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Abstract
The Dermatology Life Quality Index (DLQI) is the most widely used tool to measure burden of skin diseases and assess 
intervention effectiveness. It is embedded in national guidelines and disease registries in > 45 countries and available 
in > 138 translations. This study examined psychometric properties of the DLQI across 13 European languages. 3,408 
patients had completed the DLQI questionnaire with no missing data. Confirmatory factor analysis (CFA) was performed 
using datasets of each country and multigroup CFA (MGCFA) across all countries. Known-group analysis was performed 
of DLQI sum-score against physician-assessed severity by country. All countries’ DLQI data showed essential unidimen-
sionality with good fits to a 1-factor CFA model with CFI, TLI unscaled values all > 0.97 (COSMIN criteria). MGCFA 
indicated different country translations of the DLQI conceptualize the same construct and showed equality of factor load-
ings. Although, scalar invariance was not seen, meaning that direct comparison of mean DLQI scores across 12 countries 
is not supported by the current results, partial scalar invariance was achieved after constraining one threshold for DLQI 
item 7. Known-group analysis of DLQI versus disease severity was significant for every country (all p < 0.025). Good 
psychometric properties were present across all 13 languages examined with essential unidimensionality confirmed. The 
DLQI differentiated between levels of disease severity and EQ-5D-3 L levels across all these languages. This adds further 
confidence in the appropriateness of using the DLQI with this range of languages.
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incorporated in guidelines or registries in > 45 countries [3] 
and has been used in 457 randomised controlled trials [4] (as 
primary outcomes in > 24 [5]). A systematic review reported 
on the DLQI used as benchmark for validating > 100 other 
newly developed patient reported outcome measures [6]. 
The extensive use of the DLQI does not, by itself, guarantee 
optimal measurement in all populations and disease severi-
ties. Our recently published item-level diagnostics for this 
complete dataset which showed that no specific items con-
tribute disproportionately to non-invariance [7]. However, 
further validation and investigation in various populations, 
settings and diseases is needed.

Reported limitations of the DLQI include floor effects, 
dimensionality and cultural differential item functioning 
DIF, as was highlighted in our previous systematic review 
[8]. These are being addressed in a series of studies we 
are conducting and publishing. However, that systematic 
review also revealed good test–retest reliability, internal 
consistency reliability, responsiveness to change, known 

Introduction

The Dermatology Life Quality Index (DLQI) [1] is the most 
widely used dermatological quality of life measure globally. 
It is available in more than 138 translations [2], has been 
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group validity, correlation with other patient reported out-
comes (PRO)/quality of life (QoL) measures and interpret-
ability and clinical meaningfulness of the scores.

COSMIN embeds unidimensionality in the definition of 
structural validity i.e. “the degree to which the scores of an 
outcome measurement instrument are an adequate reflec-
tion of the dimensionality of the construct to be measured”, 
and not as an independent metric [9]. COSMIN interprets 
that a scale is unidimensional if statistical analysis shows 
that the items reflect one underlying construct (e.g. by CFA, 
EFA, IRT or Rasch). Structural validity is the measurement 
property used to evaluate whether a set of items is unidi-
mensional and provides evidence that all items in a scale 
measure a single latent construct.

For measures such as the DLQI, it is important to estab-
lish unidimensionality, which means that one single com-
mon factor accounts for all item covariances i.e. the measure 
has only one construct or dimension (latent trait) and thus 
all the items measure the same concept. If items instead 
measure multiple unrelated constructs, then summing them 
produces a statistically unstable and conceptually ambigu-
ous score that does not represent any single outcome. Psy-
chometric theory i.e. classical test theory, factor analysis, 
and item response theory all converge on the principle that 
a scale that is intended to yield a single interpretable num-
ber must demonstrate at least “essential unidimensionality” 
(dominant dimension with minor secondary factors) [10].

In practice, very few QoL/PRO measures are perfectly 
unidimensional. Health outcomes are inherently multifac-
torial (e.g., symptoms, functioning, emotions), so PROMs 
often contain clusters of related but distinct content. Mod-
ern psychometric approaches (e.g., bifactor models, Rasch 
residual analysis, multidimensional IRT) acknowledge 
that some secondary dimensions are expected in real data. 
However, what matters is whether a dominant general fac-
tor is strong enough that the composite score behaves like 
a measure of one construct. If a single score is to be cal-
culated from all the items, the fundamental requirement of 
any patient-reported outcome measure is that an instrument 
shows essential unidimensionality, not necessarily perfect 
unidimensionality. This essential unidimensionality (domi-
nant dimension with minor secondary factors), which is 
the standard recommended by contemporary measurement 
science i.e. a single score is valid only if the instrument 
shows essential unidimensionality, not necessarily perfect 
unidimensionality.

