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Abstract: Background: Three-dimensional gait analysis plays a crucial role in the rehabilitation
assessment of post-stroke hemiplegic patients. However, the data generated from such analysis is
often complex and difficult to interpret in clinical practice, requiring extensive time and complicated
procedures. The Gait Deviation Index (GDI) serves as a simplified metric for quantifying the
severity of pathological gait. Although isokinetic dynamometry is widely employed in muscle
function assessment and rehabilitation, its application in gait analysis remains underexplored.
Objective: This study aims to investigate the use of isokinetic muscle strength data obtained from
the Biodex system, combined with machine learning techniques, to predict the GDI in hemiplegic
patients. Methods: A cohort of 150 post-stroke hemiplegic patients was evaluated. The peak torque,
peak torque/body weight, maximum work of repeated actions, coefficient of variation, average
power, total work, acceleration time, deceleration time, range of motion, and average peak torque
for both flexor and extensor muscles on the affected side were measured at three angular velocities
(60°/s, 90°/s, and 120°/s) using the Biodex System 4 Pro. GDI was calculated using data from a Vicon
three-dimensional motion capture system. The study employed four machine learning models—
Lasso regression, random forest (RF), support vector regression (SVR), and BP neural networks—to
model and validate the data. Model performance was evaluated using mean squared error (MSE),
the coefficient of determination (R?), and mean absolute error (MAE). SHapley Additive
exPlanations (SHAP) analysis was used to enhance model interpretability. Results: The RF model
outperformed others in predicting GDI, with an MSE of 16.18, an R? of 0.89, and an MAE of 2.99. In
contrast, the Lasso regression model yielded an MSE of 22.29, an R? of 0.85, and an MAE of 3.71. The
SVR model had an MSE of 31.58, an R2 of 0.82, and an MAE of 7.68, while the BP neural network
exhibited the poorest performance with an MSE of 50.38, an R? of 0.79, and an MAE of 9.59. SHAP
analysis identified the maximum work of repeated actions of the extensor muscles at 60°/s and
120°/s as the most critical features for predicting GDI, underscoring the importance of muscle
strength metrics at varying speeds in rehabilitation assessments. Conclusion: This study highlights
the potential of machine learning techniques in analyzing complex clinical data. The developed GDI
prediction model, based on isokinetic dynamometry data, offers a novel, streamlined, and effective
tool for assessing rehabilitation progress in post-stroke hemiplegic patients, with promising
implications for broader clinical application.
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1. Introduction

Stroke remains a leading cause of disability and mortality worldwide, with a rising incidence
and recurrence rates [1]. It primarily affects the central nervous system, often resulting in long-term
motor dysfunction, particularly in the lower limbs, which frequently manifests as gait abnormalities
[2,3]. These gait impairments not only impede patients’ daily activities but are also strongly
correlated with increased risks of falls, recurrent strokes, and other complications [4-6].
Consequently, these challenges impose significant physical and psychological burdens on patients
and present substantial economic strains on families and society. Gait analysis is a critical component
of rehabilitation assessment in stroke patients, providing precise kinematic data to inform
personalized rehabilitation strategies [7,8]. Accurate gait assessment facilitates not only the
monitoring of recovery progress but also the prediction of future fall risks and potential secondary
injuries, thereby guiding clinical interventions more effectively [9]. Research indicates that the
precision of gait analysis is directly linked to rehabilitation outcomes, underscoring its indispensable
role in stroke rehabilitation [10].

Traditional gait assessment methods often rely on clinical visual observations or basic physical
measurements, such as gait speed and stride length [11]. While these methods are straightforward
and practical, they are prone to subjective biases and fail to capture the complexity of gait patterns
[12]. Despite the adoption of modern gait analysis tools, such as three-dimensional motion capture
systems and portable gait analysis devices, these systems are often costly, complex to operate, and
require specific equipment and environments, limiting their broader clinical application [13,14].
Isokinetic dynamometry, a widely used tool in sports medicine and rehabilitation, accurately
measures muscle strength and function, providing vital data on muscle performance during dynamic
tests [15]. However, despite the extensive data generated by isokinetic assessments, their potential
for gait prediction remains underutilized.

