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Introduction

Neurological disorders are among the most complex and rapidly increasing health challenges worldwide, significantly affecting
cognitive, behavioral, and motor functions. Conditions such as epilepsy, Parkinson’s disease, Alzheimer’s disease, and other
neurodegenerative disorders impose a substantial burden on healthcare systems due to their chronic nature and progressive severity.
Early diagnosis and continuous monitoring are essential for improving treatment outcomes, slowing disease progression, and
enhancing patient quality of life. However, traditional diagnostic methods often rely on clinical observation, neuroimaging, and
manual EEG interpretation, which can be time-consuming, expensive, and subject to inter-observer variability.
Electroencephalography (EEG) is a widely used non-invasive technique for recording electrical activity of the brain. It provides
high temporal resolution and is particularly useful for studying neural dynamics and identifying abnormal brain activity patterns.
With the advent of wearable EEG devices and portable brain-computer interface systems, real-time neurological monitoring has
become increasingly feasible. Despite these advancements, EEG signals remain highly challenging to analyze due to their non-
stationary nature, low signal-to-noise ratio, and susceptibility to artifacts such as eye movements, muscle activity, and environmental
interference.

Traditional EEG analysis techniques primarily depend on handcrafted feature extraction methods, including time-domain statistical
measures, frequency band analysis (delta, theta, alpha, beta, gamma), and wavelet transform-based representations. While these
approaches provide meaningful insights, they often fail to capture the complex nonlinear interactions between different brain
regions. Moreover, these methods do not effectively model the dynamic connectivity patterns that exist in brain networks, limiting
their ability to fully represent neurological states. In recent years, machine learning and deep learning techniques have been
increasingly applied to EEG signal classification tasks. Convolutional Neural Networks (CNNs) have demonstrated strong capability
in extracting spatial features from EEG data, while Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM)
networks are effective in capturing temporal dependencies. However, these models typically treat EEG channels either
independently or sequentially, failing to represent the inherent topological structure of brain connectivity.

To address these limitations, Graph Neural Networks (GNNs) have emerged as a powerful paradigm for modeling EEG signals as
graph-structured data. In this representation, EEG electrodes are considered as nodes, and functional relationships between brain
regions are represented as edges. GNNs enable the modeling of spatial dependencies across different brain regions, offering a more
biologically plausible representation of brain activity. However, conventional graph-based methods often rely on fully connected or
dense adjacency matrices, which introduce redundancy, increase computational complexity, and reduce interpretability. Sparse
Graph Learning (SGL) has been proposed as an effective solution to this problem by learning adaptive and sparse connectivity
structures that capture only the most relevant interactions between brain regions. By enforcing sparsity constraints, SGL reduces
noise, improves computational efficiency, and enhances model interpretability. This makes it particularly suitable for EEG-based
neurological assessment, where only a subset of brain connections may be relevant for specific disorders.

Furthermore, attention mechanisms have gained significant importance in biomedical signal analysis by enabling models to
dynamically focus on the most informative features or connections. When combined with graph-based learning, attention
mechanisms can enhance feature selection at both node and edge levels, allowing more accurate identification of disease-related
brain activity patterns. Despite these advancements, there remains a research gap in integrating sparse graph learning with attention
mechanisms for EEG-based neurological disorder detection in a unified framework. Existing approaches either focus on dense graph
representations or fail to incorporate adaptive feature weighting, limiting their performance and interpretability in real-world clinical
applications. To address these challenges, this study proposes an Intelligent Neurological Assessment framework using Sparse
Graph Learning on EEG Signals, which integrates sparse graph construction, graph neural network modeling, and attention-guided
feature refinement. The proposed model aims to improve classification accuracy, reduce computational overhead, and enhance
interpretability while capturing meaningful brain connectivity patterns.

Literature Review

Niedermeyer and da Silva (2005) provided foundational knowledge on EEG signal interpretation and brain wave classification.
Their work established the physiological basis of EEG rhythms (delta, theta, alpha, beta, gamma), which is essential for neurological
disorder analysis. However, their approach relied heavily on manual interpretation and lacked computational automation. Craik et
al. (2019) reviewed deep learning methods for EEG classification and highlighted the effectiveness of CNNs and RNNs in automated
brain signal analysis. They emphasized that while deep learning improves accuracy, it often ignores spatial connectivity between
EEG channels.

Roy et al. (2020) proposed deep learning models for EEG-based disease classification and demonstrated that CNNs can extract
discriminative features from raw EEG signals. However, the model lacked graph-based representation of brain connectivity. Song
et al. (2018) introduced EEG-based seizure detection using deep neural networks. Their model achieved high accuracy but treated
EEG channels independently, failing to capture inter-channel relationships.

Kipf and Welling (2017) introduced Graph Convolutional Networks (GCNs), which enabled learning on graph-structured data.
Their approach laid the foundation for modeling EEG signals as brain connectivity graphs, although it used dense adjacency
matrices. Li et al. (2019) proposed adaptive graph neural networks for EEG signal classification. Their model improved performance
by learning dynamic connectivity but suffered from computational inefficiency due to dense graph structures.

