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Stroke is a leading cause of disability and mortality worldwide, particularly when early detection is delayed. Standard clinical
screening and neuroimaging tools, such as MRI and CT, are costly, less accessible, and often identify stroke after onset.
Electroencephalography (EEG) offers a low-cost, non-invasive alternative with millisecond temporal resolution. This study
presents a hybrid EEG-based approach for stroke risk detection by combining power spectral density (PSD), continuous
weighted phase lag index (cwPLI), and sample entropy (SaEn) features. EEG data from 25 ischemic stroke patients and 25
age- and sex-matched healthy controls performing motor imagery tasks were obtained from a publicly available dataset. EEG
data were preprocessed with 1–35 Hz bandpass filtering, artifact removal via Independent Component Analysis (ICA), and
segmentation into 1-second epochs. A Support Vector Machine (SVM) with a radial basis function (RBF) kernel was trained
on combined features using 10-fold cross-validation. The hybrid PSD + cwPLI + SaEn model achieved mean accuracy of
92.5% ± 1.6%, sensitivity 91.8% ± 1.7%, and specificity 93.1% ± 1.5%, outperforming models using individual feature sets.
ERP waveforms at the C3 electrode and scalp topographies confirmed altered neural dynamics in stroke patients. These results
highlight the potential of a hybrid EEG-ML model as a scalable, non-invasive screening tool for early stroke risk detection, with
implications for clinical and resource-limited settings. Future work should include larger and longitudinal datasets to validate
predictive performance and integrate additional clinical risk factors.
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Introduction

Stroke causes substantial global health burden, resulting in
long-term disability, reduced quality of life, and high health-
care costs1,2. Standard diagnostic tools such as CT and MRI
are effective post-onset but limited for proactive risk detection.
EEG provides a portable, non-invasive method with high tem-
poral resolution, suitable for early detection in both clinical
and low-resource environments2.

Previous EEG research largely focuses on post-stroke im-
pairment using resting-state recordings. Single-feature stud-
ies, such as those using PSD3 or entropy, provide partial in-
sight into neural disruptions but may miss synergistic patterns
detectable through multimodal analysis. Few studies evaluate
proactive stroke risk detection using combined spectral, con-
nectivity, and complexity measures4, leaving a critical gap in
identifying individuals at risk before clinical onset. This gap
motivates the use of a hybrid EEG feature approach to improve
early detection.

The purpose of this study is to integrate PSD, cwPLI, and
SaEn features for early stroke detection, evaluating model per-
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formance through ERP waveforms and scalp topographies.
This approach is intended to provide a scalable, non-invasive
screening tool with potential for implementation in clinical
and low-resource settings5.

Literature Review

EEG has been widely used to study stroke-related cortical
dynamics, functional impairments, and recovery trajectories.
PSD analyses quantify frequency-specific neural activity, typi-
cally revealing increased delta and decreased alpha/beta power
in stroke patients, reflecting cortical slowing and impaired tha-
lamocortical communication1,6. Connectivity metrics, such as
weighted phase lag indices (wPLI and cwPLI), capture dis-
rupted inter- and intra-hemispheric network interactions while
mitigating spurious correlations from volume conduction7.
Entropy-based measures, including sample entropy (SaEn),
quantify temporal signal complexity, generally reduced in is-
chemic stroke, indicating impaired neural variability and net-
work flexibility8.

Recent studies highlight the benefits of combining multi-
ple EEG features. Multimodal approaches integrating spectral
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and connectivity measures improved classification accuracy
in post-stroke cognitive impairment4. Deep learning mod-
els incorporating spectral, connectivity, and topographic infor-
mation outperform single-feature approaches in stroke detec-
tion9,10. However, most research emphasizes post-stroke as-
sessment rather than proactive risk detection, leaving a critical
gap in identifying individuals at risk before clinical onset11.

Task-based ERP studies, such as motor imagery paradigms,
reveal subtle neurophysiological differences between stroke
patients and controls12. Motor imagery engages cortical mo-
tor networks without actual movement, offering a controlled
framework for assessing cortical integrity. By combining
PSD, cwPLI, and SaEn features in such paradigms, this study
seeks to capture synergistic biomarkers that may improve
early stroke risk detection6,13.

Methods

Research Design and Sample Selection

This observational study used EEG recordings during motor
imagery tasks to classify stroke versus healthy participants.
Twenty-five ischemic stroke patients (≤6 months post-onset,
right-handed) and twenty-five age- and sex-matched healthy
controls were selected. Exclusion criteria included neurolog-
ical comorbidities, medications affecting EEG, or prior brain
injury. Right-handed participants were selected to minimize
lateralization variability in motor cortex activity. Age- and
sex-matched controls were recruited from community datasets
to reduce confounding variables5.