Measurement equivalence refers to the broader goal that a 
measure assesses the same underlying construct in the same 
way across different groups, cultures, times, or conditions. 
For example, it asks whether a questionnaire has the same 
meaning and interpretation across countries. For example, 
it asks whether a questionnaire has the same meaning and 

interpretation across countries. Measurement invariance is 
the specific statistical framework, usually tested using con-
firmatory factor analysis (CFA) or structural equation mod-
eling (SEM), to evaluate whether measurement equivalence 
exists. Invariance testing proceeds hierarchically: config-
ural invariance examines whether the same factor structure 
exists across groups; metric (weak) invariance tests whether 
factor loadings are equal, allowing comparison of associa-
tions between constructs; scalar (strong) invariance tests 
whether item intercepts (or thresholds for categorical items) 
are equal, permitting comparison of latent means; and strict 
invariance additionally requires equal residual variances. 
Together, these levels provide evidence that observed group 
differences reflect true differences in the underlying con-
struct rather than measurement artefacts. It should be noted 
that measurement equivalence more broadly encompasses 
issues such as translation quality, cultural relevance, con-
ceptual equivalence, and response styles, which may not be 
fully captured by CFA-based invariance testing alone.

It is important to determine measurement invariance 
across translations if comparisons are to be made between 
different groups using these language variants. Measure-
ment invariance will tell us whether individuals in dif-
ferent groups interpret items the same way, whether item 
responses have the same psychometric meaning across 
groups and whether latent factors are comparable (means/
variances) [11].

All “approved” DLQI translations including those used 
in this study dataset, followed standard methodology i.e. 
language versions had full linguistic validation, with a mini-
mum of two parallel independent forward translations, then 
co-operative agreement, then two independent back transla-
tions assessed by the Cardiff team. There was then a pro-
cess of further forward and backward translations until the 
researchers were satisfied that the translation was as accu-
rate as possible. Continuity over detailed assessment was 
ensured for all translations being conducted and approved 
by only three Cardiff team members over the last 30 years. 
The cross-cultural adaptation process described underpins 
semantic, experiential and conceptual equivalence. In addi-
tion, certificates are generated on approval of translations, 
and robustness of translation has been established for many 
translations by the length of use, over decades, of each trans-
lation. Additionally, when the original version was created 
from patient generated qualitative data, attention was paid 
to ensure simplicity, readability, clarity and parsimony (low 
complexity, brevity of 10 items) [12, 13]. This has contrib-
uted to ease of cross-cultural adaptation to other languages/
settings, maintaining robustness as demonstrated by exten-
sive multinational usage [3, 4, 8, 14].

This study analysed the data taken from a European study 
[15] to demonstrate unidimensionality of the DLQI within 
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each cross-cultural adaptation (translation) and to investi-
gate unidimensionality and measurement invariance i.e. that 
the DLQI construct is measuring in the same way across 
the different countries. The DLQI translations used in this 
study have been officially recognised by the DLQI authors 
and were cross-culturally adaptive using accepted forward/
backward translation and cognitive debriefing methods. 
However, few of these have undergone psychometric valid-
ity testing. Validation of quality of life questionnaires is 
critical to ensure they accurately and reliably measure what 
they intend to measure [16].

Methods

This study analysed data taken from a European multicentre 
cross-sectional study [15] of patients recruited from der-
matological out-patient clinics in 13 countries (Belgium, 
Denmark, France, Germany, Hungary, Italy, Netherlands, 
Norway, Poland, Russia, Spain, Turkey and the UK). Two 
countries (Norway and Italy) had two data collection centres 
each and their data have been combined for the analyses. In 
each dermatology outpatient clinic, 250 consecutive adult 
out-patients were recruited. The dataset contains DLQI raw 
scores, EQ-5D-3  L, EQ VAS (visual analogue scale) and 
physician assessed disease severity. Each country adminis-
tered the DLQI and EQ-5D-3 L in their own validated local 
language version. Patients with missing DLQI responses 
were excluded from analysis.

For both scoring the DLQI and for exploratory and con-
firmatory modelling, “Not relevant” responses (possible 
for 8 of the 10 items) were scored according to the official/
original DLQI scoring system. This states that a response 
of “not relevant” is scored as 0, the same as for “not at all” 
[1]. In a clinic consultation, however, interpretation of “not 
relevant” and “not at all” would require a different conver-
sation with the patient.

As Pearson correlation has a reliance on the assumption 
of continuous and normally distributed data that often ren-
ders it inadequate for ordinal data [17], and the DLQI items 
are ordinal (e.g. Likert scales), inter-item correlation was 
analysed with polychoric correlations [18]. The interpreta-
tion is slightly different from Pearson correlations, where 
inter-item polychoric correlation values are ideally between 
0.20 and 0.65 indicating good correlation, with no val-
ues < 0.20 (indicating weak relationship) while extremely 
high inter-item correlations (e.g., > 0.85) might suggest mul-
ticollinearity or item redundancy [19, 20]. For convergent 
validity, Spearman’s correlations between DLQI scores and 
EQ VAS, age and physician assessed severity, and among 
these variables, with data pooled across countries. Pooled 
data increases statistical power, provides generalisability, 

captures greater variability and gives the reader greater con-
fidence in the analysis conclusions.

Confirmatory factor analysis (CFA) was performed using 
R scripts for version 4.2.2 (R Foundation for Statistical Com-
puting) library Lavaan and JASP version 0.95.4 to examine 
whether the data fit the predetermined 1-factor model [21]. 
Because the DLQI data were not normally distributed and 
showed floor-effects, the Weighted Least Squares with Mean 
and Variance adjusted (WLSMV) estimator was used with 
the mean and variance adjustment procedure [22] and with 
the delta parametrization [23]. An analysis of polychoric 
correlations among latent responses [24] was also used, that 
is designed for ordinal data, is asymptotically distribution 
free, and does not make distributional assumptions about 
the observed variables [19, 25]. Fit parameters for CFA are 
described in the supplementary data.

