TI"JRK“iYE CUMHURIYETI
ADANA ALPARSLAN TURKES SCIENCE AND TECHNOLOGY
UNIVERSITY

INSTITUE OF GRADUATE SCHOOL
ELECTRICAL AND ELECTRONIC ENGINEERING DEPARTMENT

EPILEPTIC SEIZURE PREDICTION USING EEG SIGNALS WITH
DEEP LEARNING

SAMET ORAN

M.Sc.

ADANA 2023




TI"JRK“iYE CUMHURIYETI
ADANA ALPARSLAN TURKES SCIENCE AND TECHNOLOGY
UNIVERSITY

INSTITUE OF GRADUATE SCHOOL
ELECTRICAL AND ELECTRONIC ENGINEERING DEPARTMENT

EPILEPTIC SEIZURE PREDICTION USING EEG SIGNALS WITH
DEEP LEARNING

SAMET ORAN

M.Sc.

THESIS ADVISOR
Prof. Dr. ESEN YILDIRIM

ADANA, 2023



DECLARATION OF CONFORMITY

In this thesis study, which was prepared following the thesis writing rules of Adana Alparslan
Tiirkes Science and Technology University Institute of Graduate School, I declare that I provide
all the information, documents, evaluations and results in accordance with scientific ethics and
moral codes without resorting to any means or assistance that would be contrary to scientific
ethics and traditions. I also declare that I refer to all of the articles I used in this study with
appropriate references and accept all moral and legal consequences if a situation is found

contrary to my statement regarding my work.

11/08/2023

Samet ORAN



OZET

DERIN OGRENME YOLUYLA EEG ISARETLERINDEN EPILEPTIiK NOBET
TAHMINI

Samet ORAN
Yiiksek Lisans, Elektrik-Elektronik Anabilim Dali
Danisman: Prof. Dr. Esen YILDIRIM
Agustos 2023, 113 sayfa

Epilepsi, antik ¢aglara kadar uzanan kronik bir hastaliktir ve insanlar1 sadece nébetler sirasinda
etkilemektedir. Nobet baslangici ve bitis zamani bilinmedigi i¢in hastalarin yasam standartlarini
ciddi sekilde kotii etkilemektedir. Eger nobet baslangici yeterli bir siire 6nceden tahmin
edilebilirse, ilacla tedavi olabilen hastalarin nobetlerini ilaglarla kriz 6ncesi onleyebilir veya
ilaglarla nobeti engellenemeyen hastalarin ise nobeti bitene kadar giivenli bir bolgeye gegme

firsat1 saglanabilir.

Bu tezde, epileptik nobetleri 6nceden tahmin etme amaciyla, ndbetin meydana gelmesinden
yaklasik olarak 30-60 dakika once hastalarin gerekli uyarilari alabilmesi i¢in zaman yaratilmast
hedeflenmistir. Bu baglamda, 24 pediatrik hastanin elektroensefalografi (EEG) kayitlarini
iceren bir agik erisim veri seti kullanilmistir. Kaydedilmis EEG verileri kullanilarak frekans ve
zaman temelli Oznitelik ¢ikarimlari uygulanmistir. Frekans ve zaman temelli yontemler
sirastyla  dalgacik  dontisimii  ve dogrusal olmayan enerji metotlar1 kullanilarak

gerceklestirilmistir.

Bu yontemler kullanilarak iktal (nobet), preiktal (nobet 6ncesi) ve interiktal (ndbetler arasi)
olarak adlandirilan 3 sinifli EEG 6znitelikleri elde edilerek derin 6grenme ve makine 6grenmesi
siniflandiricilart uygulanmistir. Derin  grenme algoritmalarindan olusturulan 1-boyutlu
evrisimli sinir ag1 (1D-CNN) modeli ve makine 6grenimi algoritmalarindan yaygin olarak
kullanilan k-en yakin komsu (k-NN), rastgele orman algoritmasi (RF), destek vektor makinesi
(SVM) ve C4.5 algoritmasi (J48), 3 sinifl1 ¢iktilarin siniflandirma performanslarini 6lgmek igin

kullanilmastir.
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Calismada farkli 6zniteliklerin birbiriyle kiyaslanmasinin yan1 sira makine 6grenimi ve derin
o0grenme siniflandiricilart da birbirleriyle karsilastirmis ve en iyi sonucglar gézlemlenmistir.
Smiflandirma sonuglarina gore, dalgacik 6zniteliklerine dayali 1D-CNN smiflandiricisiyla
%95.30'luk en yiiksek ortalama dogruluk elde edilirken, dogrusal olmayan enerji 6zniteliklerini

kullanan SVM simiflandiricisiyla %96.60'luk en yiiksek ortalama dogruluk saglanmistir.

Anahtar Kelimeler: Dalgacik Spektrumu, Derin Ogrenme, Dogrusal Olmayan Enerji,

Epileptik Nobet, Oznitelik Cikarimi, Siniflandirma.
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ABSTRACT

EPILEPTIC SEIZURE PREDICTION USING EEG SIGNALS WITH
DEEP LEARNING

Samet ORAN

M.Sc., Department of Electrical and Electronic Engineering

Supervisor: Prof. Dr. Esen YILDIRIM
August 2023, 113 pages

Epilepsy is a chronic disease that dates back to ancient times and affects individuals only during
seizures. Due to the unknown onset and duration of seizures, it significantly impairs the quality
of life for patients. If the onset of seizures can be predicted with sufficient advance notice,
patients who respond to medication can prevent their seizures using appropriate drugs, while
those whose seizures cannot be controlled with medication can be provided an opportunity to

move to a safe zone until the seizure subsides.

In this thesis, the main objective is to create a time window of approximately 30-60 minutes
before the occurrence of epileptic seizures, allowing patients to receive necessary alerts. In this
context, an open-access dataset consisting of electroencephalography (EEG) recordings from
24 pediatric patients was utilized. Frequency-based and time-based feature extractions were
performed on EEG data. The frequency-based and time-based methods utilized wavelet

transformation and non-linear energy calculations respectively.

These feature extraction methods yield to 3-class EEG features that are: ictal (seizure), preictal
(pre-seizure), and interictal (between-seizure). Deep learning and machine learning classifiers
were applied on these 3-class outputs. A 1-dimensional Convolutional Neural Network (1D-
CNN) model, constructed from deep learning algorithms, and commonly used machine learning
algorithms, namely k-Nearest Neighbors (k-NN), Random Forest (RF), Support Vector
Machine (SVM), and C4.5 algorithm (J48), were employed to assess the classification

performance of 3-class outputs.
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In the study, besides comparing different features with each other, machine learning and deep
learning classifiers have also been compared, and the best results have been observed.
According to the classification results, the highest average accuracy of 95.30% was achieved
with a 1D-CNN classifier based on wavelet features, while the highest average accuracy of

96.60% was obtained with an SVM classifier using non-linear energy features.

Keywords: Classification, Deep Learning, Epileptic Seizure, Feature Extraction, Non-Linear

Energy, Wavelet Spectrum.
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1. INTRODUCTION

Epilepsy is a chronic noncommunicable disease also known as falling sickness. In an epileptic
seizure, sudden and uncontrolled electrical discharges occur in neurons and consequently
changes in consciousness, involuntary contractions, and emotional changes arise in the patient.
Epilepsy is a disease that only affects the patient during the seizures and patients continue to
live their lives in a healthy way between those seizures. Approximately 65 million epileptic
patients are called in the world and epilepsy is known as the most common neurological disease
in childhood and adolescence period, as the second most common neurological disease in adults
after cerebrovascular diseases. [1] Lots of different reasons (age, brain infections, childhood
seizures, dementia, hereditary family history, vascular disorders, and head traumas) may
contribute to the development of seizures. Although there exists no currently available
definitive treatment for epilepsy, it is a disorder that can be controlled with anti-seizure

strategies and medications.

The first known epileptic observations in history were seen approximately 3000 years ago in
the Babylonian period. Babylonians named this disease "Miqtu”, and it was believed that Miqtu
was caused by mystical beings attacking humans at that time [2]. For the first time, Hippocrates
declared that the center of epilepsy was in the brain, and he named it "Mal Caduque" [3]. In the
1960s, the classification studies of epileptic seizures started, and the Commission on

Classification and Terminology was established [4].

Brain-computer interfaces (BCIs) are developed with the purpose of helping people with
disabilities due to neuromuscular disorders [5]. The purpose of a BCI system is to analyze the
acquired brain signals and send the required command to a device for the desired action. For
such systems, brain signals should be captured during mental tasks, which point to the activities
of the brain such as imagining counting, raising a hand, or calculating. During the mental effort,
physiological recordings are collected for further processing. EEG is one of the most frequently
used modalities in cognitive activity detection. EEG is a non-invasive method and economic
compared to other neuroimaging modalities, such as functional magnetic resonance imaging
(fMRI) and positron emission tomography (PET) and provides higher temporal resolution. At

the present time, although the change in EEG signals during epileptic seizures is noticeable



even with the bare eye, computer-assisted expert systems are necessarily needed to be used for
detailed analysis and early prediction. Therefore, machine learning and deep learning methods

are used extensively in the analysis of epileptic EEG signals [6-10].

The fundamental aim of the study is to predict the seizures 30-60 minutes before the onset with
a subject-dependent seizure prediction system. In this way, patients would be able to take their
medicine in time which will reduce the overall number of seizures they have and significantly
improve their quality of life by preventing accidents and injuries. For this purpose, two different
feature extraction methods were used on the “CHB-MIT Scalp EEG Database™ [11], which is
available as open source in PhysioNet (“https://physionet.org/content/ chbmit/1.0.0/”), to apply
3-class classification, preictal, ictal, and interictal, using the deep learning (1D-CNN) and
machine learning (kNN, RF, SVM, and J48) methods. Therefore, an automated seizure onset

prediction system based on EEG measurements was realized.
1.1. Frequency Based Approach

The first of these methods is frequency-based feature extraction carried out by means of wavelet
transform. This extraction method is based on frequency analysis of the brain waves. The
human brain generates five fundamental frequency-based waves. Delta waves (0.5-4Hz) are the
largest and slowest type of wave. They are observed during deep sleep in all age groups [12].
The visualization of delta waves in awake adults is considered abnormal. They appear during
the deepest levels of sleep, in a coma state, or when a person is under anesthesia. Delta waves
have the lowest frequency among brain waves and can be visualized either concentrated in a
specific region or distributed throughout the brain. Theta waves (4-8Hz) typically emerge in
adults during emotional stress or disappointment. In children, they appear in the parietal and
temporal regions [12]. Alpha waves (8-12Hz) are observed in awake, normal, and calm
individuals. They appear predominantly in the occipital region [12] and disappear during sleep.
When an awake person directs their attention to something specific, these waves give way to
higher-frequency beta waves [13]. Beta waves (12-30Hz) emerge during highly stressful
situations when we find it challenging to collect our thoughts and concentrate and they
disappear with increased mental activity, similar to alpha waves. Gamma waves are still an area
of intensive research [12]. Thus, by examining the frequencies of the brain waves described

above, they can be utilized for early seizure prediction in epilepsy patients.
2



1.2. Time Based Approach

The patient records in the EEG dataset capture the magnitudes obtained from instantaneous
measurements over time. Various time-domain feature extraction methods have been used for
epilepsy detection. In a review study [14], 20 time-domain feature proposals were considered,
out of which 6 (Non-linear energy, Shannon energy, mean, variance, mode, median, skewness,
and kurtosis) were implemented. In this thesis, we used non-linear energy metric for capturing

signals’ time domain characteristics.

This method was introduced in 1990 [15] and demonstrates that the energy of a simple oscillator
is directly proportional to the square of the product of its amplitude and frequency.
Subsequently, an algorithm is developed by taking three consecutive samples from a signal,
making it easy to implement. In this regard, our study aims to demonstrate the successful

extraction of epilepsy features using this method (for details of the method see Section 3.3.2).

(%)



2. LITERATURE REVIEW

In this section, previous studies that have been documented in the literature using the CHB-
MIT dataset, which was utilized in the thesis, have been examined. This section as discusses
the methods and classifiers employed, and interpretation of the results obtained from the
developed models. Although these studies employ the same dataset, there exist certain
differences such as fewer channels, seizure occurrences, and subject numbers within the dataset.
Table 2.1 provides a summary of 9 studies focusing on the early detection of epilepsy seizures

using the CHB-MIT dataset.

Table 2.1. Performance comparison of the proposed model with other models given in the
recent literature for CHB-MIT dataset

References Features Classifiers . Number 2 Validation methods  Classifier outputs Average results
seizures-subjects-channels Sens. — Acc. (%)
Zhang and Parhi Absolute/Relative . Leave-one-out . .
[16] 2016) spectral power SVM 78 — 17 —single cross validation Interictal / Preictal 98.68 — NM
Ibrahim ef . Shannon entro kNN 55-10-23 NM Normal / Pre-seizure 76.00 - NM
[17] 2017) 24 '
Bhattacharyya et Empirical wavelet 10-fold cross . .
al [18] 2017)  transform RF 157-23-5 validation Seizure / Seizure-free  97.91 —99.41
Khan et al. Wavelet transform  CNN 18—15-NM 10-f9ld gross Interictal / Preictal / Ictal ~ 87.80 — NM
[19] (2018) validation
Truong et al. STFT spectral Leave-one-out . .
[20] (2018) images CNN 64-13-22 cross validation Interictal / Preictal 81.2-NM
Spectral power, . . 86.84 —NM
gzlc]igg’lgi Statistical moment, 3D-CNN 77-16-22 ceaveoneout - Inerea/ecEl g7.01 N
Hjorth parameters 85.71-NM
Yao et al. 10-fold cross . .
[22] 2019) IndRNN IndRNN NM-24-17 validation Seizure / Non-seizure 87.30-87.00
Singh et al. 10-fold cross . .
(23] 2022) Spectral power LST™M NM -24-23 validation Interictal / Preictal 98.51-98.14
Dash et al. Leave-one-out . .
[24] 2022) Wavelet transform kNN NM-23-18 cross validation Seizure / Non-seizure ~ 99.56 — 98.99
Wavelet transform, kNN, RF, lgj‘i’;iﬁc;ﬁ” 95.30—95.30
Proposed model SVM, J48, 185-24—-18 80% trai 2 0% Interictal / Preictal / Ictal
Non-linear energy  1D-CNN o traimn ° 96.66 —96.60

test

*NM: not mentioned




According to the chronological order of the studies in the Table 2.1, Zhang and Parhi [16]
presented a patient-specific algorithm for predicting epileptic seizures. This framework is
subject-dependent and aims to reduce the complexity of the recordings by utilizing single or
dual-channel information from each patient. Seventeen out of the 24 patients in the dataset were
included in this study, and the analysis focused on 78 seizures using single-channel data.
Frequency-based methods, namely absolute and relative spectral power, were employed for
feature extraction. In the postprocessing stage, a Kalman filter was applied to mitigate irregular
effects in the signals. The feature selection process involved a two-layer approach. The Support
Vector Machine (SVM) classifier was used for distinguishing between Interictal and Preictal
states. The leave-one-out method was employed as the validation technique. The study reported
the highest accuracy value, calculated based on recall (sensitivity), which was found to be

98.68%.

Ibrahim et al. [17] selected 10 patients from the dataset and utilized 55 seizure instances
obtained from 23 channels for early seizure prediction. The features of the data were computed
based on a time-based calculation using Shannon entropy, and the extracted features were
categorized as Normal/Pre-seizure by comparing entropy values. The study did not provide
information about cross-validation but used the k-Nearest Neighbors (kNN) algorithm for

binary classification. The highest sensitivity value obtained was 76.00%.

In the study conducted by Bhattacharyya et al. [18], the sliding window method was used to
extract 2-second multivariate EEG signal segments from five automatically selected channels.
Three features were extracted from the common values of 1-second segments within each 2-
second segment. A total of 157 seizure instances from 23 subjects were utilized in the study.
The teatures were obtained using empirical wavelet transform and classified using the Random
Forest (RF) machine learning algorithm. 10-fold cross-validation was chosen as the validation
method during classification. The most successful values obtained from the classification were

97.91% for sensitivity and 99.41% for accuracy.

Khan et al. [19] aimed to achieve early seizure prediction by distinguishing Preictal, Ictal, and
Interictal states. Fifteen subjects were selected from 24 subjects in the dataset, and it included
18 seizures. Wavelet transform was employed for feature extraction. In this study, which

performed three-class classification using a CNN model, the train-test dataset was set to 90%

5



for training and 10% for testing. 10-fold cross-validation was employed for the validation of

the training data. The achieved sensitivity rate in the classification was 87.80%.

Truong et al. [20] proposed a patient-specific approach for seizure prediction. This study
included 13 out of 24 subjects and utilized 22 out of 23 channels to predict seizures based on a
total of 64 ictal data instances. They employed the Discrete Time Fourier Transform (DTFT)
method on 30-second EEG signal windows to extract both frequency and time-based features.
The obtained feature magnitudes were visualized to obtain a spectral view, enabling
Preictal/Interictal classification using a 6-layer CNN classifier. The train-test ratio of the dataset
was not specified. A validation rate of 20% was determined for the training data, and the leave-
one-out technique was used for validation. The sensitivity value obtained from the classification

was 81.2%.

