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Abstract

Bilateral idiopathic carpal tunnel syndrome (CTS) is a neuromuscular condition involving
the compression of the median nerve at both wrists, leading to pain, neurological symp-
toms, and loss of function. This paper proposes a robust machine-learning framework for a
randomized crossover clinical trial comparing two physiotherapeutic treatment regimens:
stretching followed by myofascial mobilization (S/M) and the reverse sequence (M/S).
Instead of making inferences about the superiority of one treatment over another, the treat-
ment regimen serves as a structured analytical label for investigating predictive separability,
feature representation, and model stability within a controlled experimental setting. The
clinical dataset of 73 patients underwent rigorous preprocessing, including strength feature
aggregation and principal component analysis (PCA). Various classifiers were evaluated,
with CatBoost achieving an ROC-AUC of 0.985 and a test accuracy of 96.5%, while Random
Forest demonstrated strong adversarial robustness with an adversarial accuracy of 96.83%.
To assess robustness, clinically constrained perturbations were introduced into the PCA
feature space, simulating realistic input variability. The findings indicate that ensemble
learning algorithms can capture structured patterns in crossover clinical datasets and re-
main stable under low-magnitude adversarial perturbations. The study underscores the
importance of robustness evaluation and interpretability when applying machine learning
models to biomedical data, particularly in small and well-structured clinical cohorts.

Keywords: bilateral carpal tunnel syndrome; treatment sequence classification; crossover
trial analysis; machine learning; adversarial robustness

1. Introduction
1.1. Background

Carpal Tunnel Syndrome (CTS) is among the most common types of entrapment neu-
ropathy, affecting approximately 3-6% of the adult population [1]. CTS develops when the
median nerve becomes compressed within the carpal tunnel, a narrow anatomical passage
located on the palmar side of the wrist. Common clinical symptoms include numbness,
tingling, and pain affecting the thumb, index, middle, and inner ring fingers, often accom-
panied by reduced grip strength and overall impairment of hand function [2]. While CTS
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presents bilaterally in only a few instances, bilateral idiopathic CTS, i.e., spontaneous onset
of symptoms in both hands without an external etiologic factor, is especially challenging in
terms of diagnosis and management [3]. CTS affects women three times more than men [4],
as women have smaller carpal canals than men, and women with CTS have significantly
smaller canals than healthy women. Narrowing of the canal occurs on the asymptomatic
side in patients who have unilateral symptoms, and is clearly noticeable, as well as more
severe, and there is no relation between age and canal size [5].

Physiotherapy represents a first-line treatment option for mild to moderate CTS, espe-
cially in patients where surgery either is not recommended or is not desirable [6]. The more
traditional conservative therapies are splinting of the wrist, stretching exercises, nerve
gliding, and manual therapies like myofascial mobilization. The instrument-Assisted Soft
Tissue Mobilization (IASTM), a type of myofascial release, has become increasingly popular
due to its potential to decrease adhesions and facilitate neuromuscular reactivation [7].
The correct sequence in which such interventions are to be administered remains inade-
quately investigated; however, and anecdotal evidence and practitioner choice are more
commonly used to make this decision than empirical evidence.

Increased developments in Artificial Intelligence (AI) and Machine Learning (ML)
enable unparalleled applications of data-driven approaches in rehabilitation medicine [8,9].
ML algorithms, especially ensemble learning methods, show robust predictive abilities in
a broad spectrum of medical applications, such as early disease identification, treatment
response, and patient stratification [10,11]. With respect to CTS, ML can be used to recognize
subtle patterns among a myriad of clinical and physiological measures, and potentially to
predict which therapeutic sequence will result in the best outcome in a particular patient.

1.2. Problem Statement

Although the burden of CTS continues to grow with improved physiotherapeutic
methods, the comparative effectiveness of different intervention sequences in bilateral
idiopathic CTS remains insufficiently studied from a data-driven perspective. Existing
crossover clinical trials provide structured, labeled datasets that are well-suited for evalu-
ating whether machine learning models can identify separable patterns across treatment
sequence groups. However, the application of robust, adversarially evaluated ML pipelines
to such datasets has not been systematically explored. This study addresses this gap by
applying secure and reliable ML methods to a randomized crossover CTS dataset, with the
goal of evaluating predictive separability, model interpretability, and adversarial robustness
in a controlled biomedical setting.

1.3. Objectives and Contributions

The overall aim of this study is to develop a secure and reliable machine-learning
pipeline to evaluate the predictive separability of two physiotherapeutic treatment se-
quences—stretching followed by myofascial mobilization (S/M) or the reverse (M/S)—using
a randomized crossover clinical dataset of female patients with bilateral idiopathic
carpal tunnel syndrome (CTS), with particular emphasis on adversarial robustness and
model interpretability.

Objectives:

1.  Curate and preprocess a clinically annotated dataset including electrophysiological,
sensory, strength, and diagnostic variables.

2. Engineer informative strength features by aggregating repeated grip/pinch measure-
ments and applying PCA to reduce redundancy while preserving predictive variance.

3.  Train and compare multiple supervised classifiers to predict the treatment sequence
(s/m vs. m/s) and identify the most effective model.
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4.  Identify clinically relevant predictors using model-based feature importance and
explainability analysis.

5. Evaluate clinical feasibility by validating generalization on a held-out test set using
standard performance metrics.

Contributions:

*  We formulate and study the treatment-sequence prediction problem for bilateral idio-
pathic CTS using a real randomized crossover clinical trial dataset.

*  We propose an end-to-end ML pipeline that integrates preprocessing, PCA-based
strength feature engineering, model selection, and explainability for structured
biomedical sequence classification.

*  We introduce a clinically constrained adversarial robustness evaluation in the PCA
feature space to assess the security and reliability of the deployed prediction models.

*  We provide an empirical comparison showing that ensemble methods (CatBoost
and Random Forest) achieve high predictive performance while maintaining strong
robustness under realistic perturbations.

1.4. Research Questions

1.  Can machine learning algorithms identify statistically separable patterns between the
S/M and M/S sequence groups in a randomized crossover CTS dataset?

2. What are the critical diagnostic and physiological characteristics used to evaluate
treatment sequence?

3. How do various machine learning algorithms rank in predictive performance as
applied to this task of classification?

4. What methodological insights can ML-based sequence classification provide for the
design of future prospective studies in rehabilitation research?

1.5. Significance of the Study

This research presents an innovative strategy to the integration of machine learning
analysis into personalized physiotherapeutic protocol design in CTS. Through its applica-
tion of ML to a large clinical dataset of a crossover randomized controlled study [4], this
research contributes to rehabilitation as well as health informatics, namely by:

1.  Demonstrating the feasibility of applying robust ML pipelines to structured crossover
clinical datasets in physiotherapy research.

2. Evaluating the stability and interpretability of ensemble classifiers under realistic
adversarial perturbations in biomedical data.

3. Providing a methodological framework extensible to future prospective studies aim-
ing to identify patient-level predictors of treatment response.

1.6. Justification of Treatment Sequence as Analytical Target

A central methodological consideration in this study concerns the use of the random-
ized treatment sequence label (5/M vs. M/S) as the classification target. Since sequence
assignment was determined by randomization rather than by clinical judgment or patient
characteristics, this choice warrants explicit justification.

The primary motivation for this analytical approach is methodological rather than
directly clinical. The randomized crossover design of the source trial [4] provides a well-
controlled, balanced, and unbiased labeling structure, precisely the conditions under
which machine learning models can be rigorously evaluated for their ability to detect
structured patterns in high-dimensional biomedical data. By using the sequence label as
the target, this study investigates whether baseline clinical and physiological features, such
as electrophysiological severity, sensory function, and hand strength, carry any systematic
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association with the assigned sequence group, even under randomization. The detection
of such patterns, if present, may reflect subtle pre-existing differences between groups
that survived the randomization process, or may indicate features that are informative for
future prospective stratification studies.