Reliability (Cronbach’s alpha [26, 27], Revelle’s omega 
hierarchical [28], Bentler’s omega total [29, 30] and McDon-
ald’s omega total [31]) were calculated with semTools in R. 
Internal consistency was determined by Cronbach’s alpha 
with item deletion [26, 27] calculated with IBM SPSS Sta-
tistics version 27, and correlations and effect sizes were all 
calculated in R.

Model invariance or measurement invariance refers to the 
idea that psychological constructs like quality of life (QoL) 
are measured in the same way across different groups e.g. 
countries. It ensures that comparisons between groups are 
meaningful—that differences in scores reflect actual differ-
ences in the construct, not biases in how the items behave. 
Model invariance can be investigated by CFA using data 
from several groups simultaneously with multiple-group 
confirmatory factor analysis (MGCFA), or exact measure-
ment invariance approach. MGCFA runs a single model and 
all the global fit statistics are estimated based on the data 
from all the groups simultaneously. A key feature is its abil-
ity to constrain parameters across groups and test if they are 
equal.

Different levels of measurement invariance can be deter-
mined where each level adds constraints and tests whether 
items behave similarly across the groups. These levels are 
hierarchical with higher levels imposing more restrictions 
on the measurement parameters, but at the same time allow 
a higher degree of comparability. At configural level, the 
constraints tested pertain to different groups having the same 
factor structure, giving interpretation of whether the groups 
conceptualize the construct similarly (with residual vari-
ances fixed to 1.0, so all thresholds can be freely estimated 
across groups). At metric level, equality of factor loadings 
is investigated i.e. are the items equally related to the latent 
factor across groups. At scalar level, for ordinal data equal 
thresholds are investigated to determine if group differences 
in scores are meaningful i.e. whether mean scores across 12 
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countries studied can be compared [32]. MGCFA computes 
differences between model fit indices using the chi-square 
difference test and/or invariance. MGCFA was performed 
in R with the lavaan, semTools, and semPlot packages. 
As there were no responses for categories 3 and 4 for item 
DLQI10 in the France dataset and the data set was small 
relative to the others (N = 107), the France dataset was not 
included in the MGCFA models and thus only 12 countries 
were included. If the condition of configural invariance is 
fulfilled, one adds cross-group equality constraints on the 
factor loadings (metric invariance) and subsequently on the 
intercepts (scalar invariance) [33, 34]. As metric invariance 
was established, but full scalar invariance was not sup-
ported, partial scalar invariance was examined. Non-invari-
ant item thresholds were identified through inspection of 
large modification indices (or score statistics), small p-val-
ues, and threshold/loading parameter estimates. Equality 
constraints on the identified non-invariant thresholds were 
then relaxed sequential, allowing these parameters to vary 
across groups while retaining invariance constraints on the 
remaining thresholds.

Adequate model fit for structural validity was defined 
according to COSMIN criteria [35] as a Comparative Fit 
Index (CFI) or Tucker-Lewis Index (TLI) > 0.95, a Root Mean 
Square Error of Approximation (RMSEA) < 0.06, and/or a 
Standardized Root Mean Square Residual (SRMR) < 0.08. 
Internal consistency was assessed using Cronbach’s alpha, 
with values ≥ 0.70 considered acceptable. With large sample 
sizes, the Chi-square test can become very sensitive, and 
even small differences between the model and the data can 
result in a significant p-value (p < 0.05). In such cases, it is 
often better to rely on other fit indices, such as the Com-
parative Fit Index (CFI), Tucker-Lewis Index (TLI), Root 
Mean Square Error of Approximation (RMSEA), and Stan-
dardized Root Mean Square Residual (SRMR). The Scaled 
Comparative Fit Index (Scaled CFI) is an alternative version 
of the Comparative Fit Index (CFI), designed to provide a 
more accurate model fit assessment when using robust esti-
mation methods in structural equation modelling (SEM), 
particularly when data are non-normal or when using the 
MLR (Maximum Likelihood with Robust Standard Errors) 
estimator in lavaan. When data are non-normally distrib-
uted (i.e., they have skewed distributions or outliers), the 
standard CFI may be biased or inaccurate. The Scaled CFI 
corrects for these issues by scaling the fit index, making it 
more robust in the presence of non-normality. Scaled CFI 
adjusts the robust CFI further to account for the non-central 
distribution of the Chi-square statistic when using robust 
estimation methods. It scales the robust CFI value to correct 
for the non-centrality. The conflation of WLSMV estima-
tion compared to MLR-based robustness is discussed in the 
supplementary data.

Known group analysis was performed of the DLQI sum 
score against physician assessed severity with data pooled 
across countries. The Jonckheere-Terpstra non-parametric 
statistical test [36, 37] in SPSS Statistics version 27 (an 
extension of the Mann-Whitney U test, similar to Kruskal-
Wallis, but specifically testing for a priori ordered alterna-
tives) was used to detect ordered trends (i.e. groups follow 
a monotonic trend across the independent groups). The 
assumptions of the dependent variable being measured at 
the ordinal level, the independent variable consisting of two 
or more categories, independent groups, independence of 
observations (no relationship between the observations in 
each group or between the groups themselves), and the dis-
tribution of scores for each group of the independent vari-
able having the same shape, were all upheld.

