
 
 

This is a self-archived – parallel published version of an original article. This 

version may differ from the original in pagination and typographic details. 

When using please cite the original. 

 

 

This is a post-peer-review, pre-copyedit version of an article published in 

BOOK Enhanced Telemedicine and e-Health: Advanced IoT 
Enabled Soft Computing Framework 
 
 

 The final authenticated version is available online at 
DOI https://doi.org/10.1007/978-3-030-70111-6_14 

 
CITATION Subasi A. (2021) Disease Prediction Using Artificial 

Intelligence: A Case Study on Epileptic Seizure Prediction. 
In: Marques G., Kumar Bhoi A., de la Torre Díez I., Garcia-
Zapirain B. (eds) Enhanced Telemedicine and e-Health. 
Studies in Fuzziness and Soft Computing, vol 410. 
Springer, Cham. 
 
 
 
 

 



Metadata of the chapter that will be visualized in
SpringerLink

Book Title Enhanced Telemedicine and e-Health

Series Title

Chapter Title Disease Prediction Using Artificial Intelligence: A Case Study on Epileptic Seizure Prediction
Copyright Year 2021
Copyright HolderName The Author(s), under exclusive license to Springer Nature Switzerland AG

Corresponding Author Family Name Subasi
Particle
Given Name Abdulhamit
Prefix
Suffix
Role
Division Faculty of Medicine, Institute of Biomedicine
Organization University of Turku
Address Turku, 20520, Finland
Division Department of Computer Science, College of Engineering
Organization Effat University
Address Jeddah, 21478, Saudi Arabia
Email abdulhamit.subasi@utu.fi

absubasi@effatuniversity.edu.sa

Abstract Artificial Intelligence uses statistical theory to generate mathematical models from samples. After a model
is generated, its depiction and algorithmic solution for understanding require being competent as well.
Biomedical data related to different diseases are recorded from a body, which can be at the organ level, cell
level or molecular level. Biomedical data is mainly utilized to predict, diagnose or identify particular
physiological or pathological conditions. The goal of biomedical data analysis is exact modelling of data
by employing feature extraction, feature selection and dimension reduction for the prediction and detection
of upcoming pathological problems by utilizing artificial intelligence algorithms. This chapter explains the
steps of biomedical data analysis and how artificial intelligence techniques are utilized in disease
prediction. An automated epileptic seizure prediction and detection approach based on deep learning is also
presented. Since Deep Learning can automatically extract and learn features, the electroencephalography
(EEG) time series are fed into the deep learning model. Deep Learning has been utilized in the prediction
and detection of epileptic seizures. Since EEG recordings are high dimensional data, a Convolutional
Neural Network (CNN) is suitable for this use. The results show that CNN achieved a testing accuracy of
99.09% accuracy for the prediction of epileptic seizures from EEG signals.

Keywords
(separated by '-')

Biomedical data analysis - Disease prediction - Artificial intelligence - Deep learning



U
N

C
O

R
R

E
C

T
E

D
 P

R
O

O
F

Disease Prediction Using Artificial
Intelligence: A Case Study on Epileptic
Seizure Prediction

Abdulhamit Subasi

Abstract Artificial Intelligence uses statistical theory to generate mathematical1

models from samples. After a model is generated, its depiction and algorithmic2

solution for understanding require being competent as well. Biomedical data related3

to different diseases are recorded from a body, which can be at the organ level,4

cell level or molecular level. Biomedical data is mainly utilized to predict, diag-5

nose or identify particular physiological or pathological conditions. The goal of6

biomedical data analysis is exact modelling of data by employing feature extrac-7

tion, feature selection and dimension reduction for the prediction and detection of8

upcoming pathological problems by utilizing artificial intelligence algorithms. This9

chapter explains the steps of biomedical data analysis and how artificial intelligence10

techniques are utilized in disease prediction. An automated epileptic seizure predic-11

tion and detection approach based on deep learning is also presented. Since Deep12

Learning can automatically extract and learn features, the electroencephalography13

