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A B S T R A C T
Background: Despite evidence of nonproportional trade-offs in time
trade-off exercises and the explicit incorporation of exponential
discounting in health technology assessment calculations, quality-
adjusted life-year (QALY) tariffs are currently still established under
the assumption of linear time preferences. Objectives: The aim of this
study was to introduce a general method of accommodating for
nonlinear time preferences in discrete choice experiment (DCE)
duration studies and to evaluate its impact on estimated QALY tariffs.
Methods: A parsimonious utility function is proposed that accom-
modates any discounting function and preserves linear time prefer-
ences as a special case. Based on an efficient DCE design and 1775
respondents from a nationally representative scientific household
panel, preferences and QALY tariffs for the Dutch SF-6D were
estimated while accommodating for nonlinear time preferences via
exponential and hyperbolic discounting functions. Results: When the
discount rate was estimated directly, we found strong evidence of
ee front matter Copyright & 2018, ISPOR–The Pro

r Inc.

16/j.jval.2018.01.016

st: The authors have indicated that they have no
pondence to: Marcel F. Jonker, Duke Clinical Resea
mfjonker.com.
nonlinear time preferences (with an exponential and hyperbolic
discount rate of 5.7% and 16.5%, respectively). When the discount rate
was estimated as a function of health state severity, we found that years
lived in better health states are discounted less than years lived in im-
paired health states. Finally, the best statistical fit was obtained when
using a hyperbolic discount function, which resulted in smaller
QALY decrements and fewer health states classified as worse than im-
mediate death. Conclusions: Our results highlight the relevance and
even necessity of a paradigm shift in health valuation studies in favor
of time-preference corrected QALY tariffs, with potentially important
implications for health technology assessment calculations and regula-
tory decisions.
Keywords: discrete choice experiment, health state valuation, SF-6D,
QALY.
Copyright & 2018, ISPOR–The Professional Society for Health Economics
and Outcomes Research. Published by Elsevier Inc.
Introduction

Economic evaluations in health care are often based on quality-
adjusted life-years (QALYs), providing an intuitive and straightfor-
ward approach to combine quality and duration of life into a single
index [1,2]. Traditionally, the required preference weights for QALY
calculations were derived using time trade-off (TTO) and standard
gamble techniques. These valuation techniques required respond-
ents to iterate toward a point of indifference between two health
outcomes. Currently, ordinal valuation tasks and, in particular,
discrete choice experiments (DCEs) are increasingly considered as
reliable alternatives to estimate QALY tariffs [3–8]. DCEs have a
solid theoretical foundation [9–11], require less abstract reasoning,
more closely resemble real-life decisions, and can typically be
administered online (without resulting in different QALY tariffs
compared with pen-and-paper surveys [12,13]).
An important issue regarding the use of DCEs in health state
valuations is that DCEs only provide information about the
relative value of health states, ranging from the best to the worst
included health state, and on a latent utility scale that is different
in each estimation. In contrast, a fundamental requirement of
the QALY model is that estimated health-state values have to
reflect the relative desirability of health states on a scale anch-
ored at 0 and 1, with 1 equivalent to perfect health and 0 to
immediate death. Accordingly, a procedure is required to trans-
form the latent DCE utility estimates to QALY health-state values
[14–16].

The theoretically most appealing scaling method is the DCE
duration approach, which is based on the inclusion of a duration-
of-life attribute in the choice tasks [14]. This format resembles
traditional TTO in the sense that health-state values are derived
from trade-offs between quantity and quality of life, yet without
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requiring respondents to iterate toward a point of indifference.
However, DCE duration data have, thus far, typically been
analyzed under the assumption of linear time preferences. This
makes sense because linear time preferences are congruent with
the analysis of traditional TTO data, adhere to the QALY
assumption of constant proportional trade-offs, and keep the
construction of the experimental design relatively straightfor-
ward. However, this assumption ignores the fact that linear time
preferences are hardly ever observed in human decision making
[17] and the existing evidence on the not-so-constant propor-
tional trade-offs in TTO [18].

