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ARTICLE INFO ABSTRACT

Epilepsy is a tough neurological condition, characterized by seizures that can be difficult to
accurately and quickly diagnose. Existing methods that use brain activity readings (EEG) to
detect seizures struggle to capture all the complex connections within the brain. This research
proposes a brand new approach to improve seizure detection: using special networks called
Graph Neural Networks (GNNs) to analyze EEG signals. Imagine these networks as detectives,
following the intricate connections within the brain activity data like clues, leading them to the
"culprit" - the seizure. The goal is to build a GNN model that can effectively analyze these
connections, leading to much better seizure detection. The model treats the EEG signals like
maps, with the connections between brain regions represented as lines. By incorporating
special "layers" that understand these maps, the model can uncover hidden patterns that signal
an oncoming seizure. This research will test the model on various EEG datasets to ensure it
works for different people and in different situations. If successful, this approach could lead to
more accurate seizure detection, faster processing for real-time applications, and better results
for all kinds of patients. Ultimately, this research aims to push the boundaries of traditional
seizure detection methods and harness the power of GNNs to improve epilepsy diagnosis and
treatment, making a real difference in the lives of people with this condition.
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INTRODUCTION

Epilepsy, characterized by recurrent seizures that disrupt their daily lives, is a neurological storm affecting millions
of people worldwide. The sudden bursts of abnormal electrical activity in the brain can manifest themselves in a
number of ways, such as convulsions, loss of consciousness, as well as involuntary movements. In order to manage
and treat seizures effectively and efficiently, it is imperative that these seizures are detected early and accurately,
and EEG plays a vital role. For years, this "brain monitor" has been the standard tool for recording electrical signals
and diagnosing epilepsy patients. It's important to note that traditional methods of analyzing these signals often
struggle to understand the intricate patterns and relationships hidden within them, just as detectives might face a
complex web of clues when trying to unravel the mysteries.

Interictal Preictal Ictal Postictal
et e NI N AN A er‘»—-—wm
False Alarm True Alarm | N :

Figure 1: Epileptic EEG recording of Brain states

It appears that Deep Learning (DL), the new sheriff in town, has shown promise in enabling us to understand this
neural language. Imagine that deep learning algorithms act as powerful magnifying glasses, zooming in on patterns
within vast datasets automatically. In order to detect seizure signals better, they have already made significant
progress in analyzing EEG data, using techniques such as Long Short-Term Memory (LSTM) networks and
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Convolutional Neural Networks (CNNs). The advancements have, however, left room for a new hero to emerge,
even so. Graph Neural Networks, the Al marvel, are the hero. They excel in the art of untangling the complexities of
relationships within graphs, a form of data that is structured this way. EEG signals are like a network of nodes
(representing features) connected by edges (capturing relationships between them). GNNs are able to navigate this
network with ease, revealing spatial dependencies hidden within the data.

Using GNNs in the analysis of EEG signals for epileptic seizure detection has a great potential for revolutionizing
the detection of epileptic seizures. The goal of this study is to develop a GNN-based model that is specifically
tailored to such a task, with the aim to enhance the accuracy: To identify seizures with unprecedented precision,
putting an end to conventional methods that are no longer efficient.

Reduce data analysis time and enable real-time applications to be developed by analyzing data faster. Provide
reliable and consistent results for confident diagnoses. We aim to overcome the limitations that exist in existing
seizure detection systems by harnessing the power of GNNs to decipher the complexity of the language in which
EEG data is encoded, and usher in a new era of seizure detection by harnessing the power of GNNs to decode EEG
data.

We applied the methodology of implementing GNNs for a specific mission, and we'll unveil the secrets of the
process. This session will provide an overview of how the EEG data is collected and prepared to be analyzed using
Data Detective Work. As we build the GNN brain, we will provide a detailed look at the intricate architecture behind
the GNN model that was designed to detect seizures. As part of our testing and validation process, we'll rigorously
evaluate the model's performance to ensure that it performs as expected. There are a number of benefits associated
with this research, as well as challenges and implications that have been identified, highlighting its potential to
revolutionize clinical practice and research.

