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ARTICLE INFO ABSTRACT

Received: 10 Oct 2024 According to the WHO, Epilepsy is a significant public health issue and increases every year from

1% to 2% in all age groups. It is one of the oldest recognized neurological disorders. Early

detection and proper medication reduce the risk to the person. EEG is one of the methods to

Accepted: 20 Dec 2024 identify epilepsy, The continuous monitoring of EEG signals recognizes seizures. These occur in
the partial or total body or several parts of a brain for a person and it causes unconsciousness. A
person who suffers from any one of the following health problems: high fever, sleepless nights,
anxiety, and stress might cause epileptic seizures. Surviving with epilepsy is stressful and limited
to employability. This work aims to build the best model using Machine Learning algorithms
with high performance and accuracy values, by using the conventional Machine Learning
algorithms like K- Nearest Neighbor, Support Vector Classifiers, Support Vector Regression,
Lasso, Ridge, Decision Tree, Gradient Boost, eXtreme Gradient Boosting, Light Gradient
Boosting Machine, Categorical Boosting, and Linear Regression. Optuna used for tuning
hyperparameters in the ML models to improve the performance of a model and to obtain best
results. The Kaggle data set used for training and validation purposes. In these models, according
to classifiers models, all the “gradient boost” classifiers produce accuracy, precision, recall and
F1-score with 1.0 values. In Regression models, the best model is “Linear Regression” with R2
score as 1.0 to detect epileptic seizures.
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INTRODUCTION

Epilepsy is a common disorder of brain signals. Around 0.625% of the people in the world effected by epilepsy and it
causes seizures. Seizures occur through genetic problems or due to health issues or food habits. If seizures cannot
identify within a stipulated time, he or she might be the last consciousness and may go through paralysis and severe
seizures cause death also. So many researchers are working on this area to identify epileptic seizures of your patient
or person.

EEG is one of the methods for detecting seizures by recording the electrical signals of the brain. Those signals
information converted as EEG dataset to develop an accurate model by using machine learning algorithms and
various techniques to analyse easy data to detect seizures.

ML Classifiers and Statistical features to analyse normal brain activity and scissor activity. These algorithms process
substantial amounts of EEG datasets to recognise this.

Many people have gone through this domain to reach validation accuracy and performance metrics with perfect
values. Those models have pitfalls. Gradient Boost algorithms show best results to identify epileptic seizure detection
through classifiers and Linear regression through regressors for the Kaggle EEG dataset.

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License which
permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
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RELATED WORK

Wide research has done in the field of Epileptic Seizures detection but required levels of accuracy has never
accomplished.

In this paper, K-Nearest Neighbor (KNN) and Fuzzy Rough Nearest Neighbor (FRNN) give the highest classification
accuracy scores, with improved sensitivity and specificity percentages on the Bonn and Children’s Hospital of Boston-
Massachusetts Institute of Technology (CHB-MIT) datasets [1]. A deep learning novel model called Bi-LSTM with
98% of performance metrics worked on Children’s Hospital of Boston-Massachusetts Institute of Technology (CHB-
MIT) datasets from physio net [2].

In this paper, authors studied epilepsy research related work from 2005 to 2013 by using R programme language for
Biblio Metrix analysis & SCIMAT and Vosviewer for data analysis and visualization [3]. DNN algorithms which are
better and how CNN and sparse autoencoders are giving best scores to predict cancer [4]. A deep learning model 1D-
CNN is a model to improve the performance of the classifier on a given data set from upf.edu ntsa [5]. This paper
used to evaluate egg assemblages correctly by using taphonomic, sedimentological and geochemical analysis [6].

In this paper, Authors used EMD (empirical mode) with feature extraction to identify seizure detection on the CHB
— MIT database [7]. In this paper, Authors explain how to convert age signals into images, and they proposed an
alternative architecture on pre-trained data set and easily identified epilepsy [8]. This paper proposed a system with
feature extraction and classification of the Taylor Fourier rhythm specific models and the filter bank for processing
and classification SVM used with accuracy 94.88 authors worked on database Born University [9].

This paper, study detection and analysis of lifestyle-based diseases in Nelly phases of life how it applied on lifestyle
of a person with the help of surveys [10]. The Authors developed the multimodal fusion approach with deep learning-
based features to increase the accuracy of epilepsy diagnosis [11]. Authors developed CNN and Gaussian filters used
to sort the skin cancer with accuracy [12]. This paper describes two models, one is ensemble and second one is
Choquet fuzzy integral with deep neural network in the system [13].

In this paper Authors explain how classification of Elite scissor data set using different machine learning algorithms
as well as PCA feature reduction technique [14]. Authors presented a review on eclectic scissors prediction by using
machine learning and deep learning approaches [15]. A novel model for epilepsy detection for binary and multi class
classifiers based on multitaper spectral features developed by authors [16]. Authors proposed 1CNN,2CNN,3CNN &
4CNN: 1CNN and 2CNN to identify epileptic seizures automatically, 3CNN and 4CNN predicted with the accuracy
value of 95% [17].

