Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Q-squared as a mapping model performance
metric: comparison of models mapping to EQ-5D in
gastrointestinal disease

Kristian Mallon

mal lonkristian21@gmail . com

Atlantic Technological University

Rositsa Koleva-Kolarova
University of Oxford

Richeal Burns
Atlantic Technological University

Yaling Yang
University of Oxford

Helen Dakin
University of Oxford

Research Article

Keywords: Mapping, Q-squared, predictive accuracy, EuroQoL EQ-5D, Gastrointestinal Disease; quality of
life

Posted Date: September 29th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-10617892/v1

License: €© ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-10617892/v1
https://doi.org/10.21203/rs.3.rs-10617892/v1
https://doi.org/10.21203/rs.3.rs-10617892/v1
https://creativecommons.org/licenses/by/4.0/

Q-squared as a mapping model performance metric: comparison of models mapping to
EQ-5D in gastrointestinal disease
Authors:

Kristian Mallon, PhD"?3, Rositsa Koleva-Kolarova, PhD* Richeal Burns, PhD!?, Yaling Yang,
PhD?, Helen Dakin, DPhil*

! Department of Health and Nutritional Science, Atlantic Technological University, Sligo,
Ireland.

2 The Health and Biomedical Research Centre (HEAL), Atlantic Technological University, Sligo,
Ireland.

3 Higher Colleges of Technology, Abu Dhabi, United Arab Emirates.

* Nuffield Department of Population Health, University of Oxford, Oxford, UK.

> Nuffield Department of Primary Care Health Sciences, University of Oxford, Oxford, UK.

Corresponding author: Dr Kristian P. Mallon, Department of Health and Nutritional Science,
Atlantic Technological University, Sligo, Ireland; The Health and Biomedical Research Centre
(HEAL), Atlantic Technological University, Sligo, Ireland.

Ash Lane, Sligo, F91 YWS50, Ireland.

Tel: +353 (0)71 91 55222.

Email: mallonkristian21@gmail.com




Abstract

Background:

Model performance in mapping studies between quality of life measures is often assessed using
metrics such as root mean square error (RMSE), mean squared error (MSE), and R-squared. The
Q-squared (Q?) statistic has recently been used as a measure of prognostic accuracy, but has not
previously been applied to assess model performance in quality of life mapping studies. We aimed
to estimate Q-squared for published mapping algorithms in gastrointestinal (GI) disease and
evaluate its usefulness as a metric of prediction accuracy and model performance.

Methods:

We used the Oxford Health Economics Research Centre (HERC) Database of Mapping Studies to
identify published studies estimating or validating algorithms mapping quality of life measures to
the EQ-5D and other target instruments in GI disease populations. Q-squared was calculated from
reported statistics as: 1-RMSE?/SD?. Values of: >0.75, 0.50-0.74, 0.25-0.49, 0-0.24, and <0 were
interpreted as substantial, moderate, weak, poor, and negative explanatory power, respectively.
Results:

Fourteen studies were included, encompassing 14,609 individuals with GI disease and 118
mapping functions. Q-squared ranged from -0.69 to 0.91 (median: 0.52). Overall, 50% (59/118) of
algorithms showed moderate (0.50-0.74) predictive performance, and 8% (10/118) showed
substantial (=>0.75) predictive performance. Q-squared in internal validation samples consistently
exceeded that in external validation samples: 81% (46/57) of internal validation functions showed
moderate/substantial performance, versus 62% (16/26) of external validation functions showing

weak performance.



Conclusions:

Q-squared is an informative measure of predictive performance for mapping studies between
quality-of-life measures. It can help select between algorithms, benchmark predictive power, or
support model averaging, classifying predictive performance into interpretable groups that add

value beyond existing metrics.

Keywords: Mapping, Q-squared, predictive accuracy, EuroQoL EQ-5D, Gastrointestinal Disease;

quality of life.



