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High-dimensional item response theory
analysis of patient-reported outcomes in
total knee arthroplasty
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This study introduces a Bayesian multidimensional hierarchical item response theory (MHIRT) model
to improve patient-reported outcome (PRO) assessments in total knee arthroplasty (TKA). Traditional
unidimensional scoring fails to capture themultifaceted nature of recovery. Ourmodel uncovers latent
traits and inter-item relationships directly from PROMs such as the OKS and the EQ-5D-3L, without
relying on predefined subscales. MHIRT flexibly decomposes PROMs into clinically meaningful traits
like pain, mobility, self-care, and confidence. These traits captured more domain-specific variation,
showed stronger sensitivity to temporal changes, and better reflected demographic factors than
traditional total scores. The model was trained on a large NHS dataset and externally validated on
PROMs from themoveUP digital platform. In predictivemodeling of postoperative outcomes,MHIRT-
derived features consistently outperformed unidimensional scores and conventional
multidimensional IRT models. These findings suggest that MHIRT offers a potentially interpretable
framework for tracking recovery and predicting health outcomes.

Knee osteoarthritis (KOA) is a degenerative condition affecting millions of
individuals worldwide. Its incidence poses a major healthcare challenge,
contributing to the burden of aging-related health issues1,2. KOA primarily
affects the cartilage and bone within the knee joint, leading to symptoms
such as pain, stiffness, and swelling, along with a reduction in mobility.
These manifestations significantly deteriorate and impair the quality of life
(QoL) for affected individuals3. In cases where KOA progresses to a severe
stage, where conservative and non-surgical treatments, such as medication,
physical therapy, and weight management, fail to alleviate the debilitating
symptoms, total knee arthroplasty (TKA) often emerges as a standard
surgical solution. This procedure entails the removal of the knee’s damaged
parts and their replacement with artificial implants4.

With the increasing prevalence of KOA, particularly among the elderly
population1, there is a corresponding rise in the number ofTKAprocedures,
a trend expected to continue in the coming years5. The outcomes ofTKAare
influenced by a complex interplay of the surgical procedure itself and
individual patient characteristics. Unfortunately, it is reported that between
7% and 30% of patients express dissatisfaction after TKA6,7. The reasons for
TKA failures are multifactorial, encompassing issues such as aseptic loos-
ening, periprosthetic joint infection, andpost-TKA instability, in addition to
a myriad of preoperative factors7, including patient socioeconomic status8

and overall health conditions. This highlights the importance of

comprehensive evaluations by physicians prior to TKA, wherein patient
reported outcome measures (PROMs) play a crucial role. Preoperative
patient characteristics, often assessed through PROMs, are crucial for
evaluating the patient’s overall health status and predicting the likelihood of
successful TKA outcomes9,10. PROMs are item-based instruments to eval-
uate various characteristics of a patient. These item-based tools are pivotal in
capturing a wide array of indicators pertinent to patients’ lifestyle, health,
and physical status, thereby facilitating a comprehensive assessment of
various patient characteristics. They encompass a broad spectrumof factors,
includingdaily activities, kneepain, andknee functional levels.Additionally,
these instruments are critical in evaluating psychological aspects, such as
levels of anxiety and depression.

PROMsare invaluable tools in preoperative patient evaluations and are
essential inmeasuring the outcomes of TKA. Their use, pre- and post-TKA,
enables healthcare providers to follow the evolution of patients’ self-
perceived health indicators, enabling a patient-centric assessment of the
surgical intervention’s effectiveness. The orthopedic literature offers a
diverse array of PROMinstruments andoutcomemeasures for assessing the
success of TKA, with most instruments aggregating item responses into a
one-dimensional score for assessment. However, it is worth noticing that
only some of these measures sufficiently fulfill their intended purposes
regarding validity, reliability, and responsiveness. The Oxford Knee Score
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(OKS) is widely recognized as one of the most effective condition-specific
PROMs11 due to its practicality, reliability, and clinical sensitivity for
monitoring patient progress from pre- to post-TKA12. In conjunction with
condition-specific tools like the OKS, the EuroQoL five-dimension three-
level version (EQ-5D-3L) questionnaires and the visual analog scale (EQ-
VAS)13 are also self-assessed measures globally utilized for evaluating
patients’ overall health, say health-related quality of life, before and after
TKA. These PROMs are sensitive to clinically significant changes in patient
progress follow-up14. Several studies have evaluated the performance of
widely used PROMs in TKA, particularly the OKS and variants of the EQ-
5D. Lin et al.15 compared OKS, EQ-5D-3L and EQ-VAS using classical test
theory metrics, reporting that OKS demonstrated the greatest responsive-
ness and predictive validity while the EQ-VAS showed stronger predictive
performance than the EQ-5D but lower responsiveness. Similarly16, found
that the OKS exhibited high responsiveness and the EQ-5D-3L moderate
responsiveness. Both studies supported the concurrent validity of OKS and
EQ-5D, reinforcing their value as complementary instruments in outcome
monitoring.

However, these studies—and others using similar classical approaches
—typically analyze PROMs at the instrument level, relying on pre-defined
total or index scores rather than modeling item-level response patterns.
While this approach iswell-established and interpretable, it doesnot capture
item-specific properties such as how items vary in difficulty, how well they
differentiate between patients at different levels of recovery, or whether
items reflect multiple underlying aspects of health rather than a single
predefined dimension. Moreover, the reliance on fixed, predefined score
structures assumes that each item contributes to a single trait, limiting the
ability to explore correlations across items, especially when PROMs from
different instruments are used in combination.

This motivates the use of item response theory (IRT), a family of
statistical models that link item responses to one or more underlying latent
traits, such as health status or physical function. Unlike traditional scoring
methods that rely on aggregating item responses into a single summary
score, IRT estimates item-specific properties—such as difficulty and dis-
crimination—and provides individualized latent trait estimates for each
respondent. It also accommodates missing data more effectively, which is
particularly relevant in PROM collection where incomplete responses are
common17. By modeling the latent structure directly at the item level, IRT
offers a principled way to identify and interpret multidimensional patterns
within and across PROM instruments.

Early IRTmodels, such as theRasch logisticmodel18, the 2-PLand3-PL
logistic models19,20, and the graded response model21, predominantly
adopted a unidimensional approach in which each item contributes to a
single latent trait (i.e., predefined domain or subscale). This oversimplified
assumption often fails to reflect the complex interrelationships and inter-
dependencies among various items across different instruments. Multi-
dimensional IRT (MIRT) models attempt to address this issue by allowing

for multiple latent traits. However, as highlighted inMorucci’s work22 these
models still rely heavily on a predefined fixed structure for dimensions. This
rigid approachmay obscure latent traits that are not explicitly accounted for
in the predefined model, thus limiting the discovery of novel interrelations
and reducing themodel’s applicability in capturing themultifactorial nature
of patient-reported outcomes. Furthermore, reliance on prior assumptions
about dimensionality can lead to model misspecification, especially in
heterogeneous clinical datasets where item relationships are complex and
data-driven solutions are needed. Even flexible MIRT models require pre-
specifying the number of dimensions and suffer from factor indeterminacy,
a well-known issue where multiple rotated solutions yield equivalentmodel
fit, making trait interpretation unstable and dataset-specific23.

In this work, we aim to leverage the principles of IRT-based mod-
eling to develop a novel method to build multidimensional assessment
instruments that are reliable and very sensitive in assessing the QoL, that
is, health-related indicators of patients, both pre- and post-TKA. Our
work enables more comprehensive assessment tools to accurately capture
the multifactorial nature of patient evolution and outcomes associated
with TKA, providing a nuanced understanding of patient well-being and
self-perceived effectiveness of TKA. Specifically, we propose a method to
discern the correlations between questionnaire items using a novel
Bayesian multidimensional hierarchical IRT (MHIRT) model. The pro-
posed method is designed to enhance the sensitivity of pre- and post-
TKA assessments of a patient’s health-related QoL and foster a more
nuanced understanding of the multiple traits dimensions of its health
status, such as physical functioning, pain levels, and mental well-being,
and how they interrelate. Hence, we seek to provide a robust analytical
framework that adequately reflects the complexity and multifactorial
nature of patients’ experiences and outcomes. In Fig. 1, we illustrate the
objectives of this work. While the proposed method is generalizable, this
study restricts its scope to PROMs commonly used in TKA follow-up:
the OKS and EQ-5D-3L.