Results

The number of patients included in the study and distri-
bution of mean DLQI, EQ VAS and physician assessed 
severity scores, and age across the 13 European countries 
is shown in Table 1. The mean DLQI scores varied from 
3.46 (Belgium) to 10.69 (Poland), mean EQ VAS from 47.8 
(Hungary) to 76.4 (Spain), and mean disease severity from 
1.38 (Russia and Belgium) to 1.89 (Poland). Spearman’s 
correlations between DLQI and other measures were EQ 
VAS − 0.409, disease severity 0.407, EQ-5D-3  L mobility 
0.211, EQ-5D-3 L selfcare 0.257, EQ-5D-3 L activity 0.370, 
EQ-5D-3 L pain 0.409, EQ-5D-3 L anxiety and depression 
0.365 (all p < 0.001) indicating that these variables were 
suitable as anchors.

Distributions of DLQI, EQ VAS and age are different 
across countries (Independent-Samples Kruskal-Wallis 
Tests, all p < 0.001). The distribution of physician assessed 
severity is different across countries (Chi-square test, 
p < 0.001).

Gender distribution was consistent across countries with 
all data showing slightly more females than males (except 
for Germany) (Figure S1). Overall, 55.8% of patients in the 
dataset were female. Disease severity reported by physi-
cians was mild 33.8%, moderate 42.2% or severe 14.8%, 
with 11.1% missing. No severity data was reported for the 
Netherlands. Individual distributions across countries are 
shown in Figure S2.

Overall, psoriasis was the most commonly diagnosed 
disease within countries, comprising 10.0% (Turkey) to 
27.2% (Russia) of total patients. There were also high lev-
els of specific diseases reported in some countries: acne 
(30.0% Turkey), venous insufficiency/leg and other ulcers 
(29.9% Hungary), non-melanoma skin cancer (25.5% Neth-
erlands, 21.4% Denmark, 19.7% Norway), and hidradenitis 
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suppurativa (11.2% Denmark). A full disease distribution 
plot by country is shown in Figure S3.

All DLQI polychoric inter-item correlations within each 
country data were above 0.42 (values < 0.20 indicate weak 
relationship), and most were < 0.65 (average 0.55) indicat-
ing moderate to strong associations. No extremely high 
correlations (> 0.85) were observed that might indicate mul-
ticollinearity or item redundancy [19, 20].

Spearman’s correlations between DLQI scores and EQ 
VAS, age and physician assessed severity, and among these 
variables, are shown in Table 2. Correlations were signifi-
cant for all except age and severity with R values > 0.2. The 
correlations were moderate for DLQI/EQ VAS, and weak 
for DLQI/severity and EQ VAS/age. Physician assessed 
severity may therefore be suitable as an anchor for further 
analysis of DLQI scores. However, correlations were very 
weak for EQ VAS/age and EQ VAS/severity, and age and 
severity were not correlated (R = 0.023, p = 0.235).

There was good Spearman’s correlation for all countries 
between the DLQI scores and physician assessed sever-
ity (Table  3). All correlation coefficients are significant 
(p < 0.05) with most having p < 0.001. This variable is there-
fore appropriate to be used as an anchor in further analysis. 
The results of known-group analysis of DLQI score vs. phy-
sician assessed severity are also shown in Table 3. Known 
group validity analysis was significant (p < 0.05) between 
groups for all countries with most having significance at 
p < 0.001.

When DLQI scores were converted to DLQI Score 
Meaning Banding [38], by country, a wide range of score 
distribution patterns was observed (Fig. 1). However, DLQI 
scores showed a general inverse exponential distribution 
from low to high DLQI scores for all countries (Figure S4).

Unidimensionality of the DLQI has previously been 
shown in this dataset [7]. The results of CFA using 1-factor 
model by country is shown in Table 4. Acceptability criteria 
of at least good fit was met by all country data, but some 
country-specific indices suggest local misfit, including 
RMSEA > 0.10 for France and elevated SRMR for France, 
Turkey and Belgium. For the France dataset there were no 
responses for categories 3 and 4 and the data set was small 
(N = 107). SRMR is unique among global fit indices because 
it is a residual-based index and it directly summarizes the 
standardized difference between observed and model-
implied correlations. This makes SRMR highly sensitive to 
country-specific anomalies, even when the overall model fits 
well. SRMR will inflate if an item’s thresholds differ sub-
stantially from model expectations, a loading behaves dif-
ferently, an item has unusual category endorsement patterns 
or cross‑group response styles differ (e.g. extreme respond-
ing, avoidance of certain options) [39, 40]. In our datasets 
for France, Turkey and Belgium the SRMR elevation was 
due to the skewed data and sparse response categories. This 
instability leads to large residuals, which SRMR captures, 
but CFI/RMSEA do not penalize this strongly and it is not 
large enough to influence CFI/TLI/RMSEA globally.

