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Patient-Reported Outcomes

An Investigation of Age-Related Differential Item Functioning in the
EQ-5D-5L Using Item Response Theory and Logistic Regression

Hannah Penton, PhD, Christopher Dayson, MA, Claire Hulme, PhD, Tracey Young, PhD

A B S T R A C T

Objectives: In economic evaluations, quality of life is measured using patient-reported outcome measures (PROMs), such as
the EQ-5D-5L. A key assumption for the validity of PROMs data is measurement invariance, which requires that PROM
items and response options are interpreted the same across respondents. If measurement invariance is violated, PROMs
exhibit differential item functioning (DIF), whereby individuals from different groups with the same underlying health
respond differently, potentially biasing scores. One important group of healthcare consumers who have been shown to
have different views or priorities over health is older adults. This study investigates age-related DIF in the EQ-5D-5L using
item response theory (IRT) and ordinal logistic regression approaches.

Methods: Multiple-group IRT models were used to investigate DIF, by assessing whether older adults aged 651 years and
younger adults aged 18 to 64 years with the same underlying health had different IRT parameter estimates and expected item
and EQ-5D-5L level sum scores. Ordinal logistic regression was also used to examine whether DIF resulted in meaningful
differences in expected EQ level sum scores. Effect sizes examined whether DIF indicated meaningful score differences.

Results: The anxiety/depression item exhibited meaningful DIF in both approaches, with older adults less likely to report
problems. Pain/discomfort and mobility exhibited DIF to a lesser extent.

Conclusions: When using the EQ-5D-5L to evaluate interventions and make resource allocation decisions, scoring bias due to
DIF should be controlled for to prevent inefficient service provision, where the most cost-effective services are not provided,
which could be detrimental to patients and the efficiency of health budgets.

Keywords: differential item functioning, EQ-5D, item response theory, ordinal logistic regression, patient-reported outcome
measures, quality of life, response heterogeneity.
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Introduction

Quality-adjusted life-years (QALYs) are a commonly used

outcome measure in the economic evaluation of health in-

terventions.1 QALYs combine length of life and a utility value

for quality of life (QOL) into a single unit, enabling comparisons

of different interventions across different patient groups for

health service resource allocation. Given that QOL cannot be

directly observed, preference-based patient-reported outcome

measures (PROMs) are used to measure and value QOL. The EQ-

5D measure of health is the most widely used PROM and is

recommended or required to measure utility by multiple Health

Technology Assessment agencies including the UK National

Institute for Health and Care Excellence, the Dutch Zorgin-

stituut, and the Canadian Agency for Drugs and Technologies in

Health.2-4

A key assumption, upon which the validity of any PROM

data depends, is measurement invariance.5 Measurement

invariance requires that the concept being measured by a

PROM and the questions and response options within a PROM

mean the same thing across different groups of respondents. If

this assumption does not hold, the PROM exhibits differential

item functioning (DIF) (also called response heterogeneity),

whereby individuals from different subgroups with the same

underlying levels of health have different probabilities of

providing a given response to an item on that PROM, which

will bias their score. There are 2 types of DIF: uniform and

nonuniform. Uniform DIF occurs when groups have different

probabilities of providing a given response at a given level of

trait, and nonuniform DIF occurs when the extent to which the

items relate to the underlying trait differs.6 If DIF is present,

comparisons between different respondents are invalid, as

would be any decisions based on such comparisons. Given the

wide use of such PROMs in population health studies and

economic evaluation, DIF could lead to bias in estimates of

burden of illness, treatment effectiveness, and resource allo-

cation decision making. This may result in inefficient service

provision, where the most cost-effective services are not
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provided, which could be detrimental to patients and the ef-

ficiency of health budgets.

An important characteristic in the testing of measurement

invariance is age. Older adults, often defined as those $ 65

years,7,8 often experience increasing frailty as they age, charac-

terized by a gradual decline in health and functioning.9 This

gradual decline can lead people’s interpretation and prioritization

of concepts related to health to change substantially over time, as

has been observed in the literature.9,10 This decline in health and

functioning also makes older adults an intensive group of

healthcare users. It is estimated that 58% of those aged 65 to 74

years and 68% of those aged 751 years in Great Britain live with a

long-standing illness,11 and of 18.7 million adult hospital admis-

sions in England in 2014 to 2015, 41% were aged 651 years.12 With

the population aging and increases in life expectancy out-

performing increases in healthy life expectancy, this issue will

only intensify with time.13,14

With older adults representing such an important group in

healthcare spending, correctly estimating the most cost-effective

services for this group is a priority for the economic efficiency

and sustainability of services in the future. Nevertheless, older

adults are often overlooked in measure development and psy-

chometric testing.9,10 Therefore, this study aims to investigate age-

related DIF in the EQ-5D-5L using 2 methods: item response

theory (IRT) and ordinal logistic regression (OLR).