To develop the MHIRT model in the scope of pre- and post-TKA
assessments, we initially relied on a large dataset comprising responses and
data from individualswhounderwentTKAandhas beenmade accessible by
the England National Health Service (NHS) (https://digital.nhs.uk/). This
dataset served as a primary source, first, to fit and confirm the efficacy of the
MHIRT model in discerning patterns that reflect the true underlying cor-
relations among questionary items, and second, to assess the usefulness of
the latent traits derived from themodel for predicting the likelihood of TKA
success. Furthermore, we externally validate the usefulness of the proposed
model to analyzedatacollected through themoveUPplatform for extracting
insights into assessing the efficacy of digital therapies following TKA.
MoveUP is anFDA-approveddevicewith registrationnumber: 3023739055
and the product code: ISD, Device class: 2, Regulation number: 890.5360,
class 2 exempt. It is also CE-certified as a medical device under the Medical
Device Directive 93/42/EEC.

Fig. 1 | Schematic representation summarizing the objectives of this work. We
employed a publicly available dataset comprising condition-specific and health-
related quality of life PROMs to develop and validate a novel Bayesian

multidimensional IRT (MHIRT) model to build instruments for assessing patient
evolution and outcomes. We applied the model to an independent PROMs dataset
collected via the moveUP platform to assess external validity.
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Our findings can be summarized as follows:
• Identification of latent correlations across items and instruments:

Using the proposed MHIRT model, we identified consistent latent
correlations among items from both OKS and EQ-5D-3L. These
correlations, which are not directly captured by traditional pairwise
correlation methods like Pearson and polychoric approaches, suggest
shared constructs across instruments and support the use of
multidimensional modeling in PROM-based assessment.

• Enhanced sensitivity for measuring patient progress: Compared to
the aggregated OKS score, our model’s factor analysis-derived traits
capture more domain-specific variation, particularly in the dimension
associated with pain, which demonstrated a larger effect size thanOKS
in both datasets. Additionally, effect sizes exceeded 1 across all
extracted dimensions, indicating strong responsiveness to change.
These findings suggest that the MHIRT model captures item-level
variation that aligns with distinct aspects of recovery, such as pain and
mobility.

• Data-driven adaptability and flexibility: Unlike traditional multi-
dimensional IRT models that require predefined item-factor map-
pings, the MHIRT model infers both latent traits and their inter-item
relationships directly from the observed response patterns. This
adaptive structure allows the model to accommodate item groupings
thatmay not alignwith assumed subscales, thereby reducing the risk of
model misspecification. Moreover, the learned MHIRT model
covariance matrix provides regularization that helps address factor
indeterminacy, a known challenge in conventional MIRT models.

• Improved predictive power in low-data scenarios: Our experiments
demonstrate that the latent traits derived from the MHIRT model
achieved lower prediction error for post-TKA outcomes, especially in
scenarios with limited training data. The linear regressionmodel using

MHIRT-derived features showed smaller prediction error across
bootstrap samples than using traditional composite scores like OKS
and EQ-5D-3L, or traditional IRT-based features. These results
indicate that the model performs reliably in small-scale studies or
clinical settings with limited data availability.

• Potential for personalized and digital healthcare applications: By
integrating the IRT-based features derived from the proposedMHIRT
model with linear regression modeling, our results suggest potential
utility in developing data-driven tools that may inform personalized
rehabilitation strategies. The external validation using the moveUP
dataset demonstrated the model’s ability to capture domain-specific
recovery patterns in a digitally monitored cohort. This suggests that it
could be effectively applied in digital healthcare delivery, facilitating
data-driven evaluation of therapy outcomes.

While this study focuses on PROMs related to TKA, the modeling
approachwe applymay be transferable toother clinical areaswherePROMs
are commonly used, such as oncology, cardiovascular rehabilitation,
chronic pain management, and mental health. By allowing latent trait
structures to emerge fromthedata, theproposedmethodoffers a framework
that could support multidimensional assessments in a range of medical
contexts for informing clinical decision-making and personalizedmedicine
strategies.

Results
Model development and experimental setting
To evaluate the proposed MHIRT model, we designed an experimental
setup utilizing the publicly available NHS Patient-Reported Outcomes
Dataset, which includes data from individuals who underwent total knee
arthroplasty (TKA) in England. The dataset provides pre- and post-TKA

Fig. 2 | Correlation between items. Left (a, d): Pearson correlation coefficients.
Center (b, e): Polychoric correlation.Right (c, f):MHIRTmodel covariance matrix.
Top (a, b, c): Estimations for 20,000 random subjects. Bottom (d, e, f): Estimations

for 70,000 random subjects. Grey levels encode correlation strength---black indi-
cates a strong correlation, mid-grey a moderate correlation, and white weak or no
correlation.
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patient-reported outcomes using instruments such as the Oxford Knee
Score (OKS), EuroQoLfive-dimension three-level version (EQ-5D-3L), and
EuroQol Visual Analog Scale (EQ-VAS), alongside demographic and
clinical variables. To evaluate the model’s robustness to sample size, we
created two sub-datasets of different sizes from the NHS dataset by ran-
domly sampling subjects: Smaller Subsetwith 20,000 subjects, and aLarger
Subset with 70,000 subjects. To control for patient variability and reduce
confounding,we incorporated covariates, such as gender, age, comorbidities
(e.g., diabetes, heart disease, arthritis), and lifestyle factors (e.g., smoking
status, employment, and education). These variables ensured a robust
analysis and improved the interpretability of the latent traits.

To systematically evaluate the model’s performance, we implemented
the following steps:
• MHIRTModel Fitting: The proposed MHIRT model was trained on

the NHS dataset sub-samples to uncover latent traits and correlations
among questionnaire items. This step enabled the identification of
patterns across PROMs instruments. (Assessing IRT-based correla-
tion structure).

• Factor Analysis: Latent traits derived from the MHIRT model were
subjected to factor analysis to extract interpretable dimensions (e.g.,
pain,mobility, self-care) and reduce data dimensionality (Latent traits
discovery through factor analysis).

• Effect Size:We explored the effect sizes of latent traits derived from the
MHIRT model. Specifically, we compared the sensitivity and magni-
tude of these latent traits to established measures like the OKS (Effect
size of latent traits).

We also conducted an external validation study to evaluate the
robustness and generalizability of the model when applied to independent
data from a digital health monitoring platform following TKA (External
validation using the moveUP dataset). We used the model developed on
the Larger Subset of the NHS data to estimate the individual MHIRT latent
vectors and derived traits in a cohort of 798 patients whose PROMs were
collected via the moveUP platform.

Assessing IRT-based correlation structure
In order to investigate the capacity of the MHIRT model in distinguishing
the underlying correlations among questionnaire items, and therefore to
capture the multifactorial nature of patients’ self-perceived QoL, we per-
formed a comprehensive evaluation of the learned inter-item correlation
patterns. Figure 2 illustrates the MHIRT model covariance matrix (right
panels) estimated using the MHIRT-based method as defined in equa-
tion (1) of Method. For comparison, two classic alternatives are also pre-
sented: the Pearson correlation (left panels) and the polychoric correlation
(center panels). These correlations were estimated directly from the raw
responses. The top panels correspond to the smaller dataset previously

mentioned, while the bottom panels correspond to the larger dataset.
Despite the difference in dataset size, the correlation patterns exhibit very
similar structures, which confirms the robustness of the estimations.

The Pearson correlation coefficient is not the optimal statistical tool for
studying ordinal outcomes because of the underlying assumptions, such as
intervalmeasurement scales24.On theotherhand, thepolychoric correlation
was explicitly defined to study categorical variables. It estimates the corre-
lation between hypothesized normally distributed continuous latent vari-
ables associated with each outcome. It can be seen that the polychoric
correlation (central panels of Fig. 2) reveals some additional associations
between variables not detected by the Pearson correlation (left panels of
Fig. 2), for example, the correlation between the EQ items.

