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Methodology

Does EQ-5D Tell the Whole Story? Statistical Methods for Comparing the
Thematic Coverage of Clinical and Generic Outcome Measures, With
Application to Breast Cancer

Mónica Hernández Alava, PhD, Stephen E. Pudney, MSc, Allan J. Wailoo, PhD

A B S T R A C T

Objectives: This study aimed to develop the following: (1) methods for assessing claims in any specific application that a
generic outcome measure, such as EQ-5D is deficient in its coverage of 1 or more specified domains, and (2) a simple method
of judging whether any such deficiency is likely to be quantitatively important enough to call into question evaluations based
on the generic instrument. Also to demonstrate the applicability of the methods in the important area of breast cancer.

Methods: The methodology requires a data set with observations from a generic instrument (eg, EQ-5D) and also a more
comprehensive clinical instrument (eg, FACT-B [Functional Assessment of Cancer Therapy – Breast]). A standardized
3-component statistical analysis is proposed for investigating the claim that the generic measure inadequately captures
some specified dimension covered by the latter instrument. A theoretically based upper bound on the bias induced by
deficient coverage is derived based on the assumption that the designers of the (k-dimensional) generic instrument did
succeed in identifying the k most important domains.

Results: Data from the MARIANNE breast cancer trial were analyzed and results suggested that impacts on personal
appearance and relationships may be inadequately represented by EQ-5D. Nevertheless, the indications are that the bias in
quality-adjusted life-year differences from deficient coverage by EQ-5D is likely to be modest.

Conclusions: The methodology offers a systematic approach to determining whether there is clear evidence consistent with
any claim that a generic outcome measure such as EQ-5D misses an important specific domain. The approach is readily
implementable using data sets that are available in many randomized controlled trials.

Keywords: breast cancer, cost-effectiveness, EQ-5D.
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Introduction

For economic evaluation of medical technologies, consistency

is supremely important— consistency across disease areas, patient

groups, and health technologies. That need has led to the devel-

opment of generic (rather than disease-specific) instruments for

measuring health outcomes, with corresponding value sets for the

calculation of quality-adjusted life-years (QALYs). The consistency

achieved by generic instruments comes at some cost because they

may not adequately cover all dimensions of health benefits rele-

vant in all situations.

Organizations such as the National Institute for Health and

Care Excellence explicitly recognize this. National Institute for

Health and Care Excellence expresses a preference for EQ-5D, with

decisions to deviate requiring supporting empirical evidence.1 In

practice, claims that a particular instrument such as EQ-5D is

inappropriate are often based on qualitative arguments that

certain symptoms of the disease in question do not feature in its

classification system. Most objections to the coverage of generic

instruments do not come with a theoretically based evaluation of

the bias in economic evaluation caused by these limitations.

The adequacy of a generic instrument cannot be judged

solely through thematic questionnaire analysis because, even if

it omits items dealing with a specific aspect of health, it may

still capture that aspect indirectly. For example, if the impact of

disease and treatment impairs the quality of personal relation-

ships (not covered by EQ-5D), that may, in turn, have indirect

impacts on usual activities and on anxiety/depression. But

EQ-5D covers both; therefore, the relationships aspect may be

captured indirectly.

We propose methods for investigating the conceptual

completeness of generic instruments such as EQ-5D, with equal

applicability to any other generic instrument with utility scoring

systems. Such generic measures may be conceptually incomplete

in one context (in which there is a substantial and differential

impact of treatment in excluded health outcome dimensions), but
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not in others (in which the effects of treatment are uniform in

those dimensions).

Our aims are, first to develop simple econometric methods for

application to patient-level data to test the validity of claims that a

given generic outcome measure underrepresents aspects of the

patient impact of disease.

Second, we detail the circumstances in which a cost-

effectiveness analysis of alternative health technologies would

be substantially distorted by the generic instrument’s incomplete

coverage and develop a simple revaluation argument to indicate

the potential scope for bias.