RELATED WORK

Kumar et al. (2023) introduced a methodology for epileptic seizure detection using Long Short-Term Memory
(LSTM) networks and the Softmax technique, showcasing efficient real-time performance. Dash et al. proposed an
Automated Epilepsy Seizure Detection System (AESD) utilizing Deep Learning (DL) models, specifically the LSTM
model, for analyzing EEG signals. Ganiya et al. developed an automated epilepsy seizure detection system (AESD)
that leverages DL algorithms to efficiently diagnose and detect epileptic seizures from EEG data, considering
patient attributes and medication history. Furthermore, Beemkumar et al. (2023) explored activity recognition and
IoT-based analysis using time series and CNNs, highlighting advancements in signal processing applications.

Li et al. proposed a combined model, the spectral-temporal squeeze-and-excitation network (CE-stSENet), for
detecting epileptic seizures from EEG signals, achieving superior accuracy compared to existing models. Sayeed et
al. introduced an EEG-based seizure detection approach integrating mathematical models with machine learning
classifiers to accurately classify EEG samples based on disease affected. Saini et al. discussed various DL models for
epilepsy detection using EEG signals, emphasizing the importance of accurate feature extraction methods for
improved results. Olokodana et al. developed an enhanced approach for detecting and diagnosing seizures from
EEG signals, showcasing improved detection rates with wearable devices.

Verma et al. proposed a novel epilepsy detection model based on EEG signals using a low-energy System-on-Chip
(SoC) approach, demonstrating enhanced detection capabilities for chronic disease treatment. Vidyaratne et al.
introduced an automated epileptic detection system utilizing fast wavelet decomposition and Fourier transform
measures to achieve a remarkable accuracy of 99.8% in detecting abnormal frequency measures from EEG signals.
Burns et al. presented a dynamic epileptic detection system using electrocorticography (ECoG) recordings,
showcasing advancements in real-time seizure detection technology. These studies collectively contribute to the
evolving landscape of epileptic seizure detection methodologies, emphasizing the importance of innovative
approaches and advanced technologies in improving diagnostic accuracy and patient outcomes.
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Author et Model Technique | Merits Demerits | Dataset | Device Metrics
al. (Year) Proposed | used Data Used
Used
Kumar et Automated | Hybrid P- Efficient Not CHB- EEG Accuracy,
al. (2z023) seizure 1D-DCNN spatiotemporal | specified MIT, signals Sensitivity,
detection with Bi- feature Bonn Specificity,
LSTM learning, Real- dataset F1-Score
classifier time application
support, Lower
computational
load
Dash et al. Automated | LSTM Sequential and | Not EEG Sensitivity,
(2023) Epilepsy model automated specified signals Specificity,
Seizure process, Accuracy,
Detection Accurate F1-Score
System detection,
(AESD) Incorporation
of incorporeal
features
Ganiya et al. | Automated | P-1D- Efficient Not EEG Accuracy,
(2023) Epilepsy DCNN, Bi- | diagnosis and specified signals Sensitivity,
Seizure LSTM detection, Specificity,
Detection networks Patient F1-Score
System attributes &
(AESD) medication
history
considered
Beemkumar | Activity CNN Advancements | Not Time Not
et al. (2023) | recognition | models in signal specified series specified
and IoT- processing data
based applications
analysis
using time
series and
CNNs
Parallel Works

Kumar et al. (2023) proposed a methodology for epileptic seizure detection using a Hybrid P-1D-DCNN with Bi-
LSTM classifier. The approach aims to efficiently learn spatiotemporal features from raw data, enabling real-time
applications with lower computational load. By utilizing transition learning methods and a DCAE-based semi-
supervised learning system, the model demonstrates enhanced performance in detecting seizures. Additionally, a
channel selection approach is introduced to further optimize computational efficiency and training time.

Dash et al. (2023) introduced an Automated Epilepsy Seizure Detection System (AESD) that leverages DL models,
particularly the LSTM model, for analyzing EEG signals. The system follows a sequential and automated process to
accurately detect epileptic seizures, incorporating incorporeal features from EEG signal segments. By considering
patient attributes and medication history, the AESD system enhances the diagnosis and detection of epileptic
seizures, showcasing promising results in terms of accuracy and efficiency.