The MHIRT model covariance matrix, shown on the right panels of
Fig. 2, presents a much stronger correlation structure than Pearson or
polychoric correlation. It is difficult to explain the reasons behind this
correlation increase compared to the polychoric correlation and to foresee
the effect of different hyperpriors. We used the Lewandowski-Kurowicka-
Joe distribution25, i.e., LKJ(1), which is equivalent to a uniform distribution
over correlation matrices. With increasing dimensionality, the marginal
distribution over the correlations concentrates around zero due to the
complex constraints26. The LKJ prior is a weakly informative prior that
works as a regularizing prior for correlation matrices. Without solid evi-
dence from the data, the correlations will shrink toward zero and the cor-
relation matrix toward the identity matrix. Here, the contrary is observed,
suggesting that this correlation pattern reflects the true underlying corre-
lations between items, which the polychoric correlation cannot capture
effectively.

It can be noticed from Fig. 2 that, within the OKS items, Kneeling
exhibited the weakest associations with all other variables in the MHIRT
correlation matrix. Clinically, this is unsurprising: kneeling requires > 110∘

of knee flexion and many patients avoid it even when pain and basic
ambulation have improved, moving only loosely related to the pain- and
walking-dominated constructs captured by the remaining OKS items. The
low correlations, therefore, do not necessarily indicate model misfit but
highlight that the kneeling question taps a relatively independent aspect of
functional demand.

A benefit of an increased correlation is that more variance is con-
centrated in fewer dimensions, eventually allowing the discovery of a few
robust independent dimensions. Figure 3 shows the eigendecomposition of
the correlationmatrices for the threemethods. In the case ofMHIRT-based
eigenvalues, the box plots summarize their posterior distribution. For all
three methods, at least two independent factors can be derived according to
the Kaiser criterion because the eigenvalues are higher than 1 (see Fig. 3a).
However, this criterion has been criticized for being subjective and
unreliable27. Consistent with the pain and function domains commonly
reported for TKA PROMs, these first two factors account for the largest

Fig. 3 | Eigendecomposition for the Pearson, polychoric and IRT correlationmatrices. aEigenvalues in logarithmic scale (Scree plot). bCumulative explained variance. In
both panels, separate curves correspond to the Pearson, polychoric, and MHIRT matrices, as indicated in the in-figure legend.
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shareof variance across all approaches.A substantial drop in energy after the
fourth eigenvector is observed for theMHIRTmodel but not for Pearson or
polychoric methods. This “second elbow” indicates that eigenvalues 3-5
remain clearly above the noise floor, signaling additional—albeit smaller—
latent dimensions that are not captured by the classical correlations. These
four eigenvectors concentrate significantly more variance in the MHIRT
model than in the others, reaching almost 90%of the explainedvariance (see
Fig. 3b). On this basis we retained up to 4 or 5 factors for subsequent
analyses, as they capture clinically interpretable constructs such as self-care
and confidence while still accounting for the vast majority of total variance.

Latent traits discovery through factor analysis
To investigate the ability of the approach to discover latent traits, say
domains or sub-scales derived from item correlations across PROMs
instruments rather than grouping them based on a defined structure, we
build upon Factor Analysis (FA). Exploratory FA (EFA)was estimatedwith
the Minimum Residual method with oblique rotation using the Promax
method. An oblique rotation was used because they are more appropriate
than orthogonal rotations when factors are not assumed to be independent.
Inparticular, Promax iswidelyused forEFAas it is computationally efficient
and provides a good balance between simplicity and interpretability28,29.
Thereby, we estimated the FA decomposition directly from the set of latent
vectors, i.e., fθigNi¼1 defined in Method to get a deeper insight into the
dominant latent traits and to extract a low dimensionality representation to
be used in downstream analysis or prediction tasks. As the factors were
estimated based on the latent traits, we provided arbitrary names according
to the common trait of the items exerting the largest influence. Interestingly,
the trait relates to the International Classification of Functioning, Disability,
and Health framework30. This framework is a common language for
describing the level of function of a person. Health is divided into compo-
nents, divided into a hierarchy of classification codes. Our approach brings
additional insights, for example, into how standing is related to pain or how
confidence, which is a mental function, is related to stairs or kneeling.
Mental health is often assessed before TKA surgery through the measure-
ment of anxiety, depression, or catastrophizing31. Confidence is another
concept in our approach, as it is linked to several body movements, such as
kneeling or stairs. This concept has been much more investigated after
anterior cruciate ligament surgery, where the patients are expected to
recover from sports activities and where a certain level of confidence is
needed32. Considering confidence in further TKA research might help
understand dissatisfaction after surgery, which is not related to physical
components or usual mental health diseases.

Figure 4 shows the distribution of the factor weights after computing
FA on each Markov Chain Monte Carlo (MCMC) sample and the two
training populations. As expected, the uncertainty for the smaller popula-
tion is larger. However, the factors are very similar across MCMC samples
and training populations. The factors present a coherent pattern, with some
items associated with a specific factor (e.g., pain with discomfort, mobility
with activity, or self-care with washing) and other items belonging to many
factors (e.g., limping or work). As more factors are considered, the initial
factors, such as pain ormobility,maintain their primary attributes, while the
additional factors describe more subtle traits.

Figure 4 also portrays the FA computed from the polychoric correla-
tion matrix and with the classical MIRT approach using the mirt R
package33, bothwith the same parameters as previously described. Although
a similar pattern is observed, some differences can be highlighted. The
factors are more mixed in the polychoric correlation, as their loadings are
not so extreme and are not so different between factors. This is not a
limitation per se, but a deeper look into the polychoric correlation factors
shows some inconsistencies, from which we argue that our model captures
the latent traits better. For example, in our model, night pain (OKS) is more
clearly assigned to the first factor, which we associate with Pain. Washing
(OKS) and self care (EQ-5D) are highly correlated according to any of the
estimated correlation matrices (see Fig. 2). However, the polychoric corre-
lation FA with three factors fails to assign them to the same factor. MIRT
factors are closer to the proposedMHIRTmodel than polychoric. Themain
differences are in the confidence (OKS) item.

The MHIRT model enabled fine-grained domains derivation by cap-
turing the correlations and complementarities among items from
condition-specific and more generalized health instruments. Thus, beyond
the predefined subscales on traditional PROMs, MHIRT could attain an
enriched representation of patient health status, allowing a practical digital
solution to develop pre- and post-TKA patient assessment instruments and
monitoring tools.

Effect size of latent traits
The effect size (or standardized mean difference) provides a measure of
the magnitude of the difference or change. It is a critical tool in assessing
the effectiveness of a treatment or intervention34, understanding the
practical significance of research findings (e.g., to quantify how much a
patient’s health status has changed), determining the sample size needed
to detect an effect35, and synthesizing evidence from multiple studies to
inform healthcare decisions36. Thereby, to investigate the capacity of our
model to be used as an analytical tool to assess the efficacy of therapies,

Fig. 4 | FactorAnalysis (FA) of latent variables computed on eachMCMC sample.
The shadow areas represent the loading distributions for each factor, i.e., howmuch
each factor contributes to each item. The FA loadings for the smaller (20,000) and
larger (70,000) populations are depicted by lighter and darker areas, respectively.
Panels (a), (b), and (c) display the FA computed for 2, 3, and 4 factors, respectively.

The plus (+) and diamond marks on the horizontal axes represent the loadings for
the FA estimated from the polychoric correlation and for the standard MIRT+ FA
approach33, respectively. Each factor is labeled according to the common trait of the
items exerting the largest influence on it, as displayed in the legend panels.
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we compare the effect size of discovered latent traits to that of the OKS
using the NHS dataset.

