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Health-State Valuation & Data Collection

Nan Luo

(nan_luo@nuhs.edu.sg)
National University of Singapore, Singapore

Health-state utility

• Value of a health state to a stakeholder such as the general 
public 

• Measured on a cardinal scale anchored by 0 (death) and 1 (full 
health)

• Quality-of-life weights for calculating quality-adjusted life 
years (QALYs) in cost-utility analysis

• Determination of utility values

– Direct method: eliciting the utility value of a health state from a 
respondent using a valuation technique such as standard gamble

– Indirect method: preference-based instrument
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The EQ-5D-5L instrument

• The questionnaire 

– A new version of the EQ-5D instrument 

– Consist of a descriptive system and a visual analog scale for 
measuring health related quality of life

– Defines 3,125 unique health states with 5 dimensions (mobility, 
self-care, usual activities, pain/discomfort, anxiety/depression) 
and 5 levels of problems for each dimension 
(no/slight/moderate/severe/extreme) 

• The value set

– Consist of utility values for all 3,125 EQ-5D-5L health states

– Values anchored by 0 (dead) and 1 (full health)

– Reflecting the average values of the health states to the general 
public

– Country-specific value set  

Deriving utility values using EQ-5D-5L
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State Value

11111 1.00

….

12344 0.13

12345 0.10

12351 0.05

12352 0.07

12353 0.03

…

55555 -0.60

Value Set

“12345”

Coding:

No = 1

Slight = 2

Moderate = 3

Severe = 4

Extreme = 5



4

Estimating an EQ-5D utility value set

• A 2-step procedure is used:

– First, the values for a subset of health states are derived from 
stakeholders using the direct valuation approach 

– Second, a function is estimated by modeling the directly 
measured values to predict values for all health states  

EQ-5D-5L Valuation Study

• To establish EQ-5D-5L value sets using a standardized data 
collection protocol 

• The data collection protocol has been used in many countries 
including 8 Asian countries

• Main features:

– Face-to-face personal interview using a computer program called 
EuroQol Valuation Technology (EQ-VT)

– Interviewer training and monitoring 

– Use of two valuation methods: time trade-off (TTO) & discrete 
choice experiment (DCE)
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The EQ-VT interview

1. Introduction

a. Self-reported health on the EQ-5D-5L descriptive system

b. Self-reported health on the EQ-VAS

c. Background questions

2. Composite Time Trade-Off (TTO)

a. Instructions and example

b. Three practices

c. Valuation of 10 EQ-5D-5L states

d. Feedback module 

e. Debriefing questions 

3. Discrete Choice Experiment

a. Instructions

b. Valuation of 7 pairs of EQ-5D-5L states

c. Debriefing questions

4. Demographic/additional questions

Composite TTO

• Conventional or lead-time TTO procedure is used contingent on 
the value of a health state to the respondent 

• If the health state is considered as better than dead, the 
procedure used in the EQ-5D-3L valuation studies is used

• If the health state is considered as worse than dead, a new, 
lead-time procedure is used   
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Conventional TTO

Lead-Time TTO
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DCE task

Health states for direct valuation

TTO

• 86 states were divided into 10 
blocks, with each block 
containing 10 states

– 1 mildest state

– 55555 (all-worst)

– 8 other states

• Each respondent was 
randomized to value one block

DCE

• 196 pairs were randomly 
divided into 28 blocks, with 
each block containing 7 pairs 
of states

• Each respondent was 
randomized to value one block
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Overview of modelling analysis

Data Model function 

form

Model parameter 

estimator 

Model prediction 

evaluation 

Model validation

TTO

Linear models

Non-linear models 

OLS; GLS; etc.

MAE

Out-of-sample 

health states 

Out-of-sample 

respondents

DCE Conditional logit; 

Conditional probit MAE

TTO + DCE “Hybrid” estimator ???

OLS – ordinary least square; GLS – generalized least square; MAE – mean absolute error

The 20-parameter main-effects model

• Predictors of health-state values are restricted to the main 
effects of health-state descriptors

• Since each health dimension is described into 5 discrete levels 
(no/slight/moderate/severe/extreme), a dummy coding of 
each descriptor needs 4 dummy variables for each of the 5 
dimensions

• Taking Mobility as an example, the 4 dummy variables can be:

– MO2 (1 if level 2; 0 otherwise)

– MO3 (1 if level 3; 0 otherwise)

– MO4 (1 if level 4; 0 otherwise)

– MO5 (1 if level 5; 0 otherwise) 

• Addition terms capturing the interactions of the descriptors can 
be added to the model to improve its prediction    
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DCE models and non-linear 
(constrained) models

Kim Rand-Hendriksen, PhD
University of Oslo

Singapore, September 2016

DCE task - reminder
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DCE models (rationale)

• Conditional logistic model 

• Specific conditional logit/probit model for pair 
comparisons

• GLS random intercept logit/probit model

• We assume that respondents will select the alternative that 
maximizes their utility, with some degree of random error.