Importantly, this study makes no causal claim that predicting S/M versus M/S is
equivalent to identifying the optimal treatment for a given patient. The models are not
proposed as clinical decision tools ready for deployment. Rather, the framework serves
three complementary purposes: (1) to evaluate the predictive separability of sequence
groups using structured biomedical features; (2) to benchmark ensemble ML methods
under realistic adversarial perturbations in a controlled clinical dataset; and (3) to establish
a reproducible pipeline that can be extended to future studies where the target label is
a clinically derived outcome measure, such as symptom severity change or functional
recovery score.

This framing aligns with an emerging body of work that applies ML to randomized
trial data not for direct clinical prediction, but for hypothesis generation, subgroup discov-
ery, and methodological benchmarking [12]. The findings of this study should therefore
be interpreted as exploratory and proof-of-concept in nature, with external validation and
outcome-based redesign identified as necessary steps before any clinical translation.

1.7. Paper Organization

This paper is organized into the following main sections: Section 2 reviews CTS
background, physiotherapy interventions, and related ML studies. Section 3 describes the
dataset, preprocessing, feature engineering, models, and evaluation protocol. Section 4
reports experimental results and explainability findings. Section 5 presents the adver-
sarial threat model and robustness analysis. Section 6 concludes the paper and outlines
future directions.

2. Related Work and Literature Review
2.1. Overview of Carpal Tunnel Syndrome (CTS)

Carpal tunnel syndrome (CTS) was first described by Paget in 1854 and has since
been recognized as a significant disabling condition, particularly in rheumatology and
orthopedic hand surgery [13]. Among all median nerve compression disorders, CTS
remains the most prevalent and extensively studied, accounting for approximately 90%
of all entrapment neuropathies [14]. The condition is primarily attributed to increased
pressure within the carpal tunnel—a confined anatomical space formed by the carpal bones
and the transverse carpal ligament which leads to impaired median nerve function [15].

Clinically, CTS presents as compression of the median nerve at the wrist, resulting
in symptoms such as pain, numbness, and tingling, primarily affecting the thumb, index
finger, middle finger, and inner side of the ring finger [16,17].

The carpal tunnel is a narrow, rigid passageway located at the base of the hand, bor-
dered laterally and inferiorly by the carpal bones and covered superiorly by the transverse
carpal ligament—a dense, fibrous structure. This tunnel accommodates tendons that con-
trol finger movement, each encased in a lubricating sheath, along with the median nerve,
which provides sensory and motor innervation to parts of the hand. In CTS, swelling of the
tendons or surrounding soft tissues within this limited space compresses the median nerve,
resulting in the characteristic clinical symptoms of pain, numbness, and tingling [18,19].

An epidemiological study conducted between September 1983 and July 1985 in Maas-
tricht, Netherlands, and nearby villages assessed 501 individuals from the general popula-
tion and identified 156 cases of CTS, comprising 131 women and 25 men [20]. Anatomical
differences are believed to contribute to the higher prevalence of CTS among women;
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specifically, females tend to have a smaller carpal tunnel, which increases the likelihood of
median nerve compression. Research further suggests that women often exhibit a smaller
carpal arch and reduced palmar bowing, both factors that are associated with a greater risk
of developing CTS [21]. Figure 1 illustrates the anatomical structure of the carpal tunnel
and how median nerve compression leads to CTS symptoms such as pain, numbness,
and reduced hand function.

Area of Numbness
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Median Nerve

Carpal Tunnel7/; 7
@YQQST Ligament §

," O QQ I Carpal Bone —
™ Tendon Sheath 7&““@\
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Figure 1. Anatomy of the carpal tunnel showing median nerve compression that leads to CTS symptoms.

2.2. Challenges in Bilateral Idiopathic CTS

Bilateral idiopathic Carpal Tunnel Syndrome (CTS) describes the compression of
the median nerve at the wrist in both hands without an identifiable underlying cause.
The term “idiopathic” indicates that the condition develops spontaneously or from un-
known origins [22]. This variation in CTS is clinically significant because it tends to present
with more intense symptoms and greater functional limitations compared to unilateral
cases. The involvement of both hands substantially impacts daily living activities, often
leading to considerable reductions in quality of life [3]. Diagnosing bilateral idiopathic
CTS poses particular challenges, primarily due to the absence of a clear causative factor.
Furthermore, the simultaneous involvement of both hands can obscure the severity of
symptoms, potentially delaying medical intervention. Differentiating idiopathic CTS from
other disorders with overlapping symptoms, such as peripheral neuropathies or systemic
diseases, requires thorough clinical assessment and diagnostic precision [22,23]. Treatment
strategies for bilateral idiopathic CTS also present unique obstacles. Conservative measures
such as splinting or corticosteroid injections may prove less effective when both hands are
simultaneously affected. Surgical approaches, including carpal tunnel release, demand
careful scheduling and planning to avoid complete impairment of hand function during
the recovery period. Prompt diagnosis and personalized treatment planning are essential
for managing symptoms and maintaining hand functionality. Moreover, ongoing research
focused on uncovering the causes and refining treatment strategies remains critical for
improving clinical outcomes for individuals living with bilateral idiopathic CTS [22,24,25].

2.3. Physiotherapeutic Interventions
2.3.1. Stretching Techniques

Stretching exercises are commonly used in the management of Carpal Tunnel Syn-
drome (CTS) to reduce tension in the wrist and forearm muscles and to facilitate better
mobility of the median nerve. Techniques such as nerve gliding and tendon gliding exer-
cises are specifically designed to improve the excursion of the median nerve within the
carpal tunnel. Evidence from a randomized controlled trial conducted by [26] demon-
strated that patients with mild to moderate CTS who performed nerve gliding exercises
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experienced significant reductions in symptom severity and improvements in hand func-
tion. These stretching methods help prevent the formation of nerve adhesions and reduce
inflammation by enhancing fluid movement and minimizing mechanical irritation around
the nerve structures [27].

2.3.2. Myofascial Mobilization

Myofascial mobilization is a therapeutic approach aimed at addressing soft tissue
restrictions within the fascia and muscles of the forearm and wrist. The method involves the
application of gentle, sustained pressure to the fascial tissues to release adhesions, alleviate
tightness, and improve tissue elasticity. When applied to the management of Carpal Tunnel
Syndrome (CTS), myofascial release helps to ease pressure on the median nerve by relaxing
tightened muscles and surrounding fascial structures. Evidence from a study by Fernandez
de Las Pefias [28] demonstrated that manual therapy interventions, including myofascial
techniques, were effective in significantly reducing pain and enhancing nerve conduction
in patients diagnosed with CTS.

2.4. Machine Learning in Healthcare

Machine learning (ML) has emerged as a powerful tool for analyzing complex health-
care datasets, playing a critical role in disease diagnosis, treatment planning, and patient
monitoring. ML models, for instance, have been successfully developed to predict pa-
tient outcomes during hospitalization and post-discharge, enabling clinicians to make
better-informed medical decisions. In addition, ML drives the advancement of personal-
ized medicine by allowing treatments to be customized based on individual patient data,
significantly enhancing the effectiveness of therapeutic interventions [29].

2.4.1. Applications in Rehabilitation

In rehabilitation, ML enhances the assessment and monitoring of patient progress.
Studies have demonstrated the use of ML in robotic rehabilitation to predict upper limb
motor function recovery in stroke survivors [30]. Furthermore, ML algorithms have been
applied to evaluate posture quality during rehabilitation exercises, providing objective
assessments that can inform therapy adjustments [31]. These applications enable more
precise and individualized rehabilitation strategies [32].

