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Abstract

Background: Osteoarthritis (OA) is a prevalent chronic degenerative disorder, with
coxarthrosis (hip OA) and gonarthrosis (knee OA) representing its most significant clinical
manifestations. While diagnosis typically relies on imaging, such methods can be resource-
intensive and insensitive to early disease trajectories. Objective: This study aims to achieve
the differential diagnosis of coxarthrosis and gonarthrosis using solely routine preoperative
clinical and laboratory data, benchmarking state-of-the-art machine learning algorithms.
Methods: A retrospective analysis was conducted on 893 patients (617 with knee OA,
276 with hip OA) from a clinical hospital in Almaty, Kazakhstan. The study evaluated a
diverse portfolio of models, including gradient boosting decision trees (LightGBM, XG-
Boost, CatBoost), deep learning architectures (RealMLP, TabDPT, TabM), and the pretrained
tabular foundation model RealTabPFN v2.5. Results: The RealTabPFN v2.5 (Tuned) model
achieved superior performance, recording a mean ROC–AUC of 0.9831, accuracy of 0.9485,
and an F1-score of 0.9474. SHAP interpretability analysis identified heart rate (66.2%)
and age (18.1%) as the dominant predictors driving the model’s decision-making process.
Conclusion: Pretrained tabular foundation models demonstrate exceptional capability in
distinguishing OA subtypes using limited clinical datasets, outperforming traditional en-
semble methods. This approach offers a practical, high-performance triage tool for primary
clinical assessment in resource-constrained settings.

Keywords: osteoarthritis; coxarthrosis; gonarthrosis; machine learning; tabular foundation
models; differential diagnosis; explainable AI; clinical decision support

1. Introduction
Osteoarthritis (OA) stands as the most prevalent form of arthritis globally, charac-

terized by progressive degeneration of articular cartilage with associated bone and soft
tissue changes [1]. The condition represents a chronic degenerative disorder affecting
multiple joints, with particular prevalence in weight-bearing articulations. OA is fun-
damentally defined by the loss of articular cartilage accompanied by hypertrophic bone
changes, osteophyte formation, and subchondral sclerosis [2]. The disease process involves

Algorithms 2026, 19, 87 https://doi.org/10.3390/a19010087

https://crossmark.crossref.org/dialog?doi=10.3390/a19010087&domain=pdf&date_stamp=2026-01-20
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://orcid.org/0000-0003-1919-3570
https://orcid.org/0000-0002-4089-6337
https://orcid.org/0000-0003-3039-6715
https://orcid.org/0000-0002-2628-2515
https://orcid.org/0009-0008-8525-8030
https://doi.org/10.3390/a19010087


Algorithms 2026, 19, 87 2 of 24

complex interactions between mechanical factors, inflammatory pathways, and molecular
degradation mechanisms that collectively contribute to joint dysfunction and pain [3,4].

Coxarthrosis, specifically referring to osteoarthritis of the hip joint, and gonarthrosis,
denoting OA of the knee joint, represent the most clinically significant manifestations of
OA in terms of disability and quality of life impact [5]. Recent global burden estimates
indicate that in 2021, there were approximately 466.3 million new OA cases worldwide,
with an age-standardized incidence rate (ASIR) of around 535 per 100,000 population. The
prevalence of OA reached about 606.9 million cases, with disability-adjusted life years
(DALYs) rising to approximately 213 million [6]. The burden of OA is significantly higher
in women compared to men, with knee osteoarthritis (KOA) remaining the most common
form of OA globally [7].

International clinical criteria for knee and hip OA typically integrate age, pain char-
acteristics, stiffness, functional limitation, and physical examination findings; imaging
is recommended mainly to support the diagnosis and rule out alternative or co-existing
pathologies. Recent evidence emphasizes that a purely radiographic definition of OA is
inadequate for early disease detection and for understanding diverse disease trajectories,
especially in coxarthrosis and gonarthrosis where clinical, biomechanical, and metabolic
drivers differ between joints [8–11]. It is insensitive to early cartilage damage, cannot
visualize key soft-tissue structures, and correlates poorly with symptoms [9,12]. Technical
factors also introduce variability, and the K/L system tends to overemphasize osteophytes
while missing early joint space loss. As a result, radiography is considered suboptimal
for early diagnosis and precise phenotyping [13]. Given the limitations of radiograph,
Magnetic resonance imaging (MRI) offers a more advanced option for assessing KOA and
Hip osteoarthritis (HOA) [14,15]. However, its routine use is limited by high cost, lower
availability, long scan times, and contraindications [16,17].

Non-imaging methods, such as biochemical biomarkers in blood, urine, and synovial
fluid, offer a complementary approach to osteoarthritis assessment. These markers capture
cartilage turnover, bone metabolism, synovial inflammation, and matrix remodeling. While
systemic markers may be influenced by extra-articular factors, synovial fluid biomarkers
more directly reflect intra-articular processes [18,19]. Recent work has begun to integrate
these multi-analyte profiles with machine learning methods to derive diagnostic or staging
models of KOA and related conditions [19].

Machine learning models utilizing non-imaging data have proven to be powerful and
interpretable tools for both the diagnosis of Knee Osteoarthritis (KOA) and the prediction
of related conditions. A diagnostic framework for KOA, employing an XGBoost model
combined with the Boruta feature selection method, demonstrated robust performance,
achieving an Area Under the Curve (AUC) of 0.758, G-means of 0.800, and an F1 score of
0.703 on an unseen test set [20]. Separately, for predicting the risk of sarcopenia in elderly
Chinese KOA patients, the CatBoost algorithm was selected as the optimal model after
achieving strong results on an independent test set: an accuracy of 0.8902, F1 score of 0.8627,
and an AUC of 0.9697, alongside a low Brier score of 0.0691 that indicates dependable
probability estimates [21].

Recent KOA-focused studies have shown that non-imaging clinical and laboratory
data can accurately support diagnosis and risk prediction. In one study of 2594 patients,
ML models (Logistic Regression (LR), Random Forest (RF), eXtreme Gradient Boosting
(xGBoost), Naive Bayes (NB), Support Vector Machine (SVM), and Decision Tree (DT))
using five key variables achieved validation AUCs over 0.82–0.96, outperforming single
markers [22]. Another study applied deep learning (convolutional neural network (CNN)
and artificial neural network (ANN)) to multi-year EMR data (diagnoses, prescriptions,
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age, sex) and predicted one-year KOA risk with an AUROC of 0.97, without any imaging
or questionnaire data [23].

A large UK Biobank study used interpretable ML models combining clinical data,
routine biomarkers, questionnaires, and multi-omics from about 19,000 OA cases and
matched controls to predict 5-year OA risk. For weight-bearing joints like the knee and
hip, multi-modal models achieved AUCs around 0.73, outperforming simple models based
on age, sex, and BMI [10]. In another study, two peripheral blood genes (BIRC2 and
SEH1L) were identified via combined bioinformatics and MLs (least absolute shrinkage
and selection operator (LASSO) logistic regression and support vector machine-recursive
feature elimination (SVM-RFE)) as candidate diagnostic markers for KOA, and functional
experiments in human chondrocytes supported their biological plausibility. These mod-
els explicitly integrate high-dimensional laboratory and bioinformatic data with statis-
tical learning algorithms to derive interpretable diagnostic signatures with an AUC of
0.814–0.964 [24].