The top panel, a, of Fig. 5 shows the pre-post treatment effect size (ES)
for the OKS and the ES of the MHIRT FA 2 (2-dimensional) latent trait
associated with pain. Specifically, the ESwas computed as the average score
difference divided by its standard deviation. Composite scores such as OKS
are designed to be highly sensitive to changes, summarizing the information
in the most effective way to increase the instrument’s power. On the other
hand, the latent traits provided by factor analysis are multidimensional,
which could limit the sensitivity of individual traits in exchange for a richer
multifactorial assessment. However, it can be observed that the factor
associated with pain has a larger effect size than OKS. This difference is
statistically significant (p < 0.0001) and larger than 0.048 at a p =
0.001 significance level (see panel b of Fig. 5). EQ-5D index and EQ-VAS
(not shown in the figure) had very low ESs, lower than 1.

Figure 5c illustrates the ES for each factor when increasing the number
of factors. The trait associated with pain has the largest ES in all the cases,
and its magnitude does not change with the number of factors. The second
most sensitive trait is confidence, followed bymobility, while self-care is the
least sensitive. Interestingly, confidence, while found to be sensitive in our
approach, is a trait seldomused inTKAoutcomemeasurement. Confidence
is a trait more evident in cases where patients are expected to recover from
sports activities, assuming they will need a certain level of therapy com-
mitment to recover well32. Hence, the obtained results suggest that further
TKA research might better understand dissatisfaction after surgery by
considering confidence, which is not related to physical components or

usual mental health diseases. In addition, these outcomes underscore the
suitability of theMHIRT framework to design newmeasurement tools that
allow more nuanced evaluations of traits. Overall, all the ESs portrayed in
Fig. 5c are larger than 1 and the pain dimensions larger than OKS (p <
0.0001), which means that the sample size of a study to detect a 10%
improvement on these scores at a 5% significance level and with a power =
0.8 would be approximately 1000 subjects for pain to 3000 subjects for
self-care.

Progression prediction
In this section, we investigate the predictive utility of MHIRT latent vectors
and the derived independent factors (MHIRT FA) to predict individual
changes over a one-year follow-up period. In this set of experiments, we
evaluated the performanceof a linear regressionmodel to predict changes in
theOKS score frompre-TKA to post-TKA. Linear regressionmodelingwas
chosen for its relevance in medical studies due to its clinical interpretability
and acceptance. It is the most widely used statistical tool in regression
analysis and predictive modeling due to its robustness and interpretability
properties.

To benchmark predictions from the linear regression model, we used
the NHS regression model as a reference (baseline). The NHS provides
predicted postoperative outcomes for each patient undergoing TKA, esti-
mated from their validated, case-mix-adjusted regression equation37. This
model was developed and refined iteratively over multiple large-scale NHS
datasets, making it reliable for prediction within the NHS dataset. It
incorporates preoperative OKS and EQ-5D PROMs, along with detailed
patient characteristics such as age, gender, and comorbidities38. Thus, these
NHS predictions, which are directly available in the dataset, offer a rigorous
benchmark against which to compare the predictive value of IRT-based
features.

In addition, to compare with previous works deriving IRT-based fea-
tures from PROMs associated with TKA, we followed the protocol in
ref. 39,40. Using the available implementation from39, we employed the
mirt R package33 and fitted unidimensional graded response models21 to
the complete pre-TKA item sets of theOKS and the EQ-5D-3L separately to
extract unidimensional IRT-based latent scores for every subject in the
training set. Next, we estimated a MIRT model (also in mirt R package)
whose structure reflected the 2-to-5 domains or sub-scales revealed by the
MHIRT latent traits discovery through factor analysis. Therefore, five tra-
ditional IRT-based feature sets (derived from pre-TKA) were obtained: (i)
1D IRTOKS+ 1D IRT EQ-5D39,40, (ii)MIRT FA 233, (iii)MIRT FA 333, (iv)
MIRT FA 433, and (v) MIRT FA 533. Thus, enabling a strict like-for-like
comparison of predictive performance between IRT-based feature sets
extracted using conventional (unidimensional39,40 and multidimensional33)
IRT and the IRT-based feature extracted from the proposedMHIRTmodel
across all sample size regimes using the baseline model from the NHS as a
reference.

Finally, each IRT-based feature set was fed, in turn, as input (without
covariates) into the linear regression model which was trained on multiple
training set sizes (100, 160, 270, 440, 700, 1200, 2000, 3300, 5000, 9000,
15,000), chosen at approximately constant intervals on a log-scale to span
small-to-large cohorts and examine how sample size affects performance.
For each size, subjects were drawn with replacement from the NHS dataset,
creating 100 independent bootstrap samples to quantify sampling varia-
bility. The model was refitted on each bootstrap sample, and its prediction
error was re-estimated.

Figure 6 summarizes the RMSE distributions for OKS change pre-
diction, reported as differences relative to the NHS regression model
(baseline). For clarity, we present only a subset of training sizes where
performance differences are most clearly illustrated, though the overall
trend holds across all sizes. As expected, the linear regressionmodel yielded
more accurate results with larger training sets. Above 1200 subjects, both
using the MHIRT latent vectors and independent factors (MHIRT FA 2 to
MHIRT FA 5) obtained from our proposed model, approach the reference
baseline. This suggests that no relevant information is lost from theOKSand

(a)

(b)

(c)

Fig. 5 | Estimated effect sizes (diamonds) and 95% confidence interval (estimated
with 10,000 bootstrap sampling permutations and depicted as horizontal seg-
ments) on the NHS dataset. a Comparison of OKS and the pain trait. b Effect size
difference between OKS and the pain trait. c Comparison of the traits obtained with
factor analysis of different number of dimensions.
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EQ-5Draw items to the IRT latent vectors and independent factors obtained
from the MHIRT model.

One can see from Fig. 6 that for the smaller sample sizes (e.g., N=440),
the linear regression model using the MHIRT FA 4 and MHIRT FA 5
independent factors as predictors outperformed traditional IRT-based
features. Specifically, MHIRT FA 4 achieved amedian RMSE that was ~ 1.8

percentage points lower than MIRT FA 4 and ~ 2.2 points lower than the
composite 1D IRT OKS + 1D IRT EQ-5D. Similarly, MHIRT FA 5 out-
performedMIRT FA 5 by ~ 1.4 percentage points, and also improved upon
the 1D IRT OKS + 1D IRT EQ-5D by ~ 1.9 percentage points.

These results suggest that for studies with a small number of partici-
pants or observations, low-dimensional independent factors MHIRT FA 4

Fig. 6 | Performance of linear regression model to
predict OKS change for different subsets of
training set sizes across 100 bootstrap permuta-
tions. The boxes represent the interquartile range
(Q3-Q1); the whiskers are the 5th and 95th per-
centiles. The y axis represents the difference with
respect to post-TKA predictions from the NHS
baseline model37 in percentage: 100(RMSEmodel/
RMSEbaseline model−1). The blue line represents the
post-TKA predictions from the NHS regression
model used as baseline.
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andMHIRT FA 5might summarize information with predictive utility and
at the same time, are less prone to overfitting than the full set of MHIRT
Latent Vectors (lower RMSE (up to 2.2 percentage points better than 1D
IRT).Thereby, inpractical digital scenarioswithonly small sample sizes, our
IRT-derived subscales could serve as a pragmatic and suitable choice for
predicting patient outcomes, and together with linear regression modeling,
one can capitalize on their interpretability ability for shareddecisionmaking
in digital clinical settings.