(EEG) time series are fed into the deep learning model. Deep Learning has been14

utilized in the prediction and detection of epileptic seizures. Since EEG recordings15

are high dimensional data, a Convolutional Neural Network (CNN) is suitable for16

this use. The results show that CNN achieved a testing accuracy of 99.09% accuracy17

for the prediction of epileptic seizures from EEG signals.18
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2 A. Subasi

1 Introduction21

Biomedical data is collected from a biological or medical source that might be at22

the organ, cell, or molecular levels. On the one hand, biomedical data is primarily23

collected in hospitals to identify certain clinical or pathological disorders and to24

evaluate the therapy and diagnose the disorder. On the other hand, biomedical data25

analysis is used to eliminate noise, construct reliable models and analyze their compo-26

nents, extract characteristics for vital component and predict possible functional or27

pathological events in the heart, brain, muscle and kidney [1]. Moreover, biomedical28

data includes information that is useful for understanding the complex mechanisms29

of pathophysiology and behavior of living systems. The analysis of biomedical data30

is usually required to improve the relevant knowledge and to define the pathology31

level for routine clinical diagnosis, recovery or therapy. Several biomedical data32

processing methods also referred to as preprocessing techniques, are available such33

as denoising, averaging, sampling, segmentation, spectral estimation and feature34

extraction [2].35

Biomedical health data have been widely employed in recent years for research36

and clinical decision-making in the healthcare research field, such as diagnosis, treat-37

ment, and prediction of diseases. Clinical judgments have historically relied on the38

finding, expertise, and experience of physicians, with the aid of numerous clinical and39

diagnostic tests. This approach leads to unintended biases, mistakes and high costs,40

which has a negative effect on the quality of patient service [3]. Wu et al. [4] suggested41

combining clinical decision support with computer-based patient records that would42

eliminate medical errors and unintended changes in procedures and increase patient43

well-being. Computer-based decision support has become popular and started to44

combine with information management in healthcare. As a result, this has created45

a significant amount of biomedical data involving healthcare records, interactions46

between patient and doctor, medical history, referral details and insurance claim data.47

With the rapid evolution of methods and techniques for data processing, biomedical48

healthcare data are being used in an extensive range of healthcare research fields49

rather than simply for record-keeping, such as healthcare data analysis [5], chronic50

disease surveillance [6], the creation of disease risk forecasting models [6, 7] and51

the comparison of disease incidence and drug outcomes [8]. Besides, these data are52

an essential tool for chronic disease monitoring and observation [6]. Severe health53

problems such as heart failure and epilepsy are frequently identified with develop-54

ment at a later phase. If predictive models would detect these potential health risks55

before, patients could be treated better, which could alter the course of the disease or56

disorder. Because of the availability of massive biomedical healthcare data, predic-57

tion of diseases has become a significant research field [9]. Artificial intelligence58

techniques have had a substantial influence on the lifestyle of humans over the past59

two decades, by forecasting human activities and forthcoming developments. These60

techniques are well adapted to transforming collected data into useful knowledge to61

help decision making in the healthcare system to increase accuracy in diagnosis and62

speed up testing time [10].63
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Disease Prediction Using Artificial Intelligence: A Case Study … 3

Modern healthcare systems have improved human life expectancy through the64

advent of medications, medical facilities, and the maintenance of health records for65

patients. Nevertheless, healthcare support systems face substantial challenges with66

modern developments in healthcare, such as lack of sufficient medical information,67

misdiagnosis, inevitable errors, data risk, and delayed communication. Computerized68

healthcare information management, such as the Electronic Health Record (EHR),69

Disease Prediction Scheme (DPS), and Clinical Decision Support System (CDSS)70

draw significant interest. To help the physician in the decision-making process,71

early-stage monitoring of the healthcare data of patients became effective for the72

correct diagnosis of the disease. Hence, CDSS gained unexpected prominence due73

to technical advancement [11]. The advent of Internet of Things (IoT) and medical74

sensors includes a significant amount of diverse devices, which continuously track75

and acquire physiological signals from distant users such as heartbeat, brain signals,76

motor characteristics, body temperature, and insulin [12]. In tracking the health77

conditions of patients, valuable interpretations can only be extracted from the signals78

of the medical sensors. Medical sensors have recently been equipped with emergency79

