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Objectives: The EuroQol Group published the EQ-5D-Y valuation protocol that recommends 2 valuation techniques to elicit
preferences: composite time trade-off (C-TTO) and discrete choice experiments (DCEs). The protocol left the decision of
what modeling approach to use open for researchers. Our aims were to explore modeling strategies allowing generation
of EQ-5D-Y value sets and to produce an EQ-5D-Y Spanish value set.

Methods: We used EQ-5D-Y DCE and C-TTO data collected in Spain following the protocol and adopted a staged approach for
our modeling exercise. First, we selected the best performing DCE latent class model and evaluated models from 2 to 10
classes. We selected the preferred model based on best goodness of fit in terms of the Bayesian information criterion. We
considered 2 anchoring approaches to estimate utility values: (1) pits state anchoring and (2) hybrid models (using all
available C-TTO responses). All analysis were weighted to be representative of the Spanish population.

Results: We collected 1005 DCE and 200 C-TTO interviews. We selected a DCE model including 4 classes. Hybrid models using
all available C-TTO observations produced a narrower range of values than the pits state anchoring approach.

Conclusions: In this article, we have presented an EQ-5D-Y value set that can be used for cost-utility analysis in Spain. The
international EQ-5D-Y valuation protocol should be updated to include a different set of health states for the C-TTO
experiment if researchers wish to use alternative anchoring approaches to the “pits state.”

Keywords: composite time trade-off, discrete choice experiment, EQ-5D-Y, health-related quality of life, value set.
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Introduction

An international valuation protocol for the EuroQol youth in-
strument EQ-5D-Y has recently been published,1 and research
teams have completed or are actively collecting country-specific
data using this protocol. Therefore, country-specific value sets for
EQ-5D-Y health states for cost-utility analyses in child and adoles-
cent populations are becoming available.2,3 The EQ-5D-Y valuation
protocol was created using a series of international studies in a
collaborative effort4-6 in a similar fashion to the valuation protocol
for the 5-level EQ-5D (EQ-5D-5L). It recommends the use of discrete
choice experiments (DCEs) and a composite time trade-off (C-TTO)
to elicit preferences for EQ-5D-Y health states. Nevertheless, there
are significant differences compared with the EQ-5D-5L valuation
protocol. For instance, adult participants answer the valuation task
under the following perspective “Considering your views about a
10-year-old child, what do you prefer?.” In addition, the sample size
for each elicitation task is different (1000 responses for DCE and
200 for C-TTO), and independent samples are used. The idea is that
15 - see front matter Copyright ª 2021, ISPOR–The Professional Society for
cess article under the CC BY-NC-ND license (http://creativecommons.org/lic
the DCE informs the relative importance of dimensions and levels
and that the only role of the C-TTO is to anchor the latent scale DCE
results onto the quality-adjusted life-year (QALY) scale. Nonethe-
less, the protocol does not provide guidance about how to analyze
DCE responses or what anchoring method should be used, leaving
such decision open to researchers.

Modeling strategies for the latent scale DCE should focus on
the appropriate implementation of a model that represents
particular choice behaviors. The conditional multinomial logit is
considered the workhorse and is the starting point of many health
preference researchers to analyze DCE data.7 The multinomial
logit represents choice behaviors well in many situations, but it
relies on the assumptions of independence from irrelevant alter-
natives and homogeneity of preferences.8 Alternative discrete
choice models can relax these assumptions helping researchers to
understand different types of preference heterogeneity, with un-
observable preference heterogeneity receiving most of the atten-
tion.9 Unobservable preference heterogeneity across respondents
is the variation not explained by observable characteristics of
Health Economics and Outcomes Research. Published by Elsevier Inc. This is an
enses/by-nc-nd/4.0/).
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respondents. Ignoring this type of heterogeneity when it is pre-
sent biases the coefficients of a discrete choice model.10 The reality
is that most applications to date have found strong evidence that
unobservable heterogeneity is always present and that models
that account for this perform better than the multinomial logit
model.9 Because of this, it is recommended that health preference
researchers use models that account for unobservable preference
heterogeneity when producing value sets. Over the past 20 years,
discrete choice analysts have developed a battery of models that
account for this including the mixed logit11 and latent class
models.12 Nevertheless, the question of which one to use in
practice depends on the specific objectives of the analysis, that is,
either researchers use these models because they are interested in
data fit (eg, better Bayesian information criterion [BIC] for mixed
logit and latent class models) or because they are interested in
understanding the impact of unobservable heterogeneity on the
estimated values. In this study, we are interested in both under-
standing the unobservable heterogeneity present in our data and
accounting for it when estimating the values; therefore, we report
the results of implementing the latent class models to estimate a
latent scale value set for DCE data obtained using the international
valuation protocol for the EQ-5D-Y using a representative sample
of members of the general public in Spain. Nevertheless, for
comparison purposes, we also report the results of the logit and
mixed logit models.