2.4.2. Advantages in Predictive Treatment Planning

¢ Early Detection: Machine learning models can help detect hidden cancers early. A re-
cent study used ML to predict cancer in patients after venous thromboembolism,
achieving 94% specificity and 93% negative predictive value, making it effective at
ruling out cancer-free cases [33].

e Improved Treatment Planning: A personalized treatment plan can be generated using
the patient’s data and ML. This approach has been shown to enhance treatment
outcomes, particularly in managing chronic conditions [34].

*  Data-Driven Decisions: ML facilitates data-driven decision-making in healthcare,
improving patient outcomes through predictive modeling [35,36].

2.5. Existing ML Systems for CTS

The existing system for managing bilateral idiopathic carpal tunnel syndrome relies
on standardized, non-personalized physiotherapy protocols without predictive tools to
guide the treatment sequence. Table 1 summarizes representative ML-based systems for
CTS diagnosis and outcome prediction, highlighting the datasets, algorithms, reported
performance, and key limitations that motivate the need for a more personalized sequence-
prediction framework.
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Table 1. Overview of existing machine learning approaches for carpal tunnel syndrome (CTS)

diagnosis, including datasets, algorithms, performance metrics, strengths, and limitations.

Study Algorithm Dataset Accuracy/Metric Strengths Drawbacks
SVM (95.13%),
Automatic Electro Ein?s?i? rorest 38 volunteers (28 SVM: 95% iﬂ’%\gated' Very small sample
diagnosis of CTS Regression CTS, 10 controls) (NCS), 89% electro dia ,nostic size, only
Using ML [37] De%ision Tr,ee ’ (clinical) focus & signal-level data
Naive Bayes
Logistic
Predicting Outcome Egizlesrsriol?o’res t 1916 CTS S?gg/tlonalz Real-world data, = Post-op only; lacks
After CTS Gradient ! post-surgery S m O;om' practical outcome  pre-surgery
Surgery [38] Boosting Machine patients 7%,. 902 ' prediction prediction modeling
(best AUC 0.782)
ML-based CTS XGBoost (76.6%), XGBoost: 76.6% Vet BMI and pain scores
. prediction with dominate model;
Severity Random Forest 1037 CTS hands external multi-orade moderate multiclass
Classification [39] (75.6%), k-NN validation grac
classification results
Chi-squared
. Automatic Functional: - Limited external
ML for Supporting Interaction 1916 CTS surgical ~ 71.8% Decision trees for validation beyond
CTS Surgery . . o . easy clinical ) .
Decisions [40] ?etectlon registry Symptomatic: interpretation UK; fz:lwel;1 variables
CHAID), ML 75.9% considere
classifiers
Predicting CTS Diagnosis: Comprehensive Mixed ulation:
Diagnosis and Bagging (Random 160 patients (80 95.5%, feature set; osseiblscs)p . tc?m’
Prognosis Using Forest) CTS, 80 non-CTS)  Prognosis (6 longitudinal Everla bi};ls P
ML [41] months): 91.2%  tracking P
3 DL Models Diagnosis Nizclltllc_’fgr?rSH Ap High reliance on
Deep Learning-Based (CNN-based, 160 CTS patient Accuracy: 96.9%, px lainabi,lit ] ultrasound CSA;
CTS Diagnosis [42] SHAP patients CSA prediction P . Y complex model
S 5. forecasting CSA .
explainability) R~: 0.667 stacking
changes

2.6. Adversarial Risks in Clinical ML Models

Adversarial attacks pose a significant threat to the reliability and safety of Al models
deployed in clinical settings. These attacks involve subtle, often imperceptible alterations
to input data that can mislead Al systems into making incorrect predictions or classifi-
cations. In the context of healthcare, such vulnerabilities can have serious consequences,
including misdiagnoses, inappropriate treatment plans, and threats to patient safety [43].
Finlayson [44] explores the motivations behind adversarial attacks in medical machine
learning, noting that different stakeholders may exploit these vulnerabilities for financial
gain or competitive advantage. The study emphasizes the importance of implementing
proactive detection and mitigation strategies to safeguard clinical Al systems. In the field of
medical imaging, Ma [45] reviews recent advancements in adversarial attack methodologies
targeting deep neural networks and discusses defense techniques designed to counter these
threats. The research underscores the need for developing robust Al models that can main-
tain diagnostic accuracy even when faced with adversarial manipulations. Collectively,
the existing literature highlights the critical need to secure Al systems in healthcare against
adversarial risks. Sustained collaboration among clinicians, Al developers, and cybersecu-
rity experts is essential to design and implement effective defense strategies, ensuring the
safe and reliable integration of Al technologies into clinical practice [46].
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3. Methodology
3.1. Dataset Description

This study utilizes a comprehensive dataset collected as part of a randomized, double-
blind, crossover-controlled clinical trial that explored two physiotherapeutic treatment
sequences, Stretching and Myofascial Mobilization (IASTM), in patients diagnosed with
bilateral idiopathic carpal tunnel syndrome (CTS). The trial enrolled 73 participants from
Londprina, Brazil, including 43 individuals who underwent surgical decompression and
30 who received conservative treatment. Each participant experienced both therapeutic
interventions in alternating sequences across four treatment phases and a baseline phase,
spanning TO to T4 [4].

The dataset is structured into six principal blocks: experimental design specifica-
tions (Block 0), sociodemographic information (Block 1), electrophysiological diagnostic
criteria (Block 2), objective strength evaluations (Block 3), sensory test results (Block 4),
and patient-reported subjective outcomes (Block 5). Data collection involved repeated
clinical assessments and self-report instruments, systematically tracked throughout the
crossover study phases to support both within-subject and between-subject analyses.

Objective strength measurements included grip and pinch force assessments con-
ducted with hydraulic devices and repeated three times per hand. These repeated values
were averaged to minimize measurement variability and enhance reliability. To further
refine the strength data, Principal Component Analysis (PCA) was performed on 12 grip
and pinch strength variables. This dimensionality reduction produced two principal com-
ponents, Strength_PCA1 and Strength_PCA2. Strength_PCA1 primarily captured overall
hand strength, while Strength_PCA2 reflected asymmetry and variations between grip
and pinch strength across hands. The severity of electrophysiological impairment was
classified using established diagnostic frameworks, including the Stevens, Padua, Bland,
and Hiob-DB systems, providing a detailed and standardized evaluation of CTS severity
for each hand. In addition, sensory deficits were assessed through the Semmes-Weinstein
monofilament test and the Two-Point Discrimination Test, offering a comprehensive view
of sensory function among participants.

3.2. Feature Engineering

Feature engineering was conducted to ensure that the dataset was both analytically
robust and consistent with domain-specific knowledge [47] about carpal tunnel syndrome.
This process involved multiple phases, including data transformation, quality assurance,
and dimensionality reduction. Initially, placeholder values coded as 999 used to denote
missing or inapplicable responses were systematically removed to prevent potential bias
during model training and statistical evaluation. Furthermore, as described in Section 3.1,
male and left-hand dominant participants were excluded, resulting in a final cohort of
female, right-hand-dominant patients. Next, the repeated grip and pinch strength mea-
surements were averaged for each hand and strength type to create new features. These
aggregated features were then subjected to Principal Component Analysis (PCA). PCA was
employed to reduce the dimensionality of the highly correlated strength measurements into
more manageable and interpretable components. The resulting components Strength_PCA1
and Strength_PCA2 captured over 90% of the original variance and served as key features
for subsequent machine learning models, enhancing their predictive performance.