Sample Size Justification

A priori power analysis using G*Power 3.1 indicated that a
total sample of 50 participants (25 per group) provides ¿80%
power to detect medium effect sizes (Cohen’s d = 0.6) at
α = 0.05 for group differences in ERP components and EEG
features. This balances statistical sensitivity with feasibility
given the available dataset14.

Motor Imagery Paradigm

Participants performed left- and right-hand motor imagery in
response to visual cues. Motor imagery was chosen because
it engages motor planning and execution networks affected by
stroke while minimizing physical artifacts, allowing accurate
assessment of cortical integrity2.

EEG Recording and Preprocessing

EEG was recorded using a 64-channel system at 500 Hz.
Signals were bandpass filtered between 1–35 Hz, excluding
gamma frequencies due to high noise susceptibility. Artifacts,

including eye blinks and muscle activity, were removed using
ICA15. Data were segmented into 1-second epochs to retain
task-relevant neural signals6.

Feature Extraction and Neurophysiological Rationale

Power Spectral Density (PSD): Computed in delta (1–4 Hz),
theta (4–8 Hz), alpha (8–13 Hz), and beta (13–30 Hz) bands
via Welch’s method. Stroke-related delta increases and al-
pha/beta decreases reflect cortical slowing1,6.

Continuous Weighted Phase Lag Index (cwPLI): Cap-
tures functional connectivity while reducing volume conduc-
tion artifacts. Stroke disrupts interhemispheric coherence,
making connectivity a sensitive biomarker7.

Sample Entropy (SaEn): Measures temporal signal com-
plexity. Reduced SaEn in stroke indicates diminished network
efficiency8.

Machine Learning Model

An SVM with RBF kernel was trained on combined features.
Hyperparameters were optimized via grid search. Perfor-
mance was evaluated with 10-fold cross-validation, reporting
mean ± standard deviation for accuracy, sensitivity, and speci-
ficity4.

ERP Statistical Analysis

ERP components (N100, P200) at the C3 electrode were an-
alyzed using two-sample t-tests. Bonferroni correction ac-
counted for multiple comparisons. Effect sizes (Cohen’s d)
were calculated. Significance was set at p < 0.0512.

Ethical Considerations

EEG datasets were obtained from publicly available sources
with informed consent and prior ethical approval5.

Results

The hybrid model outperformed single-feature models,
demonstrating the benefit of combining spectral, connectivity,
and complexity features4,9.

The hybrid PSD + cwPLI + SaEn model achieved superior
performance compared to single-feature models (Table 1).

ERP waveforms at the C3 electrode demonstrated a delayed
N100 and reduced amplitude in stroke patients compared to
healthy controls (Figure 1).

Topographic scalp maps at 100 ms and 200 ms post-
stimulus showed reduced lateralization and diminished corti-
cal activation in stroke patients (Figure 2).
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Table 1 Classification Performance of Single and Hybrid EEG Feature Sets

Model Accuracy (%) Sensitivity (%) Specificity (%)
cwPLI (Baseline) 84.5 ± 2.1 82.1 ± 2.5 85.3 ± 2.2
cwPLI + SaEn 90.2 ± 1.8 89.5 ± 2.0 90.7 ± 1.9
cwPLI + SaEn + PSD 92.5 ± 1.6 91.8 ± 1.7 93.1 ± 1.5

Fig. 1 ERP waveforms at C3 electrode showing delayed N100 in stroke patients compared to healthy controls.

Fig. 2 Topographic scalp maps at 100 ms and 200 ms post-stimulus showing reduced lateralization in stroke patients.
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Fig. 3 ERP responses to standard, target, and deviant stimuli illustrating greater variability in peak latency and amplitude in stroke patients.

ERP responses to standard, target, and deviant stimuli il-
lustrated greater variability in peak latency and amplitude in
stroke patients compared to controls (Figure 3).

ERP and Topographic Analyses

ERP waveforms at the C3 electrode demonstrated a delayed
N100 and reduced amplitude in stroke patients compared to
healthy controls12. Topographic scalp maps at 100 ms and
200 ms post-stimulus showed reduced lateralization and di-
minished cortical activation in stroke patients7.

These results confirm significant differences in ERP com-
ponents between stroke and control groups2.

Discussion

The hybrid PSD + cwPLI + SaEn model achieved 92.5% ac-
curacy in distinguishing stroke patients from healthy controls,
demonstrating the value of integrating multiple EEG mea-
sures. Previous studies using single-feature approaches, such
as PSD or sample entropy alone, have reported accuracies be-
tween 80–85% for post-stroke assessment8,16. By combin-
ing spectral, connectivity, and complexity features, our model
improves performance by 7–12%, highlighting the synergistic
benefit of a multimodal approach4.