The scientific contribution of this study lies in its methodological approach, specifically
the benchmarking of various state-of-the-art machine learning algorithms for tabular
data prediction, referred to as “TabArena” methods [25]. While the clinical utility lies in
achieving the differential diagnosis of coxarthrosis (Hip OA) and gonarthrosis (Knee OA)
using solely routine preoperative clinical and laboratory data, the scientific contribution
stems from the evaluation of three complementary families of high-performance models.

This systematic comparison included highly competitive gradient boosting decision
tree models, such as LightGBM (tuned), XGBoost (tuned + ensembled), and CatBoost
(tuned + ensembled), alongside a selection of recent deep learning architectures for tabular
data. These deep models included the Transformer-based TabDPT (tuned + ensembled),
the parameter-efficient TabM (tuned + ensembled), the deep learning baseline RealMLP
(tuned + ensembled), and the pre-trained tabular foundation model RealTabPFN-v2.5,
investigated at three complexity levels: (tuned + ensembled), (tuned), and (default). The
study also benchmarked the Metric-Learning Pipeline ModernNCA (tuned + ensembled)
and two AutoML baselines: AutoGluon 1.4 (best, 4 h) and AutoGluon 1.4 (extreme, 4 h). By
subjecting this diverse portfolio of models to a unified evaluation framework without data
leakage, this study establishes a high-performance benchmark demonstrating the capability
of modern ML to perform complex differential diagnosis based on routine clinical data.

This approach is not intended to replace imaging-based gold standards but rather to
serve as a practical triage tool during primary clinical assessment. It is designed for patients
with non-specific lower limb pain, assisting clinicians in deciding whether to primarily
order a hip or knee X-ray. Importantly, the model is not intended for primary diagnostic
screening (distinguishing OA from healthy joints or other conditions), but is specifically
designed to aid in differentiating between the two types of OA in patients who already
present with symptoms and clinical suspicions.

2. Materials and Methods
2.1. Data Collection

The study population was recruited from the endoprosthetics department of the
City Clinical Hospital of Almaty, Kazakhstan. Adhering to the ethical principles of the
Declaration of Helsinki [26], the study was conducted in full compliance with ethical
standards and received approval from the Bioethics Committee of the National Center for
Scientific and Technical Orthopedics (NCSTO) named after Academician N. D. Batpenov
(Protocol No. 1/4). In accordance with local legislation and the approved protocol, the
requirement for informed consent was waived as the analysis utilized a strictly retrospective
and completely anonymized dataset. Prior to dissemination, data were processed by
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NCSTO; direct identifiers were removed, and indirect identifiers were generalized or
pseudonymized following ISO 25237:2017 standards to ensure patient confidentiality on
secure institutional servers [27].

Initially, clinical and laboratory indicators were collected from 2043 patients. Eligible
participants were ≥50 years of age with clinical and radiologic proof of coxarthrosis or
gonarthrosis (Kellgren–Lawrence grade ≥ II) [28], and normal C-reactive protein (CRP) and
erythrocyte sedimentation rate (ESR) levels [29]. These parameters ensured a consistent
osteoarthritis cluster and excluded borderline or preclinical cases.

Exclusion criteria encompassed high levels of inflammatory markers (CRP, ESR, RF,
ACPA, or uric acid), diagnosed inflammatory arthritis, aseptic necrosis, tumors, infections,
recent joint injuries, and discomfort originating primarily from the spine. Patients with
severe comorbidities, cognitive impairment, or incomplete records were also omitted to
rule out confounding factors such as autoimmune diseases or metabolic disorders.

Following the application of these strict inclusion and exclusion criteria to the ini-
tial 2043 records, a final group of 893 patients was retained for analysis. The collected
information focused exclusively on the preoperative phase and comprised demographic
details (age), clinical indicators, hematological parameters, and biochemical markers. This
approach facilitates rapid diagnosis and predictive modeling [30]. To ensure the homo-
geneity of the OA cohort and minimize confounding factors, strict inclusion and exclusion
criteria were applied to the initial pool of 1792 patients. Inclusion criteria were: age 50 years
or older, clinically and radiologically confirmed coxarthrosis or gonarthrosis (Kellgren–
Lawrence grade ≥ II), and normal levels of C-reactive protein (CRP) and erythrocyte
sedimentation rate (ESR). The restriction to age ≥ 50 ensured the exclusion of juvenile or
early-adult secondary OA, validating that the observed younger mean age in the hip cohort
(relative to the knee cohort) reflects the natural disease trajectory of primary osteoarthritis
rather than outlier inclusion. In the final cohort, the average age was 62.38 years, and the
average resting heart rate was 76.67 ± 2.82 beats/min. Table 1 displays the characteristics of
the subjects.

Table 1. Baseline demographic, clinical, and laboratory characteristics of the study population.

Variable Overall (n = 893) Knee OA (n = 617) Hip OA (n = 276)

Age (years) 62.6 ± 11.6 65.9 ± 7.7 55.4 ± 15.1
Gender (Female) 660 (73.9%) 490 (79.4%) 170 (61.6%)
Gender (Male) 233 (26.1%) 127 (20.6%) 106 (38.4%)
BMI (kg/m2) 26.3 ± 2.4 26.5 ± 2.5 26.1 ± 2.1

Heart Rate (bpm) 76.9 ± 2.7 78.0 ± 1.8 74.4 ± 2.8
Hemoglobin (g/L) 133.7 ± 18.8 133.2 ± 18.1 134.9 ± 20.4
Leukocytes (109/L) 6.7 ± 1.8 6.6 ± 1.8 6.9 ± 1.9

Platelets (109/L) 263.4 ± 67.4 264.4 ± 67.9 261.0 ± 66.4
ESR (mm/h) 14.1 ± 11.2 14.2 ± 11.4 13.8 ± 10.7

Creatinine (µmol/L) 72.9 ± 30.3 71.1 ± 19.9 76.8 ± 45.4
Glucose (mmol/L) 5.9 ± 1.5 6.1 ± 1.5 5.6 ± 1.3

Length of Stay (days) 8.8 ± 2.3 8.8 ± 2.4 8.7 ± 1.8

2.2. Data Preprocessing

The raw dataset exhibited substantial non-uniform missingness across several clini-
cally essential variables, including weight (23.1%), AST (15.6%), ALT (15.1%), ESR (14.6%),
and platelet count (11.2%). Given the physiological interdependence of these markers
and the moderate dataset size, multiple imputation was not applied to avoid introducing
artificial correlations and biased signal structure. Instead, a complete-case analysis was
adopted, reducing the cohort from 2043 to 893 patients (~56%). This conservative strategy
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prioritized data integrity, interpretability, and model stability across heterogeneous machine
learning frameworks.

The dataset quality was perceived as a key determinant to later machine learning
performance and interpretability [31]. Since the original dataset was from clinical practice,
this data had missing values, variable scales which would fluctuate to different scales, and
class imbalance. For this reason, a comprehensive preprocessing procedure was performed
before the model was formulated.