With advances in computational capabilities and the development of big data technologies,
machine learning has achieved significant progress in the medical field in recent years. These
algorithms are extensively applied in medical imaging analysis, disease prediction, and personalized
treatment planning due to their strengths in managing large-scale and complex datasets [16-18]. In
stroke rehabilitation, machine learning can extract valuable features from multimodal data,
enhancing diagnostic and therapeutic accuracy [16]. Integrating isokinetic muscle strength data with
machine learning algorithms for gait prediction can effectively address the limitations of traditional
methods. Preliminary studies have demonstrated the significant potential of machine learning
models in processing biomechanical data, enabling the extraction of key features that influence gait
[19]. This approach not only improves prediction accuracy but also facilitates early detection of gait
deviations, allowing for more targeted rehabilitation interventions for stroke patients. Previous
studies have made significant progress in gait analysis and prediction using machine learning
techniques, particularly deep learning approaches that have shown promise in classifying and
predicting gait in stroke patients [20-22]. However, much of this research has focused on analyzing
imaging data or simple gait parameters, with relatively few studies incorporating muscle strength
data into gait prediction. Meanwhile, existing models often struggle with generalization when
dealing with complex gait features, and the lack of diversity in data samples limits their applicability
[23]. In addition, the accuracy of current gait prediction models in identifying gait deviations needs
improvement, particularly when dealing with complex movement patterns [24].

This study primarily aims to analyze isokinetic muscle strength data using machine learning
algorithms to predict the Gait Deviation Index (GDI) in stroke patients. This work seeks to fill gaps
in existing research and provide a novel tool for gait assessment, further optimizing rehabilitation
strategies for stroke patients. By developing more accurate gait prediction models, this study aims to
make progress in improving the precision and clinical feasibility of gait analysis, thereby enhancing
stroke rehabilitation programs and providing valuable references for future research in related fields.
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2. Materials and Methods
2.1. Study Design and Participant Selection

This cross-sectional study included 150 post-stroke hemiplegic patients (91 males and 59
females). The inclusion criteria were: (1) age between 18 and 75 years; (2) a confirmed diagnosis of
post-stroke hemiplegia with a disease duration of more than 3 months; (3) the ability to walk
independently for at least 10 meters; (4) normal cognitive function with a Mini-Mental State
Examination (MMSE) score of 224 points [25]. Exclusion criteria were: (1) the presence of other
neurological diseases affecting gait; (2) severe cardiovascular or other systemic diseases; (3) a history
of lower limb surgery within the past 6 months; (4) severe bone or joint diseases. Withdrawal criteria
included: (1) occurrence of serious adverse events; (2) failure to complete the assessment as per the
established protocol; (3) voluntary withdrawal. The study was approved by the Ethics Committee of
Beijing Rehabilitation Hospital, Capital Medical University (Ethics Approval Number: 2022bkky-
029). All participants provided written informed consent before participating in the study, which
detailed the research process, potential risks, and participants’ rights. The testing procedures were
thoroughly explained to the participants, who were allowed to withdraw from the study at any time
without consequences.

2.2. Experimental Design and Data Collection

All participants underwent two standard clinical tests to assess their knee joint isokinetic muscle
strength and GDI. To ensure consistency in the testing process and data accuracy, all tests were
conducted by professional rehabilitation therapists. Initially, muscle strength of the bilateral knee
joints was evaluated using the Biodex System 4 Pro device, as shown in Figure 1A. During testing,
participants were seated on the Biodex device chair, with their back and thighs secured to minimize
interference from other body parts. Each speed test was performed five times, with the average value
taken as the final result. Participants were required to warm up adequately before each test to reduce
the risk of injury and enhance test accuracy. Peak torque (PT), peak torque/body weight (PT/BW),
maximum work of repeated actions, coefficient of variation (CV), average power, total work,
acceleration time, deceleration time, range of motion (ROM), and average peak torque were
measured for both flexor and extensor muscles at speeds of 60°/s, 90°/s, and 120°/s. Compensation
from other body parts, such as the trunk and upper limbs, was not allowed during the test.
Subsequently, GDI data were collected and analyzed using the Vicon three-dimensional motion
capture system (MX T40-S cameras, Oxford Metrics Limited, UK) in the gait laboratory. The Vicon
system was calibrated and validated before testing to ensure data capture accuracy, as shown in
Figure 1B. Participants wore tight, non-black, non-reflective clothing to minimize capture errors. The
study employed the Plugs-in-gait lower limb model, with 16 reflective markers placed on key
anatomical landmarks to establish a lower limb model during walking. Before the test, participants
walked back and forth naturally on an 8-meter walkway to acclimate to the experimental
environment. During the test, static testing was first conducted to determine the static model,
followed by data collection as participants walked back and forth at a comfortable speed on the
walkway. GDI for the affected side was automatically calculated after data processing with Vicon
Nexus 2.12 software, including filling, smoothing, and filtering, as depicted in Figure 1C.
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Figure 1. A: Isokinetic Dynamometry procedure; B: Vicon 3D gait analysis static calibration; C:
software calculation procedure.