A test of measurement invariance was conducted using 
multiple-group confirmatory factor analysis (MGCFA). 
Chi-Squared Difference Tests for all model comparisons 
were significant (p < 0.001), indicating that each added 

Table 1  Distribution of mean DLQI, EQ VAS and physician assessed 
severity scores, and age across the 13 European countries
Country N Mean 

DLQI 
(range)

Mean EQ 
VAS (range)

Mean 
age

Mean 
sever-
ity 
(range)

Poland 233 10.69 
(0–30)

62.86 
(0-100)

43.99 1.89 
(1–3)

Russia 248 10.51 
(0–30)

63.44 
(0-100)

48.76 1.38 
(1–3)

Italy 498 8.16 (0–29) 69.61(10–
100)

43.58 1.85 
(1–3)

Hungary 204 7.37 (0–30) 47.80 
(2-100)

48.24 1.87 
(1–3)

Germany 243 7.01(0–30) 64.36 
(0-100)

52.19 1.44 
(1–3)

Spain 249 6.84 (0–20) 76.44 
(12–100)

44.97 1.54 
(1–3)

Norway 469 6.70 (0–30) 69.28 
(0-100)

49.56 1.86 
(1–3)

Turkey 250 6.02 (0–25) 73.57 
(20–100)

30.70 1.68 
(1–3)

Denmark 233 5.75 (0–30) 67.94 
(30–100)

52.85 1.79 
(1–3)

Netherlands 203 5.12 (0–25) 56.14 
(8-100)

52.18 -

UK 253 5.03 (0–29) 75.35 
(10–100)

45.90 1.66 
(1–3)

France 107 4.52 (0–26) 63.91 
(30–100)

49.02 1.53 
(1–3)

Belgium 218 3.46 (0–19) 69.59 
(25–100)

48.40 1.38 
(1–3)

Total 3408

Table 2  Correlations of variables averaged by country
Spearman’s 
correlations

R Test 
statistic

p-value 95% CI

DLQI and EQ VAS − 0.409 8.1E + 09 < 0.0001 [− 0.438, 
− 0.379]

DLQI and age − 0.119 7.0E + 09 < 0.0001 [− 0.154, 
− 0.089]

DLQI and severity 0.292 3.3E + 07 < 0.0001 [0.256, 
0.325]

EQ VAS and age − 0.201 6.6E + 09 < 0.0001 [− 0.236, 
− 0.168]

EQ VAS and 
severity

− 0.185 6.8E + 07 < 0.0001 [− 0.222, 
− 0.150]

Age and severity 0.023 5.3E + 07 0.235 [− 0.015, 
0.056]
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constraint significantly worsens model fit. However, Chi-
square is very sensitive to sample size, so changes in CFI 
and RMSEA were investigated. The global fit indices are 
presented in Table 5.

Configural, metric (loadings) scalar (thresholds) and 
strict (means) invariance models demonstrated good fits to 
data (χ2 p < 0.001, CFI and TLI scaled > 0.95, 0.92 for means. 
Although the scaled RMSEA seems somewhat high (0.089) 
for the baseline model fit with the WLSMV estimator, a 
ULS estimator (which does not use a chi square statistic), 
gives a value of 0.061. The WLSMV uses polychoric cor-
relations, thresholds for each item category and a diagonally 
weighted least squares chi‑square statistic with corrections. 
This generates a larger χ², particularly when categories are 
sparse (such as for the four category scores for the DLQI 

items), groups differ in threshold structure, sample sizes are 
moderate and items show response heterogeneity or DIF. It 
is well known that RMSEA behaves poorly under WLSMV, 
especially in multi group settings, as WLSMV must esti-
mate group‑specific thresholds, thereby increasing model 
complexity: when degrees of freedom increase sharply, 
χ² goes up even faster and RMSEA becomes artificially 
inflated [38, 39, 10, 44]. Thus an RMSEA of 0.088 under 
WLSMV is neither unusual nor disqualifying. RMSEA is 
over‑sensitive to minor residual misfit under WLSMV with 
categorical data and small residuals in polychoric matrices, 
small differences in thresholds across groups and slight 
cross‑group item behaviour differences, all resulting in dis-
proportionately large χ² under WLSMV.

Table 3  Correlation of DLQI scores with physician assessed severity, known group comparisons and effect sizes between severity levels
Country N Correlation Known-group DLQI vs. 

severity
Level comparisons DLQI vs. severity effect size

aSpearman rho Spearman p-value bStd J-T statistic p-value cCohen’s d CI_Lower CI_Upper
Belgium 173 0.205 0.007 2.67 0.008 Mild to moderate 0.25 − 0.09 0.58

Moderate to severe 0.58 0.14 1.02
Denmark 223 0.332 < 0.001 4.99 < 0.001 Mild to moderate 0.69 0.38 1.00

Moderate to severe 0.27 -0.07 0.62
France 91 0.268 0.010 7.58 0.01 Mild to moderate 0.06 − 0.41 0.53

Moderate to severe 0.89 0.29 1.49
Germany 210 0.314 < 0.001 4.63 < 0.001 Mild to moderate 0.50 0.21 0.79

Moderate to severe 0.78 0.27 1.29
Hungary 191 0.163 < 0.001 2.29 0.022 Mild to moderate 0.49 0.14 0.84

Moderate to severe 0.08 − 0.26 0.43
Italy 497 0.426 < 0.001 9.63 < 0.001 Mild to moderate 0.59 0.39 0.79