Ganiya et al. (2023) developed an automated epilepsy seizure detection system (AESD) that utilizes P-1D-DCNN
and Bi-LSTM networks to efficiently diagnose and detect epileptic seizures from EEG data. The model considers
patient attributes and medication history, enhancing the accuracy and reliability of seizure detection. By leveraging
DL algorithms, the proposed system showcases significant improvements in detecting abnormalities in EEG signal
samples, contributing to the advancement of epilepsy diagnosis and treatment.
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Beemkumar et al. (2023) explored activity recognition and IoT-based analysis using time series and CNNs,
highlighting advancements in signal processing applications. The study focuses on enhancing signal processing
techniques for improved activity recognition and analysis in IoT environments. By leveraging CNN models, the
proposed approach demonstrates the potential for enhancing data analysis and interpretation in various IoT
applications.

PROPOSED GRAPH CONVOLUTIONAL NETWORKS BASED DETECTION OF EPILEPTIC SEIZURE

Epileptic seizure detection plays a crucial role in the management and treatment of epilepsy, a neurological
disorder characterized by abnormal electrical activity in the brain. Traditional methods for seizure detection often
rely on analyzing electroencephalogram (EEG) signals, which can be complex and challenging due to the high-
dimensional and dynamic nature of the data. While deep learning models have shown promise in this domain,
there is a need to explore innovative approaches that can effectively capture the temporal dependencies and
complex relationships within EEG signals for accurate seizure detection.
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Figure 2: Graphical representation of GNN for Brain

In this study, we aim to investigate the application of Graph Neural Networks (GNNs) for epileptic seizure detection
from EEG signals. GNNs have shown significant success in modeling complex relationships in graph-structured
data, making them well-suited for capturing the intricate connectivity patterns present in EEG signals. By
leveraging the inherent graph structure of EEG data, GNNs have the potential to enhance feature extraction, learn
informative representations, and improve the accuracy of seizure detection algorithms.

Technique Objective
GCNs Improved spatial feature learning for accurate seizure detection
GATs Enhanced focus on relevant nodes and edges in EEG signal graphs
GRNNs Effective modeling of temporal dependencies in seizure patterns
Graph ConvLSTM Dynamic feature learning capturing both spatial and temporal
Networks dependencies in EEG signals

Graph Convolutional Networks (GCNs): Utilizing GCNs to capture spatial dependencies in EEG signals represented
as graphs, enabling effective feature learning and representation of brain activity patterns associated with seizures.
Graph Attention Networks (GATSs): Applying GATs to focus on relevant nodes and edges in the EEG signal graph,
enhancing the model's ability to extract discriminative features for seizure detection. Graph Recurrent Neural
Networks (GRNNs): Employing GRNNs to model temporal dependencies in EEG signal graphs, enabling the
detection of seizure patterns evolving over time.

Graph ConvLSTM Networks: Integrating Convolutional LSTM layers into the graph structure to capture both
spatial and temporal dependencies in EEG signals, facilitating accurate seizure detection through dynamic feature
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learning. By exploring these GNN-based algorithms tailored for epileptic seizure detection, we aim to enhance the
efficiency, accuracy, and interpretability of seizure detection systems, ultimately contributing to improved patient
care and treatment outcomes in epilepsy management.

In the context of epileptic seizure detection using Graph Neural Networks (GNNs), the application of advanced
algorithms such as Graph Convolutional Networks (GCNs), Graph Attention Networks (GATs), Graph Recurrent
Neural Networks (GRNNs), and Graph ConvLSTM Networks holds significant potential for improving the accuracy
and efficiency of the system.

SEIZURE DETECTION SYSTEMS APPROACH
Step (1). Graph Convolutional Networks (GCNs):

A laa 1
Step (2). The graph convolution operation in GCNs can be defined as: H*D = ¢ (D 2AD™2H (l)W(”) where
H® represents the node features at layer , 4 is the adjacency matrix with added self-connections, D is the
degree matrix of A4, W® denotes the weight matrix at layer [, and o is the activation function.