2.3. Data Preprocessing and Analysis

After data collection, data preprocessing and analysis were conducted using Python 3.11. First,
the data were normalized using the Z-score normalization method, where each feature value was
adjusted by subtracting the mean and dividing by the standard deviation to ensure that all data were
on the same scale. Outliers were identified and handled using the Interquartile Range (IQR) method.
For missing data, multiple imputation was applied to maintain data integrity and minimize bias.
Next, Recursive Feature Elimination (RFE) with a linear regression model was used to select the 20
most important features as inputs for the models. The selected features were renamed as Featurel,
Feature2, ..., Feature20, and a feature mapping table was created. Subsequently, various machine
learning regression methods, including Lasso Regression, Backpropagation (BP) Neural Networks,
Random Forest Regression (RF), and Support Vector Regression (SVR), were used to train models for
predicting the GDI in stroke patients. The Lasso regression model, which uses L1 regularization, was
effective for feature selection and handling high-dimensional data with multicollinearity [26]. The BP
neural network model, known for its strong nonlinear modeling capabilities, was suitable for learning
complex data patterns [27]. The RF model offered advantages in handling high-dimensional data and
automatic feature selection, along with robustness and resistance to overfitting [28]. The SVR model
performed well in scenarios with small samples and high-dimensional data, demonstrating good
generalization ability [29].

In the RFE method, based on a linear regression model with L1 regularization, 20 important
features were selected, with 10 iterations and a step size of 2 for each iteration. For the Lasso
regression model, the regularization strength parameter a was set to 0.01, the maximum number of
iterations was 2000, and the random seed was fixed at 21 to ensure reproducibility of the results. The
BP neural network model used four hidden layers, each with 12 neurons, the ReLU activation
function, Adam optimizer, a learning rate of 0.0005, a batch size of 64, and 300 training epochs. The
RF model consisted of 150 decision trees with a maximum depth of 20 and a minimum sample split
of 5, with the random seed also set at 21. For the SVR model, the Radial Basis Function kernel was
used, with a regularization parameter C set at 0.5, € set at 0.05, and a maximum of 2000 iterations.
The hyperparameters for the models are shown in Table 1.

Table 1. Hyperparameters of Each Algorithm Model.

Method Parameter Setting Value
RFE Model Type Linear Regression (L1 Regularization)
Number of Selected Features 20
Number of Iterations 10
Step Size 2
Lasso Regression a (Regularization Strength) 0.01
Max Iterations 2000
Random State 21
BP Neural Network Hidden Layers 4 layers, 12 neurons each
Activation Function ReLU
Optimizer Adam
Learning Rate 0.0005
Batch Size 64
Training Epochs 300
RF Number of Trees 150
Max Depth 20
Min Samples Split 5
Random State 21

SVR Kernel Function RBF
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Regularization Parameter C 0.5
€ 0.05
Max Iterations 2000

This study employed data splitting and cross-validation techniques. The dataset was divided
into a training set (70%) and a validation set (30%). The training set was used for model learning and
tuning, while the validation set was used to evaluate model performance and accuracy. To enhance
the robustness of model evaluation, a 10-fold cross-validation method was applied. The training set
was evenly divided into 10 subsets, with one subset used as the validation set in each iteration and
the remaining 9 subsets used for training the model. This process was repeated 10 times, allowing
each subset to serve as the validation set once. The average values across the 10 iterations, including
Mean Squared Error (MSE), Mean Absolute Error (MAE), and the coefficient of determination (R?),
were calculated.

2.4. Interpretability Techniques

To enhance the interpretability of the models, particularly when dealing with black-box models,
this study utilized SHAP (SHapley Additive exPlanations) techniques. SHAP is a method for
explaining machine learning model predictions, based on the Shapley value from cooperative game
theory [30]. It decomposes the influence of each feature into contributions to the prediction, thereby
determining the importance of each feature. This approach is valuable for identifying features that
have a positive or negative impact on model outputs, which is crucial for further improving
diagnostic models.

