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Abstract: Background: Predicting a stroke in advance or through early detection of subtle prodromal
symptoms is crucial for determining the prognosis of the remaining life. Electromyography (EMG)
has the advantage of easy and quick collection of biological data in clinical settings; however, its
application in data processing and utilization is somewhat limited. Thus, this study aims to verify
how simple signal processing and feature extraction utilize EMG in machine learning (ML)-based
prediction models. Methods: EMG data were collected from the legs of 120 healthy individuals
and 120 stroke patients during gait. Four statistical features were extracted from 16 EMG signals
and trained on seven ML-based models. The accuracy of the validation and test datasets was
also examined. Results: The model with the best performance was Random Forest. Among the
16 EMG signals, the average and maximum values of the muscle activities involved in knee extension
(i.e., vastus medialis and rectus femoris) contributed significantly to the predictions. Conclusion:
The results of this study confirmed that the simple processing and feature extraction of EMG signals
effectively contributed to the accuracy of ML-based models. Routine use of EMG data collected in
clinical environments is expected to provide benefits in terms of stroke prevention and rehabilitation.

Keywords: electromyography; machine learning; stroke

1. Introduction

Stroke, caused by insufficient cerebral blood supply or hemorrhage, is a leading cause
of mortality and functional disability in the elderly population [1]. From a neurophys-
iological perspective, stroke damage to the brain neurons disrupts motor and sensory
integration, leading to paralysis [2], muscle weakness [3], and changes in muscle tone [4].
Although advancements in medical treatment have gradually reduced stroke-related mor-
tality [5], stroke continues to affect high to 85% of survivors with persistent sequelae that
significantly impact their quality of life [6]. Among these, gait disorders are among the
primary factors limiting mobility and substantially affecting the quality of life of stroke
survivors [7]. Various abnormal gait patterns arise not only from hemiplegia following a
stroke but also from symptoms such as muscle spasticity, co-contraction, and foot drop,
and the extent of these symptoms varies among patients. These gait abnormalities have
been demonstrated through changes in the activation of various lower limb muscles, as
measured by electromyography (EMG) [8–11].

The most critical factor influencing the recovery of stroke survivors is early detection
and treatment, with the best prognosis associated with the rapid identification of prodromal
symptoms [12]. In particular, when prodromal symptoms occur, patients often fail to
recognize these signs because of mild symptoms or inability to ambulate, leading to delays
in seeking medical attention. Statistically, 17.8% of individuals with no prior diagnosis of
stroke or transient ischemic attacks (TIAs) over the age of 45 years experience at least one
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prodromal symptom [13]. In particular, TIAs have been reported to cause motor issues,
such as balance and gait disturbances, along with cognitive, sensory, and fatigue-related
symptoms [14,15]. Nevertheless, 80% of strokes following TIAs can be prevented by prompt
intervention [16].

Among the various tools used to assess the functional status of stroke patients, EMG
is a commonly employed technique that measures the electrical activity generated by the
muscles. It is widely used in clinical settings to assess motor control abilities quickly and
accurately. However, challenges remain in accessing and selecting features from unfiltered
time-series data, particularly as the digital healthcare industry advances and the use of
medical big data are increasingly developed [17]. Although research on signal processing
for EMG data has a long history of addressing issues such as noise and artifacts introduced
during the data collection process [18,19], relatively little progress has been observed in
practical feature extraction and selection for disease prediction models. Given the large
volume of training data required for predictive models, computational efficiency in feature
extraction and selection is as crucial as model performance.

Recent advancements in the field of machine learning have seen a growing emphasis on
the application of EMG. Studies have demonstrated that machine learning models utilizing
features extracted from EMG signals [20]—across various domains such as time, frequency,
time-frequency, and statistical—can achieve high classification performance for distinguishing
diseases [21–23] and physical movements [24]. Due to the inherent complexity of predicting
disease indicators and symptoms or physical movements, enhancing accuracy remains chal-
lenging, prompting the exploration of model integration strategies [25,26]. Moreover, in the
context of disease prediction and classification, both sensitivity—reflecting the model’s ability
to accurately detect the presence of a disease—and specificity—reflecting the model’s ability
to differentiate between diseases—are critical metrics. Thus, ongoing efforts are dedicated to
improving these performance indicators. Nevertheless, the choice of data features for training,
given its significant impact on model complexity and performance, remains a pivotal area of
study within machine learning.