Third, we apply the methodology to data from a trial in the

area of female patients with breast cancer, in which there is a

priori reason for concern about the coverage of the EQ-5D in-

strument, using the disease-specific FACT-B (Functional Assess-

ment of Cancer Therapy – Breast) instrument to identify potential

omissions.

Methods

Statistical Methods

We start from 2 basic principles:

� P1 There should be face validity for the claimed specific omis-

sion from the generic instrument. Purely empirical “data

dredging” approaches can lead to spurious results arising by

chance alone and should be avoided.
� P2 The claim should be supported by evidence from compre-

hensive data that cover both the content of the generic instru-

ment and any health dimensions claimed to be missing from it.

Consider a data set covering individuals i = 1... n, observed

repeatedly in waves of measurement t = 1, 2,... Two instruments

measure the health-related quality of life outcome. The clinical

instrument covers a suitably wide range of dimensions and yields

a set of patient outcome measures denoted X1it ;.;XJit . The generic

instrument generates fewer data items Y1it.Y5it . For the generic

instrument, a utility score yit is calculated at each measurement,

as a function of the Yjit . No such utility score exists for the clinical

instrument.

Principle P2 allows us to divide the items of the clinical in-

strument into 2: a set of noncore items X1
1it.X1

J1 it
, measuring as-

pects claimed to be omitted, and a set of core items X0
1it.X0

J0 it

presumed to be covered directly by the generic instrument. In

most cases (as we do here), all items in the clinical instrument,

except for those classed as noncore, will be included in the core,

although there may sometimes be a case for excluding some items

completely. We construct an overall clinical index xit , and separate

subindexes, x0it and x1it , for the core and noncore items. Common

practice is to use sums of the relevant items possibly after suitable

rescaling, but alternative factor methods may be used.

If the generic measure is conceptually incomplete, we should

find evidence consistent with the following hypotheses:

� H1 Responses to core questions in the clinical instrument are

more highly correlated with the generic utility score or its

constituent items than are responses to noncore questions.
� H2 Hypothesis H2 extends H1 by requiring that, in a joint

multivariate modeling context, the core clinical items X0
1it.X0

J0 it

should have much greater joint predictive power for the generic

instrument yit than the noncore items X1
1it.X1

J1 it
.

� H3 The probability of conflict between the direction of change

indicated by the overall clinical index ðxit21 /xitÞ and the

generic utility ðyit21 /yitÞ will be greater for individuals with

core and noncore dimensions of health changing in different

directions. Figure 1 sets out the detail of H3: if the core measure

x0 improves between 2 waves of measurement, we expect the

generic measure y to be improving also; if, in addition, the

noncore dimension x1 is improving (ie, the NE quadrant), the

overall clinical index x must be improving, and there is only a

small probability of directional conflict between the measures x

and y. But if the noncore dimension x1 is worsening (ie, the NW

quadrant), and does so enough to alter the direction of change

in the overall index x, there will be an elevated probability of

conflict because the generic index y tends to track the core x0

rather than the full clinical index. The converse argument holds

for the SW and SE quadrants of Figure 1. Note that a conflict

Figure 1. Probabilities of conflicting directions of change in generic and clinical measures by direction of change in core and noncore
dimensions. The symbol D denotes the change in level between two waves of measurement.

x 1  improving

x 0  improving

x 0  worsening

x 1  worsening

High Pr (Δ y > 0);

Pr (Δ x < 0);elevated

Prelevated (con�ict)

High Pr (Δy < 0);

Pr (Δ x > 0);elevated

Prelevated (con�ict)

High Pr (Δ x > 0 ,Δ y > 0);

low Pr (con�ict)

High Pr (Δx < 0,Δ y < 0);

low Pr (con�ict)
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between the direction of change in the core and noncore

components of FACT-B does not necessarily imply that EQ-5D is

deficient in the noncore domain—instruments such as FACT-B

and EQ-5D may capture effects indirectly, and the different

designs of questions in the FACT-B core and EQ-5D mean that

they may differ in the way they do so.