3. Results

In this study, data on knee joint isokinetic muscle strength and GDI were collected and analyzed
from a total of 150 post-stroke hemiplegic patients. Table 2 provides a summary of the key parameters
measured for the flexor and extensor muscles on both sides at different speeds (60°/s, 90°/s, 120°/s),
including the median values and IQR.

Using the RFE method, 20 of the most important features were extracted from the original data
on knee joint muscle strength and GDI. For ease of subsequent analysis and presentation, these
features were renamed as Feature 1 through Feature 20. The mapping between the original feature
names and the new names is detailed in Table 3. The distribution of the extracted features is displayed
through histograms, as shown in Figures 2 and 3. The data for Features 1 through 20 are evenly
distributed and tend to follow a near-normal distribution. This indicates that the dataset’s attributes
and labels are stable, with no significant bias or imbalance.
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Figure 2. Distribution of selected features.

Table 3. Feature mapping table.

New Feature Name Original Feature Name
Featurel 60deg_ext_healthy_max_work
Feature2 60deg_ext_affected_max_work
Feature3 60deg_flex_healthy_rom
Feature4 60deg_flex_affected_cv
Featureb 60deg_flex_affected_total_work
Feature6 60deg_flex_affected_rom
Feature7 90deg_ext_healthy_max_work
Feature8 90deg_ext_affected_max_work
Feature9 90deg_ext_affected_total_work
FeaturelO 90deg_ext_affected_dec_time
Featurell 90deg_flex_healthy_max_work
Featurel2 120deg_ext_healthy_total_work
Featurel3 120deg_ext_healthy_rom
Featurel4 120deg_ext_affected_max_work
Featurel5 120deg_ext_affected_rom
Featurel6 120deg_flex_healthy_max_work
Featurel? 120deg_flex_healthy_total_work
Featurel8 120deg_flex_healthy_acc_time

Featurel9 120deg_flex_healthy_rom
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Figure 3. Histogram of data set distribution.

Observing the matrix, we can identify strong positive correlations between certain features. For
instance, Features 8 and 9, as well as Features 16 and 17, have correlation coefficients close to 1 (0.97),
indicating a very high positive correlation. Similarly, Feature 8 and Feature 14 also exhibit a strong
correlation (0.95). These highly positive correlations suggest that these features share similar trends
in the dataset and may collectively reflect similar biological or functional information. On the other
hand, some features, such as Feature 4 and Feature 5, show a significant negative correlation (-0.37).
This indicates that these features have opposite trends in the dataset, potentially representing
different or mutually inhibitory physiological mechanisms. Such negative correlations could play a
complementary role in model prediction, thereby influencing the overall performance of the model.
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Figure 4. Correlation matrix of selected features. Note: The colors in the matrix range from blue to
red, indicating the direction and strength of the correlations between features. Blue represents
negative correlations, while red represents positive correlations, with the intensity of the color
reflecting the strength of the correlation.

The performance results of the four predictive models are summarized in Table 4. Overall, each
model demonstrated varying degrees of effectiveness in predicting the GDI for post-stroke
hemiplegic patients, with the Random Forest Regression model showing the best overall
performance. Specifically, the Random Forest model had a MSE of 16.18 + 1.92 and an R? of 0.89 +
0.06, indicating higher predictive accuracy and reliability. Additionally, it had the lowest MAE of 2.99
*0.69. In comparison, the Lasso Regression model, while effective, performed slightly lower with an
MSE of 22.29 + 3.28 and an R? of 0.85 + 0.18. The SVR model and the BP Neural Network model
showed moderate to lower performance, with the SVR model yielding an MSE of 31.58 + 5.48 and an
R? of 0.82 + 0.13, and the BP Neural Network model having the poorest performance, with an MSE of
50.38 £9.12 and an R? of 0.79 + 0.21. These results suggest that although all models possess predictive
capabilities, the Random Forest Regression model provides the most accurate and consistent results.
Figure 5 illustrates a scatter plot comparing the GDI values predicted by the RF model with the actual
GDI values. The scatter plot shows that most of the predicted values are close to the dashed line,
indicating high predictive accuracy and stability of the model.

Table 4. Performance results of different models.