Accordingly, this article aims to introduce a general method
of accommodating for nonlinear time preferences in DCE
duration studies and to evaluate its empirical relevance by
using a DCE duration design that is specifically optimized to
measure deviations from linear time preferences. Combined
with an empirical application in a large, online scientific panel,
this allows for the measurement of nonlinear time preferences
with substantial statistical power. On the basis of the pre-
sented evidence, we intend to establish the presence of non-
linear time preferences and initiate a discussion about
the desirability and necessity of time-preference corrected
QALY tariffs, which could have serious implications for cost–
utility comparisons in health technology assessment (HTA)
applications.
Methods

Conceptual Model

In the DCE duration literature, health-state preferences are
derived by using choice tasks that require respondents to choose
between living longer in a relatively bad health states or living for
a shorter period in a relatively good health state. Here, the utility
that respondent i obtains from alternative j in choice task t is
usually the product of the health state characteristics (Xijt) and
accompanying preference parameters (βi) multiplied by the num-
ber of life years, Tijt, that is:

Uijt¼ βi:Xijt
� �

:
Tijtþεijt ð1Þ

with the error term, εijt, reflecting the impact of unobserved
characteristics on respondents’ choices [19]. Note that this spec-
ification is quite flexible by not imposing any structure on the
functional form between brackets (i.e., βi.Xijt). The multiplicative
structure also conveniently anchors immediate death at 0 on the
utility scale. However, equation (1) is simultaneously very restric-
tive by imposing linear time preferences (i.e., each additional life-
year receives the same utility). We aim to relax this assumption
by introducing a class of utility functions that allows for the
accommodation of nonlinear time preferences while preserving
the option of linear time preferences as a special case. In our
suggested approach, obtained utilities are still defined as the
product of quality and quantity of life, but with the latter
included as the net present value (NPV) of the number of life
years T. This results in the following specification:

Uijt¼ βi:Xijt
� �

:
NPVijtþεijt ð2Þ

where the NPVijt is defined as:

NPVijt¼∑PVðr,sÞ, s¼1toTijt ð3Þ

One of the major benefits of the proposed methodology is that
any discounting function can be used to calculate the present
value (PV) of future life-years T; equation (3) only states that the
NPV is the sum of the present values of all future years lived and
thus depends on the type of discount function, the discount rate,
r, and, of course, on the number of life years, T.
Empirical Application: Deriving a Value Set for the Dutch
SF-6D

The impact of accommodating for nonlinear time preferences in
health-state valuations is evaluated in an empirical application
based on the Dutch SF-6D. The SF-6D is a six-dimensional health-
state classification that includes the dimensions physical func-
tioning, role limitations, social functioning, pain, mental health,
and vitality. It was developed by Brazier et al. [20] and is directly
based on a subset of questions from either the SF-36 or SF-12,
which are well-validated and commonly used health measure-
ment instruments. SF-6D health states are defined by selecting
one level from each dimension. Depending on the specific version
of the SF-6D, each dimension has either four to six levels (the
SF-36 version [20]), or three to five levels (the SF-12 version [21]).
In this study, the SF-12 version was used (Table 1). This version
has the practical advantage of having fewer levels per health
dimension, which made it easier for respondents to differentiate
between the various levels.
The Discrete Choice Experiment

Health states in the DCE were hence defined in terms of the
attributes and levels (e.g., PF1, PAIN2) as described in Table 1 and
combined with a duration of life attribute (Fig. 1).

To make it easier for respondents to evaluate SF-6D health
states, some of the regularly recurring text in the Role Limitations
and Pain attributes was included in the attribute description
rather than in the level description. Additionally, to reduce the
task complexity of the DCE duration format and to create a DCE
design that allowed for the measurement of nonlinear time
preferences, three types of constraints were imposed. The first
type was aimed at improving the internal consistency of health
states, which was done by blocking the occurrence of several
combinations of health state attributes in the DCE design. More
specifically, PAIN5, MH5, and VIT5 were not allowed to be
combined with RL1, and, after evaluation of the comments
received from respondents in the pilot study, MH5 and VIT5 were
not allowed to be combined with SF1. These constraints avoided
evocation of health states that respondents might consider
internally conflicting, such as pain that interferes extremely with
one’s normal work but without any role limitations. It should be
noted that the number of constraints was deliberately minimized
to avoid too much impact on the statistical efficiency of the DCE
design.

The second set of constraints resulted in the “matched
pairwise” choice format that was previously introduced by Jonker
et al. [13]. An example of matched pairwise choice task is shown
in Figure 1. First, the respondents were asked to indicate which
health profile (A or B) they preferred. Here, the duration of life
was always constrained to be identical for both alternatives,
implying that the choice was only determined by the relative
attractiveness of the health states. Three of the six attributes
were always constrained to have the same value, which further
simplified the choice tasks [22–24]. In the subsequent matched
choice task, respondents were asked which health profile (B or C)
they preferred. Option B here was always the same as in the first
task, and option C always represented perfect health with a
shorter duration of life. Together with the “traffic-light” color
coding system that was used (with green assigned to the best
attribute level, orange to the middle attribute level, red to the
worst attribute level, and intermediate colors to intermediate
levels), these constraints were implemented to reduce the com-
plexity of the DCE duration format.