Ozcan et al. [21], proposed a subject-independent seizure prediction approach. This study
utilized data from 16 out of 24 patients with 22 channels, resulting in a total of 77 seizures.
They tried three different methods to extract both time and frequency-based features: spectral
band power for frequency-based features, statistical moment, and Hjorth parameters for time-
based features. These three different features were transformed into a sequence of color images,
and a 3D-CNN classifier was employed to obtain outputs categorized as
Interictal/Preictal/Ictal/Postictal. The train-test ratio of the utilized data was set to 80% - 20%.
Leave-one-out method was used in five parts for validation in the training set. The classification
results for spectral band power, statistical moment, and Hjorth parameters were 86.84%,

87.01%, and 85.71% for sensitivity, respectively.

Yao et al. [22] proposed a method that gradually expands time scales for seizure/non-seizure
classification, thus extracting both temporal and spatial features. All 24 subjects were included
in the study, and 17 of them were used for analysis across 23 channels. They obtained the
features and performed classification through the Independently Recurrent Neural Network
(IndRNN) method. The train-test-validation ratios in the dataset were set to 70%, 15%, and
15% respectively. For the training set, the 10-fold cross-validation method was employed for
validation. The classification results using the IndRNN method were 87.30% for sensitivity and

87.00% for accuracy.



Singh et al. [23] used the spectral power of delta, theta, alpha, beta, and gamma bands as
features for early seizure prediction. Using data from 24 subjects and 23 channels, the
segmented data of 30-second intervals were classified as interictal/preictal using Long-Short
Term Memory (LSTM). The train-test ratio in the study's dataset was 90%-10%. Validation of
the train data was performed using the 10-fold cross-validation method. The highest success

rate achieved was 98.51% for sensitivity and 98.14% for accuracy.

Dash et al. [24] performed automatic seizure prediction using 18 EEG channels from 23
patients. Frequency-based features were extracted using wavelet transform after applying a
Butterworth filter to the data, and Katz fractal dimension was used as a feature selection method
after wavelet transform. The k-Nearest Neighbors (kNN) classifier was used for seizure/non-
seizure differentiation. Leave-one-out cross validation method was applied in this study. The
highest sensitivity value obtained from the classification was 99.56%, and the accuracy value

was 98.99%.

This thesis focuses on the early seizure prediction by analyzing a total of 185 seizures using
data from all 24 subjects through 18 channels, aiming to establish a subject-dependent
framework. To reduce noise originating from patients or external factors, AC noise, bandpass,
and Independent Component Analysis (ICA) filters were employed. Time and frequency-based
feature extraction was performed using the non-linear energy and wavelet transform methods,
respectively. After feature extraction, machine learning and deep learning techniques were
employed for classification. The best results were achieved using wavelet transform, with a
sensitivity of 95.30% and an accuracy of 95.30%. For the non-linear energy method, the

sensitivity was 96.66% and the accuracy was 96.60%.



3. MATERIALS AND METHODS

In this section, we present the available dataset, organization of EEG, pre-processing, and the
proposed solution method. Section 3.1 explains the arrangement of the dataset and assigning of
regions of the dataset. The pre-processing of the EEG data for feature extraction is described in
Section 3.2. Subsequently, in Section 3.3, feature extraction is performed using two different
methods. Finally, in Section 3.4, the classification of the extracted features is explained. In
Figure 3.1, the flow diagram of the applied steps is illustrated.

Arrangement of the Dataset Pre-processing Feature Extraction Classification Output

® EEG Recordings © Bandpass Filter @Waveleh ST WA
Transform
© Assigning Region of ® AC Line noise Filter ! I
Delta (5) tal
letal - Preictal - Interictal Delta (5
® Organizing of EEG Channels ® ICA Filter ®©Non-Linear } ‘ ;
Energy - ‘ 3 ¢ Learning

Figure 3.1. Flowchart of the study

3.1. Arrangement of the Dataset

The organization of the pre-processing phase of the dataset in this study was established to
ensure the applicability of our proposed solution method and to enable a reliable pre-processing
procedure. In order to pre-process the dataset and perform feature extraction, certain metrics
need to be examined and adjusted. These include the analysis of EEG recordings, identification
of their outputs (Ictal, Preictal, and Interictal), and lastly the adjustment of channel numbers in

the recordings to provide the implementation of the proposed method.

3.1.1. EEG recordings

In this study, the publicly available CHB-MIT database [11] was utilized. Collaboratively
established by the Massachusetts Institute of Technology (MIT) and Boston Children's Hospital
(CHB), the database consisted of 950 hours of raw EEG recordings performed at a sampling
frequency of 256Hz, according to the international 10-20 electrode placement system. Within
the 950-hour EEG dataset, there are a total of 680 recording files from various patients,
encompassing 185 cases of severe epileptic seizures (not controlled with seizure medications)

instances.



The cases were divided into consecutive 1-hour recordings, except for case10, which had 2-
hour recordings, and case(04, case06, case07, case09, and case23, which had 4-hour recordings.
The reason for dividing the files into segments is that processing a single file as a whole can be
challenging and slow on a computer. Table 3.1 presents the EEG recording durations, the

number of seizures, and the number of EEG files for each patient.

Table 3.1. Patient-based information of CHB-MIT EEG records

Case| Fof | #of | Rldings | case | FOT | ot L Redings
(hh:mm:ss) (hh:mm:ss)
01 42 7 39:28:07 14 26 8 24:12:10
02 36 3 34:46:01 15 40 20 36:20:02
03 38 7 36:55:05 16 19 10 16:01:59
04 42 4 155:28:57 17 21 3 20:00:24
0s 39 5 38:10:10 18 36 6 34:42:08
06 18 10 65:10:40 19 30 3 29:31:39
07 19 3 66:33:08 20 29 8 26:13:59
08 20 5 19:15:24 21 33 4 32:10:01
09 19 4 67:12:19 22 31 3 30:29:21
10 25 7 48:51:25 23 9 7 25:21:03
11 35 3 34:17:40 24 22 16 18:52:51
12 18 27 19:38:28
= “ > 105208 Total | 680 185 950:35:09

The dataset includes scalp EEG signals recorded from 23 pediatric patients 5 males aged 3-22
years, 17 females aged 1.5-19 years, and 1 patient with undisclosed gender and age.
Additionally, the case21 was recorded 1.5 years later from the same female subject (case01).
The gender and age information for the 24th case (case24), with undisclosed gender and age,
was added to this dataset later. The gender and age details of the patients are presented in Table

3.2.



Table 3.2. Age and gender information of patients in the CHB-MIT dataset

Case Gender Age || Case | Gender Age
01 F 11 13 F 3
02 M 11 14 F 9
03 F 14 15 M 16
04 M 22 16 F 7
05 F 7 17 F 12
06 F 1.5 18 F 18
07 F 14.5 19 F 19
08 M 3.5 20 F 6
09 F 10 21 F 13
10 M 3 22 F 9
11 F 12 23 F 6
12 F 2 24 - -

In order for the dataset to undergo preprocessing smoothly, EEG recordings need to go through
two stages. This is because there exists a channel mismatch in the raw EEG recordings, which
will be explained in detail later. Additionally, the identification of regions for classification
constitutes one of the building blocks of this study. Therefore, the processes to be carried out
are the "Assigning region of ictal, preictal, and interictal regions" followed by the

"Organizing of EEG channels."
3.1.2. Assigning of ictal, preictal, and interictal regions

In this section, in order to extract features from the dataset and enable a 3-class classification,
the detection of preictal and interictal regions is necessary, apart from the ictal activities.
However, before explaining how they are detected, a brief explanation of the terminology used
in these sections should be provided. Preictal refers to the activities that occur before the onset
of a seizure. Ictal represents the state during which the seizure occurs, from its beginning to its
end, while interictal denotes the normal brain activities that occur outside of these two states.
Records containing ictal activity and the start-stop times of the activity are explicitly indicated
within the patient recording folders. Figure 3.2 presents the information pertaining to the ictal

moment within the text files for subjects 01 and 12.

10



File Name: chbl2 38.edf
File Start Time: 83:11:84
File End Time: 4:11:84

File Name: chb8l 04.edf Mumber of Seizures in File: 5

File Start Time: 14:43+12 Seizure 1 Start Time: 1548 seconds

Eile End Tike: 154312 Se%zure 1 End Tim?: 1573 seconds

Niikhids BF Saivires iu BFalas % Se?zure 2 Start.Tlme: 2798 seconds

Seizure Start Time: 1467 seconds SE?ZUFE b Tlm?: 2521 -seconds

it ouresbod Tomes A0 srconbs Seizure 3 Start Time: 2966 seconds
Seizure 3 End Time: 38689 seconds
Seizure 4 Start Time: 3146 seconds
Seizure 4 End Time: 3281 seconds
Seizure 5 Start Time: 3364 seconds
Seizure 5 End Time: 3418 seconds

(a) (b)

Figure 3.2. (a) 4th file of the Ist patient presenting the start and end times of a single ictal
moment. (b) 38th file of the 12th patient presenting the start and end times of 5 ictal activities.

As seen in Figure 3.2, each file contains information regarding the number of seizures, the start-
stop times of the seizures, and the file duration. The segmentation process is based on setting
the length of each segment of EEG recordings to 1 second, considering a sampling frequency
of 256 Hz. Based on this information, ictal, preictal, and interictal periods were established

using the specified conditions, considering the start and end times of the ictal activities

Ictal-1 Ictal-2
A i A

Smin Space
Smin Space
Smin Space

Smin Space

Figure 3.3. Representation of Ictal, Preictal and Interictal parts on the timeline

A  The preictal time interval covers a specific period immediately

% before the ictal activity. This specific time ranges from a minimum

E of 15 minutes to a maximum of 60 minutes preceding the ictal

< ; : ; activity. The interictal interval, on the other hand, encompasses the

T time interval between two ictal activities, excluding the preictal
Should Greater > 20min

Figure 3.4. Representation periods and a 5-minute gap. The 5-minute gap areas in Figure 3.3

on the timeline that the are left intentionally to minimize the potential interference
preictal time is at least 15

minutes between ictal, preictal, and interictal regions.
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Ictal-2
A

Ictal-3

L

h

Preictal
Region

(less than 15min)

A

Less than < 20min

Figure 3.5. Combination of ictal cases

Y

Ictal-2 + Ictal-3
A

Smin Space

Preictal
Region
{15-60min)

Smin Space

r 3

Y

For the preictal region to exist in Figure 3.4, the recording duration should be at least 15

minutes. If there is no sufficient time interval for preictal recording between seizures (less than

15 minutes), those seizures are merged into a single seizure activity, and the intermediate period

is removed. This situation is illustrated in Figure 3.5. The duration of ictal, interictal, and

preictal periods within the dataset are provided in Table 3.3, as indicated by the configurations

mentioned above.

Table 3.3. Durations of the regions

Total duration of Instances (in seconds)

Case Interictal Preictal Ictal Total (hh:mm:ss)
01 120252 21386 449 39:28:07
02 114726 10260 175 34:46:01
03 113475 19021 409 36:55:05
04 546855 12500 382 155:28:57
05 119447 17400 563 38:10:10
06 200264 34123 253 65:10:40
07 228460 10800 328 66:33:08
08 51331 17069 924 19:15:24
09 227259 14400 280 67:12:19
10 150591 24840 454 48:51:25
11 113771 8880 809 34:17:40
12 40072 29620 1016 19:38:28
13 86281 24300 547 30:52:08
14 66011 20942 177 24:12:10
15 83052 45738 2012 36:20:02
16 42128 15497 94 16:01:59
17 62271 9457 296 20:00:24
18 110985 13620 323 34:42:08
19 95800 10260 239 29:31:39
20 75174 18963 302 26:13:59
21 103264 12334 203 32:10:01
22 98754 10800 207 30:29:21
23 71932 18900 431 25:21:03
24 30365 37079 527 18:52:51

Total 820:08:40 | 127:16:29 03:10:00 950:35:09

12



When examining the results in Table 3.3, it can be observed that 820 hours, corresponding to
86.27%, are labeled as interictal. This is followed by 127 hours, accounting for 13.38%, labeled
as preictal, and 3 hours, corresponding to 0.35%, labeled as ictal. These imbalanced ratios can
lead to misleading values when performing 3-class classification. However, we will explain the
solution to this issue with the details in Section 4, under the Results section. On the other hand,
by examining the durations on a patient basis, Sub04 (case04) has the longest duration, while

Sub16 (casel6) has the shortest duration.

3.1.3. Organizing of EEG Channels

In order to perform feature extraction from the records of 24 patients in the dataset, it is
necessary for the channel names in each case's matrix files to be aligned and have an equal
number of channels. Otherwise, comparing different channels with each other would not yield
accurate results. Within this study, it has been observed that the records in the dataset are not
consistent for each subject. Furthermore, it has been determined that the channel names change
over time in the EEG data. Thus, it is possible for the data from a specific channel to continue
through another channel after a certain time. To address this issue, our reference point is the
recording of when channel name changes occur during data acquisition. Therefore, the
identification of common channels and the removal of non-existent channels are necessary.
Additionally, if there has been a change in the order of channels, they are rearranged according
to the common ranking. Lastly, if there are any mismatched channels based on names, it is
necessary to remove the corresponding data from the entire dataset. Based on these records,

Table 3.4 clearly displays the number and names of raw dataset channels.
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In the Table 3.4, it can be noticed that there are empty channel names within each subject.
Additionally, in some cases, channel names have been changed or removed over time.
According to the records, a maximum of 6 channel changes have been made (on case-13). To
organize the channels systematically, the channel table with the least inclusiveness among the
cases has been taken as a reference. As a result, we can easily align the same channel names in
rows and conveniently remove non-shared channels. The removal of unnamed and non-shared
channels from the respective cases, based on the information from Table 3.4, is illustrated in
Table 3.5.

Table 3.5. Untitled and deleted non-common channels for all subjects

# of EEG
Case # of EEG Channels Untitled Deleted Channels
in Default Case Channel/Channels Channel/Channels After
Regulations
01 23 No Change No Change 23
02 23 No Change No Change 23
03 23 No Change No Change 23
04 23 | 24 No Change 24 23
05 23 No Change No Change 23
06 23 No Change No Change 23
07 23 No Change No Change 23
08 23 No Change No Change 23
09 23 | 24 No Change 24 23
10 23 No Change No Change 23
11 23 I 28 5,10,13,18,23 28 23
12 28 29* 29 5,10,13,18,23 29 23
13 |28]25] 22 ] 28 [22]28 5,10,13,18,23 25,22,28,22.28 18
14 28 5,10,13,18,23 No Change 23
15 31 36 For first order:5,10,13,18,23 36 18
For second order:5,10,14,19,24,30
16 28 22 5,10,13,18,23 22 18
17 28 22 5,10,13,18,23 22 18
18 22 28 5,10,13,18,23 28 18
19 22 28 5,10,13,18,23 28 18
20 28 5,10,13,18,23 No Change 23
21 28 5,10,13,18,23 No Change 23
22 28 5,10,13,18,23 No Change 23
23 23 No Change No Change 23
24 23 No Change No Change 23
The "*" sign in the 2nd channel order of Case-12 was deleted.
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According to the table above, there are no anonymous channels in Case-01, 02, 03, 05, 06, 07,
08, 10, 23, and 24 among the subjects. As the EEG data for these cases were recorded with
regular channel names, no intervention is required. Furthermore, the electrode placements
remained unchanged, and no additional channels were added throughout the recording. Thus,

the 23-channel EEG data were obtained from these cases.

In Case-14, 20, 21, and 22, the electrode placements remained unchanged throughout the
recording, and the data were recorded using regular channel names. However, in these cases,
anonymous channels (ch-5, 10, 13, 18, 23) were removed, resulting in obtaining a 23-channel

EEG data from these specified patients.

In Case-04, 09, 11, and 15, the electrode arrangement was changed once during the recording.
Case-04 and 09 did not have any anonymous channels. However, in these two cases, the
additional 24th channels labeled as "ECG" and "VNS" were removed, resulting in the creation

of'a 23-channel recording data.

In Case-11 and 15, anonymous channels (ch-5, 10, 13, 18, 23) and channels that did not match
with additional recordings were removed as indicated in the table. As a result, 23-channel
recording data was obtained from Case-11, while 18-channel recording data was obtained from

Case-15.

In Case-16, 17, 18, and 19, the electrode arrangement was changed once during the recording.
Additionally, these cases have common anonymous channels (ch-5, 10, 13, 18, 23) and
mismatched channels. When these two types of channels are removed, 18-channel regular EEG

data is obtained from these cases.

In Case-12, the electrode arrangement was changed four times during the recording. However,
the EEG channels in column first could not be explicitly matched with any other two channels
and were thus removed. The remaining two channels were selected as the channel reference,
considering their lower count and excess and anonymous channels were discarded. As a result,

23-channel regular EEG data was obtained.

In Case-13, the electrode arrangement was changed six times, thus this case represents the
highest number of channel configuration changes in the dataset. In this dataset, after removing

the anonymous channels and selecting one of the six channels with the minimum count as a
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reference, 18 channel regular EEG data was obtained. Subsequently, the EEG data to be
processed were standardized to have either 18 or 23 channels for each case. The files within the
dataset were adjusted to have the same channel names and lengths, making them ready for
further processing. Consequently, channel numbers were reduced to 18 to ensure that every

subject has the same channel configuration.
3.2. Pre-processing

During the recording of EEG data, both internal and external factors (noises) can affect the
quality of the recordings. These noises can originate from the recording device itself or from
the individual from whom the EEG data is recorded. As external factors, AC power lines
(electrical noise) mainly originating from the EEG device are often encountered. Internal
factors may include blinking, eye movements, heartbeat, and motion artifacts exhibited by the
patient during the recording [25]. In order to mitigate these noises, bandpass filtering, removal
of AC line noise, and finally, Independent Component Analysis (ICA) [26] have been employed

to filter out internal factors.