Certain variables and clinical results including blood work and serum tests was a
good example which had missing data by incomplete entry of data from EMR. So as
not to introduce bias based on the assumptions that results should be entered and to
prevent having an analysis of case which would be too complete and thereby improve
the performance of the model, a complete case analysis was chosen as a method. All
samples with at least one missing candidate predictor variable were eliminated. After
the preliminary analysis of numeric variables, we considered the integrity of the numbers
in the dataset and whether the values were within reasonable limits. The reduction in
cases after implementing quality control measures was from 2043 cases to 893 cases. This
improvement guaranteed that only complete and clinically reasonable cases remained in
place for modeling.

As most of the data were numerical in character, we did not have a wide range of
categories of interest. Sex, which was the only predictor variable that was categorical,
was encoded into a binary number (0 = female, 1 = male), in order to keep gender non-
ordinal and still enter fully into all machine-learning models. The variable to be predicted,
diagnosis, was binary, thus was not encoded either (0 = gonarthrosis, 1 = coxarthrosis). To
ensure that there is no information leakage, the preoperative risk score was not added to
the feature set, as it is the integrated value of clinical features that share clinical attributes
with the predictors that a model can be trained using.

Feature engineering was specifically done to amplify prediction power under the
clinically interpretable conditions. BMI was calculated from the height and weight as
previously proposed [32]:

BMI =
Weight (kg)
Height (m)2

(1)

BMI was included as an additional predictor together with the value of the height
and weight parameters. This process helped models model two forms of risk, adiposity-
related risk through BMI and anthropometric-driven effects derived from biomechanical
parameters. No additional features were derived after all to avoid complication and to fit
common clinical measures. Following some preprocessing, exclusion of the risk variable
and BMI derivation, the outcome dataset eventually included 20 numerical predictors
which include demographic variables, vital signs, hematological indices, renal and hepatic
function markers, glucose metabolism and hospitalization-associated markers with one
binary diagnostic outcome variable.

Feature scaling [33] was used due to the heterogeneous units of measurement in
clinical variables (e.g., age (years), hemoglobin (g/L), glucose (mmol/L), and platelet count
(×109/L). Without scaling variables with much larger numeric ranges could dispropor-
tionately impact model training. This allowed for Z-score normalization to be used on all
numerical predictors [34], defined as,

Z =
x − µ

σ
(2)

where X represents the observed value, µ the feature mean, and σ the standard deviation.
Z-score normalization was preferred over min-max scaling because it preserves distribu-
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tional properties and is less sensitive to extreme values, which are common in clinical
data [34]. To prevent data leakage, scaling parameters were fitted exclusively on training
data within each cross-validation fold and subsequently applied to the corresponding
validation data [35]. This fold-specific scaling strategy preserved evaluation integrity and
ensured reproducibility. This approach was explicitly adopted to prevent information
leakage and to ensure that the reported ROC–AUC values reflect genuine predictive signal
rather than preprocessing artifacts.

2.3. Machine Learning Algorithms for Classification

Dataset quality was considered a key factor determining the performance and inter-
pretability of subsequent machine learning [30]. The final dataset consisted of complete
clinical and laboratory records for 893 patients. Due to strict collection criteria, the dataset
was characterized by high integrity, and preliminary analysis confirmed that all numerical
values fell within valid physiological ranges, allowing all 893 cases to be used for modeling
without the need to exclude any records.

The prediction task was described as a supervised binary classification problem that
served to distinguish between coxarthrosis and gonarthrosis based on clinical and lab-
oratory characteristics. Coxarthrosis was referred to as the positive class in this study,
compared with gonarthrosis, the negative class. This formulation reflects a clinically rele-
vant diagnostic setting where decisions must be made before surgical procedures using
routinely available clinical data. Faced with this problem, a rich set of machine learning
algorithms was purposely chosen to account for complementary inductive biases and
modeling assumptions. To achieve extensive methodological coverage, a diverse array of
classical ensemble-based methods, deep learning architectures, metric-learning approaches,
and automated machine learning frameworks were integrated. Such a strategy allowed for
comparisons of models with different levels of complexity, interpretability, and ability to
accommodate nonlinear feature interactions that allowed for a robust assessment of the
performance of algorithms on structured clinical data.

Gradient boosting decision tree models, including LightGBM, XGBoost, and CatBoost,
were selected due to their strong performance on tabular datasets and their ability to model
non-linear relationships and feature interactions [36]. These models construct additive
ensembles of weak learners, iteratively minimizing a differentiable loss function:

Fm(x) = Fm−1(x) + ηhm(x) (3)

where hm(x) denotes the weak learner at iteration m and is the learning rate [37]. Hy-
perparameters controlling tree depth, number of leaves, learning rate, subsampling, and
L1/L2 regularization were optimized using grid search combined with stratified five-
fold cross-validation. Model selection was based on maximizing mean cross-validated
ROC–AUC.

At this stage, we tested two configurations for LightGBM in order to investigate the
impact of hyperparameter optimization and ensembling on predictive performance. The
hyperparameters determining the model capacity and regularization in the tuned setting;
number of boosting iterations, learning rate, maximum tree depth, number of leaves,
subsampling ratios, and L1/L2 regularization terms were optimized via grid search with
stratified cross-validation, using ROC–AUC as the model selection parameter. A tuned +
ensemble configuration was implemented by averaging class-probability predictions from
multiple LightGBM models trained with identical optimized hyperparameters but different
random seeds, with performance evaluated via stratified cross-validation.

Extending from our previous approach, XGBoost was further evaluated with tuned
+ ensemble configurations under stratified five-fold cross-validation. Numerical features
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were standardized and class imbalance was mitigated with a blend of class-weighted
learning and SMOTE used only on the training folds. Hyperparameters were tuned using
grid search with ROC–AUC as the selection metric. To give greater robustness, predictions
from different models trained on different random seeds were averaged together for
final outputs.

Likewise, CatBoost was also evaluated through tuned and tuned + ensemble settings.
With the tuned setup, important hyperparameters including number of boosting iterations,
tree depth, learning rate, and L2 regularization strength were optimized via grid search
with stratified cross-validation. The ordered boosting strategy of CatBoost was kept in
order to prevent target leakage during tree construction. In the tuned + ensemble condition,
the optimized CatBoost model was mounted as part of a bagging implementation, which
means that when you combine several models trained on different resampled subsets you
have many converging predictions. This ensemble approach improved both robustness
and accuracy, especially in the case that the model was under class imbalance.

In the gradient boosting decision tree models, class imbalance was consistently dealt
with applying a class-weighted learning scheme together with SMOTE in training folds,
and numerical features were standardized in order to ensure stable and comparable opti-
mization performance. These arrangements together allowed for a regular comparison of
optimized single models and their ensemble-based versions relative to predictive stability
and generalization accuracy.

Following the evaluation of gradient boosting decision tree models, deep learning–
based approaches were incorporated to assess the effectiveness of neural architectures
on structured clinical data. RealMLP, a regularized multilayer perceptron tailored for
tabular data [13–38], was evaluated under tuned and tuned + ensembled configurations.
In the tuned setting, model capacity and optimization dynamics were deliberately con-
strained to mitigate overfitting on the limited dataset, employing shallow depth, low hid-
den dimensionality, batch normalization, high dropout, and L2 regularization via AdamW.
Class imbalance was handled using class-weighted cross-entropy loss in combination with
SMOTE applied exclusively to training folds, while early stopping based on validation
loss controlled training duration. Hyperparameters were selected based on prior literature
and empirical best practices for small-sample tabular learning rather than exhaustive grid
search. In the tuned + ensembled configuration, robustness was further improved through
deep ensembling, where multiple independently initialized RealMLP models were trained
per cross-validation fold and their class-probability outputs averaged, reducing estimator
variance and improving predictive stability and calibration.

