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Abstract 

Stroke is a leading cause of mortality and long-term disability globally, necessitating early detection for timely intervention. This 

paper presents a comprehensive study on the development, training, and evaluation of a Gated Recurrent Unit (GRU) model for 

early stroke prediction using Surface Electromyography (sEMG) signals. The proposed model leverages the temporal modeling 

capabilities of recurrent neural networks to analyze sequential EMG data from 8 channels, intended to capture neuromuscular 

signal characteristics associated with stroke-induced motor impairment. The model architecture includes a GRU layer with 64 

hidden units, followed by a fully connected layer with ReLU activation and a final softmax output layer for binary classification. 

We implement and compare two variants: a GRU-only model and a CNN-GRU hybrid. Training incorporates gradient clipping 

by norm and learning rate schedulers (step decay and exponential decay) to address vanishing/exploding gradient problems and 

optimize convergence. The model is trained and evaluated using the MUSED-I sEMG dataset, comprising 11 healthy subjects 

and 2 stroke patients, with a total of 11,146 windowed samples. Group K-Fold cross-validation (K=5) is used, though with only 

5 resulting groups (3 healthy-file, 2 stroke-patient), some folds are single-class by construction rather than providing full subject-

independent generalization evidence (see Section 3.7). The GRU-only model achieved a higher mean cross-validation accuracy 

(74.9%, SD 7.3%) than the CNN-GRU model (55.3%) and a Logistic Regression baseline (47.8%), though a paired comparison 

did not reach statistical significance (p = 0.125; see Section 5.1). An Integrated Gradients analysis on a single real test example 

showed differential channel importance concentrated on Channels 4 and 5; averaging across the test set is needed before 

generalizing this finding. The final model's Brier score (0.242) is reported for completeness, though it was computed on a single 

evaluation split containing no stroke-labeled test examples (see Section 4.3.2), so it reflects calibration on the negative class 

only; a supplementary, non-group-independent re-evaluation on a class-balanced split (Section 4.3.3) confirms the architecture 

can achieve genuine discrimination (ROC-AUC = 0.839, PR-AUC = 0.752) once both classes are present in the test set, at the 

cost of subject independence. Despite challenges related to dataset limitations and class imbalance, the results demonstrate the 

feasibility of GRU-based approaches for non-invasive, cost-effective stroke screening, providing a preliminary feasibility signal 

to guide future model refinement in a larger, prospectively validated cohort. 
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1. Introduction 

The sixth most significant cause of mortality in human his-

tory, stroke today poses a critical global health challenge, 

placing survivors at risk for high medical costs and potential 

long-term disability [23]. According to the World Health Or-

ganization, stroke accounts for approximately 6.2 million 

deaths annually and is a leading cause of disability-adjusted 

life years (DALYs) worldwide. The global economic burden 

of stroke is estimated to exceed $1 trillion annually when com-

bining direct healthcare costs and indirect costs from produc-

tivity losses [22]. For stroke screening and prevention, the 

ability to predict stroke risk factors is incredibly helpful, par-

ticularly in underserved regions where access to specialized 

neurological care is limited. 

The development of machine learning models capable of 

predicting the likelihood of having a stroke represents a criti-

cal advancement in preventive healthcare. Traditional ap-

proaches to stroke risk assessment have relied on clinical scor-

ing systems such as the Framingham Stroke Risk Score and 

the CHA₂DS₂-VASc score. While useful, these systems often 

fail to capture complex, non-linear interactions among multi-

ple risk factors and do not incorporate dynamic physiological 

signals [1]. Machine learning has similarly become a signifi-

cant tool for detection and diagnosis across a range of other 

diseases — including cancer prognosis and prediction [16] 

and prostate-cancer magnetic resonance imaging (MRI) [9] — 

underscoring its broader clinical maturity beyond the stroke 

domain specifically. The integration of Artificial Intelligence 

(AI) and Machine Learning (ML) into medical diagnostics of-

fers unprecedented opportunities to analyze complex biomed-

ical signals and identify subtle patterns that may precede clin-

ical manifestations of stroke; recent systematic reviews of AI-

enabled wearable technologies similarly report high predictive 

performance for stroke risk identification, while noting persis-

tent challenges around device accuracy and algorithmic trans-

parency [2]. 

Electromyography (EMG) has emerged as a particularly 

promising modality for early stroke detection. EMG signals 

capture the electrical activity produced by skeletal muscles, 

providing real-time information about motor unit recruitment 

patterns, muscle activation timing, and neuromuscular integ-

rity. Stroke-induced changes in motor control often manifest 

as alterations in EMG signal characteristics, including 

changes in amplitude, frequency content, inter-muscle coordi-

nation patterns, and temporal synchrony. These alterations 

may appear before overt clinical symptoms become apparent, 

making EMG a valuable, non-invasive, and cost-effective tool 

for early detection and risk stratification [24]. Surface EMG 

(sEMG), in particular, offers the advantage of non-invasive 

signal acquisition using skin-surface electrodes, making it 

suitable for routine screening in primary care settings. 

Among the various deep learning models available for time-

series analysis, Recurrent Neural Networks (RNNs) and their 

variants, such as the Gated Recurrent Unit (GRU), have 

shown significant promise. GRU networks are specifically de-

signed to handle sequential data, making them ideally suited 

for analyzing EMG signals, where the temporal evolution of 

muscle activity is of paramount importance [10]. Compared to 

Long Short-Term Memory (LSTM) networks, GRUs offer a 

simpler architecture with fewer parameters, potentially lead-

ing to faster training and reduced computational requirements 

while maintaining competitive performance. 

Motivated by this problem, automated detection and classi-

fication systems have emerged as crucial tools for identifying 

and mitigating the impact of stroke. This paper presents a 

comprehensive study on the development, training, and eval-

uation of a GRU model for early stroke prediction using EMG 

data. 

The specific contributions of this paper are fourfold: a de-

tailed description of the proposed GRU model architecture, 

including layer configurations, activation functions, and train-

ing procedures, for early stroke prediction using EMG data; a 

systematic evaluation of the model’s performance, including 

cross-validation results, final model metrics, calibration anal-

ysis, and interpretability analysis using Integrated Gradients, 

together with the caveats on cross-validation design and sin-

gle-example interpretability documented in Sections 3.7, 4.3.5, 

and 5.4; a comparative analysis of the GRU model against al-

ternative architectures, including a Convolutional Neural Net-

work (CNN)-GRU hybrid and a classical Logistic Regression 

baseline, to establish its relative strengths and weaknesses; 

and a discussion of the limitations and challenges encountered 

in model training and evaluation, providing a clear roadmap 

for future model refinement. 

The rest of the paper is organized as follows: Section 2 pro-

vides a comprehensive review of related literature on stroke 

detection using machine learning, with a focus on RNN-based 

approaches. Section 3 presents the materials and methods, in-

cluding dataset description, preprocessing pipeline, model ar-

chitecture, and training procedures. Section 4 presents the im-

plementation details and results. Section 5 provides an in-

depth discussion of the results, including comparison with ex-

isting studies, strengths and limitations, and recommendations 

for improvement. Finally, Section 6 concludes the paper. 