Introduction

EQ-5D is the most widely used generic preference-based health-related quality of life (HRQoL)
instrument(1) and is recommended for use in economic evaluation reference case by the National
Institute for Health and Care Excellence (NICE).(2) EQ-5D contains five dimensions which cover
generic aspects of HRQoL including mobility, self-care, usual activities, pain and discomfort, and
anxiety and depression, and each dimension has 3 (for EQ-5D-3L) and 5 (for EQ-5D-5L)
responses. The combination of the 5 dimensions and the responses defines EQ-5D health state
which can be used to calculate utility values using the off-the-shelf population value set. The EQ-
5D estimates health state preference values or ‘utilities’ that enable the estimation of quality-
adjusted life-years (QALYs) within economic evaluations of health technologies.(3) Where data
on EQ-5D are unavailable, mapping techniques have become increasingly used.(4) Mapping has
been defined as the development and use of a regression model or algorithm to predict values or
responses on one HRQoL instrument using data from other measures.(4) To date, approximately
275 studies have reported 393 algorithms that map a broad range of clinical and disease or

condition specific HRQoL instruments across multiple disease areas to EQ-5D.(5,6)

Model performance in mapping studies is often assessed using metrics such as root mean square
error (RMSE), mean squared error (MSE), mean absolute error (MAE), and occasionally R-
squared (R?).(7) MAE and MSE are useful for selecting the best regression model and comparing
prediction accuracy across models estimated on the same dataset. Both measure prediction
accuracy and penalise biased models that systematically under- or over-estimate observed values,

as well as penalising models with low discrimination that do not correctly identify which patients



have high or low observed values.(8) MSE is often preferred to MAE as it places greater weight
on large deviations between predicted and observed utilities.(8) However, MAE and MSE cannot
be directly compared between samples as they tend to be larger in samples with a larger standard
deviation (SD). R? is generally not recommended for comparing mapping models(9) as it captures
the strength of the correlation rather than prediction accuracy and does not penalise models with
biased predictions.(8) Recently, Q-squared, the proportional reduction in error, has been proposed
as an alternative metric for assessing prediction accuracy in any model predicting a continuous
outcome.(8) Q-squared is based on the ratio of MSE to the SD, so it measures prediction accuracy
(including both bias and discrimination) and can be directly compared across models evaluated on
different samples. Although it has been proposed as a useful metric for mapping studies,(8) we are

not aware of any mapping studies that have used it.

To evaluate the usefulness and appropriateness of Q-squared in this context, we calculated Q-
squared for mapping algorithms reported in studies included in Oxford Health Economics
Research Centre (HERC) Database of Mapping Studies and focused on the gastrointestinal (GI)
disease area.(5) GI disease was selected to ensure a manageable sample for comparison, whilst
also providing sufficient detail to evaluate Q-squared across diverse studies, including multiple
source and target instruments and model types. This paper aims to:

(1) Estimate Q-squared for published mapping algorithms estimated on GI disease populations
and evaluate its usefulness and appropriateness as a metric for prediction accuracy and
model performance.

(2) Assess how Q-squared varies by mapping model type, sample size, source-target

instrument combination, and validation samples.



Methods

Data Sources

The Oxford Health Economics Research Centre (HERC) Database of Mapping Studies (version
10.0)(5,6,10) was searched to identify published studies mapping HRQoL measures to any version
of EQ-5D in GI disease populations.

The HERC Database of Mapping Studies includes key data derived from studies mapping to the
EQ-5D, including citation details; the source instrument(s); the clinical area (classified using ICD-
10 chapter headings); the number of paired observations of EQ-5D and source instruments used to
estimate mapping models; and the types of statistical model/method evaluated.(10) The database

is updated regularly as new studies are published.

Identifying relevant studies:
Studies that were already included in the Oxford HERC Database of Mapping Studies version
10(5) were included in our analysis if they:
¢ Included Gl disease populations, defined using International Classification of Diseases-
10 (ICD-10)-chapter classifications encompassing diseases of the digestive system,
including Irritable Bowel Syndrome, constipation, and Non-alcoholic Steatohepatitis
(Chapter XI); and GI cancers including oesophageal, gastric, colon and colorectal
(Chapter II). Studies that included patients with a variety of cancers, including GI
cancers, were included.
e Published before 17" February 2025
e Used models estimating responses or health state values for EQ-5D-3L or EQ-5D-

5L.(6)



e Presented sufficient statistics to allow calculation of Q-squared for the mapping
algorithm (estimation, internal validation, or external validation). This required studies
to report (a) either MSE or RMSE; and (b) the SD of the target instrument in the same

sample.

