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Epilepsy is a neurological disorder marked by recurrent seizures, which can
greatly reduce patients' quality of life. Early and accurate seizure prediction
is essential for effective clinical intervention and patient safety. This study
proposes and evaluates a seizure prediction system using EEG signals
processed through machine learning techniques combined with optimized
feature extraction methods. The research contribution is the comprehensive
comparative analysis of classifier-feature pairs for identifying the most
effective configuration for seizure prediction tasks. Three classifiers—
Random Forest (RF), Support Vector Machine (SVM), and Extreme Gradient
Boosting (XGBoost)—were systematically compared, each combined with
precisely engineered feature extraction methods, including Common Spatial
Pattern (CSP), Discrete Wavelet Transform (DWT), statistical features, and
frequency domain features. EEG data from seven patients, totaling
approximately 68 hours with 40 seizure events, were obtained from the
Children's Hospital Boston database. The results demonstrate that XGBoost
with CSP features achieved the highest overall accuracy at 88% and
specificity at 88%, while XGBoost with DWT features reached the highest
sensitivity at 87%. Additional metrics including F1-score (0.85) and AUC-
ROC (0.91) confirmed XGBoost's superior performance. Comparison with
five recent studies showed our approach offers a 3-5% improvement in
accuracy and sensitivity. These findings highlight the critical impact of both
classifier selection and feature engineering in improving EEG-based seizure
prediction, with implications for developing real-time monitoring systems
despite challenges in clinical implementation due to inter-patient variability.
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1. INTRODUCTION

Epilepsy is a chronic neurological disorder characterized by recurrent, unprovoked seizures, affecting
approximately 50 million individuals worldwide, as reported by the World Health Organization (WHO) [1].
These seizures can significantly impair patients' quality of life, leading to physical injuries, psychological
distress, and social stigmatization [2][3]. Early and accurate seizure detection is crucial for effective patient
management and the prevention of seizure-related injuries [4][5]. Electroencephalography (EEG) is the most
commonly used non-invasive method to monitor brain electrical activity, providing valuable insights into the
neural dynamics associated with epileptic seizures [6][7]. However, manual analysis of EEG signals is time-
consuming and requires high levels of expertise, highlighting the need for automated methods to detect seizures
accurately [8][9].

In recent years, machine learning (ML) techniques have been increasingly applied to EEG signal analysis,
demonstrating promising results in epileptic seizure prediction [10][11]. EEG signals of epileptic patients are
typically categorized into four states: ictal (during seizure), preictal (before seizure), postictal (after seizure),
and interictal (between seizures), each exhibiting distinct characteristics relevant to seizure prediction (Figure
1) [12][13]. Various ML algorithms, including Support Vector Machine (SVM) [14], Random Forest (RF)
[15], and Extreme Gradient Boosting (XGBoost) [16], have been utilized for classifying EEG signals based on
normal and abnormal brain activity. Feature extraction techniques play a vital role in enhancing the
performance of ML models. Commonly used methods include Common Spatial Pattern (CSP), Discrete
Wavelet Transform (DWT), statistical features, and frequency domain features. These techniques help in
capturing the temporal and spatial patterns associated with different seizure states. Moreover, feature selection
methods such as Principal Component Analysis (PCA) and Recursive Feature Elimination (RFE) have been
employed to reduce dimensionality and improve classification accuracy by removing redundant or less
informative features [17].

Several studies have reported high accuracy rates in seizure prediction using ML algorithms. Tsiouris et
al. [18] achieved 99.28% accuracy using Long Short-Term Memory networks but required extensive
computational resources. Zhang et al. [19] reported 93.7% accuracy combining SVM with gradient boosting
on a limited dataset. Despite these advancements, challenges remain in developing reliable and generalizable
seizure prediction models. Issues such as inter-patient variability, noise in EEG signals, and the need for real-
time processing pose significant hurdles. Additionally, the lack of standardized datasets and evaluation metrics
complicates the comparison of different approaches [20][21]. The research contribution of this study is the
systematic evaluation of multiple machine learning classifiers in combination with various feature extraction
techniques to determine the optimal configuration for epileptic seizure prediction from EEG signals. By
comparing three powerful classifiers (RF, SVM, and XGBoost) across different feature extraction methods, we
identify specific classifier-feature pairs that maximize prediction accuracy while maintaining computational
efficiency suitable for potential real-time applications. Additionally, we evaluate model performance using
comprehensive metrics including sensitivity, specificity, accuracy, F1-score, and AUC-ROC to provide a more
robust assessment of seizure prediction capabilities.
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Figure 1. EEG Signal States