Methods

EQ-5D-5L

The EQ-5D-5L measure of health asks individuals to self-report

their health today on 5 items: mobility, self-care, usual activities,

pain/discomfort, and anxiety/depression.15 Each question has 5

response options including no problems, slight problems, mod-

erate problems, severe problems, and extreme problems/unable

to. The EQ-5D-5L can be scored in several different ways. Most

commonly, responses are combined with a country-specific value

set to generate utility values for the QALY. Nevertheless, for

methodological research examining response behavior, the Euro-

Qol recommend using the simple level sum score (LSS), to isolate

response behavior from preferences.16 This approach will be used

in this study to examine DIF without results being affected by

preferences for the different items and levels.

To ease interpretation, all items were coded so that higher

numbered responses indicated better health. This involved reverse

coding all EQ-5D items. Therefore, higher LSSs imply better health

in these analyses, contrary to the usual LSS for the EQ-5D.

Data Sources

The Health Improvement and Patient Outcomes dataset is a

large patient dataset that collected health and wellbeing data,

including the EQ-5D-5L, from inpatients recently discharged from

Cardiff and Vale NHS Hospital Trust in 2013 to 2014 via postal

survey sent to 25 919 patients aged 181 years, 6 weeks after

discharge.17 A 25% response rate was obtained with 6351 ques-

tionnaires returned.

Analyses

A variety of methods are available for identifying DIF, including

IRT, logistic regression, and Mantel-Haenszel (MH) techniques,

each with their own advantages and disadvantages.6,18 The main

advantage of IRT is the use of the latent trait as the matching

criterion rather than the observed sum score used to proxy the

latent trait in logistic regression and MH. The disadvantages of IRT

are that results are dependent on model fit, large sample sizes are

required, and the procedure is more complex than other methods.

MH is nonparametric, so it does not require a distribution

assumption and is relatively straightforward, but it is unable to

detect nonuniform DIF. Parametric approaches have also been

found to be more powerful and stable than nonparametric.18 Lo-

gistic regression is also simpler than IRT and is able to detect both

uniform and nonuniform DIF. DIF was tested using 2 methods (IRT

and OLR) given that both enable the detection of both uniform

and nonuniform DIF and the use of 2 methods increases

confidence in results, which are neither entirely dependent on IRT

model fit nor the use of the observed sum score to proxy the

latent trait.

IRT Analyses

IRT is a class of statistical techniques commonly used in psy-

chometrics to develop measures and assess measure and item

performance.6 It uses responses to PROM items to estimate un-

observable health on a latent scale. Logistic models are used to

estimate parameters representing the location of respondents and

items on this latent scale by examining the probability of a specific

item response as a function of the respondent’s level of latent

health and item characteristics.19

IRT models assess item performance using difficulty and

discrimination parameters.20 Discrimination parameters examine

how closely an item is related to the underlying health of re-

spondents. An itemwith n response options also has n-1 difficulty

parameters. Each difficulty parameter represents the amount of

underlying health required to have a 50% probability of respond-

ing above a certain category, signifying better health. For example,

given an item with response options 1 to 4, a b1 = 22 indicates

that someone 2 SDs below mean health has a 50% probability of

responding in category 1 and a 50% probability of responding in

categories 2 to 4. Therefore, difficulty parameters assess over what

levels of health the item can discriminate. Response distributions

were also examined for floor and ceiling effects to further signal

issues with discrimination.

Polytomous ordinal IRT models were used because all items

have . 2 ordered response options. Samejima’s 2-parameter

graded response model (GRM) was selected, because it has been

extensively used in the psychometric evaluation of health mea-

sures21 and allows discrimination parameter estimates to vary

across items, which makes theoretical sense given that items

within a measure are not equally strongly related to respondents’

health.