In addition to identifying primary mapping studies, the HERC Database of Mapping Studies also
reports studies conducting external validation of other algorithms, where the external validation
study was identified in the main literature searches.(5) Our study therefore also included external
validation studies that were identified in version 10 of the HERC Database of Mapping Studies(5)

and externally validated algorithms meeting our inclusion criteria on GI populations.

Data extraction

We used data from the HERC Database of Mapping Studies, including study year, disease, source
and target instruments, and statistical model type (Supplementary Table 1). Data on performance
metrics were extracted to manually calculate Q-squared, including SD and either MSE or RMSE
and SD. These study characteristics and metrics were extracted for all mapping algorithms and for
samples (estimation, internal validation, and external validation). Since most studies reported
multiple mapping models, often with several specifications per model, this provided multiple Q-
squared values for each study. Subgroup-level data were also extracted where reported. The data

extraction table is presented in Supplementary Table 2 (Data extraction table).

The estimation sample was defined as the sample on which the algorithm was estimated: e.g. the
sample on which a regression model for mapping was estimated.(9,11) The internal validation

sample was defined as a sub-sample from the same data source with the estimation sample; for



example, by randomly selecting a certain percentage of patients in a study to conduct model
validation where the data of the remaining patients are used to estimate the mapping model.(9,11)
Internal validation is often used to avoid overfitting when selecting the best model. However, an
internal validation sample is likely to be very similar to the estimation sample. The external
validation sample was defined as a sample of patients collected independently of the estimation
sample, e.g., from a different study.(9) We hypothesised that Q-squared in internal validation
samples would be lower than in estimation samples (due to avoiding overfitting), but higher than

in external validation samples (which differs more from the estimation sample).

Calculation of Q-squared

Q-squared, the proportional reduction in error, has previously been used as a metric for assessing
the predictive accuracy of an econometric model.(8,12) It has also been used as a criterion for
detecting outliers or influential observations, or as a test of prognostic accuracy.(13,14) The upper
bound on Q-squared is 1, indicating perfectly predicted outcomes. There is no lower bound for Q-

squared, which can also be negative, indicating a very poor, biased model.

Q-squared can be calculated as:

MSE

2 =1-
¢ SD?

Where SD is the sample standard deviation, and MSE is calculated for the sample of interest as:
_ 1 n 72
MsE=1y. I (-

where Y; is the ith observed value (e.g. observed EQ-5D utility) and Y is the prediction.



In structural equation modelling, the Stone-Geisser Q-squared, or cross-validated redundancy
measure, is sometimes used to assess predictive accuracy.(15,16) Like the Q-squared measure used
in this paper, the Stone-Geisser Q-squared equals 1-( sum of squares of prediction error + sum of
squares of observations).(15) However, the Stone-Geisser Q-squared is specifically estimated
using blindfolding of partial least squares models, whereas the measure used here can be applied
to predicted and observed values from any regression model or predictive algorithm for any

sample.

Many papers report RMSE but not MSE. RMSE is often estimated by statistical packages
following ordinary least squares regression. Since RMSE? = MSE for the estimation sample in
ordinary least squares regression, we calculated Q-squared using RMSE as:

RMSE?
SD?2

Q* =1-

Analytical methods and interpretation of Q-squared

We describe and plotted Q-squared across and within all included studies, by source-to-target
instrument, sample size, and model type. Higher Q-squared values are interpreted as indicating
stronger predictive performance. All analyses are exploratory and intended to describe Q-squared

trends; no tests of statistical significance were conducted.

We also explored variation in predictive accuracy by categorising Q-squared values into high,
moderate, weak or poor and comparing frequencies and proportions by model type and study
characteristics. To categorise predictive performance, we adopted and applied threshold values

that have been used to categorise the coefficient of determination (R*) values in the existing



methodological literature.(17) R? values of 0.75, 0.50, and 0.25 are commonly interpreted as cut-
offs defining models of substantial, moderate, and weak explanatory power.(17) Similar cut-offs
have been proposed for the Stone-Geisser Q-squared .(16)

Although these thresholds have not been empirically validated for Q-squared, we applied them as
a pragmatic reference point for interpreting a model's predictive performance. We categorised Q-
squared values into five bands: substantial (>0.75); moderate (0.50-0.74); weak (0.25-0.49); poor
(0-0.24); and negative (<0). Negative Q-squared values indicate a very poor model where the MSE
is larger than the SD; such a model performs worse than a model with just a constant term (which

would predict that all patients have the mean value).