Zhang et al. (2020) introduced sparse graph learning techniques for brain network analysis. Their study showed that sparsity
improves interpretability and reduces noise, but integration with deep learning remained limited. Abdel-Hamid et al. (2021) explored
attention mechanisms for biomedical signal processing and demonstrated that attention improves feature selection in noisy EEG
environments. However, their model did not incorporate graph-based learning.

Wang et al. (2021) proposed hybrid EEG classification models combining CNN and GNN architectures. Their results showed
improved accuracy, but the model lacked sparsity constraints, leading to redundant connections. Zhang and Chen (2022) introduced

30



Intelligent Neurological Assessment Using Sparse Graph Learning on EEG Signals

attention-based graph neural networks for brain disorder classification. Their model improved interpretability but still relied on
dense graph structures, limiting scalability.

Hu et al. (2022) studied sparse connectivity learning in brain networks and demonstrated that sparse graphs improve computational
efficiency and robustness in EEG classification tasks. Zhou et al. (2023) developed EEG-based neurological diagnosis systems using
graph attention networks, showing that attention improves node-level feature selection but still requires optimization for sparsity.
Liu et al. (2023) proposed hybrid deep learning models for neurological disorder detection and highlighted the importance of
combining spatial, temporal, and connectivity-based learning. Kumar et al. (2024) introduced sparse graph neural networks for brain
disease prediction and demonstrated that sparsity improves both interpretability and generalization performance. Singh et al. (2024)
proposed attention-guided EEG classification models and showed that attention mechanisms significantly enhance diagnostic
accuracy in neurological disorder detection.

Methodology

The proposed Intelligent Neurological Assessment using Sparse Graph Learning on EEG Signals is designed to effectively model
brain connectivity patterns while reducing redundancy and improving interpretability. The framework integrates four major
components: EEG acquisition, signal preprocessing, sparse graph construction, and graph-based classification with attention
refinement.

o EEG Signal Acquisition
Collect raw EEG signals from subjects
o Preprocessing
Filtering, artifact removal, and normalization
Feature Extraction
Extract time-frequency and
statistical features

( Sparse Graph Construction
o Construct sparse graph where nodes are
EEG channels and edges represent
L\ functional connectivity

D ——

7
\ Sparse Graph Learning /
o N ‘Leamioptimalsparsegraph siucture
\ for discriminative representation  /
/ Neural Classification
o Input graph to GNN for neurological

condition classification

¥

o Performance Evaluation
Evaluate using accuracy, sensitivity,

specificity, F1-score, AUC

Neurological Assessment
o Provide automated assessment and

decision support for clinicians

Fig 1. Sparse Graph Learning Framework for Intelligent Neurological Assessment Using EEG Signals

This figure presents the proposed methodology for intelligent neurological assessment using EEG signals and sparse graph learning
techniques. The framework begins with EEG signal acquisition, where raw brain activity signals are collected from subjects. The
signals undergo preprocessing to remove artifacts, reduce noise, and normalize data quality. In the feature extraction stage, relevant
temporal, spectral, and statistical characteristics are derived from the EEG recordings. These features are then used for sparse graph
construction, where EEG channels or signal components are represented as graph nodes and their functional relationships are
represented as edges. The resulting graph is processed through a sparse graph learning module that identifies the most informative
connectivity patterns while reducing redundant information. The learned graph representations are forwarded to a neural
classification model, which automatically distinguishes neurological conditions based on EEG connectivity characteristics. The
framework then performs performance evaluation using metrics such as accuracy, sensitivity, specificity, F1-score, and AUC.
Finally, the system generates an intelligent neurological assessment, providing automated diagnostic support and assisting clinicians
in the detection, monitoring, and evaluation of neurological disorders.

Sparse Graph Construction Graph Neural Network (GNN) Feature Learning
Each EEG channel is modeled as a node in a graph, while | The sparse graph is passed into a Graph Neural Network to
functional relationships between channels form edges. learn spatial dependencies:
A sparse adjacency matrix is learned dynamically: g+ — o(AHOW®y )
As = Sparsify(d) e o

where:
where: o ) ) o H®is node representation at layer I, W®is trainable weight
Ais the initial dense connectivity matrix, A,is the optimized matrix, ais activation function
sparse graph, Sparsity is enforced to retain only the most | This enables modeling of brain connectivity patterns across
significant brain connections, reducing redundancy and noise. | e channels.
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Algorithmic Strategy
The proposed Intelligent Neurological Assessment using Sparse Graph Learning on EEG Signals (SGL-EEG) follows a structured
algorithm that integrates signal preprocessing, sparse graph construction, graph neural feature learning, attention-based refinement,
and final classification.

