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Abstract

Epileptic seizure detection using electroencephalography (EEG) plays a crucial role in neurology, facilitating
early diagnosis and timely intervention. Traditional EEG analysis is time-consuming and susceptible to
inconsistencies, highlighting the need for automated systems that can enhance both efficiency and accuracy. This
study evaluates various machine learning models to determine the most effective approach for seizure prediction,
focusing on predictive accuracy and computational efficiency. Among the models tested, the Artificial Neural
Network (ANN) demonstrated the highest AUC (0.98) and accuracy (0.9814), followed by XGBoost, CatBoost,
and Random Forest. However, ANN’s long training time (24.61s) restricts its suitability for real-time
applications. In contrast, CatBoost emerged as the optimal model, delivering strong classification performance
with 96.87% accuracy and a 0.9224 F1 score, while maintaining a much shorter training time (6.93s) and fast
inference (0.1028s). These results suggest that CatBoost is well-suited for practical deployment in clinical
environments, offering both high accuracy and computational efficiency for epileptic seizure detection.
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Introduction

Electroencephalography (EEG) is a non-invasive technique for assessing brain function and diagnosing
neurological disorders like epilepsy. It captures crucial brain activity data with high temporal resolution, ideal
for time-series analysis. Traditionally analyzed manually, EEG now benefits from automated algorithms,
improving the detection and management of neurological conditions. Epilepsy, affecting about 1% of the global
population, is the second most prevalent neurological disorder. Despite treatments, a cure remains elusive, and
effectiveness varies. Automated EEG-based seizure detection systems offer promising solutions but often face
challenges like high computational demands and lack of patient-specific tailoring. EEG remains the gold
standard for epilepsy diagnosis due to its ability to monitor both ictal and inter-ictal activities. While visual
interpretation by neurologists is effective, it is time-consuming and prone to inconsistencies. Computer-aided
techniques provide more efficient and cost-effective solutions, highlighting the need for advanced automated
detection methods. This study aims to develop a machine learning model for epileptic seizure detection using
EEG signals. By evaluating multiple algorithms, the research seeks to identify the model with the highest
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accuracy and computational efficiency, focusing on both predictive performance and real-time applicability for
clinical settings.

Fig 1: EEG-Based Seizure Detection Process
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This study develops a machine learning model for predicting epileptic seizures using EEG signals, focusing on
preprocessing, feature extraction, and classification. The model applies Empirical Mode Decomposition (EMD) for noise
reduction and common spatial pattern (CSP) filtering to enhance signal quality. Statistical and spectral features are
extracted to characterize preictal and interictal states, and Support Vector Machines (SVM) are used for classification.
Evaluating the CHB-MIT dataset, the model achieves a seizure prediction time of 23.61 minutes with 92.23% sensitivity.
Compared to previous studies using SVM (Usman, Usman, & Fong, 2017), this research also incorporates advanced
models like XGBoost, CatBoost, and Random Forest, offering a more comprehensive performance evaluation.
Additionally, while existing literature often focuses on accuracy (Esha, Begum, & Rahman, 2024), this study emphasizes
computational efficiency, with CatBoost emerging as the most practical model for real-time implementation, balancing
high accuracy and low training times. This work addresses gaps in current methods by prioritizing both predictive
performance and computational feasibility for seizure detection in clinical settings.

Methodology

In this section, we describe the methodology used in this research, detailing the processes involved in data
preparation, model selection, and evaluation for epileptic seizure prediction using EEG signals. We applied
various machine learning algorithms, including Logistic Regression, Random Forest, Support Vector Machines
(SVM), XGBoost, and CatBoost, to develop predictive models.

By rigorously testing, evaluating, and analyzing model performance, we aim to optimize classification accuracy
and reliability in detecting epileptic seizures from EEG signals.
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Fig 2: Workflow for Machine Learning-Based Seizure Detection

DataFramework

The dataset, sourced from Kaggle (accessed November 18, 2023), consists of 11,500 samples and 178 features
of EEG signals from 500 individuals. Each 23.5-second EEG recording is split into 23 one-second segments,
and the target variable 'y' contains values from {1, 2, 3, 4, 5}. The data was split into 80% training (9,200
examples) and 20% testing (2,300 examples) to optimize model training and evaluation.

ResearchFramework

This study introduces CatBoost for epileptic seizure prediction, comparing it with other machine learning models
(Logistic Regression, SVM, Random Forest, XGBoost). The method includes data preprocessing, normalization,
and feature selection to ensure optimal performance. CatBoost is highlighted for its high accuracy and efficiency,
providing a computationally feasible solution for real-time seizure prediction.

Data Pre-Processing

Data preprocessing involves using Python 3.11.5 with pandas for cleaning, handling missing values, and
standardizing features. The dataset is split into training and testing sets (80/20). Principal Component Analysis
(PCA) reduces dimensionality, selecting 39 components to enhance model training and evaluation.

Model Training

o Logistic Regression: A binary classifier used for predicting seizures by applying a logistic function.

« Random Forest: An ensemble method using 150 decision trees, effective for managing high-
dimensional EEG data.

e SVM: A classification method using the RBF kernel for non-linear data separation.

e XGBoost: An advanced ensemble technique using gradient boosting for high accuracy and speed.

e ANN: A neural network model designed to handle complex EEG data patterns.

o CatBoost: A gradient boosting method that excels at handling categorical data, offering a fast and
accurate model for seizure prediction.

SMOTE
Synthetic Minority Over-sampling Technique (SMOTE) is applied to address class imbalance in logistic
regression, improving sensitivity to seizure detection.
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ClassificationMetrics
Models are evaluated using accuracy, precision, recall, F1 score, and ROC-AUC to assess performance,
particularly in handling imbalanced data and predicting rare events like seizures.

ROC and AUC
The ROC curve and AUC measure a model's ability to distinguish between seizure and non-seizure events.
AUC values above 0.7 are considered good, indicating effective classification.

Results

This section presents the results of machine learning models used to predict seizure onset based on EEG signal analysis.
The models—Logistic Regression, Random Forest, Support Vector Machine (SVM), XGBoost, ANN, and CatBoost—are
evaluated using performance metrics such as accuracy, precision, recall, and F1-score, with a focus on accurately
distinguishing between seizure and non- seizure events. The impact of key features on seizure predictions is highlighted,
emphasizing their role in improving the models' ability to detect seizures and enhance predictive performance.

Model Selection and Prediction

A thorough comparison of multiple machine learning algorithms was conducted to identify the best model for
seizure onset prediction. The models evaluated include Logistic Regression, Random Forest, Support Vector
Machine (SVM), XGBoost, Artificial Neural Networks (ANN), and CatBoost. To comprehensively assess each
model’s performance, a table of precision metrics is provided, along with a combined ROC-AUC graph to
visualize the models' discriminative abilities. Additionally, a bar graph illustrating the training time of all
models is included, offering insights into computational efficiency alongside predictive performance.

Model Accuracy | F1 Score | Precision | Recall

Logistic Regression 0.8039 0.0585 1.0 0.0301
Logistic Regression using SMOTE |  0.5926 0.3195 0.2412 | 0.4731
Random Forest 0.9639 0.9129 0.8914 ' 0.9355

Support Vector Machine (SVM) 0.9609 0.9024 0.9103 | 0.8946
XGBoost 0.9670 0.9185 0.9165 | 0.9204

Artificial Neural Network (ANN) 0.9814 0.9516 0.9601 | 0.9433
CatBoost 0.9687 0.9224 0.9244 | 0.9204

Table 1: Performance Metrics of Machine Learning Models for Epileptic Seizure Detection
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