The scatter plot in Figure 2, titled “PCA on Grip and Pinch Strength,” illustrates the
application of Principal Component Analysis (PCA) to the raw grip and pinch strength
measurements collected in the clinical dataset. PCA is a statistical technique used for
dimensionality reduction, enabling high-dimensional data to be represented in a lower-
dimensional space while preserving as much variance as possible [48,49]. This transfor-

https:/ /doi.org/10.3390/info17030293


https://doi.org/10.3390/info17030293

Information 2026, 17, 293 9 of 28

mation supports effective visualization, noise reduction, and preparation for downstream
machine learning tasks.
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Figure 2. PCA scatter plot of grip and pinch strength measurements projected onto the first two
principal components (Strength_PCA1 and Strength_PCA?2).

In this analysis, multiple grip and pinch strength measurements were first standard-
ized and mean-centered. PCA was then applied to identify the directions (principal
components) along which the data exhibited the greatest variation. The dataset was pro-
jected onto the first two principal components (PC1 and PC2), which captured the most
substantial variance in strength-related metrics. Each point in the scatter plot corresponds
to an individual patient observation projected into this new coordinate system.

Strength Aggregation and PCA

Let X € R"*? represent the matrix of original grip and pinch strength data, where # is
the number of samples and p is the number of input features.

1.  Standardization (Mean Centering):
Each column (feature) is mean-centered to ensure zero mean:

Xcentered = X — X
2. Covariance Matrix Computation:

1

— T
L= mxcentered Xeentered

3.  Eigen Decomposition:
W =WA

where W is the matrix of eigenvectors (principal components), and A is the diagonal
matrix of eigenvalues (explained variance).
4. Data Projection onto Principal Components:

Z= Xcenteredw

The resulting matrix Z contains the transformed data, where each column corresponds
to a principal component. In this study, the first two components, Z; and Z,, represent
Strength_PCA1 and Strength_PCA2, and were used to produce the PCA scatter plot:

Z?) = [Strength_PCA1, Strength_PCA?2]

https:/ /doi.org/10.3390/info17030293


https://doi.org/10.3390/info17030293

Information 2026, 17, 293

10 of 28

The scatter plot visually confirms that most data points cluster along these two com-
ponents, validating their effectiveness in capturing the primary modes of variation in grip
and pinch strength.

3.3. Data Preprocessing

To improve and enhance the data quality, consistency, and relevance for the prediction
model, preprocessing is done on the clinical dataset using a structured series of steps
applied to the dataset. The invalid data entries or incomplete values, known as missing
values, are denoted by 999 and NaN. The rows containing these values were removed to
keep the integrity of the datasets. Outlier detection procedures were applied to exclude
entries that were not considered to be within the study inclusion criteria. As detailed in
Section 3.1, male and left-hand dominant participants were excluded prior to analysis.

In the feature engineering phase, the average of the repeated grip and pinch strength
readings is used to create more stable and representative metrics. To reduce the dimension-
ality and summarize the strength-related features, Principal Component Analysis (PCA) is
applied to those features and converted into two primary components: Strength PCA1 and
Strength_PCA2. These components captured the most significant variation in the strength
data and reduced the noise in the data. Feature selection is made on the dataset, keeping
the features with high variance or low redundancy to optimize model performance as
identified through correlation analysis. This selection process was further clarified using
feature importance scores obtained from preliminary baseline models while keeping only
the most impactful predictors. The cleaned and engineered dataset was partitioned into
training and testing subsets, with 80% allocated for training and 20% reserved for testing.
This data separation was essential to ensure that the model could generalize effectively
and achieve greater predictive accuracy. Overall, the preprocessing pipeline established a
strong foundation for the subsequent modeling and analysis phases.

3.4. Model Architecture
3.4.1. Model Selection and Design

The proposed machine learning pipeline was developed to classify and evaluate the
separability of physiotherapy treatment sequences in a randomized crossover dataset of bi-
lateral CTS patients. It integrates preprocessing steps, dimensionality reduction techniques,
and ensemble-based classification models. The system utilizes a combination of clinical
and strength-related features, including those derived from Principal Component Analysis
(PCA), to improve both model performance and interpretability. The workflow incorporates
multiple classifiers, cross-validation procedures, and adversarial testing to ensure model ro-
bustness and reliability under realistic clinical conditions. Figure 3 presents the end-to-end
workflow of the proposed ML-assisted framework, including preprocessing, PCA-based
feature engineering, model training/validation, and adversarial robustness assessment.

1. Data Acquisition: Collection of the clinical dataset related to bilateral idiopathic
carpal tunnel syndrome (CTS).
2. Data Preprocessing:

¢  Eliminate missing values and invalid entries from the dataset.
¢  Filter the dataset to include only right-hand dominant female subjects.
*  Average repeated grip and pinch strength measurements.
3.  Feature Engineering and Selection:
*  Apply Principal Component Analysis (PCA) to generate Strength. PCA1 and
Strength_PCA2.
*  Remove low-variance and highly correlated features.
*  Retain top features based on feature importance scores from baseline models.

https:/ /doi.org/10.3390/info17030293
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4.  Data Partitioning:
e Split the dataset into 80% training and 20% testing sets using stratified sampling.
5. Model Training and Evaluation:

e  Train models including Random Forest, CatBoost, XGBoost, SVM, Decision Tree,
and AdaBoost.

e Perform 10-fold cross-validation on each model.

e Evaluate using Accuracy, Precision, Recall, F1-score, ROC-AUC, and Confusion
Matrix.

6. Adversarial Robustness Testing:

*  Apply controlled perturbations to PCA features (StrengthPCA1 and Strength_PCA2).
*  Record Adversarial Accuracy and Attack Success Rate for each model.

7. Final Model Selection and Interpretation:

*  Select the model with the best robustness and predictive performance.
e Use feature importance analysis to interpret clinically relevant predictors.

Performance
Bilateral Idiopathic CTS Evaluation

Dataset Accuracy
« Precision
« Recall
« F1-Score
« ROC-AUC
Missing Values T
Detection
Adversarial Robustness
Testing
FGSM Perturbations (continuous
Outlier Entry ELE
Detection ¥
¥ Model Training and optimization
ﬁ « Cross Validation
Feature 2 + Hyperparameter Tuning
Engineering & (GridSearchCV)
S t
o e - I
! ML Models |
Feature Selection ] |
| 1. Random Forest |
| 2. CatBoost |
I ——»/ 3. XGBoost |
1 4.8VM 1
Data partitions | 5. Decision Tree |
| 6. AdaBoost |
] |

Figure 3. Machine learning pipeline showing data preprocessing, PCA-based feature engineering,
model training, evaluation, and adversarial robustness testing.

3.4.2. Hyperparameter Tuning (e.g., GridSearchCV)

Hyperparameter tuning was performed using the GridSearchCV utility from the
scikit-learn library to optimize the performance of each machine learning model. Hyperpa-
rameters—unlike model parameters learned during training, are external configurations
(e.g., number of trees, learning rate, maximum tree depth) that directly influence how the
algorithm learns from data [50].

The GridSearchCV function systematically evaluates a predefined set of hyperparame-
ter combinations by performing an exhaustive search over a specified grid [51]. For each
combination, the model is trained and validated using 10-fold cross-validation, ensuring
that the evaluation is robust and not dependent on a particular train-test split. The cross-
validated scoring metric (e.g., accuracy or AUC) is used to determine the best-performing
parameter configuration.
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This tuning process was applied consistently across models:

For Random Forest, parameters like n_estimators, max_depth, and min_samples_split
were optimized.

For CatBoost, parameters such as iterations, depth, and learning_rate were fine-tuned.

Similar grid-based tuning was applied for XGBoost, SVM, Decision Tree, and Ad-
aBoost, each with model-specific hyperparameters.

This approach helps prevent both overfitting and underfitting, improves generaliza-
tion on unseen data, and ensures fair comparison between models trained under opti-
mal configurations.