IRT models can be unidimensional, assuming all items relate

to a single latent concept, or multidimensional with items rep-

resenting one of several constructs. Dimensionality was exam-

ined using exploratory factor analysis (EFA) and confirmatory

factor analysis (CFA). EFA was used to establish the potential

number of factors underlying the measure. The Kaiser rule

suggests retaining factors with eigenvalues $ 1,22 and the screen

test suggests that the number of true factors ends where a line

drawn through all the points becomes linear and flat.23 CFA was

run, and absolute model fit compared between potentially

appropriate models based on EFA results. Model fit was exam-

ined using the root mean square error of approximation

(RMSEA) and comparative fit index (CFI). Cutoffs for good model

fit are CFI $ 0.95 and RMSEA # 0.05, with RMSEA # 0.08

considered fair.24

IRT models assume local independence, meaning there is no

additional systematic covariance between items beyond their
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given relationship with the underlying trait.25 Local dependence

(LD) may arise in groups of items with similar content or that are

physically grouped together on a measure. Groups of items with

large modification indices of error covariances or excessively high

discrimination parameter estimates or interitem correlations may

exhibit LD.25

IRT analyses were run in Mplus version 7.4.26 DIF was

investigated using multiple-group GRMs that allow separate

parameter estimates for respondents aged 18 to 64 years

(reference group) and 651 years (focal group) to investigate

how psychometric performance varies between these groups.27

Models were estimated using partial information weighted least

squares with mean and variance adjustment (WLSMV) with

theta parameterization to obtain absolute fit statistics. WLSMV

was chosen because it does not assume the underlying data

follow a normal distribution and provides absolute fit statistics

and easy comparison of nested model fit through the Mplus

DIFFTEST function. WLSMV estimation in Mplus provides

parameter estimates consistent with categorical normal-ogive

CFA, but IRT parameters consistent with GRMs were estimated

through transformations.

A step-by-step process for DIF testing within IRT has been

developed and widely used.5,27-29 DIF is tested one by one in factor

structure (configural invariance); discrimination parameter esti-

mates, to examine whether items are equally related to latent

health across age groups (violation signals nonuniform DIF); dif-

ficulty parameter estimates, to investigate whether different

groups have the same probability of selecting each response op-

tion at given levels of underlying health (violation signals uniform

DIF); and residual variances, factor means, and factor variances.

The model specification at each stage of DIF testing is outlined in

Appendix Table A1 in Supplemental Materials found at https://dx.

doi.org/10.1016/j.jval.2022.03.009. Relative nested model fit to the

final model in the previous DIF stage was compared using the

DIFFTEST function in Mplus.

Although this method indicates where significant DIF lies, it

does not quantify the impact of DIF on scores.30 The magnitude

of DIF can be examined using expected item scores for each

group, calculated by summing the weighted probability of each

response (weighted by the response category value) at each

level of underlying health from the final DIF model. Differences

in expected item and total measure scores provide an estimate

of the impact of DIF at the item and measure level, at each level

of health. The impact of DIF is presented as a percent of the

total LSS range. The authors again note that the LSS does not

reflect the standard final scoring method for the EQ-5D-5L.

Differences in LSS are reflective of the raw expected difference

in reporting rather than the final expected difference in utility.

Effect sizes were also calculated to aid interpretation of whether

differences in expected scores between groups were of practical

importance. Expected score standardized differences (ESSD) for

each item were estimated after the procedure outlined by

Meade.31 ESSDs were classified as trivial (ESSD , 0.2), small (0.2

# ESSD , 0.5), moderate (0.5 # ESSD , 0.8), or large

(ESSD $ 0.8).31

The full sample was randomly split in STATA into a model

development and validation sample. Differences between samples

were investigated using the 2-sample Wilcoxon rank-sum (Mann-

Whitney) test for continuous variables and Pearson’s chi-square

test for categorical variables. The final DIF model obtained from

the development sample was rerun in the validation sample. Item

parameter estimates, expected scores, and DIF impact were

compared across samples to examine the stability of results found

in the development sample.

OLR Analyses

The OLR approach for detecting DIF proposed by Zumbo32 was

followed. In the primary OLR analysis, the purified EQ LSS was

used as the matching variable, to proxy the latent trait, because

the EuroQol recommend the use of the LSS when analyzing

descriptive system issues, to isolate response behavior from

preferences.16 The LSS was purified by removing one by one any

items that exhibited meaningful DIF from the LSS. For the final

analysis of an item which exhibited DIF, the item in question was

added back into the LSS. There has been concern in the literature

that purification may not be appropriate in shorter scales because

it leaves too few items on which to match and proxy the latent

trait.18 Therefore, a sensitivity analysis was also conducted in

which the LSS was not purified.

Logistic regression models were estimated, with item score as

the dependent variable and EQ LSS, age group, and an interaction

for LSS and age group as dependent variables, as shown in Eq. (1).