To apply these filters, we import the EEG data into the EEGLAB[27] program. EEGLAB is a
MATLAB toolbox distributed for processing data from electroencephalography (EEG),
magnetoencephalography, and other electrophysiological signals. Figure 3.6 displays the time-
domain plot of the 18 channels within the loaded EEG data. This raw data contains artifacts
such as blinking, eye movements, heartbeat, and noise originating from the EEG device.
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Figure 3.6. Visualization of the 18-channel EEG signals in EEGLAB
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3.2.1. Bandpass filter

A bandpass filter is used to isolate or filter specific frequencies within a certain range or band
[28]. It can be observed that the slowest oscillation from brain signals, the delta wave, ranges
from 0.5 to 4 Hz, while the highest oscillation, the gamma wave, ranges from 30 to 140 Hz.
Typically, when analyzing gamma waves, frequencies beyond 80 Hz are not extensively
required. However, epileptic seizures are often observed in the gamma band as they exhibit
high-frequency activity. Therefore, in order to encompass the entire range of brain signals in
this study, data is filtered using a high-pass filter at 0.1 Hz and a low-pass filter at 120 Hz,
which is a typical approach. The reason for starting the high-pass frequency at 0.1 Hz can be
explained as follows: Event-related potentials (ERPs) are recordings of the brain's generated
electrical field, which can involve any brain activity. As the cut-off frequency is increased, it is
observed ERP latencies and the components of ERP disappear [29]. However, at the cut-off
frequency of 0.1Hz, critical drops are observed in the indicated negative cases. Figure 3.7

illustrates the application of bandpass filtering to an EEG signal in our dataset.

Activity power spectrum
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Figure 3.7. The changes in 0.1 and 120 Hz parts after bandpass filtering is shown in the
power/frequency plot
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3.2.2. AC Line noise filter

AC line noise, also known as electrical line noise, is a sinusoidal oscillation observed in raw
EEG data at a frequency of 50/60 Hz. It is typically caused by the use of devices that operate
on alternating current as a power source [30]. For instance, in EEG recordings, any sudden and
noticeable changes at the 60 Hz point and its harmonics (120, 180, 240 Hz) are often referred
to as AC line noise. The standard electricity transmission type in the United States is
120V/60Hz, while in European countries it is 230V/50Hz. Since the EEG data in this study was
recorded in the United States, the line noise occurs at 60 Hz and its harmonics. In our dataset
with a sampling frequency of 256 Hz, the EEG recordings are shown between 0.1-120 Hz after
bandpass filtering. Therefore, the AC line noise, which we can easily observe within the
recordings, should be examined at 60 Hz. Figure 3.8 demonstrates a sample for the removal of

noise at 60 Hz in an EEG signal after bandpass filtering.

b. Cleaning Line Noise Activity power spectrum
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Figure 3.8. The filtered AC line noise at 60 Hz is shown in the yellow box

3.2.3. Independent Component Analysis (ICA)

EEG data is extremely sensitive to artifacts or extra noise from non-cerebral sources. While
these artifacts have frequency overlap with the original signal, noise signals cannot be
discriminated by filtering. In order to isolate artifacts and independent signals from the EEG
signal, a statistical technique known as "Independent Component Analysis (ICA)" is used [26].
There are a couple of key assumptions to ICA.
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Figure 3.9. Transforming mixed signals into independent components using ICA

The first one is independent components are statistically independent. Statistical independence
is typically defined as the joint distribution of two variables x and y being equal to the

probability distribution x times and probability of y (Equation 3.1).

p(x,y) =p(xX)p(y) (3.1

The second key assumption is that independent components are non-gaussian. Normally
gaussian method allows us to do a lot of rigorous analysis but this is one of the instances where
we need the independent components to be non-gaussian for discrimination of EEG signal to
work. The third key assumption is the number of inputs is equal to the number of outputs. Figure
3.9 above shows the separation of a single EEG signal from n-1 artifacts. Let s, (t) be a single
EEG source signal

and s,(t), ..., s, (t) be other EEG signal artifacts that are statistically independent, emitted by
the n channels. Recorded all signals are denoted by x, (t), ..., x,, (t), and can be expressed as a

linear equation in Equation 3.2:

X; = 2jQ;jSj = Q151 + A5y + Q383 + -+ A Sy (m=n=j) (3.2)
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Equation 3.2 explains that sample data x4, ..., x,,, are the linear combination of the » random
variables sy, ..., S, mixed where, i = 1,2, 3, ..., m is the signal index and a;4, a;3, @;3, ---, Qim

are the mixing coefficients. Equation 3.3 and 3.4 show matrix forms,

X1 S1 A1 0 Aim

x=|i|,s=]|i|,andA = : (3.3)
Xm Sn An1 ** Anm

The Equation 3.4 can be defined a vector-matrix notation,

x=As 3.4)

where the S matrix is a non-observable original source variable and is therefore called
independent components, A is a mixing matrix with elements a;;,i =1,2,..,nand j =
1,2, ...,m and x is a mixture of elements in a random vector. ICA removes the artifacts while
the recorded data and EEG data from each channel are preserved. On the other hand, the

estimated solution for s(t) is calculated as in Equation 3.5,

s= Alx =Wx (3.9)

where, W is demixing matrix. By maximizing the statistical independence of the predicted
components, ICA determines the independent components. Figure 3.10 shows the EEG signal

after ICA is applied to the data recording of an epilepsy patient as a sample.
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Figure 3.10. Applying ICA to EEG recording of an epilepsy patient
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The yellow box in Figure 3.10 represents the region of the seizure and it is clearly seen that
higher magnitudes due to the seizure appearance are preserved by ICA while the high-amplitude

artifacts in other areas have been removed.
3.3. Feature Extraction

In order to successfully classify EEG signals, it is necessary to obtain signal features. Features
are extracted by identifying the characteristic structures of EEG signals to differentiate them
from each other. The obtained features should be the ones that best distinguish between
different classes. Therefore, feature extraction is an important step in early seizure prediction
because the classification success relies on well-selected features [31-33]. In this section, two

different methods have been proposed for feature extraction from epileptic EEG signals.

3.3.1. Wavelet Transform (WT)

As a result of the evolution and advancements in signal processing techniques over time, the
methods for analyzing EEG signals have also adapted to these changes. EEG signals are not
composed of stationary and continuously repeating patterns; in other words, EEG signals are
non-stationary, characterized by the unpredictability of their timing, values, and behaviors.
Wavelet transform is a method employed for processing non-stationary signals such as EEG
[34-36].

In wavelet transform, the window sizes vary, being broad for low frequencies and narrow for
high frequencies. As a result, optimal time-frequency resolution can be achieved across all

frequency ranges as illustrated in Figure 3.11.

(c)

\ (a) % (b) \ | q
e W{/m \“\/M

Figure 3.11. Wavelet hovering over the EEG signal. Variation of (a), (b) and (¢) wavelets on
the same signal on low, medium and high frequency signals, respectively
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As can be seen in the figure above, the wavelet behavior is broad on low-frequency EEG
signals. As the frequency range of the EEG signal increases, it reaches narrower window sizes
(in the case of high frequency). Wavelet coefficients indicate details about the correlation
between wavelet and the EEG signal [37]. In this work, the mother wavelet is selected as Morlet
to calculate the spectrum for time-frequency analysis. Power spectrum in 5 frequency bands
(delta, theta, alpha, beta, and gamma) are achieved for each EEG channel. The Equation 3.6 is
utilized to extract the EEG features:

Fl = %f f|5,-(f, 0)|*drdf,
Tefi’t (3.6)

i€ (5,0,a,B,y), and j=(12,..,18)

where, Fij is the extracted feature of j* channel and i*"* sub-band and S i (f,t) is the wavelet

spectrum of the j'* channel from the EEG segment. Finally, the number of features for a
particular subject obtained was 90 (18 channels x 5 bands). The algorithms used in the
application of wavelet transform to the data are presented as Pseudocode-1 and Pseudocode-2

in Appendix-A. The experimental results are presented in Section 4.

3.3.2. Non-Linear Energy (NE)

Nonlinear Energy (NE) is a described in 1990 [15], proposing an algorithm for extracting time-
based features to calculate the "energy" of a signal and has been previously used as a method
for extracting time-based features from EEG signals [38-40]. The Equation 3.7 describes the
the method:

Let x,, represent the signal samples that indicate the oscillatory body's motion:
X, = Acos(n) + ¢) (3.7

where (1 is digital frequency in radian and 2 = 2rf where t is sampling frequency, ¢ is the
randomly initial phase. Considering that there are two parameters in (3.7), A and ¢ it can
obtain the values of these parameters from three samples of the signal x,,. For ease of use, it is
decided to assess three samples of x,, placed next to one another and evenly spaced apart. After
that, the signal values at these locations are provided by Equation 3.8:
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X, = Acos(On + ¢)
Xn—q = Acos((n— 12 + ¢) (3.9)
Xnt1 = Acos((n+ 12 + ¢)

Using trigonometric identity as a result it can be obtain in Equation 3.9:
A?sin?() =~ A%20? = x? — Xp41Xp-1 (3.9)

From the equation above it can be seen that when the sampling frequency is high, then the
nonlinear energy is directly proportionate to A202? as can be shown if a signal moves
harmonically with the oscillation frequency (2 and amplitude A. As a result, the higher nonlinear
energy values can be expressed as both shifted amplitude values and high frequency

oscillations. The final form of the system is given in Equation 3.10:

N 255

NECO = ) > @G N] =+ + 1)JG - L)]) (3.10)
j=1i=2
where “i” is the number of rows in “segment” for one channel which is 256 and “N” is the total
number of EEG channels. In Pseudocode-3, explains a function in the application of the Non-
linear Energy method to the data. The expressions used in Pseudocode-3 can be found in

Appendix-B.
3.4. Classification

The concept of classification involves the distribution of data into various predefined classes
within a dataset. Classification algorithms learn the distribution pattern from a given training
set and then attempt to correctly classify test data where the class is unknown [41,42]. The
labels, which indicate the assigned classes for the data in the dataset, are used for determining
the class of the data during both training and testing. Processing and analyzing large volumes
of data are facilitated by machine learning methods, with deep learning being a popular subfield
of machine learning [43-46]. Machine learning techniques aim to make predictions by finding
the most suitable model for new data based on past data. In this study, four machine learning,

namely the k-nearest neighbor (kNN), random forest (RF), support vector machine (SVM), and
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J48 algorithm (C4.5), and one deep learning algorithm, 1-Dimensional Convolutional Neural
Network (1D-CNN), were used to classify features extracted from EEG data. The classification
results are presented in Section 4. The parameters of KNN and SVM classifiers were obtained
using the commonly employed “Grid search™ approach [47-51]. The detailed explanation of
this technique is provided below.

3.4.1. Grid search technique

Grid search is utilized to obtain the optimal hyperparameters (adjustable parameters) of a model
to achieve the best possible outcome [52-54]. The process involves creating a grid of
hyperparameter values, training the model using each combination of these values, and
subsequently evaluating the results obtained. The objective is to identify the specific
combination of hyperparameter settings that yield the highest performance of the model on the
validation set. Grid search is of great importance for model performance and time savings as it
allows the selection of optimal hyperparameters. The objective here is to ensure that the
classifier parameters are as common as possible for all cases. Thus, in the "Test Results"
section in Section 4.2, the same parameters can be applied to patient data. For the database
utilized in this thesis, includes a significant imbalance in the distribution of ictal, preictal, and

interictal data, as observed in Table 3.3.

In order to enable a more effective and efficient performance of parameter grid search across
all subjects, a separate dataset was created by maintaining a balanced proportion of the
durations of these three classes from all subjects in the dataset. Due to the limited number of
available seizure (ictal) data across all subjects, all the seizure data were included. Afterwards,
preictal and interictal data were selected randomly for each subject, for a duration equal to the
ictal length. Therefore, these sampled data were aggregated from all subjects and merged into
a single matrix. The data generated for grid search, obtained randomly and in a balanced manner

from each subject, are presented in Table 3.6.

Table 3.6. Durations of ictal, preictal, and interictal instances used for grid search

Total duration of Instances (in seconds)

Case Interictal Preictal Ictal Total (hh:mm:ss)
All cases 11400 11400 11400 09:30:00
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A balanced dataset of 9 hours and 30 minutes is created by randomly extracting preictal and
interictal segments from all subjects, as there is a 3-hour and 10-minute ictal data available for
each subject. Thus, a total of 34,200 seconds of data is obtained, ensuring a balanced
distribution across the various segments. When considering the total duration, the 950-hour
EEG data from Table 3.3 has been reduced to 9 hours, resulting in a shrinkage of 1/55 ratio.
Thus, while finding optimal classifier parameters faster, a stable structure has been established
by including data from all subjects. In conclusion, this dataset was utilized to determine the

optimal parameters for all classifiers.

3.4.2. k-Nearest Neighbour (kNN)

The kNN algorithm is a machine learning algorithm that classifies a given data point based on
its proximity to previously observed data points. The main objective of kNN is to determine the
class to which a data point belongs by examining its features [55,56]. To learn the class of a
target data point, we look at its k nearest neighbors and assign the label based on the majority
class among its neighbors. Figure 3.12 demonstrates the classification process by considering
the three closest neighbors (k = 3) to the "x" symbol. In this example, for k = 3, the classification
result yields the purple-colored ball, and the class of the "x" mark is determined to be "purple

color". In this study, kNN has two fundamental parameters which are “A” and “distance

metrics”
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Figure 3.12. Enclosure of the three closest neighbors around the specified point within a circle

The data points to be classified are ranked using the distance between the data which is tested
and the training samples. Finally, labels of the majority of the closest k training samples are

used for making a decision. In this thesis, odd k values between I fo 50 (1,3,5,7....49) and
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Minkowski, Manhattan, and Euclidean distances [57], as values of the distance metric, are
utilized for grid search. The best parameters "k" and "distance metric" within kNN were
obtained using Pseudocode-4 in Appendix-C. After applying Pseudocode-4 to the dataset, the

most optimal parameter values and their comparisons are explained in Section 4.

3.4.3. Support Vector Machine (SVM)

Support Vector Machines (SVM) are commonly used supervised learning methods in
classification problems [58,59]. In order to classify objects, we represent each object as a point
in a multi-dimensional space with various features. These features are essentially the coordinates
of the point. The SVM (Support Vector Machine) classification technique aims to find a
hyperplane (a line in 2D or a plane in 3D) that effectively separates the two categories of objects.
The objective is to have all the points of one category on one side of the hyperplane and all points
of the other category on the other side. While there might be multiple hyperplanes that can
achieve this, SVM seeks to identify the one that maximizes the distance to the nearest points
from each category. This distance is known as the margin, and the points that lie exactly on the
margin are referred to as the supporting vectors. The SVM illustration is described in Figure

3.13.

Figure 3.13. The representation of the Support Vector Machine (SVM) algorithm on data

The black line used for classification in Figure 3.13 represents the hyperplane, while the
adjacent dashed lines are referred to as the decision boundaries. The distance between the
dashed lines provides us with the margin. In order to ensure the continuation of accurate
classification when new data is introduced to the dataset, the hyperplane that maximizes the
margin is preferred. Multiple hyperplanes can be drawn for a given dataset, but the one that

yields the widest margin is selected. In essence, a wide margin implies an increased separation
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between classes, thus the best discriminative line is chosen. On the other hand, since this study
involves a three-class classification, it is necessary to make modifications based on SVM. We
incorporate the One-vs-Rest (or One-vs-All) method as a modification. This method can be
used for creating a multiclass SVM classifier. Binary classification is performed by considering
one output as positive while treating the other two as negative, and this process continues until
it is applied to all outputs. As a result, the three different outputs are compared with each other
for classification. The SVM classifier comprises three fundamental parameters: "gamma", "C"
and "kernels". In our study, grid search was conducted using the values "linear", "polynomial"
and "radial basis function (RBF)" for the kernel, gamma values are “1, 0.1, 0.01, 0.001 and
0.0001” and C values are “0.1, 1, 10, 100 and 1000”. The idea behind the SVM is that it does
not actually need to know what each point is mapped to under non-linear transformation. The
only crucial thing that it needs to know how each point (x) compares to each other data points
(x") after applying nonlinear transformation. Mathematically this corresponds to taking inner

product f(x) and f(x"). And the quantity is called kernel function.