3.4.3. Cross-Validation Strategy

In this study, k-fold cross-validation was employed as a model evaluation strategy
to ensure the generalizability and reliability of the machine learning classifiers predicting
physiotherapy treatment sequences in bilateral CTS. Specifically, a 10-fold cross-validation
procedure was implemented using the GridSearchCV function from scikit-learn [51], which
performs both model validation and hyperparameter tuning simultaneously.

The process involves dividing the entire training dataset into 10 approximately equal-
sized folds. For each iteration, one fold is held out as the validation set while the model is
trained on the remaining nine folds. This process is repeated 10 times, such that each fold
serves as a validation set exactly once. The performance metrics (e.g., accuracy, precision,
F1-score, ROC-AUC) are averaged across all folds to provide a stable estimate of the
model’s effectiveness on unseen data. The use of stratified sampling ensures that the class
distribution remains consistent across all folds, which is particularly important given the
binary classification nature of the BO-SEQUENCE target variable in this study.

This cross-validation framework was consistently applied across all six classifiers (Ran-
dom Forest, CatBoost, XGBoost, SVM, Decision Tree, AdaBoost), ensuring fair comparison
and robust model selection [52].

3.5. Treatment Sequence Labeling

This study was designed as a prospective, randomized, double-blind crossover trial
comparing two physiotherapeutic interventions for the treatment of bilateral idiopathic
Carpal Tunnel Syndrome (CTS) [4]: Static Active Stretching (S) and Myofascial Mobiliza-
tion using IASTM (M). A total of 73 participants were recruited, including 43 surgical
patients (post-carpal tunnel release) and 30 clinical patients managed conservatively with-
out surgery; the randomized crossover design allowed each participant to undergo both
therapeutic interventions in different sequences, facilitating within-subject comparisons
and minimizing variability between individuals. Participants were randomly assigned
to one of two groups: the S/M group, which received stretching followed by myofascial
mobilization, or the M/S group, which received myofascial mobilization followed by
stretching. These assignments are labeled in the dataset under the variable BO_SEQUENCE,
with values 1 for S/M and 2 for M/S. Each participant completed a first 4-week treatment
phase, followed by a 1-week washout period, and then a second 4-week phase with the
alternate therapy. Supervised therapy sessions were conducted twice weekly, including
15 structured exercises targeting the neck, shoulders, wrists, and fingers.

To ensure methodological rigor, randomization was implemented using opaque sealed
envelopes, managed by an independent professional not involved in the study. A double-
blind protocol was maintained throughout; neither the therapists nor the participants were
aware of the treatment order. Treatments were administered symmetrically on both upper
limbs, with stretching involving pain-free holds at maximum range for 40 s, and myofascial
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mobilization performed using metal instruments (crochets) following a structured protocol
that included digital palpation, tool palpation, and mobilization phases.

Treatment-related data were recorded in the dataset under Block 0 (B0_) variables,
including BO_TREATMENT (0 = none, 1 = stretching, 2 = myofascial), BO_PERIOD (time
points TO to T4), and BO_SEQUENCE (indicating treatment order). This labeling frame-
work enables clear tracking of the initial treatment, crossover point, and sequence-specific
outcomes. The study title is: “Crossover Study of Two Combined Physiotherapeutic Treat-
ment Methods on Chirurgical and Clinical Patients with Idiopathic bilateral carpal tunnel
syndrome (CTS).”

Dataset Labeling for S/M vs. M/S

The recruitment and screening process initially involved the assessment of 252 post-
surgical patients. Of these, 207 patients were excluded for not meeting the eligibility criteria,
resulting in 45 patients who satisfied the inclusion requirements. However, following
consent, two participants were excluded, one due to loss of contact and another due to
withdrawal from the study, leading to a final cohort of 43 randomized participants.

At baseline (T0), participants were randomly assigned into two groups: the S/M group
(n = 21), who received Stretching first followed by Myofascial Mobilization, and the M/S
group (n = 22), who received Myofascial Mobilization first followed by Stretching. Each
intervention phase lasted for four weeks, after which participants underwent a one-week
washout period before crossing over to the alternate therapy for another four weeks of
treatment. During follow-up, no participants were lost at the three-month evaluation
(T3). However, by the six-month evaluation (T4), two participants were lost from the S/M
group and one participant from the M/S group. Consequently, the final analysis included
19 participants in the S/M group and 21 participants in the M/S group. Figure 4 depicts the
CONSORT-style enrollment and allocation process for the surgical (post-decompression) co-
hort used in the crossover trial, clarifying exclusions, randomization, and follow-up counts.

The recruitment and screening process for the clinical cohort involved the assessment
of 394 patients. Out of these, 360 patients were excluded for not meeting the eligibility
criteria, resulting in 34 patients who satisfied the inclusion requirements. Subsequently,
four participants were excluded after consent, one due to loss of contact and three who
voluntarily withdrew, leading to a final cohort of 30 randomized participants.

At baseline (T0), participants were evenly assigned into two groups: the S/M group
(n = 15), which received Stretching first, followed by Myofascial Mobilization, and the
M/S group (n = 15), which received Myofascial Mobilization first followed by Stretching.
Each intervention phase lasted for four weeks, followed by a one-week washout period,
after which participants crossed over to the alternate therapy for an additional four weeks.
No participants were lost during the three-month follow-up (T3). By the six-month evalua-
tion (T4), two participants were lost from the M /S group, while the S/M group experienced
no loss. Thus, the final analysis included 15 participants in the S/M group and 13 par-
ticipants in the M/S group. Figure 5 shows the corresponding enrollment and allocation
flow for the clinical (non-surgical) cohort, outlining eligibility screening, randomization,
and participant retention across follow-up periods.
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Figure 4. Flowchart of participant recruitment, screening, and allocation for the surgical cohort in the

crossover CTS trial [4].
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Figure 5. Flowchart of participant screening, eligibility assessment, and allocation for the clinical

(non-surgical) CTS cohort [4].
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4. Experimental Evaluation

4.1. Evaluation Metrics
4.1.1. Accuracy

Accuracy measures the proportion of correct predictions among all predictions.

TP+TN
TP+TN+FP+FN

Accuracy =

(1)

where

e  TP—True Positives
¢  TN—True Negatives
e  FP—False Positives
e  FN—False Negatives

A high accuracy means the model correctly classifies most examples. However, in im-
balanced datasets, accuracy alone may be misleading.

4.1.2. Precision

Precision (also called Positive Predictive Value) indicates how many predicted posi-

tives are actually positive.
TP

TP+ FP

High precision indicates few false positives. This is crucial in medical diagnosis, where

Precision =

(2)

unnecessary treatment should be minimized.

4.1.3. Recall

Recall (also called Sensitivity or True Positive Rate) measures how many actual posi-

tives were correctly predicted.
TP

TP+ FN

High recall is vital when missing a positive case has serious consequences (e.g., not

Recall = 3)

diagnosing a patient who needs treatment).

4.1.4. F1-Score

The Fl-score is the harmonic mean of precision and recall and provides a balance

between the two.

Precision x Recall
F1- =2 4
seore % Precision + Recall )

Fl-score is especially useful when there is class imbalance and both false positives and
false negatives are costly.