The third and final set of constraints pertained to the duration
levels, which were restricted to integer values (i.e., whole years)
for values equal to or larger than 1 year and restricted to 2, 3, 6, or



Table 1 – The SF-6D (SF-12 version).

Physical Functioning Pain
PF1 Your health does not limit you in moderate activities. PAIN1 You have pain that does not interfere with your

normal work (both outside the home and
housework) at all.

PF2 Your health limits you a little in moderate activities. PAIN2 You have pain that interferes with your normal
work (both outside the home and housework)
a little bit.

PF3 Your health limits you a lot in moderate activities. PAIN3 You have pain that interferes with your normal
work (both outside the home and housework)
moderately.

PAIN4 You have pain that interferes with your normal
work (both outside the home and housework)
quite a bit.

PAIN5 You have pain that interferes with your normal
work (both outside the home and housework)
extremely.

Role Limitations Mental Health
RL1 You have no problems with your work or other regular daily

activities as a result of your physical health or any emotional
problems.

MH1 You feel downhearted and low none of the time.

RL2 You are limited in the kind of work or other activities as a result of
your physical health,

MH2 You feel downhearted and low a little of the time,

RL3 You accomplish less than you would like as a result of emotional
problems.

MH3 You feel downhearted and low some of the time,

RL4 You are limited in the kind of work or other activities as a result of
your physical health and accomplish less than you would like
as a result of emotional problems.

MH4 You feel downhearted and low most of the time.

MH5 You feel downhearted and low all of the time.

Social Functioning Vitality
SF1 Your health limits your social activities none of the time. VIT1 You have a lot of energy all of the time.
SF2 Your health limits your social activities a little of the time. VIT2 You have a lot of energy most of the time.
SF3 Your health limits your social activities some of the time. VIT3 You have a lot of energy some of the time.
SF4 Your health limits your social activities most of the time. VIT4 You have a lot of energy a little of the time.
SF5 Your health limits your social activities all of the time. VIT5 You have a lot of energy none of the time.

From Brazier et al. [21].
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9 months otherwise. To ensure sufficient variation in the dura-
tion levels, not all choice tasks were optimized by using a
standard 10-year time frame. Two choice tasks (in each subde-
sign) were optimized with durations for options A and B in the
range of 3 to 8 years, and two in the range of 16 to 20 years.
Option C (i.e., perfect health) necessarily had a smaller duration
than option B to avoid strictly dominant choice tasks. Hence, all
duration levels were selected as an integral part of the design
optimization algorithm (see the subsequent section) in conjunc-
tion with the selection of health states. Note that Tables A1 and
A2 in eAppendix A contain an overview of the selected duration
levels in the DCE designs, with all durations adhering to the
described constraints.

Optimization of the DCE Design

To be able to implement the imposed constraints while ensuring
sufficient statistical efficiency, the DCE design was constructed by
using a Bayesian efficient design algorithm [25]. Given that
suitable priors were unavailable, a two-step procedure was used.
An initial DCE design was constructed by using prior information
from a conditional logistic regression based on SF-6D rank data
obtained from UK respondents [26]. These prior data were not on
the appropriate scale but did reflect the ordinal structure of the
SF-6D attributes. The resulting DCE design was administered to a
pilot sample (N ¼ 569 completes) to obtain more reliable and
directly relevant estimates. These estimates were subsequently
used to improve the main DCE design that was used to collect
data for all remaining respondents.

Further robustness and additional variation in the attribute
levels was introduced by simultaneously optimizing eight
different DCE subdesigns. The implementation of such a hetero-
geneous DCE design comes at no additional cost to respondents
because each respondent is only randomly assigned to one of the
subdesigns. However, the use of several subdesigns increases the
robustness and efficiency of the overall design [27].

The heterogeneous design optimizations were implemented
in Matlab and distributed on the Dutch Life Science Grid [28].
Health states and durations of life were selected to minimize the
weighted average Bayesian D-efficiency of the DCE design, with
one third of the weight assigned to the combined (i.e., population)
D-efficiency and two thirds of the weight assigned to the
individual D-efficiencies of the subdesigns. For the pilot study,
250 Latin hypercube draws were used and for the main design
25,000 draws. Both the pilot and main design were optimized for
an additive main-effects multinomial logit model, which accom-
modated both linear and nonlinear time preferences. Each subde-
sign consisted of 14 matched pairwise choice tasks, resulting in
an overall DCE design, with 112 matched pairwise choice tasks
and a total of 224 paired comparisons.