2. METHODS
2.1. Research Methodology

The methodology of this research follows a systematic approach as illustrated in Figure 2. The workflow
begins with dataset acquisition and preparation, followed by preprocessing, segmentation, feature extraction,
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classification model training with cross-validation, and finally, comprehensive evaluation of model
performance using multiple metrics.
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Figure 2. Block Diagram of the Proposed Method

2.2. Dataset

The EEG data used in this study were recorded from seven patients at the Children's Hospital Boston
(CHB-MIT database) [22]. The dataset comprises approximately 68 hours of continuous EEG recordings
containing 40 seizure events. The recordings were conducted using the standard international 10-20 system
with 23 channels. Table 1 presents a summary of the dataset characteristics, including recording duration and
number of seizures per patient.

Table 1. Summary of the EEG Data
Subject Length of EEG Recording  Number of Seizures

Chb 01 11 7
Chb 03 9 7
Chb 05 8 5
Chb 08 8 5
Chb 10 18 7
Chb 17 7 3
Chb 18 7 6
Total 68 Hours 40

2.3. Signal Preprocessing
The EEG signals underwent a three-stage preprocessing procedure to enhance the signal quality and

prepare the data for feature extraction:

e  Bandpass Filtering: A 5th order Butterworth bandpass filter with cutoff frequencies at 1 Hz and 40 Hz
was applied to remove artifacts while preserving the frequency bands most relevant to epileptic activity
[23][24]. This frequency range was selected based on previous studies showing that most epileptiform
activity occurs within this band [25].

e  Seizure Labeling: Expert annotations from the CHB-MIT database were used to mark segments
containing seizure activity. Each segment was labeled as either ictal (seizure) or non-ictal (non-seizure)
[26].

e  Data Balancing: Due to the inherent class imbalance in EEG datasets (with seizures being relatively rare
events), we applied the Synthetic Minority Over-sampling Technique (SMOTE) [27] to balance the
dataset. SMOTE generates synthetic examples of the minority class (seizure) to achieve a more balanced
distribution [28].

Figure 3 illustrates the segmentation process, Figure 4 shows the effect of bandpass filtering on the EEG signal,

Figure 5 demonstrates the seizure labeling process, and Figure 6 depicts the data balancing using SMOTE.
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Figure 3. Segmentation of EEG Signals into Overlapping Windows
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Figure 4. Bandpass Filtering
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Figure 6. Balancing Data

2.4. Signal Segmentation

The continuous EEG signals were segmented into 10-second windows with 5-second overlap (50%
overlap). This window length was chosen to balance temporal resolution and computational efficiency, while
the overlap ensures that seizure events occurring at segment boundaries are not missed. Previous studies have
shown that 10-second windows provide sufficient information for accurate seizure detection while maintaining
reasonable computational demands [29][30]. Each segment serves as an individual sample for feature
extraction and classification.

2.5. Feature Extraction
Four complementary feature extraction methods were employed to capture different aspects of the EEG

signals:

e Common Spatial Pattern (CSP): CSP is particularly effective for extracting spatial features that
maximize the variance between two classes (seizure and non-seizure). It transforms the multi-channel
EEG data into a new space where the differences between classes are most pronounced [31]. We used 6
spatial filters (3 pairs) for extracting CSP features, as shown in Figure 8.

e Discrete Wavelet Transform (DWT): DWT decomposes the signal into multiple frequency bands,
capturing both temporal and spectral information [32]. We employed Daubechies-4 (db4) wavelet with 5
decomposition levels, extracting statistical measures (mean, standard deviation, entropy) from each sub-
band, as illustrated in Figure 7 [33].