4.1.5. ROC-AUC Curve

The ROC curve plots the True Positive Rate (Recall) against the False Positive Rate
(FPR) at various threshold settings. The AUC (Area Under Curve) summarizes the ROC

curve into a single value.
Fp

“FPLTN

AUC is typically calculated via trapezoidal integration of the ROC curve. AUC ranges
from 0.5 (random) to 1.0 (perfect). AUC is robust to class imbalance and gives a general

FPR )

sense of model ranking quality.
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4.2. Model Performance
4.2.1. Random Forest Results

The Random Forest classifier demonstrated strong performance in classifying phys-
iotherapy treatment sequences for patients with bilateral carpal tunnel syndrome (CTS).
Model tuning was performed using a grid of hyperparameters, specifically: max_depth =10,
max_features = ‘sqrt’, min_samples_split = 5, and n_estimators = 200. This configuration
was selected to achieve an optimal balance between model complexity and generalizability,
thereby reducing the risk of overfitting. Under 10-fold cross-validation, Random Forest
yielded an 84.6% (+£5.6%) average accuracy, 85.2% precision, 85.2% recall, and an F1-score
of 84.6%, which verifies a high sensitivity—specificity balance. The ROC-AUC measure was
highly significant at 92.4%, which demonstrates high discriminatory potential between
treatment classes S/M and M/S. This indicates the model can reliably distinguish between
S/M and M/S sequence labels within this crossover dataset. Figure 6 reports the confusion
matrix of the Random Forest model on the test set, highlighting the distribution of correct
classifications and the remaining misclassification patterns between S/M and M/S.

25

20

F15

True label

10

Predicted label

Figure 6. Confusion Matrix of the Random Forest Classifier. Matrix showing the distribution of
correct and incorrect predictions for the classification of treatment sequence labels (S/M and M/S) on
the test dataset.

On the hold-out test set, the model classified 89.5% of instances correctly, with
0.96 precision on 0 (5/M) and 0.84 on 1 (M/S), and 0.96 recall on M/S, which is par-
ticularly significant given clinical settings where missing a correct sequence would result
in suboptimal treatment. The confusion matrix also indicates that, of 57 instances, only
6 are misclassified, 5 are false positives, and 1 is a false negative. This suggests the model
is somewhat conservative toward the prediction of M /S treatment but infrequently over-
looks actual positives. Figure 7 illustrates the ROC curve of the Random Forest classifier,
demonstrating strong separability between the two treatment-sequence classes via a high
AUC score.

An AUC of 0.98 was achieved for the test set using the ROC curve, which visually
verified high separability between classes. The curve for testing vs. training accuracy
also showed that while the accuracy for training ranged from 98.5%, the accuracy for
testing settled between 91 and 93%, indicating that minor overfitting was overcome using
parameter adjustment. These findings cumulatively show that the Random Forest model
is a reliable and interpretable option for clinical sequence classification, offering high
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performance and transparency of the algorithm, which is particularly important for clinical
decision support systems operating in the real world.

0.8 q i

e
o
\

True Positive Rate
o
=
\,
\
\

0.2 1 i

- Mean ROC (AUC = 0.93 + 0.02)
004 ¥ +1 std. dev.

Cl.‘() 0.‘2 0:4 0.‘6 0.‘8 l.l()
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Figure 7. ROC curve of the Random Forest model showing classification performance for the
treatment sequences.

4.2.2. CatBoost Results

The CatBoost classifier showed outstanding performance in predicting the best treat-
ment sequence for bilateral carpal tunnel syndrome (CTS) patients. On the basis of stratified
10-fold cross-validation, the model reported a mean accuracy of 92.0% (+2.7%), precision
of 91.7%, recall of 93.0%, F1-score of 92.2%, and an impressive mean ROC-AUC of 98.5%
(20.6%). These performances show that the model achieved an excellent trade-off between
sensitivity and specificity, which is very important in clinical decision-making scenarios.
Figure 8 presents the CatBoost confusion matrix on the hold-out test set, emphasizing the
low false-negative rate that is especially desirable for safe clinical decision support.

True label

F 10

Predicted label

Figure 8. Confusion matrix of the CatBoost classifier showing predictions for the S/M and M/S
treatment sequences.

On application to the hold-out test dataset, the accuracy on the test dataset was 96.49%,
further solidifying its generalizability and robustness. The confusion matrix reflects this:
out of 57 predictions, 27 true negatives and 28 true positives were both correctly predicted,
and only 2 false positives and no false negatives. For example, avoiding false negatives
ensures no patient is assigned an ineffective therapy sequence. This is significant, especially
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since it shows that no true positive (M/S treatment group) instances were missed, with high
clinical sensitivity. Figure 9 shows the ROC curve for CatBoost, where the near-perfect
AUC indicates a highly accurate ranking of patients across treatment-sequence classes.

0.8 4 -
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e CatBoost ROC (AUC = 0.99 + 0.01)
004 ¥ +1 std. dev.

Cl.‘() O.‘Z 0:4 O.‘G 0.‘8 l.l()
False Positive Rate

Figure 9. ROC curve of the CatBoost model showing classification performance for the treatment sequences.

In Figure 10, the curve from the ROC analysis for the test set demonstrates nearly
perfect discrimination between classes, and an AUC of 1.00 indicates that the predictor
distinguished between S/M and M/S sequences without error at all thresholds. This kind
of performance would be particularly important for use within a clinical environment
where suboptimal treatment allocation due to false negatives is undesirable.

Loss (1 - Accuracy)

—e— Training Loss
0.00 Testing Loss

25 50 75 100 125 150 175 200
Iterations

Figure 10. Training and testing performance curve of the CatBoost model across iterations.

Training dynamics were further analyzed using a curve comparing training and testing
loss, expressed as (1 — accuracy). The curve remained relatively flat across a wide range of it-
erations, indicating that the model avoided significant overfitting or underfitting. The minimal
gap observed between training and testing loss suggested that the model maintained low vari-
ance without sacrificing generalization capabilities. The optimal hyperparameters identified
through grid search were: depth = 6, iterations = 200, learning_rate = 0.01, and 12_leaf reg =1.
This configuration successfully balanced model complexity and regularization, resulting in
high predictive accuracy and minimal variance. Taken together, these results demonstrate
that CatBoost demonstrated strong classification performance for the treatment-sequence
labels within this crossover dataset. for bilateral CTS. The model exhibits strong discrimi-
native performance, reliability, and resilience to overfitting, making it a strong candidate
for further evaluation in prospective clinical settings.
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4.3. Comparison of Models

Table 2 summarizes the comparative performance of six machine learning models
applied to classify physiotherapy treatment sequences in patients with bilateral carpal
tunnel syndrome (CTS).

Table 2. Performance comparison of machine learning models for predicting physiotherapy treatment
sequences in the CTS dataset using metrics such as ROC-AUC, accuracy, precision, recall, and F1-score.

Model Best ROC-AUC  CV Accuracy  Test Accuracy  Test Precision Test Recall Test F1-Score
CatBoost 0.985 0.920 £ 0.027 0.965 1.00/0.93 0.93/1.00 0.96/0.97
Random Forest 0.924 0.846 & 0.056 0.895 0.96/0.84 0.83/0.96 0.89/0.90
XGBoost 0.903 0.828 & 0.045 0.860 1.00/0.78 0.72/1.00 0.84/0.88
AdaBoost 0.941 0.849 £ 0.088 0.860 0.92/0.81 0.79/0.93 0.85/0.87
Decision Tree 0917 0.827 £ 0.099 0.789 0.79/0.79 0.79/0.79 0.79/0.79
SVM 0.853 0.801 & 0.095 0.825 0.83/0.82 0.83/0.82 0.83/0.82
CatBoost (Without BO_CARRYOVER) 0.902 0.767 % 0.061 0.842 0.92/0.79 0.76/0.93 0.83/0.85

Among all models evaluated, shown in Figure 11, CatBoost demonstrated the highest
performance, achieving an ROC-AUC of 0.985, a cross-validation (CV) accuracy of 92.0%
(¥2.7%), and a test accuracy of 96.5%. It also attained excellent precision (1.00/0.93) and
recall (0.93/1.00) across both classes, resulting in the highest F1-scores (0.96/0.97). Random
Forest closely followed, with a test accuracy of 89.5%, a balanced F1-score of 0.89/0.90,
and an ROC-AUC of 0.924. Although XGBoost exhibited slightly lower CV performance
(82.8 + 4.5%) and an ROC-AUC of 0.903, it maintained strong recall in one class (1.00) but
showed imbalance in the other. AdaBoost performed competitively as well, achieving a
test accuracy of 86.0% and an ROC-AUC of 0.941, offering a good trade-off between model
complexity and generalization.