warnings to inform the patient or his/her family members and emergency service once80

the biomedical signal reaches the threshold. Finally, a large amount of medical data81

for patients is obtained by healthcare service providers creating a valuable tool for82

the support network for clinical decision making.83

Cloud computing acts as a foundation for vast storage and data processing84

because of the space limitation characteristics of IoT and minimal storage facili-85

ties. The cloud-related healthcare framework monitors all cloud-based health infor-86

mation while the patient is travelling for specific treatment from one hospital to87

another. Nevertheless, as the medical data is kept on the cloud server to identify,88

predict disorder, and maintain the healthcare records, it is suitable for medical data89

being processed in real-time. Therefore, local processing of health information for90

a patient and the sending of an instantaneous medical decision or a warning when91

an emergency happens to allow healthcare services to save human lives [13]. The92

main objective of this chapter is to present the disease prediction using artificial93

intelligence.94

Deep Learning algorithms are gaining a lot of attention because of their excellent95

success in different machine learning applications. In the electroencephalography96

(EEG) study, recurrent neural networks (RNN) were used to learn temporal patterns97

for the detection of epileptic seizures [14]. Long Short-Term Memory (LSTM) is an98

evolution of RNNs, which requires gates to deal with the issue of the disappearing99

gradient. More recently, LSTM has been used to predict epileptic seizures using100

EEG signals [15]. Noteworthy attention in the EEG signal analysis has also been101

attracted by Convolutional Neural Networks (CNNs). CNNs are used to both raw102

data [16] and wavelet space [17] to classify epileptic EEG signals and achieved103

higher performance. The key benefit of CNNs is the ability to automatically learn104

new features, producing better results while the amount of data is adequate to train105

the CNNs [18]. This chapter presents the use of artificial intelligence techniques106

for the prediction and detection of the epileptic seizure using feature extraction and107

signal transformations to produce deep learning inputs.108
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4 A. Subasi

The motivation for applying artificial intelligence to the problem of predicting109

epileptic seizures is their effectiveness in the classification of biomedical signals.110

Further exploratory studies are required to utilize EEG recordings for computerized111

epileptic seizure detection. Moreover, this work is one of the studies used to tackle112

the issue of seizure prediction using EEG and Deep Learning. Epileptic seizure113

detection in advance will enable epileptic patients or their caregivers to take measures114

until an epileptic seizure occurs, thus reducing complications and possible damage115

associated with the case, where EEG is generally monitored [19]. By using CNN,116

99.09% accuracy is achieved for the epileptic seizure prediction and detection.117

This chapter is structured as follows: disease prediction is discussed in Sect. 2.118

Section 3 includes artificial intelligence techniques for disease prediction, which119

includes a description of the Deep Learning algorithm. Section 4 provides details of120

the case study of epileptic seizure prediction, and Sect. 5 presents the discussion.121

Finally, in Sect. 6, conclusions are given.122

2 Disease Prediction123

Disease prediction and detection is a technique of artificial intelligence that first124

employs training data to create a model, and then the resulting model utilizes the125

test data to obtain prediction results. Classification approaches based on artificial126

intelligence for the chronic disease prediction and detection were applied on disease127

datasets, and the findings are promising. An original classification strategy that can128

accelerate and make simpler the process of chronic disease prediction and detection129

is crucial [20].130

Computer-aided decision support systems (CADSS) help the physician monitor131

the symptom-based risks of disorder incidence in the subjects. A person cannot132

easily detect signs of diseases such as diabetes and arrhythmia. Therefore, CADSS133

is used for proper evaluation of the illness, assisted by artificial intelligence tech-134

niques, medical sensors, and computing services. The use of artificial intelligence135

techniques enables improved efficiency with ease of implementation for prediction136

of complex disease. CADSS is a computerized decision-making system, which offers137

a patient community with predictive disease and treatment recommendations, rather138

than patient-centered recommendations. As CADSS does not find clear characteris-139

tics of the patients for predicting illness, the recommendations given are unreliable.140