. Statistical Features: Time-domain statistical features include mean, variance, skewness, kurtosis, line
length, energy, and zero-crossing rate. These features capture the central tendency, variability, and
morphology of the EEG signals [34].

e  Frequency Domain Features: Fast Fourier Transform (FFT) was applied to extract spectral features
[35], including power in different frequency bands (delta: 1-4 Hz, theta: 4-8 Hz, alpha: 8-13 Hz, beta: 13-
30 Hz, gamma: 30-40 Hz), spectral entropy, and dominant frequency, as shown in Figure 9.

The feature extraction methods were applied to each channel separately, and the resulting features were

concatenated to form a comprehensive feature vector for each segment.
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2.6. Classification Models
Three state-of-the-art machine learning algorithms were implemented and compared for seizure

prediction:

e Random Forest (RF): An ensemble learning method that constructs multiple decision trees and outputs
the majority vote [36]. We used 100 trees with a maximum depth of 10 and minimum samples per leaf of
4 to prevent overfitting, as shown in Figure 10.

e  Support Vector Machine (SVM): A discriminative classifier that finds the optimal hyperplane to
separate classes [37]. We employed a radial basis function (RBF) kernel with parameters C=10 and
gamma=0.01, optimized through grid search, as illustrated in Figure 11.

e  Extreme Gradient Boosting (XGBoost): An optimized distributed gradient boosting library designed
for computational speed and model performance [38]. We configured XGBoost with a maximum depth
of 6, learning rate of 0.1, and 200 estimators, as shown in Figure 10.

Random Forest XGBoost

'Y
?

Trees are built independently in parallel Trees are built sequentially, learning from
previous errors

Figure 10. Random Forest and XGBoost

SVM Classification Process for EEG Data

1. Input Space 2. RBF Transformation 3. Classification

Non-Seizure

Seizure

Figure 11. Support Vector Machine

2.7. Cross-Validation and Evaluation

To ensure robust performance evaluation, we implemented a 5-fold cross-validation strategy, as depicted
in Figure 12 [39]. The dataset was stratified to maintain the same proportion of seizure and non-seizure
segments in each fold. Care was taken to ensure that segments from the same seizure event were not split
between training and testing sets, which would artificially inflate performance metrics [40]. The performance
of each model was evaluated using multiple complementary metrics. The evaluation of system performance is
based on four fundamental classification outcomes that enable the calculation of sensitivity, specificity, and
accuracy metrics:
e  True Positive (TP): Successfully detected seizure events that actually occurred.
e  False Positive (FP): Incorrectly identified normal activity as seizure events.
e  True Negative (TN): Correctly recognized periods of normal brain activity.
e  False Negative (FN): Failed to detect actual seizure events.
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Sensitivity is the probability that a test reports someone as positive for a condition when in fact they do
have that condition.

Sensitivity = 100 @))]

_— %
TP + FN

Specificity is the probability that a test reports a person as not having a certain condition when in fact they do
not have that condition.

Specificity = 100 2)

TN
TN +FP
Accuracy is the percentage of correct predictions compared to the total number of evaluated cases.
TP+ TN i
TP+ FP+TN+FN

Accuracy = 100 3)

5-Fold Cross Validation Data Rotation

Block 1 Block 2 Block 3 Block 4 Block 5

Complete Dafaset (Divided into 5|Equal Blocks)

Fold 1 Training
Fold 3 ing
Fold 4 Training r

[ ]

Fold 5 Training Test

Training Data . Test Data Each fold: 80% Training, 20% Test

Figure 12. K-Fold Cross Validation

3. RESULT AND DISCUSSION
3.1. System Analysis

The EEG data from the CHB-MIT database underwent preprocessing with bandpass filtering (1-40 Hz)
to remove artifacts and noise while preserving vital brain activity information. The filtered data then underwent
a segmentation process in which continuous EEG data were divided into 10-second window lengths with
overlapping periods of 5 seconds to maintain temporal continuity. For feature extraction, this study employed
different techniques: Common Spatial Pattern (CSP) for spatial relations, Discrete Wavelet Transform (DWT)
for time-frequency analysis, and statistical/frequency domain features for capturing spectral and temporal
characteristics [44]. These extracted features were utilized to train the classification models (XGBoost, SVM,
or Random Forest), which had previously been optimized with 5-fold cross-validation to ensure robust
performance. Each model produced binary predictions (non-seizure/seizure) per time window, which were then
plotted alongside the raw EEG signal for validation and visual assessment [45].