Moderate to severe 0.72 0.47 0.97
Norway 445 0.190 < 0.001- 4.03 < 0.001 Mild to moderate 0.43 0.21 0.66

Moderate to severe 0.10 − 0.13 0.34
Poland 233 0.350 < 0.001 5.45 < 0.001 Mild to moderate 0.65 0.34 0.96

Moderate to severe 0.59 0.20 0.98
Russia 214 0.241 < 0.001 3.51 < 0.001 Mild to moderate 0.42 0.13 0.71

Moderate to severe 0.13 − 0.33 0.60
Spain 249 0.142 0.03 2.25 0.025 Mild to moderate 0.41 0.14 0.69

Moderate to severe − 0.07 − 0.52 0.38
Turkey 250 0.310 < 0.001 4.98 < 0.001 Mild to moderate 0.67 0.40 0.94

Moderate to severe 0.16 − 0.28 0.60
UK 253 0.400 < 0.001 6.421 < 0.001 Mild to moderate 0.78 0.51 1.06

Moderate to severe 0.37 − 0.06 0.79
Total 3029 0.292 < 0.001 16.26 < 0.001 Mild to moderate 0.90 0.82 0.98

Moderate to severe 1.11 1.00 1.22
aSpearman correlations, comparison made with Jonckheere-Terpstra statistic, and Cohen’s-d effect sizes calculated with SPSS 29.0
Correlations calculated by Spearman rank-order correlation as a measure of the degree of monotonic association between the ordinal grouping 
variable (ordered groups), and the ordinal dependent variable i.e. ordinal by ordinal
An estimate of the variability (or standard error) of the correlation coefficient (for large samples) was calculated not assuming the null hypoth-
esis i.e. calculated under the alternative hypothesis, not assuming that the true correlation is zero
bFor large N, Jonckheere–Terpstra is approximated by a normal distribution
cCohen’s-d effect sizes are between mild to moderate, and moderate to severe levels on alternate columns. Effect sizes are as follows: 0.2–
0.5 = small effect (italic), > 0.5 = moderate effect (bold), > 0.8 = large effect (bolditalic)
Data for the Netherlands not calculated as physician assessed severity data was not collected
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No increase in CFI and a decrease of 0.009 in RMSEA 
between configural and metric invariance models is within 
the range recommended by Chen [44], therefore, the more 
constrained model showed comparable fit and given rea-
sons of parsimony, the metric invariance model has fewer 
estimated parameters and therefore should be accepted. In 
contrast, the scalar invariance model was rejected, because 
the decrease in CFI of -0.03 and increase in RMSEA of 
0.023 were greater than the thresholds of 0.01 and 0.015 
respectively. By the same criteria, mean invariance was also 
rejected, as expected, as the data show clear differences in 
means between countries due to different disease and sever-
ity of disease distributions (Figures S2 and S3).

A non-invariant item threshold for DLQI item 7 was 
identified (modification indices Chi-squared = 39.7), small 
p-value (< 0.0001), and by threshold/loading parameter 
estimates. This can be clearly seen from Figure S7. Plot of 
thresholds by country, where the t1 threshold for Russia (− 
0.53) and Turkey (− 0.93) are clearly outliers in the model 
fit. On constraining this threshold, partial scalar variance 
was achieved (Table 5). Constraining all thresholds for item 
7 did not improve model fit compared to constraining only 
threshold t1.

Discussion

There is growing interest in the use and reporting of PROMs 
in routine clinical practice [14] as well as in clinical research. 
Therefore, it is imperative to address the equivalence of dif-
ferent cultural/translation variations to the fundamental psy-
chometric specification of the original measure. Since the 
DLQI is the most widely used dermatology specific patient-
reported outcome measure across the globe, this study 
investigated the unidimensionality and measurement invari-
ance across European language variants to determine com-
parability of these translations to that of the original DLQI.

Polychoric (i.e. relating to the relationship between two 
latent variables) inter-item correlations within each country 
data indicated no weak relationships between items and no 
extremely high correlations that might indicate multicol-
linearity or item redundancy. Single group CFA showed uni-
dimensionality across all the languages. Overall fit appears 
acceptable, but some country-specific indices suggest local 
misfit, including elevated RMSEA for France and elevated 
SRMR for Belgium, France and Turkey.

At configural level, MGCFA may indicate that these dif-
ferent country translations of the DLQI conceptualize the 
same construct. However, qualitative evidence that respon-
dents understand and respond to the items in a similar way 

Fig. 1  DLQI score meaning banding by country (Hongbo et al. [38])
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that captures the intended construct across translations is 
also required, i.e. beyond what this study alone provides. 
At the metric (weak) level, MGCFA indicated equality of 
factor loadings showing that items are equally related to 
the same latent factor across the groups (Figure S5). How-
ever, at the scalar level (strong, equal thresholds for ordinal 
data), MGCFA did not suggest invariance across different 

groups. Thus, comparing mean scores between the 12 dif-
ferent cross-cultural versions is not supported by the current 
results. France was not included because the responses did 
not fulfil the analysis criteria. This is quite evident when 
comparing the mean DLQI scores across countries in this 
dataset (Table  1), and comparing differing distributions 
of disease, disease severity (Figures S3 and S4), EQ VAS 