Y ¼ bo 1 b1LSS 1 b2AGE_GROUP 1 b3LSS � AGE_GROUP (1)

The OLR DIF approach involves an iterative 3-stage process

enabling the detection of both uniform and nonuniform DIF. In

stage 1, an OLR is run with variable item score as the dependent

variable and EQ LSS as the only independent variable (model 1). In

stage 2, the age group (18-64 = 0, 651 = 1) independent variable is

added to model 1. If the age group coefficient is statistically sig-

nificant (assuming a Bonferroni corrected P value of .05/5 items =

.01), then this item is considered to exhibit uniform DIF. In stage 3,

the observed health 3 age group interaction is added to model 2

(model 3). If the interaction is statistically significant, then the

item is considered to exhibit nonuniform DIF.

As in the IRT approach, a measure of effect size is also required

to avoid overinterpretation of practically meaningless DIF. A va-

riety of effect size measures are used in the literature.18 This study

used the approach suggested by Bjorner et al,33 in which model 3

is compared with model 1 using Nagelkerke’s pseudo-R2 statistic.

Items with significant P values, for which DR2 $ 2%, are considered

to exhibit meaningful DIF. This approach has been widely used in

the literature.33-35 Differences in R2 between models 1 and 2 and

models 2 and 3 can also be used to further examine whether the

majority of the DIF stems from uniform or nonuniform DIF.

OLR analyses were conducted in SPSS version 27.36 As recom-

mended, observations with missing EQ-5D data were removed

before analysis.

Results

Sample

Sample characteristics are presented in Appendix Table A2 in

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

022.03.009. The IRT model development sample contains 1818

adults aged 18 to 64 years and 1333 adults aged 651 years who

provided responses to at least some EQ-5D items. Differences in

characteristics between the development and validation sample

were not significant in all characteristics tested.

Response Distributions

Response distributions are presented in Table 1. Younger adults

reported few problems with self-care, anxiety/depression,

mobility, and usual activities, and older adults reported few

problems with self-care and anxiety/depression. Younger adults

were more likely to report no problems to mobility, self-care,
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usual activities, and pain than older adults but less likely to report

no problems to anxiety/depression.

IRT Assumption Checks

The EFA eigenvalues (3.8 and 0.58) and scree plot suggested a

1-factor model. The 2-factor EFA loadings indicated that only

anxiety/depressionwould load onto the second factor. Therefore, a

single factor model was taken forward. Modification indices did

not suggest any LD.

IRT Results

Absolute fit statistics for the multiple-group GRM were good

(CFI 0.999; RMSEA 0.047 [90% confidence interval 0.037-0.058]).

Unstandardized discrimination parameter estimates (Table 2)

ranged from 2.64 for mobility to 0.86 for anxiety/depression for

both age groups, suggesting mobility is most closely related to

health in both age groups and anxiety/depression least related.

Nevertheless, anxiety/depression is still relevant to health with

the smallest standardized discrimination parameter (0.634) in

respondents aged 651 years. Larger discriminations for pain/

discomfort and self-care in those younger than 65 years indicate

that these concepts are less closely related to the health of re-

spondents aged 651 years than those younger than 65 years. This

could be anticipated because those aged 651 years may be more

accustomed to issues in self-care and pain and may have adapted.

The difficulty parameter estimates (b1-b4; Table 2) represent

the amount of health required to have a 50% probability of

responding above a certain category, signaling better health. All

difficulty parameter estimates for pain/discomfort and anxiety/

depression were lower in respondents aged 651 years, meaning

those aged 651 years require less health to be more likely to

respond in a higher category (signaling better health) than

younger adults. Therefore, older adults are less likely to report

problems with pain/discomfort and anxiety/depression than a

younger person with the same level of health. Older adults were

also more likely to respond higher (signaling less problems) to

self-care and usual activities but lower to mobility than a younger

adult with the same health level.

Anyone with even slightly below average health is more

likely to respond “no problems” for self-care, anxiety/depres-

sion, and mobility because these items all have negative b4

parameter estimates. These low b4s correspond to the high

endorsement rate of “no problems” for these items. Anxiety/

depression also has very low b1 parameter estimates, below 23,

in both groups, with the b2 parameter also below 23 in the 651

group. Theoretically, we would expect very few respondents to

have a health level below 3 SDs below mean health, suggesting

the “extreme” and “severe” anxiety/depression categories would

very rarely be used, particularly by older respondents. This was

found to be true in the empirical item response frequency

distributions.

Table 1. EQ-5D-5L response distributions.