From Fig. 6 one can also observe that the linear regression model
achieved significantly better performance (p < 0.01) using IRT-derived
latent vectors and independent factors from the proposed framework,
compared to traditional unidimensional (1D IRTOKS+ 1D IRT EQ-5D39)
and multidimensional (MIRT33) IRT-based features. These latent vectors
represent normalized, regularized, and continuous transformations of
PROM responses. Unlike unidimensional IRT graded response models39,
which summarize multiple items into a single latent trait, and traditional
multidimensional IRT models33, which require a substantial number of
observations per factor and impose a strict upper limit on the number of
factors to avoid overparameterization and numerical instability, our model
flexibly associates one latent variable per individual outcome. Thisflexibility
allows the latent vectors to automatically adapt their dimensionality based
on correlations learned directly from data, rather than imposing dimen-
sionality constraints a priori. Specifically, when inter-item correlations are
low, the latent vectors resemble scaled versions of the original items. In
contrast, high inter-item correlations lead to automatic dimensionality
reduction, compressing the latent representation into a lower-dimensional
space and potentially improving the signal-to-noise ratio. Overall, these
results suggest that the independent factors derived from this framework
offer a compact representation of latent traits, which may improve
robustness and mitigate overfitting—particularly in studies with smaller
sample sizes. In addition, for larger sample sizes (e.g.,N=5000), theMHIRT
latent vectors closely match the predictive performance of well-validated
regression models. This indicates that the proposed approach effectively
retains relevant predictive information from the original PROM responses,
supporting reliable outcome prediction.

Overall, these results indicate that MHIRT-derived features, particu-
larly the MHIRT FA 4 and MHIRT FA 5 representations, yielded lower
RMSE than the traditional IRT-based features and rawPROMscores. Their
consistently lower RMSE values, combined with narrower bootstrap

intervals (Fig. 6), suggest reduced risk of overfitting and greater stability in
low-data contexts. Furthermore, the MHIRT-derived features exhibited
lower prediction error compared to OKS and EQ-VAS, indicating that the
model’s multidimensional latent trait representations capture additional
predictive information relevant to outcome forecasting.

External validation using the moveUP dataset
To evaluate the generalizability of the proposed multidimensional IRT
framework beyond structured national datasets, we conducted an external
validation using PROMsdata collected via themoveUPplatform, a certified
digital medical device, that captures patient-reported outcomes along with
physical activity and delivers remote rehabilitation services, including
physical therapy, through digital technologies in the context of post-TKA
recovery (see Fig. 7). The platform facilitates patients outcome tracking and
remote monitoring41,42.

Patients in the moveUP dataset either engaged with a fully digital
follow-up protocol (cohort-1) or used the platform solely for PROM
tracking while receiving standard in-person rehabilitation (cohort-2).
Although group assignment was not randomized and subject to self-
selection bias, the moveUP dataset offers valuable independent ground for
testing model behavior under realistic variability. For instance, unlike the
NHS dataset: (i) PROMs in the moveUP dataset were reported by patients
through the moveUP application for digital health monitoring rather than
questionnaires administered by hospital staff, (ii) patients in the moveUP
dataset went into TKA under different surgery criteria as per different
countries’ clinical guidelines, and (iii) follow-up period after surgery covers
thefirst 90 days rather than one year (an overviewof the datasets is provided
inMethod). As such, our goals in this section are twofold: (1) to assess the
robustness and interpretability of theMHIRTmodel on an external dataset
(moveUP), independent of theNHS training data, and (2) to assess whether
the model can differentiate recovery patterns between two rehabilitation
strategies (cohort-1 vs. cohort-2).

We applied the MHIRT model, trained on the NHS dataset, to a
retrospective cohort of 798 patients who used the moveUP platform.
Importantly, this external validation allows us to assess whether themodel’s
latent traits remain consistent when applied to PROMs collected in clinical
settings that differ from those of the NHS data used for training. Figure 8
illustrates that several latent traits—particularly those related to pain,
mobility, and self-care—exhibited measurable changes over a three-month

Fig. 7 | moveUP platform. This platform is an FDA approved medical device
(Registration No. 3023739055; Product Code: ISD) classified as Class II (Regulation
No. 890.5360, exempt). It is also CE-certified as a Class I medical device under the

Medical Device Directive 93/42/EEC. The platform captures PROMs during the full
patient journey.
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period in the moveUP dataset. Consistent with observations from the NHS
dataset (see Fig. 5), the pain-associated trait demonstrated notable sensi-
tivity to temporal progression.However, the overall effect sizeswere smaller,
potentially due to the shorter follow-up interval or increased variability in
recovery patterns among patients in this digitally monitored setting.

Table 1 summarizes the results of linear regression analyses examining
associations between patient characteristics and changes in outcome scores.
While changes in OKS scores showed minimal correlation with demo-
graphic or biometric covariates, several FA-derived traits demonstrated
significant associations. In particular, the pain and self-care traits were
meaningfully linked to age and weight. For instance, improvement in self-
care was positively associated with age (p-val = 0.007), and higher weight
predicted greater improvement in pain-related scores (p-val = 0.03). These
findings highlight the model’s potential to support stratified recovery ana-
lysis and personalized rehabilitation planning based on patient-specific
profiles.

To assess the model’s sensitivity to detecting differences in recovery
outcomes between cohort-1 (digital follow-up) and cohort-2 (standard in-
person rehabilitation), we conducted two-sample t-tests on pre-to-post
changes in the FA-derived traits and the OKS. This analysis evaluates
whether the magnitude of improvement, differs between the two rehabili-
tation pathways. As shown in Fig. 9a, the OKS score revealed only a mar-
ginally significant difference between cohorts (p-val = 0.03). In contrast,
Fig. 9b, shows that several FA-derived traits—most prominently pain
(p-val = 0.001), but also mobility, self-care, and confidence—exhibited con-
fidence intervals clearly further from the null (Fig. 9b). These results suggest
that the FA-derived trait framework has the potential to highlight domain-
specificaspectsof recovery that are less clearly capturedby theOKScomposite
score, particularly in exploratory comparisons of different care pathways.

The model captures changes in FA-derived traits such as mobility and
confidence that may not be fully represented in standard PROM composite
scores. For example, Fig. 9b, shows significantly greater improvement in
confidence scores amongpatients in cohort-1 (digital follow-up), suggesting

Fig. 8 | Effect sizes estimated on the moveUP dataset. Diamonds mark the esti-
mated effect sizes and horizontal black lines denote the corresponding 95% con-
fidence intervals. Estimates are derived from all 798 patients in the moveUP dataset.

Table 1 | Linear regression analysis

Outcome Predictor Coefficient Std. Error 95% CI p-value

OKS Intercept −5.3 13 [−31.4, 20.8] 0.69

Age 0.03 0.06 [−0.08, 0.15] 0.58

Gender 2.0 1.3 [−0.50, 4.55] 0.12

Weight 0.075 0.04 [0.006, 0.14] 0.03

Height 5.7 7.2 [−8.4, 19.8] 0.43

FA pain Intercept 0.24 1.5 [−2.7, 3.2] 0.9

Age 0.009 0.007 [−0.004, 0.02] 0.2

Gender 0.04 0.14 [−0.2, 0.3] 0.8

Weight 0.009 0.004 [0.001, 0.017] 0.03

Height −0.07 0.81 [−1.6, 1.5] 0.9

FA mobility Intercept 0.59 1.9 [−3.1, 4.3] 0.8

Age 0.002 0.008 [−0.01, 0.02] 0.8

Gender 0.11 0.18 [−0.3, 0.5] 0.6

Weight 0.008 0.005 [−0.002, 0.02] 0.1

Height 0.31 1.0 [−1.7, 2.3] 0.8

FA self care Intercept −1.6 1.2 [−4.0, 0.7] 0.2

Age 0.014 0.005 [0.004, 0.024] 0.007

Gender 0.12 0.12 [−0.1, 0.3] 0.3

Weight 0.008 0.003 [0.001, 0.014] 0.02

Height 0.52 0.64 [−0.7, 1.8] 0.4

FA confidence Intercept −1.9 1.6 [−5.0, 1.2 0.2

Age 0.012 0.007 [−0.001, 0.03] 0.08

Gender 0.2 0.15 [−0.1, 0.5] 0.2

Weight 0.005 0.004 [−0.003, 0.01] 0.2

Height 1.24 0.85 [−0.4, 2.9] 0.1

Assessing the association of basal patients (all 798 patients from the moveUP dataset) characteristics (age, gender, weight, and height) with changes in OKS and MHIRT FA-derived traits across four
factors. Bold p-values denote statistical significance (p < 0.05).
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that the model may uncover aspects of recovery related to self-efficacy and
patient engagement, which are often overlooked in traditional
assessments43–45.

