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Background of the Issue
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EQ-5D-5L

e A new version of the widely used EQ-5D instrument

o A preference-based instrument for measurement of health-
related quality of life (HRQoL) consisting on:

- A descriptive system:

¢ 5 Dimensions: mobility, self-care, usual activities, pain/discomfort,
anxiety/depression

e 5 Levels on each dimension: no, slight, moderate, severe, extreme
¢ Visual analogue scale (VAS)

- National value sets:

o Lists of values for each of the possible health state, on a cardinal
scale anchored by 0 (death) and 1 (full health)
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Deriving utility values using EQ-5D-5L

The EQ-5D-5L Valuation Study

Target population - general population
Minimum sample size - 1,000 individuals

Data collection mode - computer-assisted personal

interviewing (CAPI)
Valuation

- Eliciting the value of 86 EQ-5D-5L health states using the time

trade-off method (10 states per participant)

- Eliciting the preferences for 196 DCE pairs of EQ-5D-5L health

states (7 pairs per participants)

Value set estimation
- TTO data only
- TTO and DCE data (the *hybrid” model)

Value Set
_,y State Value
9
B 11111 1.00
v
9
3 12344 0.13
s [13 LH
g =) “12345” 1z o0 D
3 12351 0.05

Coding:

; No=1 12352 0.07
v Slight=2
- Moderate = 3 12353 0.03
2 Severe =4
g Extreme =5
1 55555 -0.60
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The ‘Hybrid’ model

Valuation and Modeling of EQ-5D-5L Health
States Using a Hybrid Approach
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The issue

e Shall we adopt the *hybrid” model to estimate EQ-5D-5L value
sets in Asia?

- What is better as valuation technique: TTO or DCE?

- How can TTO and DCE data be combined to predict EQ-5D-5L
health states?

- Is *hybrid” a better approach than the TTO only approach?
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The panelists

e Development of the EQ-VT and the
hybrid model

Mark Oppe

e Hybrid models frameworks: the
use of the “hyreg” command
(Stata) and (R)

Juan M. Ramos-Gofii

¢ A critique of hybrid models

Kim Rand-Hendriksen
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Development of the EQ-VT
and the hybrid model

Mark Oppe, PhD

EuroQol Research Foundation

Singapore, September 2016
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Past approaches to valuation

e Early valuation research on EQ-5D used VAS
e The UK MVH study first to use the TTO
e Became the ‘default’ protocol used in other countries

e Somewhat inconsistent approaches between countries limited
comparability
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Development of the EQ-VT

e Why a new valuation protocol?
- Develop better valuation methods for valuing EQ-5D-5L

- Take advantage of advances in computer-based
methods

- Provide a fully documented, evidence-based protocol to
be used in all countries — ensure consistency

e 10 multinational pilot studies
- Different modes of administration
- Different types of TTO
- Different secondary tasks (VAS, DCE, BWS)
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Composite TTO (WTD)

Which is better, Wfe A, life B, or are they about the same? u

A&B
are about
the same
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DCE paired comparisons
Which is better, state A or state B?
7
® no problems in walking about ® unable 1o walk about
@ severe problems washing or dressing mysell » shight problems washing or dressing mysell
e moderate problems doing my usual activities ® severe problems doing my usual activities
® severe pain or discomfort ‘® extreme pain or discomfort
® severely anwious or depressed . or dep
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Experimental Design

DESIGN
cTTO
SPECIFICATIONS
1000 1000
10 28

80 + 6 fixed 186 + 10 fixed very mild

N -
resp

N obs per state/pair 100 (for the set of 80 states) 36
Optimisation

. Monte Carlo simulation Bayesian efficient design
Algorithm
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Tasks included
in EQ-VT version 2.0

Introduction

Composite Time Trade-Off

Discrete Choice

Cyclic quality control process ——rm



Modelling TTO and DCE

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

PSON'S RULE

L@( ) de [em . 4@(‘*@) +@]

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

e 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

e Which method should we choose?