• If u(A) is the utility of alternative A, and u(B) is the utility of 
state B, the probability of selecting A is

• Since both u(A) and u(B) are subject to random variance, u(X) 
= v(X) + εX

DCE Conditional logistic model 

Stata code:
generate dce_group = concat(respondent_id state id) 
clogit choice dummy_variables, group(dce_group)

R code:
df$dce_group <- interaction(df$respondent_id, df$state_id)
Clogit(Value ~ [dummy_variables] + strata(dce_group))
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Specific conditional 
logit/probit model for DCE 

pair comparisons

– Generate “A-B”

– logit choice 
dummy_variables, nocons 

– probit choice 
dummy_variables, nocons

– hetprobit choice 
dummy_variables, nocons
het(dummy_variables)

• Random intercept/random slope logistic 
models can be fitted in STATA:

– xtlogit choice dummy_variables

– xtprobit choice dummy_variables

– melogit choice dummy_variables

– meprobit choice dummy_variables
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Stata output

DCE constant/intercept terms

• In regular linear regression, such as for TTO, the constant term 
indicates the estimated value when all predictors are 0. 

• For TTO, the interpretation is somewhat contended, but it 
reflects a disutility not accounted for by the health-state-based 
predictors.

• For DCE, the constant term will represent a general 
unevenness in how people select states, such as a general bias 
towards selecting the first option, or the option on the left.

• In some cases, this tendency can be quite strong. 

• In the absence of random correlation between the predictors 
and the presentation order, models without the constant term 
should be unbiased.

• Importantly, the sign of the intercept term has no bearing on 
health state values – the assignment of state “A” vs “B” , or 
left vs. right, is random.

• If we reverse the assignment, the sign of the constant term is 
reversed.
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Non-linear (constrained) models

• While the wording is somewhat different, the levels for the 5 
EQ-5D dimensions correspond roughly to:

1. No problems

2. Slight problems

3. Moderate problems

4. Severe problems

5. Extreme problems (“unable” for mobility, self-care, and usual 
activities)

• With the standard 20-parameter model, each decrement is 
considered in isolation.

• An alternative approach is to assume that the levels describe 
similar relative decrements across dimensions, and that the 
dimensions differ primarily in scale.

• The simplest such model requires only 8 parameter: one for 
each dimension, and one for each of levels 2, 3, and 4