Another aspect that received little attention in the protocol is
how to anchor latent scale DCE values onto the QALY scale using
the gathered C-TTO information.13–15 We aim to further clarify this
issue and explore different approaches to rescale DCE values onto
the QALY scale for the estimation of a value set using this new
protocol.

The aim of this study is to produce an EQ-5D-Y value set to be
used in the Spanish setting for the conduct of cost-utility analysis
in pediatric and young populations.
Methods

Protocol

The EQ-5D-Y valuation protocol was used in this study and the
reader is referred to the main publication for full details.1 Briefly,
an online DCE and a face-to-face C-TTO were the elicitation
techniques used to obtain preferences for EQ-5D-Y states. The DCE
design included 150 pairs divided into 10 blocks (15 pairs per
block). This design was estimated in Stata using a D-efficiency
maximization procedure without specifying any previous infor-
mation as it aimed to create a valid design for any country.1 This
DCE design used a 2-dimension overlap for all pairs, where the 2
health states descriptions included in each pair have different
levels in 3 dimensions whereas the other 2 remain at the same
level. For quality control purpose, we included 3 fixed dominant
pairs (same for all participants) in each block yielding a total of 18
pairs per respondents.

The C-TTO experimental design was simpler and consisted of 1
single block of 10 health states, 3 mild, 2 moderate, and 5 severe
health states (mild, 11112, 11121, 21111; moderate, 22223, 22232;
and severe, 31133, 32223, 33233, 33323, 33333).

DCE Interview

The DCE was completed online and included the following
elements:

1. Information sheet with the aims of the study and requesting
participant’s consent. If a respondent did not provide consent,
the survey was terminated and only showed a message
thanking the respondent for considering participation.

2. Demographic questions including geographical region, age, and
gender used to delimit quotas and ensure sample
representativeness

3. Self-reported health with EQ-5D-Y instrument as a warm-up
task

4. The 3 questions related to experience with illness
5. The 15 1 3 DCE tasks. Each participant completed first a fixed

dominant pair. Next the block of 15 1 1 pairs including 1 fixed
dominant pair, all presented in a random order. Lastly the third
fixed dominant pair. The left-right positions of the health states
within a pair were also randomized. To mitigate the occurrence
of nonattendance, level differences between health states were
emphasized using bold fonts.

6. Self-reported health with EQ-5D-Y-5L instrument16

7. Additional background questions, including whether the re-
sponses would be different if the health states were experi-
enced by the respondent themself instead of by a 10 years old
child, whether a child should have priority over an adult in a
limited health resources context, education status, employ-
ment status, whether the respondent has worked with children
or whether the respondent has children, whether the respon-
dent knows a child that has experienced a serious illness, and
whether the respondent is suffering from any disease.
Time Trade-Off Interview

Participants of the C-TTO experiment completed a face-to-face
interview with same structure as the DCE interview except for
element 5, which was replaced with the following:

1. Two wheelchair examples (to allow interviewer to explain the
C-TTO task)

2. Three practice states (to allow participants to practice alone
before the real tasks)

3. The main 10 C-TTO states (same for all participants) presented
in random order

4. The standard feedback module as used in EQ-5D-5L valuation
studies17
Sampling, Data Collection, and Quality Control

DCE
A target sample size of 1000 participants as suggested by the

protocol was followed in this study for the DCE component.
Spanish sample representativeness was defined in terms of
Spanish regions, age, and gender obtained from the National
Institute of Statistics.18 A panel company was employed to recruit
participants to complete the survey. The company distributed
individual links to participants who accessed the online DCE. As
quality control for data collection, we established 2 rules for
determining whether a participant was sufficiently engaged
while completing the survey. First, we excluded speeders by
excluding participants who did not invest at least 2 minutes and
30 seconds in completing the DCE part of the survey. Second, we
excluded participants who incorrectly answered at least 2 of the
3 dominant pairs. Participants included in the final sample
received points from the panel company as a reward for their
participation.