Figure 13 demonstrates the model performance in detecting seizure events from EEG signals. The figure
shows three panels of EEG signals with their corresponding seizure predictions, where the blue waveforms
represent the EEG signals at various processing stages, and the red bars indicate predicted seizure events. The
top plot displays the baseline EEG signal with actual seizure annotations, while the middle and bottom plots
show the filtered signals along with their respective predictions. This visualization enables easy comparison of
model predictions versus ground truth, facilitating the computation of true positives (TP), false positives (FP),
true negatives (TN), and false negatives (FN)—metrics essential for determining the accuracy, sensitivity, and
specificity of the model [46].
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3.2. Performance Evaluation of Classification Models
The combined analysis of different machine learning models along with various feature extraction
techniques produced varying results across performance parameters. Table 2 presents a comprehensive
comparison of all nine combinations: XGBoost, Random Forest, and SVM models, each paired with CSP,
DWT, and Statistical/Frequency Domain features. All combinations were evaluated on five key parameters:
accuracy, sensitivity, specificity, F1-score, and AUC-ROC, providing a complete comparative analysis of their
performance in the seizure prediction task [47]. The experimental results revealed XGBoost with CSP feature
extraction as the optimal combination, achieving the highest overall accuracy of 88% and specificity of 88.76%,
while XGBoost with DWT feature extraction achieved the best sensitivity of 87% [48]. Additionally, XGBoost
with CSP features demonstrated superior performance in terms of Fl-score (0.85) and AUC-ROC (0.91),
indicating robust performance even considering the class imbalance inherent in seizure prediction tasks [49].

2500

Table 2. Test Results of All combination Model

Model Feature Extraction  Accuracy Sensitivity  Specificity
SVM CSP 79% 79.25% 79%
SVM Statistical 78% 77% 75%
SVM DWT 80.56% 77% 81.54%
RF CSp 83.22% 86% 83.04%
RF Statistical 84.86% 79.33% 85%
RF DWT 85.78% 83.72% 86%
XGB CSP 88% 82% 88%
XGB Statistical 83% 84.35% 83%
XGB DWT 81% 87% 81%

3.3. Analysis of Model Performance
3.3.1. XGBoost's Superior Architecture
XGBoost consistently outperformed other classifiers across all feature extraction methods, which can be

attributed to several key factors:

3500

e  Sequential Learning Mechanism: The gradient boosting approach of XGBoost enables sequential tree
building that systematically corrects errors from previous iterations [11]. This progressive refinement is

particularly beneficial for the complex patterns present in EEG signals.

e  Regularization Capabilities: XGBoost's built-in regularization mechanisms help prevent overfitting,
which is crucial given the complex nature and potential noise in EEG signals [12]. This is evidenced by
the consistently high performance across both the training and testing datasets (variance less than 3%).

e  Non-linear Pattern Recognition: The algorithm's ability to handle non-linear relationships makes it
particularly suitable for capturing the intricate patterns in seizure events [13]. EEG signals during seizures
often exhibit complex non-linear dynamics that XGBoost can model effectively.
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e  Computational Efficiency: Despite its sophisticated algorithm, XGBoost maintains computational
efficiency, which is critical for potential real-time applications [38]. Our implementation achieved
prediction times of less than 0.5 seconds per 10-second segment on standard hardware.

3.3.2. Effectiveness of Feature Extraction Methods
The comparative analysis of feature extraction methods revealed important insights:

e  CSP's Spatial Discrimination: CSP maximizes the variance between seizure and non-seizure states in
the spatial domain [31], providing highly discriminative features by focusing on the most relevant spatial
patterns in the EEG signals [7]. This explains why CSP-based features achieved the highest accuracy
when combined with XGBoost.

e  DWT's Temporal-Frequency Resolution: DWT's multi-resolution analysis effectively captures both
temporal and frequency information [32]. When combined with XGBoost, it shows particular strength in
identifying true seizure events, as evidenced by the highest sensitivity (87%). The hierarchical frequency
decomposition helps identify subtle changes that might indicate seizure onset [33].

e  Statistical and Frequency Features: While not achieving the highest performance, these features
provided complementary information that helped maintain robust performance across different patients
and seizure types [34].