The 20-parameter model

𝑡𝑡𝑜 = 𝛼 + Σ𝑙Σ𝑑𝛽𝑑𝑙𝑥𝑑𝑙 + 𝑒

= 𝛼 + 𝛽𝑀𝑂2𝑥𝑀𝑂2 + 𝛽𝑆𝐶2𝑥𝑆𝐶2 + 𝛽𝑈𝐴2𝑥𝑈𝐴2 + 𝛽𝑃𝐷2𝑥𝑃𝐷2 + 𝛽𝐴𝐷2𝑥𝐴𝐷2 +

𝛽𝑀𝑂3𝑥𝑀𝑂3 + 𝛽𝑆𝐶3𝑥𝑆𝐶3 + 𝛽𝑈𝐴3𝑥𝑈𝐴3 + 𝛽𝑃𝐷3𝑥𝑃𝐷3 + 𝛽𝐴𝐷3𝑥𝐴𝐷3 +

𝛽𝑀𝑂4𝑥𝑀𝑂4 + 𝛽𝑆𝐶4𝑥𝑆𝐶4 + 𝛽𝑈𝐴4𝑥𝑈𝐴4 + 𝛽𝑃𝐷4𝑥𝑃𝐷4 + 𝛽𝐴𝐷4𝑥𝐴𝐷4 +

𝛽𝑀𝑂5𝑥𝑀𝑂5 + 𝛽𝑆𝐶5𝑥𝑆𝐶5 + 𝛽𝑈𝐴5𝑥𝑈𝐴5 + 𝛽𝑃𝐷5𝑥𝑃𝐷5 + 𝛽𝐴𝐷5𝑥𝐴𝐷5 + 𝑒

𝑡𝑡𝑜 = 𝛼 + Σ𝑙Σ𝑑𝛽𝑑𝑙𝑥𝑑𝑙 + 𝑒

= 𝛼 + 𝛽𝑀𝑂2𝑥𝑀𝑂2 + 𝛽𝑆𝐶2𝑥𝑆𝐶2 + 𝛽𝑈𝐴2𝑥𝑈𝐴2 + 𝛽𝑃𝐷2𝑥𝑃𝐷2 + 𝛽𝐴𝐷2𝑥𝐴𝐷2 +

𝛽𝑀𝑂3𝑥𝑀𝑂3 + 𝛽𝑆𝐶3𝑥𝑆𝐶3 + 𝛽𝑈𝐴3𝑥𝑈𝐴3 + 𝛽𝑃𝐷3𝑥𝑃𝐷3 + 𝛽𝐴𝐷3𝑥𝐴𝐷3 +

𝛽𝑀𝑂4𝑥𝑀𝑂4 + 𝛽𝑆𝐶4𝑥𝑆𝐶4 + 𝛽𝑈𝐴4𝑥𝑈𝐴4 + 𝛽𝑃𝐷4𝑥𝑃𝐷4 + 𝛽𝐴𝐷4𝑥𝐴𝐷4 +

𝛽𝑀𝑂5𝑥𝑀𝑂5 + 𝛽𝑆𝐶5𝑥𝑆𝐶5 + 𝛽𝑈𝐴5𝑥𝑈𝐴5 + 𝛽𝑃𝐷5𝑥𝑃𝐷5 + 𝛽𝐴𝐷5𝑥𝐴𝐷5 + 𝑒
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8-parameter model

• A single parameter per dimensjon (MO, SC, UA, PD, 
AD), and one for each of levels 2, 3, and 4 (L2, L3, 
L4):

𝑡𝑡𝑜 = 𝛼 + σ𝑙 σ𝑑𝛽𝑑 𝑥𝑑𝑙 𝐿𝑙 + 𝑒

= 𝛼 + 𝛽𝑀𝑂𝑥𝑀𝑂2 + 𝛽𝑆𝐶𝑥𝑆𝐶2 + 𝛽𝑈𝐴𝑥𝑈𝐴2 + 𝛽𝑃𝐷𝑥𝑃𝐷2 + 𝛽𝐴𝐷𝑥𝐴𝐷2 𝐿2 +

𝛽𝑀𝑂𝑥𝑀𝑂3 + 𝛽𝑆𝐶𝑥𝑆𝐶3 + 𝛽𝑈𝐴𝑥𝑈𝐴3 + 𝛽𝑃𝐷𝑥𝑃𝐷3 + 𝛽𝐴𝐷𝑥𝐴𝐷3 𝐿3 +

𝛽𝑀𝑂𝑥𝑀𝑂4 + 𝛽𝑆𝐶𝑥𝑆𝐶4 + 𝛽𝑈𝐴𝑥𝑈𝐴4 + 𝛽𝑃𝐷𝑥𝑃𝐷4 + 𝛽𝐴𝐷𝑥𝐴𝐷4 𝐿4 +

𝛽𝑀𝑂𝑥𝑀𝑂5 + 𝛽𝑆𝐶𝑥𝑆𝐶5 + 𝛽𝑈𝐴𝑥𝑈𝐴5 + 𝛽𝑃𝐷𝑥𝑃𝐷5 + 𝛽𝐴𝐷𝑥𝐴𝐷5 + 𝑒



15

Extensions

• The wording for level 5 on mobility, self-care and usual 
activities uses “unable to”, while pain/discomfort and 
anxiety/depression uses “extreme”.

• To handle this difference, a new parameter can be added for 
“unable to”, for a total of 9 parameters

• Alternatively, the level structure can be estimated separately 
for the first three and the last two dimensions, for a total of 11 
parameters

• These models are non-linear, and require specialized fitting 
functions. In STATA:

nl (value = {intercept} + /* 
*/ (nl_mo2*{M=0} + nl_sc2*{S=0} + nl_ua2*{U=0} + nl_pd2*{P=0} + nl_ad2*{A=0}) * {L2=0.25} /*

*/ + (nl_mo3 * {M} + nl_sc3 * {S} + nl_ua3 * {U} + nl_pd3 * {P} + nl_ad3 * {A}) * {L3=0.5} /*

*/ + (nl_mo4 * {M} + nl_sc4 * {S} + nl_ua4 * {U} + nl_pd4 * {P} + nl_ad4 * {A}) * {L4=1} /*

*/ + (nl_mo5 * {M} + nl_sc5 * {S} + nl_ua5 * {U} + nl_pd5 * {P} + nl_ad5 * {A})) 

*/ if ………………………………..,iter(1000)