Model MSE R2 MAE

Lasso 22.29 +3.28 0.85+0.18 3.71+0.96
Random Forest 16.18 +1.92 0.89 +0.06 2.99 + 0.69
SVR 31.58 +5.48 0.82+0.13 7.68 +1.70
BP Neural Network 50.38 £9.12 0.79 +0.21 9.59 +1.99

Random Forest Model: Predicted vs Actual GDI

90

80

Predicted GDI

70

60 e

60

Actual GDI

80

920

100

Figure 5. RF model prediction scatterplot. Note: In the plot, the dashed line represents the reference

line for perfect prediction (i.e., where the predicted values equal the actual values).

Figures 6A to 6D present summary plots of SHAP values for the four different models, which
help to interpret the decision-making process by showing each feature’s contribution to the model’s
predictions. Figure 6A displays the SHAP values for the Random Forest model, It is evident that
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Feature 2, Feature 14, and Feature 12 have a substantial positive influence on the model’s predictions.
Figure 6B illustrates the distribution of feature importance in the SVR model. In this model, Feature
2, Feature 14, and Feature 9 have a strong impact on the model’s output, while features like Feature
18 and Feature 3 contribute less, and in some cases, may even have a negative effect. This indicates
that the importance of features in the SVR model is more dispersed. Figure 6C shows the SHAP value
distribution for the BP Neural Network model. Here, Feature 2, Feature 14, and Feature 20
significantly influence the model’s output, highlighting their importance in the neural network.
Interestingly, compared to other models, Feature 3 and Feature 1 have more prominent SHAP values,
suggesting that the BP Neural Network model relies more heavily on certain key features. Figure 6D
presents the SHAP value analysis for the Lasso Regression model. In this model, Feature 2, Feature
14, and Feature 4 have high SHAP values, indicating their crucial role in the model’s predictions.
Additionally, Feature 8 and Feature 7 also show considerable influence, suggesting that the Lasso
Regression model effectively balances the contributions of multiple features.

Notably, across all four models, Feature 2 and Feature 14 consistently exhibit significant
influence, underscoring their importance in predicting GDI This consistency across models
highlights the critical role these features play in the prediction process.

A B
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Figure 6. SHAP Summary Plot of different models. Note: In these plots, the color gradient from blue
(low value) to red (high value) represents the size of the feature values, and the X-axis represents

the SHAP values, with larger values indicating a more significant impact of the feature on the
model’s output.

4. Discussion

This study aimed to predict the GDI in post-stroke hemiplegic patients by integrating knee joint
isokinetic strength assessment data with machine learning models. The results indicate that the RF
model performed exceptionally well in handling complex biomechanical data, particularly in
predicting gait deviations. Its accuracy and stability significantly outperformed traditional models
such as SVR and BP Neural Networks. The RF model, by integrating multiple decision trees,
effectively reduced the risk of overfitting, demonstrating greater robustness [28]. This finding aligns
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with existing literature, which confirms the widespread application and superior performance of RF
in handling high-dimensional data and complex features. For instance, RF models have shown
advantages in predicting survival rates in chronic obstructive pulmonary disease (COPD) patients
and assessing cardiovascular disease risks, showcasing their strength in processing multidimensional
clinical data [31]. Moreover, the model’s effectiveness in managing nonlinear relationships and noisy
data further supports its applicability and reliability in gait analysis [32].

In contrast, while deep learning models excel in processing imaging data, they tend to overfit
with smaller sample sizes, leading to insufficient generalization capabilities [33]. The results of this
study suggest that in clinical environments with limited resources or smaller datasets, the Random
Forest model may be more suitable. This provides clinicians with an efficient and reliable tool for gait
prediction, holding significant practical value. Although deep learning models have demonstrated
superior predictive accuracy, their “black-box” nature limits their clinical application [34]. This study
identified that Feature 2 (maximum work of the affected side’s knee extensors at 60°/s) and Feature
14 (maximum work of the affected side’s knee extensors at 120°/s) were particularly important for
predicting GDI. These features reflect the strength performance of knee extensors at different angular
velocities, highlighting the critical role of extensor strength in gait stability and coordination. The
existing literature widely supports this finding. Research shows that knee extensors play a crucial
role during the stance phase of the gait cycle, particularly when patients need to maintain body
stability and bear weight [35]. Insufficient extensor strength is often associated with stance phase
issues, potentially leading to hyperextension or flexion deformities of the knee, thereby affecting gait
stability and symmetry [36]. Additionally, the differences in extensor work across different angular
velocities reflect muscle performance under dynamic loading conditions, which is especially
important for gait control in post-stroke hemiplegic patients [37,38]. Further research suggests that
enhancing knee extensor strength can effectively improve gait performance, reduce the risk of joint
injuries, and enhance walking ability and independence [39]. Meanwhile, insufficient extensor
strength may increase the risk of gait instability, leading to a higher likelihood of falls and recurrent
strokes [40]. This study further validates the importance of knee extensor strength in gait control,
particularly in the rehabilitation process of post-stroke hemiplegic patients. Strengthening these key
muscle groups can significantly improve gait, reduce fall risk, and accelerate recovery, providing a
solid scientific basis for developing personalized rehabilitation plans [35,41].