In the development of machine learning models for medical applications such as stroke
prediction, an excessive number of data features can lead to several technical challenges.
Firstly, incorporating an excessive variety of data can impede the model’s ability to discern
meaningful signals. Redundant data introduces additional noise, thereby diminishing the
model’s accuracy. Secondly, as the dimensionality of the data increases, the number of re-
quired data points grows exponentially, which heightens the risk of overfitting and reduces
the model’s generalizability. Furthermore, the increased computational burden renders
the model impractical for deployment in local healthcare settings due to the associated
high computational costs. These issues present significant barriers to the integration of
artificial intelligence technologies into regional medical practice. Consequently, research
on simplified data feature extraction and selection methods, based on filtering techniques
commonly employed in EMG signal processing, is of critical importance as it holds the
potential to alleviate these barriers and enhance clinical applicability.

Numerous traditional predictive studies have reported lifestyle-based stroke risk fac-
tors [27–30]. More recently, research has focused on predicting abnormal movements in
stroke patients using EMG and machine learning (ML) [31–33]. However, ML-based stroke
modeling studies that use the activation levels of multiple muscles as biomarkers remain
limited [34]. Predictive modeling using muscle activity as training data could provide valu-
able insights into data features suitable for the rapid assessment of the neurophysiological
state in patients at the early or pre-stroke stages. Therefore, this study aims to examine
the impact of the statistical features of muscle activity of the major leg muscles during gait
as predictive factors across various models to differentiate between stroke patients and
healthy individuals.
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2. Related Works

Machine learning studies utilizing EMG datasets have predominantly concentrated on
movement detection [35–37], the identification of abnormal signal patterns [38–40], and the
prediction of diseases [23,41] based on EMG data. Previous studies validating disease pre-
diction models with EMG data have addressed a range of conditions, from musculoskeletal
disorders [42], such as osteoarthritis and rheumatoid arthritis, to neurological disorders,
including cerebral palsy [43] and Parkinson’s disease [44]. These studies have employed
predictive models for disease classification using machine learning techniques, including
neural networks, linear discriminant analysis, support vector machines, decision trees, and
least squares kernel algorithms, with reported accuracy rates ranging from 72% to 98%.

Using EMG datasets for disease classification presents several challenging issues.
First, the time burden associated with collecting EMG data from patients is significant.
Consequently, many studies focus on unsupervised machine learning techniques for di-
mensionality reduction or feature extraction due to the limited size of available datasets.
Additionally, there are well-known data processing challenges, such as noise and artifact in-
terference, high dimensionality and nonlinearity of the data, correlations between features
in a time-series dataset, and variability in the analysis of results due to different filtering
methods. Each of these issues represents a distinct research topic, and only after addressing
these challenges can a dataset suitable for model training be constructed.

EMG raw data undergoes various filtering methods depending on the measurement
environment and equipment. Typically, it passes through a bandpass filter to remove
artifacts, followed by rectification to convert the signals to positive values, and then a
low-pass filter to create the linear envelope [45]. Feature extraction can be categorized
as follows: (1) statistical and physical features in the time domain, frequency domain,
and time-frequency domain; (2) linearity features using entropy; and (3) dimensionality
reduction features using matrix decomposition and neural networks.

Due to the challenges associated with sensitive signal processing in time-series data,
traditional approaches to stroke detection in machine learning have relied on neuroimaging
techniques [46], using MRI and CT scans to validate classification model performance.
However, these methods reflect spatial rather than temporal characteristics, making early
detection modeling more challenging. Furthermore, limitations such as restricted access
to data acquisition and the computational costs associated with analysis have emerged
as significant constraints. Recently, the potential of EMG data for stroke detection has
garnered renewed attention, driven by extensive research on temporal signal processing
for early stroke detection and advancements in feature engineering [47]. A recent study
reported performance levels ranging from 59% to 80% when statistical features, derived
from power spectrum analysis of EMG data from four muscles (bilateral biceps femoris
and gastrocnemius muscles), were used to train various machine learning models [48].