Our proposal is conservative: given the large existing body of

consistent decision making using generic instruments, an

accepted instrument such as EQ-5D should not be called into

question lightly. In any specific context there should be a clear a

priori conceptual case, supported by statistical evidence consis-

tent with H1 to H3. There is a wide choice of statistical techniques

to turn these hypotheses into operational procedures, but

methods should be simple and capable of routine use in public

decision making. We make specific recommendations below,

using the important example of breast cancer to illustrate the

approach.

A Bound on the QALY Bias

If a health dimension omitted from the generic instrument is

seen as important by the general public, there is potential for bias

in public decision making. A cost-effectiveness analysis contrast-

ing 2 treatments T = 0 and T = 1 is built up from the net present

value of utility differences, EðyjT ¼ 1Þ2 EðyjT ¼ 0Þ over the treat-

ment period. Bias occurs when this measured difference does not

coincide with EðvjT ¼ 1Þ 2 EðvjT ¼ 0Þ, in which v is the “true”

utility score. There are 2 key issues: anchoring bias and differential

treatment bias (the Appendix in Supplemental Materials found at

https://doi.org/10.1016/j.jval.2023.05.016 contains a formal

analysis of the bias).

Anchoring bias concerns the notion of perfect health,

conventionally fixed at utility value 1. Responses to the generic

instrument are converted into values by conducting valuation

experiments (eg, using time trade-off). Such methods present

experimental participants with alternative hypothetical sets of

information on the items covered by the instrument and ask them

to make choices between alternatives. If important domains are

missing, participants necessarily make implicit assumptions about

the levels of the missing dimensions, but we do not know what

those implicit assumptions are. The best observable state will

wrongly define perfect health if any omitted dimension is

assumed by participants to be at a suboptimal level. Nevertheless,

anchoring bias seems unlikely to be very important in practice. If

participants in valuation experiments assume perfect health with

respect to noncore dimensions, anchoring bias is 0. Moreover, if it

does exist, its effect will be uniform across treatments; therefore,

it will not (on its own) alter the QALY rankings of alternative

treatments.

Differential treatment bias arises when the prediction EðyjTÞ

departs from EðvjTÞ in different ways for each treatment T . It is

more complex than anchoring bias, and its effect depends on how

the treatments being compared interact with the omitted di-

mensions. For example, our empirical breast cancer application

suggests that impacts on appearance and relationships are

potentially understated by EQ-5D. If we compare treatments

involving the same adverse effects on appearance/relationships,

the limitations of EQ-5D will not distort the analysis. But if we use

EQ-5D to compare, say, radical mastectomy with local excision, or

forms of chemotherapy causing substantially different degrees of

hair loss, the results will be biased in favor of treatments that are

seen by patients as more disfiguring.

The obvious response to findings of incomplete coverage is to

develop an expanded measure with more dimensions and carry

out new valuation experiments to produce an associated value

set—a costly and time-consuming option. “Bolt-ons”2,3 are a

half-way house that involve special-purpose extensions, rather

than wholesale replacement of the generic instrument, but still

require new valuation exercises.

We propose an intermediate step, using estimates interpret-

able as an upper bound on the magnitude of the bias in measured

QALYs to indicate whether such extensions are likely to make a

practical difference. We start from the reasonable assumption that

the original designers of the generic instrument were thorough in

their background research and correctly identified the dimensions

seen by the public as being most important. If that is so, any

dimension excluded from the instrument can be no more impor-

tant to the public than the least important included dimension.

The details of this depend on the particular generic instrument

and value set, and we develop it further in the EQ-5D/breast

cancer application.

Data

Cancer is an area in which claims of limitations of EQ-5D have

been made.4 The FACT-B instrument provides a patient-reported

outcome measure for treatment of breast cancer in women.5 It

comprises 37 items measured on a 0 to 4 response scale, which are

summed to give the overall summary measure xit , after normal-

isation so that higher values indicate better outcomes. FACT-B

covers more dimensions than generic measures, notably 3 not

directly covered by EQ-5D: Appearance (items B2-B5, B8, B9),

Relationships (items GS1-GS7), and Sleep (item GF5). In the spirit

of placebo testing, we also separate out Work (items GF1 and GF2),

which is of great policy interest but could be expected to be

covered adequately by the usual activities dimension of EQ-5D

(see Appendix Table A1 in Supplemental Materials found at

https://doi.org/10.1016/j.jval.2023.05.016 for further detail).