This formula is shown in Equation 3.11:

FOTf(x") :== k(x,x") wherethe “f” is function and “k” is the kernel. 3.11

Kernel parameters:

e Linear : Linear kernel gives a flat decision boundary (hyperplane). which is a simple
decision seperator. This is not good enough to seperate the data properly for our case. The

linear function and kernel equation are illustrated in Equation 3.12.

f(x)=x . k(o x) =xTx' 3.12

e Polynomial : Polynomial kernel takes into account the original features of our dataset just
like that linear kernel. On top of that it also considers their interaction. As a result, this
kernel gives a curved decision boundary. The function and kernel equation are shown in

Equation 3.13.

f(X) = (lex2!x1x21x12!x%) s k(x,x’) = (1 + xTxl)Z 3.13



e RBF: RBF kernel is one of the most widely used kernels due to its similarity to the Gaussian
distribution. Sometimes it is possible to give a kernel function for which is hard or even
impossible to find the corresponding transformation. This kernel has infinite dimensional
thus it is impossible to use directly in a computer program. But the kernel expression is
incredibly simple and it is shown in Equation 3.14. According to the formula we can change
the gamma parameter to make boundary smooth or rough. Low gamma values result in the
creation of a smooth boundary, whereas high values lead to the formation of a rough

boundary.
’ 2
f(x) = — (None) ,  k(x,x") = e"’“"'x | 3.14

Gamma parameter:

As mentioned in RBF, the variation of gamma values in the formula results in changes in the
decision boundary. These values should be given between 0 and 1. If the value approaches 0,
the decision boundary becomes flatter, while approaching 1 leads to a higher-degree curve.
Interpreting these values, a small gamma value implies that distant points are considered
similar, resulting in more outputs being grouped together and having fewer accurate decision
boundaries. On the other hand, a larger gamma value causes points to be closer to each other.

However, excessively large gamma values lead to overfitting.

C parameter:

This parameter manipulates the regularization rate applied to the data. Low C values indicate
that the generated model is more prone or tolerant to errors. Conversely, larger values of C

ensure a better fit of the model. However, high C values can lead to overfitting.

The grid search performed in Python to determine the optimal selection of the above parameters
is illustrated with Pseudocode-5 in Appendix-D. After applying Pseudocode-5, the most

optimal parameter values and their comparisons are explained in Section 4.



3.4.4. Random Forest (RF)

The random forest algorithm is one of the supervised classification algorithms that can be used
for both regression and classification problems [60]. The algorithm aims to improve the
classification performance by generating multiple decision trees. The RF algorithm creates
various models by training each decision tree on a different subset of observation examples and
combines them to form a classification. The process involves selecting the highest-scoring
outcome among the classification decision trees [61]. The model is shown in Figure 3.14. As
the number of trees increases, our chances of obtaining a precise outcome also increase. The
fundamental difference between the decision tree algorithm and the random forest algorithm

lies in the randomness of finding the root node and splitting the nodes in the random forest
N /| |
A /N

algorithm.

DECISION TREE-1 DECISION TREE-2 DECISION TREE-N
RESULT-1 RESULT-2 RESULT-N

|_>I AT ORITY VOTING | AVERAGING I<._J

FINAL RESULT

Figure 3.14. Random forest is a classifier that consists of multiple decision trees.

3.4.5. J48 Algorithm (C4.5)

J48, a widely used machine learning algorithm in the WEKA program, is an extension of the
ID3 algorithm [62]. It is an algorithm that generates a decision tree created by C4.5 (an
extension of ID3). The C4.5 tree is an enhanced version of the ID3 tree and is also known as a
statistical classifier. The main difference between the C4.5 tree and the ID3 tree is the use of
normalization. In the ID3 tree, entropy (or information gain) is calculated to determine the
decision points. In the C4.5 tree, entropy values are maintained as ratios. Additionally, it is

possible to move subtrees to different levels based on their access frequencies. Another
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difference in the C4.5 tree is the pruning process, which is not present in the ID3 approach. The
step-by-step process of these differences is as follows: at each step, all features are examined,
and the normalized information gain for each node in the decision tree, and then a sub-list is

feature is calculated. The feature that provides the highest information gain is moved to the
decision created under this new decision node (a subtree).

e e
AN N = N

Elder Subtrees / New Subtree E

-.“:‘

Frequently-Accessed =
Younger Subtree

Figure 3.15. The relocation of the tree with excessive information gain.

The two classifiers with the aforementioned decision tree algorithm infrastructure share almost
identical optimal parameters. The key distinguishing feature between them lies in the
mathematical calculation criterion. While random forest utilizes "entropy” as its calculation
criterion, J48 employs the "gini” criterion. The RF and J48 classifiers comprise three
fundamental parameters: "random states", "n estimators" and "max depth". The random
states values are “0, 50, 100”, the n estimators values are “64, 128, 256, 512” and the max
depth values are “4, 8, 16, 32”. Additionally, the grid search was conducted using the
parameters "entropy" and “gini" for the criterion. The following paragraph explains a brief

explanation of criterion and the roles of the parameters:

e Random states : The dataset is randomly split into training and test sets, ensuring different
splits each time. If a random state value is specified, it will consistently produce the same
split. This value must be a non-negative number and can be thought of as an identifier.
Therefore, the specific digits do not hold significant importance.

e n-estimators : The dataset is divided into n subsets, and decision trees are constructed from
each subset. During the splitting process, a complete separation (without replacement) does
not occur. In other words, the data present in subset a may also exist in subset b.

e max depth: The maximum depth of the resulting tree is determined, which represents the
number of rules to be initially examined in the decision tree. While the number of branches

a1
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is directly proportional to complexity, excessive values can lead to overfitting. For example,
if a clean (correct) rule is reached from a branch, there is no need to revisit that rule.

e criterion-entropy: Entropy is a measure of randomness in the information being processed.
The higher the entropy, the more difficult it is to derive outcomes from the given variable.

e criterion-gini: The Gini index can be described as a cost function used to evaluate the splits
in a dataset. It is calculated by subtracting the sum of the squares of probabilities for each
class from one. It favors larger subsets and is easy to implement, whereas information gain
supports smaller subsets with different values. Choosing a feature with a lower Gini index

is preferred.

In Pseudocode-6, a grid search is implemented to find the optimal parameter values for the two
classifiers mentioned above. The expressions used in Pseudocode-6 can be found in Appendix

E.

3.4.6. One Dimensional Convolutional Neural Network (1D-CNN)

Artificial neural networks aim to acquire learning and adaptation capabilities similar to the
human brain [63]. Deep Learning can be defined as an architecture that consists of multi-layer
artificial neural networks at each layer [64]. What sets Deep Learning apart from other artificial
intelligence and machine learning methods in the literature is its ability to handle data and
complex problems due to its numerous processing units. While other machine learning methods
require pre-given feature information to be provided to the system, deep learning extracts
features on its own. Due to its complex architecture and extensive computational capabilities,
artificial neural networks require hardware with high computing power. This need is met by
utilizing Graphics Processing Units (GPUs) in computers. Despite the long-standing use of
artificial intelligence and machine learning methods, the powerful and concurrent computation
achieved by GPU processing, coupled with the ability of artificial neural networks to process
large volumes of data, has distinguished deep learning from other methods. Numerous studies
have been conducted in the literature using deep learning, including image processing, signal
processing, natural language processing, healthcare diagnostic systems, pattern recognition,
robotics, biomedical applications, finance, advertising, SEO search engine optimizations,

autonomous vehicle systems, etc.



In this study, a deep learning algorithm called a Convolutional Neural Network (CNN or
ConvNet) was employed [65-68]. If we consider each input in a CNN architecture as a neuron,
it can be likened to the frontal lobe of the brain, which is responsible for processing visual
stimuli. This analogy treats the visual field as a whole rather than fragmented pieces. Figure

3.16 illustrates the general form of the CNN algorithm.

Fully
Connected
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Figure 3.16. General view of CNN algorithm

3.4.6.1.  The dimensions of the CNN

CNN algorithm is known for producing good performance results in image processing, and it
is extensively used in signal processing [69-73]. The CNN architecture is classified
dimensionally as 1D-CNN, 2D-CNN, and 3D-CNN. The dimension of the architecture is
influenced by the number of directions in which the kernel in the convolutional layer can move.
EEG signals, sound, and text data are graphically recorded over time and magnitude. Hence, it
is understood that the kernel can only move in the temporal direction (1 dimension). Some
studies in the literature that involve EEG data have classified their features using the 1D-CNN
algorithm [74-77]. In this study, features extracted from EEG data using wavelet transform and
non-linear energy methods were classified using 1D-CNN. Figure 3.17 represents the 1D-CNN,
2D-CNN, and 3D-CNN kernels. The part (a) represents EEG data. The one-dimensional kernel
in this case covers all the channels specified in the rows and moves only along the time
dimension. The kernel gathers information from the channels at each advancement step.
Similarly, part (b) represents image data. Here, there is a two-dimensional kernel movement,

and the depth of 3 units represents the RGB colors, which are the fundamental building blocks



of the image, namely "Red," "Green," and "Blue." In part (c¢), a matrix is depicted where images

are stacked together. This can represent a video or an ultrasound matrix.

kernel

ch-1
ch-2
ch-3

seconds ————>

(a) (b) (©)

Figure 3.17. Representation of the Conv1D, 2D and 3D data with their kernels. (a) In Conv1D,
kernel slides along one dimension. (b) While Conv2D kernel slides along two dimensions, (c)
Conv3D kernel slides along three dimensions

3.4.6.2.  Activation functions

Right after taking signal data or an image as input, each layer of the neural network is generally
passed through an activation function. Activation functions are required to introduce non-linear
real-world characteristics to artificial neural networks (Figure 3.18). Without applying an
activation function, the output signal would be a simple linear function. Linear functions are
only first-degree polynomials. Functions that have multiple degrees are referred to as non-linear
functions. Artificial neural networks are designed as universal function approximators and are
expected to work towards this goal. This means they should be able to compute and learn any
function. Non-linear activation functions enable networks to have stronger learning capabilities.
A neural network without an activation function will exhibit limited learning power, behaving
more like a linear regression. However, in our study, we aim to teach our neural networks to
learn non-linear data. This is because complex real-world information, such as EEG data, will
be provided to the constructed neural network for learning. Multi-layer deep neural networks

can thus learn meaningful features from the data.
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Figure 3.18. Demonstration of an activation function in Neural Networks Architecture

Activation functions directly impact the accuracy of a deep learning network because they
provide access to changing the designated coefficients and weights within the network. The
fundamental operation is to determine whether a neuron (or information) should be activated
or not [78]. During the prediction process, deciding the importance of a neuron's input to the
network enhances algorithm performance (generating a feature map that increases network
stability) and filters out irrelevant information, preventing data clutter. In this study, the "ReLU"

and "Softmax" activation functions utilized have been briefly described.

3.4.6.2.a. RelL U (Rectified Linear Unit) activation function

This function is one of the most commonly used activation function in deep learning by
researchers worldwide. It takes values in the range of ReLU [0, +oo) (Figure 3.19). Let's
consider a large neural network with many neurons. Sigmoid and Hyperbolic Tangent were
causing almost all neurons to fire/activate in a similar manner. This dense activation requires a
significant computational load. Sparse activation, where only some neurons are active, is
desired for efficient computation. ReLLU helps achieve this [79,80]. The fact that it takes the
value of 0 in the negative axis also implies that the network will run faster. The reduced
computational load compared to sigmoid and hyperbolic tangent functions has made ReLU
preferable in deep networks. However, the problem arises from the fact that the derivative of
the zero region, which contributes to the computational speed, is also zero, indicating that

learning does not occur in that region.



1.0

[ ReLU

B Derivative 0 for z<0

Function  fy(z) = {1 for >0

—t—t—t—t 3

! 0 for z<0
Derivative fo(z) = {1 ;or z>0

-1.0

Figure 3.19. Visual illustration of the ReL U activation function and its derivative

3.4.6.2.b. Softmax function

It has a structure very similar to the sigmoid function. The most important difference is that it
is particularly preferred in the output layer of deep learning models, especially in cases where
more than two classes need to be classified [81]. It ensures the determination of the probability
of the input belonging to a specific class by generating values in the range of 0-1. In other

words, it enables a probabilistic interpretation.

3.4.6.3.  The intuition of the 1D-CNN

ConvNet is a sequence of layers. Each layer of a ConvNet transformation is the activation of
another through a differentiable function. A CNN contains three layers: a “Convolutional
Layer”, a “Pooling Layer” and a “Fully Connected (FC)” layer, respectively. The complexity
of'the CNN increases from the first layer to the last layer. Because of this increased complexity,
CNN can analyze layer parts and more complex features of the image until it successfully

recognizes the entire object.

3.4.6.3.a. Convolutional layer

Most of the computations in CNN, which is known as the foundational layer, take place in this
layer. This layer contains a filter or kernel that moves along the signal, checking for the presence
of a feature [82,83]. In this way, the kernel scans the entire signal by repetition. After each
iteration, a feature map is obtained by taking the dot product of the values in the filter with the

corresponding region of the image. Consequently, the CNN interprets the signal based on this
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newly generated map (matrix). To gain a better understanding of these layers, an example was
presented using the information of subject-01 (case-01) from the dataset employed in the study.
As a result of the wavelet transform applied to Case-01, a matrix of dimensions 142000x90x1

was obtained, representing the extracted features.

In this study, the data was passed through “one input”, “three hidden” and “one output” 1D-
CNN layers. In the first convolutional layer, a 5x5 kernel was applied 90 times. The stride (each
step) of 1 units, while the padding was set to 0. Based on this parameteres the formula of
volume of size: F=5,P =0 W, =90, H, = 142000 and S = 1. Hence, after applying the Equation
3.15-16.

Hy—F +2P

Floor ( 5

+ 1) = Floor(141996) = 141996 3.15

Floor = Floor(86) = 86 3.16

W, —F+2P
(F—=—Y)
The activation size in the subsequent layer of the network will be [141996x86x90]. The value
of 90 in the dimension corresponds to the number of filters. This situation is visualized and

explained in Figure 3.20.

F=5

S=1

P=0
Input Signal 90 filters

> Conv

-
layer 1

142000x90x1 141996x86x90

Figure 3.20. Conversion of [142000x90x1] a matrix to [141996x86x90] an activation after
convolutional layer



3.4.6.3.b.  Pooling Layer

This layer is used between consecutive convolutional layers. It reduces the number of weights
and computations, thereby decreasing the computational complexity. Although this reduces the
number of parameters and may result in some information loss, it improves the efficiency of
the CNN and helps control overfitting. The filters used in this layer operate on average or
maximum values [84,85]. The most common form for pooling filter 2x2 with a stride of 2 down-
samples is used. Based on these parameters the formula of volume of size: F =2, W, =86, H,

=141996 and S = 2. Hence, after applying the Equation 3.17-18.

H
Floor( : 4 1) = Floor(70998) = 70998 317

w, 3.18

Floor( + 1) = Floor(43) = 43

After the application of the pooling layer, the size of the data has become [70998x43x90]. This

situation is illustrated and explained in Figure 3.21.

F=5 F=2
S=1 §=2
P=0 P=0
Input Signal 90 filters A Bitors
Conv i
> ' > Pooling
layer 1 layer 1
(Input-2)
142000x90x1 141996x86x90 70998x43x90

Figure 3.21. Conversion of [141996x86x90] a matrix to [70998x43x90] an activation after
pooling layer

3.4.6.3.c. Fully Connected (FC) Layer

This layer, known as the fully connected layer, is the final part in CNN where the classification
process takes place based on the extracted features, producing the output [86]. As the name
"fully connected" implies, it is a one-dimensional array where all nodes are connected to the
activation nodes of the next layer. Figure 3.22 illustrates the stages of all layers with softmax.
Finally, after creating a long vector, the softmax function predicted the final output. Thus,

accuracy results were obtained by comparing the outputs from a single vector (Section 4).
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Figure 3.22. General view of the ID-CNN with 1 input, 3 hidden and 1 output layers for WT



3.4.6.4.  The creation of the model

The preparation of the 1D-CNN model in this section can be achieved based on the
aforementioned headings. Some of the parameters used in the model construction were obtained
through grid search. These parameters represent the best values obtained from the grid search.
The grid search results for these parameters are tabulated in Section 4. The WT and NE model

summaries are designed with the best parameters is illustrated in Figure 3.23 and Figure 3.24

respctively.

convld input | mput: | [(None, 90, 1)]

InputLayer | output: | [(None, 90, 1)]

max_poolingld 2 | input | (None, 18, 15)

¥ MaxPoolingl D output: | (None, 9, 15)
couvld | input: (MNone, 90, 1)
ConvlD | output: | (None, 86, 90) L
flatten | input: | (None, 9, 15)
¥ Flatten | output: [ (None, 135)
max_poolingld | input: | (None, 86, 90)
MaxPoolinglD | output: | (Noue, 43, 90) Y

dense | input: | (None, 135)
Denge | output: | (None, 90)

convld 1 | input: | (None, 43, 90)

ConvlD | output: | (None, 41, 45) L 4
dropout | input: | (None, 90)

v Dropout | output: | (None, 90)
max_poolingld 1 | input: | (None, 41, 45)

MaxPoolingl D output: | (MNone, 20, 45) y
dense 1 | input: | (None, 90)

v Dense | output: | (None, 4)
convld 2 | input: | (None, 20, 45)

ConvlD | outpuf: | (None, 18, 15)

Figure 3.23. Model summary of the WT

convld input | input: | [(None, 18, 1)] flatten | input: | (Nome, 7, 45)
InputLayer output: | [(None, 18, 1)] Flatten | output: | (None, 315)
convld | input: | (None. 18, 1) denze | input: | (None, 315)
ConvlD | output: | (None, 16, 90) Dense | output: | (None. 90)
convld 1 | mput: | (None, 16, 90) dropout | input: | (None, 90)
ConvlD | output: | (None, 14, 45) Dropout | output: | (None, 90)
Y
max_poolingld | input: | (None, 14, 45) dense 1 | input: | (None, 90)
MaxPoolinglD | output: [ (Noue, 7, 45) Dense | output: | (None, 4)