3. Materials and Methods
3.1. Data Acquisition

In this study, data from a total of 240 participants were used, consisting of 120 healthy
controls and 120 stroke patients with an abnormal gait. Stroke patients were selected if
they were able to walk, regardless of age, duration since onset, or the affected brain region.
Participants with cognitive impairments, neurological damage, musculoskeletal injuries, or
pain that prevented them from performing the gait task were excluded from this study. All
participants were recruited from multiple medical institutions across South Korea, starting
in 2022, following approval from the Institutional Review Board, and written informed
consent was obtained from each participant. Surface electromyography (EMG) (Noraxon
Telemyo DTS, Scottsdale, AZ, USA) was employed to record signals from both legs during
a 10 m straight walk at a comfortable speed. To prevent falls during gait in stroke patients,
a physical therapist accompanied the patients while they performed the walking task. Also,
EMG electrodes were attached after cleaning the skin with alcohol to reduce skin resistance,
and hair was removed if necessary. To ensure accurate and consistent EMG placement,
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data were collected by a biomechanics researcher with over three years of experience.
The following muscles were monitored: the rectus femoris (RFM) and vastus medialis
(VMM) acting as knee extensors; the semitendinosus (SEM) and biceps femoris long head
(BFM) acting as knee flexors; the adductor magnus (ADD) as a hip adductor; the gluteus
medius (GLU) as a hip abductor; the tibialis anterior (TIB) as an ankle dorsiflexor; and
the medial gastrocnemius (GCM) as an ankle plantar flexor. EMG electrodes were placed
according to SENIAM guidelines [49], and the signals were sampled at 1500 Hz after being
bandpass-filtered (20–450 Hz, 4th-order Butterworth filter).

3.2. Pre-Processing of Data

After EMG collection, all data were processed using rectification followed by low-pass
filtering (10 Hz, 4th-order Butterworth filter), a standard approach commonly used in
clinical research as shown in Figure 1 [50–52]. Ten gait cycles from each participant’s
10 m walk were interpolated to 200 time points and averaged. As shown in Figure 2, data
splitting was performed after data pre-processing and feature extraction before training the
machine learning model. Although sufficient data was secured, in order to understand the
classification problem related to the specific condition of stroke, the dataset was divided
into training, validation, and test sets with a ratio of 2:6:2. This setup was chosen to avoid
artificially inflating the learning effect and to minimize the potential for overfitting in
advance. This approach was taken to enhance the model’s generalization performance.
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3.3. Feature Extraction of EMG

Each participant’s data included basic demographic information such as gender, age,
weight, and height. This basic information was useful in the initial analysis to understand
the overall characteristics of the participants. The primary focus of this study was on EMG
measurements, with 16 EMG signals recorded for each participant. EMG provides valuable
insights into the electrical activity of muscles, offering information related to muscle
dysfunction. Based on this, for each filtered EMG signal, we extracted computational
features, including the minimum peak (min) and maximum peak (max) of muscle activity
exceeding 3 SD above the resting activity levels, as well as the total average (avg) and
total sum (sum) of activity during the entire gait cycle. Here, the resting activity levels
are defined as the average muscle activity during a 100 ms period while the participant
is standing still before the gait cycle begins [53]. For example, as illustrated in the bottom
panel of Figure 1, using the Lt. VMO as a reference, within a single gait cycle, there are
two peak points above the baseline muscle activity, with the larger peak defined as the
max and the smaller peak defined as the min. As a result, a total of 64 feature variables
were derived for each participant (16 EMG signals × 4 derived features). These features
were chosen because they provide a numeric representation that is both representative
and intuitive. Unlike a power spectrum analysis, which may be less straightforward for
non-specialists, these features offer an easily interpretable summary of muscle activity.
This makes them more accessible in clinical settings where practitioners may not have
specialized expertise. Additionally, these features are computationally efficient to extract
during pre-processing, which helps streamline the analysis process and enhances the
overall efficiency of the model.

3.4. Machine Learning Algorithms

In this study, we classified the stroke group and the healthy group using seven of the
most widely used machine learning models based on EMG feature data collected during the
10 m walk. The machine learning models were trained and evaluated using the scikit-learn
library in Python, and the results were visualized using matplotlib. In the scikit-learn
library, a logistic regression was implemented using the logistic regression module, a
decision tree with the decision tree classifier module, random forest with the random
forest classifier module, multilayer perceptron with the MLP classifier module, support
vector machine with the SVC module, naive Bayes with the Gaussian–NB module, and
K-nearest neighbors with the K-neighbors classifier module. The seven machine learning
models utilized in this study were selected based on their proven efficacy in learning
high-dimensional and non-linear data through each mathematical operation and statistical
method. As shown in Table 1, the selection of each model was supported by previous



Appl. Sci. 2024, 14, 8430 6 of 14

studies that validated disease classification models using EMG data, thereby demonstrating
their suitability for the dataset employed in this study.

Table 1. Classification performance of each model using EMG reported in previous studies.