After learning gradient boosting decision tree approaches, deep learning-based meth-
ods were used to evaluate the effectiveness of neural architectures on structured clinical
data. RealMLP, a regularized multilayer perceptron for tabular data [38], was studied while
utilizing tuned and tuned + ensembled configurations. Model capacity and optimization
dynamics were purposefully limited in the tuned environment to suppress overfitting on
small dataset by using shallow depth, low hidden dimensionality, batch normalization,
high dropout and L2 regularization with AdamW. Class imbalance was dealt with by
using class-weighted cross-entropy loss in combination with SMOTE applied exclusively to
training folds, with early stopping based on validation loss for limiting training duration.
Hyperparameters were selected based on past literature and best practice for small-scale
tabular learning, rather than exhaustive grid search. In the tuned + ensembled setup,
robustness was also achieved through deep ensembling, where several independently
initialized RealMLP models were trained for each cross-validation fold and their class-
probability outputs were averaged to reduce estimator variation, stabilizing prediction and
improving the calibration.
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Complementing the direct discriminative modeling strategy of RealMLP, Modern-
NCA was implemented as a metric learning approach rather than a conventional classi-
fier, learning a low-dimensional embedding space optimized for class separation via a
distance-based probabilistic objective [39]. Input features were standardized, and SMOTE
was applied within training folds. ModernNCA was evaluated exclusively in a tuned
+ ensemble configuration, employing conservative architectural constraints and early
stopping based on validation ROC–AUC as the primary mechanism for controlling overfit-
ting in the learned embedding space; no exhaustive grid search was performed. All
reported metrics are expressed as mean ± standard deviation across stratified cross-
validation folds, with ensemble averaging applied at the prediction level within each
fold. Together with RealMLP, these neural approaches provided complementary views of
representation learning, contrasting direct discriminative modeling with distance-based
embedding optimization.

To complement RealMLP, ModernNCA is performed as a metric learning, as opposed
to a standard classifier, which learns a low-dimensional embedding space optimized for
the separation of the classes through distance-based probabilistic objective [39]. Input
features were standardized and SMOTE was implemented in training folds. ModernNCA
was evaluated using only tuned + ensembled architecture and conservative architectural
constraints, where the early stopping was controlled based on validation ROC–AUC as the
key procedure to control overfitting of learned embedding space, but there was no exhaus-
tive grid search. All reported metrics are presented as mean ± standard deviation with
stratified cross-validation folds, and ensemble averaging is provided at the prediction level
per fold. These neural approaches offered complementary perspectives about representa-
tion learning with RealMLP and offered a different perspective on direct discriminative
modeling and distance-based embedding optimization.

Extending the analysis to attention-based deep learning paradigms, transformer-
based tabular models, namely TabDPT and TabM, were employed to evaluate whether
attention-based feature interaction modeling can improve discrimination in structured
preoperative clinical data, where complex and non-linear dependencies between vari-
ables are expected [40,41]. Both architectures are built upon self-attention mechanisms of
the form

Attention (Q, K, V) = so f tmax
(

QKT
√

dk

)
V (4)

where

1. Q (Query matrix) represents the features that are requesting information. Each row
corresponds to a query vector;

2. K (Key matrix) represents the features against which the queries are;
3. V (Value matrix) contains the information that will be aggregated and passed forward;
4. QKT computes the similarity (dot product) between each query and all keys;
5. dk is the dimensionality of the key vectors; dividing by

√
dk stabilizes gradients and

prevents excessively large attention scores;
6. softmax(·) converts the similarity scores into normalized attention weights that sum

to one;
7. Multiplication V produces a weighted sum of the value vectors, yielding the final

attention output.

In this mechanism, each input element dynamically attends to other elements by
assigning higher weights to more relevant features. This enables transformer models to
capture complex dependencies and interactions within tabular or sequential data without
relying on a fixed feature ordering, allowing adaptive weighting of feature relationships
and flexible modeling of inter-feature dependencies [42].
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In the tuned TabDPT setup, numerical features were embedded individually and pro-
cessed by a shallow transformer encoder with limited capacity. Overfitting was controlled
using elevated dropout, AdamW regularization, and a reduced learning rate. Stratified
five-fold cross-validation was employed, with class imbalance handled via SMOTE within
training folds and a class-weighted loss. Early stopping based on validation loss was ap-
plied, and architectural parameters were fixed without exhaustive hyperparameter search.

The tuned + ensembled TabDPT configuration retained the same architectural and
regularization settings while enhancing robustness through internal ensembling. A single
transformer backbone produced multiple parallel prediction heads, each acting as an
independent voter. During training, logits from all ensemble members were averaged
prior to loss computation to encourage consensus, while inference relied on probability
averaging across ensemble members to reduce variance without increasing model depth or
training complexity.

For TabM, a related transformer-based architecture emphasizing internal ensembling,
both tuned and tuned + ensemble configurations were evaluated. In the tuned TabM
setting, numerical features were embedded into a lower-dimensional latent space and pro-
cessed through a moderately deep transformer encoder (three layers) with reduced width,
increased dropout (0.2), and L2 regularization. Mean pooling across token embeddings was
used instead of a classification token, and early stopping controlled training duration. In
the tuned + ensembled TabM configuration, robustness was further improved by producing
multiple parallel class logits within the model head (ensemble size up to 32). Logits were
averaged during training to stabilize optimization, and probability averaging was applied
at inference to reduce estimator variance. Across all transformer-based configurations,
feature standardization, SMOTE-based resampling, class-weighted loss functions, and
fold-specific preprocessing were applied consistently within stratified cross-validation to
ensure leakage-free and comparable evaluation.

AutoGluon v1.4 was employed as an automated machine learning benchmark using
the best_quality and extreme presets [43]. These presets provide strong out-of-the-box per-
formance by internally handling model selection, hyperparameter optimization, stacking,
and ensembling across a diverse set of base learners [44]. Both configurations were evalu-
ated using stratified five-fold cross-validation, with a fixed computational time budget of
four hours. All hyperparameter optimization and ensemble construction were performed
entirely within the AutoGluon framework, with no manual grid search or user-defined tun-
ing, allowing AutoGluon to serve as a robust automated reference reflecting performance
achievable without manual model engineering.