Results

Study characteristics

Twelve studies estimating mapping algorithms in patients with GI disease were encompassing
14,609 individuals (Figure 1). Two studies(18,19) externally validating mapping algorithms in GI
disease populations were included: the Kontodimopoulos et al. 2009(20) algorithm was validated
by Doble and Lorgelly, 2016,(19) while the Marriot et al. 2017(21) algorithm was validated by
Woodcock and Doble, 2018.(18) Among the primary studies and the external validation studies
included, none reported Q-squared . Ten studies were excluded on account of not reporting

statistics enabling manual calculation of Q-squared i.e., SD and either RMSE or MSE.
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Figure 1. PRISMA diagram
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Data on colorectal cancer were used in nine studies,(18,20-22,22-26) oesophago-gastric
cancer(20,21) and constipation,(27,28) in two studies each, and non-alcoholic steatohepatitis,(29)
IBS,(30) gastric,(20) gallbladder,(23) liver(23) and pancreatic cancers,(23) each in one study
(Table 1).

The source instrument in seven primary studies was the European Organisation for Research and
Treatment of Cancer Quality of Life Questionnaire Core 30 (EORTC QLQ-C30).(20-24,26,31)
Other source instruments investigated in mapping studies included the Patient Assessment of
Constipation Quality of Life (PAC-QOL),(27,28) the Functional Assessment of Cancer Therapy -
General (FACT-G),(25) the Irritable Bowel Syndrome Quality of Life (IBS-QOL),(30) and the

Chronic Liver Disease Questionnaire for Non-alcoholic Steatohepatitis (CLDQ-NASH).(29)

Estimation sample sizes ranged from 48(20) to 5,421(28) observations (Table 1). Model
specifications applied across mapping studies included ordinary least squares (OLS), Tobit,
mixture models (adjusted limited dependent variable mixture models [ALDVMM], betamix),

response mapping, logit, and censored least absolute deviations (CLAD).

Four of the papers estimating mapping algorithms included internal validation on a sample set
aside from the same sample used to estimate the algorithm.(23,27,30,31) One of these papers
included external validation in the same paper, using data from a different source from that used
to estimate the algorithm.(27) A further two mapping studies had one or more of their mapping

algorithms externally validated in a subsequent publication.(20,21)
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Characteristics and performance of studies according to Q-squared

The 14 studies (12 primary studies and two external validation studies) provided data allowing the
estimation of 118 Q-squared values for 77 mapping algorithms in estimation and validation
samples and for different model specifications and subgroups. Q-squared ranged from -0.69 to
0.91. Overall, 8% (10/118) Q-squared values indicated substantial predictive performance (Q-
squared: >0.75), 50% (59/118) moderate (Q-squared: 0.50-0.74), 24% (28/118) weak (0.25-0.49)
and 16% (19/118) poor (<0.25). Two studies reported a negative Q-squared value indicating a
biased model: one for an OLS model (-0.69),(27) and one for a CLAD model (-0.01).(30) All data
extracted from the included studies, including data used to manually calculate Q-squared, are

presented in Supplementary Table 1.

Predictive performance varied between studies and between source/target instruments (Figure 2).
Across the 118 Q-squared values from three studies estimating mapping algorithms for EORTC
QLQ-C30 to EQ-5D-5L mapping, 97% (30/31) were moderate (Q-squared: 0.50-0.74), and 3%
(1/31) were substantial predictive performance (Q-squared: >0.75). The EORTC QLQ-C30 to EQ-
5D-5L model with the highest estimation sample Q-squared (0.73) was the OLS model developed
by Perwitasari et al.(24) The EORTC QLQ-C30 to EQ-5D-5L model with the highest internal

sample Q-squared (0.76) was the OLS model developed by Yousefi et al.(26)

Similar findings were observed in the three studies estimating mapping algorithms and the two
external validation studies for EORTC QLQ-C30 to EQ-5D-3L, with 33% (7/21) indicating
substantial predictive performance and 52% (11/21) indicating moderate predictive performance.