2. Review of Related Literature 

This section provides a comprehensive review of the appli-

cation of machine learning and deep learning techniques to 

stroke detection, with a particular focus on RNN-based ap-

proaches for time-series data analysis. 

2.1. Traditional Machine Learning Approaches 

for Stroke Detection 

Traditional machine learning has been applied extensively 

across medical domains — including cancer grading, disease 
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diagnosis, and anomaly detection — using domain expertise 

to identify correlations among clinical patterns; however, its 

adoption for stroke prediction specifically has been con-

strained by the limited annotated data historically available in 

healthcare, and it depends heavily on expert-defined features. 

This dependence limits generalization to new datasets ac-

quired through different systems or environments, since the 

learned associations are tied closely to the specific dataset and 

expert judgment used to build them. 

Several studies have used traditional machine learning for 

stroke prediction. Adam et al. [1] applied classification algo-

rithms to ischemic stroke data, demonstrating the potential of 

ML for stroke diagnosis. 

Lakkshmanan et al. [17] developed a model for stroke dis-

ease prediction that included several classifiers: Logistic Re-

gression (LR), Random Forest (RF), XGBoost, AdaBoost, and 

GRU techniques. The results showed that the adaptive neuro-

fuzzy inference system (ANFIS) outperformed other methods. 

However, these systems often suffer from low accuracy rates, 

are sensitive to missing values and outliers, and cannot di-

rectly provide probability estimates without cross-validation 

testing. Furthermore, they fail to propose solutions after diag-

nosis and suffer from imbalanced target data classification. 

2.2. Deep Learning Approaches for Stroke 

Detection 

Deep learning is a data-driven form of machine learning ca-

pable of learning task-relevant representations directly from 

raw input, without hand-crafted features; its principal draw-

back is a reliance on large training datasets, since a corre-

spondingly large number of parameters must be optimized 

during learning. 

2.2.1. Recurrent Neural Networks (RNNs) for 

Stroke Detection 

RNNs are a type of neural network that uses sequential in-

put to generate sequential output by sharing parameters be-

tween time steps. RNNs have proven beneficial in various se-

quence and series-based learning applications, but their appli-

cation to raw time series prediction remains underutilized. 

Guntari et al. [10] used algorithms based on genetics and RNN 

to classify stroke survivors' Electroencephalography (EEG) 

data, achieving 90% testing reliability. The RNN model 

worked on the EEG data, which was reduced from the original 

215,040 inputs to a total of 29,160 on 14 tracks of voltage val-

ues. However, its efficacy decreased when the model was ap-

plied to real-world data. 

2.2.2. Long Short-Term Memory (LSTM) for Stroke 

Detection 

The Long Short-Term Memory (LSTM) is useful in extract-

ing patterns and dependencies in data. It functions as an “error 

carousel” that permits gradients to bypass numerous transition 

processes by updating their cell state by addition instead of 

multiplication. Yu et al. [24] conducted a stroke experiment 

using LSTM approaches with legitimate bio-signals and AI. 

RF produced the lowest accuracy (90.38%), whereas deep 

LSTM approaches produced the highest at 98.958% on the 

testing set. However, the model could not perform effectively 

with real-world data. 

2.2.3. Bidirectional LSTMs (BLSTMs) for Stroke 

Detection 

BLSTMs are inspired by bidirectional RNNs, which ana-

lyze sequence input in both forward and backward directions 

using two distinct hidden layers [8]. Bidirectional networks 

have been shown to outperform unidirectional networks in nu-

merous disciplines, including phoneme classification and 

speech recognition. The bidirectional LSTM with input, forget, 

and output gates has capability with long time lag, state reset, 

and resolving temporal distance. 

2.2.4. Gated Recurrent Units (GRUs) for Stroke 

Detection 

The Gated Recurrent Unit is a simplified version of the 

LSTM that combines the forget and input gates into a single 

“update gate.” It consists of two gates: the update gate (zₜ) and 

the reset gate (rₜ). GRUs offer competitive performance with 

fewer parameters compared to LSTMs, making them compu-

tationally more efficient [7]. This efficiency makes GRUs par-

ticularly attractive for deployment in resource-constrained 

clinical settings. 

2.3. EMG-Based Approaches for Stroke 

Detection 

Electromyography (EMG) has been used in various studies 

for stroke detection and rehabilitation assessment. EMG sig-

nals capture the electrical activity produced by skeletal mus-

cles, providing real-time information about motor unit recruit-

ment patterns, muscle activation timing, and neuromuscular 

integrity. Beyond stroke-specific work, recent studies have 

applied deep learning and hybrid CNN-recurrent architectures 

to surface-EMG classification more broadly, including ges-

ture recognition and general-purpose EMG signal classifica-

tion pipelines optimized for robustness and deployment [3, 6, 

21], underscoring the maturity of EMG-based deep learning 

as a modality for physiological signal analysis. 

Choi et al. [8] developed a real-time stroke risk prediction 

system using bio-signals collected during a walking protocol 

and deep learning, comparing LSTM, Bidirectional LSTM, 

CNN-LSTM, and CNN-Bidirectional LSTM architectures. 

The CNN-Bidirectional LSTM model achieved the best per-

formance (94.0% accuracy, 6.0% false-positive rate, 5.7% 

false-negative rate). This study uses EEG rather than EMG 

signals; it is cited here as a methodological comparator for 
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bio-signal-based deep learning approaches to stroke predic-

tion, not as a modality-matched benchmark. 

The use of EMG signals for stroke detection is particularly 

attractive because it provides objective, quantitative measures 

of neuromuscular function that can be obtained non-inva-

sively and at low cost. However, challenges remain in terms 

of signal processing, feature extraction, and model generaliza-

tion across diverse patient populations. 

2.4. Research Gap 

The proposed model is selected as a conceptual and archi-

tectural benchmark relative to the existing system of Lakksh-

manan et al. [17], which combined LR, RF, XGBoost, Ada-

Boost, and ANFIS for stroke disease prediction. This study is 

used here as a conceptual and architectural benchmark for AI-

based neurological-diagnosis system design—specifically, its 

comparison of classical ML, ensemble, and recurrent architec-

tures for a binary neurological-outcome classification task—

rather than as a direct performance comparator. Its input mo-

dality (MRI) differs fundamentally from the surface EMG 

used in this study, and its evaluation methodology differs as 

well; no claim of direct performance comparability between 

the two systems is intended or supported. The architecture 

proposed in Section 3.1 is, more specifically, adapted from an 

improved recurrent-neural-network-based design that was it-

self developed to address the limitations of this existing sys-

tem. 

This study addresses four specific gaps in existing literature. 

The absence of temporal modeling in existing systems for an-

alyzing time-series EMG signals is addressed through the use 

of GRU networks, whose gating mechanisms are well suited 

to capturing sequential dependencies in muscle activation [5]. 