Our data come from the phase III MARIANNE clinical trial,6,7

which compared 3 treatments for HER2-positive advanced

breast cancer among 1095 patients interviewed repeatedly over a

3-year period. The trial was approved by relevant institutional

review boards or independent ethics committees at each site.

Patients provided written informed consent. Both FACT-B and the

original EQ-5D-3L were measured at each interview. After

excluding cases with missing responses, our analysis sample

comprises 888 individuals, with an average of 12 measurements

each. For the core index of FACT-B, x0, we sum all 21 items not

used to construct the indexes for Appearance, Relationships, Sleep,

and Work. The FACT-B index xit is constructed in the standard

way,5 and the Dolan value set8 generates the EQ-5D utility score y.

Note that there are established subindexes of FACT-B,5 but our

division into core and noncore indexes (x0it and x1it) has a different

purpose—it captures claimed conceptual distinctness from EQ-5D.

Results

Hypothesis H1

Use of indexes in a correlation analysis to investigate the hy-

pothesis H1 risks a potential pitfall. A subindex constructed from a

large number of items will tend to average out more of the

randomness in responses than another subindex summing fewer

items. Thus, a core index x0it covering more items than a noncore

index x1it may spuriously conform to hypothesis H1 by virtue of its

greater number of components and reduced measurement noise.

Therefore, we examine the average correlation of the items mak-

ing up the index, rather than the correlation of indexes, and also

correlations of wave-to-wave changes because cost-effectiveness

1400 VALUE IN HEALTH SEPTEMBER 2023

https://doi.org/10.1016/j.jval.2023.05.016
https://doi.org/10.1016/j.jval.2023.05.016


analysis is concerned with improvements in health states,

necessarily involving change over time. Moreover, different in-

dividuals may interpret response scales differently, which could

distort comparisons between individuals, whereas within-

individual changes over time remain meaningful.

The last column of Table 1 shows that core FACT-B items are on

average significantly (at the 95% confidence level) more strongly

correlated with the EQ-5D utility score than are the noncore

groups of items for Appearance, Relationships, and Sleep. This is

true for both levels and changes. The preceding 5 columns in

Table 1 show correlations between each of the 5 items of the EQ-

5D health description and the core and noncore items of FACT-B.

Items in the Appearance and Relationships categories of FACT-B

are less correlated with all the EQ-5D items than are the core

items of FACT-B—significantly so (at the 1% level) in all of the 5 EQ-

5D domains. Thus, hypothesis H1 holds empirically for both. There

is no significant difference in the anxiety/depression domain for

the single-item Sleep aspect; therefore, EQ-5D goes some way

toward capturing impacts on sleep.

For the Work dimension, there are average correlations of

0.457 (levels) and 0.104 (changes) between the EQ-5D utility score

and the Work items. The former actually exceeds the average core

correlation (0.418), whereas the latter is less than its comparator

0.132, but insignificantly so at the 95% level. There is some debate

about the role of productivity losses in cost-effectiveness analysis

and the risk of double counting those losses. There are 2 separate

issues: do the dimensions covered by generic instruments

adequately cover impacts on work activity with productivity-

limiting effect? Do health-related quality of life valuations pro-

vided by choice experiments adequately capture the value of those

impacts through implicit assumptions by participants about

earnings loss? Most of the relevant research literature9–11 relates

to the latter question, which is not our concern here. The results in

Table 1 are important for the former, and suggest that the EQ-5D

health description adequately captures impacts onwork, primarily

through the usual activities domain.

Hypothesis H2

Hypothesis H2 predicts that, in a joint analysis using infor-

mation from all the clinical items to model the EQ-5D utility score,

the core items X0
jit will give much more predictive power than the

noncore items X1
jit . A natural statistical framework is a latent var-

iable (LV) structure, in which the core and noncore dimensions are

represented by unobservable LVs, with the observable question-

naire items acting as “noisy” indicators of those latent dimensions.