C-TTO
A target sample size of 200 participants as suggested by the pro-

tocol was followed in this study for the C-TTO component. Spanish



Table 1. Sample description and comparison with Spanish population.

Variables DCE TTO Spanish
general
pop. (%)*Excluded

(n = 434)
Estimation
(n = 1005)

Estimation
(n = 200)

Age, mean (SD) 41.0 (12.1) 46.2 (13.5) 43.4 (15.1) 43.3 (NA)

Age groups
18-24 36.0 (8.3) 58.0 (5.8) 25.0 (12.5) 8.4
25-29 46.0 (10.6) 62.0 (6.2) 19.0 (9.5) 6.6
30-39 115.0 (26.5) 184.0 (18.3) 36.0 (18.0) 15.9
40-49 140.0 (32.3) 287.0 (28.6) 54.0 (27.0) 20.1
50-59 68.0 (15.7) 240.0 (23.9) 34.0 (17.0) 18.0
60-69 23.0 (5.3) 134.0 (13.3) 19.0 (9.5) 13.6
701 6.0 (1.4) 40.0 (4.0) 13.0 (6.5) 17.3

Gender
Male 264.0 (60.8) 496.0 (49.4) 88.0 (44.0) 49.0
Female 170.0 (39.2) 509.0 (50.6) 112.0 (56.0) 51.0

Employment status
Employed or freelance 333.0 (76.7) 644.0 (64.1) 103.0 (51.5) 85.9
Retired 20.0 (4.6) 103.0 (10.2) 17.0 (8.5) 4.5
Student 19.0 (4.4) 49.0 (4.9) 30.0 (15) 3.5
Housewife/house husband 25.0 (5.8) 87.0 (8.7) 18.0 (9) 1.9
Disabled 6.0 (1.4) 28.0 (2.8) 5.0 (2.5) 2.1
None 21.0 (4.8) 71.0 (7.1) 27.0 (13.5) 1.9
Missing 10 (2.3) 23 (2.2) — —

Education
Study after minimum age 372.0 (85.7) 889.0 (88.5) 182.0 (91.0) 59.2
University degree 295.0 (68.0) 643.0 (64.0) 119.0 (59.5) 34.0

Experience with illness
Personal (% yes) 135.0 (31.1) 324.0 (32.2) 67.0 (33.5) NA
Relatives (% yes) 246.0 (56.7) 640.0 (63.7) 163.0 (81.5) NA
Others (% yes) 108.0 (24.9) 261.0 (26.0) 64.0 (32.0) NA

Self-reported EQ-5D-Y
Mobility
No problems 358.0 (82.5) 872.0 (86.8) 175.0 (87.5) 86.1
Some problems 70.0 (16.1) 124.0 (12.3) 23.0 (11.5)
A lot of problems 6.0 (1.4) 9.0 (0.9) 2.0 (1.0)

Self-care
No problems 396.0 (91.2) 958.0 (95.3) 193.0 (96.5) 93.9
Some problems 33.0 (7.6) 46.0 (4.6) 6.0 (3.0)
A lot of problems 5.0 (1.2) 1.0 (0.1) 1.0 (0.5)

Usual activities
No problems 361.0 (83.2) 859.0 (85.5) 179.0 (89.5) 92.2
Some problems 67.0 (15.4) 126.0 (12.5) 20.0 (10.0)
A lot of problems 6.0 (1.4) 20.0 (2.0) 1.0 (0.5)

Pain/discomfort
No pain or discomfort 301.0 (69.4) 695.0 (69.2) 150.0 (75.0) 75.2
Some pain or discomfort 125.0 (28.8) 293.0 (29.2) 48.0 (24.0)
A lot of pain or discomfort 8.0 (1.8) 17.0 (1.7) 2.0 (1.0)

Anxiety/depression
Not worried, sad, or unhappy 218.0 (50.2) 429.0 (42.7) 124.0 (62.0) 85.4
A bit worried, sad, or unhappy 186.0 (42.9) 507.0 (50.4) 72.0 (36.0)
Very worried, sad, or unhappy 30.0 (6.9) 69.0 (6.9) 4.0 (2.0)