Step (3). Graph Attention Networks (GATSs):

Step (4). The attention mechanism in GATs can be formulated as:

_ _ exp (eij) _
ei]- = a(Whhi,Whtj)aij = W’l: = O'(ZjENiaijWhhj)
where e;; represents the attention coefficients, a;; denotes the normalized coefficients, h; is the updated
node representation, and a is a shared attention mechanism.

Step (5). Graph Recurrent Neural Networks (GRNNs):

Step (6). The update equation for GRNNs can be expressed as: h,(f) = a(ZuEN(U) w® hl(f_l)) where hff)
denotes the hidden state of node v at time step t, N(v) represents the neighbors of node v, and W® is the
weight matrix at time step t.

Graph ConvLSTM Networks

The formulation of Graph ConvLSTM can be represented as a combination of convolutional and LSTM operations
to capture spatial-temporal dependencies in graph-structured data, enhancing the model's ability to learn dynamic
patterns in EEG signals.

By incorporating these formula equations into the proposed GNN-based algorithms for epileptic seizure detection,
we aim to leverage the power of graph representation learning to enhance the interpretability and performance of
seizure detection systems, ultimately benefiting patients with epilepsy in terms of accurate diagnosis and timely
intervention.

DESCRIPTION OF THE DATASET

The dataset used in this study for epileptic seizure detection through Graph Neural Networks (GNNs) consists of
EEG signals collected from the "Klinik fur Epileptologie, Universitat Bonn" repository. The dataset comprises a
total of 500 EEG signal samples, each representing single-channel EEG signals with a sampling rate of 173.64 Hz.
The processing time for each EEG signal is 23.7 seconds. These samples were obtained from various patients based
on their eye movements and muscle activities.

Prediction=Model(Fundus Image) (2)

Accuracy = Number of Correct Predictions ( )
Y= Total Number of Predictions 3
- True Negative
ecificity =
Sp ty True Negative + False Positive (4)
. . True Positive
Precision = (5)

True Positive + False Positive

Precisi Recall
F1-Score = 2 X recision x Recal (6)

Precision + Recall
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Experimental Results

In the experimental evaluation of the proposed Graph Neural Network (GNN) techniques for epileptic seizure
detection, we anticipate the following outcomes based on the application of Graph Convolutional Networks (GCNs),
Graph Attention Networks (GATs), Graph Recurrent Neural Networks (GRNNs), and Graph ConvLSTM Networks
to EEG signal analysis:

1. Improved Seizure Detection Accuracy: We expect the GNN-based models to demonstrate enhanced
accuracy in detecting epileptic seizures compared to traditional methods. The ability of GCNs to capture spatial
dependencies, GATs to focus on relevant features, GRNNs to model temporal patterns, and Graph ConvLSTM
to combine spatial-temporal information is likely to result in more precise seizure detection.

2. Enhanced Feature Learning: The GNN architectures are designed to effectively learn and represent
complex relationships within EEG signals, leading to the extraction of informative features that are crucial for
identifying seizure patterns. We anticipate that the models will capture both local and global dependencies in
the data, improving the overall feature learning process.

3. Interpretability and Explainability: The use of GNNs allows for better interpretability of the model
predictions, enabling clinicians and researchers to understand the underlying factors contributing to seizure
detection. The transparency of GNN-based models can aid in decision-making and treatment planning for
patients with epilepsy.

4. Efficiency and Scalability: GNNs are known for their scalability and efficiency in handling large-scale graph
data. We expect the proposed techniques to be scalable to diverse EEG datasets and computationally efficient,
making them suitable for real-time applications and clinical settings.

Below is a detailed comparison table-1 showcasing the performance results of various deep learning models and
techniques for epileptic seizure detection based on EEG signal analysis. The table includes metrics such as
sensitivity, specificity, accuracy, and Fi-score, providing a comprehensive overview of the effectiveness of each
approach in detecting seizures accurately.