Development sample

Younger than 65 years old, n = 1818, n (%) 651 years old, n = 1333, n (%)

1
Extreme

2
Severe

3
Moderate

4
Slight

5
None

Missing Item 1
Extreme

2
Severe

3
Moderate

4
Slight

5
None

Missing

19 (1.0)
173 (9.5) 260 (14.3) 277 (15.2) 1075 (59.1) 14 (0.8) Mobility 22 (1.7) 218 (16.4) 340 (25.5) 254 (19.1) 490 (36.8) 9 (0.7)

7 (0.4)
58 (3.2) 153 (8.4) 220 (12.1) 1374 (75.6) 4 (0.3) Self-care 24 (1.8) 56 (4.2) 167 (12.5) 181 (13.6) 892 (66.9) 13 (1.0)

85 (4.7)
164 (9.0) 299 (16.4) 392 (21.6) 869 (47.8) 9 (0.5) Usual

activities
74 (5.6) 164 (12.3) 317 (23.8) 335 (25.1) 435 (32.6) 8 (0.6)

62 (3.4)
187 (10.3) 410 (22.6) 607 (33.4) 541 (29.8) 11 (0.6) Pain/

discomfort
23 (1.7) 175 (13.1) 372 (27.9) 432 (32.4) 319 (23.9) 12 (0.9)

33 (1.8)
91 (5.0) 249 (13.7) 456 (25.1) 979 (53.9) 10 (0.6) Anxiety/

depression
9 (0.7) 27 (2.0) 188 (14.1) 327 (24.5) 767 (57.5) 15 (1.1)

Validation sample

Younger than 65 years old, n = 1793, n (%) 651 years old, n = 1356, n (%)

1
Extreme

2
Severe

3
Moderate

4
Slight

5
None

Missing Item 1
Extreme

2
Severe

3
Moderate

4
Slight

5
None

Missing

16 (0.9)
164 (9.1) 230 (12.8) 299 (16.7) 1073 (59.8) 11 (0.6) Mobility 23 (1.7) 205 (15.1) 351 (25.9) 246 (18.1) 522 (38.5) 9 (0.7)

19 (1.1)
43 (2.4) 160 (8.9) 172 (9.6) 1389 (77.5) 10 (0.6) Self-care 20 (1.5) 44 (3.2) 168 (12.4) 227 (16.7) 886 (65.3) 11 (0.8)

72 (4.0)
153 (8.5) 290 (16.2) 410 (22.9) 861 (48.0) 7 (0.4) Usual

activities
77 (5.7) 142 (10.5) 333 (24.6) 332 (24.5) 465 (34.3) 7 (0.5)

71 (4.0)
189 (10.5) 369 (20.6) 584 (32.6) 568 (31.7) 12 (0.7) Pain/

discomfort
25 (1.8) 173 (12.8) 390 (28.8) 433 (31.9) 321 (23.7) 14 (1.0)

50 (2.8)
88 (4.9) 266 (14.8) 453 (25.3) 928 (51.8) 8 (0.4) Anxiety/

depression
8 (0.6) 29 (2.1) 175 (12.9) 369 (27.2) 754 (55.6) 21 (1.5)

Note. All items are coded so that higher numbered categories signal better health.
EQ-5D-5L indicates 5-level version of EQ-5D.
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Constraining the unstandardized residual variances of both

groups to 1 did not significantly impact model fit (P = .72) indi-

cating that the amount of item variance not accounted for by the

factor was equivalent across groups. The mean level of health was

0.359 SDs lower (ie, worse) in the 651 group (P , .000). Those

aged 651 years were less variable in health (factor variance =

0.914 vs 1) than those younger than 65 years, but this was not

significant (P = .248).

Older adults are more likely to score higher (ie, better), given

the same underlying health, on all items except mobility, where

they are more likely to score lower. DIF had a trivial impact on

self-care, usual activities, and mobility scores and a small impact

on pain/discomfort and anxiety/depression, with the impact on

anxiety/depression approaching moderate, according to effect

sizes (Table 3). The impact of DIF on the EQ-5D-5L as a whole was

small. The maximum difference in expected LSS was 6.73% of the

score range, 2 SDs below mean health, with older adults more

likely to score higher (ie, better) (Fig. 1).

IRT Validation

Validation results are presented in the Supplemental Appendix

found at https://dx.doi.org/10.1016/j.jval.2022.03.009. Expected

LSSs across age groups were very similar in the development and

validation samples (Appendix Fig. A1 in Supplemental Materials

found at https://dx.doi.org/10.1016/j.jval.2022.03.009). DIF effect

sizes (Table 3) were mostly consistent, with several classification

differences where effect sizes were close to the borders of

different classifications.