This LV approach has 4 advantages over the usual method of

constructing indexes by summing items: it allows for the ordinal

nature of FACT-B items, it accommodates random measurement

“noise” in the item responses, it allows for nonuniform sensitivity

by estimating different sensitivity parameters (factor loadings) for

each item, and, unlike a 2-stage approach that first constructs core

and noncore indexes then uses them to model EQ-5D, it integrates

the construction of indexes and modeling of EQ-5D into a single,

more efficient, procedure. Estimation is by maximum likelihood

and the estimates can be used to construct Empirical Bayes in-

dexes as the expectations of the LVs conditional on the observed

questionnaire items. Such indexes use all available information

and give appropriately higher weight to items that are relatively

more informative. Technical details are in the Appendix in

Supplemental Materials found at https://doi.org/10.1016/j.jval.2

023.05.016.

The evidence on hypothesis H1 is strongest for the Appearance

and Relationships domains; therefore, we estimate an LV model

Table 1. Average correlations of items of the core and noncore FACT-B with the EQ-5D utility score and its components, pooled sample.

FACT-B subindex EQ-5D dimension EQ-5D utility score

Mobility Self-care Usual activities Pain Anxiety / depression

Correlations of responses (X0
jit;X

1
jit) with EQ-5D

Core FACT-B 20.259 20.220 20.316 20.359 20.330 0.418

Appearance 20.127 20.141 20.163 20.165 20.174 0.210
[P-value] [.000] [.000] [.000] [.000] [.000] [.000]

Relationships 20.060 20.072 20.083 20.095 20.161 0.133
[P-value] [.000] [.000] [.000] [.000] [.000] [.000]

Work 20.361 20.298 20.497 20.323 20.317 0.457
[P-value] [.000] [.000] [.000] [.068] [.519] [.056]

Sleep 20.182 20.146 20.236 20.303 20.348 0.350
[P-value] [.000] [.002] [.000] [.002] [.322] [.001]

Correlations of response changes (DX0
jit;DX

1
jit) with changes in EQ-5D

Core FACT-B 20.068 20.043 20.079 20.103 20.081 0.132

Appearance 20.019 20.031 20.034 20.035 20.036 0.057
[P-value] [.000] [.141] [.000] [.000] [.000] [.000]

Relationships 20.009 20.014 0.001 0.008 20.030 0.011
[P-value] [.000] [.022] [.000] [.000] [.000] [.000]

Work 20.079 20.050 20.115 20.051 20.046 0.104
[P-value] [.382] [.560] [.005] [.000] [.002] [.032]

Sleep 20.034 20.015 20.059 20.078 20.072 0.097
[P-value] [.021] [.040] [.157] [.036] [.494] [.021]

Note. P-values in square brackets are for tests of the hypothesis of a zero difference between the average core correlation (top row of table) and average noncore
correlation; 2-sided confidence intervals from bootstrap simulations (500 replications).
FACT-B indicates Functional Assessment of Cancer Therapy – Breast.
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incorporating those 2 dimensions alongside the core. The first 3

columns of Table 2 present estimates of the key impacts of the LVs

for core FACT-B, and noncore Appearance and Relationships (full

parameter estimates in Appendix Table A2 in Supplemental

Materials found at https://doi.org/10.1016/j.jval.2023.05.016).

They show the marginal effect on the EQ5D score of a 1-SD in-

crease, using versions of the model in levels, without and with

Tobit allowance for the upper limit on the EQ-5D utility score, and

a version in time-difference form. For comparison, the last 2 col-

umns of Table 2 show models based on summation indexes of the

core items of FACT-B and noncore items covering Appearance,

Relationships, Work, and Sleep. These last 2 models are respec-

tively fixed-effects linear regression (allowing for persistent in-

dividual differences in response styles) and random effects Tobit

(additionally allowing for the limit of 1.0 on EQ-5D utility scores).