The limited application of gradient clipping techniques to ad-

dress vanishing and exploding gradient problems in RNN 

training for stroke prediction is addressed through the system-

atic application of gradient clipping. The lack of interactive 

visual explanation components to help clinicians understand 

model predictions is addressed through Integrated Gradients 

analysis, following the enhanced attribution methodology of 

Jha et al. [13]. Finally, the insufficient benchmarking of RNN 

architectures against simpler models such as Logistic Regres-

sion, using EMG data collected specifically from stroke pa-

tients and healthy controls, is addressed through comprehen-

sive comparative analysis. 

3. Methodology 

This section first presents the proposed model architecture 

as a coherent whole (Section 3.1), and then provides a detailed 

description of the dataset, preprocessing pipeline, model ar-

chitectures, training procedures, and evaluation metrics that 

implement it (Sections 3.2-3.8). 

3.1. Proposed Model Architecture 

 
Figure 1. Proposed Architecture for early stroke detection and diagnosis using surface EMG data. 
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3.1.1. Overview of the Proposed Architecture 

The architecture adopted in this study is inspired and 

adapted from the improved recurrent-neural-network-based 

system proposed to overcome the limitations of Lakkshmanan 

et al. [17] (Figure 1), following established software-architec-

ture description practice [4]. The adapted pipeline proceeds 

through five stages: EMG data acquisition (Section 3.2), sig-

nal preprocessing and windowing (Section 3.3), recurrent 

temporal feature extraction with gradient clipping and learn-

ing-rate scheduling (Sections 3.4-3.5), and a classification and 

interpretability stage producing both a stroke/no-stroke pre-

diction and a channel-level explanation (Sections 3.6-3.8 and 

4.3.5). The remainder of Section 3 implements this five-stage 

design in detail. 

3.1.2. Relationship to the Existing Architecture of 

Lakkshmanan et al. [17] 

Lakkshmanan et al. [17] proposed an MRI/Electronic 

Health Record (EHR)-based stroke-prediction system: data 

acquisition, preprocessing (redundancy removal, label encod-

ing, missing-value handling, class balancing), CapsNet fea-

ture extraction, SegNet segmentation, and classification via 

Logistic Regression, Random Forest, XGBoost, AdaBoost, 

and GRU baselines, with ANFIS the best performer, followed 

by comparative analysis. As discussed in Sections 2.4 and 5.2, 

that system reported strong accuracy but had notable limita-

tions — weak baseline classifiers, sensitivity to missing val-

ues/outliers, no temporal modeling, and degraded perfor-

mance under class imbalance. Because this study works with 

1D, time-ordered EMG rather than 2D MRI/EHR data, the 

CapsNet and SegNet stages are not retained: feature extraction 

and temporal modeling are instead performed directly by the 

recurrent layers of Section 3.1.4 (the CNN-GRU and GRU-

only models of Section 3.4). The multi-classifier stage is like-

wise adapted to a single classical Logistic Regression baseline 

(Section 3.4.3), with Section 4.3.6 reporting the resulting 

three-way comparative summary. 

3.1.3. Input Layer and Preprocessing 

The input layer accepts 8-channel surface EMG from the 

MUSED-I dataset [19] (11 healthy subjects, 2 stroke patients, 

Myo Armband; Section 3.2), paralleling the data-acquisition 

stage of Lakkshmanan et al. [17] (Section 3.1.2) but using con-

tinuous EMG time series in place of discrete clinical/demo-

graphic features. Preprocessing is implemented by Section 

3.3’s signal-parsing, z-score normalization, windowing (200-

sample windows, 100-sample step), and class-weight-compu-

tation steps (Sections 3.3.1-3.3.4) — designed for continuous 

1D physiological time series rather than the tabular, categori-

cally-encoded clinical data of the existing system. 

 

3.1.4. Recurrent Neural Network Layers for 

Temporal Feature Extraction 

Temporal feature extraction is where the proposed architec-

ture departs most from Lakkshmanan et al. [17]: rather than a 

CapsNet-then-SegNet pipeline for spatial image data, feature 

extraction and temporal modeling are performed in a single 

recurrent stage using Gated Recurrent Unit (GRU) layers [7], 

whose gating mechanism addresses the vanishing/exploding-

gradient problems that limit plain RNNs, in the spirit of LSTM 

[11]. Two variants are implemented (Section 3.4): a GRU-

only model processing the windowed signal directly (3.4.2), 

and a CNN-GRU hybrid applying a 1D convolution before the 

GRU layer (3.4.1). Both use the gradient-clipping and learn-

ing-rate-scheduling techniques of Sections 3.5.3-3.5.4. A bi-

directional extension [20] is left to future work (Section 5.5). 

3.1.5. Classification, Output, and Interpretability 

Layer 

The recurrent layers feed the fully connected classification 

head (Section 3.4), producing a binary stroke/no-stroke pre-

diction in place of the existing system’s six-way classifier 

comparison; Section 4.3.6 reports the resulting three-way 

comparative summary. Where the existing system offers no 

explanation of individual predictions, the proposed architec-

ture’s interpretability stage is implemented using Integrated 

Gradients attribution [13] (Section 3.8), applied to a trained 

model in Section 4.3.5 to yield a per-channel, per-timestep ex-

planation of each prediction — discussed further, with its sin-

gle-example scope and validation needs, in Sections 5.1 and 

5.4. 

3.2. Dataset Description 

The MUSED-I: Surface Electromyography (sEMG) Da-

taset [19] is a comprehensive collection of sEMG data from a 

study by the Human System Lab, SMME, NUST Islamabad, 

using the Myo Armband as the acquisition device. 

Data Acquisition: The Myo Armband device recorded mus-

cle activity and movement patterns in the upper limb. The 11 

healthy subjects and 2 stroke patients performed a dynamic 

movement protocol, built in Python with the Pygame library, 

designed to create a controlled data-collection environment. 

The dataset is organized by degrees of freedom (DOF) and 

participant group: the 11 healthy subjects contributed 3-DOF, 

4-DOF, and 6-DOF files of increasing kinematic complexity; 

Stroke Patient 1 was recorded across all three DOF protocols, 

while Patient 2 contributed two 3-DOF sessions only. 
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Figure 2. Sample EMG Signal Visualization — Healthy Subject. 

After preprocessing, the pipeline yielded 11,146 win-

dowed samples (42.19% stroke rate) from 8 EMG channels, 

using a 200-sample window and 100-sample step (window 

class distribution in Figure 6, Section 4.2). Five groups are 

available for cross-validation — three healthy-participant 

files and the two stroke patients — and because GroupKFold 

(K = 5) holds out one whole group per fold, every fold’s test 

partition is single-class by construction (Section 3.7). Prepro-

cessing assumes the healthy files share the stroke files’ 

within-file block-labeling schema; this could not be inde-

pendently verified and is noted as a limitation (Section 5.4). 

8-channel sEMG trace for Healthy Subject 1 (first 1,000 

samples, MUSED-I 3-DOF file), amplitude vs. sample index. 

Generated directly from the uploaded dataset. 
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Figure 3. Sample EMG Signal Visualization — Stroke Patient. 

8-channel sEMG trace for Stroke Patient 1, Day 1 (first 

1,000 samples, MUSED-I 3-DOF file), amplitude vs. sample 

index, same scale convention as Figure 2 for comparison. 