10 years in this health 
state, followed by death

10 years in this health 
state, followed by death

7 years in this health 
state, followed by death

1.    Physical func�oning
(limita�ons with moderate ac�vi�es such as moving a  
table, pushing a vacuum cleaner or playing golf)

2.   Role limita�ons
(limita�ons with work or other daily ac�vi�es as a  
result of your physical health and/or emo�onal problems, 
such as feeling depressed or anxious)

3. Social func�oning
(limita�ons with your social ac�vi�es, like visi�ng with 
friends, rela�ves, etc.)

4.   Pain
(limita�ons with your work, both outside the home and            
housework, as a result of pain)

5.   Mental health
(feeling downhearted and low)

6.   Vitality
(having a lot of energy)

(A) Ini�al choice task
Which op�on do you prefer, A or B?

Your health limits you 
a li�le in moderate ac�vi�es

Your health limits you 
a li�le in moderate ac�vi�es

Your health does not limit you 
in moderate ac�vi�es

You accomplish less than you 
would like as a result of 
emo�onal problems

You do not accomplish less 
than you would like as a result 
of physical or emo�onal 
problems

You do not accomplish less 
than you would like as a result 
of physical or emo�onal 
problems

Your health limits your social 
ac�vi�es  some of the �me

Your health limits your social 
ac�vi�es  some of the �me

Your health limits your social 
ac�vi�es none of the �me

You have pain that interferes 
with your normal work
extremely

You have pain that does not 
interfere with your normal 
work at all

You have pain that does not 
interfere with your normal 
work at all

You feel downhearted and low 
none of the �me

You feel downhearted and low 
none of the �me

You feel downhearted and low 
most of the �me

You have a lot of energy 
all of the �me

You have a lot of energy 
all of the �me

You have a lot of energy 
all of the �me

10 years in this health 
state, followed by death

10 years in this health 
state, followed by death

7 years in this health 
state, followed by death

1.    Physical func�oning
(limita�ons with moderate ac�vi�es such as moving a  
table, pushing a vacuum cleaner or playing golf)

2.   Role limita�ons
(limita�ons with work or other daily ac�vi�es as a  
result of your physical health and/or emo�onal problems, 
such as feeling depressed or anxious)

3. Social func�oning
(limita�ons with your social ac�vi�es, like visi�ng with 
friends, rela�ves, etc.)

4.   Pain
(limita�ons with your work, both outside the home and            
housework, as a result of pain)

5.   Mental health
(feeling downhearted and low)

6.   Vitality
(having a lot of energy)

(B) Matched choice task
Which op�on do you prefer, B or C?

Your health limits you 
a li�le in moderate ac�vi�es

Your health limits you 
a li�le in moderate ac�vi�es

Your health does not limit you 
in moderate ac�vi�es

You accomplish less than you 
would like as a result of 
emo�onal problems

You do not accomplish less 
than you would like as a result 
of physical or emo�onal 
problems

You do not accomplish less 
than you would like as a result 
of physical or emo�onal 
problems

Your health limits your social 
ac�vi�es  some of the �me

Your health limits your social 
ac�vi�es  some of the �me

Your health limits your social 
ac�vi�es none of the �me

You have pain that interferes 
with your normal work
extremely

You have pain that does not 
interfere with your normal 
work at all

You have pain that does not 
interfere with your normal 
work at all

You feel downhearted and low 
none of the �me

You feel downhearted and low 
none of the �me

You feel downhearted and low 
most of the �me

You have a lot of energy 
all of the �me

You have a lot of energy 
all of the �me

You have a lot of energy 
all of the �me

Fig. 1 – Visual presentation of the matched pairwise choice tasks. A, Type I choice task. B, Matched type II choice task.
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Survey Administration and Instrument
The DCE was administered in a large, nationally representative,
scientific Dutch online household panel: the Longitudinal Inter-
net Studies for the Social Sciences (LISS) [29]. This panel is
subsidized by the Dutch government, with the goal of improving
the climate for innovation in The Netherlands and providing a
platform for researchers to pilot innovative methodologies. The
LISS consists of 5000 households, comprising roughly 8000
individuals randomly drawn from the population register of
Statistics Netherlands. Panel members are invited to complete
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online questionnaires every month for about 15 to 30 minutes in
total, for which they receive a small financial compensation.