The emergence of medical big data has driven customized CADSS production to141

increase the efficiency of existing CADSS [13].142

Disease prediction from healthcare data that demonstrate valuable knowledge143

in large quantities relating to patients with specific diseases is a scientific domain144

issue [21, 22]. Predicting the risk of the disease includes predicting the likelihood145

of disease and implementing a preventive plan either to minimize the risk of disease146

in a specific way or to avoid disease risk altogether. Prediction of illness has several147

advantages, such as early-stage analysis and treatment of disease, disease drop, and148

death prevention [23–25].149
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Disease Prediction Using Artificial Intelligence: A Case Study … 5

Artificial intelligence techniques are used extensively in medicine. Different clas-150

sification algorithms for disease diagnosis have been developed to provide high151

precision for disease prediction. After analyzing the various characteristics of the152

disease, several artificial intelligence techniques are built for predicting different153

types of disease at the early stages. These algorithms are commonly used in154

breast cancer, kidney disease, thyroid disease, diabetes, other cancers, erythemato-155

squamous diseases and much more. Different classification algorithms are applied156

to obtain better prediction accuracy to build a CADSS [26].157

3 Artificial Intelligence Techniques for Disease Prediction158

Artificial intelligence is a term that uses a collection of data or some knowledge for159

prediction and classification. The learning process is essentially the implementation160

of optimization of the model parameter with the training dataset or previous expe-161

rience. Models may either be predictive, to allow future predictions; descriptive, to162

derive information from data input or both. Two essential tasks are carried out in163

artificial intelligence: (1) analysing the volume of data and enhancing the model and164

(2) testing the model and demonstrating the solution in an effective manner. In some165

applications, the learning efficacy is as crucial as the precision of the classification.166

Also, artificial intelligence helps the system to learn about and adapt to changes in167

various environments. Artificial intelligence supports us in healthcare data, vision,168

voice, face or other kinds of recognition [27].169

In the study of medical data, literature presents numerous scientists who have170

employed diverse artificial intelligence techniques for predicting chronic diseases to171

obtain better diagnostic results and prediction performance. Several artificial intel-172

ligence algorithms, such as Naïve Bayes, decision trees, artificial neural networks173

(ANN), k-nearest neighbor, and support vector machines, have been introduced and174

utilized recently for chronic disease prediction and detection. Intelligent automated175

systems [28] are essential in other research and scientific applications for prediction176

and detection of various diseases,. Nonetheless, most conventional methods are not177

adaptive, that decreases the performance and increases the time for decision-making178

on disease prediction. Because of these limitations of current traditional classification179

methods, such as lower performance and longer decision-making time, an improved180

classification precision is needed to predict diseases [20]. The general framework for181

disease prediction using artificial intelligence techniques is shown in Fig. 1.182

3.1 Artificial Neural Networks183

ANN are a learner of greater interest in various fields of machine learning. ANN can184

generate a high precision prediction for different sorts of problems. Furthermore,185

ANN can mimic a human brain’s role in making predictions, recognizing patterns or186
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6 A. Subasi

Fig. 1 General framework for disease prediction using artificial intelligence techniques

learning from past experiences. This procedure is expressed in a computer program187

that applies algorithms for machine learning and pattern recognition to construct an188

efficient predictive model. When building the ANN, the specialist will determine the189

number of nodes that are suitable for the problem, the most appropriate weight value190

for every connection, how the nodes should be connected, and how ANN should be191

trained. In ANN, input data is obtained through input nodes, the values of which are192

weighted by the values of the weights and preserved in the links.193

In addition, in the hidden layer, a transfer function is utilized to generate the194

output. This output is transferred to the final node as a prediction. The nodes in ANN195

can be divided into input and output layers. Input layer contains a group of input196

values, while the output layer contains target values. Unit is of any input variable,197

which has its unit within neural networks. Each input layer is connected with the198

output layer by a minimum of one weight. The main drawback of the ANN is the199

complexity of the resulting model. The model is built as a “black-box”. As the model’s200

complexity increases, they may add additional hidden layers. This approach is among201

the most complicated of predictions to implement. Nevertheless, the advantage of202

neural networks is that all data forms can be processed without noticeable changes203

in input data and information of linearity and distribution [29].204

ANN can be described as a combination of various models of predictions feeding205

into one another. There is a hidden layer between the input and output layer. This type206

of structure is called as multilayer architecture in neural networks. The model is built207

in propagating forward and backwards. In scientific studies, the back-propagation208

technique is the most popular. In reality, a finite amount of input variables can be209

interpreted by neural networks; otherwise, the time needed is high. The success of210