DCE indicates discrete choice experiment; EQ-5D-5L, 5-level EQ-5D; NA, not available; pop., population; TTO, time trade-off.
*Data extracted from the National Institute of Statistics. Percentage of no problems using self-reported EQ-5D-5L, collected in the 2012 to 2013 National Health Survey.
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sample representativeness was defined in terms of age and gender
using quotas. A different market research company was hired to
conduct the face-to-face interviews; nevertheless, because of the
coronavirus disease 2019 (COVID-19) pandemic, 77 interviews were
conducted remotely using video conference facilities. Our in-
terviewers had previous experience conducting C-TTO interviews,4,19

but they also received a 1-day training course for this specific study.
Initial participants were invited to a central location for being inter-
viewed in a face-to-face setting. The participants who were inter-
viewed by video conferencing were safely at home while the
interviewers were at home as well. We followed the standard quality
control procedure developed by the EuroQol for C-TTO studies, which
mainly focus on interviewer’s behavior and between interviewer
variability.20 Participants received aV10 voucher as a reward for their
participation.

Statistical Analysis

Sample characteristics were described using proportions for
each categorical variable. Differences between our sample and the



Table 2. C-TTO descriptive results.

Profile Observed Censoring-adjusted

Mean Std. error Mean Std. error

11112 0.989 0.003 0.989 0.002

11121 0.969 0.004 0.971 0.003

21111 0.986 0.003 0.987 0.002

22223 0.604 0.028 0.603 0.021

22232 0.221 0.041 0.183 0.038

31133 20.039 0.044 20.086 0.045

32223 0.445 0.035 0.401 0.030

33233 20.217 0.042 20.318 0.045

33323 0.012 0.042 20.063 0.042

33333 20.389 0.039 20.539 0.050

C-TTO indicates composite time trade-off; Std., standard.
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Spanish general population structure were handled using age and
gender weighted analysis.

Observed C-TTO values are reported as the populationweighted
means and standard errors of the observed C-TTO values for each of
the 10 health states included in the design. In addition, given that
C-TTO values are by construction censored at21, we also estimated
the population weighted censoring-adjusted mean value for each
of the 10 health states using regression methods.21 A total of 10
separate weighted Tobit models censored at 21 (ie, separate re-
gressions for each health state) with observed C-TTO values as the
dependent variable and a constant as independent variable were
estimated using the calculated population weights.

DCE responses were analyzed using latent class models
(lclogit2 Stata command) that account for unobservable het-
erogeneity of preferences. A main effects specification using
incremental dummies, where estimated coefficients represented
movement between consecutive levels within dimensions, was
estimated in each model. For each model, we estimated the
accuracy in predicting the observed choice probabilities and
calculated the mean square error (MSE) and mean absolute error
(MAE) of the observed choice probabilities against the model
predicted probabilities. These were then plotted using scatter
plots of observed versus predicted probabilities. Goodness of fit
of each model specification was assessed according to the BIC.
The appropriate number of classes in the latent class model was
determined using information criteria. We evaluated different
number of classes ranging from 2 to N classes and select the
N21 number of classes conditional on the BIC of the model with
N classes being higher than of the model with N21 classes.22 In
addition, we estimated the standard multinomial logit (clogit
Stata command) and the random coefficient mixed logit models
(mixlogit Stata command) to show latent class modeling worked
better in this data.

The “best” latent class model candidate was then used to test 2
anchoring methods of DCE latent scale utilities onto the 1-full
health 0-dead scale: (1) anchoring on the pits state utility value
and (2) a hybrid model where DCE and C-TTO information is
estimated in a single model. For convenience, approaches (1) and
(2) were estimated using an adapted version of the hyreg com-
mand.23 The standard hyreg was adapted to be able to incorporate
weights. We used the class grades of the latent class DCE models
adjusted (multiplied) by the population weights for age and
gender, therefore estimating a latent class weighted hybrid
model.24
The first anchoring approach “anchoring on the pits state
utility value” consisted of estimating a hybrid model based on the
DCE latent class analysis and including only the C-TTO observa-
tions for the pits state (33333) (referred to below as hybrid with
only 33333 C-TTO value). The set of coefficients estimated by this
approach is equivalent to that based on a linear rescaling of the
DCE scale by using the pits state value, as described by Stolk et al25

