MAE)
• Produces a wider range of utilities, and many more health states con-
sidered worse than death (compared to the immediate death approach)
• Better face validity of discount rate estimates
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method design and data source affected the value sets. 
Compared to the DCE with duration approach using 
immediate death, the approach using full health better 
supported the estimation of a model that accounts for 
nonlinear time preferences in terms of discount rates and 
inconsistencies of model estimates. The arms using the 
full health approach also showed better model perfor-
mance in the Peruvian dataset, although it was less clear 
for the Danish data. Regarding DCE design construc-
tion method, arms with the generator-developed designs 
tended to produce more ‘extreme’ ranges of utility values 
(producing either the widest or narrowest range) com-
pared to arms using the efficient DCE designs where 
results were more consistent.

A consistent finding across arms was the presence of 
discounting, although the estimated rates varied quite 
substantially. Discount rates were generally more vola-
tile in the Peruvian data set, which had more inconsistent 
or non-significant parameter estimates. Karim et al. [33] 
found evidence for potential bias in the Peruvian data 
set induced by cTTO being completed first by a portion 
of respondents. This could have contributed to the vari-
ability seen in the current study and demonstrates how 
nonlinear modelling methods might be sensitive to data 
quality in terms of parameter estimation and discount 
rate estimates.

We noted that more severe health states were sensitive 
to both DCE with duration approach and DCE design 
construction method, whereas this mattered less for 
milder health states. Regardless of country, respondents 
who saw the full health approach were more likely to give 
worse valuations than respondents who saw the immedi-
ate death approach for the same health states. Anchoring 
to immediate death might have encouraged respondents 
to be more willing to accept living in worse health states. 
For the Peruvian data, the wider utility range of the full 
health approach makes the DCE with duration results 
better align with the published value set. DCE with dura-
tion approach mattered les in the Danish data, with arms 
generally aligned with the published value set.

The immediate death approach, which is often anal-
ysed in the literature using a linear model, has exhibited 
a notable sensitivity to how the “dead” option is inte-
grated into the analysis [20]. This sensitivity can result 
in a lack of generalisability across different segments of 
the task, but despite the use of a nonlinear model in the 
current study, disparities persisted between anchoring 
approaches. Jonker and Norman [29] offered a possible 
explanation, highlighting that the modelling assumptions 
of the QALY do not hold in the unconstrained DCE with 
duration paired with the death option. Consequently, 
researchers and end-users of utility estimates produced 
from DCE with duration tasks must carefully evaluate 

the implications of the chosen anchor and its impact on 
the validity and reliability of their findings.

Regarding DCE design construction method, we found 
more consistent results with the efficient DCE designs. 
However, it is difficult to decide which construction 
method is the preferred one. Generator-developed con-
struction methods are easier to implement as they do 
not require priors to inform the design and, when pri-
ors are used, they can be robust to misspecified priors 
compared to efficient DCE designs depending on the 
assumed distribution [15]. On the other hand, efficient 
DCE construction methods can be tailored to the needs 
of even the most demanding models; design optimisa-
tion software is available for the EQ-5D instruments 
[12], but these designs are difficult to generate for other 
instruments.

Methodological limitations and directions for future 
research
There are several limitations to this study. The ‘matched 
pair’ format was used for both approaches to the DCE 
with duration —this is not the conventional format used 
for the immediate death approach. Future studies com-
paring these two methods could use the “best- worst” for-
mat instead to investigate how these impact on value sets 
derived using nonlinear modelling methods.

There were also twice the number of choice sets used 
in the arms with efficient designs compared to the gen-
erator-developed designs. This was due to the efficient 
designs using two rounds of data collection, with the 
first data collection informing choice sets for the second 
round. Future studies comparing these two DCE design 
construction methods could compare the performance 
of generator-developed designs versus efficient designs 
when a similar or equivalent number of choice sets are 
used for each.

Although the treatment of immediate death as ‘0’ was 
generally supported, we did find that respondents val-
ued health states differently when comparing against 
full health or immediate death. In particular, compari-
sons against full health tended to produce a wider range 
of utilities. The issue of how respondents interpret and 
value ‘immediate death’ warrants qualitative exploration 
in future studies.

Although the aims of this study were focused on the 
impact of methodological variations on value sets, it 
must be acknowledged that estimated discount rates var-
ied quite widely. It is possible that larger sample sizes are 
needed as there were only 220–250 respondents per arm. 
Indeed, other studies that have used nonlinear time pref-
erence modelling methods had much larger sample sizes, 
e.g. Jonker et al. [11] included 1775 respondents for their 
analyses. Future studies could include more respondents 
to see if this can reduce variability seen in discount rates. 
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It is also important to keep in mind that estimated empir-
ical discount rates are usually unrelated to discount rates 
in a health technology assessment setting [11, 35]. This 
study also only used an exponential function to account 
for nonlinear time preferences and did not test whether 
other discounting functions may have provided a better 
fit. This was beyond the scope of the current study, and 
the findings should be interpreted in the context of this 
limitation. Future studies could explore other discounting 
functions and its impact on estimated discount rates.

In general, it was observed that the model to account 
for nonlinear time preferences in this study tended to 
perform better on data from Denmark compared to 
Peru. Future research could explore methods to improve 
DCE methods for health state valuation, particularly if 
data quality may be an issue. The current study also only 
focused on the EQ-5D-5L, and future studies should 
explore whether nonlinear modelling is appropriate for 
other instruments, particularly for younger age groups 
such as the EQ-5D-Y-3L and EQ-5D-Y-5L.

Conclusions
As far as the authors are aware, this is the first study to 
provide a head-to-head comparison of the two commonly 
used DCE with duration approaches and associated con-
struction methods in valuation studies that account for 
nonlinear time preferences, including a comparison of 
data from two diverse countries. Several methodological 
issues have been raised, and directions for future work 
have been suggested.
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