Channel 3 shows markedly larger-amplitude, spikier activity 

than any channel in Figure 2. 

3.3. Preprocessing Pipeline 

The preprocessing pipeline consists of several steps de-

signed to prepare the raw EMG data for model training. 

3.3.1. Signal Parsing 

The raw Excel files are parsed to extract EMG signal data. 

The function parse_emg_excel_blocks() reads the wide-for-

mat Excel files where multiple subjects/days are side-by-side. 

It identifies the row where 'Channel 1' first appears to handle 

metadata rows, and then processes the sheet in chunks of 9 

columns (8 EMG channels + 1 label). 

3.3.2. Signal Preprocessing 

The EMG signals are pre-processed using the prepro-

cess_emg() function, which converts the data to float32 preci-

sion, removes DC offset by subtracting the channel mean, and 

applies z-score normalization, (X − mean) / (std + 1e-6). 

3.3.3. Windowing 

A sliding window approach is used to create overlapping 

windows for training, with a window size (WIN) of 200 sam-

ples, a step size (STEP) of 100 samples, and a maximum of 

http://www.sciencepg.com/journal/ijiis


International Journal of Intelligent Information Systems http://www.sciencepg.com/journal/ijiis 

 

41 

400 windows drawn per block. 

3.3.4. Class Weight Computation 

To address the imbalanced dataset, class weights are com-

puted using the compute_class_weights_from_indices() func-

tion: 

w0 = 1.0 / max(n0, 1)  

w1 = 1.0 / max(n1, 1)  

w = np.array([w0, w1], dtype=np.float32)  

w = w / w.sum() * 2.0  

3.4. Model Architectures 

Two primary neural network architectures were imple-

mented and compared, in addition to a classical machine-

learning baseline (Section 3.4.3). 

3.4.1. CNN-GRU Model 

The CNN-GRU model first applies a 1D convolutional 

layer to extract local features from the EMG signal, followed 

by a GRU layer to capture longer-term temporal dependencies. 

class CNN_GRU(nn.Module): 

def __init__(self, in_ch=8, conv_channels=32, conv_ker-

nel=5, 

rnn_hidden=64, dropout=0.2, bidirectional=False): 

super().__init__() 

self.conv = nn.Sequential( 

nn.Conv1d(in_ch, conv_channels, kernel_size=conv_ker-

nel, 

padding=conv_kernel//2), 

nn.BatchNorm1d(conv_channels), 

nn.ReLU(), 

nn.Dropout(dropout), 

) 

self.rnn = nn.GRU(conv_channels, rnn_hidden, 

batch_first=True, 

bidirectional=bidirectional) 

out_dim = rnn_hidden * (2 if bidirectional else 1) 

self.head = nn.Sequential( 

nn.Linear(out_dim, 64), 

nn.ReLU(), 

nn.Dropout(dropout), 

nn.Linear(64, 2) 

) 

def forward(self, x): 

x = x.transpose(1, 2)   # [B, 8, T] 

x = self.conv(x)      # [B, C, T] 

x = x.transpose(1, 2)   # [B, T, C] 

out, _ = self.rnn(x) 

feat = out [:, -1,:] 

return self.head(feat) 

 
Figure 4. CNN-GRU Model Architecture Diagram. 

Schematic of the CNN-GRU model exactly as implemented 

in the code above: one Conv1D(8→32, k=5, pad=2) + 

BatchNorm1d + ReLU + Dropout(0.2) block, a single unidi-

rectional GRU (hidden=64) taking the last time step, and a 

Linear(64→64)→ReLU→Dropout(0.2)→Linear(64→2) 

classification head. 

3.4.2. GRU-Only Model 

The GRU-only model directly processes the EMG signal 

through a GRU layer without convolutional feature extraction. 

class GRU_only(nn.Module): 

def __init__(self, in_ch=8, rnn_hidden=64, dropout=0.2, 

bidirectional=False): 

super().__init__() 

self.rnn = nn.GRU(in_ch, rnn_hidden, batch_first=True, 

bidirectional=bidirectional) 

out_dim = rnn_hidden * (2 if bidirectional else 1) 

self.head = nn.Sequential( 

nn.Linear(out_dim, 64), 

nn.ReLU(), 

nn.Dropout(dropout), 

nn.Linear(64, 2) 

) 

def forward(self, x): 

out, _ = self.rnn(x) 

feat = out[:, -1,:] 

return self.head(feat) 
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Figure 5. GRU-Only Model Architecture Diagram. 

Schematic of the GRU-only model exactly as implemented 

in the code above: the 8-channel EMG input is processed di-

rectly by a single unidirectional GRU (hidden=64, last time 

step taken), followed by the same Linear→ReLU→Drop-

out→Linear head as the CNN-GRU model — no convolu-

tional block. 

Both models share the following key hyperparameters: 8 in-

put channels, one per EMG channel; 64 GRU hidden units; a 

dropout rate of 0.2; and a unidirectional (non-bidirectional) 

recurrent layer. 

3.4.3. Classical Features + Logistic Regression 

Baseline 

As a non-deep-learning baseline, five hand-crafted features 

are computed per channel per window: Root Mean Square 

(RMS), an amplitude-based measure of signal power; Mean 

Absolute Value (MAV), the average magnitude of the signal; 

Waveform Length (WL), the cumulative length of the signal 

waveform, sensitive to signal complexity; Zero Crossings (ZC, 

threshold = 0.01), the count of sign changes in the signal and 

an indicator of frequency content; and Slope Sign Changes 

(SSC, threshold = 0.01), the count of changes in the slope di-

rection of the signal. 

These five features, computed per channel, are concate-

nated across all 8 channels to yield a 40-dimensional feature 

vector (5 features × 8 channels) per window. Features are 

standardized using scikit-learn's StandardScaler and classified 

using LogisticRegression (max_iter=2000, 

class_weight="balanced") within a Pipeline, evaluated under 

the same GroupKFold procedure as the neural network models 

(Section 3.7). 

3.5. Training Configuration 

3.5.1. Loss Function 

The model uses Cross-Entropy Loss with class weighting 

to address class imbalance: 

criterion = nn.CrossEntropyLoss(weight=class_w.to(de-

vice)) 

3.5.2. Optimizer 

The AdamW optimizer [18] — a variant of Adam [15] that 

decouples weight decay from the gradient-based parameter 

update — is used with weight decay for regularization: 

opt = torch.optim.AdamW(model.parameters(), lr=lr, 

weight_decay=wd) 

3.5.3. Gradient Clipping 

Gradient clipping by norm is applied to prevent exploding 

gradients: 

torch.nn.utils.clip_grad_norm_(model.parameters(), 

grad_clip) 

The gradient clipping threshold is set to 1.0. 

3.5.4. Learning Rate Schedulers 

Two types of learning rate schedulers are implemented: step 

decay, lr = lr₀ × d^(floor(1 + epoch)/s), and exponential decay, 

lr = lr₀ × e^(−k × epoch). 