True Positive Rate

CatBoost (AUC = 1.00)
—— Decision Tree (AUC = 0.86)
—— Random Forest (AUC = 0.98)
—— SVM (AUC = 0.92)
— XGBoost (AUC = 0.97)
=== Random Guess

0.0 0.2 0.4 0.6 08 1.0
False Positive Rate

Figure 11. Comparison of ROC Curves for Ensemble Models. ROC curves comparing the classification
performance of all models on the CTS dataset.

In contrast, the Decision Tree model exhibited greater variability and lower per-
formance across all metrics, with a test accuracy of 78.9% and an Fl-score of 0.79/0.79,
reflecting its propensity to overfit. Finally, the SVM model achieved a respectable test accu-
racy of 82.5%, but its lower ROC-AUC of 0.853 and narrower F1-score margins (0.83/0.82)
indicated limited robustness compared to the ensemble-based approaches. Overall, these
findings underscore the superiority of tree-based ensemble methods, particularly CatBoost
and Random Forest for this clinical prediction task.
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4.4. Feature Importance and Explainability

A critical aspect of clinical machine learning models is explainability, which ensures
transparency, builds trust, and improves the interpretability of predictive results. In this
study, feature importance analysis was performed to determine which input variables most
significantly influenced the model’s decisions. Since the primary models used (Random
Forest, XGBoost, and CatBoost) are tree-based, they inherently support impurity-based and
permutation-based feature importance techniques. These methods enable ranking features
based on how much they reduce node impurity across the ensemble or by evaluating how
model accuracy changes when features are randomly permuted.

For dimensionality reduction, Principal Component Analysis (PCA) was applied to
the strength-related features to derive Strength_PCA1 and Strength_PCA2. These PCA-
transformed features captured the principal variance directions in the grip and pinch
strength data, facilitating more stable visualization and explanation during classification
and adversarial evaluation.

Understanding feature importance is crucial not only for enhancing model trans-
parency and reliability but also for fostering clinical trust, detecting biases, and informing
clinical interpretation. As emphasized by Molnar [53], interpretable machine learning is
essential for building trust in Al applications within healthcare. Likewise, the SHAP (SHap-
ley Additive exPlanations) framework developed by Lundberg and Lee [54] provides a
unified, model-agnostic method for explaining individual predictions and has been widely
adopted in clinical machine learning interpretability research.

Figure 12 titled “Top 15 Feature Importance (Random Forest)” illustrates the relative
importance of features used by the Random Forest model in classifying physiotherapy
treatment sequences for patients with bilateral idiopathic Carpal Tunnel Syndrome (CTS).
Feature importance here was calculated using the mean decrease in impurity (MDI), measur-
ing how much each feature contributed to reducing classification error across the decision
trees in the ensemble.

Importance
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B2_HIOBDB_R_TO
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Figure 12. Top 15 feature importance scores identified by the Random Forest model, illustrating the
relative contribution of key predictors to the classification of treatment sequences.

The two most influential features were the PCA-derived grip and pinch strength
components: Strength_ PCA2 and Strength_PCA1, contributing approximately 14.8% and
13.9% respectively to the model’s decision-making. This highlights the predictive strength
of biomechanical variables after dimensionality reduction. Other highly ranked features
included BO_PERIOD, BO_CARRYOVER, and BO_TREATMENT, all related to treatment
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timing, crossover effects, and intervention types, which are key factors in the study’s
clinical crossover design. Additional important contributors were diagnostic measures
like B2_ BLAND_L_T0 and B2_BLAND_R_TO (Bland scale ratings at baseline) and sensory
function tests such as B4 SEMMES R _1,B4 SEMMES L_1, and B4_2PTS_L_3, which assess
fine touch and two-point discrimination abilities, closely linked to nerve impairment and
recovery in CTS therapy.

Overall, the chart demonstrates the Random Forest model’s ability to combine
dimensionality-reduced strength indicators, clinical diagnostic scores, and treatment tim-
ing features into an interpretable framework for physiotherapy sequence prediction in
clinical contexts.

Figure 13, titled “Top 15 Feature Importance (CatBoost),” displays the relative feature
importance as determined by the CatBoost classifier for predicting appropriate physiother-
apy sequences in bilateral CTS patients. In CatBoost, feature importance is determined
based on the frequency and influence of feature splits during gradient boosting on deci-
sion trees.
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Figure 13. Top 15 feature importance scores identified by the CatBoost model, illustrating the relative
contribution of key predictors to treatment sequence classification.

The most dominant feature, according to the chart, is BO_CARRYOVER, which alone
contributes nearly 40% to decision-making. This feature indicates whether the treatment
effects carried over from previous phases, a critical factor in crossover clinical studies. This
highlights the significant role of carryover effects, often underestimated in physiotherapy
studies. Following BO_CARRYOVER, the next influential features are BO_TREATMENT
and BO_PERIOD, accounting for approximately 23% and 17% respectively, highlighting the
importance of intervention type and timing.

Unlike Random Forest, PCA-derived strength features such as Strength_ PCA2 and
Strength_PCAI1 ranked lower in CatBoost, suggesting that study-design variables con-
tributed more to its decisions.

4.5. Ablation Analysis of Crossover-Related Variables

As part of the model evaluation and interpretability analysis, additional visualizations
were incorporated to strengthen the assessment of CatBoost performance. First, the ROC-
AUC curve was updated to include error bands representing +1 standard deviation across
cross-validation folds, providing a clearer representation of the variability and stability
of the classifier’s performance. In addition, a feature importance analysis with error bars
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was generated to illustrate the relative contribution of key predictors and the variability in
their importance across folds, enabling a more robust interpretation of the model’s learned
feature relationships.

Furthermore, an ablation experiment was conducted in which the BO_CARRYOVER
variable was removed from the CatBoost feature set. This step was performed to evaluate
the extent to which the model’s predictive performance was influenced by crossover-
related information. After excluding this feature, the CatBoost model was retrained and re-
evaluated, allowing a direct comparison with the original model. The resulting performance
metrics showed a moderate reduction in predictive performance relative to the full-feature
model, indicating that BO_CARRYOVER contributed to the model’s accuracy but was not
solely responsible for its predictive capability. Importantly, the classifier maintained strong
discriminative ability, confirming that meaningful predictive signals are still captured from
the remaining physiological and baseline features.

5. Security and Robustness
5.1. Adversarial Threat Model

In clinical machine learning applications, ensuring model robustness against adversar-
ial attacks is critical for maintaining patient safety and system reliability. The adversarial
threat model employed in this study was designed to simulate plausible perturbations
in a clinical setting. Specifically, the attacks were constrained to minor modifications in
the PCA-transformed feature space (Strength_ PCA1 and Strength_PCA?2), representing
subtle physiological variations that could realistically occur during data acquisition, such
as sensor noise or recording inconsistencies.

The perturbation was crafted using a non-gradient-based method that gradually alters
feature values toward the direction of the closest opposite-class sample. The attack operated
under two strict constraints: a maximum Euclidean perturbation of 0.5 units and a step
size of 0.01, ensuring that changes remained biologically plausible and imperceptible. This
clinically grounded threat model focuses on evaluating whether machine learning models
can maintain classification accuracy under minor but potentially misleading alterations in
clinical input data.