OLR Results

After removing those with missing EQ-5D item data, 3071

participants (1777 aged 18-64 years; 1294 aged 651 years)

remained for analysis in the development sample and 3072 (1758

aged 18-64 years; 1314 aged 651 years) remained in the valida-

tion sample. A total of 4 items had significant age group or

interaction variable coefficients indicating DIF: mobility, self-care

(development sample only), pain/discomfort, and anxiety/

depression (Table 4). The age group coefficients show that older

adults were less likely to score highly (indicating better health) on

mobility but more likely to signal better health on pain/discomfort

and anxiety/depression than adults aged 18 to 64 years. The only

item to meet the 2% DR2 cutoff for meaningful DIF was anxiety/

depression. The majority of this was uniform DIF. Despite signifi-

cant coefficients, the impact of that DIF was not large enough to be

classed as meaningful for mobility and pain/discomfort.

Table 3. IRT DIF effect sizes in the development and validation samples.

Item Mobility Self-care Usual activities Pain/discomfort Anxiety/depression Total

ESSD development
sample

20.168 0.015 0.059 0.203* 0.475* 0.209*

ESSD validation
sample

20.177 0.022 0.047 0.167 0.550* 0.215*

DIF indicates differential item functioning; ESSD, expected score standardized differences; IRT, item response theory.
*Effect sizes that are small, moderate, or large.

Table 2. IRT parameter estimates.

Younger than 65 years old 651 years old

a b1 b2 b3 b4 Item a b1 b2 b3 b4

2.64 (0.12)
22.51 (0.21) 21.31 (0.15) 20.72 (0.12)* 20.26 (0.09)* Mobility 2.64 (0.12) 22.51 (0.21) 21.31

(0.15)
20.52
(0.11)*

20.02
(0.11)*

2.47 (0.13)*
22.87 (0.35)* 21.94 (0.21)* 21.27 (0.16)* 20.76 (0.13)* Self-care 1.86 (0.10)* 22.66 (0.17)* 22.06

(0.16)*
21.33
(0.13)*

20.86
(0.11)*

2.32 (0.09)
21.82 (0.13)* 21.19 (0.11)* 20.57 (0.09) 0.08 (0.07) Usual

activities
2.32 (0.09) 22.03 (0.16)* 21.32

(0.13)*
20.57
(0.09)

0.08
(0.07)

1.69 (0.05)*
22.18 (0.10)* 21.26 (0.06)* 20.42 (0.05)* 0.61 (0.06)* Pain/

discomfort
1.30 (0.06)* 22.83 (0.10)* 21.64

(0.06)*
20.55
(0.05)*

0.50
(0.07)*

0.86 (0.03)
23.21 (0.09)* 22.28 (0.06)* 21.26 (0.05)* 20.16 (0.04)* Anxiety/

depression
0.86 (0.03) 24.08 (0.16)* 23.26

(0.10)*
21.80
(0.06)*

20.67
(0.05)*

0 Factor
mean

20.359 (0.04)

1 Factor
variance

0.914 (0.07)

0.047
(0.037-0.058)

RMSEA
(90% CI)

0.047
(0.037-0.058)

0.999 CFI 0.999

CFI indicates comparative fit index; CI, confidence interval; DIF, differential item functioning; IRT, item response theory; RMSEA, root mean square error of
approximation.
*Parameters that exhibit DIF; a = discrimination parameter, b = difficulty parameters.
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OLR Validation

Validation results (Table 4) mirrored those in the development

sample. Results from the unpurified OLR sensitivity analysis

(Table 5) show that the impact of DIF on the DR2 for the mobility

item was larger in the unpurified analysis, with a DR2 of 0.017 in

the development sample and 0.020 in the validation sample,

versus 0.009 in the purified analysis. Nevertheless, pain exhibited

less DIF in the unpurified analysis compared with the purified,

although it did not approach the 2% cutoff in either analysis.

Discussion

Key Findings and Implications

The 2 analysis approaches provide similar results, which

increases confidence in results. Meaningful DIF was identified for the

anxiety/depression item in both methods and both samples, with

older adults less likely to report problems with anxiety/depression

than adults aged 18 to 64 years. Pain/discomfort just passed the

cutoff for small DIF in the IRT analysis in the development sample;

nevertheless, it was not flagged as meaningful in the IRT validation

sample or the OLR results (although the DR2 = 0.01 in the validation

sample could be considered borderline according to Bjorner33),

suggesting that overall pain/discomfort could be considered

borderline. Mobility exhibited a similar level of DIF to pain/

discomfort but was not classified as meaningful (or borderline) in

any of the analyses. OLR results and IRT effect sizes identified no/

minimal DIF in self-care and usual activities.