Non-linear models cont’d

• The code on the last slide requires the dummies to be coded such 
that mobility level 4 yields 
mo2 = 0, mo3 = 0, mo4 = 1, mo5 = 0

• For the DCE models, the coding is generally:
mo2 = 1, mo3 = 1, mo4 = 1, mo5 = 0

• With this coding, the non-linear function previously presented will 
tend to become unstable and unreliable. It can be altered to 
accommodate this coding as follows:

nl (value = {intercept} + /* 

*/ {MO = 0} * (_mo2 * {L2 = 0.25} + _mo3 * {L3 = 0.25} + _mo4 * {L4 = 0.25} + _mo5 * (1-L2-L3-L4)) + /*

*/ {SC = 0} * (_sc2 * L2 + _sc3 * L3 + _sc4 * L4 + _sc5 * (1-L2-L3-L4)) + /*

*/ {UA = 0} * (_ua2 * L2 + _ua3 * L3 + _ua4 * L4 + _ua5 * (1-L2-L3-L4)) + /*

*/ {PD = 0} * (_pd2 * L2 + _pd3 * L3 + _pd4 * L4 + _pd5 * (1-L2-L3-L4)) + /*

*/ {AD = 0} * (_ad2 * L2 + _ad3 * L3 + _ad4 * L4 + _ad5 * (1-L2-L3-L4)) /*

*/ if ………………………………..,iter(1000)
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Performance

• The constrained models will inevitably result in lower observed 
model fit than the 20-parameter model

• In cross-validation performed on TTO data from Spain, 
Singapore, and China, the non-linear models displayed higher 
out-of-sample prediction accuracy than the 20-parameter 
model

• Performance for DCE and hybrid models is under investigation
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Generalization of the non-linear 
models

• The hyreg command does not presently support non-linear 
models

• Built-in functions in STATA and R do not support non-linear 
interval regression

• A package allowing non-linear hybrid models (with and without 
intervals) has been developed for R, but is not documented to 
the point where it can be made publicly available. 

• We have not found STATA functions that do not allow fitting of 
non-linear mixed effects models (i.e. random intercept/random 
slope models). This is possible using the nlme package in R. 

• The upcoming hybrid function for R currently does not support 
mixed effects models.

Modelling TTO & DCE data 
using a hybrid model

Mark Oppe

oppe@euroqol.org
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TTO and DCE methods

• Individuals have a utility function which determines their 
preferences over health states 

• TTO & DCE methods both try to measure the same utility 
function

• TTO & DCE each have their own weaknesses

– e.g. scale compatibility (BTD vs WTD) for C-TTO

– e.g. no anchors for use in QALY calculations for DCE

• Which method should we choose?

TTO, DCE or both?

• TTO: trade-off between quality of life and length of life

– How many years are you willing to give up to avoid being in 
impaired health?

• DCE: trade-off between quality of life and quality of life

– Which health state is better?

• Both questions provide relevant information

• View TTO and DCE as complementary sources of information 
instead of competing

– Include both types of information in a single model (Maximum 
Likelihood)
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Log likelihood of basic hybrid model 
(OLS & clogit)
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TTO data structure

DCE data structure
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Data structure for HYREG command in 
Stata

state/pair method datatype
EQ 

state
value mo2 mo3 mo4 mo5 sc2 sc3 … ad5

1 TTO 1 22222 0.75 1 0 0 0 1 0 … 0

20 DCE_A 0 53121 0 0 0 0 1 0 1 … 0

20 DCE_B 0 32122 1 0 1 0 0 1 0 … 0

21 DCE_A 0 12345 1 0 0 0 0 1 0 … 1

21 DCE_B 0 23435 0 1 0 0 0 0 1 … 1

state/pair method datatype
EQ 

state
value* mo2* mo3* mo4* mo5* sc2* sc3* … ad5*

1 TTO 1 22222 0.25 1 0 0 0 1 0 … 0

20 DCE_A-B 0 … 1 0 -1 0 1 0 -1 … 0

21 DCE_A-B 0 … 0 -1 0 0 0 1 -1 … 0

TTO & DCE: value* = 1- value

DCE: mo2* … ad5* = mo2_A – mo2_B … ad5_A – ad5_B

TTO: mo2* … ad5* = mo2 … ad5

Hybrid OLS combined with 
Conditional logistic model

• Stata code

– hyreg value* mo2*-ad5*, datatype(datatype) contdist(normal) 
dichdist(logistic) noconstant

state/pair method datatype
EQ 

state
value* mo2* mo3* mo4* mo5* sc2* sc3* … ad5*

1 TTO 1 22222 0.25 1 0 0 0 1 0 … 0

20 DCE_A-B 0 … 1 0 -1 0 1 0 -1 … 0

21 DCE_A-B 0 … 0 -1 0 0 0 1 -1 … 0

• Model assumptions

– Same as OLS for TTO and same as conditional logit for DCE

• Data structure
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Hybrid censored at -1 combined 
with conditional logistic model