In each case, the association of EQ-5D with noncore compo-

nents of FACT-B are weak (always less than one-fifth the magni-

tude) compared with the association with core FACT-B. For the

time-difference model (arguably the most reliable because it

eliminates persistent individual differences in response behavior)

the association of EQ-5D with the core is highly statistically sig-

nificant, whereas the latent Appearance and Relationships com-

ponents show no significant association.

Hypothesis H3

Hypothesis H3 predicts a higher probability of conflict between

FACT-B and EQ-5D in terms of their directions of change over time

when the core outcome is improving and the noncore outcome

worsening over time, or vice versa (NW and SE quadrants of

Figure 1). Using summation indexes, Appendix Table A3 of in

Supplemental Materials found at https://doi.org/10.1016/j.jval.2

023.05.016 shows that this is the case empirically, for each of

the Appearance, Relationships, Work, and Sleep domains, in turn,

with differences larger for Appearance and Relationships than for

Work and Sleep. Table 3 shows results of a more comprehensive

joint analysis using probit models (because conflict/nonconflict is

a binary distinction), with random effects allowing for persistent

Table 2. Estimated impacts of core and noncore FACT-B indexes on EQ-5D utility values: two variants of the LV model and fixed-effects

regression and random effects Tobit models of summation indexes.

FACT-B component LV model* LV model for between-wave
response changes*

Models for summation indexes†

Non-Tobit Tobit FE regression RE Tobit

Core 0.179‡ (0.008) 0.250‡ (0.013) 0.058‡ (0.006) 0.111‡ (0.003) 0.121‡ (0.003)

Appearance 20.014§ (0.007) 20.026‡ (0.009) 0.006 (0.008) 0.014‡ (0.003) 0.012‡ (0.003)

Relationships 20.032‡ (0.006) 20.043‡ (0.008) 20.005 (0.003) 20.012‡ (0.003) 20.015‡ (0.003)

Work - - - 0.015‡ (0.002) 0.023‡ (0.003)

Sleep - - - 0.003 (0.002) 0.007‡ (0.002)

FACT-B indicates Functional Assessment of Cancer Therapy – Breast; FE, fixed effects; LV, latent variable; RE, random effects.
Statistical significance:
k10%.
*3-factor model: coefficients of impact of LVs for FACT-B core, appearance, and relationships on EQ-5D utility.
†Marginal responses for regression models; indexes are in SD units; Tobit variants allow for an upper limit at EQ-5D = 1; SEs in parentheses.
‡1%.
§5%.

Table 3. Random effects probit marginal effects of the direction of change in noncore aspects on the probability of conflicting

directions of change in FACT-B and EQ-5D.

Non-core domain LV Tobit indexes LV difference indexes Summation indexes

Core improving* Core worsening† Core improving* Core worsening† Core improving‡ Core worsening§

Appearance 0.089£ (0.007) 0.073£ (0.007) 0.071£ (0.007) 0.062£ (0.006) 0.044£ (0.005) 0.051£ (0.006)

Relationships 0.084£ (0.007) 0.078£ (0.007) 0.065£ (0.006) 0.071£ (0.008) 0.060£ (0.006) 0.052£ (0.006)

Work - - - - 0.027£ (0.005) 0.028£ (0.005)

Sleep - - - - 0.026£ (0.006) 0.018£ (0.006)

Note. Average marginal effects of conflicting direction of change in core and noncore indexes on the probability of conflict between EQ-5D and FACT-B. Standard errors
in parentheses.
FACT-B indicates Functional Assessment of Cancer Therapy – Breast; LV, latent variable.
Statistical significance:
k10%.
{5%.
£1%.
*From estimates of model (A5) in the Appendix in Supplemental Materials found at https://doi.org/10.1016/j.jval.2023.05.016.
†From estimates of model (A6) in the Appendix in Supplemental Materials found at https://doi.org/10.1016/j.jval.2023.05.016.
‡From estimates of extension of model (A5) in the Appendix in Supplemental Materials found at https://doi.org/10.1016/j.jval.2023.05.016 to include covariates for Work
and Sleep.
§From estimates of extension of model (A6) in the Appendix in Supplemental Materials found at https://doi.org/10.1016/j.jval.2023.05.016 to include covariates for Work
and Sleep.
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differences in individual reporting styles. They are shown as