The survey started with a brief introduction, followed by a
question in which respondents were asked to rate their current
health in terms of the attributes and levels of the SF-6D. This
procedure familiarized respondents with the format of the
health states that was used in the DCE. Subsequently, two
warm-up questions, with a careful explanation of the layout
and structure of the choice tasks, were included. Then, the
actual set of 14 matched pairwise choice tasks were shown,
and at the end of the survey, several cognitive debriefing
questions were included (see eAppendix C for an overview of
the full instrument). Note that respondents received a random
order of the SF-6D health attributes, although for each
respondent, the same order of attributes was used in the
self-rating, the warm-up questions, and the 14 matched pair-
wise choice tasks. This minimized potential attribute-order
effects without requiring respondents to reorient to a new
attribute order after each new choice task [30,31].

Statistical Analyses

Utility decrements and QALY estimates for the SF-6D were
obtained by using four different statistical models. All models
were based on an additive main effects specification without
interactions between attribute levels except for those between
the quantity and quality of life.

Specification 1
In the first model specification, linear time preferences were
imposed (cf. equation 1).

Specification 2
In the second model specification, nonlinear time preferences
were accommodated for using the standard exponential dis-
counting function, defined as PV(r,s) ¼ EXP (–r * s) [32]. After
working out the summation, equation (3) combined with an
exponential PV simplifies into a standard annuity with exponen-
tial discount rate, r;

NPVitj¼Titj if r¼0

¼ 1–exp –rTitj
� �� �

= exp rð Þ–1� �
if r≠0 ð4Þ

As shown, when the discount rate equals zero, all future life-
years receive unit weight and the NPV equals T; the latter implies
that equation (1) indeed forms a special case of the more general
model specification based on equations 2 and 4.

Specification 3
In the third model specification, nonlinear time preferences were
again accommodated for using the exponential discounting
function. However, instead of estimating the discount rate, r,
directly, the discount rate was decomposed as:

r¼γ1þγ2 � μ:Xitj
� � ð5Þ

with (μ.Xitj) reflecting the health state severity and γ denoting
the regression coefficients to be estimated. This specification
reflected that the discount rate may depend on the severity
of the health states under evaluation. For example, living an
additional 10 years in perfect health is likely more attractive
(and consequently less severely discounted) compared with
living an 10 additional years in a relatively poor health state.
Note that the DCE design was not specifically optimized to
identify this specification; hence, more elaborate models with
nonlinear and/or discontinuous discount rates were not
investigated.

Specification 4
In the fourth and final model specification, nonlinear time
preferences were accommodated for by using the most com-
monly used alternative to exponential discounting, which is
hyperbolic discounting defined as PV(r,s) ¼ 1/(1 þ r*s) [33]. Again,
working out the summation of 1 to T in equation (3), the NPV for
the hyperbolic function was implemented as:

NPVitj¼Titj if r¼0

¼ 1=r
� � � ψ 1þ1=rþTitj

� �
–ψ 1þ1=r

� �� �
if r40 ð6Þ

with ψ denoting the di-gamma function. As shown, linearity was
preserved as a special case, but negative values of the hyperbolic
discount rate were not supported. Note that the summation in
equation (3) could also be calculated recursively, which would
allow for negative hyperbolic discount rates at the expense of
additional computation time.

All four model specification assumed IID Gumbel distributed
error terms and respondent-specific β-parameters that were
multivariate normal distributed with population mean, μ, and
covariance matrix, Σ:

βi e multivariate Normal μ,Σð Þ: ð7Þ

This implies a standard mixed logit specification. Further-
more, with all SF-6D attributes dummy coded and with the best
levels used as reference categories, the models’ intercepts cap-
tured the utility of perfect health and thereby the highest
possible utility. The latter permitted the calculation of stand-
ardized health-state decrements on the QALY scale by dividing
all elements in the vector μ by the intercept, that is, the first
element of μ:

QALYtariff ¼μ=μð1Þ: ð8Þ

All model specifications were programmed in the BUGS
language and fitted using OpenBUGS utilizing Bayesian Markov
chain Monte Carlo (MCMC) methods. This involved selecting prior
densities for the unknown model parameters and updating those
densities with the likelihood of the observed data. Uninformative
normal priors (i.e., with means of zero and standard deviations of
10) were assigned to μ, r, and γ and a Wishart prior with an
identity scale matrix and 21 degrees of freedom to Σ. Standard
Gibbs updates were used to update μ and Σ, antithetic Metropolis-
within-Gibbs update steps to update β and γ, and slice sampling
update steps were used to update r. All estimations used 15,000
iterations to let three MCMC chains converge and 45,000 iter-
ations to reliably approximate the posterior distributions. Con-
vergence was evaluated on the basis of a visual inspection of the
chains and diagnostics proposed by Geweke [34]. The statistical
fit of the models was evaluated based on the Watanabe-Akaike
information criterion (WAIC) [35] and individual-level McFadden
R2 statistics [36].
Results