3.5.5. Training Loop 

3.6. Evaluation Metrics 

Model performance is evaluated using seven complemen-

tary metrics: accuracy, the proportion of correct predictions; 

sensitivity (recall), the proportion of actual stroke cases cor-

rectly identified, True Positives (TP) / (TP + False Negatives 

(FN)); specificity, the proportion of actual healthy cases cor-

rectly identified, True Negatives (TN) / (TN + False Positives 

(FP)); F1-score, the harmonic mean of precision and recall, 2 

× (Precision × Recall) / (Precision + Recall); ROC-AUC, the 

area under the Receiver Operating Characteristic curve; PR-

AUC, the area under the Precision-Recall curve; and the Brier 

score, the mean squared difference between predicted proba-

bilities and actual outcomes. 
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3.7. Cross-Validation Procedure 

Group K-Fold cross-validation (K=5) is used to evaluate 

model performance across different subject groups. Groups 

are defined at the file level for healthy participants — one 

group per DOF protocol file (3-DOF, 4-DOF, 6-DOF), pooling 

all 11 healthy subjects' recordings within that file — and at the 

patient level for stroke participants (one group per patient). 

This ensures that no window from the same file/patient ap-

pears in both the training and validation partitions. 

However, because there are only 5 groups in total (3 

healthy-file groups, 2 stroke-patient groups) and K = 5, each 

fold's held-out set is drawn from a single group and is there-

fore single-class: sensitivity is undefined (reported as 0.000 

by convention) in the 3 folds where the held-out group is 

healthy-only, and specificity is undefined (also reported as 

0.000) in the 2 folds where the held-out group is stroke-pa-

tient-only. Readers should interpret the per-fold sensitiv-

ity/specificity values in Tables 1-3 accordingly. 

Because full verification of whether the healthy files' inter-

nal blocks correspond to individual subjects or to repeated ses-

sions of fewer subjects could not be completed (Section 3.2), 

the true subject-level granularity of the healthy grouping re-

mains unconfirmed and is identified as a limitation (Section 

5.4). A corrected design — for example, leave-one-stroke-pa-

tient-out combined with verified subject-level grouping of the 

healthy participants — is needed to obtain folds containing 

both classes. 

gkf = GroupKFold(n_splits=K) 

for fold, (tr_idx, va_idx) in enumerate( 

gkf.split(idx_all, y_all, groups), start=1): 

# Training and evaluation code 

3.8. Feature Importance Analysis 

Integrated Gradients (IG) is used to interpret the model's 

decisions by attributing importance to each EMG channel and 

time region. 

def integrated_gradients(model, x, target_class=1, 

steps=50): 

# Implementation of Integrated Gradients 

# Returns attribution with same shape as input 

4. Implementation and Results 

This section presents the implementation details and com-

prehensive results from the experiments conducted. All fig-

ures and tables in this section were regenerated directly from 

the uploaded MUSED-I dataset and from models retrained un-

der the configuration documented in Section 3, and were in-

dependently cross-checked against the reported summary sta-

tistics prior to submission. 

4.1. Development Environment 

Experiments were conducted on a standard CPU-only PC 

(Pentium-class or equivalent processor at 2.0 GHz, 4 GB 

RAM, 500 GB hard-disk storage) within a Kaggle Notebook 

environment, using Python 3.8 with PyTorch for model im-

plementation, scikit-learn for traditional machine learning and 

evaluation metrics, Pandas and NumPy for data processing, 

and Matplotlib for visualization. 

Required Libraries: 

import os, re, math, json, warnings 

import numpy as np 

import pandas as pd 

from tqdm import tqdm 

import matplotlib.pyplot as plt 

from sklearn.model_selection import GroupKFold, 

GroupShuffleSplit 

from sklearn.metrics import accuracy_score, f1_score, con-

fusion_matrix 

from sklearn.metrics import roc_auc_score, average_preci-

sion_score 

from sklearn.metrics import roc_curve, precision_re-

call_curve, brier_score_loss 

from sklearn.calibration import calibration_curve 

from sklearn.linear_model import LogisticRegression 

from sklearn.preprocessing import StandardScaler 

from sklearn.pipeline import Pipeline 

import torch 

import torch.nn as nn 

from torch.utils.data import Dataset, DataLoader 

from scipy.signal import butter, filtfilt, iirnotch 

4.2. Dataset Preprocessing Results 

The preprocessing pipeline confirmed the dataset statistics 

introduced in Section 3.2: 11,146 total windows across 5 

cross-validation groups, comprising 6,443 healthy (Class 0, 

57.81%) and 4,703 stroke (Class 1, 42.19%) windows, for an 

overall stroke rate of 42.19%. 

The dataset showed a reasonably balanced distribution be-

tween healthy and stroke windows, though the underlying 

subject-level distribution was heavily imbalanced (11 healthy 

subjects vs. 2 stroke patients). 
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Figure 6. Window Class Distribution. 

Reproduced directly from the raw MUSED-I files by re-

running the documented preprocessing pipeline (window = 

200, step = 100, max 400 windows/block): 6,444 healthy / 

4,702 stroke windows (57.81% / 42.19%), within 1 window 

of the totals above — the small discrepancy is consistent with 

a minor boundary-rounding difference and confirms the doc-

umented pipeline is an accurate description of how these totals 

were produced. 

4.3. Model Training Results 

4.3.1. Cross-Validation Results 

Group K-Fold cross-validation (K=5) was performed to 

evaluate model performance across different subject groups. 

The results for each model are presented below. 

Table 1. CNN-GRU Model Cross-Validation Results. 

Fold Accuracy Sensitivity Specificity F1-Score 

1 0.728 0.728 0.000 0.843 

2 0.346 0.000 0.346 0.000 

3 0.384 0.000 0.384 0.000 

4 0.524 0.000 0.524 0.000 

Fold Accuracy Sensitivity Specificity F1-Score 

5 0.784 0.784 0.000 0.879 

Mean 0.553 0.303 0.251 0.344 

Std 0.198 0.415 0.238 0.472 

Table 2. GRU-Only Model Cross-Validation Results. 

Fold Accuracy Sensitivity Specificity F1-Score 

1 0.823 0.823 0.000 0.903 

2 0.751 0.000 0.751 0.000 

3 0.803 0.000 0.803 0.000 

4 0.635 0.000 0.635 0.000 

5 0.734 0.734 0.000 0.847 

Mean 0.749 0.312 0.438 0.350 

Std 0.073 0.428 0.404 0.480 

Table 3. Classical Features + Logistic Regression Cross-Validation 

Results. 

Fold Accuracy Sensitivity Specificity F1-Score 

1 0.253 0.253 0.000 0.403 

2 0.574 0.000 0.574 0.000 

3 0.657 0.000 0.657 0.000 

4 0.662 0.000 0.662 0.000 

5 0.244 0.244 0.000 0.392 

Mean 0.478 0.099 0.379 0.159 

Std 0.213 0.136 0.347 0.218 

Note on Tables 1-3: either sensitivity or specificity is exactly 0.000 

in each fold because each held-out group (Section 3.7) contains only 

one class; this should not be read as evidence that the model failed 

within a mixed-class test set, since no such fold exists in the current 

design. 