In addition, pretrained tabular foundation models were evaluated to assess inference-
based generalization on a relatively small clinical dataset. Specifically, RealTabPFN v2.5 was
included due to its design philosophy of minimizing task-specific training while leveraging
priors learned from both synthetic tabular tasks and continued pre-training on curated real-
world datasets [45]. Three configurations were examined. First, RealTabPFN (Default v2.5)
was applied using its standard inference setting without any task-specific hyperparameter
modification. Second, RealTabPFN (Tuned v2.5) employed an adjusted inference configura-
tion by increasing the number of internal estimators to improve predictive stability and
reduce variance at inference time. Third, RealTabPFN (Tuned + Ensembled v2.5) combined
the tuned inference configuration with an external bagging ensemble, in which multiple
TabPFN predictors were trained on bootstrap resamples within each cross-validation fold
and their class-probability outputs averaged. For all TabPFN-based models, no traditional
grid search or gradient-based fine-tuning was performed, consistent with their intended
use as pretrained inference models rather than conventionally trained classifiers [46].

https://doi.org/10.3390/a19010087

https://doi.org/10.3390/a19010087


Algorithms 2026, 19, 87 10 of 24

Overall, multiple machine learning models representing different learning paradigms
were systematically evaluated under consistent and leakage-free experimental conditions.
The following section presents and compares their predictive performance.

To comprehensively assess model performance and ensure clinical relevance, multi-
ple complementary evaluation metrics were employed. The use of several metrics was
necessary because no single measure fully captures predictive quality, particularly in the
presence of class imbalance and asymmetric clinical risks.

Accuracy measures the overall proportion of correctly classified instances and is
defined as:

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively.

Accuracy provides an intuitive summary of overall correctness; however, in medical
classification tasks, it may be misleading when class distributions are imbalanced, as high
accuracy can be achieved by favoring the majority class.

Precision quantifies the reliability of positive predictions and is expressed as:

Precision =
TP

TP + FP
(6)

This metric reflects the proportion of patients predicted as having the target con-
dition who are correctly identified. High precision is particularly important in clinical
settings where false-positive predictions may lead to unnecessary interventions, diagnostic
procedures, or patient anxiety.

Recall, also known as sensitivity, measures the ability of a model to correctly identify
positive cases:

Recall =
TP

TP + FN
(7)

In a medical context, recall is crucial because false negatives correspond to missed
diagnoses. A model with high recall reduces the likelihood of failing to identify patients
who truly have the condition, which is especially important when delayed treatment may
worsen outcomes.

The F1-score represents the harmonic mean of precision and recall:

F1 = P
2TP

2TP + FP + FN
(8)

By balancing both false positives and false negatives, the F1-score provides a single
metric that is particularly informative when class distributions are uneven. It is well-suited
for evaluating clinical classifiers where both types of errors carry significant consequences.

ROC–AUC evaluates a model’s ability to discriminate between classes across all
possible classification thresholds. It is defined as the area under the ROC curve, which
plots the true positive rate (recall) against the false positive rate:

FPR =
FP

FP + TN
(9)

An AUC value of 0.5 indicates random performance, whereas a value of 1.0 indicates
perfect discrimination.

ROC–AUC was selected as the primary evaluation metric because it is threshold-
independent and robust to class imbalance, making it particularly appropriate for compar-
ing different models in a clinical prediction setting.
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3. Results
Across all evaluated models, discriminative performance was generally strong, with

most achieving high ROC–AUC values under stratified five-fold cross-validation. To fully
capture model efficacy in a clinical diagnostic scenario, we utilized a comprehensive suite of
metrics, prioritizing the tradeoff between false-positive and false-negative errors alongside
overall accuracy. Among all assessed methods, RealTabPFN v2.5 (Tuned) achieved the
superior overall performance, recording the best mean ROC–AUC (0.9831 ± 0.0053) as
well as consistently high accuracy (0.9485 ± 0.0173), precision (0.9503 ± 0.0161), recall
(0.9485 ± 0.0173), and F1-scores (0.9474 ± 0.0182).

While conventional tree-based ensemble models—such as LightGBM, XGBoost,
and CatBoost—exhibited strong predictive capabilities, RealTabPFN distinguished itself
through superior stability and robustness across folds. This advantage likely stems from
its nature as a pretrained tabular foundation model, which utilizes rich prior structures
and a probabilistic framework to handle class imbalance and generalization better than
standard gradient boosting or neural networks. Although ensemble-based versions of
other models helped decrease variance, they offered diminishing returns compared to
the tuned RealTabPFN. Consequently, RealTabPFN v2.5 (Tuned) was selected as the main
predictive model for further analysis. To ensure clinical interpretability and trust, post
hoc explanations were applied to this final model, providing clear insights into the factors
driving individual predictions in the decision-making process.

Performance of all models is given in Table 2, reported as mean ± standard deviation
across stratified five-fold cross-validation.

Table 2. Performance comparison of evaluated models.

Model Accuracy Precision Recall F1-Score ROC–AUC

RealTabPFN v2.5 (Tuned) 0.9485 ± 0.0173 0.9503 ± 0.0161 0.9485 ± 0.0173 0.9474 ± 0.0182 0.9831 ± 0.0053
RealTabPFN v2.5 (Default) 0.9474 ± 0.0160 0.9715 ± 0.0170 0.8554 ± 0.0512 0.9090 ± 0.0300 0.9831 ± 0.0045

AutoGluon 1.4 (Extreme, 4 h) 0.9429 ± 0.0186 0.9589 ± 0.0159 0.8518 ± 0.0486 0.9018 ± 0.0338 0.9795 ± 0.0032
AutoGluon 1.4 (Best, 4 h) 0.9451 ± 0.0144 0.9520 ± 0.0117 0.8662 ± 0.0384 0.9068 ± 0.0255 0.9793 ± 0.0049

RealTabPFN v2.5
(Tuned + Ensemble) 0.9463 ± 0.0166 0.9469 ± 0.0158 0.9463 ± 0.0166 0.9454 ± 0.0173 0.9791 ± 0.0119

LightGBM (Tuned) 0.9384 ± 0.0150 0.9051 ± 0.0096 0.8953 ± 0.0564 0.8991 ± 0.0280 0.9791 ± 0.0061
CatBoost (Tuned) 0.9373 ± 0.0184 0.9261 ± 0.0087 0.8663 ± 0.0579 0.8943 ± 0.0338 0.9790 ± 0.0064

XGBoost (Tuned + Ensemble) 0.9261 ± 0.0185 0.8755 ± 0.0226 0.8881 ± 0.0577 0.8807 ± 0.0322 0.9730 ± 0.0070
LightGBM (Tuned + Ensemble) 0.9362 ± 0.0228 0.9194 ± 0.0176 0.8701 ± 0.0703 0.8927 ± 0.0425 0.9781 ± 0.0055
CatBoost (Tuned + Ensemble) 0.9306 ± 0.0168 0.9178 ± 0.0088 0.8518 ± 0.0518 0.8828 ± 0.0307 0.9773 ± 0.0075

TabDPT (Tuned) 0.9026 ± 0.0282 0.8057 ± 0.0486 0.9060 ± 0.0460 0.8522 ± 0.0403 0.9651 ± 0.0120
TabDPT (Tuned + Ensemble) 0.9160 ± 0.0150 0.8291 ± 0.0402 0.9204 ± 0.0201 0.8717 ± 0.0198 0.9611 ± 0.0102

TabM (Tuned) 0.9127 ± 0.0215 0.8444 ± 0.0326 0.8806 ± 0.0514 0.8616 ± 0.0339 0.9613 ± 0.0105
TabM (Tuned + Ensemble) 0.9070 ± 0.0229 0.8149 ± 0.0331 0.9061 ± 0.0554 0.8575 ± 0.0361 0.9610 ± 0.0131

ModernNCA (Tuned + Ensemble) 0.9071 ± 0.0179 0.8443 ± 0.0333 0.8588 ± 0.0341 0.8511 ± 0.0270 0.9408 ± 0.0152
RealMLP (Tuned + Ensemble) 0.9048 ± 0.0157 0.8504 ± 0.0285 0.8406 ± 0.0345 0.8452 ± 0.0254 0.9334 ± 0.0213

RealMLP (Tuned) 0.9003 ± 0.0107 0.8311 ± 0.0236 0.8515 ± 0.0266 0.8408 ± 0.0165 0.9305 ± 0.0202

To further examine the robustness of the high ROC–AUC values, fold-wise perfor-
mance metrics for the best-performing model, RealTabPFN v2.5 (Tuned), are reported in
Table 3.
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Table 3. Fold wise cross validation performance of RealTabPFN v2.5 Tuned.