5.2. CatBoost Adversarial Performance

In contrast to Random Forest, the CatBoost model exhibited slightly greater sensitivity
to adversarial attack. The adversarial accuracy achieved by CatBoost was 94.01%, and the
respective attack success rate was 5.99%. While overall accuracy for CatBoost was high,
the increased attack success rate relative to Random Forest indicates a somewhat greater
vulnerability to subtle input variations.

CatBoost, being a gradient-boosting tree model that is trained for categorical feature
management, shows impressive baseline performance but may be more susceptible to attack
from carefully tuned feature space directions. The gradient-based ensemble construction
may introduce more pronounced decision boundaries, which are prone to more carefully
crafted adversarial perturbations. Nevertheless, the robustness of CatBoost is still solid
within the limited perturbation regime, and its intrinsic missing data and category split
management offer important pragmatic benefits for clinical Al implementation.

5.3. Random Forest Adversarial Performance

The Random Forest classifier showed high robustness under the applied adversarial
conditions. Following the perturbation process, the adversarial accuracy of the Random
Forest classifier was 96.83%, which indicates only a minor reduction from the initial perfor-
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mance. The attack success measure, which is the ratio of samples whose classification was
modified after the attack, was fairly low at 3.17%.

This result indicates that Random Forest, being an ensemble-based approach that
utilizes bagging and feature randomness, tends to counter small-scale adversarial shifts
to a large extent. Most attacks were not capable of inducing misclassifications, indicating
that the decision boundaries are fairly smooth and robust within the PCA feature space.
However, a small percentage of boundary-proximity samples were successfully attacked,
which highlights the need to further augment robustness by utilizing adversarial training
or certification techniques in future research.

5.4. Comparative Robustness Analysis

The comparative analysis indicates that both Random Forest and CatBoost models
demonstrate excellent adversarial robustness to low-magnitude, realistic clinical pertur-
bations. Nevertheless, Random Forest performs better compared to CatBoost in rejecting
adversarial misclassification for a given threat framework. Random Forest’s inherent ran-
domness, together with the ensemble averaging effect, can account for the robustness gap,
while CatBoost’s sequential optimization may lead to steeper decision regions vulnerable
to small perturbations.

In all, these findings affirm that there is a need to incorporate robustness testing
within clinical decision models” deployment. Adversarial training, ensemble smoothing,
and certified robust processes are areas to be considered for future research to further
advance the security stance of machine learning use within healthcare. Table 3 summa-
rizes adversarial robustness results under clinically constrained PCA-space perturbations,
reporting adversarial accuracy and attack success rates for Random Forest and CatBoost.
Figure 14 provides a conceptual comparison between the adversarial attack process and
the model-defense objective, illustrating how small latent-space perturbations can induce
misclassification and how robustness evaluation mitigates this risk.

Table 3. Comparison of model robustness under adversarial perturbations, reporting adversarial
accuracy and attack success rate.

Model Adversarial Accuracy  Attack Success Rate  Interpretation

Highly robust; minimal attack success;

Random Forest 96.83% 3.17% smooth decision boundaries

Strong performance; moderately higher

o, 0,
CatBoost 94.01% 5.99% sensitivity to latent perturbations

100.00%

100

Accuracy (%)

Random Forest CatBoost

Model

Figure 14. Illustration of the adversarial attack and defense process, demonstrating how minor
feature perturbations can affect model predictions and how robustness testing helps maintain reli-
able classification.
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6. Conclusions and Future Work

This study demonstrated that Random Forest and CatBoost models exhibit strong
robustness against clinically realistic adversarial perturbations applied in the PCA-
transformed feature space, maintaining an adversarial accuracy of 96.83% with a limited
attack success rate of 3.17%. The results indicated that low-magnitude, latent-space pertur-
bations targeting Strength_PCA1 and Strength_ PCA2 have minimal impact on predictive
performance, while explainability analyses confirmed that these features encode structured
patterns relevant to bilateral carpal tunnel syndrome (CTS). Evaluation metrics, including
F1-score, AUC, and precision-recall balance, remained consistently high before and after
attacks, underscoring the models’ stability. The study’s contributions include the design of
a biologically plausible adversarial threat model, a unified pipeline integrating PCA, en-
semble learning, and controlled attacks, and a robustness evaluation framework extensible
to other clinical domains.

6.1. Limitations

Several limitations of this study must be acknowledged to appropriately contextualize
the findings and guide future research.

Randomized label as classification target. The most fundamental limitation is that
the classification target, the treatment sequence label (S/M vs. M/S), was assigned by
randomization in the source trial rather than derived from a clinical outcome measure. As a
result, the models do not predict which treatment sequence is more effective for a given
patient; they identify baseline feature patterns associated with sequence group membership
within this specific dataset. The high classification accuracy observed may reflect structured
feature-group associations present in this cohort rather than a generalizable clinical signal.
This study is therefore exploratory and proof-of-concept in nature, and findings should not
be interpreted as clinical recommendations.

Study design variables in feature importance. The CatBoost model assigned dispro-
portionately high importance to BO_CARRYOVER (approximately 40%), a variable that
reflects crossover study design rather than an intrinsic patient characteristic. In a prospec-
tive deployment scenario, such carryover information would not be available at the point of
initial treatment assignment. This limits the direct clinical transferability of the CatBoost fea-
ture importance findings. Future work should conduct ablation experiments that exclude
study-design variables to isolate the contribution of purely physiological predictors.

1.  Small sample size. The final analytical dataset comprised 73 participants, further
reduced after preprocessing, yielding a test set of 57 instances. While 10-fold cross-
validation was employed to maximize the use of available data, the small sample size
limits statistical power and increases the risk of performance estimates being sensitive
to the specific train-test split. Replication on larger, independent cohorts is necessary
to confirm the stability of the observed results.

2. Restricted cohort generalizability. The study cohort consisted exclusively of female,
right-hand-dominant patients from a single geographic population in Brazil. While
this homogeneity reduces confounding within the study, it substantially limits the gen-
eralizability of the findings to other patient populations, including male patients, left-
hand-dominant individuals, and patients from different clinical or cultural contexts.

3.  Absence of outcome-based prediction. The dataset contains multiple clinically mean-
ingful outcome measures, including pain scores, BCTQ functional status, grip and
pinch strength, and SF-12 quality-of-life scores, that were not used as prediction
targets in this study. Future work should redesign the ML analysis around these out-
come variables to produce findings with direct clinical relevance, such as predicting
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which patients are most likely to benefit from one sequence over the other based on
measurable functional improvement.

4.  Perturbation scope. Adversarial robustness evaluation was confined to perturba-
tions in the two PCA-derived strength features. This represents a narrow threat
surface relative to the full feature space. Future robustness analyses should extend to
gradient-based attacks (e.g., FGSM, PGD), multi-feature perturbations, and domain-
shift scenarios involving corrupted or out-of-distribution clinical inputs.

5. Model architecture. Only tree-based ensemble classifiers were evaluated. Deep
learning architectures, which may capture more complex nonlinear relationships in
biomedical data, were not explored due to the small dataset size. Future studies
with larger datasets should investigate neural network-based approaches alongside
ensemble methods.

6.2. Future Directions

Future work should prioritize three directions. First, the ML framework should be
redesigned around clinically derived outcome labels, such as change in pain score, BCTQ
improvement, or grip strength recovery, to produce findings with direct clinical utility.
Second, although an ablation experiment excluding BO_CARRYOVER was conducted in
this study, future analyses should further investigate the contribution of additional study-
design variables (e.g., BO_PERIOD) in order to more clearly isolate the predictive role of
physiological features. Such analyses would help determine the extent to which classifica-
tion performance is influenced by structural aspects of the crossover study design rather
than intrinsic patient-related characteristics. Third, external validation on independent,
larger, and more diverse CTS cohorts is necessary to assess the generalizability of the
proposed pipeline before any consideration of clinical translation.
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