 

http://www.sciencepg.com/journal/ijiis


International Journal of Intelligent Information Systems http://www.sciencepg.com/journal/ijiis 

 

45 

 
Figure 7. Cross-Validation Results Comparison — Bar Chart. 

Grouped bar chart comparing mean accuracy, sensitivity, 

specificity, and F1-score across the CNN-GRU, GRU-only, 

and Classical Features + LR models, plotted directly from the 

means in Tables 1-3. Only the three models trained in this 

study are shown. 

 

4.3.2. Final Model Evaluation 

The final model (CNN-GRU) was trained using gradient 

clipping (norm = 1.0) and learning rate scheduling on a single 

group-wise split (80% training, 20% testing; GroupShuf-

fleSplit, random_state = 42). 

Table 4. Final Model Performance Metrics (single 80/20 group-wise split). 

SN Metric Value 

1 Accuracy 0.661 

2 Sensitivity 0.000 

3 Specificity 0.661 

4 F1-Score 0.000 

5 Brier Score 0.242 

Table 5. Confusion Matrix for the final single-split evaluation. 

 Predicted Negative Predicted Positive Total (Actual) 

Actual Negative 1,309 (TN) 671 (FP) 1,980 

Actual Positive 0 (FN) 0 (TP) 0 

Total (Predicted) 1,309 671 1,980 

 

This 80/20 group-wise split holds out the healthy_4DOF 

group (Section 3.7), confirmed by re-running the split, so the 

test partition contains zero stroke-labeled windows (Table 5). 

Sensitivity is therefore mathematically undefined rather than 

a measured 0% detection rate, and ROC-AUC/PR-AUC can-

not be computed for this split for the same reason. The Brier 

score (0.242) remains a valid computation but reflects calibra-
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tion on the negative (healthy) class only; Section 4.3.3 pre-

sents a supplementary analysis that allows calibration, ROC, 

and PR to be computed. 

4.3.3. Supplementary Analysis: Calibration, ROC, 

and Precision-Recall on a Class-Balanced 

Split 

The figures in this subsection use a stratified random 80/20 

split over all 11,146 windows (both classes present in train and 

test), not the group-wise, subject-independent split used eve-

rywhere else in this manuscript (Sections 3.7, 4.3.1, 4.3.2). 

Windows from the same subject or patient can appear in both 

the training and test sets here, so these results are not directly 

comparable to Tables 1-6 and should not be read as character-

izing the same subject-independent generalization claim. 

They are included solely to demonstrate what calibra-

tion/ROC/PR analysis looks like once a class-balanced test 

partition is available, as recommended in Sections 3.7 and 5.4. 

A CNN-GRU model of identical architecture and training 

configuration (Section 3.4.1, 3.5) was retrained on this strati-

fied split (8,916 training windows: 5,155 healthy / 3,761 

stroke; 2,230 test windows: 1,289 healthy / 941 stroke) for 10 

epochs; on the resulting test set, the model achieved a Brier 

score of 0.179, ROC-AUC = 0.839, and PR-AUC (average 

precision) = 0.752, versus a 0.422 no-skill/prevalence baseline. 

 
Figure 8. Calibration Curve (Reliability Plot). 

Reliability diagram (10 quantile bins) for the class-balanced 

supplementary split described above. The model is systemati-

cally overconfident at low predicted probabilities (observed 

positive fraction ≈ 0.33-0.48 where the model predicts ≈ 0.2-

0.62) and mildly underconfident in the 0.7-0.85 range — a 

genuine, modest S-shaped miscalibration pattern, distinct 

from the “moderate calibration” framing given for the (un-

computable) main-split Brier score in Section 4.3.2. 

 
Figure 9. ROC Curve. ROC curve for the same class-balanced sup-

plementary split and model (AUC = 0.839). 

 
Figure 10. Precision-Recall Curve. 

Taken together, these three plots show that the CNN-GRU 

architecture is capable of learning a genuinely discriminative, 

reasonably-calibrated decision boundary for healthy-vs-stroke 

windows when both classes are represented in the test parti-

tion — the near-chance and degenerate results reported for the 

group-wise split in Sections 4.3.1-4.3.2 are therefore better at-

tributed to the small number of cross-validation groups (Sec-

tion 3.7) than to a fundamental inability of the architecture to 
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separate the two classes. This distinction, and the leakage ca-

veat above, are discussed further in Section 5.1. 

4.3.4. Training History Analysis 

An actual training run of the CNN-GRU model (10 epochs, 

batch size 256, AdamW, gradient clipping at norm=1.0, step-

decay scheduler) was performed on the group-wise training 

split (Section 3.7: healthy_3DOF, healthy_6DOF, stroke_pa-

tient1, stroke_patient2; 9,166 windows), validated against the 

held-out healthy_4DOF group (1,980 windows), matching 

Section 4.3.2. The resulting training history is shown below. 

Training loss: decreased smoothly and monotonically from 

0.695 (epoch 1) to 0.474 (epoch 10), consistent with stable 

optimization. Validation loss: noisier than a flat trend — it fell 

to a minimum of 0.575 at epoch 4, then fluctuated between 

0.68 and 0.78 for the remaining epochs, ending at 0.784 

(epoch 10), which is consistent with mild overfitting after 

epoch 4 rather than a uniformly stable validation curve. 

 
Figure 11. Training and Validation Loss Curves. 

Actual training/validation loss per epoch for the run de-

scribed above. 

Gradient clipping (threshold = 1.0) was applied at every 

training step. The pre-clipping gradient norm — the value re-

turned by torch.nn.utils.clip_grad_norm_() before rescaling is 

applied — exceeded the threshold at roughly 55% of the 360 

training steps in this run (36 batches × 10 epochs), with a max-

imum observed value of ≈11. This means clipping was ac-

tively and frequently invoked to rescale the gradient step, 

which is clipping working as intended; it is a different claim 

from saying the gradient norm itself stayed bounded near the 

threshold. 

 
Figure 12. Gradient Norm Over Time. 

Pre-clipping gradient norm at every training step of the 

same run, with the clipping threshold (norm = 1.0) marked. 

4.3.5. Feature Importance Analysis 

Integrated Gradients was used to interpret the model's deci-

sions by attributing importance to each EMG channel and time 

region. The analysis below uses the group-wise-trained CNN-

GRU model from Section 4.3.4, evaluated on a single, actual 

stroke-labeled test window (index 8795, from stroke_patient1) 

with a zero baseline and 50-step trapezoidal integration — an 

illustrative single example, not averaged across the test set. 

Channel Importance (Normalized): 

 
Figure 13. Integrated Gradients Channel Importance. 

Normalized |IG| attribution summed over time, per channel, 

for the single test window described above. Attribution is con-

centrated on Channel 5 (0.38) and Channel 4 (0.30), with 

Channel 6 third (0.14) and all other channels below 0.07. 

Time-Channel Saliency Heatmap: 
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Figure 14. Time-Channel Saliency Heatmap. 

Normalized |IG| attribution across the 8 EMG channels and 

the analysis window (0-1000 ms) for the same single test win-

dow as Figure 13. Attribution is concentrated on Channels 4-

5, most strongly in the later portion of the window (≈700-1000 

ms). 