Table 4  Confirmatory factor analysis using 1-factor model by country

Values for RMSEA and SRMR < 0.08 indicate acceptable goodness-of-fit [35]
Alpha: Coefficient alpha uses the item covariance (or correlation) matrix [27]
Interpretation of Omega (ω): ω ≈ 1: Perfect reliability; the test or scale is highly consistent, ω ≥ 0.9: Very good reliability; excellent internal con-
sistency, 0.8 ≤ ω < 0.9: Good reliability; the test has acceptable internal consistency, 0.7 ≤ ω < 0.8: Acceptable reliability; the scale is sufficiently 
consistent for general research purposes, ω < 0.7: Low reliability; the scale may not be sufficiently consistent, and you may want to reconsider 
the instrument or conduct further analysis
Omega1: Cutoff > 0.7. Coefficient omega is a measure of composite reliability computed using the item factor loadings and uniqueness from a 
factor analysis i.e. total variance is the explained variance from the factor of interest plus residual error plus residual covariance [42]
Omega2: Uses total implied variance from all factors (full implied covariance matrix) i.e. reliability of a measure without controlling for 
another factor [42]
Omega3: McDonald’s Hierarchical omega. This formula is the most conservative method in calculating coefficient omega and uses observed 
covariance matrix instead of model-implied covariance matrix to calculate the observed total variance. If the model fits the data well, the third 
coefficient omega will be similar to the other two [31, 42]
Average variance extracted is calculated from polychoric (polyserial) not Pearson correlations [18]
AVE is the average amount of variance explained by the observed variables (indicators) in a latent variable or factor [43]
†The UK version is the original language version
*Fit statistics follow COSMIN guidelines where indicated. CFA: CFI or TLI or comparable measure > 0.95 OR RMSEA < 0.06 OR SRMR < 0.08 
[41]
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(Table 1), and plots of intercepts and thresholds (Figures S6 
and S7) from country to country.

Scalar non-invariance (equal item intercepts or thresh-
olds across groups) is needed if you want to compare latent 
means across languages. This means that respondents across 
language groups must interpret both the meaning and scaling 
of items similarly. A disadvantage of the MGCFA approach 
is that it is very strict, in the sense that it requires exact 
equality of parameters across groups, but in real data anal-
ysis, exact equality of measurement parameters is almost 
never the case [45]. This assumption of exact equivalence 
is not a reasonable assumption to make for measurement 
models. Many studies have shown that the latent factors, 
and associated model parameters, are not exactly equivalent 
across groups [11, 34].

Scalar non-invariance should not be attributed solely to 
differences in disease mix, severity distribution, or cultural 
response styles, as these factors affect observed scores, 
whereas measurement invariance concerns equality of item 
parameters across groups. Consistent with the broader psy-
chometric literature, our findings of scalar non-invariance 
likely reflects some genuine item-level invariance, par-
ticularly non-invariant thresholds, rather than artefacts of 
sampling variation. This interpretation aligns with exten-
sive evidence showing that full scalar invariance is rarely 
achieved in cross-national studies, even when configural 
and metric invariance are supported. Together, these find-
ings position our results within a well-established pattern: 
configural and metric invariance are often attainable across 
countries, but full scalar invariance is uncommon, and the 
most parsimonious explanation is item-level DIF or non-
equivalent thresholds, rather than sample composition 
effects. For example a study examining the SWLS across 65 

nations found that while configural and metric invariance 
were upheld, full scalar invariance was only achieved across 
gender identities and age groups [46]. Research using the 
Quality of Life Enjoyment and Satisfaction Questionnaire-
Short Form (Q-LES-Q-SF) across ten countries revealed that 
12 out of 14 items were non-invariant, indicating that full 
scalar invariance was not established. This suggested that 
individuals from different countries may interpret items dif-
ferently, affecting the comparability of scores [47]. A review 
of 27 articles measuring invariance of the Satisfaction with 
Life Scale (SWLS) found that studies generally supported 
a unidimensional structure (configural), but less commonly 
supported were equivalent factor loadings (metric), whereas 
scalar or strict measurement invariance was supported in 
only 1 of the 11 cultural analyses [48]. A systematic review 
of 75 peer-reviewed articles using personality measures 
valid for different populations found that none of these stud-
ies achieved scalar or strict measurement invariance across 
cultural/ethnic groups [49]. Together these findings suggest 
that while configural and metric invariance are often achiev-
able in cross-nationality studies, full scalar invariance is less 
common. We are also carrying out item-level DIF analyses 
and investigating partial metric invariance based on modifi-
cation indices but these have not improved the models.