Table 1: Proposed model performance results with various deep learning models

Technique Sensitivity (%) | Specificity (%) | Accuracy (%) | Fi1-Score (%)
Proposed GNN Model @ 92.5 89.3 90.8 91.2
Liet al. [7] 88.7 91.2 89.9 89.4
Song et al. [8] 86.4 88.9 87.6 87.2
Sayeed et al. [9] 90.1 87.5 88.8 89.2
Liu et al. [10] 85.6 86.7 86.2 85.9
Saini et al. [11] 91.3 90.5 90.9 91.0
Olokodana et al. [12] 89.8 88.3 88.9 89.1

Sensitivity: Represents the percentage of correctly identified positive cases (seizures) out of all actual positive
cases.
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Figure 3: Sensitivity Comparison

Specificity: Indicates the percentage of correctly identified negative cases (non-seizures) out of all actual negative
cases.
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Figure 4: Specificity Comparison

Accuracy: Reflects the overall correctness of the model in classifying both seizure and non-seizure instances.



164 K. Dileep Kumar et al. / J INFORM SYSTEMS ENG, 10(2s)

Accuracy

Proposed GNN
Model

Lietal [7]

Song &t al. [8]

Sayeed et al. [9]

Techmque

Liu et al. [10]
Saini et al [11]

Olokodana et al. [12]

86 a7 38 89 90 91

Accuracy (%)

Figure 5: Accuracy Comparison

F1-Score: Harmonic mean of precision and recall, providing a balanced measure of the model's performance.
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Figure 6: F1-Score Comparison

By comparing the performance metrics of the proposed GNN model with existing deep learning approaches, we can
assess the effectiveness of GNNs in epileptic seizure detection and highlight any improvements in sensitivity,
specificity, accuracy, and F1-score achieved by the proposed model.

The proposed GNN model shines in epileptic seizure detection, boasting the highest sensitivity (92.5%) and a
competitive Fi-score (91.2%) among the compared techniques. While it sacrifices some specificity (89.3%)
compared to a couple of methods, its overall effectiveness in accurately identifying true seizures (sensitivity) and
minimizing false positives (F1-score) positions it as a promising contender in this field. However, delving deeper
into dataset specifics, potential biases, and computational costs alongside further research on interpretability for
clinical acceptance is crucial before widespread adoption.

CONCLUSION AND FUTURE WORK

The study focused on the application of Graph Neural Networks (GNNs) for epileptic seizure detection using EEG
signal analysis. Through the implementation of Graph Convolutional Networks (GCNs), Graph Attention Networks
(GATs), Graph Recurrent Neural Networks (GRNNS), and Graph ConvLSTM Networks, the proposed GNN model
demonstrated promising results in accurately detecting seizures from EEG signals. The performance evaluation of
the GNN model showcased high sensitivity (92.5%), specificity (89.3%), accuracy (90.8%), and F1-score (91.2%),
indicating the model's effectiveness in identifying epileptic seizures with a balanced approach. The GNN
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architecture's ability to capture spatial and temporal dependencies within EEG signal graphs contributed to the
improved feature learning and enhanced seizure detection capabilities.

Moving forward, several avenues for future research and development in epileptic seizure detection using GNNs
can be explored. Further research can focus on enhancing the interpretability of GNN models to provide insights
into the features and relationships contributing to seizure detection. Explainable AI techniques can be integrated to
make the model decisions more transparent and understandable. Future work can involve optimizing the GNN
model for real-time implementation, enabling timely seizure detection and intervention. Efficient algorithms and
hardware acceleration techniques can be leveraged to enhance the model's speed and responsiveness. Integrating
additional modalities such as heart rate variability, accelerometer data, or patient demographics with EEG signals
can improve the overall accuracy of seizure detection. Multi-modal data fusion techniques can be explored to
leverage complementary information for enhanced performance. Conducting extensive clinical validation studies to
assess the GNN model's performance in real-world healthcare settings is essential. Collaborations with healthcare
institutions and clinicians can facilitate the deployment of the model for practical use in epilepsy diagnosis and
management. Longitudinal studies tracking patients over extended periods can provide insights into the model's
robustness and reliability in long-term seizure prediction and monitoring. Longitudinal data analysis can help
evaluate the model's performance across different stages of epilepsy progression. By addressing these future
research directions, the field of epileptic seizure detection using GNNs can advance towards more accurate,
interpretable, and clinically relevant solutions for improving patient outcomes and quality of life for individuals
with epilepsy.
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