and Ramos-Goñi et al.26 We first estimated the best DCE latent
class model; this included the model coefficients, but also the class
grades associated to each respondent within each class and the
class shares proportions. These DCE respondents’ class grades
were adjusted by the population weights. The C-TTO information
was weighted as the mean class grade of the classes also adjusted
by the population weights. Once all data weighted, we estimated a
weighted hybrid model per each class censoring C-TTO values
at 21. In summary, we had available population weights and
respondent class grades from the latent class models and classes
shares. Class grades and population weights are multiplied and
used as final weights into the hybrid models’ estimations per class.
The class shares were adjusted before being used to weigh each
class set of coefficients when calculating the overall hybrid model.
This further adjustment is needed because each class model was
rescaled within the hybrid models estimation (nonlinear trans-
formation); therefore, their original latent scale was no longer
available. Therefore, the weights for the overall model should be
the class shares adjusted by the latent scale within class. This
adjustment was calculated as latent-pits-value-class-model/
latent-pits-value-overall-model per each class. The second
anchoring approach was the same but included all C-TTO values
for the 10 health states included in the C-TTO design (referred to
below as hybrid with all C-TTO values). To compare the anchoring
approaches, we have plotted the predictions together with the
observed C-TTO censoring-adjusted values in a scatter plot
including MSEs.

To calculate the standard error of the final value set we boot-
strapped participants, simulating independently C-TTO and DCE
samples and per each pair of samples, we repeated the preferred
anchoring approach as explained earlier. The final selected value
set is presented using regular dummies instead of incremental
ones as it is commonly reported in the literature. All analysis was
performed in Stata MP version 14 and 15.

Results

Descriptive Statistics

We collected a sample of 1439 participants on the DCE. Of
those, 434 participants were removed following the quality con-
trol exclusion criteria, 21 because of 2 or more inconsistent re-
sponses (to the dominant pairs), 348 consistent speeders, and 65
inconsistent speeders. Therefore, our final DCE sample consisted
in 1005 respondents passing the quality control criteria. The C-TTO
sample consisted of 200 respondents. No participants were
excluded in C-TTO experiment; nevertheless, we excluded from
our analysis the responses that respondents flagged in the feed-
back module. Overall, the DCE and time trade-off (TTO) estimation
samples were similar in the distribution of age, gender, employ-
ment status, and education to the Spanish population (Table 1).
The self-reported health using the EQ-5D-Y of respondents
showed that 30% reported problems in pain and discomfort and
53% reported problems in anxiety or depression dimension, which
is a larger proportion than the Spanish population norms. In
addition, most of respondents (55%) stated that they would not
change their responses if the health states were being experienced
by themselves instead of by a 10-year-old child and 55.7% of



Figure 1. DCE models comparison.
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BIC indicates Bayesian information criterion; DCE, discrete choice experiment; MAE, mean absolute error; MSE, mean square error.
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respondents stated that in a limited resources context both adults
and children should have same priority to receive healthcare
(Appendix Table 1 in Supplemental Materials found at https://doi.
org/10.1016/j.jval.2021.10.013).

The observed TTO mean for the pits health state (33333)
was 20.389, whereas the censoring-adjusted mean
reached 20.539 (Table 2). Comparing mean values for the health
states 11112 and 11121 and the values for the health states 33233
and 33323 showed that the pain/discomfort dimension was
considered more important by the C-TTO participants.

Modeling Results

All the latent class models with 2 to 7 classes resulted in lower
MSE, MAE, and BIC than the multinomial and random parameters
mixed logit (Fig. 1). A latent class model with 4 classes exhibited
the lowest BIC and was selected as the final model to evaluate the
different anchoring techniques. Looking at within-class models
structure, the first class was composed of the 48.9% of the popu-
lation. They were in strong agreement with respect to their
preferences and gave most of importance (31.2%) to pain/
discomfort dimension followed by being worry/unhappy (24.8%)
and usual activities (18.3%) and then similar importance to
mobility or looking after yourself (13.3%-12.5%, respectively); the
second class was composed of the 29.3% of the population and
they focused on the importance in pain/discomfort (31.5%) and
mobility (25.8%); the third class was composed of 9% of the pop-
ulation who mainly focused on the importance of mobility, giving
53.2% of the relative importance of all dimensions; finally, the
fourth class formed by 13% is composed of people with no
homogeneous preferences (Appendix Fig. 1 in Supplemental Ma-
terials found at https://doi.org/10.1016/j.jval.2021.10.013).