WO BT 0T

TTO, DCE or both?

e 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?

e DCE: trade-off between quality of life and quality of life
- Which health state is better?

e Both questions provide relevant information

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

Include both types of information in a
single hybrid model

W BTl T
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Log likelihood of basic hybrid model
(OLS & clogit)

InL = —l*z In(2ro?) + Y~k ’
T2 o

Jjec
l 1 l e(=xB")
IR LN Ferc) R Cowe ) RIS

jeD

proportional rescaling parameter 6, such that

g'=p*6
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Apples & Oranges or a Fruit Salad?

e Hybrid:
- Uses all available information

- Hybrid estimates are typically between estimates of TTO alone
and estimates of DCE

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

e Since the “true” utilities are not known, ultimately
the choice is a normative one:
- Which (imperfect) utility theory?
- Which (imperfect) data collection technique?

e Pragmatic basis for choice: data quality; value range;
performance in applications

W BTl T




(easo
Hybrid models frameworks

The use the “hyreg”
command (Stata)

Juan M. Ramos-Goni, MSc
EuroQol Research Foundation

Singapore, September 2016
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History of modelling approaches

e EQ-5D-5L valuation studies were first launched in 2012, with
Spain, UK, The Netherlands, Canada and China being the first
countries to test EQ-VT

e The first test of the hybrid model using 5L valuation data was
done using Spanish data

e The test indicates that the approach is feasible, but having
some limitations
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Programing the hybrid model

e First implementation was made in R by Ben van
Hout (not user friendly code)

e In parallel a Stata implementation was made by
Juan M. Ramos-Goni (not user friendly code)

e Improvements were started in parallel:
- Random coefficients for TTO data (Ben van Hout)

- Inclusion of interval data for TTO data (Benjamin Craig and
Juan M. Ramos-Goii)

- Censoring TTO observations (Ben van Hout)

- Including the mix with a conditional probit instead of logit
(Benjamin Craig and Juan M. Ramos-Gofii)

e At the end it was decided to integrate as much
features as possible in “user friendly commands”

for Stata and R.

The Stata "hyreg” command

e Syntax

hyreg depvarl [depvar2] [indepvars] [if] [in],
datatype(varname)

[interval

contdist(normal | logistic)

dichdist(normal | logistic)

I(#) ul(#)

hetcont(varlist) hetdich(varlist)

noconstant

vce(oim | opg | robust | cluster varname) maximize options]

13



“hyreg output”
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' Summary

e The hybrid approach is feasible

e DCE predictions and TTO predictions are highly correlated
e High concordance between TTO models and hybrid models
e High correlation between DCE models and hybrid models

e The estimated coefficient from hybrid model are more precise
than (<S.t error) than the ones from DCE or TTO models

e\Why shouldn’t it be done?
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A critique of hybrid
models

Kim Rand-Hendriksen, PhD

University of Oslo

Singapore, September 2016
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Battle plan

1. Conceptual issues
- The relationship between utilities and DCE
- What we know, and what we don’t know
- Lack of obvious counterfactual
2. Practical issues
- Shared constant term/intercept between DCE and TTO
- “Flat” areas when combining two data types with different
maxima
- Weights
- Problems with the handling of differences between the TTO a
DCE functions

3. Conclusion

nd
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The relationship between utilities and

DCE (RUT)

e DCE/TTO hybrid models rest on the assumption that DCE and TTO are

equally valid, or that it is unknown which is more valid
e TTO measures strength of preference directly, on and individual leve

Population aggregates of this will therefore take into account variation in

strength of preference.

e DCE, when applied to a population, as opposed to repeated measures of an
individual, does not (necessarily) take into account variation in individual

strength of preference.

e Choices for health states could reflect differences in “taste” for health

- Consider a choice between chocolate and caramel ice cream. If it
observed that 60% prefer chocolate, we cannot directly infer that

is

chocolate has a higher value than caramel, since the minority preferring
caramel could display a substantially greater willingness to pay than the

proponents of chocolate. TTO catches this difference (at least in t
while DCE does not.

heory),

- This is a general critique of DCEs for health state valuation, and does not

apply only to hybrids.

W BTl T
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Lack of obvious counterfactual

e With mean-based modeling of TTO, predictions can be directly
compared to observed means. This allows leave-out cross-
validation with a true counterfactual for comparison.

e For “pure” DCE models, predictions can be compared to
observed choice probabilities.

e With hybrid models, performance cannot be easily measured
by these kinds of comparison.

e For more complex hybrids (i.e. predicting intervals, handling
censoring, heteroscedastic standard deviations, models for the
link between TTO and DCE...), determining model validity
becomes very tricky.

e Likelihood-based comparison remains possible, but are
uninformative as to the validity of the assumptions behind the
likelihood function.
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Practical issues
Shared intercept/constant term

1. hyreg value _mo2-_ad5, datatype(_method) nocons
2. hyreg value _mo2-_ad5, datatype(_method)

e Code 1 fits a model with 20 parameters to both TTO and DCE
data, with no constant term/intercept

e Code 2 fits the same model, adding a constant term. All
parameters, including the constant term shared, meaning that
they are fitted to both TTO and DCE observations.

e Unfortunately, the constant term does not mean the same for
the two kinds of data, and the sign of the constant for DCE is
arbitrary. I will illustrate with an example.