In summary, this external validation using the moveUP cohort sup-
ports the applicability of theMHIRTmodel across distinct populations and
care delivery settings. The model, originally trained on structured registry
data, performed consistently when applied to an independent, hetero-
geneous cohort, capturing clinically meaningful changes in FA-derived
traits such as pain, mobility, self-care, and confidence (Figs. 8 and 9).
Moreover, it revealed interpretable associations with patient-specific char-
acteristics, including age andweight (Table 1), whichwere not evident using
OKS scores.

Discussion
The interrelation between the EQ-5D and OKS instruments has been pre-
viously explored46–48. Yet, these studies did not examine item-level asso-
ciations nor propose an integrated modeling framework that jointly
analyzes both instruments. A more recent study39 assessed the dimension-
ality of OKS using IRT and found it to be unidimensional, based on the
Kaiser criterion applied to the polychoric correlation matrix. We replicated

this result using a similar methodology on a subsample of 20000 patients,
observing only one eigenvalue above one for OKS items.

However, when combining the five EQ-5D items with the twelve OKS
items, we consistently identified more than two independent latent traits
across all correlation estimation methods. This aligns with earlier evidence
suggesting separable domains within OKS, such as pain and function49, and
highlights the added value of integrating multiple PROMs to reveal multi-
dimensionality in recovery assessments.

As discussed inAssessing IRT-based correlation structure, theKaiser
criterion has notable limitations due to its subjectivity27. More compelling
are the distinct eigenvalue patterns and improved variance concentration
observed in our IRT-based correlation matrix (see Fig. 3), which better
captures the underlying structure of PROM item interdependencies. The
MHIRT model can support the decomposition of existing PROMs into
multidimensional, clinically interpretable traits. The MHIRT framework
leverages these structures to uncover latent traits—namely, pain, mobility,
self-care, and confidence—which may help in understanding patient out-
comes by capturing domain-specific variations often masked in composite
scores50. These trait-level representations offer a structured means to
monitor specific aspects of recovery, compare outcomes across patient

Fig. 9 | Efficacy of treatment administration on moveUP dataset. Estimated
average improvement difference between the two cohorts (those who received the
full digital therapy protocol, cohort-1, and those who followed standard in-person

rehabilitation, cohort-2) after 3 months (diamonds) and 95% confidence interval
(horizontal segments). a OKS. b Scores obtained with factor analysis of different
numbers of dimensions.
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subgroups, and guide personalized care planning—without requiring
changes to the original PROM instruments.

Unlike traditional MIRTmodels that rely on rigid subscale definitions
and require substantial sample sizes, the proposed Bayesian approach
adaptively learns the correlation structure among items and adjusts latent
dimensionality accordingly22. This yields stable and interpretable factor
representations, even in heterogeneous or smaller datasets.

To assess the robustness of these traits in predictive modeling, we
compared MHIRT-derived features with both unidimensional (1D IRT
OKS + 1D IRT EQ-5D39) and classical multidimensional IRT
representations33 using linear regression (see Fig. 6). Our model demon-
strated lower variance and improved prediction accuracy over conventional
IRT-based features, particularly in small-sample settings. These results
indicate that the approach may be well-suited for outcome prediction in
personalized digital health contexts where data availability is limited.

Application of the MHIRT model to the moveUP cohort provided
external validation. As shown in Fig. 8, the MHIRT-derived traits—parti-
cularly those related to pain, mobility, and self-care—exhibited clear,
domain-specific sensitivity to patient-reported changes over a three-month
period. Compared to OKS, which showed only marginal between-group
differences (see Fig. 9a), the trait-level representations derived from the
MHIRT framework revealedmore pronounced contrasts between cohort-1
(digital follow-up) and cohort-2 (standard care), with statistically significant
differences in pain, mobility, self-care, and confidence (see Fig. 9b). Fur-
thermore, linear regression analyses (see Table 1) revealed meaningful
associations between patient characteristics and changes in FA-derived
traits, such as improvements in pain correlating with weight and
improvements in self-care with age, that were not evident using OKS. This
suggests that MHIRT-derived traits may offer enhanced granularity for
stratified analysis and personalized monitoring.

A particular finding is the emergence of a trait related to confidence,
which showed significant differentiation between the two cohorts and may
capture aspects of recovery tied to self-efficacy and perceived readiness to
resume daily activities. Confidence, while rarely included in standard TKA
PROMs, could offer valuable insight into patient engagement and satis-
faction, especially for younger or more active populations32. Nonetheless,
the analysis is limitedby its reliance on theOKSandEQ-5D-3L instruments.
The latter includes only a single itemaddressingmental health, which limits
the ability to capture psychological complexity. Prior research has shown
that single-itemmeasures often lack the validity and reliability ofmulti-item
instruments51. Future work could integrate PROMs like the Patient Health
Questionnaire-9 (PHQ-9) for depression52 or the Generalized Anxiety
Disorder 7-item scale (GAD-7) for anxiety53, to enhance trait specificity,
although these are not commonly included in routine TKA workflows54.

In addition, restricting the analysis to patientswith complete follow-up
PROMs inevitably introduces selection bias. Non-completers (i.e., patients
with missing follow-up data) may differ systematically, particularly in the
moveUP cohort, where 53.14% of patients were excluded compared to only
2.44% in theNHS cohort. As a result, the findings from themoveUPdataset
are most representative of digitally engaged and adherent patients. Finally,
because group assignment in the moveUP cohort was not randomized,
selection bias cannot be ruled out. Hence, further evaluation in randomized
controlled contexts is needed to confirm causal inferences.

The findings of this study have significant practical implications to
inform clinical decision-making and outcome monitoring in TKA. By
modeling PROMs through a data-driven, multidimensional latent trait
framework, the proposed MHIRT model enables clinicians to derive more
nuanced insights from established instruments such as the OKS and EQ-
5D-3L, without requiring any changes to their structure. This multi-
dimensional approach improves sensitivity by detecting domain-specific
changes that may be masked in composite scores, such as improvements in
pain without parallel gains in mobility, or psychological recovery (e.g.,
confidence) that traditional unidimensional scoring often overlooks. Spe-
cificity is enhanced by disentangling overlapping symptom domains,
thereby reducing confounding between traits like self-care and mobility,

which frequently co-vary in aggregated scores. For instance, Table 1 shows
that self-care andmobility traits respond differently to demographic factors
such as age andweight, andFig. 9 illustrates that cohort-level improvements
in these traits do not always occur in parallel, highlighting the clinical value
of separating their contributions rather than aggregating them.

The model reveals heterogeneous recovery patterns by estimating
individual scores across distinct traits such as pain, mobility, self-care, and
confidence. This enables clinicians to tailor rehabilitation. For instance, a
patient demonstrating functional gains but persistently low confidence or
self-care ability may benefit from targeted balance training or psychosocial
support. Suchdomain-specific insights go beyond conventional scoring and
support personalized care. Notably, confidence, a trait often neglected in
routine monitoring, emerged as clinically relevant and predictive of post-
operative satisfaction, especially in younger or more active patients55.

The model’s generalizability across both structured (NHS) and inde-
pendent (moveUP) datasets suggests that it may be viable for integration
into digital health platforms, facilitating scalable and patient-centered out-
come tracking. Aligned with ongoing efforts to embed PROMs into preci-
sion medicine56,57, this framework provides a transferable and interpretable
approach to assessing health-related quality of life. It offers a solution with
potential applicability beyond orthopedics, including in oncology, cardiol-
ogy, and chronic pain, domains in which multidimensional, patient-
centered evaluation is increasingly emphasized, as reflected in emerging
frameworks that integrate PROMs with clinical, behavioral, and biological
data to inform precision care strategies58.