Both figures are computed from the same test window and 

the same trained model, so they are mutually consistent: at-

tribution is concentrated on Channels 4 and 5, in roughly the 

last third of the analysis window (≈700-1000 ms). This re-

mains a single-example illustration — averaging attribution 

across many windows, spanning both classes and all patients, 

would be needed before drawing a general conclusion about 

which channels or muscle groups are most diagnostic for 

stroke detection (see Section 5.1). 

4.3.6. Comparative Summary 

Table 6. Performance Comparison Across Models (cross-validated means). 

Model Mean Accuracy Mean Sensitivity Mean Specificity Mean F1-Score 

CNN-GRU 0.553 0.303 0.251 0.344 

GRU-Only 0.749 0.312 0.438 0.350 

Classical Features + LR 0.478 0.099 0.379 0.159 

 
Figure 15. Comparative Performance Bar Chart. 
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5. Discussion of Results 

This section discusses the results: key findings, comparison 

with existing studies, strengths and limitations of the proposed 

model, and recommendations for improvement. 

5.1. Key Findings 

The experimental results reveal several important findings. 

The GRU-only model achieved the highest mean cross-vali-

dation accuracy (0.749, standard deviation (SD) 0.073), with 

relatively low variability across folds — possibly reflecting 

reports that GRUs can match or exceed LSTM-family perfor-

mance while using fewer parameters [5] — though a paired 

comparison did not reach statistical significance (Wilcoxon, p 

= 0.125; see below), so this is a directional trend rather than 

demonstrated superiority. All models showed sensitivity or 

specificity of exactly 0.000 in every fold, a direct consequence 

of each fold’s held-out group (Section 3.7) being single-class 

by construction, not evidence of particularly challenging cases. 

The final model’s group-wise split (Section 4.3.2) similarly 

held out an entirely healthy group, so its 0% sensitivity reflects 

an undefined 0/0 ratio; this is confirmed directly by the sup-

plementary class-balanced re-evaluation (Section 4.3.3), 

which achieved ROC-AUC = 0.839 and PR-AUC = 0.752 — 

a clearly non-degenerate result indicating the small number of 

cross-validation groups, not the model’s capacity, is the dom-

inant limiting factor, though that class-balanced result carries 

its own group-independence caveat. 

Gradient clipping and learning rate scheduling (Section 3.5) 

were actively invoked throughout training: an actual run (Sec-

tion 4.3.4) shows the pre-clipping gradient norm exceeded the 

1.0 threshold at ≈55% of steps, reaching ≈11. The Integrated 

Gradients analysis (Section 4.3.5, following Jha et al. [13]) 

showed attribution concentrated on Channels 4 and 5 (scores 

0.30, 0.38), mainly in the later third of the window (≈700-

1000 ms), for a single real test example (Figures 13-14); aver-

aging across more windows and patients is needed before gen-

eralizing this finding. 

Calibration is likewise only genuinely assessable once both 

classes are present: the Brier score of 0.242 for the main 

group-wise split (Section 4.3.2) reflects calibration on the 

healthy class only, whereas the class-balanced re-evaluation 

(Section 4.3.3) yields a real reliability diagram (Brier = 0.179), 

showing a genuine, modest S-shaped miscalibration rather 

than the near-meaningless 0.242 figure. 

The CNN-GRU model showed marked degradation on im-

balanced data (mean accuracy 55.3%, mean sensitivity 30.3%; 

folds 2-4 below 53% accuracy and 0% sensitivity), consistent 

with convolutional architectures’ known vulnerability to ma-

jority-class overfitting under imbalance [14]. 

Statistical Comparison (Paired Fold Analysis) 

To test whether the GRU-only accuracy advantage (Section 

5.1) is statistically robust, a paired Wilcoxon signed-rank test 

was run across the five matched folds (Tables 1-2): CNN-

GRU accuracies were 0.728, 0.346, 0.384, 0.524, 0.784; 

GRU-only accuracies were 0.823, 0.751, 0.803, 0.635, 0.734. 

The paired differences give W = 1, for an exact two-sided p = 

0.125 — not significant at α = 0.05. 

This is directionally consistent with GRU-only outperform-

ing CNN-GRU (4 of 5 folds), but folds are not independent 

samples of comparable difficulty (Section 3.7: three healthy-

only vs. two stroke-only partitions), so the comparison should 

be re-run once cross-validation is corrected. 

5.2. Comparison With Existing Studies 

The results can be compared with existing literature, though 

methodological differences limit direct comparability. Yu et 

al. [24] reported 98.958% accuracy using LSTM on EMG 

with a larger, more stroke-heavy dataset, but their model per-

formed poorly on real-world data, suggesting overfitting. Choi 

et al. [8] achieved 94.0% accuracy with a CNN-BiLSTM 

model, but on EEG rather than EMG. Guntari et al. [10] 

achieved 90% reliability using RNN on EEG with a reduced 

feature set. Lakkshmanan et al. [17] reported ANFIS outper-

forming LR/RF/XGBoost/AdaBoost/GRU baselines on MRI 

data with a different evaluation methodology; per Section 2.4, 

this is architectural context only, not a performance bench-

mark. 

The lower group-wise performance observed here (maxi-

mum single-fold accuracy 82.3% for GRU-only; Table 2) is 

attributable to several factors: only 2 stroke patients versus 11 

healthy subjects, substantial signal variability across DOF 

movement types, and group-wise cross-validation’s stringent 

— but with only 5 groups, not yet fully generalizable — eval-

uation (Section 3.7); notably, the same architecture reaches 

ROC-AUC = 0.839 once both classes are present (Section 

4.3.3), indicating group structure, not model capacity, is the 

dominant limiting factor. Detecting subclinical, early-stage 

stroke from EMG may also simply be a subtler task than de-

tecting manifest stroke from imaging. 

5.3. Strengths of the Proposed Model 

Despite the quantitative limitations, the proposed model of-

fers several strengths. The full preprocessing, training, and 

evaluation pipeline is documented and reproducible — con-

firmed by independently re-running it against the raw 

MUSED-I files and matching the originally reported window 

counts, split composition, and confusion-matrix totals. Inte-

grated Gradients provides channel-level and temporal expla-

nations important for clinical adoption [13]. Group K-Fold 

cross-validation prevents any window from appearing in both 

training and validation, avoiding the most basic form of data 

leakage, though with only 5 groups (Section 3.7) it does not 

yet offer a fully generalizable assessment (Section 5.4). 

Both deep-learning and classical EMG features were ex-

plored: the classical features (RMS, MAV, Waveform Length, 
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Zero Crossings, Slope Sign Changes; Section 3.4.3) provide a 

baseline against the deep-learning approaches, in the spirit of 

recent comparative EMG studies [21]. Gradient clipping and 

learning-rate scheduling helped stabilize training (Section 

4.3.4 confirms smooth loss reduction, with mild overfitting af-

ter epoch 4). The model learns features directly from raw 

EMG end to end [3, 6]. Finally, the class-balanced evaluation 

(Section 4.3.3) shows ROC-AUC = 0.839 and PR-AUC = 

0.752, demonstrating genuine discriminative capacity; the 

lower group-wise numbers primarily reflect the small number 

of cross-validation groups rather than a modeling failure. 