Model Disease
Performance (%)

ACC TPR TNR

Logistic Regression [54] ALS 95.1 96 94.3
Decision Tree [55] ALS 90.9 94 88.7

Random Forest [55] ALS 96.7 99.6 94.8
MultiLayer Perceptron [56] Parkinson 97 100 94

Support Vector Machine [54] ALS 94.1 96 94.3
Naive Bayes [56] Parkinson 97 100 94

K-Nearest Neighbors [57] NMDs 98.8 98.6 99.4
ALS: amyotrophic lateral sclerosis; NMDs: neuromuscular disorders.

The objective was to identify the model that best learns from the EMG-driven features
among these models. The definition and the equation are presented as follows:

• Logistic regression (LR): A widely used model for binary classification problems, logis-
tic regression represents the relationship between feature variables and the outcome
using a linear function [58].

logit(P(Y = 1)) = β0 + β1X1 + β2X2 + · · ·+ βnXn (1)

where, logit(P(Y = 1)) represents the log-odds of the probability of belonging to class 1,
and βn denotes the weight for each feature variable Xn.

• Decision tree (DT): A non-parametric model that performs predictions by partitioning
data based on its features. It is known for its intuitive nature and ease of interpreta-
tion [59].

Gini = 1−∑K
k=1Pk

2 (2)

where, Pk represents the probability of belonging to class k.

• Random forest (RF): A model that improves predictive performance by assembling
multiple decision trees. It is effective in preventing overfitting [60].

Ŷ = mode({Ti(X)}) (3)

where, Ti(X) represents the prediction result of each tree, and the final prediction is
determined by majority voting.

• Multilayer perceptron (MLP): An artificial neural network model composed of multiple
layers of neurons, known for its ability to effectively learn non-linear relationships [61].

Ŷ = f (∑n
i=1wiXi + b) (4)

where, f represents the activation function, wi denotes the weights, and b is the bias.

• Support vector machine (SVM): A model that finds a hyperplane to separate data in a
high-dimensional space, capable of solving non-linear problems through the use of
kernel tricks [62].

f (x) = sign(w · x + b) (5)

where, w represents the weight vector, b is the bias, and the kernel function used is
the RBF.

• Naive Bayes (NB): A probabilistic model based on Bayes’ theorem, which performs
predictions under the assumption that features are independent [63].
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P(Y|X) =
P(X|Y)P(Y)

P(X)
(6)

Here, P(Y|X) represents the conditional probability, P(Y) is the prior probability, and
P(X) is the evidence.

• K-nearest neighbors (KNN): A model that classifies a new data point by compar-
ing it to the K nearest neighbors. Despite its simplicity, KNN can exhibit robust
performance [64].

Ŷ = mode({Yi|Xi ∈ Nk(X)}) (7)

Here, Nk(X) represents the K nearest neighbors to X.

3.5. Model Performance Evaluation Matrices

The performance of the models was evaluated based on the accuracy of classifying each
participant as either healthy or a stroke patient. Accuracy, which represents the proportion
of correct predictions out of the total predictions, reflects the overall performance of the
model. To gain insights into the types of errors made by the model, a confusion matrix was
used to illustrate the relationship between the actual class and the predicted class, allowing
us to identify the types of errors the model frequently makes.

3.6. Hyperparameter Optimization

Initially, the default hyperparameters provided by the scikit-learn library were used for
each model to establish a baseline performance. Subsequently, a grid search was employed
to find the optimal settings and enhance model performance. Hyperparameter tuning
plays a critical role in balancing model complexity and generalization ability. Various
configurations were tested, and cross-validation was used to validate the results. The key
hyperparameters for each model are as follows:

• LR: penalty = ‘l2’, C = 1.0, solver = ‘lbfgs’
• DT: criterion = ‘gini’, max_depth = None, min_samples_split = 2
• RF: n_estimators = 100, criterion = ‘gini’, max_depth = None
• MLP: hidden_layer_sizes = (100,), activation = ‘relu’, solver = ‘adam’, max_iter = 500
• SVM: C = 1.0, kernel = ‘rbf’, gamma = ‘scale’
• NB: priors = None, var_smoothing = 1 × 10−9

• KNN: n_neighbors = 5, weights = ‘uniform’, algorithm = ‘auto’

4. Results
4.1. Performance of ML Models

The performance of each model on the validation and test data is summarized in
Table 2. The RF model demonstrated the highest performance with 100% accuracy (ACC),
true positive rate (TPR), true negative rate (TNR), and positive predictive value (PPV) for
both the validation and test data. The MLP, LR, DT, SVM, and KNN models also exhibited
excellent predictive performance, suggesting that various models are effective for stroke
prediction. In contrast, the NB model exhibited a relatively lower performance, which may
have been due to the assumption of independence among the feature variables not being
met in the actual data.