The EORTC QLQ-C30 to EQ-5D-3L model with the highest estimation sample Q-squared (0.81)

13



was the OLS model developed by Marriot et al.(21) The highest external validation sample Q-

squared (0.86) was observed in the study by Woodcock et al.(18)

The poorest predictive performance was observed for the study mapping from the IBS-QOL to
EQ-5D-5L, where 53% (16/30) of Q-squared values indicated poor (Q-squared: 0-0.24) predictive
performance and the study mapping from PAC-QOL to EQ-5D-3L, where 50% (3/6) of Q-squared
were weak (Q-squared: 0.25-0.49) and 50% (3/6) indicated weak predictive performance (Q-
squared: 0.25-0.49) and 33% (2/6) were poor (Q-squared : 0-0.24). The lowest Q-squared value
was observed when mapping the PAC-QOL to the EQ-5D-3L in a population with opioid-induced
constipation (Q-squared = -0.69). Across all mapping functions, an algorithm mapping from the
QLQ-C30 to the 15D in a gastric cancer population had the highest predictive accuracy (Q-squared

= 0.91), approaching the upper bound of 1.

OLS regression was the most commonly used mapping model approach, with Q-squared values
available for 39 algorithm specifications across the included studies, followed by CLAD
regression, with 14 algorithm specifications. Beta-regression and separate-equation/three-part
models were the least commonly applied, each with only one Q-squared value. Q-squared values

varied across model specifications, although no clear pattern emerged (Figure 3).
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Key: tExternal validation of Marriot et al. (2017) by Franken et al. (2020); ¥External validation of Marriot et al. (2017) by Woodcock
et al. (2018).

Abbreviations: CLD-NASH, Chronic Liver Disease Questionnaire for Non-alcoholic Steatohepatitis questionnaire; EORTC QLQ-
C30, The European Organisation for Research and Treatment of Cancer Quality of Life Questionnaire Core 30; SF-6D, Short-Form 6
Dimensions; FACT-G, Functional Assessment of Cancer Therapy-General; IBS-QOL, Irritable Bowel Syndrome Quality of Life
Instrument (IBS-QOL); PAC-QOL, Patient Assessment of Constipation-Quality

16



Figure 3. Variation in Q-squared values according to mapping model type, across all sample types (estimation, internal validation and

external validation).
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Mapping functions by study, source-to-target instrument, and validation sample type
Differences in predictive performance were also evident between the estimation sample and
internal or external validation samples. Four studies provided sufficient data(23,27,30,31) on two

or more validation sample types to enable pairwise comparisons of Q-squared values (Figure 4).

In the study by Hatswell et al.,(27) mapping the PAC-QOL to the EQ-5D, both estimation samples
demonstrated poor predictive performance, with Q-squared values of 0.07 and 0.09, respectively.
Moreover, external validation of the Parker et al. (2011) algorithm in a similar opioid-induced
constipation population yielded a negative Q-squared (Q-squared = -0.69), indicating that the

model performed worse than simply predicting the mean utility value.

For Kim et al.(23) mapping the EORTC QLQ-C30 to EQ-5D, both functions demonstrated
moderate predictive performance in the estimation sample with Q-squared values of 0.52 for both
OLS model specifications. External validation showed weak predictive performance across both

functions with Q-squared values of 0.46 and 0.43.

The study by Meunier et al.(31) mapping the EORTC QLQ-C30 to EQ-5D-5L showed the most
consistent patterns across all included studies. All six estimation sample functions demonstrated
moderate predictive performance with Q-squared values ranging from 0.71 to 0.72. Internal
validation Q-squared values were slightly but consistently lower than those for estimation Q-

squared, demonstrating moderate predictive performance, with values ranging from 0.68 to 0.70.

18



Contrastingly, for Sturkenboom et al.(30) mapping the IBS-QoL to EQ-5D-5L, 93% (14/15)
estimation sample Q-squared values were poor (Q-squared: 0-0.24) with one function producing a

negative Q-squared value (Q-squared =-0.01).