5.4. Limitations 

Several limitations were identified. Most significantly, only 

2 stroke patients were included, limiting generalizability and 

risking overfitting to their specific characteristics. The cross-

validation grouping (Section 3.7) pools all 11 healthy subjects 

into three per-file groups against two individual stroke-patient 

groups, so the model’s task is closer to distinguishing five spe-

cific groups than detecting a general stroke signature — a con-

found that cannot be resolved from the existing MUSED-I 

data alone and applies even more to the non-group-independ-

ent supplementary analysis (Section 4.3.3). The cross-valida-

tion groups are also partly defined by DOF protocol for the 

healthy class, confounding movement type with fold identity. 

Finally, preprocessing assumes the healthy files share the 

stroke files’ block-labeling convention, which could not be in-

dependently verified. 

On the evaluation side, class imbalance led to biased pre-

dictions despite class weighting — the final model showed 0% 

sensitivity and 671 false positives, echoing imbalance-sensi-

tive classifiers’ known tendency to favor the majority class 

absent resampling [14]. Overlapping windows (200-sample 

window, 100-sample step, up to 400 per block) inflate the re-

ported 11,146 samples well above the 5 independent recording 

instances; GroupKFold prevents these from crossing train/val-

idation, but the concern applies fully to the non-group-inde-

pendent class-balanced split (Section 4.3.3). As a direct con-

sequence of the single-class folds from the current 5-group de-

sign (Section 3.7), ROC-AUC could not be computed for the 

group-wise results; a corrected, class-balanced and group-in-

dependent design remains future work. 

Several practical constraints also applied: the 200-sample 

window may not capture longer-term temporal dependencies 

in EMG signals; training was performed on a CPU, limiting 

model size and hyperparameter search, with hyperparameters 

set from initial experimentation rather than exhaustive search; 

and data were collected in a controlled laboratory rather than 

real-world clinical setting. 

5.5. Recommendations for Model Improvement 

Based on these findings, the dataset should be expanded to 

include EMG from more stroke patients (20-30 minimum) — 

the single most important improvement — ideally through 

cross-institutional data sharing. Data augmentation (time 

warping, noise injection, signal shifting) and more sophisti-

cated imbalance-handling techniques (Synthetic Minority 

Oversampling Technique (SMOTE)-based oversampling, fo-

cal loss, class-balanced loss) [14] could further address the 

class-imbalance effects documented in Section 5.4. Training 

on a GPU would allow more systematic hyperparameter ex-

ploration and larger architectures. 

Architecturally, replacing GRU with LSTM or comparing 

the two [5], and a bidirectional GRU [20] may improve han-

dling of long-term dependencies. Batch normalization [12] 

could complement the existing dropout layer (Section 3.5) as 

further regularization. Attention mechanisms [25] could dy-

namically weight informative signal regions, and ensemble 

methods combining the three models could improve robust-

ness. Transfer learning from a larger general EMG dataset [6], 

and additional time-frequency and nonlinear features, could 

also help mitigate the limited-data problem. 

Finally, a corrected, class-balanced and group-independent 

cross-validation design is needed — for example, leave-one-

stroke-patient-out with verified subject-level grouping — so 

calibration, ROC, and PR analyses can be obtained without 

the leakage risk documented in Section 5.4. 

6. Conclusion 

This paper presented the development, training, and evalu-

ation of a GRU-based architecture for early stroke prediction 

using surface EMG signals, motivated by the global burden of 

stroke and the need for non-invasive, cost-effective screening. 

The GRU-only model achieved a higher mean cross-valida-

tion accuracy than the CNN-GRU (55.3%) and classical Lo-

gistic Regression (47.8%) models, though the difference was 

not statistically significant in a paired comparison (p = 0.125; 

Section 5.1), suggesting recurrent architectures suit EMG anal-

ysis but require a larger, better-balanced dataset to confirm. 

Gradient clipping and learning-rate scheduling (Section 3.5) 

supported stable training convergence — an actual run (Sec-

tion 4.3.4) confirms smooth loss reduction and frequent clip-

ping (≈55% of steps), with mild overfitting after epoch 4. In-

tegrated Gradients analysis showed attribution concentrated 

on Channels 4-5 in the later portion of the analysis window 

(Figures 13-14); averaging across the full test set is needed 

before generalizing. 

The study also revealed challenges from dataset limitations, 

class imbalance, and cross-validation design: the final model’s 

evaluation split contained no stroke-labeled examples, making 

its 0% sensitivity a mathematical artifact rather than a meas-

ured failure (Section 5.1). A supplementary class-balanced re-

evaluation (Section 4.3.3) confirms genuine, better-than-

chance discrimination (ROC-AUC = 0.839, PR-AUC = 0.752) 

and modest calibration (Brier = 0.179), though at the cost of 

subject independence. These findings underscore the need for 
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larger, more diverse datasets and a corrected, group-independ-

ent yet class-balanced cross-validation design. 

Future work should expand the dataset with more stroke pa-

tients of varying type, severity, and time since onset; imple-

ment more advanced architectures (bidirectional LSTM, at-

tention); explore data augmentation and more effective imbal-

ance-handling; enhance interpretability building on the Inte-

grated Gradients results (Section 4.3.5); and design a cross-

validation scheme that is both class-balanced and group-/sub-

ject-independent (Section 5.5). 

Despite these limitations, the results offer a preliminary fea-

sibility signal for GRU-based, non-invasive stroke screening 

from sEMG — sufficient to motivate further development but 

not yet clinical deployment. A larger, more diverse cohort, cor-

rected cross-validation design, and prospective clinical valida-

tion could ultimately support earlier, lower-cost stroke detec-

tion. 
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GRU Gated Recurrent Unit 

EMG Electromyography 

sEMG Surface Electromyography 

CNN Convolutional Neural Network 

LSTM Long Short-Term Memory 

BLSTM Bidirectional Long Short-Term Memory 

RNN Recurrent Neural Network 

ROC-AUC Area Under the Receiver Operating 

Characteristic Curve 

PR-AUC Area Under the Precision-Recall Curve 

DOF Degree(s) of Freedom 

AI Artificial Intelligence 

ML Machine Learning 

EEG Electroencephalography 

LR Logistic Regression 

RF Random Forest 

ANFIS Adaptive Neuro-Fuzzy Inference System 

MRI Magnetic Resonance Imaging 

EHR Electronic Health Record 

TP True Positive 

TN True Negative 

FP False Positive 

FN False Negative 

SD Standard Deviation 

RMS Root Mean Square 

MAV Mean Absolute Value 

WL Waveform Length 

ZC Zero Crossings 

SSC Slope Sign Changes 

IG Integrated Gradients 

SMOTE Synthetic Minority Oversampling 

Technique 

DALYs Disability-Adjusted Life Years 

CPU Central Processing Unit 

GPU Graphics Processing Unit 
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