The 2 hybrid anchoring approaches also produced models with
consistent parameters results (Table 3). The hybridmodel including
all C-TTO information predicted a value for state 33333 of -0.364
whereas the hybrid including only the C-TTO pits states predicted
the value of state 33333 as the C-TTO observed censoring-adjusted
value of 33333 (ie, 20.539). The relative importance of the pain
dimension in the hybrid model including all C-TTO values is higher
than in the hybrid including only 33333 values,meaning that C-TTO
information gave even more importance to pain/discomfort than
the DCE. Nevertheless, the ranking by importance of dimension
was the same for bothmodels. Thewithin-classes estimation of the
hybrid including all C-TTO values produced different estimations
for 33333 in the different classes (Table 3).

Comparing the predictions between hybrid models and
observed C-TTO data, we can see that although the hybrid model
including only the C-TTO value for 33333 underestimates all
censoring-adjusted C-TTO observations, it matched the estimation
for the 33333. Nevertheless, the hybrid model including all C-TTO
health states overestimated the worse than death C-TTO values
and underestimated the better than death C-TTO values. MSE for
the hybrid model including all health states was lower than the
MSE for the model anchored on the pits state only. Nevertheless,
there were 2 health states causing this (22223 and 22232). When
removing those 2 health states from the MSE calculations pre-
dictions from the model anchored on the pits state only were
better than from the hybrid model using all health states (Fig. 2).

Finally, the preferred value set using both regular and incre-
mental dummies is presented in Table 4. As shown in the table by

https://doi.org/10.1016/j.jval.2021.10.013
https://doi.org/10.1016/j.jval.2021.10.013
https://doi.org/10.1016/j.jval.2021.10.013


Table 3. Results from different anchoring methods.

EQ-5D-Y
dimension

Model
parameters

Hybrid model including all 10 C-TTO HS
(Incremental dummies)

Hybrid model including C-TTO 33333 HS only
(Incremental dummies)

CL1 CL2 CL3 CL4 Overall CL1 CL2 CL3 CL4 Overall

Unadjusted class
share

48.90% 29.30% 9.20% 12.60% 48.50% 29.60% 9.30% 12.60%

Scale adjusted
class share

65.16% 26.66% 5.19% 2.99% 65.16% 26.66% 5.19% 2.99%

Coeff (std.
error)

Coeff (std.
error)

Coeff (std.
error)

Coeff (std.
error)

Coeff * Coeff (std.
error)

Coeff (std.
error)

Coeff (std.
error)

Coeff (std.
error)

Coeff *

Mobility
(walking about)

No problems to
some problems

0.055 (0.011) 0.106 (0.011) 0.252 (0.027) 0.157 (0.04) 0.082 0.076 (0.071) 0.125 (0.015) 0.283 (0.052) 0.212 (0.071) 0.104

Some problems
to a lot of
problems

0.113 (0.009) 0.248 (0.012) 0.471 (0.05) 0.042 (0.044) 0.166 0.128 (0.065) 0.273 (0.022) 0.537 (0.097) 0.03 (0.065) 0.185

Looking after
myself

No problems to
some problems

0.029 (0.009) 0.041 (0.011) 0.081 (0.025) 0.099 (0.039) 0.037 0.044 (0.062) 0.052 (0.012) 0.089 (0.032) 0.143 (0.062) 0.051

Some problems
to a lot of
problems

0.135 (0.009) 0.122 (0.011) 0.162 (0.027) 0.079 (0.043) 0.131 0.149 (0.061) 0.134 (0.015) 0.185 (0.041) 0.08 (0.061) 0.145

Doing usual
activities

No problems to
some problems

0.098 (0.008) 0.047 (0.01) -0.049 (0.029) 0.22 (0.044) 0.08 0.121 (0.095) 0.057 (0.011) -0.058 (0.036) 0.309 (0.095) 0.100