WO BT 0T

(easo

Constant problems

e Data from the DHS (demographic and health surveys) run by USAID
e Age, sex, height, and weight for approx. 3000 children aged 0-5 years

e Linear regression model to predict height based on age (dummies for
1, 2, 3, and 4 years) and sex (dummy for girl)

h = INTERCEPT + S + Al + A2 + A3 + A4

Paraeeters

Estisate Std. . Errvor
St 18,158519 2.1839315
INTERCEPT 64,8368 9,6976458

s -1,249795 8.5211645
Al 14.798526 9.%018343
A §,354M6 9,8481751
A 4,964711 0.8217649
e 7.342159  B.saasd

Intercept is interpretable as estimated average height for boys at <1
years.

W BTl T
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Constant problems cont’d

e Generate 10 000 “"DCE"s, by random sampling (with replacement)
e Target variable 1 if left child is tallest. Ties removed. Conditional logit
model:
Parameters:
Estimate Std..Error
INTERCEPT -8.,0983116987 @,01568021

S -8.697738655 ©.82234994
Al 1.0084000093 ©,04852737
A2 8,629414872 ©,083525025
A3 8.573683424 ©,83238130
LE) 8,528308318 ©.93269877

e Here, the intercept is the average right/left bias, which is negligible
due to the random sampling.

W POV T
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Now as a hybrid

e OLS for continuous, conditional logit for generated “"DCE”

Paraneters:

Estimate Std..Error
SIGW 25.976202 9,5455057
THETA 38.615536 9.8219985
INTERCEPT 7.743260 9,5916663

5 2.191158 9.7951509
Al 51.815555 1.1331342
Az 15.921508 1,1487489
A3 18.434260 1.0677270
L 15.985168 1.8498862

¢ Now, the intercept has no direct interpretation.
e The model also fits quite badly:

Alone Hybrid
Loglik for continuous: -5695,9 -7126,4
Loglik for “"DCE" : -4176,7 -4340,6
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Hybrid with separate intercepts

e INTERCEPT for continuous, INTERCEPT_DCE for “"DCE”

Paraseters:

Estizate Std..Errov
SIGNA 19,15549782 9.1839824
INTERCEPT_TTO 54,11278521 9,5847958
INTERCEPT DCF -8.24476864 8.2262171
THETA 14.42715917 8.3858576

S +1,40353266  8.2748719

LY 14,57344660  8,5649897

a2 B.89915133 B.4536258

A3 8.44354327 @8.4271561

M 7,54983476  0.4180064
Alone Hybrid1 Hybrid2
Loglik for continuous: -5695,9 -7126,4 -5695,3
Loglik for “"DCE" : -4176,7 -4340,6 -4176,8

( EQSD

Right/left bias

"Original" Reversed

Estivate Std, Errce Estinate Std, Error

(Intercopt) @.21164586 ©.0266564% | {Intercept) ~8.21154586 @.0266645
Incr_mo2 Oiff  @,44230775 0.9526517 | Incr_mo2 difF 8.44236775 @,0526517
incr_mo3_diff -9.08271160 ©.8622873 |incr_mo3 diff -9.00271168 0.0682873
Incr_mod_diff @.77762394 ©.0592446 | Incr_mod_diffF 9.777623094 0,8592446
incr_mob_diff 1.16562366 ©.0653388 lincr mo5 diff 1,.16562366 0.0553388
incr_sc2_diff 9,35921265 ©.9576461 | Incr_s¢2 difé €.35921265 9,857646)
Incr_sc3 diff -0.00847681 ©.0625683 | incr_s<3 diff -9.08847601 0.0625683
incr_scA_O1ff @.6762089E8 B.2661428 | Incr_scd_dif#f @.67625896 ©.0661428
incr_sch diff ©.39924359 0.0615881 | Incr 3¢5 diff 8.39924359 0,0615881
incr_ua2 diff @.27154435 ©.8345798 | incr_uaZ diff @.27154455 0.8549758
Incr_uad_aiff @,04449129 6.8615065 | Incr ual diff @.0444%129 0.0615065
incr_ua4_diff @.53745959 ©.8619102 |incr_uag diff ©.53745959 @.8619182
incr_uas_oiff @,57164557 9.963606) | Incr_uab diff #,.57164557 @,0616963
Incr_pd2 diff @.25343076 ©.0588883 | incr_pd2 diff ©.25445076 0.85808883
Incr_pd3_aiff @,839629820 9.0633029 | Incr_pd3_diff @.93962960 ©.9633829
® incr_pda diff @.20788425 0.0642941 lincr_pd4 diff @.88788425 0.8642341
incr_pas_diff 9,3839511@ 9.0638620 | Incr_pd5_difé €.30395118 9,8638629