Figure 3.24. Model summary of the NE
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For the WT model, after the Input layer, it has been passed through three hidden layers as
depicted in Figure 3.22 and 3.23. The Input layer and two of the hidden layers employ 1D-
CNN, while the final hidden layer is followed by a classical neural network (ANN) layer with
90 filters. The following parameters have been applied to the hidden layers:

For the input part:

e Convolutional layer: F =5, S =1, P = 0 and number of filters is 90.
e Pooling layer: F=2,S=2and P=0

For the first hidden part:

e Convolutional layer: F =3, S =1, P = 0 and number of filters is 45.
e Poolinglayer: F=2,S=2and P=0

For the second hidden part:

e Convolutional layer: F =3, S =1 and P = (0. and number of filters is 15
e Poolinglayer: F=2,S=2and P=0

For the third hidden part:

e ANN with 90 filters

For the NE model, after the Input layer, it has been passed through two hidden layers as shown
in Figure 3.24. The Input layer and one of the hidden layers utilize 1D-CNN, while the other
hidden layer is followed by a classical neural network (ANN) layer with 90 filters. The

following parameters have been applied to the hidden layers:

For the input part:
e Convolutional layer: F =3, S =1, P = 0 and number of filters is 90.
For the first hidden part:

e Convolutional layer: F =3, S =1, P = 0 and number of filters is 45.
e Pooling layer: F=2,S=2and P=0

For the second hidden part:

e ANN with 90 filters




When examination of the above models, the input shape in the first layer indicates the number
of columns and the depth of the data, independent of the number of rows. Since the initial EEG
data is initially two-dimensional, but the CNN operates in a three-dimensional manner, the
value should be specified as [rows, columns, 1]. Each layer consists of parameters such as the
number of filters, kernel size, stride, and activation function. While WT has the number of
filters is set as 90 in the first layer, 45 in the second layer, and 15 in the final layer, NE has the
number of filters is set as 90 and 45 in the final layer. As this value increases, the depth of the
data also increases. The choice of 90 filters in the first layer corresponds to the [channel x brain
wave] count obtained from the wavelet transform. Similar parameters (Figure 3.24) are obtained
for non-linear energy features and the model is slightly different, but the filter values remain
the same. For all layers, the values are [15, 45, 90] for the wavelet transform and [45, 90] for
the non-linear energy. The number of channels does not necessarily have to be the same as the
number of filters. As previously mentioned, the depth of the network is represented by the
number of layers. It has been observed that applying 90 filters instead of 18 filters for NE yields
greater benefits. Kernel is used as 3x3 and 5x5 in our models. Generally, 1x1 kernel size aims
to reduce the number of channels, which is not preferred. On the other hand, kernels such as
2x2 and 4x4 are not suitable for dividing symmetrically the previous layer pixels around the
output pixel. For this reason, 3x3 or 5x5 are generally used. It is possible to utilize larger kernel
sizes; however, due to the increase in processing time associated with enlarging the kernel size,
a 5x5 and 3x3 kernels have been employed in WT and NE models. The strides, which refer to
the kernel steps, should generally be smaller than the kernel size. Therefore, in this model a
stride of 1 unit has been deemed suitable. The pooling sizes remained as 2x2 for both
transformations. The activation function ReLU (mentioned in Section 3.4.6.2.a), was applied
in each 1D-CNN layers for both models. In the models, dropout was applied before softmax
activation function. This process involves randomly dropping out (eliminating) a certain
percentage of neurons in the neural network, preventing overfitting, and improving
performance. The values given to dropout range from 0 to 1. A value of 0 represents the least
amount of dropout, while a value of 1 represents the maximum dropout rate. In this study,
dropout was set to 0.5. The activation function of the classifier in the final layer was set to
softmax in order to classify 3 class (interictal, preictal and ictal). The optimizer parameter

enables the use of optimization algorithms to improve the weight values. In this study, the
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Adaptive Moment Estimation (adam) algorithm was used, which dynamically updates the
learning rate for each parameter in real time. The loss parameter calculates the difference
between the obtained values and the true values after each training iteration. Categorical cross-
entropy (CCE), based on the concept of entropy, is a measure of the difference between multi
probability distributions for a given set of random variables or events. Mean square error (MSE)
and mean absolute error (MAE) were used as the loss function or cost function. Generally, MSE
tends to develop a model that reduces the impact of outliers. However, MAE can be used to
obtain more interpretable values. In Section 4.1.5, the CCE loss function, which was found to
be the most successful through grid search, has been employed for two models. The metrics
parameter performs an evaluation process after each epoch during the training stage to assess
the results. The commonly used metric accuracy is applied to examine the performance of the

model.

In the next step, the model needs to be fitted in order to train the generated training values. Prior
to applying the fit method, the dimensions of the data have been modified to [100 x segment x
90]. This allows for easier separation of the data into train-test and train-validation sets. In this
study, the dataset has been set to an 80% train and 20% test ratio. For the 80% of data allocated
for training, 10-fold cross-validation has been applied. Figure 3.25 shows a visual

representation of the train-test and train-validation splits.

100% 80% - 20% 72% - 8%

‘Train-Test Validation e
split split

J

-
10 Fold
Cross Validation

Test

Figure 3.25. Train-test and train-validation split
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The fit method enables the model to be trained through validation. Within this method, a grid
search has been conducted (Section 4.1.5) on the values of two fundamental parameters that
affect the classification outcome: batch size and epochs. The batch size parameter allows input
data to be processed in groups rather than individually during training or testing. Batch size
values were tested as 32, 64, 128, 256, and 512. The given values can be adjusted based on the
success of the network. The epochs parameter is used to specify how many times the dataset
will be fed into the model. The epoch number was tested as 5, 10, 20, and 50 for each validation
(since 10-fold cross-validation was used during model fitting, these values were represented as

50, 100, 200, and 500 in the tables and figures).

The given values can be adjusted based on the success of the network. Setting a very high value
for this parameter can lead to drawbacks in certain cases, such as increasing the processing time
or causing the accuracy rates to become unrealistic after a certain point, turning the learning

process into memorization.

The 10-fold cross-validation approach was used for performance evaluation. This approach
uses a train set that is split into 10 parts at random. One part of each fold is utilized for
validating, while the combination of the remaining parts is used for training. To validate each
part, this procedure is performed ten times, and the total accuracy is determined by averaging
all of the values. Through validation, the data is trained without overfitting, ensuring that the

trained model learns effectively. Consequently, the trained model becomes ready for testing.

In the final stage, after going through the training and validation processes, the data can be
predicted using the predict method with the trained model. In this phase, the trained model
predicts on a test set that is unseen by the model, revealing the extent to which the data has been
successfully trained. Subsequently, various evaluation metrics have been utilized to observe the

results. The comparison values are presented in the result tables (Section 4.1.5).
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4. RESULTS AND DISCUSSIONS

In this section, the classification results of feature values using machine learning and deep
learning methods are presented and analyzed. Each classifier's result is accompanied by two
subheadings: "Grid search results" and "Test results". Grid search results indicate the optimal
values of the parameters used in the classifiers. The test results show the final outcomes after

applying the optimal parameters to the EEG features in each case.

nn

Results include four fundamental evaluation metrics: "accuracy", "F1 score", "precision" and
"recall". These metrics are calculated using two average computation parameters: "weighted"
and "macro" (unweighted), which are also utilized in the tables. The formulas and parameters

of the evaluation metrics are briefly specified below.

Evaluation metrics:

e Accuracy(acc :% (4.1)

o Precision = — (4.2)
TP+FP

o Recall = —= (4.3)
TP+FN

2*«Presicion*Recall
o Flscore= 4.4)

Presicion+Recall

Metric parameters:

e  Macro (unweighted) average = It is one of the most basic averaging methods. It is
calculated by taking the arithmetic average of all values per class. In essence, regardless
of the data distribution, it treats all classes equally.

o Weighted average = The average of all values per class is calculated by evaluating the
support of each class. The term "support" refers to the ratio obtained by dividing the
number of instances belonging to the specific class in the dataset by the total number of

instances.

where true-positive (TP) is the number of correctly labeled all states (ictal, preictal, and

interictal), false-positive (FP) denotes the number of non-ictal (or non-preictal and non-
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interictal), states falsely classified as ictal (or preictal and non-interictal), false-negative (FIN)
is the number of ictal (or preictal and interictal) states which are classified as preictal or
interictal (vice versa for preictal and interictal) and k represents the total number of samples on
each subject EEG data. In the study, since a 3-class classification was performed, the conditions

apply to both preictal and interictal parts.
4.1. Grid search Results

In this section, the best classifier parameters obtained through grid search are selected.
Furthermore, the dataset used in this section is Table 3.6, which includes samples from all the
data, as specified in Section 3.4.1. Fach classifier has obtained separate results based on the

WT and NE feature extraction methods.

4.1.1. Optimal kNN parameters for WT and NE features

In order to find the best parameters for kNN classifier, 25 values for k parameter and 3 distance
metrics were used in grid search as discussed in Section 3.4.2. Tables 4.1 and 4.2, show the
parameter values for top 10 accuracies obtained by grid search for WT and NE features

respectively.

GridSearch Results
T
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Figure 4.2. The accuracy values with respect to parameter k for different distance metrics for

NE

As observed in Figures 4.1 and 4.2, an increase in the value of k resulted in a decrease in the

success rate regardless of the distance metrics. The Manhattan distance metric demonstrated

noticeably higher accuracy values compared to the others. In Figure 4.1, Minkowski and

Euclidean metrics resulted in comparable accuracies, while in Figure 4.2, the Minkowski metric

had a lower accuracy value compared to the Euclidean metric.

Table 4.1. Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation kNN for WT.

4 Distal}ce . k Accuracy Fl.score F1 score Prtfcision Precision Recall Recall
metrics neighbors weighted macro weighted macro weighted | macro
1 | manhattan 5 0.965 0.963 0.885 0.966 0.963 0.965 0.844
2 manhattan 1 0.964 0.963 0.901 0.964 0.947 0.964 0.870
3 manhattan 3 0.963 0.961 0.891 0.963 0.954 0.963 0.854
4 manhattan 7 0.963 0.960 0.872 0.964 0.969 0.963 0.826
5 manhattan 9 0.963 0.959 0.870 0.964 0.973 0.963 0.823
6 manhattan 11 0.959 0.955 0.850 0.960 0.966 0.959 0.803
7 manhattan 13 0.958 0.954 0.845 0.959 0.968 0.958 0.797
8 manhattan 15 0.956 0.951 0.836 0.957 0.963 0.956 0.789
9 manhattan 17 0.954 0.948 0.826 0.955 0.961 0.954 0.780
10 | manhattan 19 0.952 0.946 0.821 0.954 0.963 0.952 0.775
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Table 4.2. Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation kNN for NE.

" Distal.lce ) k Accuracy Fl.score F1 score Prefcision Precision Recall Recall
metrics neighbors weighted macro weighted macro weighted | macro
1 | manhattan 1 0.998 0.998 0.996 0.998 0.995 0.998 0.998
2 manhattan 3 0.997 0.997 0.996 0.997 0.995 0.997 0.997
3 manhattan 5 0.996 0.996 0.994 0.996 0.994 0.996 0.994
4 manhattan 7 0.996 0.996 0.993 0.996 0.994 0.996 0.993
5 manhattan 9 0.995 0.995 0.992 0.995 0.993 0.995 0.992
6 manhattan 11 0.994 0.994 0.992 0.994 0.993 0.994 0.990
7 manhattan 13 0.993 0.993 0.990 0.993 0.992 0.993 0.987
8 | minkowski 1 0.993 0.993 0.987 0.993 0.985 0.993 0.988
9 euclidean 1 0.993 0.993 0.987 0.993 0.985 0.993 0.988
10 | manhattan 15 0.992 0.992 0.986 0.993 0.991 0.992 0.982

Table 4.1 and 4.2 show the top 10 accuracy values and corresponding optimal kNN parameters,
which were selected based on the average of 10-fold cross-validation, for WT and NE
respectively. Best value of 0.965 accuracy is obtained when "5 neighbors (k=5)" using the
"manhattan" distance metric are used for WT features. On the other hand, the best value of
0.998 accuracy is achieved with the parameters "manhattan" distance metric and "1 neighbor
(k=1)" for NE features. It is worth to note that, in Table 4.1, the Manhattan distance metric
appears as the best for all 10 results. In Table 4.2, "minkowski" ranked 8th, while "euclidean"
ranked 9th. The evaluation metrics in both tables yielded similar and successful results.

Consequently, the parameters to be applied for all subjects are as follows:

e For WT: Distance metric: Manhattan, k neighbors: 5§

e For NE: Distance metric: Manhattan, k neighbors: 1

4.1.2. Optimal SVM parameters for WT and NE features

As discussed in Section 3.4.3, we utilized the parameters such as "C (0.1, 1, 10, 100 and 1000)",
"gamma (1, 0.1, 0.01, 0.001 and 0.0001)" and kernel types including "linear", "polynomial"
and "rbf" the SVM classifier. Therefore, 75 results were obtained. After applying these
parameters to the SVM classifier, the top 10 results for WT and NE features were determined

and presented in Tables 4.3 and 4.4, respectively.
50



Table 4.3. Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation SVM for WT.

# C Gamma | Kernel | Accuracy Fl.score F1 score Pr(.ecision Precision Rfecall Recall

weighted macro weighted macro weighted macro
1 1000 1 rbf 0.936 0.936 0.897 0.937 0.926 0.936 0.876
2 100 1 rbf 0.915 0.914 0.849 0.916 0.909 0.915 0.814
3 1000 0.1 rbf 0.902 0.900 0.830 0.904 0.894 0.902 0.795
4 1000 1 linear 0.891 0.889 0.812 0.890 0.856 0.891 0.785
5 1000 0.0001 linear 0.891 0.889 0.812 0.890 0.856 0.891 0.785
6 1000 0.001 linear 0.891 0.889 0.812 0.890 0.856 0.891 0.785
7 1000 0.01 linear 0.891 0.889 0.812 0.890 0.856 0.891 0.785
8 1000 0.1 linear 0.891 0.889 0.812 0.890 0.856 0.891 0.785
9 100 0.001 linear 0.876 0.870 0.735 0.875 0.827 0.876 0.704
10 100 0.01 linear 0.876 0.870 0.735 0.875 0.827 0.876 0.704

Table 4.4 Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation SVM for NE.

# C Gamma | Kernel | Accuracy Fliscore F1 score Pre.cision Precision Recall Recall

weighted macro weighted macro weighted macro
1 1000 1 rbf 0.835 0.826 0.679 0.841 0.834 0.835 0.648
2 1000 1 linear 0.807 0.795 0.611 0.817 0.775 0.807 0.596
3 1000 0.0001 linear 0.807 0.795 0.611 0.817 0.775 0.807 0.596
4 1000 0.001 linear 0.807 0.795 0.611 0.817 0.775 0.807 0.596
5 1000 0.01 linear 0.807 0.795 0.611 0.817 0.775 0.807 0.596
6 1000 0.1 linear 0.807 0.795 0.611 0.817 0.775 0.807 0.596
7 100 1 rbf 0.801 0.788 0.595 0.812 0.771 0.801 0.585
8 1000 0.1 rbf 0.789 0.774 0.572 0.801 0.736 0.789 0.569
9 100 0.0001 linear 0.777 0.760 0.547 0.785 0.653 0.777 0.552
10 100 0.01 linear 0.777 0.760 0.547 0.785 0.653 0.777 0.552

Table 4.3 shows the best parameter values with an accuracy value of 0.936 was obtained with
C = 1000, gamma = 1, and the rbf kernel. Table 4.4 shows the best parameters for NE features,
parameters’ values resulting with the best accuracy remained the same, but a lower success rate
of 0.835 was observed. Additionally, in both tables, the polynomial parameter, represented as
the kernel type, did not appear among the successful 10 results out of the 75 possible

combinations. Therefore, the parameters to be used in all subjects are as follows:

e For both WT and NE: Kernel type: rbf, gamma: I, C: 1000
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4.1.3. Optimal RF parameters for WT and NE features

As discussed in Section 3.4.4, we utilized the parameters such as "random state (0, 50 and
100)", "n estimator (64, 128, 256 and 512)" and "max depth (4, 8, 16 and 32)" the RF
classifier. After applying these parameters to the RF classifier, the best 10 results out of the 48

combinations tested for WT and NE features were presented in Tables 4.5 and 4.6, respectively.

Table 4.5. Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation RF for WT.

# Rgndom n Maximum Accuracy Fl.score scl:)lre Pn?cision Precision Recall Recall

tate estimators depth weighted macro weighted macro weighted | macro
1 50 512 32 0.984 0.983 0.953 0.984 0.989 0.984 0.925
2 100 512 32 0.984 0.983 0.952 0.984 0.989 0.984 0.924
3 50 256 16 0.984 0.983 0.952 0.984 0.989 0.984 0.925
4 100 512 16 0.984 0.983 0.952 0.984 0.989 0.984 0.925
5 0 512 32 0.984 0.983 0.952 0.984 0.989 0.984 0.924
6 0 256 16 0.984 0.983 0.950 0.984 0.989 0.984 0.922
7 50 256 32 0.984 0.983 0.951 0.984 0.989 0.984 0.923
8 0 256 32 0.984 0.983 0.950 0.984 0.989 0.984 0.921
9 50 128 16 0.984 0.983 0.949 0.984 0.989 0.984 0.920
10 0 512 16 0.984 0.983 0.950 0.984 0.989 0.984 0.922

Table 4.6. Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation RF for NE.