Similar results have been seen in the EQ-5D literature. A study

in cancer patients using a Rasch partial credit model found large

age-related DIF for anxiety/depression and mobility and medium

DIF for pain/discomfort and self-care.37 Another study in

individuals undergoing surgical procedures in the UK found age-

related DIF anxiety/depression and mobility.38 Beyond the EQ-

5D, DIF studies in other health measures have found that older

respondents were less likely to report problems with pain39 and

mental health30,39-41 and more likely to report problems with

Table 4. OLR results in the development and validation samples.

Item Model 1 Model 2 (uniform) Model 3 (nonuniform) DR2

R2 Age coefficient R2 Age 3 LSS coefficient R2

Development sample
Mobility 0.845 21.056* 0.854 20.015 0.854 0.009
Self-care 0.742 20.128 0.742 0.115* 0.743 0.001
Usual activities 0.836 0.031 0.836 20.048 0.836 0.000

Pain/discomfort 0.737 0.498* 0.741 20.114* 0.744 0.007
Anxiety/depression 0.458† 0.799*,† 0.478† 20.043† 0.480† 0.022†

Validation sample

Mobility 0.837 21.026* 0.846 0.015 0.846 0.009
Self-care 0.748 20.137 0.749 20.019 0.749 0.001
Usual activities 0.837 0.000 0.837 0.032 0.837 0.000
Pain/discomfort 0.732 0.503* 0.736 20.156* 0.742 0.010
Anxiety/depression 0.458† 0.918*,† 0.485† 20.079*,† 0.489† 0.031†

DIF indicates differential item functioning; LSS, level sum score; OLR, ordinal logistic regression.
*P , .01.
†Results signal items that met the cutoff for meaningful DIF.

Figure 1. DIF impact as a percent of the LSS range.
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physical functioning items such as vigorous or moderate

activities30,39,40 after controlling for underlying health. Similarities

in results may signal broader patterns across measures.

These findings align with results from a recent think aloud

content validation study in older adults that included the EQ-5D-

5L, which could provide an explanation for the results and pat-

terns observed.42 The content validation study found that older

adults were reluctant to signal problems to negatively phrased

mental health questions because of a generational stoic attitude of

not dwelling on problems. Response shift was also widely

observed, with older adults assessing their health relative to

people they knew in a worse state or relative to lower expecta-

tions of their health in old age. Using these response mechanisms,

they lowered their benchmark of what they considered good

health and therefore responded more positively than a younger

adult would likely respond in the same state. Response shift has

also been observed in the wider PROM literature.43-46 The fact that

the statistical DIF findings align with broader literature provides

further support to the findings.

These findings present an issue when using the EQ-5D to

evaluate interventions and make resource allocation decisions.

Bias in scores of different age groups could affect decision making

in different ways. Within an evaluation for an intervention aimed

at a broad age range of patients, it could cause different age groups

to receive inappropriately different estimates of effectiveness.

Effectiveness is often measured using self-reported health before

and after intervention. It may be expected that if each self-report

is consistently higher or lower for a certain group, the effective-

ness estimate, the difference between the 2 assessments may not

be biased. Nevertheless, this will not necessarily be the case. If

older adults are less likely than younger adults to report problems

in their preintervention self-report, there is less room on the

descriptive system to report improvements, which may result in a

smaller estimate of effectiveness than would be observed in

younger adults and biased results. If subgroup analysis is con-

ducted, this could result in the intervention only being provided to

some individuals whereas others are denied the intervention

(which should have been cost-effective), based solely on their age.

Conversely, an intervention could be inappropriately approved in

a subgroup inwhich it is not truly cost-effective, leading to a waste

of resources. If the intervention is aimed at a single age group, the

effectiveness estimates could simply be lower or higher than they

should in fact be, potentially leading to similar errors in decision

making. At the National Health Service level, interventions that

may only be appropriate for certain age groups compete for

funding. Therefore, bias in effectiveness estimates could unfairly

bias funding decisions for or against certain age groups.