®  incr_ad2 diff 9,27174584 0.0622230 |incr_ad2 diff ©.27174584 0.0603230
incr_ac3_oiff @.13483877 B.2615435 | incr_ad3 difé 8.194B3877 0.8615435
Incr_ads Giff @.30367616 ©.8655376 | Incr_add diff @,.88367616 @,0655376
incr_ads_diff @.52791784 ©.8654448 | incr_adS diff @.52791784 @.855444Q




Right/left bias with hybrids and
shared intercept

e Sign of DCE influences joint intercept, and model fit
A-8 B-A
Estinate Std..Error Estinate Std..Error

THETA 47.51251 1.ez18e45 TEETA 52.772617 1.1346850
INTERCEPT 19.70118  9.6816674 INTERCEPT 2.155608 9.78293%6

S 2.68336 8.7147274 S 4.221512 9.8438539
Al 43,69928 1.105336 AL 54,971618 1.3874188
Az 17.45384  1.1748562 h2 15.586300 1.3842987
A3 17.21168  1.1899331 A3 15.516540  1.3060186
L 13,35578  1.8740389 A4 14.812787  1.2673559
SIGVA 21,36575 B,4746664 SIGMA 27.772334  9.620728

DCE  CONTINUOUS DCE  CONTINUCLS

4545, 764 ~6828.629 -A985.903 +7228.311
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Removing the intercept

e No impact from arbitrary choice of A and B, but (in some
cases) bad model fit
Parameters:

Estinate Std..Error
THETA 52.66%365 1,1332521

5 4,333265 9.8536047
Al 56.244384 1.2443716
A2 19.891977 1.3961106
A3 19,795438 1.3172189
4l 15.823394  1.2881413

SIGMA 28,611836 9,5587462

DCE  CONTINUOUS
-4944.324  -7273.685
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Separate intercepts

e With separate intercepts, model fit is improved

A-B E-A

Estimate Std,.Erroe Estizate Std,.Ervor
THETA 16,399488 ©.4926780  THETA 18,389429 8,4926789
INTERCEPT DCE  3.843551 ©.2821264  INTERCEPT DCE -3.849551 6,2821264
H -1.471878 ©.3185478 S -1.471670 8.3185478
Al 13,487405 0.5971385 A1 13.487485 9.5971385
a2 9.258974 0.5988136 A2 9.250974 9.5088136
A3 8,999388 ©.4820521 43 §,999903 8.4824521
M 7.280235 0.4662980 A4 7,288235 8,4667380
SIg 18,162688 ©.1841637 SIGMA 18.1626088 @, 1841837

INTERCEPT 64.634485 ©.5934544  INTERCEPT 64.634485 8.5834544

DCE  CONTINLOUS sum DCE  CONTINUOUS sn
-4735.784  -5606.184 -18d31.968  -4735.784 -3595,184 -18431.968
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“Flat” areas when combining two data types with different
maxima

e Since the hybrid maximizes the sum of TTO and DCE log-
likelihood, and the two are often different, parameter changes
that improve TTO fit can often reduce DCE fit, and vice versa

e This results in ranges of parameter values for which the sum of
log-likelihoods changes very little - “flat” areas. Such flat
areas make the model unstable, in that quite small changes
can result in relatively large changes in the resulting fitted
model.
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Weights

e Maximum likelihood is a sum of likelihoods for each prediction
over each observation. Increasing the number of observations
increases the maximum likelihood.

e When maximizing the sum of two different sums of likelihoods,
the relative weight of one type of data over the other will be a
function of how many observations are present of each.

e The fitting function is not sensitive to the absolute magnitude
of likelihoods, but to the magnitude of the change from small
changes in the parameters.

e If a change of one unit for a parameter results in a positive
change of 1.1 for the sum likelihood for TTO, and -1 for DCE, a
>10% increase in the number of DCE observations will reverse
the direction of change to the fitted model.

W BT
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Conclusions

e TTO and DCE are different
e We know more about the problems with TTO than with DCE

¢ We might not be combining two measures of the same, but
two measures of different things

e Various practical issues that have not been adequately
addressed yet

e Are hybrids interesting?
Yes.

e Are we at the point where we should replace TTO-only models
with TTO/DCE-hybrids?
My personal opinion is that this is premature.
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Brief Responses from Juan M.
Ramos-Goni & Mark Oppe

Open Discussion
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