average marginal effects of conflict in the direction of change in

core and noncore indexes on the probability of conflict between

the EQ-5D score and overall FACT-B (see Appendix in

Supplemental Materials found at https://doi.org/10.1016/j.jval.2

023.05.016 for details). Three alternative versions of the indexes

x0it and x1it are used: Empirical Bayes indexes from the Tobit LV

model in levels and the LV model in differences, and simple

summation indexes (the LV model provided indexes for Appear-

ance and Relationships only). All estimates indicate that dissonant

changes in the Relationships and Appearance aspects of FACT-B

are strongly and significantly associated with conflicting di-

rections of change in overall FACT-B and EQ-5D. The effects are

large: if the Relationships or Appearance index is moving in the

opposite direction to the core, it increases the average conflict rate

by 4-9 percentage points (relative to a base level of 8.6%),

depending on the model used. Using summation indexes, the

effects of Work and Sleep are smaller, ranging from 1.8 to 2.8

percentage points.

A Bound on the Bias in Mean Utility Differences

How sensitive is measurement of utility differences to the

omission of the Appearance and Relationships domains from EQ-

5D? The structure of the EQ-5D utility tariff for the United

Kingdom9 implies unambiguously that the “usual activities”

domain is the least important of the 5. Changing “no problems

with performing my usual activities” to “some problems...”

reduces the score by 0.036, whereas a change to “unable to...”

reduces it by 0.363 (or 0.094 if another domain is reported at the

worst level 3). To extend the formula, we put the noncore clinical

index x1 in the same 3-level format as the EQ-5D items and

incorporate it into EQ-5D to give an upper bound, under 3

assumptions:

� A1 The extended valuation formula has the same structure

(linear with extreme state adjustments) as the standard tariff.

� A2 The utility decrements associated with worsening in the

new domain are identical to those associated with the usual

activities domain of EQ-5D.
� A3 Participants in the TTO valuation experiments underlying

the Dolan formula implicitly assumed no difficulties in the new

domain.

We also need a procedure for converting the Appearance and

Relationships indexes into the 3-level format required by EQ-5D-

3L. The resulting formula is then used to construct the modified

QALY difference (see Figures A1 and A2 and technical details, in

the Appendix in Supplemental Materials found at https://doi.org/1

0.1016/j.jval.2023.05.016). Without direct evidence on the distri-

bution of responses that an EQ-5D style 3-choice question would

produce, we use the distributions of responses to the relevant

FACT-B items to define cut-offs used to convert the continuous

Appearance and Relationships indexes into 3-level form. As a

check on sensitivity, this is done in 2 alternative ways, under a

“broad” interpretation treating FACT-B categories 1-3 as central

and a “narrow” interpretation treating only category 2 as central.

Table 4 and the Appendix in Supplemental Materials found at

https://doi.org/10.1016/j.jval.2023.05.016 give details.

The MARIANNE data set available to us has no trial arm identi-

fiers; therefore, we cannot revisit the MARIANNE economic evalu-

ation. Nevertheless, there are large differences in measured

outcomes between groups defined by baseline cancer stage;

therefore, we can trial the proposed approach by examining how

the comparison across cancer stage groups of mean EQ-5D utility

scores is affectedwhenwe adjust for possible effects on appearance

and relationships. If the measured differences are not robust, then

EQ-5D should be regarded as potentially suspect in any trial of in-

terventions with differing effects on appearance and relationships.

Table 4 compares standard and adjusted EQ-5D outcomes for

patients in the MARIANNE trial with stage I and stage II cancer at

baseline. Mean directly measured EQ-5D for stage I patients is

0.813; for stage II patients outcomes are worse by 0.075 on

average. The effect of extending EQ-5D valuations for appearance

Table 4. Comparison of mean EQ-5D scores by cancer stage at baseline, with standard EQ-5D and extensions for appearance or

relationships.