A sample of 2579 panel members ages 18 years or greater was
invited to participate in the survey, resulting in 1775 completes
(69%), 25 dropouts (o1%), and a non-response rate of 30%. The
non-response rate was similar to those typically observed in the
LISS panel and the number of dropouts was, given the length of
the survey and complexity of the choice tasks, smaller than a
priori anticipated. The evaluation questions at the end of the
survey confirmed that the choice tasks were manageable for
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almost all respondents: 6% of the included respondents consid-
ered the choice tasks “very unclear” and 10% “unclear.” The
remaining 84% considered the questions “neutral,” “clear,” or
“very clear.” Additionally, only 47 of the 1775 respondents (2.6%)
had an individual-level R2 statistic that was insignificantly differ-
ent from zero (i.e., indistinguishable from random choice behav-
ior). Because the exclusion of these respondents had a negligible
impact on the estimation results, no respondents were dropped
from the sample. Table D1 in eAppendix D contains the descrip-
tive statistics of all included respondents.

Table 2 presents the results of the four model specifica-
tions on the latent utility scale. In all specifications, the
estimates were logically consistent, had the correct sign, and
were statistically significant (i.e., have small standard errors
and 95% credible intervals that did not contain zero). The pain
and mental health domains were considered most important
by respondents and had approximately twice the weight of
that of the other SF-6D domains. All nonlinear time prefer-
ence specifications provided an improvement in WAIC com-
pared with the first specification that imposed linearity. In the
second specification, clear evidence of nonlinear time prefer-
ences was found with an estimate of the exponential discount
rate of 5.7%. The third specification additionally confirmed
that the value of the discount rate depends on the severity of
the health state under evaluation. More specifically, with the
estimates of γ1 of 0.063, γ2 of –0.005 and with the latent utility
values ranging from 1.70 to –0.86 (i.e., the latent utility values
of the best and worst possible health states), the discount rate
Table 2 – Estimates of μ, r, and γ on the latent utility sca

1. Linear time
preferences

(no discounting)

2. Nonlinear
preferenc
(exponent

Perfect health 1.25 (0.034) 1.74 (0.05
PF2 –0.07 (0.004) –0.08 (0.00
PF3 –0.26 (0.008) –0.34 (0.01
RL2 –0.11 (0.005) –0.13 (0.00
RL3 –0.14 (0.005) –0.16 (0.00
RL4 –0.24 (0.007) –0.29 (0.00
SF2 –0.04 (0.003) –0.03 (0.00
SF3 –0.07 (0.004) –0.08 (0.00
SF4 –0.15 (0.005) –0.19 (0.00
SF5 –0.25 (0.007) –0.32 (0.00
PAIN2 –0.08 (0.004) –0.09 (0.00
PAIN3 –0.22 (0.006) –0.27 (0.00
PAIN4 –0.31 (0.008) –0.40 (0.01
PAIN5 –0.53 (0.013) –0.69 (0.01
MH2 –0.07 (0.004) –0.07 (0.00
MH3 –0.13 (0.005) –0.16 (0.00
MH4 –0.31 (0.008) –0.40 (0.01
MH5 –0.48 (0.012) –0.63 (0.01
VIT2 –0.05 (0.004) –0.04 (0.00
VIT3 –0.10 (0.004) –0.12 (0.00
VIT4 –0.19 (0.006) –0.23 (0.00
VIT5 –0.27 (0.007) –0.34 (0.01
r 0.057 (0.00
γ1
γ2
WAIC (lower ¼ better) 47,296 47,098
N 1775 1775

⁎ Mean posterior estimates with standard deviations in parentheses.
ranged from 5.4% to 6.7%. The fourth specification performed
best in terms of WAIC and confirmed that respondents were
more likely to make choices based on a hyperbolic than
exponential discounting function.

Figure 2 and Table 3 contain the results of the model
specifications on the QALY scale, which allows for the obtained
parameter estimates to be directly compared across the four
specifications. As shown, the QALY tariff of the standard model
had stronger (i.e., more negative) decrements than those of the
models that take nonlinear time preferences into account. The
difference was about 5% to 10%. Whether the discount rate
was estimated directly, as in specification 2, or was allowed
to depend on the severity of the health states under evalua-
tion, as in specification 3, had a negligible impact on the
QALY tariff. In contrast, the difference between exponential
and hyperbolic discounting did have an impact on the result-
ing QALY tariff, with the latter resulting in slightly smaller
decrements.