4 Random n Maximum Accuracy Fl.score scl:)lre Prgcision Precision R.ecall Recall

State estimators depth weighted macro weighted macro weighted macro
1 0 512 32 0.995 0.995 0.989 0.995 0.995 0.995 0.984
2 100 512 16 0.995 0.995 0.990 0.995 0.995 0.995 0.985
3 100 256 16 0.995 0.995 0.989 0.995 0.996 0.995 0.983
4 100 128 16 0.995 0.995 0.990 0.995 0.996 0.995 0.985
5 50 256 32 0.994 0.994 0.988 0.994 0.995 0.994 0.981
6 100 128 32 0.994 0.994 0.989 0.995 0.995 0.994 0.983
7 100 512 32 0.994 0.994 0.988 0.994 0.995 0.994 0.982
8 50 256 16 0.994 0.994 0.987 0.994 0.995 0.994 0.980
9 0 512 16 0.994 0.994 0.988 0.994 0.995 0.994 0.982
10 0 256 32 0.994 0.994 0.988 0.994 0.995 0.994 0.982
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Tables 4.5 and 4.6 shows that, it was observed that the top 10 parameters in both tables yielded
very close results. Therefore, it can be inferred that parameter changes would not result in
significant variations across the entire dataset. When examining the best parameter values in
Table 4.5, an accuracy value of 0.984 was obtained with "random state = 50." "n estimators =
512" and "max depth = 32." For Table 4.6, except for the random state, the parameters
remained the same, and a higher success rate of 0.995 was observed. The higher values of n
estimators in both tables indicate that the tree is more complex and requires more "branches"
or "depth" for its computations. Therefore, the parameters that need to be applied to all subjects

are as follows:

e For WT: random state: 50, n estimators: 5712, maximum depth: 32

e For NE: random state: 0, n estimators: 572, maximum depth: 32

4.1.4. Optimal J48 parameters for WT and NE features

As discussed in Section 3.4.5, we utilized the J48 classifier employs the same parameters as the
RF classifier used in the previous section. The only difference lies in the calculation methods.
While RF utilizes entropy calculation to generate decision trees, J48 designs decision trees
using the gini index. After applying these parameters to the J48 classifier, the best 10 results
out of the 48 combinations tested for WT and NE features are presented in Tables 4.7 and 4.8,

respectively.

Table 4.7. Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation J48 for WT.

# Random n Maximum Accuracy Fl.score sclj)lre Prgcision Precision Recall Recall

State estimator depth weighted macro weighted macro weighted | macro
1 100 512 32 0.983 0.982 0.946 0.983 0.988 0.983 0.915
2 100 128 32 0.983 0.982 0.945 0.983 0.988 0.983 0.914
3 100 256 32 0.982 0.981 0.944 0.983 0.988 0.982 0.913
4 0 512 32 0.982 0.981 0.943 0.982 0.988 0.982 0.911
5 50 512 32 0.982 0.981 0.941 0.982 0.987 0.982 0.908
6 100 512 16 0.982 0.981 0.939 0.982 0.987 0.982 0.905
7 100 64 32 0.981 0.980 0.936 0.982 0.987 0.981 0.901
8 0 256 32 0.981 0.980 0.939 0.981 0.987 0.981 0.906
9 50 128 16 0.981 0.980 0.934 0.981 0.987 0.981 0.899
10 100 256 16 0.981 0.980 0.939 0.981 0.987 0.981 0.905




Table 4.8. Top 10 accuracies and corresponding parameters based on the average of 10-fold
cross-validation J48 for NE.

# Random n Maximum Accuracy Fl'score scl:)Ire Prgcision Precision Recall Recall

State estimator depth weighted macro weighted macro weighted macro
1 0 256 32 0.995 0.995 0.989 0.995 0.995 0.995 0.984
2 0 128 32 0.994 0.994 0.988 0.994 0.995 0.994 0.982
3 50 512 32 0.994 0.994 0.988 0.994 0.995 0.994 0.980
4 0 512 32 0.994 0.994 0.988 0.994 0.994 0.994 0.981
5 50 256 32 0.994 0.994 0.986 0.994 0.994 0.994 0.979
6 50 128 32 0.994 0.994 0.987 0.994 0.995 0.994 0.979
7 100 512 32 0.994 0.994 0.986 0.994 0.994 0.994 0.979
8 100 128 32 0.994 0.994 0.987 0.994 0.994 0.994 0.980
9 100 64 32 0.994 0.994 0.985 0.994 0.994 0.994 0.977
10 0 64 32 0.994 0.994 0.986 0.994 0.994 0.994 0.978

In Table 4.7, the most successful result obtained from the optimal parameters is an accuracy
value of 0.983 for "random state = 100", "n estimators = 512" and "max depth = 32".
Additionally, the evaluation metrics closely follow each other in terms of values. The lowest
accuracy value in the most successful result is "recall macro = 0.915". In Table 4.8, the best
result is achieved for "random state = 0," "n estimators = 256," and "max depth = 32." with an
accuracy value of 0.995. This result signifies an increase compared to Table 4.7, albeit slight.
The highest results in the NE category in the RF section's table (Table 4.6) align with the most
successful result in Table 4.8. However, Table 4.8 achieves the same ratio with less complexity

(fewer estimators). As a result, the parameter values to be used in all cases are as follows:

e For WT: random state: 100, n estimators: 512, maximum depth: 32

e For NE: random state: 0, n estimators: 256, maximum depth: 32

4.1.5. Optimal 1D-CNN parameters for WT and NE features

In Section 3.4.6.4, attempts were made to find optimal values through three different parameters
tested within the model. The first parameter is the loss functions used to calculate the error
during the model formation (CCE, MSE, and MAE), while the second and third parameters are
the batch size and epoch number used for fitting the model. Batch size values were tested as 32,
64, 128, 256, and 512, while the epoch number was tested as 5, 10, 20, and 50 for each
validation (since 10-fold cross-validation was used during model fitting, these values were
represented as 50, 100, 200, and 500 in the tables and figures). The grid search method was
applied to find the optimal values. Initially, appropriate epoch and batch size values were

54



determined using the model created with the default CCE loss function. Then, the three loss
functions were tested. Figures 4.3 and 4.4 illustrate the combination-based accuracy results
obtained for WT and NE, based on the epoch and batch size values derived using the CCE loss
function. Tables 4.9 and 4.10 display the top 10 accuracy results for the three 1D-CNN model

parameters (batch size, epoch, loss function) for WT and NE, respectively.
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The first notable observation from the above figures is that increasing the epoch value has had
a positive impact on the results for WT and NE. As the epoch value increases, the accuracy
values reach a saturation point after a certain threshold. Beyond this point, further increasing
the epoch value does not significantly affect the results. This phenomenon was observed
between epochs 200 and 500. 1t indicates that the training data has reached a saturation point
and the model starts to memorize the data. When the batch size is varied with a fixed epoch
value, it was observed that decreasing the batch size positively contributes to the accuracy
values for both figures. However, as the epoch value increases, the batch size values tend to

converge toward each other.

Table 4.9. The top 10 parameters selected results based on 1D-CNN for WT

4 LOS§ Batch Evochs | Accur F1score | F1score | Precision | Precision Recall Recall

function size pochs ceuracy weighted macro | weighted macro | weighted | macro
1 CCE 32 200 0.878 0.878 0.878 0.878 0.878 0.878 0.878
2 CCE 32 500 0.876 0.876 0.876 0.876 0.876 0.876 0.876
3 CCE 64 500 0.869 0.869 0.869 0.869 0.869 0.869 0.869
4 CCE 64 200 0.867 0.867 0.867 0.867 0.867 0.867 0.867
5 CCE 64 100 0.866 0.866 0.866 0.866 0.866 0.866 0.866
6 CCE 32 100 0.864 0.865 0.865 0.865 0.866 0.864 0.865
7 MSE 128 500 0.863 0.863 0.863 0.864 0.864 0.863 0.863
8 MSE 256 500 0.862 0.862 0.862 0.862 0.862 0.862 0.862
9 MSE 128 100 0.852 0.853 0.853 0.853 0.854 0.852 0.852
10 MSE 32 50 0.847 0.847 0.847 0.848 0.848 0.847 0.847
CCE: “categorical cross entropy”, MSE: “mean square error”

Table 4.10. The top 10 parameters selected results based on 1D-CNN for NE.

4 LOS§ Ba,tch Epochs | Accurac Fl.score F1 score Pre.cision Precision Recall Recall

function size P y weighted macro weighted macro weighted | macro
1 CCE 256 200 0.891 0.890 0.891 0.891 0.891 0.891 0.891
2 CCE 32 200 0.887 0.887 0.887 0.887 0.887 0.887 0.887
3 CCE 256 500 0.886 0.886 0.886 0.887 0.887 0.886 0.887
4 CCE 128 100 0.883 0.882 0.882 0.883 0.883 0.883 0.883
5 MSE 64 500 0.879 0.879 0.879 0.880 0.880 0.879 0.880
6 CCE 64 100 0.877 0.877 0.877 0.878 0.878 0.877 0.878
7 MSE 32 100 0.877 0.877 0.877 0.877 0.877 0.877 0.877
8 MSE 128 200 0.872 0.872 0.872 0.873 0.873 0.872 0.873
9 MSE 128 500 0.871 0.871 0.871 0.871 0.871 0.871 0.871
10 MSE 64 200 0.861 0.861 0.862 0.864 0.865 0.861 0.861
CCE: “categorical cross entropy”, MSE: “mean square error”
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The results presented in Tables 4.9 and 4.10 show the top 10 values obtained through the applied
parameters. When examining the loss function parameter, the MAE function could not be
included in the top 10 for both tables. On the other hand, although CCE shows similar values
to the MSE loss function, it has the highest values. When examining the batch size, the value
of 32 stands out for WT. Moreover, as shown in Figures 4.3 and 4.4, there is almost no
significant difference between the epochs of 200 and 500 with the same batch size (32). When
the batch size parameter was examined in the NE table, the value of 256 emerged as the
prominent choice, followed by 32 as the second most successful value. For the WT table, the
best values were obtained when the CCE loss function was used, with a batch size of 32 and an
epoch of 200, resulting in a value of 0.878. On the other hand, for the NE table, a value of 0.891
was achieved when the CCE loss function was used with a batch size of 256 and an epoch of
200. When comparing the two tables, NE had a slight advantage with the best value. However,
it should be noted that these values are limited to the data obtained from all subjects, and they
may vary when applied to the entire subject data. As a result, the parameter values to be used

in all cases are as follows:

e For WT: loss function: CCE, batch size: 32, # of epochs: 200
e For NE: loss function: CCE, batch size: 256, # of epochs: 200

Below, the output of accuracy and error values obtained from the best parameters for WT and
NE in Figures 4.5 and 4.6, respectively, is provided. Additionally, the behavior of the loss
functions in terms of accuracy is demonstrated for the best batch size and epoch values. Upon
analyzing the below figures, it can be observed that the optimal batch size and epoch values
were applied. Examining the model accuracy results, it can be seen that the data, which was
sufficiently trained, reached saturation at the 200th. epoch. The WT model showed a rapid
recovery after the 20th epoch, as observed from the results of the Categorical Cross-Entropy
(CCE) loss function. On the other hand, the NE model reached stability after the 40th epoch.
Regarding the loss function, CCE had the highest value for both figures. Although MSE
performed well in both cases, it did not surpass the CCE values. Finally, the MAE yielded
inadequate results for WT, while it achieved a significantly higher accuracy rate for NE. The
results obtained from the grid search for 1D-CNN appear promising. However, the final

decision can be made after applying these parameters to the subject data.
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4.2. Test Results

The best parameters obtained through the grid search technique on the balanced dataset were

applied to the subject data from the imbalanced dataset.

4.2.1. Machine learning classifiers (KNN, SVM, RF and J48) results for WT and NE

The optimal machine learning classifier parameters obtained in the grid search phase was

applied to both the WT and NE features.

Table 4.11. Weighted and unweighted accuracy results for WT

Unweighted (Macro) Accuracy Weighted Accuracy
Case | kNN [ Randomf g | sym | case | anw [ REndOm g | svm
01 91.35% 75.11% 86.33% | 97.50% 01 99.78% 99.56% 99.23% | 99.95%
02 86.94% 75.711% 83.44% | 96.88% 02 99.74% 99.74% 99.28% | 99.97%
03 85.94% 75.31% 84.02% | 97.35% 03 99.49% 99.60% 98.99% | 99.95%
04 90.41% 70.86% 75.62% | 93.85% 04 99.77% 99.69% 99.54% | 99.95%
05 80.61% 90.48% 89.96% | 99.43% 05 96.54% 99.71% 99.33% | 99.98%
06 92.08% 68.40% 75.47% | 79.30% 06 99.89% 98.49% 98.68% | 99.86%
07 93.02% 76.84% 84.34% | 98.31% 07 99.74% 99.81% 99.53% | 99.98%
08 91.51% 95.76% 94.72% | 99.65% 08 99.03% 99.74% 98.75% | 99.96%
09 92.36% 72.19% 79.18% | 91.17% 09 99.97% 99.83% 99.63% | 99.97%
10 94.33% 82.30% 84.12% | 95.40% 10 99.46% 99.54% 98.46% | 99.86%
11 93.31% 92.97% 92.75% | 99.51% 11 99.50% 99.64% 99.05% | 99.97%
12 94.57% 89.04% 90.21% | 96.59% 12 99.37% 99.19% 97.69% | 99.66%
13 90.35% 84.69% 88.70% | 93.60% 13 97.78% 97.84% 98.04% | 99.74%
14 89.43% 80.13% 83.49% | 90.18% 14 99.91% 99.79% 99.35% | 99.90%
15 94.85% 94.15% 90.82% | 97.51% 15 98.38% 99.50% 97.88% | 99.71%
16 89.59% 69.15% 75.44% | 82.87% 16 99.82% 97.97% 98.16% | 99.79%
17 99.73% 84.34% 86.98% | 98.78% 17 99.91% 99.63% 99.16% | 99.94%
18 89.29% 80.46% 83.85% | 96.89% 18 99.60% 99.64% 99.22% | 99.93%
19 95.76% 77.43% 81.89% | 93.79% 19 99.90% 99.61% 99.33% | 99.89%
20 86.69% 77.11% 89.10% | 97.62% 20 99.69% 99.67% 99.51% | 99.93%
21 89.50% 72.92% 80.07% | 94.23% 21 99.76% 99.60% 99.12% | 99.96%
22 94.58% 84.60% 89.37% | 99.67% 22 99.77% 99.84% 99.35% | 100.00%
23 89.29% 76.77% 81.44% | 98.11% 23 99.32% 98.79% 97.62% | 99.93%
24 95.00% 75.54% 79.16% | 93.11% 24 99.79% 99.04% 96.71% | 99.76%
Average | 91.27% 80.09% 84.60% | 95.05% | Average | 99.41% 99.39% 98.82% | 99.87%
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In this part, frequency-based features were extracted using Wavelet Transform. kNN, RF, SVM,
and J48 classifiers were used to calculate the 3-class classification accuracy. The results
obtained are shown in Table 4.11, which shows weighted and unweighted average accuracies.
The unweighted average accuracy is known as the arithmetic mean, which treats all recall
values equally without considering the sample numbers. The weighted average accuracy is
produced by multiplying each component by a coefficient favoring the values for classes with

a higher number of samples.

Table 4.11 shows that the weighted average results are close to each other for all patients. The
highest average accuracy value belongs to SVM with 99.87%. This accuracy value is followed
by kNN, RF, and J48 with values of 99.41%, 99.39%, and 98.82% respectively. It is worth
noting that individual accuracies are above 96% for all results. Examining the unweighted
average accuracies, the results have quite a wide range compared to weighted average recall.
The highest average accuracy is obtained by SVM as 95.05%. The average accuracy results for
kNN, J48, and RF are 91.26%, 84.61%, and 80.09% respectively.

When the table is analyzed on a per-subject basis, the lowest accuracy values are as follows:
RF (68.43%), J48 (75.47%), SVM (79.30%), and kNN (80.06%). The highest accuracy values,
in decreasing order, are: kNN (99.77%), SVM (99.67%), RF (95.77%), and J48 (94.70%). The
remarkable difference in values and ranges for weighted and unweighted accuracies is due to
the uneven distribution of samples in classes. Since the area occupied by the ictal data, as shown
in Table 3.3, on the whole dataset is very small (0.35%), the margin of error factor of ictals in
the weighted average recall table is ineffective compared to preictal and interictal. For this
reason, weighted average accuracy values are much higher than the unweighted accuracy
values. The unweighted average accuracy is used to justify this problem for unevenly
distributed classes. In this way, the ictal classification accuracies are reflected in average results
more accurately. Another point to be noted is that, although the age range is very high (from an

18-month-old baby to a young person at 22 years old) the accuracy results are very promising.