Comparative analysis with prior EEG-based stroke research
shows both similarities and distinctions. Resting-state PSD
analyses consistently report increased delta and decreased al-
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Table 2 Statistical Comparison of ERP Components Between Stroke and Control Groups (Bonferroni-Corrected)

ERP Component Electrode t-value p-value Cohen’s d
N100 Latency C3 3.12 0.003 0.88
N100 Amplitude C3 –2.74 0.008 0.77
P200 Amplitude C3 2.50 0.02 0.70

pha/beta power in stroke patients16, consistent with our find-
ings during motor imagery tasks. Connectivity metrics, partic-
ularly wPLI and cwPLI, have been previously shown to cap-
ture disrupted interhemispheric interactions7, and our results
similarly demonstrate reduced coherence, suggesting these
measures are sensitive biomarkers for cortical network impair-
ment. In contrast to many resting-state studies, our use of task-
based motor imagery allowed for clearer detection of func-
tional asymmetries in the motor cortex, as reflected in ERP
measures. The delayed N100 and reduced P200 amplitudes at
the C3 electrode align with some task-based ERP studies12,
though effect sizes in our study were notably larger, suggest-
ing that motor imagery enhances sensitivity to cortical disrup-
tions in acute ischemic stroke.

Regarding model performance, hybrid approaches that in-
corporate multiple EEG features or deep learning frame-
works9 have shown improved classification over single-
feature methods. Our results support this trend while em-
phasizing that feature selection informed by neurophysiolog-
ical rationale choosing PSD, cwPLI, and SaEn can achieve
high accuracy with conventional machine learning models like
SVMs. This suggests that careful feature engineering may
provide comparable predictive performance to more complex
deep learning models while remaining computationally effi-
cient and interpretable, an advantage in clinical settings10.

These findings have practical implications for early stroke
risk detection. A scalable, non-invasive EEG-based screen-
ing tool could complement standard clinical assessments, par-
ticularly in resource-limited environments where MRI or CT
scans may be inaccessible1. Additionally, identifying cortical
network disruptions early may inform individualized rehabil-
itation strategies, improving recovery outcomes3. However,
real-world application will require further validation in diverse
and longitudinal cohorts.

Additional prior work further supports the clinical relevance
of EEG-based stroke assessment across severity, recovery, and
cognitive outcome domains. Quantitative EEG biomarkers
have demonstrated prognostic value for functional outcomes
following ischemic stroke17. Recent studies have examined
the diagnostic utility of EEG for assessing stroke severity
in clinical contexts18 and identified EEG biomarkers associ-
ated with post-stroke cognitive impairment across multiple do-
mains19. Feature-fusion frameworks integrating spectral and
topographic EEG measures further support hybrid machine-

learning approaches for stroke classification20. Recent multi-
modal investigations combining neurophysiological and clin-
ical predictors further reinforce the value of integrated EEG-
based models for outcome prediction and generalizability21.

Limitations

While the study provides compelling evidence for hybrid
EEG-based stroke detection, several limitations must be con-
sidered. First, the sample size (n = 50) is moderate; although
powered for medium effect sizes, larger multi-center datasets
are needed to confirm generalizability14. Second, partici-
pants performed motor imagery in controlled laboratory con-
ditions; performance and signal quality may differ in portable
or at-home EEG settings, potentially reducing predictive accu-
racy22. Third, gamma-band frequencies were excluded due to
high noise susceptibility, which may have omitted relevant os-
cillatory activity associated with stroke pathology23. Fourth,
the cross-sectional design does not allow assessment of pre-
dictive utility for individuals at risk of stroke prior to clinical
onset24. Each of these limitations may affect the sensitivity,
specificity, or clinical translation of the model. For example,
limited sample diversity may underestimate variability in real-
world populations, while laboratory task conditions may over-
estimate model performance compared to ambulatory settings.
Future studies should aim to address these constraints, includ-
ing longitudinal monitoring of at-risk populations and integra-
tion of additional clinical variables to enhance robustness and
predictive relevance11.

Future Directions

• Validate hybrid EEG models in larger, longitudinal
datasets4.

• Include pre-stroke or high-risk individuals for predictive
utility25.

• Integrate clinical risk factors and advanced ML tech-
niques to improve robustness26.

• Expand portable EEG application for at-home monitor-
ing22.
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Conclusion

Integrating PSD, cwPLI, and SaEn features from EEG record-
ings achieved ¿92% accuracy in discriminating stroke patients
from healthy controls using an SVM model5. These find-
ings suggest hybrid EEG-ML models hold strong potential for
early stroke risk detection, providing a non-invasive, scalable
approach with promising clinical applications1,3.
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