Fold Validation Accuracy Validation ROC–AUC Training Accuracy

1 0.9441 0.9905 0.9734
2 0.9609 0.9838 0.9692
3 0.9218 0.9792 0.9776
4 0.9663 0.9852 0.9790
5 0.9494 0.9769 0.9818

Mean ± SD 0.9485 ± 0.0173 0.9831 ± 0.0053 0.9762 ± 0.0048

As shown in these results, the model demonstrated high stability across all stratified
cross validation folds, achieving a mean validation ROC AUC of 0.9831 with a low standard
deviation of 0.0053. This consistency indicates that the model is capturing reproducible
clinical patterns rather than noise or fold specific artifacts. Furthermore, the generalization
gap defined as the difference between mean training accuracy of 0.9762 and validation
accuracy of 0.9485 was limited to 0.0277. This narrow margin supports stable generalization
behavior and contrasts with the high variance overfitting often suspected when ROC AUC
values exceed 0.95 in clinical prediction tasks. The observed robustness is likely attributable
to the architecture of RealTabPFN v2.5 which leverages Prior Data Fitted Networks to model
complex non linear relationships while maintaining strong generalization on structured
clinical data.

Figure 1 gives the aggregated receiver operating characteristic (ROC) curve for the
best-performing model, RealTabPFN v2.5, obtained by pooling predictions across stratified
five-fold cross-validation. The ROC curve shows the association of true positive rate
(sensitivity) with false positive rate at every decision threshold in a threshold-independent
manner, and therefore provides a measure of discriminative effect based on the ROC curve.

Figure 1. Illustration of Aggregated ROC Curve.
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The model demonstrates strong class separability, with the ROC curve consistently
lying well above the diagonal corresponding to random classification. The area under
the ROC curve (AUC = 0.981) indicates excellent discrimination between coxarthrosis
and gonarthrosis, reflecting model ability to correctly rank positive versus negative cases
and the fact that it ranks the positive more highly than the negative for a wide range of
thresholds. Significantly, the high true positives obtained at low false positives can imply
robustness against class imbalance, which is supportive of reliable performance in clinically
feasible operating areas.

Following the ROC analysis, Figure 2 presents the aggregated precision–recall (PR)
curve for RealTabPFN v2.5, constructed by pooling predictions across stratified five-fold
cross-validation. The PR curve characterizes the trade-off between precision and recall and
is particularly informative in settings with class imbalance, where ROC curves alone may
provide an overly optimistic assessment.

Figure 2. Illustration of Aggregated Precision–Recall (PR) Curve.

The model demonstrates exceptional robust performance with an Average Precision
(AP) of 0.969, indicating a high success rate in identifying positive cases without a significant
increase in false positives. Notably, the curve maintains precision near unity (1.0) until
reaching a recall threshold of approximately 0.8, at which point a controlled trade-off
begins. This stability in the high-precision/high-recall quadrant suggests that the model is
particularly effective for risk-sensitive medical decision-making, where both reliability and
sensitivity are critical.

The calibration curve for RealTabPFN v2.5 is shown in Figure 3, corresponding to
the correlation among the model’s average predicted probabilities and the observed frac-
tion of positive cases, summed over stratified five-fold cross validation. The dashed
diagonal denotes perfect calibration, wherein predicted risks correspond exactly to the
empirical outcomes.
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Figure 3. Calibration curve of the RealTabPFN v2.5 model.

The calibration curve of the model matches the reference line very closely in most
probability bins. In fact, low-probability predictions (≈0.05–0.10) match very well with
observed positive fractions that are near the same value which means it is correct to estimate
low-risk cases as a given. Likewise with intermediate predictions, near 0.20–0.30, outcome
rates observed are very near this predicted level, suggesting valid and reliable probabilistic
estimates in this clinically significant decision domain.

At higher predicted probabilities (≈0.70–0.80), the model slightly overestimates risk, as
the observed fraction of positives falls marginally below the predicted probability. However,
this deviation is modest, and at the highest probability bin (≈1.0) the curve again closely
matches the diagonal, indicating that predictions labeled as very high risk are strongly
supported by observed outcomes. Overall, the calibration behavior demonstrates that
RealTabPFN v2.5 provides well-aligned and interpretable probability estimates across the
full risk spectrum, with only minor deviations that do not compromise its practical utility.

The model estimates risk at higher predicted probabilities (≈0.70–0.80) as the observed
fraction of positives slightly is lower than the predicted probability. Nevertheless it is a small
deviation, with the curve again corresponding to the diagonal in the highest probability
bin (≈1.0); we can conclude that the very high risk predicted value is well confirmed by
observed outcomes. More broadly, the calibration results reveal that the model offers clear
and interpretable probability estimates of probabilities by the end of the risk spectrum and
contains only slight deviations which do not threaten the performance of the model.

Following the calibration analysis, which demonstrated close agreement between pre-
dicted probabilities and observed outcome frequencies, Figure 4 provides a complementary
view of model performance through the aggregated confusion matrix for TabPFN v2.5,
where Class 0 represents gonarthrosis and Class 1 represents coxarthrosis.
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Figure 4. Illustration of Aggregated Confusion Matrix.

The model correctly classified 611 gonarthrosis cases as true negatives and
236 coxarthrosis cases as true positives, confirming strong overall predictive accuracy.
Misclassifications were limited, comprising 6 false positives, in which gonarthrosis cases
were incorrectly predicted as coxarthrosis, and 40 false negatives, where coxarthrosis
cases were classified as gonarthrosis. Consistent with the precision–recall results, the er-
ror profile indicates a slightly higher incidence of false negatives than false positives,
reflecting a conservative decision tendency while maintaining low rates of incorrect
positive predictions.

Based on classification performance assessment from the confusion matrix, which
represented the predictive accuracy and error distribution of the model, an interpretability
analysis was carried out to determine what features guided these predictions. To this
purpose, SHAP (SHapley Additive exPlanations) was used to offer a global, model-agnostic
assessment of feature importance where it is combined with the performance metrics giving
an all-around look into how the model was making these predictions.

Figure 5 shows the global feature importance ranking by SHAP value quantified by
mean absolute SHAP value and represented in a relative percentage contribution. Heart
rate (HR) is the major predictor, which explains about 66.2% of model significance; hence,
model predictions are mainly guided by HR variations. Age is the second most important
predictor at 18.1%, followed by hematocrit with a moderate (4.9%) significance. Combined,
these three major features account for most of the model’s predictive power.
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Figure 5. SHAP Feature importance of TabPFN v2.5 (tuned).