The recall, precision, and F1 scores of WT in the classification results are presented in Tables

4.12,4.13, and 4.14, respectively.
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When examining the recall results in Table 4.12, the classifier that best distinguishes ictal true
positive (TP) data from false positive (FP) data is SVM with a value of 0.885. It is followed by
0.762 (kNN), 0.581 (J48), and 0.428 (RF). In this case, RF and J48 algorithms perform poorly
for the ictal class. On the other hand, all classifiers achieve successful results with an average

of at least 0.964 for preictal and 0.993 for interictal.

Examining the precision results in Table 4.13, the classifier that best distinguishes ictal TP data
from false negative (FN) data is SVM with a value of 0.997. It is followed by 0.988 (kNN),
0.952 (RF) and 0.672 (J48). The J48 algorithm falls behind the other three classifiers for the

ictal class.

When examining the preictal and interictal results, the best precision value is achieved by SVM
with 0.998 for preictal and 0.999 for interictal. The precision values for interictal and preictal
are also close to the SVM results for the other classifiers (for preictal: kKNN: 0.984, RF: 0.992,
and J48: 0.969 / for interictal: KNN: 0.996, RF: 0.995, and J48: 0.992).

Analyzing the F1 score results in Table 4.14, balancing precision and recall are controlled. The
classifier that best separates the ictal data is SVM with a value of 0.912. It is followed by 0.842
(kNN), 0.622 (J48) and 0.565 (RF). J48 and RF could assume fail to perform well for the ictal
class. On the other hand, all classifiers achieve successful results with at least 0.962 (J48) for

interictal and 0.981 (kNN) for preictal on average.

When examining the three tables, SVM achieves the best average results for the ictal class.
Similarly, when calculating preictal and interictal outputs, SVM outperforms the other three

classifiers. This indicates that the accuracy of the SVM classifier is not random.

After the WT classification results, the features obtained from NE, which were determined to
be successful in Section 4.1, are tabulated by applying the best machine learning parameters.

Table 4.15 provides the weighted and unweighted (macro) results for all subjects.
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Table 4.15.. Weighted and unweighted accuracy results for NE

Unweighted (Macro) Accuracy Weighted Accuracy
Case | N [ Randomf g ) svm | case | ww [ Random o)y SVM
01 98.85% 94.73% 88.50% | 96.16% 01 99.93% 99.88% 99.49% 99.90%
02 98.37% 90.48% 88.49% | 96.09% 02 99.88% 99.91% 99.61% 99.96%
03 95.94% 88.77% 85.71% | 99.40% 03 99.88% 99.83% 99.41% 99.95%
04 96.04% 80.44% 80.35% | 96.23% 04 99.92% 99.85% 99.73% 99.90%
05 98.55% 95.32% 91.46% | 99.17% 05 99.91% 99.90% 99.58% 99.94%
06 94.27% 80.29% 79.96% | 95.45% 06 99.67% 99.65% 98.74% 99.83%
07 99.36% 91.57% 90.34% | 99.80% 07 99.95% 99.94% 99.74% 100.00%
08 99.28% 98.71% 96.21% | 99.49% 08 99.77% 99.89% 99.26% 99.94%
09 97.61% 77.89% 79.44% | 98.74% 09 99.95% 99.89% 99.74% 99.93%
10 97.56% 91.87% 87.90% | 98.54% 10 99.87% 99.84% 99.26% 99.96%
11 98.25% 96.22% 95.54% | 99.24% 11 99.87% 99.80% 99.42% 99.98%
12 98.22% 95.50% 92.12% | 98.77% 12 99.73% 99.63% 98.55% 99.88%
13 98.39% 94.54% 92.09% | 99.16% 13 99.70% 99.73% 98.69% 99.83%
14 94.88% 88.30% 88.09% | 99.05% 14 99.93% 99.89% 99.66% 99.98%
15 97.26% 95.72% 90.06% | 98.11% 15 99.42% 99.61% 98.10% 99.77%
16 90.35% 72.48% 78.85% | 93.14% 16 99.47% 99.67% 98.83% 99.86%
17 97.31% 96.26% 92.97% | 98.21% 17 99.77% 99.89% 99.56% 99.93%
18 95.80% 93.99% 89.18% | 97.55% 18 99.84% 99.87% 99.52% 99.79%
19 95.19% 85.17% 85.59% | 98.69% 19 99.87% 99.80% 99.60% 99.93%
20 98.71% 93.17% 91.41% | 99.19% 20 99.93% 99.87% 99.64% 99.96%
21 96.49% 84.80% 82.37% | 97.99% 21 99.94% 99.89% 99.42% 99.98%
22 98.04% 97.48% 95.36% | 98.81% 22 99.89% 99.95% 99.68% 99.97%
23 94.27% 91.56% 87.96% | 63.44% 23 99.67% 99.79% 98.98% 99.66%
24 96.19% 85.31% 84.35% | 97.92% 24 99.61% 99.46% 98.12% 99.80%
Average | 96.48% 90.02% 88.10% | 96.60% | Average | 99.81% 99.81% 99.26% 99.90%

In this part, time-based features were extracted using Non-linear energy. kNN, RF, SVM, and
J48 classifiers were used to calculate the 3-class classification accuracy. The highest average
accuracy value belongs to SVM with 99.90%. This accuracy value is followed by kNN, RF,
and J48 with values of 99.81%, 99.81%, and 98.26% respectively. Examining the unweighted
average accuracies, the results have small range compared to weighted average recall. The
highest average accuracy is obtained by kNN as 96.48%. The average accuracy results for SVM,
RF, and J48 are 96.60%, 90.02%, and 88.10% respectively. When the table is analyzed on a
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SVM (63.44%), J48 (78.85%), RF

(72.48%), and kNN (94.27%). The highest accuracy values, in decreasing order, are

(99.80%), SVM (99.80%), RF (98.71%), and J48 (96.21%). The recall

per-subject basis, the lowest accuracy values are as follows

kNN

,and F1 scores

, precision

of NE in the classification results are presented in Tables 4.16, 4.17, and 4.18, respectively.
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When examining the recall results in Table 4.16, the best classifier for identifying the ictal class
is SVM with a value of 0.944. 1t is followed by 0.913 (kNN), 0.708 (RF), and 0.669 (J48).
Comparing the recall values of WT and NE, the most successful classifiers are the same, but
NE achieves a higher result (SVM had a recall of 0.855 in WT). When looking at the preictal
values, the highest recall is 0.994, achieved by ANN. Similarly, for interictal, a value of 0.999
is obtained using ANN.

In Table 4.17, examining the precision results reveals that RF achieves the highest precision
value of 0.999 for the ictal class, which is different from the previous results. The WT precision
value for the ictal class is 0.997 with SVM. For preictal, both S¥M and RF have a precision
value of 0.998. In interictal, this value is 0.999 for both kNN and SVM.

When analyzing the F1 score results in Table 4.18, SVM has the highest score of 0.965 for the
ictal class. In the WT table, SVM also has the highest score of 0.912. Overall, although there is
a small difference, NE achieves a more successful result for the ictal class. Comparing preictal
values, kNN and RF yield a score of 0.995, which is lower than the WT result of 0.998. In the
last part, when considering interictal, SVM achieves a value of 0.999, which matches the WT
result. When examining the three tables, SVM has found the best average result for the ictal

class.

Comparing the WT and NE results in Tables 4.11 and 4.15, it can be observed that the classifiers
generally yield similar values, but SVM stands out with a noticeable difference among machine
learning algorithms. Additionally, SVM demonstrates a dominant success in detecting the ictal

class.

4.2.2. Deep learning classifier (1D-CNN) results for WT and NE

In this section, the best 1D-CNN parameters found in Section 4.1.5 were applied to all subjects
with WT and NE features, and the results were analyzed. The WT results are shown in Tables
4.19 and 4.20, while the NE results are presented in Tables 4.21 and 4.22.
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Table 4.19. Weighted and unweighted accuracy, precision, recall and Flscore 1D-CNN results
for WT

Cases Accuracy Balanced Pre.cision Precision Recall Recall Fl.score F1 score

accuracy weighted macro weighted macro weighted macro

01 0.993 0.985 0.993 0.981 0.993 0.986 0.992 0.986
02 0.995 0.993 0.993 0.989 0.994 0.946 0.993 0.968
03 0.992 0.995 1.000 0.995 0.990 0.930 0.989 0.960
04 0.995 0.997 0.989 0.987 0.990 0.907 0.989 0.948
05 0.997 0.995 0.997 0.995 0.997 0.982 0.997 0.989
06 0.978 0.991 0.998 0.992 0.978 0.928 0.977 0.957
07 0.997 0.994 0.997 0.994 0.997 0.931 0.997 0.960
08 0.996 0.988 0.996 0.988 0.996 0.979 0.996 0.983
09 0.998 0.984 0.998 0.965 0.991 0.964 0.998 0.974
10 0.995 0.987 0.995 0.983 0.995 0.983 0.995 0.985
11 0.996 0.997 0.996 0.997 0.996 0.943 0.996 0.969
12 0.993 0.986 0.993 0.986 0.993 0.948 0.993 0.966
13 0.992 0.983 0.992 0.983 0.992 0.923 0.992 0.950
14 0.998 0.998 0.998 0.998 0.998 0.969 0.998 0.983
15 0.991 0.979 0.991 0.979 0.991 0.943 0.991 0.960
16 0.995 0.976 0.994 0912 0.995 0.941 0.994 0.957
17 0.998 0.992 0.998 0.992 0.998 0.951 0.998 0.970
18 0.997 0.989 0.997 0.989 0.997 0.923 0.997 0.953
19 0.997 0.998 0.997 0.998 0.997 0.961 0.997 0.979
20 0.997 0.987 0.997 0.987 0.997 0.929 0.997 0.955
21 0.997 0.992 0.997 0.989 0.997 0.968 0.997 0.980
22 0.998 0.998 0.998 0.998 0.998 0.958 0.998 0.977
23 0.994 0.985 0.994 0.982 0.994 0.985 0.994 0.985
24 0.991 0.988 0.991 0.982 0.991 0.988 0.991 0.988
Average 0.995 0.953 0.995 0.985 0.994 0.953 0.994 0.970

This section presents the results obtained from the 1D-CNN classification of WT features.
When applied to all subjects, the average accuracy value is 0.995. The average balanced
(unweighted) accuracy value is 0.953. The convergence of weighted and unweighted accuracy
values indicates the successful classification of the ictal outputs. Table 4.20 provides a more
detailed explanation of the three-class classification. Particularly noteworthy is that the F1

score, precision, and recall results are all above 0.970.
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Table 4.20.. Precision, recall and Flscore results from 3-class classification 1D-CNN (Ictal,

preictal and interictal) for WT

Cases Recall Precision F1 score

Interictal | Preictal Ictal Interictal Preictal Ictal Interictal | Preictal Ictal

01 0.997 0.994 0.967 0.992 0.997 0.967 0.994 0.996 0.967
02 0.999 0.960 0.879 0.996 0.982 1.000 0.997 0.971 0.935
03 0.999 0.955 0.835 0.992 0.992 1.000 0.996 0.973 0.910
04 1.000 0.802 0918 0.995 0.997 1.000 0.998 0.889 0.957
05 1.000 0.982 0.966 0.997 0.998 0.991 0.998 0.990 0.978
06 1.000 0.858 0.927 0.976 0.997 1.000 0.988 0.922 0.962
07 1.000 0.964 0.829 1.000 0.982 1.000 1.000 0.973 0.906
08 0.999 0.992 0.945 0.998 0.994 0.972 0.998 0.993 0.958
09 1.000 0.982 0.911 0.999 0.998 0.953 0.999 0.990 0.932
10 0.999 0.979 0.970 0.996 0.994 0.970 0.998 0.986 0.970
11 1.000 0.960 0.871 0.996 0.994 1.000 0.998 0.977 0.931
12 0.995 0.994 0.854 0.995 0.990 0.973 0.995 0.992 0.910
13 0.994 0.988 0.787 0.997 0.976 0.977 0.995 0.982 0.872
14 0.999 0.997 0911 0.999 0.995 1.000 0.999 0.996 0.953
15 0.996 0.987 0.847 0.991 0.991 0.955 0.994 0.989 0.898
16 0.997 0.992 0.833 0.997 0.992 0.938 0.997 0.992 0.882
17 0.999 0.993 0.860 0.998 0.996 0.980 0.999 0.995 0.916
18 0.999 0.982 0.789 0.997 0.993 0.978 0.998 0.987 0.874
19 1.000 0.981 0.903 0.998 0.997 1.000 0.999 0.989 0.949
20 1.000 0.988 0.800 0.996 0.999 0.966 0.998 0.993 0.875
21 1.000 0.983 0.922 0.998 0.999 0.979 0.999 0.991 0.949
22 1.000 0.990 0.886 0.999 0.996 1.000 0.999 0.993 0.939
23 0.995 0.994 0.964 0.998 0.981 0.976 0.997 0.988 0.970
24 0.993 0.996 0.975 0.995 0.994 0.975 0.994 0.995 0.975
Average 0.998 0.971 0.889 0.996 0.993 0.981 0.997 0.981 0.932

The above table provides recall, precision, and F1 score results that allow us to easily observe
the balanced distribution of data obtained from the confusion matrix. According to these results,

all three classifications have achieved success starting from 0.971 for interictal and preictal

values. When examining the ictal class, the recall, precision, and F1 score are 0.889, 0.981,

and 0.932, respectively. The lowest ictal result based on recall is observed as 0. 787 for Subject-

13, while the highest ictal result is 0.975 for Subject-24.
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Table 4.21. Weighted and unweighted accuracy, precision, recall and F1 score 1D-CNN
results for NE

Cases Weighted Balanced Prefcision Precision Recall Recall Fl'score F1 score

accuracy accuracy | weighted macro weighted macro weighted macro

01 0.994 0.778 0.994 0.963 0.994 0.778 0.993 0.831
02 0.995 0.726 0.995 0.992 0.995 0.726 0.995 0.774
03 0.993 0.732 0.992 0.822 0.993 0.732 0.992 0.760
04 0.986 0.490 0.986 0.991 0.986 0.490 0.983 0.562
05 0.993 0.810 0.993 0.973 0.993 0.810 0.993 0.865
06 0.986 0.695 0.985 0.987 0.986 0.695 0.985 0.739
07 0.994 0.705 0.994 0.993 0.994 0.705 0.994 0.768
08 0.992 0.967 0.992 0.984 0.992 0.967 0.992 0.975
09 0.995 0.650 0.994 0.658 0.995 0.650 0.995 0.654
10 0.992 0.759 0.992 0.985 0.992 0.759 0.992 0.816
11 0.990 0.883 0.990 0.991 0.990 0.883 0.990 0.931
12 0.983 0.856 0.983 0.989 0.983 0.856 0.982 0.905
13 0.986 0.871 0.986 0.979 0.986 0.871 0.986 0.915
14 0.996 0.783 0.996 0.997 0.996 0.783 0.996 0.839
15 0.968 0.647 0.958 0.647 0.968 0.647 0.962 0.647
16 0.985 0.690 0.984 0.878 0.985 0.690 0.984 0.718
17 0.994 0.830 0.994 0.963 0.994 0.830 0.994 0.878
18 0.994 0.830 0.993 0.962 0.994 0.830 0.993 0.879
19 0.995 0.688 0.995 0.997 0.995 0.688 0.995 0.718
20 0.996 0.868 0.996 0.991 0.996 0.868 0.996 0.916
21 0.996 0.735 0.996 0.996 0.996 0.735 0.996 0.781
22 0.996 0.923 0.996 0.965 0.996 0.923 0.996 0.943
23 0.981 0.736 0.981 0.968 0.981 0.736 0.980 0.786
24 0.979 0.739 0.979 0.987 0.979 0.739 0.977 0.787
Average 0.990 0.766 0.989 0.944 0.990 0.766 0.989 0.808

When examining the 1D-CNN results obtained from NE in the table, a difference of up to 22.4%
was observed between weighted and unweighted accuracy values. A similar difference was also
observed in the F1 score (18.1%). The main reason for the higher unweighted values, as
mentioned in previous sections, is the imbalanced nature of the dataset. The high number of
interictal data creates a "balloon effect" in the accuracy values, which is detrimental to the

classification of the ictal class. This outcome is unfavorable for the ictal classification.
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Table 4.22. Precision, recall and F1score results from 3-class classification 1D-CNN (Ictal,
preictal and interictal) for NE

Cases Recall Precision F1 score

Interictal | Preictal Ictal Interictal | Preictal Ictal Interictal | Preictal Ictal

01 0.999 0.981 0.355 0.995 0.991 0.905 0.997 0.986 0.510
02 0.998 0.968 0.212 0.996 0.981 1.000 0.997 0.974 0.350
03 0.998 0.977 0.220 0.995 0.984 0.488 0.997 0.980 0.303
04 1.000 0.588 0.875 0.991 0.991 1.000 0.995 0.738 0.933
05 0.999 0.968 0.462 0.993 0.994 0.931 0.996 0.981 0.617
06 0.996 0.932 0.158 0.988 0.972 1.000 0.992 0.951 0.273
07 1.000 0.888 0.229 0.994 0.985 1.000 0.997 0.934 0.372
08 0.996 0.981 0.923 0.993 0.989 0.971 0.995 0.985 0.946
09 0.999 0.951 0.022 0.996 0.978 1.000 0.997 0.964 0.043
10 0.999 0.965 0.313 0.992 0.994 0.969 0.996 0.979 0.473
11 1.000 0.893 0.755 0.990 0.992 0.991 0.995 0.940 0.857
12 0.995 0.981 0.592 0.980 0.987 1.000 0.987 0.984 0.743
13 0.994 0.963 0.657 0.989 0.976 0.973 0.992 0.969 0.785
14 0.999 0.993 0.356 0.996 0.995 1.000 0.998 0.994 0.525
15 0.992 0.948 0.005 0.964 0.975 1.000 0.978 0.962 0.011
16 0.994 0.964 0.111 0.986 0.983 0.667 0.990 0.973 0.190
17 0.998 0.984 0.509 0.996 0.986 0.906 0.997 0.985 0.652
18 0.998 0.967 0.526 0.995 0.981 0.909 0.997 0.974 0.667
19 1.000 0.967 0.097 0.995 0.996 1.000 0.997 0.981 0.176
20 1.000 0.990 0.614 0.996 0.999 0.977 0.998 0.995 0.754
21 0.999 0.990 0.216 0.997 0.991 1.000 0.998 0.990 0.355
22 0.999 0.970 0.800 0.996 0.996 0.903 0.998 0.983 0.848
23 0.992 0.953 0.262 0.985 0.963 0.957 0.989 0.958 0.411
24 0.975 0.995 0.248 0.986 0.974 1.000 0.980 0.984 0.397
Average 0.997 0.948 0.396 0.991 0.986 0.939 0.994 0.964 0.508

According to the evaluation metrics shown in Table 4.22, the recall, precision, and F1 score
values were consistently above 0.99 on average for the interictal class and above 0.964 for the
preictal class. However, the most significant observation is that the ictfal class obtained recall
and F1 score values of 0.396 and 0.508, respectively. This indicates that the optimized 1D-CNN
classifier with NE features failed to perform successfully. Furthermore, another notable
observation is that although NE yielded successful results in a grid search, it did not achieve

the same level of success when applied to all subjects.
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All the results presented in this section are summarized in Table 4.23. Subsequently,

comparisons were made based on this table.