Author proposed a CNN and transfer learning based eight class-type for EEG based Multiclass seizure [[18]. In this
paper, Authors developed a multi featured learning model for epilepsy classification supervised by a highly robust
heterogenous deep symbol [19]. In this paper, authors explained students’ mentality using Generative Al tools [20].
The Author describes how ML and DL algorithms or techniques used on different data sets to produce a predictive
model [21]. In this paper authors proposed discrete wavelet transform based singular value decomposition for K
nearest neighbour classified technique to identify epileptic seizure [22].

In this paper, Authors used ensemble empirical mode decomposition and least squares support vector nation for
classification of epileptic seizures [23]. Authors explain the machine learning methods to predict epileptic seizure
with sensitivity [24]. In this paper, a novel independent RNN approach for classification of seizures and non-seizures
[25]. In this study CNN proposed to identify epileptic seizures based on EEG signals [26]. Machine Learning has
applied on the previous seizure activity values but also on other features like eye state and brain tumours to detect
seizures in more efficient manner [27].

PROPOSED METHODS

The Kaggle dataset is pre-processed, divided into Trained and Tested data sets. Apply ML algorithms on trained
dataset and next apply on tested dataset. The best model evaluated with different parameters like accuracy, precision,
recall and F1-score, MSE, R2 Score and RMSE.
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Fig. 1 Machine Learning Model Architecture
Overview of the Dataset

The Kaggle dataset “Epileptic Seizure Recognition “holds five folders of one hundred files each represented as a
subject or a person. Each file has EEG recording activity of brain signals of the time 23.6s. A continuous time series
of 4097 data points recorded. Each data point represents a different data point in the time series. The total data points
4097 divided into twenty-three chunks, each chunk consists of 178 data points of 1 sec. Finally, 23 (chunks) * 5
(folders) * one hundred (files) is equivalent to 11,500 data points or information pieces. The dataset has 11,500 rows
and 180 columns. The features or columns are Unnamed, X1, X2, X3, ..., X177, X178 (Exploratory Variables) and y
(response variable). The sample data from the dataset is shown in Table 1

Table 1 Sample data from the dataset

X21.V1.791 135 190 229 223 192 -127  -116  -83 -51

X8.V1.1 32 -39 47 -37 -32 -30 =35 -35 -36

X20.V1.54 -9 -65 -98 - 65 -83 -89 -73
102
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X22.V1.114 -22 -22 -23 -26 -36 ... -1 -18 -37 -47 -48 2

X8.V1.28 14 -13 -16 10 ... -67 -30 -2

X16.V1.210 29 41 57 72 74 ...

[11500 rows x 180 columns]

Data Preprocessing

while recording EEG Signals of a patient, those divided into five classes.
5 - eyes open,

4 - eyes closed,

3 - Yes, they identify the tumour region from the healthy brain area

2 - EEG data points area about the location of the tumour

1 - Recording of seizure activity

Here 5,4,3,2 classes are not for identifying epileptic seizures. Only class 1 required to detect seizures. By using
binary encoding divide all the classes as 0 and 1.

ML model

The following machine learning algorithms applied on the dataset to get the best model. Among these KNN, RF, SVC,
DT, SVR, LR, Linear Regression, Lasso, Ridge, GB, XGBoost, LightGBM, CatBoost and LR, Random Forest and
Support vector Classifier selected and XGBoost algorithm selected with Optuna.

RESULTS & DISCUSSIONS

This model divides the dataset into 80% as trained and 20% as test data. It is suitable for trained datasets and no
overfitting on unseen test data. Hyperparameters used to optimize the model performance and control the complexity
and regularization. Feature importances used to help which features prominently work on model prediction. There
is no overfitting.

CLASSIFICATION MODELS

The performance of various classification models used in predicting Epileptic Seizures has evaluated based on key
metrics such as Fi-score, Accuracy, Precision and Recall. These metrics provide a comprehensive understanding of
how well each model fits the data and its predictive accuracy. The results are as follows in table 2 and shown in figure
2.

Table 2: Classification models performance metrics

Trained 1 7365 O 0 1835

Tramed 1 7365 O 1835
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Trained 1 7365 0 0 1835

Trained 1 7365 0 1835

Trained 085 7361 4 476 1359

Trained 1 7365 0 1835

Trained 1 7365 0 1835

Trained 1 7365 O 1835

Trained 1 7365 O 1835

Model Performance Metrics Comparison
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Fig. 2 Comparative chart of Classification models performance metrics

All the classification models like LR, SVC, RF, DT, KNN, GB, XGBoost, LightGBM and CatBoost perform well on
trained datasets with all the metric values as 1 (One) except KNN.
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=
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=
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LR and Gradient Boost all models performed very well on the test dataset also with perfect scores as 1 for all the
metric values. The confusion matrices as shown in Fig 3, Fig 4a, Fig 4b, Fig4c and Fig 4d.