• Stata code

– hyreg value* mo2*-ad5*, datatype(datatype) contdist(normal) 
dichdist(logistic) noconstant ll(-1)

state/pair method datatype
EQ 

state
value* mo2* mo3* mo4* mo5* sc2* sc3* … ad5*

1 TTO 1 22222 0.25 1 0 0 0 1 0 … 0

20 DCE_A-B 0 … 1 0 -1 0 1 0 -1 … 0

21 DCE_A-B 0 … 0 -1 0 0 0 1 -1 … 0

• Model assumptions

– Same as Tobit for TTO and same as conditional logit for DCE

• Data structure

Apples, oranges or a fruit salad?

• TTO: trade-off between quality of life and length of life

• DCE: trade-off between quality of life and quality of life

• Hybrid:

– Uses all available information

– Estimates are between those of TTO and those of DCE

– DCE can help mitigate issues present in TTO and v.v.

• Since the “true” utilities are not known, ultimately

the choice is a normative one: 

– Which (imperfect) utility theory?

– Which (imperfect) data collection technique?

• Pragmatic basis for choice: data quality; value range;

performance in applications (e.g. discriminative power)
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Modelling TTO & DCE data 
using a advanced hybrid 

models

Juan M. Ramos-Goñi

jramos@euroqol.org

We have seen:
Hybrid OLS combined with Conditional logistic 
model and sensoring at -1 for all responses 

Basic

• Model assumptions

– Same as OLS for C-TTO and same as conditional logit for DCE

– Homoscedastic variance

• Stata code:

– hyreg value dummy_variables, datatype(method_dummy)

---------------------------------------------------------------------

Tobit

• Model assumptions

– Same as tobit for C-TTO and same as conditional logit for DCE

– Homoscedastic variance

• Stata code:

– hyreg value dummy_variables, datatype(method_dummy) ll(-1)
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Does the homoscedasticity assumption 
fit in the case of EQ-VT data?

• As more severe is a state more discrepancy about its value 

Hybrid models counting for 
heteroscedastic data

• Model assumptions

– Similar to OLS for C-TTO and similar to conditional logit for DCE

– Heteroscedastic variance

• Stata code:

– hyreg value dummy_variables, datatype(method_dummy) 

hetcont(dummy_variables’) hetdich(dummy_variables’’)

• In non heteroscedastic model, the variance is estimated as a 
single parameter. The idea behind heteroscedastic models is to 
model the variance as a function of the parameters which 
impacts on its value
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Hybrid intervals combined 
with Conditional logistic 

model
• Model assumptions

– Similar to interval regression for C-TTO and similar to conditional logit 
for DCE

– Heteroscedastic variance

• Stata code:

– hyreg ll_value ul_value dummy_variables, 
datatype(method_dummy) intervals

hetcont(dummy_variables’) hetdich(dummy_variables’’)

Using intervals for censoring 
specific C- TTO responses on a 

hybrid model

• Model assumptions

– Similar to interval regression for C-TTO and similar to conditional logit 
for DCE

– Heteroscedastic variance

• Stata code:

– hyreg ll_value ul_value dummy_variables, 
datatype(method_dummy) intervals

hetcont(dummy_variables’) hetdich(dummy_variables’’)

Type of data depvar1 depvar2

point data a = [a,a] a a

interval data           [a,b] a b

left-censored data (-inf,b] . b

right-censored data [a,inf) a .
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Why we may be interested in 
censoring/truncating

specific responses

• Lack of WTD explanation by the interviewer 

• Specific interviewer/respondent behaviour during the interview 
leading to crude preferences rather than accurate stated 
preferences

state/pair method datatype
EQ 

state
value* ll_value ul_value …………..Dummies…..

1 TTO 1 22222 0 . 0 ……………………………………….

2 TTO 1 … -1 . -1

3 TTO 0 … 0.6 0.5 0.7

Hybrid models assuming different 
distributions for C-TTO or DCE data

• Assumptions

– Similar to OLS for C-TTO and similar to conditional logit for DCE

– Heteroscedastic variance

• Stata code:

– hyreg ll_value ul_value dummy_variables, 
datatype(method_dummy) intervals

contdist(normal|logistic) dichcont(normal|logistic) 
hetcont(dummy_variables’) hetdich(dummy_variables’’)
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Thanks for attending to this workshop

Questions