Some problems
to a lot of
problems

0.148 (0.008) 0.148 (0.011) 0.193 (0.029) 0.062 (0.038) 0.148 0.161 (0.053) 0.16 (0.015) 0.221 (0.045) 0.063 (0.053) 0.161

Having pain or
discomfort

No to some 0.159 (0.008) 0.135 (0.01) 0.064 (0.024) 0.17 (0.04) 0.148 0.185 (0.079) 0.153 (0.015) 0.071 (0.03) 0.237 (0.079) 0.172
Some to a lot of 0.293 (0.016) 0.312 (0.018) 0.133 (0.027) 0.142 (0.044) 0.285 0.295 (0.066) 0.332 (0.028) 0.138 (0.035) 0.169 (0.066) 0.293

Feeling worried,
sad, or
unhappy

Not to a bit 0.121 (0.008) 0.07 (0.01) 0.03 (0.025) 0.037 (0.039) 0.101 0.139 (0.055) 0.079 (0.012) 0.03 (0.03) 0.046 (0.055) 0.114
A bit to very 0.212 (0.01) 0.155 (0.011) 0.03 (0.026) 0.186 (0.045) 0.186 0.242 (0.084) 0.174 (0.017) 0.043 (0.03) 0.252 (0.084) 0.214

U(33333) 20.362 20.385 20.368 20.194 20.364 20.539 20.539 20.539 20.539 20.539

Note. Presented are the models for each of the 4 latent classes, and the aggregate model. In addition, the share of each class and the predicted utility for the pits state
U(33333). Overall model coeffcients were bolfaced. Underlined results were nonsignificant at 95% confidence level.
Coeff indicates coefficient; C-TTO, composite time trade-off; HS, health state; std., standard.
*std error and P values of the overall model are computed for the final value set using bootstrap procedures (see Table 4).
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the incremental dummies, all movements between consecutive
levels are consistent and significantly different from 0. The most
important dimension is pain/discomfort, followed by anxiety/
depression, mobility, usual activities, and self-care.
Discussion

In this study, we applied the recent international valuation
protocol for the EQ-5D-Y1 to obtain a value set for the EQ-5D-
Y in Spain. As specified in the protocol, we included a DCE to
obtain the relative importance of the dimensions and levels
and a C-TTO task to allow anchoring of the DCE on the QALY
scale. We found that a latent class model with 4 classes had
the best performance. The structure and composition of these
4 classes, as explained in the Results section, clearly indicate
that population preferences regarding child health are not
homogeneous, at least for the Spanish population, but likely in
other countries as well. The use of the latent class analysis
allowed us to understand the heterogeneity in our data. In
addition, our results showed that the latent class model out-
performed the mixed logit model with respect to model pre-
dictions, as measured by MAE and MSE and goodness of fit
based on BIC. Therefore, we recommend using latent class
models for this type of modeling exercise. Nevertheless,
whether or not the latent class models outperform other types
of models should be confirmed, rather than assumed.

We believe that both a hybrid approach and an anchoring on
the pits state approach as described in this article, independently
of the QALY scale anchored valuation technique (TTO or visual
analog scale [VAS]), are all feasible techniques to generate a value
set in general.6 When focusing on child health valuation, the use
of TTO alone has been previously put into question,4 directing the
research into a combination of techniques as finally suggested by
the EQ-5D-Y protocol article.1 Among the potential external an-
chors, several alternatives were evaluated including anchoring in
pits VAS values as described by Webb et al,27 anchoring with TTO
as described by Stolk et al,25 and hybrid model.23 The published
EQ-5D-Y protocol discarded the VAS method as external anchor as
choice-based methods have been recommended by decision
makers in some settings including the National Institute for
Health and Care Excellence in England.28 Nevertheless, the pro-
tocol did not provide recommendation about the choice of
modeling technique.

Although technically possible, the use of a hybrid model to
anchor the potential EQ-5D-Y value set should be taken with
caution. The set of 10 health states included in the C-TTO task
were not selected for estimation of a model. They were selected to
reduce biases in the data collection, such as framing effects, that
would cause scaling issues.29 The standard set of health states
used in the C-TTO of the EQ-5D-Y protocol will result in estimates
of the values at the bottom of the scale that are too high and will
therefore provide an anchoring that is upwardly biased, leading to
a compressed QALY scale for the value set, which may have a
significant impact on allocating resources decision making. We
have identified 2 health states (22223 and 32223), which may
have caused issues with the design of the TTO. If the use of a
hybrid model is desired for anchoring in a future valuation study,



Figure 2. Anchor approaches comparison.