Limitations

The accuracy of DIF detection using IRT is dependent on

sample size, model fit, type of IRT model used, choice of anchor

items, and dimensionality.47,48 Sample sizes of $ 500 per group

are recommended for stable parameter estimates.47 The smallest

group size in this analysis was 1333. A variety of different IRT

models were tested, and the best fitting model, which exhibited

good fit statistics, was chosen. The standard errors of item

parameter estimates can provide an indication of estimation ac-

curacy, with a cutoff of standard error , 0.35 indicating a good

level of accuracy.47 This cutoff was achieved by all items. The

similarity between results in the development and validation

samples also provides further confidence in the results. Finally, IRT

results are somewhat dependent on the choice of anchor items

within the analysis. It should be noted that in cases where most

items show DIF, the choice of anchor items is somewhat arbitrary,

and this should be considered when reflecting on results. Given

these limitations, OLR methods were also examined to either

confirm the IRT results or examine the extent that misfit and

choice of anchor items may have affected results.

Another issue with IRT methods is their high power to detect

very small DIF in large samples.31 Large required samples increase

the likelihood of identifying statistically significant, but practically

unimportant DIF. Effect size measures were estimated to assist in

the interpretation of DIF impact, as recommended in the literature

to reduce overinterpretation of DIF that has minimal impact on

scores.31,48

Another limitation of the analysis relates to the dimensionality

assumed and the impact on scoring. The EQ-5D-5L is theorized to

be a 5-dimensional measure, with each domain represented by a

single item. There is ongoing debate within the literature as to

whether the EQ-5D can be treated as unidimensional or whether

the 5-dimensional structure must be followed, which would make

IRT analyses on the EQ-5D alone infeasible with a single item per

domain. Previous factor analyses and IRT analyses have identified

unidimensional structures with acceptable fit statistics49,50;

nevertheless, other studies have found multifactor solutions when

Table 5. OLR results from the unpurified analysis.

Item Model 1 Model 2 (uniform) Model 3 (nonuniform) DR2

R2 Age coefficient R2 Age 3 LSS coefficient R2

Development sample
Mobility 0.792 21.237* 0.809 0.026 0.809 0.017
Self-care 0.714 20.416* 0.716 0.104* 0.718 0.004

Usual activities 0.805 20.282* 0.806 20.013 0.806 0.001
Pain/discomfort 0.727 0.278* 0.729 20.07* 0.73 0.003
Anxiety/depression 0.458† 0.799*,† 0.478† 20.043† 0.48† 0.022†

Validation sample
Mobility 0.777† 21.266*,† 0.796† 0.063*,† 0.797† 0.020†

Self-care 0.722 20.567* 0.726 0.029 0.726 0.004
Usual activities 0.805 20.384* 0.807 0.074* 0.808 0.003
Pain/discomfort 0.722 0.230* 0.723 20.098* 0.726 0.004
Anxiety/depression 0.458† 0.918*,† 0.485† 20.079*,† 0.489† 0.031†

DIF indicates differential item functioning; LSS, level sum score; OLR, ordinal logistic regression.
*P , .01.
†Results signal items that met the cutoff for meaningful DIF.
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the EQ-5D is analyzed in factor analysis alongside other mea-

sures.51-53 Tests of multidimensionality have limited power in a

measure of 5 items. Therefore, some of the DIF identified using IRT

methods could be due to unaccounted for multidimensionality.

This should be considered when reflecting on the IRT results. OLR

DIF detection methods, which do not rely on unidimensionality,

provide a benchmark of the extent to which multidimensionality

has affected the IRT results.

Limitations related to the OLR DIF approach include a lack of

consensus on the cutoff for meaningful DIF and the use of the

observed LSS to proxy the latent trait. There are a wide variety of

different approaches to cut off and classify DIF in logistic regres-

sion, with no consensus on the best approach.18 Different cutoffs

lead to very different findings regarding what constitutes mean-

ingful DIF. Another criticism of logistic regression DIF methods is

that the observed sum score may not be a good proxy for the

latent trait, particularly in short measures that exhibit DIF, where

the purification process means that removing items from the LSS

to avoid them biasing the results of other items leads to a

matching variable based on very few items that provide an even

more limited representation of the latent trait. This is why a

sensitivity analysis using an unpurified LSS was also conducted.

Again, it is noted that differences in expected scores on the EQ-

5D-5L represent the impact of DIF on the LSS, not utilities, given

that the use of value set scoring would mix preferences for

different items and levels with response behavior that would

confuse results.

Conclusions

DIF was identified in the EQ-5D-5L LSS using both IRT and OLR

methods of DIF detection. When using this measure to evaluate

interventions and allocate resources, bias due to DIF may result in

inefficient service provision, where the most cost-effective ser-

vices are not provided, which could be detrimental to both pa-

tients and budget efficiency. Methods to reduce or account for DIF

should be further explored.
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