4.2. Model with the Best Performance: RF

The RF model exhibited the highest performance, with 100% accuracy for both the
validation data and the test data. This can be attributed to the ensemble of multiple DTs,
which helps prevent overfitting and enhances the generalization performance of the model.
The confusion matrices for the RF model validation and test data are summarized in
Tables 3 and 4, respectively.
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Table 2. Performance metrics of each model on validation and test data, where stroke patients are
classified as positive cases.

Model
Validation Test

ACC TPR TNR PPV ACC TPR TNR PPV

Logistic Regression 0.96 0.96 0.96 0.96 0.92 0.97 0.90 0.97
Decision Tree 0.94 0.93 0.96 0.96 0.96 1.00 0.90 0.78

Random Forest 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
MultiLayer Perceptron 0.99 0.99 0.99 0.99 0.98 0.93 0.95 0.96

Support Vector Machine 0.94 0.97 0.66 0.72 0.94 0.93 0.76 0.83
Naive Bayes 0.77 0.93 0.63 0.69 0.77 0.93 0.57 0.74

K-Nearest Neighbors 0.85 0.97 0.75 0.77 0.96 0.96 0.95 0.96

Table 3. Confusion matrix for the validation data.

True

Prediction
Healthy Stroke

Healthy 76 0
Stroke 0 68

Table 4. Confusion matrix for the test data.

True

Prediction
Healthy Stroke

Healthy 21 0
Stroke 0 27

Feature Importance

Variables with high feature importance in the RF model are shown in Figure 3. The
top five variables ranked by importance were as follows: RT VMO avg (0.145), LT VMO
avg (0.138), RT RECTUS FEM max (0.112), LT RECTUS FEM avg (0.109), and RT MED.
GASTRO max (0.107).
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5. Discussion

This study examined the performance and feature importance of ML models trained
on key statistical features of EMG data collected from both legs of stroke patients and



Appl. Sci. 2024, 14, 8430 9 of 14

healthy controls while walking. Among the seven models, the RF demonstrated the highest
performance, and the confusion matrix showed that the RF model accurately classified all
healthy and abnormal cases. This indicates that the model generalizes well to both the
training and actual data. The muscle with the highest feature importance was the mean
value of the VMM. Additionally, the maximum and mean values of the RFM emerged
as important variables, highlighting the significance of EMG measurements and features
derived from knee extensors among the various leg muscles for stroke prediction. This
suggests that specific muscle EMG signals can be used efficiently to assess the likelihood of
stroke in the presence of suspected warning signs or in early stages.

The results of the predictive models using the training data in this study are supported
by previous studies that identified quadriceps weakness as a key clinical symptom in
patients [3,65–67]. This study emphasizes the importance of the VMM in the quadriceps as
a significant predictive factor. Following the VMM, it was found that the RFM and GCM
were the significant predictors. This finding is also consistent with clinical observations
and studies regarding the impact of stroke on these specific muscle groups.

The RFM, a key muscle in the quadriceps group along with the VMM, plays a critical
role in gait, particularly during the weight acceptance phase [40]. This reflects its high
importance in our model. Whereas the GCM is essential for ankle plantarflexion and overall
gait dynamics during the propulsion phase [40]. Stroke can severely affect this muscle’s
function, leading to a decrease in gait speed. The feature importance of the GCM in our
model corroborates the well-documented impact of stroke on lower limb function and
emphasizes the importance of this muscle in maintaining effective mobility and balance.

This finding highlights how machine learning models can effectively capture critical
aspects of motor dysfunction associated with stroke, providing valuable insights for clinical
assessments and rehabilitation strategies. This correlation not only validates the model’s
performance but also reinforces the clinical significance of these muscle groups in the
context of stroke rehabilitation. Additionally, although beyond the primary scope of this
study, feature importance analysis indicated higher values for females, which aligns with
global statistics showing a higher stroke risk among women [13]. Furthermore, this study
did not differentiate between the paralyzed and non-paralyzed legs of stroke patients, as
both legs can experience kinematic damage in stroke patients [66].