TTO indicates time trade-off.
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then the states selected for the C-TTO should be amended by
selecting the health states specifically optimized for estimating a
C-TTO (or hybrid) model. These issues led us to select the anchor
in pits state model as the final value set because it better repre-
sents the QALY scale of the Spanish population regarding child
health.
Table 4. Spanish EQ-5D-Y value set.

Dimension Regular
dummies

Coefficient
(value set)

Mobility (walking about) No problems to
some problems

0.1040

No problems to a
lot of problems

0.2892

Looking after myself No problems to
some problems

0.0513

No problems to a
lot of problems

0.1959

Doing usual activities No problems to
some problems

0.1002

No problems to a
lot of problems

0.2609

Having pain or discomfort No to some 0.1719
No to a lot of 0.4647

Feeling worried, sad, or unhappy Not to a bit 0.1144
Not to very 0.3285

Std. indicates standard.
It should be noted that this study is not free of limitations. The
data were collected during the COVID-19 outbreak, which may
have affected our results. Some DCE interviews were conducted
before and some during the lockdown in Spain. In addition, some
of the C-TTO interviews were conducted in a face-to-face setting
(before the lockdown), whereas others were conducted via
Std.
error

Incremental
dummies

Coefficient Std. error P-value

0.0109 No problems to
some problems

0.1040 0.0109 .0024

0.0160 Some problems
to a lot of
problems

0.1851 0.0124 .0006

0.0125 No problems to
some problems

0.0513 0.0125 .0268

0.0159 Some problems
to a lot of
problems

0.1446 0.0185 .0043

0.0130 No problems to
some problems

0.1002 0.0130 .0045

0.0065 Some problems
to a lot of
problems

0.1607 0.0110 .0007

0.0141 No to some 0.1719 0.0115 .0006
0.0115 Some to a lot of 0.2928 0.0207 .0008

0.0267 Not to a bit 0.1144 0.0110 .0019
0.0110 A bit to very 0.2141 0.0137 .0006
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videoconference (after the lockdown was lifted 2.5 months later).
We are not able to determine whether the pandemic and lock-
down might have affected the health preferences of the popula-
tion. There is some evidence suggesting that preferences may have
changed because of the pandemic in the United Kingdom,30 and it
would be expected that similar changes have occurred in other
countries. Future research should explore whether this is the case.

A second limitation was the fact that we collected the DCE data
online. It has been shown that online administration of DCE for
health preference research has limitations when it comes to
engagement with the task of the respondents.31 This can be re-
flected by speeding through the task and by providing random
responses. To reduce the impact of this limitation, we included
some proxy measures for the respondent engagement, namely, 3
dominant pairs and timings between choices made.

Further Research

The small difference in values for the pit state of the EQ-5D-5L
(20.416) and the EQ-5D-Y (20.539) we found, together with the
fact that the majority of respondents (.55%) indicated that adults
and children should have equal priority when it comes to de-
cisions on healthcare resource allocation, might make a case for
anchoring the DCE data of the EQ-5D-Yon the pit state of the value
set in use, that is, the EQ-5D-5L in the Spanish context. Using
national adult value sets, such as EQ-5D-5L or 3-level EQ-5D value
sets to provide the anchors for the QALY scale would make it much
easier to obtain EQ-5D-Y value sets, given that there would be no
need for collecting C-TTO data using interviewers, but only con-
ducting an online DCE. This would be especially beneficial for
developing countries, but only for those with enough information
technology penetration and for developed countries in the age of
COVID-19. Of course, our results will have to be confirmed by
studies in other countries before such an approach should be
adopted.
Conclusions

In this article, we have presented an EQ-5D-Y value set that can
be used for cost-utility analysis in the Spanish setting. The used
international EQ-5D-Y valuation protocol should be updated to
include a different set of health states for the C-TTO experiment if
researchers wish to move away from “pits state” anchoring
approach.
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Supplementary data associated with this article can be found in the
online version at https://doi.org/10.1016/j.jval.2021.10.013.
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