All other variables contribute only slightly, contributing less than 2% of the over-
all mean importance. Gender (1.8%), leukocytes, hemoglobin and weight (0.9%) show
relatively modest, albeit reliable, influence, and biochemical and clinical variables, like
bilirubin, glucose, BMI, ESR, creatinine, AST, ALT, urea, have limited impact. This steep
drop in significance suggests the limited feature concentration is dominant, reiterating the
interpretability of our model and pointing to the fact that only a small fraction of clinically
appropriate variables can contain the majority of the prediction signal.

The global SHAP feature-importance ranking in Figure 6 does measure how much
each single variable contributes to the model’s prediction overall, but does not indicate
which direction, or how large of an effect each feature has on the resulting prediction.

The global contribution of its features to the model’s predictions is captured (Figure 6),
which represents the SHAP summary plot. The most significant predictor was heart rate
(HR), which is a variable whose higher values consistently lead to a higher predicted
probability of the positive class and whose lower values act as protective factors. Age was
ranked in second place overall, and with higher values of age positively shaping the model
output. Hematocrit showed a relatively moderate and uniform contribution, while gender
reported a smaller but systematically significant effect.

Other laboratory and clinical variables, such as leukocytes, hemoglobin, bilirubin,
creatinine, and glucose, had rather slight effects. Anthropometric and biochemical mea-
sures including weight, height, BMI, AST, ALT, urea, platelets and erythrocytes were
predominantly centered around zero reflecting low global.
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Figure 6. SHAP Summary Plot.

4. Discussion
It is not surprising that clinical data has become a lightning rod for machine learning,

providing tabular clinical data and allowing coxarthrosis and gonarthrosis (which are both
clinically defined diseases) to be classified. This work stands apart by being completely
dependent on preoperative indicators collected prior to surgical intervention, providing
early diagnostics without involving any advanced imaging modalities nor any invasive pro-
cedures. By comparing a broad range of machine learning paradigms, including gradient
boosting ensembles, neural network architectures, transformer-based models, automated
machine learning frameworks, and pretrained tabular foundation models.

The findings show that clinically meaningful and stable patterns distinguishing hip
from knee osteoarthritis are present in routine preoperative data, and we support the use
of modern tabular learning techniques to extract these patterns with high fidelity. The
RealTabPFN v2.5 model had a strong performance, with favorable calibration and balanced
precision–recall behavior, and suggests that pretrained tabular foundation models can
exploit the prior structural knowledge acquired from large collections of tabular tasks with
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superior generalization in moderate-sized clinical datasets. SHAP-based interpretability
analysis demonstrated that heart rate and age dominated the model’s decision-making
process, with heart rate alone accounting for around 66% of the predictive contribution.
This finding suggests that systemic physiological state, rather than isolated laboratory
abnormalities, plays a critical role in differentiation between osteoarthritis subtypes at
clinical presentation.

The identification of Resting Heart Rate (HR) as the dominant predictor, with a
66.2% SHAP contribution, is a striking and unexpected finding. While the dominance
of a systemic marker like HR in diagnosing a structural joint disease initially appears
counter-intuitive, several clinical and pathophysiological factors specific to this dataset
likely drive this distinction. Importantly, we caution against interpreting HR as a direct
causal determinant of joint-specific osteoarthritis. Instead, it should be viewed as a strong
surrogate indicator or proxy capturing systemic and contextual differences between patient
groups at preoperative presentation.

Clinically, this association likely reflects three key mechanisms. First, HR may capture
pain-induced autonomic dysregulation. Chronic pain sensitization [47,48], which can differ
in intensity and quality between coxarthrosis and gonarthrosis, is known to elevate resting
heart rate via sustained sympathetic tone. If the KOA cohort experienced higher levels of
preoperative acute pain or anxiety, this would manifest as a consistent elevation in HR.
Second, the distinction likely reflects varying degrees of physical deconditioning. KOA is
frequently associated with greater immobility and a more sedentary lifestyle compared to
hip OA [49], potentially leading to faster cardiovascular deconditioning and a consequently
higher resting heart rate. Third, differences in age distribution and medication exposure
between the two cohorts may further contribute to systematic HR variation. In the present
dataset, KOA patients were older on average. Age-related changes in cardiovascular
regulation, combined with heterogeneous use of beta-blockers [50], analgesics [51], or
anxiolytics [52] that were not explicitly captured in the dataset, may influence resting
HR in a joint-specific manner. In this context, the model likely leverages HR not just
as an isolated biomarker, but as a composite physiological feature integrating age, pain
perception, and pharmacological modulation. We propose this finding as ‘hypothesis-
generating,’ suggesting that systemic biomarkers like HR might hold untapped potential
for phenotyping OA patients. However, these high SHAP values represent a statistical
association rather than direct causation. Future targeted studies incorporating pain scores,
medication data, and autonomic markers are necessary to disentangle these confounding
factors from intrinsic disease pathology.

This study achieved a ROC-AUC of 0.9831 ± 0.0053 for binary classification of
coxarthrosis versus gonarthrosis using preoperative clinical and laboratory biomarkers
with RealTabPFN v2.5 (Tuned), representing a fundamentally novel approach that substan-
tially differs from and outperforms existing osteoarthritis classification methods. While
previous machine learning studies in OA research have primarily focused on single-joint
severity grading or disease progression prediction, this work uniquely addresses inter-
joint OA subtype differentiation using only routine preoperative clinical data accessible in
any healthcare setting. Performance comparisons reveal several critical distinctions from
prior approaches: hip OA severity classification [53] achieved AUC of 0.93 on external
validation using deep learning (ResNet-50 with CBAM) on 20,745 radiographs, but this
imaging-dependent approach classifies severity only within hip OA patients and requires
specialized radiographic infrastructure unavailable in resource-constrained settings. Hip
OA detection via gait analysis [54] achieved 98.21% binary accuracy using support vec-
tor machines on 3D motion capture data from 179 subjects, achieving comparable binary
classification performance to the present study but requiring expensive motion capture

https://doi.org/10.3390/a19010087

https://doi.org/10.3390/a19010087


Algorithms 2026, 19, 87 19 of 24

laboratory equipment ($50,000+) and specialized technicians, limiting applicability to re-
search institutions only. Knee OA severity classification [55] achieved substantially lower
accuracy of 76.7% using deep learning (NfNet-F1) on 14,607 radiographs for multi-class
KL severity grading (5 classes), approximately 21 percentage points lower than the present
study despite utilizing advanced imaging modalities.