In this study, the RF model exhibited the best performance with EMG-driven fea-
tures, demonstrating its effectiveness in capturing the nonlinearity and feature interactions
among the 64 features, as well as its robustness in preventing overfitting. Given that
EMG data involves correlations between muscle activations, it is crucial to consider these
interdependencies during the learning process. Models like NB, which assume feature
independence, showed diminished performance. While models such as SVM and MLP are
known for their ability to handle high-dimensional data, their performance is highly sensi-
tive to hyperparameter tuning. As a result, this study alone cannot definitively conclude
that RF surpasses SVM and MLP.

Stroke is a major disease that significantly affects the quality of life and leads to severe
sequelae in the elderly. Early detection and prompt intervention based on warning signs
can be highly beneficial not only in improving outcomes but also in reducing healthcare
and socioeconomic costs for the elderly [68]. A recent study reported several barriers to
the clinical evaluation and application of EMG [69]. The results of this study demonstrate
that predictive models can perform effectively using only the mean or maximum values
of muscle activity of the knee extensors without requiring complex analysis of clinical
significance or symptom testing. This approach addresses both the critical issue of com-
putational efficiency in time-series data and the challenge of technological accessibility in
clinical settings [70]. Rapid initial predictions using ML based on computationally efficient
time-series data followed by precise evaluations are expected to alleviate bottlenecks in
future medical diagnostic systems [71]. Moreover, because the simultaneous measurement
of multiple muscles is not required, managing data quality related to noise and outliers can
be managed more easily. Although various studies have proposed the use of ML models



Appl. Sci. 2024, 14, 8430 10 of 14

for disease prediction, research that validates and examines the performance and impact of
stroke prediction models based on the activation of multiple muscles while considering the
complex joint degrees of freedom in the lower limbs, as in this study, is rare [72].

This study represents a pilot investigation into the feasibility of utilizing a limited
set of muscle activity data for ML-based predictive models. To advance these models
for clinical applications, conducting further research that incorporates a range of factors
related to stroke patients is crucial, including the etiology of impairment, lesion localization,
extent of recovery, and prognosis, by leveraging muscle activity data from specific muscle
groups. Moreover, subsequent research should focus on enhancing not only the sensitivity
of the models for stroke detection but also their specificity in distinguishing stroke from
other diseases. This involves integrating additional risk factors, such as lifestyle habits, to
improve diagnostic accuracy and model robustness.

Although 5-fold and 10-fold cross-validation were conducted as supplementary analy-
ses to validate the performance of the random forest (RF), which demonstrated superior
results in this study, yielding a performance metric of 1.00 for all indicators (i.e., ACC, TPR,
TNR, PPV) as shown in Table 2, it is important to note that an ablation study involving ad-
ditional datasets and comparisons with other machine learning models was not performed.
Consequently, there are limitations in generalizing our findings.

EMG data are continuously accumulated across medical institutions worldwide, and
wearable devices for EMG collection are becoming increasingly available in everyday
life [73]. This study confirmed that EMG data can be effectively utilized for classifying
stroke patients versus healthy individuals using various ML models, highlighting their
potential for advancing digital healthcare technologies. Because EMG data do not identify
individual participants, sensitive issues related to personal privacy are avoided. Therefore,
future research could further enhance the prediction and differentiation performance by
leveraging stored EMG data from medical institutions, focusing on advanced feature engi-
neering and model refinement. Furthermore, this study is significant in that it confirmed
the effectiveness of a predictive model using only certain EMG data and features, amidst
the various medical information and numerous data features available from stroke patients.
Specifically, further research is needed to validate the following directions: First, there may
be specific muscles that are particularly effective for training purposes when measuring
EMG for predictive modeling. Second, among the muscle activity data, certain features
may be more effective for training. Third, some predictive models may be more effective
for learning from EMG data. Finally, future research in this direction may contribute to
addressing issues such as increased noise, overfitting, and computational cost that can
arise from using an excessive number of data features in AI model development in the
healthcare field.

6. Conclusions

This study examined the performance and importance of stroke classification models
based on the primary statistical characteristics of EMG data from key muscles during
walking. These findings confirm that using the simplest feature extraction techniques (max-
imum and average) and collecting muscle activity data from a limited number of muscles
(knee extensors) can yield highly effective models. This suggests the potential of future
wearable devices for predicting stroke risk in both the home and clinical environments
through gait analysis. However, this study is limited by the lack of validation of the model’s
ability to generalize EMG-driven data for distinguishing gait patterns in patients with
other neurological disorders. Subsequent research should focus on integrating extensive
EMG data collected from specific muscles across medical institutions worldwide with other
life-long and medical data to enhance the diagnostic and differentiating capabilities of
predictive modeling.
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