Discussion
This paper has introduced a general method of accommodating
for nonlinear time preferences in DCE duration studies and
has evaluated its empirical relevance in an empirical example.
Based on a nationally representative sample of 1775 participants
and an efficient DCE duration design, a QALY tariff for the Dutch
SF-6D was estimated under the assumption of linear as well as
nonlinear time preferences. Clear evidence of nonlinear time
le.*

time
es
ial)

3. Nonlinear time
preferences

(severity dependent)

4. Nonlinear time
preferences
(hyperbolic)

5) 1.70 (0.061) 2.30 (0.113)
5) –0.08 (0.005) –0.10 (0.007)
0) –0.33 (0.012) –0.42 (0.019)
6) –0.13 (0.006) –0.16 (0.008)
6) –0.16 (0.007) –0.19 (0.009)
9) –0.29 (0.009) –0.36 (0.014)
4) –0.03 (0.004) –0.04 (0.006)
5) –0.07 (0.006) –0.09 (0.007)
7) –0.19 (0.008) –0.24 (0.012)
9) –0.32 (0.011) –0.40 (0.017)
5) –0.09 (0.004) –0.11 (0.006)
8) –0.26 (0.008) –0.34 (0.014)
1) –0.39 (0.013) –0.51 (0.022)
8) –0.67 (0.021) –0.87 (0.036)
5) –0.07 (0.005) –0.09 (0.006)
6) –0.15 (0.006) –0.19 (0.009)
1) –0.39 (0.013) –0.50 (0.021)
6) –0.62 (0.019) –0.80 (0.032)
5) –0.04 (0.005) –0.05 (0.006)
5) –0.12 (0.005) –0.15 (0.008)
7) –0.23 (0.008) –0.29 (0.013)
0) –0.34 (0.011) –0.44 (0.019)
3) 0.165 (0.016)

0.063 (0.004)
–0.005 (0.002)
47,182 47,005
1775 1775



Fig. 2 – SF-6D estimates on the QALY scale.
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preferences was established, with estimated exponential and
hyperbolic discount rates of 5.7% and 16.5%, respectively. Com-
pared with exponential discounting, the analyses based on
hyperbolic discounting provided a better fit to the data and thus
resulted in a more reliable separation between time and health-
state preferences.

Of course, QALY tariffs are mainly used in HTA, where
exponential discounting on health effects is already universally
applied. Accordingly, QALY tariffs as used in HTA applications
are actually already assumed to be free (or statistically purged)
from confounding time preferences, which makes the time-pref-
erence corrected QALY tariffs as proposed in this article preferable
Table 3 – SF-6D estimates on the QALY scale.*

1. Linear time
preferences

(no discounting)

2. Nonline
prefere
(expone

Perfect health 1.00 1.00
PF2 –0.05 (0.003) –0.05 (0
PF3 –0.21 (0.006) –0.19 (0
RL2 –0.09 (0.003) –0.07 (0
RL3 –0.11 (0.004) –0.09 (0
RL4 –0.19 (0.005) –0.17 (0
SF2 –0.03 (0.003) –0.02 (0
SF3 –0.05 (0.003) –0.04 (0
SF4 –0.12 (0.004) –0.11 (0
SF5 –0.20 (0.006) –0.18 (0
PAIN2 –0.06 (0.003) –0.05 (0
PAIN3 –0.18 (0.005) –0.16 (0
PAIN4 –0.25 (0.007) –0.23 (0
PAIN5 –0.42 (0.011) –0.40 (0
MH2 –0.06 (0.003) –0.04 (0
MH3 –0.11 (0.004) –0.09 (0
MH4 –0.25 (0.007) –0.23 (0
MH5 –0.39 (0.010) –0.36 (0
VIT2 –0.04 (0.003) –0.02 (0
VIT3 –0.08 (0.003) –0.07 (0
VIT4 –0.15 (0.005) –0.13 (0
VIT5 –0.21 (0.006) –0.20 (0

% SF-6D health states worse
than immediate death

13.1% 7.1%

Worst possible SF-6D
health state (3-4-5-5-5-5)

–0.62 –0.50

⁎ Mean posterior estimates with standard deviations in parentheses.
from a HTA perspective. Furthermore, the discount rates as used in
HTA are typically unrelated to empirically observed discount rates
[37,38], which means that estimated empirical discount rates
(which depend on the discounting function used) are currently
less important than the quality of the time-preference correction.
Of course, the fact that empirical discount rates are not considered
in HTA applications may be related to the historical absence of
reliable empirical discount rates. From this perspective, it does
make sense to report empirical exponential discount rates. How-
ever, the estimation of empirical discount rates will not be of
immediate relevance for HTA; discount rates in HTA have to at
least partially reflect societal concerns, and, more importantly,
ar time
nces
ntial)

3. Nonlinear time
preferences

(severity dependent)