Algorithm 1: Sparse Graph Attention Framework for EEG
Classification 4. Remove artifacts (eye blink, muscle noise)
5. Perform baseline correction
Input: 6. Apply wavelet denoising
Multichannel EEG signal X(t) = {x1,x,,...,x,} - 3) 7. Normalize using Z-score scaling
Window size w, Number of EEG channels N 8. Obtain cleaned signal:
Output:
Predicted class: Healthy / Neurological Disorder X, (t) = Preprocess(X(t)) ------- (5)
EEG Signal Acquisition Sparse Graph Construction
1. Load multichannel EEG recordings from dataset 9. Construct initial EEG connectivity matrix A
2. Segment EEG signals into fixed windows: 10. Learn sparse adjacency matrix:
Xi={x1,x0,..., %y} - 4) A; = Sparsify(4) --—--- (6)
Signal Preprocessing 11. Retain only significant brain connections
12. Assign EEG channels as graph nodes
3. Apply bandpass filtering (0.5-45 Hz)

Results and Performance Evaluation

The performance of the proposed Intelligent Neurological Assessment using Sparse Graph Learning on EEG Signals (SGL-EEG)
was evaluated using standard EEG benchmark datasets for neurological disorder detection. The model was trained using a stratified
split strategy and tested on unseen samples to ensure generalization capability. Evaluation was performed using accuracy, precision,
recall (sensitivity), F1-score, and ROC-AUC, which are widely used metrics in biomedical classification tasks.

Performance Comparison
The proposed SGL-EEG model was compared with traditional machine learning and deep learning approaches:

Table 1: Performance Comparison

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score ROC-AUC

(%) (%)
Logistic Regression 82.6 81.9 80.8 81.3 83.5
SVM 85.4 84.7 84.1 84.3 86.2
Random Forest 86.8 86.1 85.5 85.8 87.4
CNN Only 90.7 90.2 89.8 90.0 91.6
LSTM Only 915 91.0 90.6 90.8 92.3
GNN (Dense Graph) 93.2 92.8 92.5 92.6 94.0
Attention-GNN 94.6 94.1 93.8 93.9 95.4
Proposed SGL-EEG | 97.8 97.4 97.1 97.2 98.3
Model

Result Analysis

The Table 1 shows, experimental results clearly demonstrate that the proposed Sparse Graph Learning-based EEG model (SGL-
EEG) outperforms all baseline methods across all evaluation metrics. Traditional machine learning models such as Logistic
Regression, SVM, and Random Forest show limited performance due to their inability to capture nonlinear dependencies in EEG
signals. Deep learning models such as CNN and LSTM improve feature learning but fail to effectively model inter-channel brain
connectivity. Graph Neural Networks (GNNs) improve performance by modeling EEG signals as structured graphs; however, dense
graph representations introduce redundancy and computational overhead. In contrast, the proposed SGL-EEG model achieves
superior performance due to three key components: sparse graph construction, which removes redundant brain connections; graph
neural feature learning, which captures spatial dependencies; and attention-guided refinement, which highlights the most relevant
neural interactions. This combination significantly improves classification performance and interpretability. The model achieves a
maximum accuracy of 97.8% and ROC-AUC of 98.3%, indicating strong discriminative capability in distinguishing between healthy
and neurological disorder cases. These results confirm that sparse graph learning significantly enhances both efficiency and
predictive accuracy in EEG-based neurological assessment systems.
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Conclusion and Discussion

This study proposed an Intelligent Neurological Assessment framework using Sparse Graph Learning on EEG Signals (SGL-EEG),
designed to improve the accuracy, efficiency, and interpretability of automated brain disorder detection systems. The proposed
model integrates sparse graph construction, graph neural networks, and attention-guided feature refinement to effectively capture
meaningful brain connectivity patterns from multichannel EEG signals. The discussion highlights that traditional machine learning
approaches such as Logistic Regression, SVM, and Random Forest are limited in handling nonlinear, high-dimensional EEG data
and fail to capture functional brain connectivity. Similarly, deep learning models such as CNNs and LSTMs improve feature
extraction but do not explicitly model inter-channel relationships in EEG signals. Although standard Graph Neural Networks
(GNNs) address connectivity modeling, dense graph structures often introduce redundancy, increased computational cost, and
reduced interpretability. In contrast, the proposed SGL-EEG model effectively overcomes these limitations by learning sparse and
adaptive brain connectivity graphs, which retain only the most relevant neural interactions. The integration of a graph neural network
enables spatial dependency learning, while the attention mechanism further enhances interpretability by assigning higher weights to
clinically significant brain regions. This combination results in improved classification performance and more meaningful
neurological representations. The experimental results demonstrate that the proposed model achieves superior performance
compared to all baseline methods across accuracy, precision, recall, F1-score, and ROC-AUC metrics. The sparse graph learning
strategy significantly reduces computational redundancy while maintaining high predictive accuracy, making the model suitable for
real-time neurological assessment systems. From an application perspective, the proposed framework is highly suitable for clinical
decision support systems, brain-computer interfaces, and wearable EEG monitoring devices, where efficiency, interpretability, and
real-time processing are essential. Its ability to model brain connectivity in a sparse and adaptive manner makes it particularly
effective for neurological disorder detection in practical healthcare environments. However, certain limitations remain, including
dependence on high-quality EEG data, variability in patient-specific brain activity patterns, and computational challenges in large-
scale graph optimization. Future research can focus on integrating transformer-based graph learning, improving cross-subject
generalization, and enhancing model explainability using advanced explainable Al (XAl) techniques.
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