The use of SHAP technology significantly enhanced the interpretability of complex models by
providing consistent and globally interpretable feature contribution values, which is also of great
significance in clinical applications. For example, SHAP technology has been successfully applied in
cardiovascular risk prediction models, increasing doctors’” confidence in model results [42]. Similarly,
SHAP’s application in diabetes management has not only improved model interpretability but also
helped in designing more precise personalized treatment plans [43]. By introducing SHAP
technology, this study further improved the clinical applicability of machine learning models,
making prediction results easier for doctors to understand and apply, thereby optimizing the
development of personalized rehabilitation plans [44].

In handling small sample sizes, traditional machine learning models demonstrated significant
advantages [45]. BP Neural Networks are prone to overfitting with small samples, resulting in
inadequate generalization capabilities. For example, the literature points out that deep learning
models often exhibit instability when processing small sample data, requiring regularization or data
augmentation techniques for improvement [46]. In contrast, ensemble learning models such as
Random Forest are more suitable for handling complex biomechanical data with small sample sizes,
as they better manage data noise and avoid overfitting [47]. Moreover, studies have shown that
traditional machine learning models often provide more robust predictive results when handling
high-dimensional data, especially when the sample size is limited, further supporting the findings of
this study [48].

Despite the significant achievements in predicting gait deviations, this study has some
limitations. First, the sample size was relatively small, including only 150 post-stroke hemiplegic
patients. Although this sample size provided initial validation for model development, its
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generalizability might be limited when dealing with more complex and diverse patient populations.
Future research should expand the sample size and include a more diverse patient population,
encompassing different genders, ages, disease courses, and rehabilitation stages. By increasing
sample diversity, researchers can develop more generalizable gait prediction models, improving
model generalization ability and providing more personalized rehabilitation recommendations for
different types of patients. Second, this study primarily relied on knee joint isokinetic strength
assessment data. While these data are important for gait prediction, gait deviations result from the
interaction of multiple factors, including muscle strength, balance ability, neural control, and external
environmental factors. Solely relying on knee joint strength data may not fully capture all the relevant
factors of gait deviation. Future research should explore the integration of multimodal data,
combining balance ability tests, surface electromyography, gait imaging data, neuroimaging data,
and biomarker data, to construct a more comprehensive gait prediction model. Integrating
multimodal data will help capture the causes of gait deviations more comprehensively, improving
the accuracy of the model’s predictions and providing more precise rehabilitation guidance. Finally,
although this study used SHAP technology to enhance model interpretability, machine learning
models may still exhibit a “black-box” effect in practical applications. This issue is particularly
important in clinical decision-making, as doctors need to understand the specific basis for model
predictions to better apply them in patient rehabilitation plans. Future research should continue to
explore how to improve the interpretability of machine learning models, developing more intuitive
visualization tools and explanatory methods, making it easier for clinicians to understand and apply
these models” predictions. This is crucial for better integrating machine learning models into the
clinical decision-making process.

5. Conclusion

In conclusion, this study successfully predicted the GDI in post-stroke hemiplegic patients by
integrating knee joint isokinetic strength assessment data with machine learning models. The
findings indicate that the Random Forest Regression model performed the best in predicting gait
deviations, demonstrating high accuracy and robustness. Additionally, muscle strength metrics at
different speeds were found to be crucial for rehabilitation assessment, further validating the
importance of knee joint strength in gait control. Future research should focus on addressing the
potential biases and unconsidered variables identified in this study to develop even more robust
predictive models.
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