Methods
The NHS patient reported outcomes dataset
To validate the efficacy of the proposed method, we first conducted
experiments using publicly available PROMs data from a cohort of indivi-
duals who underwent TKA across multiple centers. This dataset, encom-
passing records from April 1, 2015, to March 31, 2017, was made publicly
available by the England National Health Service (NHS), accessible online
(https://digital.nhs.uk/). Subjects who underwent TKA were required to
complete item-based questionnaires regarding their specific condition,
indicated by the OKS (0 to 48 scoring system) instrument, and their overall
health status, captured by the EQ-5D-3L instrument (EQ-5D-3L categories
were reverse-coded to align their direction with OKS) and corresponding
visual analog score (EQ-VAS), both before and following the surgical pro-
cedure. It is important to note that theEQ-5D-3L includes only a single item
related to mental health (“anxiety/depression”), which inherently limits its
ability to capture the complexity of mental health status51. Consequently,
ourfindings related tomental well-being should be regarded as preliminary,
and we recommend caution when interpreting mental health-related
results. However, since this study focuses on overall well-being before and
after TKA, rather than detailed mental health outcomes, the EQ-5D-3L
remains an appropriate tool for assessing health-relatedQoL in this context.
Therefore, to reflect standardTKAclinical assessments54, our study employs
OKS and EQ-5D-3L pre- and post-surgery item responses. In addition to
item responses, the dataset also captures an array of variables for each
patient, such as age, gender, and other comorbidities, as detailed in Table 2.

The 88,293 patients of the NHS cohort were used, as described in
Model development and experimental setting, for MHIRT model fitting,
correlation analysis, and latent traits discovery through factor analysis.
However, for the effect size andprogressionprediction analyses,we required
paired pre- and post-TKA questionnaires to ensure only data points with
follow-up data. Only 86,143 patients (97.56% of the original NHS dataset),
satisfied this criterion. The remaining 2150 patients were excluded in Effect
size of latent traits (effect size) and 2.5 (progression prediction) due to lost
to follow-up. While the excluded patients represent only 2.44% of the ori-
ginal NHS dataset, this might introduce potential selection bias and limit
generalizability. Table 3 compares completers (patients with follow-up) and
non-completers (patients lost to follow-up). The OKS pre-TKA showed a
moderate imbalance Standardized Mean Difference (SMD = 0.28), indi-
cating that patients lost to follow-up were more symptomatic pre-surgery.
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As a result, complete-case effect size estimates may slightly overestimate
recovery. We assumed that follow-up PROMs were missing at random.
However, the observed imbalance in pre-TKA OKS suggests that some
degree of missing not at random cannot be ruled out.

Retrospective data collection for external validation using the
moveUP application
In this work, we used anonymized and depersonalized data obtained from
themoveUPdigital therapies database (moveUPsolution, Brussels, Belgium
https://www.moveup.care/ see External validation using the moveUP
dataset), for externally validating the proposed MHIRT model in an

independent post-TKA recovery setting. This dataset includes records of
patients who underwent knee arthroplasty across Belgium, France, and the
Netherlands. The analysis focused on a cohort of 798 patients who received
elective TKA. The inclusion criteria required that patients actively use the
digital application for at least 90 days following surgery and complete their
PROMs three months post-TKA to guarantee follow-up data for all inclu-
ded participants. All patients provided written informed consent for the
scientific use of their anonymized data, ensuring adherence to consent
procedures. The study aligned with relevant regulatory guidelines and did
not necessitate institutional review board approval due to the nature of the
data used, namely anonymized patient-level data. PROMs were collected
through themoveUPapplication, amedical device duly registered for digital
health monitoring. This virtual platform integrates objective and subjective
patientdata and consistsof a patient-orientedmobile applicationandaweb-
based dashboard for healthcare providers’ use.

Table 4 details the demographic and clinical characteristics of the
patient cohort, as well as pre- and post-TKAmean PROMs scores for OKS
and EQ-VAS. Additionally, it summarizes comorbidities and other relevant
variables. Comparing Table 2 (NHS) and Table 4 (moveUP), we observe
that the digital therapy database consists of fewer patients in the age band
above 80 years. This inclusion bias is known as elderly are less connected to
technology41,59. Moreover, we also observe that the preoperative OKS in the

Table 2 | NHS dataset description

Observations 88,293

Female 50,875 (57.62%)

Age band (years)

40 to 49 118 (0.13%)

50 to 59 8251 (9.35%)

60 to 69 31,999 (36.24%)

70 to 79 36,923 (41.82%)

80 to 89 10,996 (12.45%)

≥90 6 (0.01%)

Condition-specific patients’ self-reported
measures

Mean OKS pre-TKA 19.12 (±7.72)

Mean OKS post-TKA 35.48 (±9.58)

General health status patients’ self-reported
measures

Mean EQ-VAS pre-TKA 68.06 (±19.34)

Mean EQ-VAS post-TKA 70.58 (±24.35)

Covariates

Heart disease 8629 (9.77%)

High blood pressure 40,074 (45.38%)

Stroke 1460 (1.65%)

Circulation 5523 (6.26%)

Lung disease 8331 (9.44%)

Diabetes 11,681 (13.23%)

Kidney disease 1781 (2.02%)

Nervous system 925 (1.05%)

Liver disease 466 (0.53%)

Cancer 4671 (5.29%)

Depression 7748 (8.78%)

Arthritis 68,129 (77.16%)

Details of the NHS cohort used in this study, including information on patients’ demographic
characteristics, PROMs, and covariates. Continuous variables are reported as mean ±SD;
categorical variables as n (%).

Table 4 | Overview of the moveUP dataset

Observations 798

Female 482 (60.40%)

Age band (years)

40 to 49 52 (6.52%)

50 to 59 233 (29.20%)

60 to 69 311 (38.97%)

70 to 79 178 (22.31%)

80 to 89 20 (2.51%)

≥90 -

Condition-specific patients’ self-reported
measures

Mean OKS pre-TKA 24.35 (±8.33)

Mean OKS 3 months post-TKA 37.47 (±8.31)

General health status patients’ self-reported
measures

Mean EQ-VAS pre-TKA 59.89 (±21.67)

Mean EQ-VAS 3 months post-TKA 68.07 (±23.05)

Covariates

Arthritis 68 (50.75%)

Mean height 1.70 (±0.09)

Mean weight 85.42 (±16.29)

Details of the entire moveUP cohort used in this study, including information on patients’
demographic characteristics, PROMs, and covariates. Continuous variables are reported as mean
±SD; categorical variables as n (%).

Table 3 | Comparison of completers (included patients) vs non-completers (lost to follow-up patients) in the NHS dataset

Variable Completers (n = 86,143) Non-completers (n = 2,150) SMD

Female 49,565 (57.54%) 1310 (60.93%) 0.07

Age 65.67 (±8.29) 67.6 (±8.45) 0.06

Mean OKS pre-TKA 19.15 (±7.75) 16.90 (±8.35) 0.28

Mean EQ-VAS pre-TKA 67.87 (±20.35) 67.16 (±20.81) 0.03

Continuous variables are reported as mean ±SD; categorical variables as n (%). Mean OKS pre-TKA showed a Standardized Mean Difference (SMD) equal to 0.28 (highlighted in bold), suggesting a
moderate imbalance.
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digital therapy database is 5 points higher than theNHS database. There are
differences in surgical criteria between countries and health systems. The
NHS system ismuchmore restricted than Belgium regarding arthroplasties
(see e.g https://www.hweclinicalguidance.nhs.uk/clinical-policies/primary-
knee-replacement. Belgium is the second country with the highest rate of
arthroplasty (see e.g. https://www.oecd-ilibrary.org).

In the moveUP dataset, we included only participants who completed
both pre- and post-TKA questionnaires to ensure complete data for ana-
lysis. This exclusion of patients without follow-up responses introduces a
selection bias,meaning the results primarily reflect recovery patterns among
patientswho remained engaged in cohort-1 (digital follow-up) and cohort-2
(standard in-person rehabilitation). Specifically, 905 individuals with
shorter or interrupted use of the moveUP platform (53.14% of the original
1,703 patients in the moveUP registry) were excluded due to loss to follow-
up. Hence, outcomes for these excluded patients might differ systematically
from those of the analyzed sample. Although we assumed thatmissing data
in themoveUP dataset occurred at random, the high dropout rate raises the
possibility that data may be missing not at random. Therefore, our findings
should be interpreted as reflecting the recovery patterns of patients who
remained engaged, rather than the broader moveUP population, sum-
marized in terms of completers and non-comleters in Table 5.