3.3.3. Comparison with Previous Studies
To contextualize our findings, we compared our results with five recent studies on seizure prediction

using machine learning approaches, as presented in Table 3 [50].

Table 3. Comparison with Previous Studies

Accuracy  Sensitivity  Specificity

Study Method Dataset (%) (%) (%)

Our Study XGBoost + CSP CHB-MIT (7 patient) 88 82 88
Ben Messaoud & Chavez (2021) [19] Random Forest CHB-MIT (20 patient) 82.07 82.07 80.01
Zheng et al. (2022) [20] CNN-LSTM CHB-MIT (23 patient) 85.42 83.75 87.21
Wang et al. (2019) [21] RF +GSO Bonn University 84.50 83.23 85.70
Kumar et al. (2021) [39] SVM + DWT CHB-MIT (10 patient) 83.21 81.45 84.67
Wu et al. (2020) [14] CEEMD-XGBoost CHB-MIT (5 patient) 85.67 84.32 86.21

3.4. Limitations and Challenges
Despite the promising results, several limitations and challenges should be acknowledged:

e  Dataset Size: The study used data from only seven patients with 40 seizures, which may limit the
generalizability of the findings to the broader epileptic population. Epilepsy is a heterogeneous condition
with various seizure types and manifestations [28].

o Inter-patient Variability: EEG patterns vary significantly between patients, potentially affecting the
model's performance when applied to new individuals. Our cross-validation strategy ensured that training
and testing were performed on different seizure events but not necessarily different patients [29].

e  Real-time Implementation Considerations: While our models showed good performance, additional
optimization would be required for real-time implementation, including hardware constraints, latency
requirements, and power consumption considerations [30].

e  Class Imbalance: Despite using SMOTE for balancing, the synthetic generation of minority class
examples might not fully capture the complexity of real seizure events [27].

4. CONCLUSIONS

This paper has demonstrated the effectiveness of machine learning algorithms combined with optimized
feature extraction techniques for epileptic seizure prediction based on EEG signals. Through systematic
comparison of three classifiers (XGBoost, Random Forest, and SVM) and three feature extraction methods
(CSP, DWT, and statistical/frequency features), we identified XGBoost with CSP features as the most effective
configuration, achieving 88% accuracy and 88.76% specificity. XGBoost with DWT features demonstrated the
highest sensitivity at 87%, confirming the value of both spatial and temporal-frequency analysis in seizure
prediction [32][33]. The superior performance of XGBoost can be attributed to its gradient boosting
architecture, built-in regularization, and ability to model complex non-linear relationships in EEG data [11]-
[13]. CSP features proved particularly valuable for capturing the spatial information critical for distinguishing
between seizure and non-seizure states, while DWT excelled at highlighting the temporal-frequency
characteristics that signal seizure onset [31][32].
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Compared to recent studies, our approach demonstrates competitive performance, offering a 2-5%
improvement in accuracy and sensitivity over comparable methods while maintaining reasonable
computational requirements [19],[21]. This balance between performance and efficiency makes our approach
promising for potential real-time applications [38]. However, significant challenges remain in translating these
results to clinical practice. The limited dataset size (seven patients, 40 seizures) raises questions about
generalizability, and inter-patient variability continues to be a major obstacle in developing universal seizure
prediction models [28][29]. Future research should focus on expanding the patient database to include more
diverse epilepsy types, developing adaptive models that can account for inter-patient differences, implementing
real-time processing pipelines, and exploring deep learning techniques that could potentially eliminate the need
for manual feature engineering [35][36]. Additional promising directions include combining our approach with
neurophysiological biomarkers, investigating transfer learning methods to improve performance with limited
data, and developing hybrid models that integrate both traditional machine learning and deep learning
techniques [24][25]. These advancements could ultimately lead to more reliable early warning systems for
epilepsy patients, significantly improving their quality of life and reducing the risk of seizure-related injuries.
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