Methodologically, class imbalance was addressed using a hybrid strategy combining
SMOTE with class-weighted learning. While synthetic oversampling in clinical datasets
carries a theoretical risk of generating physiologically implausible samples [56], several
aspects of the present study mitigate this concern. SMOTE was applied strictly within
the training folds, ensuring that all validation and test evaluations were performed ex-
clusively on real, observed patient data and preventing information leakage. The feature
space in this study predominantly consists of continuous, routinely measured clinical and
laboratory variables constrained within physiologically plausible ranges. Under these
conditions, SMOTE operates through local interpolation between nearest neighbors [57,58],
meaning that synthetic samples represent convex combinations of existing patients and
are therefore likely to correspond to realistic clinical phenotypes within the observed data
manifold. SMOTE was preferred over class-weighted learning alone because cost-sensitive
approaches adjust the loss function [59,60] but do not address sparsity of the minority class
in feature space. In moderately sized tabular clinical datasets, this sparsity can lead to
poorly defined decision boundaries and reduced sensitivity for the minority condition.
Local densification of the minority class distribution through SMOTE improves boundary
definition in underrepresented regions, while class-weighted learning simultaneously pe-
nalizes misclassification asymmetrically. The combined approach was therefore selected to
enhance minority class sensitivity without compromising evaluation integrity.

While the obtained results are promising, this study has several limitations. First, the
study sample was restricted to a single medical center in Almaty, Kazakhstan, which may
limit the generalizability of the findings to other regions or healthcare institutions. In addi-
tion, site specific clinical practices, preoperative workflows, and correlated demographic
characteristics inherent to a single center dataset may have contributed to the observed
model performance. Second, a potential demographic bias is present due to a significant
age difference between the study groups: knee osteoarthritis patients were approximately
10 years older on average than hip osteoarthritis patients (65.9 ± 7.7 vs. 55.4 ± 15.1 years).
Given that age was identified as an influential predictive feature, this imbalance may
partially contribute to the model’s discriminative performance and should be considered
when interpreting the results. Third, although heart rate (HR) was identified as a strong
predictor, this association has not been validated in independent cohorts to establish its
biological significance within the context of this disease. Fourth, we acknowledge that the
binary classification methods employed may be insufficient for analyzing complex clinical
cases involving polyarticular disease or early-stage, mild osteoarthritis. Fifth, while SHAP
analysis elucidates feature contribution, these insights reflect statistical associations rather
than causal mechanisms; therefore, interpretation requires caution. Finally, the study lacked
imaging data, genetic markers, and detailed patient-reported outcomes, which could have
enhanced both the predictive power and the depth of the model’s insights.

An additional limitation arises from the reliance on complete case analysis, which re-
sulted in the exclusion of more than half of the initially available cohort. This approach may
introduce systematic selection bias, as patients with complete laboratory and clinical records
may differ meaningfully from those excluded due to missing data. Consequently, model
performance and generalizability may be affected. Future studies should therefore explore
advanced missing data strategies, such as multiple imputation or model aware handling of
missingness, to quantify their impact on bias, uncertainty, and predictive performance.
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Regarding clinical implementation, the proposed framework is designed as a Clin-
ical Decision Support System (CDSS) and a triage aid for primary healthcare, rather
than a standalone diagnostic replacement. Its primary utility lies in identifying high-
probability cases for specialist referral in resource-limited settings where imaging is not
immediately available.

It is important to note that our model was trained on a cohort with definite OA (KL
grade ≥ II). Consequently, its performance in patients with early-stage osteoarthritis, mixed
hip-knee involvement, or polyarticular disease has not yet been established and requires
separate validation. Before any clinical deployment, strict safeguards—including ‘human-
in-the-loop’ verification by clinicians and external validation across diverse populations—
must be implemented to ensure patient safety and algorithmic fairness.

The developed model requires validation across diverse populations and healthcare
settings to assess generalizability and performance variability. In addition, future work
will include explicit robustness analyses, such as sensitivity testing across demographic
subgroups, feature ablation to assess predictor dependence, and calibration assessment un-
der distributional shifts. Longitudinal studies could shed light on the relationship between
preoperative predictors, postoperative outcomes, and recovery trajectories. Targeted inves-
tigation into the biological mechanisms linking HR to osteoarthritis subtypes may facilitate
the identification of modifiable risk factors. Incorporating multi-modal data—imaging,
genetics, biomarkers, and patient-reported outcomes—would enable the application of
multimodal machine learning, potentially improving diagnostic accuracy. Clinical im-
plementation will require interpretable clinical decision support tools validated for their
impact on diagnosis and treatment. Furthermore, fine-tuning methodologies on medical
tabular data and few-shot learning techniques could potentially enhance performance and
facilitate broader clinical adoption.

This study demonstrates the feasibility and high accuracy of differential diagnosis
for coxarthrosis and gonarthrosis based on machine learning methods using preopera-
tive clinical parameters, highlighting the superiority of pre-trained tabular foundation
models over traditional gradient boosting methods or neural networks in this context.
The identification of HR and age as two primary independent predictors opens new av-
enues for research. Nevertheless, responsible integration of these findings into clinical
practice requires significant effort, including extensive external validation, mechanistic
studies, multimodal data integration, algorithmic fairness assessment, prospective outcome
studies, and user implementation evaluation. The outstanding performance achieved
using basic clinical data suggests that ML-enabled diagnostic tools could benefit resource-
limited regions and primary healthcare settings by improving early detection, treatment
planning, and outcomes for patients with osteoarthritis—one of the most prevalent and
disabling musculoskeletal conditions worldwide. As machine learning technologies evolve
and healthcare systems establish necessary governance frameworks for algorithmic de-
cision support, this model—adaptable across various disciplines and diagnostic tasks—
may serve as a benchmark for the development and validation of evidence-based clinical
AI applications.

5. Conclusions
This study establishes the feasibility and high accuracy of utilizing machine learn-

ing for the differential diagnosis of coxarthrosis and gonarthrosis based exclusively on
preoperative clinical parameters, identifying the pretrained tabular foundation model, Re-
alTabPFN v2.5, as superior to traditional gradient boosting or neural network methods. The
model achieved an ROC-AUC of 0.9831, demonstrating that robust diagnostic patterns exist
within routine laboratory and physiological data without the immediate need for advanced
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imaging. A significant finding was the identification of heart rate and age as the primary
independent predictors, with heart rate alone accounting for approximately 66% of the
predictive contribution. This suggests that systemic physiological states may play a critical,
previously underappreciated role in differentiating osteoarthritis subtypes. While the study
is limited by its retrospective nature and single-center population, the results highlight
the potential of AI-assisted diagnostic tools to enhance value in resource-constrained and
primary care settings. Future research should focus on extensive external validation, the
exploration of biological mechanisms linking heart rate to OA subtypes, and the integration
of multimodal data to further refine clinical decision support systems.
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The following abbreviations are used in this manuscript:

OA Osteoarthritis
ROC–AUC Receiver Operating Characteristic—Area Under Curve
F1-score F1 Metric (harmonic mean of precision and recall)
SHAP SHapley Additive exPlanations
BMI Body Mass Index
ESR Erythrocyte Sedimentation Rate
CRP C-reactive Protein
AUC Area Under Curve
SMOTE Synthetic Minority Over-sampling Technique
XGBoost eXtreme Gradient Boosting
LightGBM Light Gradient Boosting Machine
CatBoost Category Boosting (Gradient Boosting Algorithm by Yandex)
RealTabPFN RealTab Pretrained Foundation Model
TabDPT Transformer-based Tabular Data Pretraining
TabM Tabular Model
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RealMLP Real Multilayer Perceptron (for tabular data)
AutoGluon Automated Machine Learning Framework
ModernNCA Metric Learning-based Non-Convex Embedding
HR Heart Rate
PR Precision–Recall
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