Multidimensional hierarchical IRT model (MHIRT)
Multidimensional Item Response Theory (MIRT) models provide a robust
framework for analyzing patient-reported outcomes by capturing rela-
tionships between questionnaire items and multiple latent traits23. These
latent traits, representing unobserved abilities or characteristics, are linked
to test items through discrimination parameters that measure the extent to
which each trait influences the likelihoodof a specific response.WhileMIRT
models are powerful, they face several limitations that hinder their applic-
ability in complex datasets like patient-reported outcomes measures
(PROMs). One major challenge is factor indeterminacy, or the rotation
problem, which arises when discrimination parameters are not predefined
and must be estimated from data. This problem occurs because multiple
parameter sets, related by a rotation, canfit the data equallywell,making the
interpretation of latent traits and parameter estimates challenging, parti-
cularly in high-dimensional or multifactorial datasets60.

Additionally, current MIRT models rely on rigid, predefined dimen-
sional structures to associate items with latent traits, limiting their ability to
uncover complex interrelations in diverse datasets. They also struggle to
handle redundancy or correlations among items, leading to less sensitive and
precise assessments, especially for overlapping constructs. Furthermore,
existing frameworks are not designed to adaptively model correlations across
diverse dimensions or domains, reducing their generalizability and hindering
their capacity to uncover latent traits that transcend predefined boundaries.
These limitations underscore the need for more flexible, data-driven
approaches to better capture the intricate relationships in PROMs data.

To address these limitations, we propose a new multidimensional
hierarchical IRT model that operates as a full-rank framework to uncover
latent traits and latent item-item correlation structure in PROMs data
without relying on rigid predefined structures.

The key components of the framework are as follows. Latent Variable
Estimation: The model estimates a multidimensional latent vector θi for
each subject, where each component represents a latent trait associatedwith
a specific health-related dimension. The latent variables aremodeled using a
multivariate normal distribution with a shared covariance matrix (denoted
as MHIRT model covariance matrix) that captures the interdependence
amongdimensions.Covariate Integration: Patient-specific covariates, such
as age, gender, and comorbidities, are incorporated into themodel to control
for variability and bias, ensuring more accurate and personalized estimates
of the latent traits.Ordered Logistic Likelihoods: Observed item responses
are modeled using ordered logistic likelihoods parameterized by the latent
traits and covariates. This approach ensures robust handling of ordinal data
and provides interpretable thresholds for each item. Dynamic Item Cor-
relation Modeling: The model includes a hierarchical structure that
dynamically learns the correlation patterns between items, enabling the
identification of interdependent latent traits and avoiding rigid predefined
groupings. Regularization Through Priors: Weakly informative priors,
such as the Lewandowski-Kurowicka-Joe (LKJ) prior for the covariance
matrix, are used to regularize the latent variable estimates. The LKJ prior
enforces constraints on the correlation matrix, encouraging sparsity or a
shrinkage effect towards the identitymatrixwhen there is insufficientdata to
estimate correlations robustly. This prevents overfitting and ensures that the
model effectively captures meaningful patterns in the data.

The proposed framework combines Bayesian hierarchical modeling
withMIRT principles to estimate latent traits and the underlying item-item
correlation structure in PROMs data. This approach offers a data-driven
alternative for exploring multidimensional constructs in patient-reported
outcomes, which may be applicable across different medical contexts and
support more interpretable clinical analysis.

To achieve this, we formalize the problem as follows: given a set of
observed graded responses fQl

ig
N;L
i¼1;l¼1 fromL items andN subjects, wewant

to estimate anL-dimensional latent vector θi for each subject i, in such away
that each component θli of the latent vector is associated to the l-th item.
Furthermore,wewant tomodel the effect of a set ofM covariates, xi,m, on the
response likelihood to control for these factors and reduce bias and inter-
subject variability. We also want to remove the redundancy inherent in the
selected subset of items to reduce the noise, increase the latent vector sen-
sitivity to detect differences in changes, and learn the correlation patterns
between items.

We propose a multidimensional hierarchical IRT model, where the
item outcomes have ordered logistic priors, parameterized by a linear
combination of the latent variables and the covariates. The latent variables
are modeled with a multimodal distribution with a shared scale hyper-
parameter, the covariance matrix.

Specifically, let θi ¼ ½θ1i ; . . . ; θLi � be a normally distributed latent
vector,

θi � N ð0;ΣÞ; ð1Þ

with Σ, the MHIRT model covariance matrix encodes inter-trait
correlations, forming the core of the model’s adaptability. It acts as a
data-driven mechanism to learn inter-item and inter-trait structure. It
regularizes latent variables, promotes interpretability, and avoids overfitting
using an LKJ prior. This enables the model to adaptively identify
multidimensional health traits from PROMs data, a capability that classical
MIRT lacks without manual tuning or strong prior assumptions. Each
component θli reflects the inner subject status regarding item l. We model
the effect of patient characteristics andprevious conditions on the likelihood
of each item l outcome with fixed-effect terms as follows:

dli ¼ θliα
l þ

XM

m¼1

xi;mβ
l
m;

where αl represents the overall difficulty of item l, xi,m of the values of M
covariates for subject i, and βlm is the effect of covariate m on item l.

Table 5 |Comparisonof completers (includedpatients) vsnon-
completers (lost to follow-up patients) in the moveUP dataset

Variable Completers (n
= 798)

Non-completers (n
= 905)

SMD

Female 482 (60.40%) 492 (54.36%) 0.11

Age 63.02 (±8.87) 63.61 (±10.78) 0.06

Mean OKS
pre-TKA

24.35 (±8.33) 23.59 (±8.42) 0.09

Mean EQ-VAS
pre-TKA

59.89 (±21.67) 60.32 (±22.03) 0.02

Continuous variables are reported asmean ±SD; categorical variables as n (%). StandardizedMean
Differences (SMD) are small (SMD ≤ 0.11), suggesting that bias is likely small for moveUP.
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The cumulative probability mass function of the l item is given by:

PðQl
i ¼ 1Þ ¼ 1� logit�1ðdli � cl1Þ

PðQl
i ≥ kÞ ¼ logit�1ðdli � clk�1Þ; if 1 < k≤K;

where fckgK�1
k¼1 are thresholds for item l. This likelihood is called Ordered

Logistic, and the probability for a specific value k > 1 is given
by PðQl

i ¼ kÞ ¼ PðQl
i ≥ kÞ � PðQl

i ≥ kþ 1Þ.
The following priors were used for the model parameters and hyper-

parameters:

βlm � N ð0; 5Þ
lnðαlÞ � N ð0; 5Þ
σα � half-Cauchy ð0; 5Þ
Σ � LKJð1Þ;

and the thresholds clk have uniform priors and are restricted to be
ordered, cl1 < � � � < clK�1.

Inference of model parameters was made using the Stan software61.
Stan is an implementation of a Hamiltonian Monte Carlo algorithm that
efficiently explores the posterior distribution. Stan provides automated
diagnostics to assess convergence and sampling reliability (e.g., R-hat, which
evaluates chainmixing, or Effective Sample Size (ESS), confirming sufficient
independent draws. These diagnostics confirm that the posterior is reliably
characterized, and no computational issues arose. StandardMIRT and IRT
analysis was performed in R (version 4.4.2) with the mirt package (ver-
sion 1.44.0).

Data availability
The datasets analyzed during the current study are available in the England
National Health Service (NHS) repository, https://digital.nhs.uk/. The ret-
rospective data that support the findings of this study are available from
moveUP digital therapies (moveUP solution, Brussels, Belgium. https://
www.moveup.care/), but restrictions apply to the availability of these data,
which were used under license for the current study, and so are not publicly
available. Data are, however, available from the authors upon reasonable
request and with permission from moveUP solution, Brussels.

Code availability
The underlying code for this study and training/validation splits is not
publicly available but may be made available to qualified researchers on
reasonable request from the corresponding authors.
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