Measured EQ-5D EQ-5D extended for

Appearance Relationships

Simple index* LV index† Simple index* LV index†

Discretization with broad central category (extreme category proportions 0.037, 0.46)‡

Mean level of EQ-5D in stage I group 0.813 (0.021) 0.793 (0.022) 0.793 (0.022) 0.797 (0.022) 0.797 (0.023)

Stage II vs stage I 20.075§ (0.026) 20.081§ (0.027) 20.083§ (0.027) 20.081§ (0.027) 20.079§ (0.027)

Discretization with narrow central category (extreme category proportions 0.10, 0.74)k

Mean level of EQ-5D in stage I group 0.813 (0.021) 0.794 (0.023) 0.792 (0.023) 0.803 (0.022) 0.803 (0.022)

Stage II vs stage I 20.075§ (0.026) 20.084§ (0.027) 20.084§ (0.028) 20.083§ (0.027) 20.082§ (0.027)

Note. Bootstrap standard errors in parentheses (clustered by individual; 500 replications).
FACT-B indicates Functional Assessment of Cancer Therapy – Breast; LV, latent variable.
Statistical significance of stage I vs stage II difference:
£5%.
*Noncore index constructed as unweighted sum of items.
†Noncore index constructed as Empirical Bayes estimate from LV model.
‡Sample proportions of extreme categories fixed at mean proportions of relevant FACT-B responses of 0 and 4.
§1%.
kSample proportions of extreme categories fixed at mean proportions of relevant FACT-B responses of 0 or 1 and 3 or 4.
Statistical significance of stage I vs stage II difference:
{10%.
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or relationships is to reduce the mean measured score by an

amount ranging from 0.010 to 0.021, depending on the index and

discretization.

Nevertheless, for cost-effectiveness work, differences rather

than levels matter, and the extension to EQ-5D increases the

magnitude of differences between stage I and II patients by only

0.004-0.009. These are modest measurement changes—less than

one-eighth the width of a 95% confidence interval for the differ-

ence in standard EQ-5D, and less than one-twentieth of the SD of

the stage I standard EQ-5D score. In this application, the omission

of the Appearance and Relationships domains from EQ-5D seems

likely to be a minor source of bias in cost-effectiveness work.

Summary and Conclusions

Generic preference-based measures are widely used to value

health states and estimate QALYs. It is sometimes argued that

those instruments are inappropriate for measuring health benefit

in some situations, but there remains uncertainty about which

disease areas, types of impairment or symptoms are poorly

captured and how frequently such issues arise. Many claims have

been made but their validity is difficult to assess.4 This study

proposes easily implementable methods designed to assist in

assessing claims that specific aspects of health are omitted or

undervalued, using patient-level responses.

In a case study assessing EQ-5D-3L relative to the FACT-B

outcome measure for women with breast cancer, we find that

the impact of ill health on Appearance and Relationships is not

well captured by EQ-5D. Technologies that differ from compara-

tors in these areas may be significantly misvalued in cost-

effectiveness studies. The impact on Sleep, also not directly

measured by EQ-5D, may be a less serious omission, whereas—as

expected – there is little evidence of any problem relating to

Work.

This is a first application demonstrating the potential value of

new methods, and further applications are needed in other health

areas and other outcome measures than EQ-5D. It is also impor-

tant to ensure that the use of these methods is not restricted to the

assessment of new technologies alone, without also acknowl-

edging that the issue of imperfect benefit assessment applies to

existing services that could be displaced. Nevertheless, the de-

velopments here demonstrate that decision makers faced with

potentially incomplete measures of outcome can be provided with

information to judge those claims and simple indicators of the

potential for bias in decision making. In cases which incom-

pleteness turns out to entail negligible bias, this approach avoids

the need to embark on costly, long-term alternative benefit

valuation. In other cases, it may provide a means of establishing

that there are strong arguments for some form of “bolt-on”

study.2,12,13

Supplemental Material

Supplementary data associated with this article can be found in the

online version at https://doi.org/10.1016/j.jval.2023.05.016.
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