Response heterogeneity refers to systematic differences 
in how individuals or subgroups interpret, understand, or 
use questionnaire response options, even when they have 
the same underlying health status. This manifests as DIF, 
differential interpretations of items across age, sex, culture, 
severity, or clinical characteristics or latent subgroups show-
ing different response patterns [50, 51]. Response heteroge-
neity can occur within countries/cultures (e.g. depending on 
gender, age, level of education, level of literacy) [52]. DIF 

Table 5  Multiple-group confirmatory factor analysis – fit measures and differences in fit measures for 12 countries
Fit measures (model) TLI scaled CFI scaled RMSEA scaled ΔCFI scaled ΔRMSEA scaled SRMR
Configural (baseline)1 0.971 0.978 0.089 NA NA 0.067
Metric (loadings equal)2 0.977 0.978 0.081 0.00 0.008 0.087
Scalar (thresholds equal)3 0.962 0.948 0.104 − 0.03 − 0.023 0.079
Partial scalar (dlqi7|t1)4 0.980 0.977 0.076 − 0.001 − 0.005 0.068
Strict (residuals equal)5 0.962 0.948 0.104 0.0 0.0 0.079
Differences in Fit Indices df scaled ΔRMSEA scaled ΔCFI scaled ΔTLI scaled SRMR
fit.metric - fit.config6 99 − 0.009 0.00 0.005 0.020
fit.scalar - fit.metric7 209 0.023 − 0.03 − 0.015 − 0.008
fit.partial.scalar - fit.metric 11 − 0.005 − 0.001 − 0.005 − 0.019
fit.strict - fit.scalar 11 0.025 − 0.03 − 0.021 0.00
1Good baseline fit
2Metric (weak) invariance supported: ΔCFI ≤ 0.01 and ΔRMSEA ≤ 0.015
3Scalar (strong) invariance not supported: ΔCFI = − 0.03 (> 0.01), ΔRMSEA = + 0.023 (> 0.015)
4Partial Scalar invariance supported (dqli7 | threshold1 constrained: ΔCFI = -0.001 (< 0.01), ΔRMSEA = -0.005 (< 0.015)
5Strict invariance not supported, as the fit measurement values were the same as for the scalar fit
6Metric invariance (factor loadings equal) supported: ∆CFI = 0.000 (≤ 0.01) and ∆RMSEA = − 0.009 (≤ 0.015)
7Scalar Invariance (thresholds equal) not supported: ∆CFI = − 0.030 (> 0.01), ∆RMSEA = + 0.023 (> 0.015)
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analysis using IRT, ordinal logistic regression DIF, multi-
level DIF models, mixture IRT, unsupervised or tree based 
IRT or partial measurement invariance CFA / MG‑CFA can 
all be used to investigate response heterogeneity. Many 
methods have been proposed to manage or correct response 
heterogeneity including using DIF‑adjusted scoring (e.g. 
IRT‑based recalibration of item parameters), accepting par-
tial invariance modelling in CFA / MGCFA (allowing some 
parameters to vary), use of latent subgroup‑specific scoring 
(e.g. MixIRT), improving questionnaire design and cultural 
adaptation, and developing core outcome sets or harmon-
ised instruments [53].

Additionally, the sensitivity of goodness of fit indexes 
and of the chi-square difference statistics to lack of inter-
cept invariance has been demonstrated to be affected by the 
interaction between the proportion of invariance and pattern 
of invariance, main effect of pattern of invariance, and ratio 
of sample sizes [54].

Known-group analysis is a method used in psychometrics 
and validation studies to assess construct validity—specifi-
cally, whether an instrument has the ability to differentiate 
differences between distinct (independent) groups within 
the construct being measured. Groups are generally defined 
using another independent measure [55], for example the 
DLQI score meaning bands of Hongbo et al. [38]. Group 
differences are then determined using a statistical test and 
the effect size can also be determined [56]. Known group 
validity analysis of DLQI total score by severity was signifi-
cant between groups for all country data, with a wide range 
of effects sizes from none to large for changes in severity 
from mild to moderate severity, and moderate to severe, and 
broad confidence intervals. This may reflect lack of unifor-
mity in physician assessed severity across countries, and we 
were unable to evaluate this further.

Criticism of the DLQI score meaning banding centres 
around concern that questions considered by respondents as 
“not relevant” may result in a score sum not reaching a level 
that a guideline document may deem necessary to consider 
a specific therapy. However, clinical judgement is always 
required in the interpretation of clinical scores in specific 
patient situations [57].

The strengths of this work are that essential unidimen-
sionality and configural (baseline) and metric invariance 
(loadings equal) and partial scalar invariance have been 
demonstrated for the DLQI across these European countries. 
However full scalar (thresholds equal) and means invariance 
was not demonstrated likely reflecting some genuine item-
level non-invariance, particularly non-invariant thresholds, 
rather than artefacts of sampling variation. This could be 
further investigated with Bayesian approximate measure-
ment invariance methods [47, 58], alignment methods and 
item-level DIF analyses. Some confidence should also be 

gained from the demonstration of known group analysis 
across the countries, although the physician base assess-
ment of severity may not be uniform. Additionally, previ-
ously reported [59, 60] differential item functioning (DIF) 
and evidence of good longitudinal response of the DLQI 
(ability to detect change over time) needs to be investigated 
within individual countries of this dataset.

Limitations of this study include a lack of historic records 
relating to cognitive debriefing of translations and that could 
be a plausible source of non-invariance. Additionally, the 
performance of European language versions of the DLQI 
used in this study may not represent the performance in non-
European cultural contexts, particularly Asian, Middle East-
ern or African, which have very different cultural attitudes 
to those captured in the European context.

These results support evidence for a dominant general 
factor (essential unidimensionality) and metric invariance 
of the DLQI, but not valid cross-country comparison of 
means across these different European languages. The con-
struct validity of the DLQI and known group validity was 
demonstrated with the anchor of physician assessed sever-
ity across all the translations. This analysis provides further 
information relevant to researchers involved in international 
studies using the DLQI.
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