4. Nonlinear time
preferences
(hyperbolic)

1.00 1.00
.003) –0.05 (0.003) –0.04 (0.003)
.006) –0.19 (0.006) –0.18 (0.006)
.003) –0.07 (0.003) –0.07 (0.003)
.004) –0.09 (0.004) –0.08 (0.004)
.005) –0.17 (0.005) –0.16 (0.005)
.003) –0.02 (0.003) –0.02 (0.003)
.003) –0.04 (0.003) –0.04 (0.003)
.004) –0.11 (0.004) –0.10 (0.004)
.006) –0.19 (0.006) –0.18 (0.006)
.003) –0.05 (0.003) –0.05 (0.003)
.005) –0.16 (0.005) –0.15 (0.005)
.007) –0.23 (0.007) –0.22 (0.007)
.011) –0.40 (0.011) –0.38 (0.011)
.003) –0.04 (0.003) –0.04 (0.003)
.004) –0.09 (0.004) –0.08 (0.004)
.007) –0.23 (0.007) –0.22 (0.007)
.010) –0.36 (0.010) –0.35 (0.01)
.003) –0.02 (0.003) –0.02 (0.003)
.003) –0.07 (0.003) –0.06 (0.003)
.005) –0.13 (0.005) –0.13 (0.004)
.006) –0.20 (0.006) –0.19 (0.006)

7.2% 4.7%

–0.51 –0.44
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they are often simply set equal to the discount rate on costs to
ensure time-consistent decisions [38].

At the same time, the disentanglement of health-state and
time preferences in DCE duration studies does have a direct
impact on the results obtained from HTA studies. As shown in
Table 3, when assuming linear time preferences, 13.1% of all SF-
6D health states are classified as worse than immediate death,
which reduces to approximately 7.1% and 4.7% when assuming
exponential and hyperbolic discounting, respectively. These per-
centages directly correspond to the smaller utility decrements
and a narrower QALY range as obtained when accommodating
for nonlinear time preferences and, in turn, result in more
conservative estimates of costs per QALY in HTA studies.

Interestingly, the assumption of linear time preferences offers
at least a partial explanation for the relatively low QALY values
that have thus far been reported in DCE duration studies
compared with studies based on TTO [39]. Even though accom-
modating nonlinear time preferences is expected to affect both
TTO and DCE, it is likely to have a stronger impact on DCEs. In
TTO tasks, it is directly observed whether health states are
considered better or worse than immediate death. In contrast,
in DCE duration studies, health states worse than immediate
death are identified by extrapolating observed trade-offs to the
hypothetical case of zero duration of life (i.e., immediate death).
The assumptions that constitute those extrapolations have a
direct impact on the fraction of health states better or worse than
death. The stronger the curvature in the time preferences, the
fewer the health states that will be classified as worse than
immediate death, resulting in proportionally smaller QALY dec-
rements. Accordingly, the presented results suggest that
adequate modeling of time preferences is an essential require-
ment for the validity of DCE duration results and that caution is
warranted when interpreting results obtained in studies that
imposed linear preferences.

Taking a somewhat broader perspective, it is clear that DCE
duration approaches are expanding our understanding of time
preferences in the QALY framework. From a historical point of
view, there has been considerable evidence of nonproportional
trade-offs in TTO studies, albeit often based on relatively small
samples and sometimes with inconclusive results [19]. With DCE
duration methods, it has become possible to collect larger data
sets at lower costs and to include more choice tasks per
respondent than feasible with TTO or standard gamble valuation
methods. This has provided the possibility to unequivocally
establish the relevance and merit of accommodating for non-
linear time preferences in health-state valuations. Additionally,
as shown in this article, the estimation of models that explicitly
accommodate nonlinear time preferences can be relatively
straightforward and doing so avoids potentially severely down-
wards biased QALY tariffs. The accommodation of nonlinear time
preferences also avoids the current inconsistency between the
estimation of QALY tariffs under the assumption of linear time
preferences and their application in HTA under the explicit
acknowledgement of nonlinear time preferences.

Accordingly, it seems logical, as a field, to transition
toward health state valuation estimations that explicitly
accommodate nonlinear time preferences. Of course, we
acknowledge that further research is required to confirm the
empirical relevance of nonlinear time preferences in other
data sets and to compare the performance of alternative
discounting functions [40]. However, the suggested approach
to incorporating nonlinear time preferences is very general; it
can handle any discount function and accommodate linear
time preferences as a special case, which makes the transition
toward incorporating nonlinear time preferences in the esti-
mation of QALY tariffs an important incremental as well as
feasible step forward.
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