Sample Size

We examined Q-squared by the sample size of the estimation sample (Supplementary Figure 1).
No clear patterns emerged. Among the smallest samples (n<200), performance was most variable,
with 64% (39/61) demonstrating weak or poor predictive performance. The strongest and most
consistent predictive performance was observed in the 501-800 sample size group, which included
35 Q-squared values from two studies.(26,31) All mapping functions demonstrated at least

moderate predictive performance, with 33 (94%) within the moderate range in this group.

Additional data on the predictive performance of mapping algorithms in the estimation sample
by study characteristics are presented in Supplementary Table 3 (Predictive performance of

mapping algorithms in the estimation sample by study characteristics).
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Figure 4. Comparison of Q-squared values between estimation sample, internal validation and external validation sample for studies

that reported sufficient data to estimate Q-squared for at least two of these.
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Discussion

This study estimated Q-squared for mapping functions between HRQoL measures using studies
identified from the Oxford HERC mapping database. Our study shows that it was straightforward
to calculate Q-squared from routinely reported metrics in published mapping studies. Q-squared
provided a useful way to compare mapping algorithms evaluated on different samples and using
different measures. Q-squared allows prediction accuracy to be compared across samples, even

when between-patient variability differs. This can be used for several purposes.

Firstly, it can be used, alongside other information, to choose which published mapping model to
use to estimate target instrument scores in a dataset that did not directly measure the target
instrument of interest: e.g., to estimate utilities for an economic evaluation. In this study, we were
able to compare model performance for models mapping EORTC QLQ-C30 to EQ-5D, which
suggested that the linear models by Kontodimopoulos et al.(20) produced the highest Q-squared
in the estimation sample and were also among the best in external validation.(18) Having said that,
we need to emphasize that other measures should also be considered alongside Q-squared, to
ensure that the mapping algorithm does not systematically over- or under-estimate mean utility or
differences between patient groups or give predictions outside the feasible range of the target
instrument.(32) When choosing between mapping algorithms, it is also essential to consider the

relevance of the data to the population of interest and the methodological quality of the study.

Secondly, the absolute Q-squared value can be used to benchmark the predictive value of a
mapping model. We observed that Q-squared was numerically higher for algorithms mapping

EORTC QLQ-C30 to EQ-5D-5L than those mapping from IBS-QoL and PAC-QOL. However,
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our dataset focusing on GI disease studies is not sufficient to establish whether this reflects a
weaker relationship between the source and target instruments, limitations in the data or the model

specification used.

Q-squared can also be used to explore which subgroups of patients a mapping model performs
better or worse in. In principle, Q-squared could also be used to weight models in model
averaging(33); Q-squared may facilitate estimation of weights for response mapping or two-part
models and allow weights to take account of the variability of the sample and the predictive power

in the validation sample.

Within the small number of studies reporting Q-squared for the same algorithm in different
samples, we did not observe Q-squared being higher in the estimation sample and lower in the
external validation sample. Some studies (e.g. Sturkenboom et al. 2021)(30) were validated on

very small samples. More research on a larger sample of studies is needed to explore this further.

To explore the usefulness of Q-squared in a manageable sample of studies, our study focused on a
small number of studies in GI disease populations, which means the findings may not generalise
to other diseases. The cut-offs that we used descriptively to define studies with substantial,
moderate, weak and poor-performing models are based on those used for R? and have not been
validated.(17) They covered the spread of Q-squared values for the mapping algorithms in our
sample and may be helpful for other mapping studies. However, alternative cut-offs (e.g. (34,35))

may be more useful in other contexts where predictive models tend to have much lower accuracy.
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In situations where the best mapping models have weak or poor predictive power, it may be
particularly useful to review the conceptual overlap between the instruments and consider
estimating a new mapping model on a larger dataset. Models with a negative Q-squared should not
be used as they produce predictions that are worse than assuming that all patients have the mean

value.

Future mapping studies should routinely report Q-squared alongside RMSE and MAE to facilitate
comparisons between studies. Q-squared is simple to calculate for any predictive model and
enables prediction accuracy to be directly compared between samples, which is not feasible with
other metrics. It can be used alongside other information to inform the choice of mapping

algorithm.
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