Table 4.23. The summary of weighted and unweighted (macro) average accuracy results

Classification . . . Deep Learning
Algorithms Machine Learning Algorithms Algorithm
[Feature Extractio KNN RF J48 SVM 1D-CNN
Methods Y U W U \ U W U A U

[Wavelet Transform (WT)| 99.41% | 91.27% | 99.39% | 80.09% | 98.82% | 84.60% | 99.87% | 95.05% | 99.50% | 95.30%

Non-linear Energy (NE) | 99.81% | 96.48% | 99.81% | 90.02% | 99.26% | 88.10% | 99.90% | 96.60% | 99.00% | 76.60%
*W = weighted and U = unweighted

According to Table 4.23, the accuracy results obtained using WT features are as follows:

e Machine learning algorithms achieved the highest weighted accuracy result of 99.87% with
SVM, while the lowest result of 98.82% was obtained with J48. Deep learning algorithm
ID-CNN achieved a result of 99.50%. Based on these results, SVM ranked slightly ahead
of other classification methods.

e Machine learning algorithms achieved the highest unweighted value of 95.05% with SVM,
while the lowest result of 80.09% was obtained with RF. In the case of ID-CNN, the
accuracy was 95.30%. According to these results, /D-CNN had the highest accuracy value.

According to Table 4.23, the accuracy results obtained using NE features are as follows:

e Machine learning algorithms achieved the highest weighted accuracy result of 99.90% with
SVM, while the lowest result of 99.26% was obtained with J48. The same applies to the
deep learning algorithm ID-CNN, which achieved a result of 99.00%.

e Machine learning algorithms achieved the highest unweighted value of 96.60% with SVM,
while the lowest result of 88.10% was obtained with RF. In the case of ID-CNN, the

accuracy was 76.60%.

When comparing NE and WT results, regardless of the weighted/unweighted condition, NE
values consistently outperformed WT values in terms of accuracy in the machine learning
domain. In 1D-CNN, the weighted WT (99.50%) achieved a more successful result compared
to NE (99.00%). However, when comparing the unweighted accuracies between WT and NE,
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the highest accuracy value for WT is obtained with ID-CNN at 95.40%, while for NE, it is
achieved with SVM at 96.60%.

75



S. CONCLUSIONS

Epilepsy is a prevalent neurological disorder that affects more than 40 million individuals
globally. Although large numbers of antiepileptic drugs have been produced to treat millions of
patients, most patients do not respond to these interventions. Epileptic seizures happen at
random to impede normal brain function; most patients also incur from a slew of other
unanticipated side effects, such as depression, memory loss, and other psychiatric issues. It is
critical to predict an upcoming seizure at an early stage to assist the patient in taking necessary
actions/healthcare in advance to avoid unintended effects and safeguard the patient's health.
Consequently, besides seizure identification and epilepsy diagnosis, predicting an epileptic
seizure in a period prior to the seizure onset, in order to have time to take the necessary

precautions, has been a significant topic in recent decades.

In this thesis, the aim is to create a time window for patients to receive necessary alerts
approximately 30-60 minutes before the occurrence of epileptic seizures, with the purpose of
predicting seizures in advance. Frequency and time-based feature extractions have been applied
using recorded EEG (Electroencephalogram) data. These frequency and time-based methods
were respectively implemented through wavelet transform and nonlinear energy approaches.
Subsequently, machine learning and deep learning algorithms were employed for classification

purposes.

As a result, in the early seizure prediction, WT features achieved a high average accuracy of
95.30% using the 1D-CNN classifier with unweighted results. On the other hand, when WT
features were classified using machine learning algorithms, SVM achieved the highest average
accuracy of 95.05% with unweighted results. As for NE features, the 1D-CNN yielded an
average accuracy of 76.60% with unweighted results. This indicates that the deep learning
technique is not suitable for NE features. Conversely, for NE, machine learning techniques like
kNN and SVM produced very close and successful results with unweighted accuracies of
96.48% and 96.60%, respectively, with SVM having the highest success rate.Based on the
above findings, it can be concluded that even though the dataset is imbalanced, a high level of
success is achieved in the 3-class classification from the imbalanced dataset in the early seizure

prediction task. Therefore, this method can be successfully applied in early seizure prediction.
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6. RECOMMENDATIONS

This thesis presents the creation of a 3-class classification model using two different feature
extraction methods to facilitate early diagnosis of epilepsy. Suggestions are provided both to

improve the model's performance and for future studies:

1. In addition to the data utilized in deep learning classification, different EEG recordings can
be incorporated into the same model for joint utilization.

2. Apart from the 1D-CNN deep learning model, the LSTM model can be employed by
identifying suitable parameters.

3. The dataset can be run directly by adding it as input to the 1D-CNN model without applying

feature extraction.
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APPENDIXES

APPENDIX A: Wavelet Transform pseudocode and its explanation.

“mainkFiles” (string array), is the directory where the folder names of the subjects are located.
“featMat” (numeric array), is the location where the energy band values are saved.
“labelMat” (numeric array), are values assigned as 1, 2, and 3 respectively to indicate the
data labels (interictal, preictal, and ictal) within the array.

“SubjectMat” (numeric array), is where all the energy bands and data outputs obtained
from a subject are concatenated side by side.

“files” (string array), is the location where the data filenames within each subject folder are found.
“data” (numeric array), is where the EEG data inside the folder is imported into the program.
“segment” (numeric array), represents one array based on the sampling frequency
(256Hz).

“feat” (numeric array), after each segment is sent to wavelet transform and the energy
bands are obtained, it is the location where the array is saved.

“p” (integer variable), is a number of the segment. It also called counter that can be updated

until data/256.
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Pseudocode-1:

1: mainFiles < list of all subjects' folder names.

2: FOR (i from I to length of mainFiles) do:

3:

4:

10:

11:

12:

13:

14:

15:

16:

17:

18:

19:

20:

21:

featMat =[]
labelMat = []
subjectMat = []
p=20
files < list of EEG data names in a subject
FOR (j from 1 to length of files) do:
data « import each EEG data from files
FOR (k from 1 to row size of data, step 256) do.
p=ptl
segment < each part of the data divided by 256
feat « getFeature(segment)
featMat < insert all feats line by line
IF files(j) = “Interictal ”:
labelMat « 1*p
ELSE IF files(j) = “Prerictal”:
labelMat « 2*p
ELSE:
labelMat « 3*p

subjectMat < merge featMat and labelMat
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The "mainFiles" holds the files for 24 patients and allows accessing the data of each patient by
iterating over the length of this array. The "files" array lists the names of the data within a
subject. Then, this list is taken into a loop, and the relevant EEG data of the recorded names are
imported into the "data" array. The "data" array is then “segmented”’ in a new loop according
to the sampling frequency (256Hz). This allows extracting the energy in brain waves for each
sampling moment in an easy and orderly manner. "getFeature" is a function within Pseudocode-
1. It takes the "segment" as input and uses wavelet transform to obtain the energy bands.
Pseudocode-2 provides a detailed explanation of this function. Each energy band obtained as
the output of the function is saved in the "fear" array. Since the recorded "feat" arrays of a single
patient follow each other in time, they are appended row by row into the "featMat" array. By
leveraging the file names, the EEG feature outputs are determined (labeled) as interictal,
preictal, and ictal, respectively, and numbered 1, 2, and 3. The numbered labels are replicated
for the number of segments generated ("p") and saved in the "labelMat" array. The row lengths
of "labelMat" and "featMat" are the same. Based on this, all energy bands and data outputs
obtained from a subject are combined and saved in the "SubjectMat". In its final form, the EEG

features of a subject are ready for classification.

o  “waves” (numeric array), is the location where the power values obtained from all brain
waves are saved.

e ‘“ch” (numeric variable), represents the parameter that the for loop that iterates over the
number of channels within a segment (18).

e “info” (numeric array),is the section where all the data within the selected channel is
stored.

o “getWaveletSpectrum”, is the function where the average spectrum values in the frequency
range of 0.1-120Hz are obtained for the selected channel.

o “spect and freq” (numeric array), are output arrays returned from “getWaveletSpectrum”
and finds the spectrum and frequency values respectively.

o “delta, theta, alpha, beta, gamma” (numeric array), holds the spectrum values for the
frequency ranges (0.1-3Hz), (3-7Hz), (7-12Hz), (12-30Hz), and (30-120Hz) respectively.

o “Pdelta, Ptheta, Palpha, Pbeta and Pgamma” (float variable), stores power value of the

spectrums that we found previously.
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Pseudocode 2:

1: FUNCTION getFeature(segment)

2: waves = []

3: FOR (ch from 1 to length of segment column) do:

4: info « EEG data inside the current channel in a segment
5: [spect , freq] = getWaveletSpectrum(info , 256, 0.1, 120)
6: delta « spectrum value between 0.1-3Hz

7: theta « spectrum value between 3-7Hz

8: alpha < spectrum value between 7-12Hz

9: beta « spectrum value between 12-30Hz

10: gamma « spectrum value between 30-120Hz

11: Pdelta, Ptheta, Palpha, Pbeta, Pgamma < power values of the brain waves
12: waves < merge all power values of the brain waves

Pseudocode-2 is the "getFeature" function within Pseudocode-1, where the energy bands of
brain waves obtained through wavelet transform from the "segment" are calculated. In
Pseudocode-2, "segment" is taken as input. The main objective here is to determine the
spectrum values of brain waves (delta, alpha, beta, theta, gamma) between 0.1 and 120Hz and
calculate their energies. In the first for loop, there is a variable called "ch" representing each
channel among the 18 channels in the "segment" for calculating the energies sequentially. The
data taken from a channel in the "segment" is stored in the "info" array and passed to the
"getWaveletSpectrum" function to obtain the spectrum values. Thus, the spectrum values of
brain waves obtained from one channel are taken from the intervals (0.1-3Hz), (3-7Hz), (7-
12Hz), (12-30Hz), and (30-120Hz) for delta, theta, alpha, beta, and gamma, respectively.
Subsequently, using the spectrum values, the power values (Pdelta, Ptheta, Palpha, Pbeta, and
Pgamma) are calculated. Finally, the "waves" array is the output of the function, containing the

concatenated energy bands.

90



APPENDIX B: Non-Linear Energy pseudocode and its explanation.

o ‘“energy” (numeric array), is the location where the time-based non-linear energies
obtained from all brain waves are recorded.
o  “allEnergy” (numeric variable), all energy data within a subject is collected in a single

array

Pseudocode 3:

1: FUNCTION nonlLinearEnergy(segment)
2: energy = [/

3: allEnergy =[]

4: FOR (i from 1 to length of segment column) do:

3: FOR (j from 2 to 255) do:
6: energy < apply formula 3.7
7: allEnergy « summation of the time-based energies

8: END FUNCTION

The time-based "nonLinearEnergy" function involves calculating the energy obtained from
EEG data. The "energy" within this function is the array that is recorded after calculating the
energies from each channel within a segment using Formula 3.10. Finally, "allEnergy" is the
array where the energies from all channels within a segment are recorded, and it serves as the

output of the function.
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APPENDIX C: Pseudocode of the kNN’s grid search

e  “kNN?” (function), is a function that is called to run the kNN classifier.
o “k” (numeric array), is the assigned values to enclose the number of nearest neighbors

within a circle.
o  “metric” (string array), is array that holds the distance calculation methods.

o  “kNNParams” (numeric array), is an array that combines the values of k and metric

parameters.
o “oridSearchCV” (function), is the estimator function where the grid search is performed.

o “gridSearch” (function), is the function where the gridSearchCV function is executed with

its parameters.

o “oridResults” (numeric array), is the best parameters obtained as a result of adding the
dataset as an input.

o “trainFeatures, trainLabels” (numeric arrays), are the features and outputs of the dataset,

respectively,

Pseudocode 4:

1: kNN = KNeighborsClassifier () « call the kNN function.

2: gridParams, gridSearch, gridResults = []

3: k=range (1,50,2) < import k parameter

4: metric = ["euclidean", "manhattan”, "minkowski"| « import distance parameter

5: kNNParams = [k, metric] < combine 2 parameters

6: gridSearch = gridSearchCV (kNN, kNNParams) < add kNN function and its parameters

In Pseudocode-4, first, the KNeighborsClassifier function, which is the function of the "ANN"
classifier, is introduced to the system. Then, a variable called "kNNParams" is created, which
contains the classifier parameters ("k" and "metrics"). Subsequently, "kNNParams" and "kNN"
estimator are passed to enable grid search. This way, a grid search framework is established
using the specified parameters for the KNN model. Finally, the data is added to the "gridSearch"

part to find the most optimal values.
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APPENDIX D: Pseudocode of the SVM’s grid search

o “svm” (function), is a function that is called to run the SVM classifier.
e  “C” (numeric array), regularization parameter for tolerance of errors.

o “camma” (numeric array), is the parameters given for the hyperspace curve lie within the

range of 0 to 1.

o “kernels” (string array), non-linear transformation methods

o  “SVMParams” (numeric array), is an array that combines the values of C, gamma and
kernel parameters.

o “oridSearchCV” (function), is the estimator function where the grid search is performed.

o “gridSearch” (function), is the function where the gridSearchCV function is executed with
its parameters.

o “oridResults” (numeric array), is the best parameters obtained as a result of adding the
dataset as an input.

o “trainFeatures, trainLabels” (numeric arrays), are the features and outputs of the dataset.

Pseudocode 5:

1. svm = SupportVectorClassification() « call the SVM function.

2. gridParams, gridSearch, gridResults = []

3:C=/[0.1,1, 10, 100, 1000] « import C parameter

4: gamma = [1, 0.1, 0.01, 0.001, 0.0001] < import gamma parameter
5. kernels = [linear'’, 'RBF", 'polynomial'] < import kernel parameter

5: SVMParams = [C, gamma, kernel] < combine 3 parameters

6: gridSearch = gridSearchCV (svm, SVMParams) < add SVM function and its parameters

In Pseudocode-5, first, the SupportVectorClassification function, which is the function of the
"svm" classifier, is introduced to the system. Then, a variable called "SVMParams" is created,
which contains the classifier parameters ("C", “gamma” and "kermels"). Subsequently,
"SVMParams" and "svm" estimator are passed to enable grid search. This way, a grid search
framework is established using the specified parameters for the SVM model. Finally, the data
is added to the "gridSearch" part to find the most optimal values.
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APPENDIX E: Pseudocode of the RF and J48’s grid search

o  “rf” (function), is a function that is called to run the RF classifier.

o  “randomState” (numeric array), regularization parameter for tolerance of errors.

® “n_estimators” (numeric array), is the parameters given for number of subsets.

o  “max_depth” (string array), stores number of branches.

e ‘“criterion” (string array), includes two types of calculation methods.

o  “RFParams” (list), is an array that combines the values of randomState, n_estimators,
max_depth and criterion parameters.

o “gridSearchCV” (function), is the estimator function where the grid search is performed.

o “gridSearch” (function), is the function where the gridSearchCV executed.

o “oridResults” (numeric array), is the best parameters obtained as a result of adding the

dataset as an input.

Pseudocode 6:

1: rf= RandomForestClassifier() < call the RF function.

2. gridParams, gridSearch, gridResults = []

3. randomState = [0 50 100] < import random parameters

4: n_estimators = [64 128 256 512] « import number of subsets

5: max_depth = [4 8 16 32] « import maximum branches of the tree

3. criterion = [entropy, gini] < import calculation methods

6: REParams = = [random state, n_estimators, criterion] < combine 4 parameters

7: gridSearch = gridSearchCV (rf, RFParams) < add RF function and its parameters
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