Confusion Matrix for Logistic Regression
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Fig 3. Logistic regression confusion matrix
Confusion Matrix for Gradient Boosting
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Fig 4a. Gradient Boosting confusion matrix
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Confusion Matrix for XGBoost
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Fig 4b. XGradient Boost confusion matrix.
Confusion Matrix for LightGEM
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Fig 4c. LightGBM confusion matrix
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Confusion Matrix for CatBoost
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Fig 4d. CatBoost confusion matrix

RF model has a slight drop in all metric values depending on the FP and FN values shown in Fig 5.

Confusion Matrix for Random Forest
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Fig 5. Random Forest confusion matrix

SVC performs excellently but there is a slight drop in precision shown in Fig. 6.
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Confusion Matrix for Support Vector Classifier
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Fig 6. Support Vector confusion matrix.

The DT model performs well on the test dataset not as compared to other models, but it works in Fig 7.

Confusion Matrix for Decision Tree
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- 40

- 20

Predicted Label

Fig 7. Decision Tree confusion matrix

KNN model indicates poor performer model as shown in Fig 8.
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Confusion Matrix for K-Nearest Neighbors
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- 20
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Fig 8. K-Nearest Neighbors confusion matrix
REGRESSION MODELS

The performance of various regression models used in predicting Epileptic Seizures. Evaluation based on key metrics
such as the R2 score, Mean Squared Error (MSE), and Root Mean Squared Error (RMSE). These metrics provide a

comprehensive understanding of how well each model fits the data and its predictive accuracy. The results are as
follows in table 3 and shown in figure 3.

Table 3: Regression model performance metrics

Linear . 7.863388758529942¢ 8.86757506792581e-
-31 16

- 0.1617494448026212 0.402180860810930
0.0001157229938 4 74

6974905

Decision 0.8387012987012 0.0260869565217391 0.1531401658887443
Tree 987 3 8
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Gradient 0.9222801524906 0.012569687582903 0.112124802333707
Boosting 472 088

K-Nearest 0.6568736717827 0.0554940711462450 0.23557196160417
Neighbors 627 64

Linear Regression has the highest R2 score, indicating it predicts accurate detection of epilepsy. It describes
adaptability in the data. The low MSE and RMSE values show minimal error in predictions Linear Regression is the
most effective model among those evaluated.

Ridge model performs well with an R2 score of 0.99, suits to identify epileptic seizure detection on the dataset. The
MSE and RMSE values are less indicates model predictions are close to the actual values.

Lasso and Elastic Net models got the same MSE and R2 with negative values. These models not fit for this dataset to
detect Epileptic seizures.

Decision Tree Regression has a slope R2 score indicating that the model fits up to 83.8% of the data. The RMSE and
MSE values indicate few errors in prediction. The overall performance of this model is reasonable.

Random Forest Regression shows better performance with an R2 score of 94.4% of the variability. The MSE and
RMSE values are highly effective to predict accuracy.

Gradient Boosting Regression has a high R2 score of 92.2%, indicating that high variance in the prediction. The low
MSE and RMSE values indicate good predictive performance. [3]

SVR also performs well, with a high R2 score of 94.64% explains a massive portion of the variance in prediction of
epileptic seizures. However, its MSE and RMSE are low measures accurate and predictable.

KNN Regression model with a R2 score of 65.7% of the variability on the dataset. The MSE and RMSE values are high
indicating model predictions are less proportionate to the actual values. [2]
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Regression Model Performance
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Fig. 9 Comparative chart of Regression models performance metrics
Best hyperparameters

Create the Optuna study and optimize the objective function to get best hyper parameters.

{'max_depth'": 8, 'learning_rate": 0.04963543801829856, 'n_estimators': 457, 'subsample: 0.8621557245253744,
'colsample_Dbytree': 0.942678490847755, 'gamma’: 0.01384987069049426, 'min_child_weight': 3, 'reg_alpha':
0.00461845318465644, 'reg_lambda': 0.00989699528229048}[1]

Feature Importances in the sorted Order

Train XGBoost model to get feature importances and it tells you in which way the given features used to predict the
objective. The results in Table 4 and graphical representation in Fig

Table 4: Feature Importances

0.038312
0.035563

0.02719

0.000158

0.000108

X149 0.000075
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Feature Importance using XGBoost
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Fig 10: Feature Importance using XGBoost
CONCLUSIONS

All the models went through the dataset of the five hundred persons under healthy and unhealthy categories. These
models divided the healthy person’s brain EEG signal and seizure patient brain EEG signal, the system classifies the
signal data with the XGBoost, CatBoost and LightGBM a validation accuracy of 100% as shown in Table 2, The
common machine learning algorithms logistic regression, SVM and KNN achieve good accuracy but not work fine in
classification. In conclusion, all the 3 proposed models work better as compared to other models used in this study.
According to regression models, Linear regression, Ridge Regression and SVR with high R2 score 1.0 and low MSE
and RMSE. Lasso and Elastic Regression with higher errors and less R2 score. The remaining algorithms are
moderate to detect epileptic seizures on the taken dataset.

These algorithms must apply on the other EEG datasets which are available through the net like Oasis datasets, open
Neuro, CHB-MIT, TUH EEG Corpus to find out the performance metrics of the datasets.

Availability of Data and Materials
Data is available in Kaggle.
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