ANN depends on how the learning process evolves and what initial values are utilized211

in the training phase [29].212
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Disease Prediction Using Artificial Intelligence: A Case Study … 7

3.2 Deep Learning213

For any learning process, if a linear model is not appropriate, new features, which214

are nonlinear functions of the input are likely to be found, and then a linear model is215

built in those features space. It requires to differentiate what roles of such a strong216

basis are. The best approach in ANN is to extract these features in the hidden layer217

since it has the advantage of extracting informative features and utilizing them to218

predict the output in a supervised manner. An ANN with one hidden layer has poor219

capability, whereas an ANN with numerous hidden layers can learn more complicated220

functions. It is the philosophy behind deep neural networks, in which every hidden221

layer, starting from simple network input, utilizes the preceding layer values and222

learns more complex input features.223

An additional characteristic of deep neural networks is that, up to the output224

layer, succeeding hidden layers are connected to more complex structures where225

these intangible definitions involve the outputs being studied. In deep learning, the226

idea is to learn features with minimal human interference the characteristic levels of227

that abstraction, since in some applications it is not known which assembly is present228

in the input and any kind of dependences should be learned in an automated way229

throughout the training [30].230

One critical problem of training an ANN with several hidden layers is that subse-231

quently multiplying the derivatives in all layers is crucial in order to back-propagate232

the error to the preceding layer, and the gradient has vanished. This is also the233

explanation for poor learning in recurrent, extended neural networks. For CNN, this234

situation cannot occur since the fan-in, and fan-out of hidden units are, of course,235

unimportant [31]. The entire deep neural network can be trained in a supervised236

manner if there are enough labeled data and computing resources.237

Deep learning methods are primarily popular, as they require less manual inter-238

vention. It is intuitive to think of several layers of rising notion lying underneath239

deep learning. In several applications, the abstraction layers can be understood as an240

informative discovery of such an abstract illustration and a better understanding of241

the problem [27, 32].242

3.3 Convolutional Neural Networks243

CNN are an improved version of deep neural networks. They consist of units named244

neurons that take a weighted sum of inputs and generate an operating level of outputs.245

The activity level is often a nonlinear input function, such as a rectified linear unit,246

in which the operation is equal to the input for all positive inputs, and 0 for all non-247

positive inputs. What is remarkable about CNN is how this architecture structures248

the interactions between the neurons. Units are grouped into layers in a feedforward249

neural network, and the units in a given layer only receive input from units in the layer250
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8 A. Subasi

below. CNN are networks with feedforward features. Unlike regular vanilla feedfor-251

ward networks, CNN has spatial structure units. In each layer, units are grouped into252

2-D grids called feature maps. These maps of features are the product of a convo-253

lution made on the layer below. This implies that the same convolutional filter (set254

of weights) is used at each location in the layer below. Thus, a unit may only obtain255

input from units in the layer below at a similar position with a specific location on256

the 2-D grid. In addition, the weights attached to the inputs in a function map are the257

same for each unit. CNN recognize images as volumes, i.e. three-dimensional objects258

to be defined only by width and height, rather than flat canvases since digital color259

images have a red-green-blue (RGB) encoding that perceives objects’ color spec-260

trum by mixing those three colors. These images are processed by a convolutional261

neural network as three different layers of color piled one on top. A convolutional262

neural network accepts a normal color image as a rectangular box, the height and263

width of which is determined by the number of pixels in these dimensions with a264

depth of three layers, one for every letter in RGB. Such layers of depth are called265

channels. The intensity of R, G and B will be represented by a number for each266

pixel of an image to form an element in one of the three stacked two-dimensional267

matrices. These numbers are the original, sensory, raw, features that are served into268

the convolutional neural network, and the aim of a CNN is to detect relevant signals,269

which essentially benefit to better distinguish images [33].270

4 Case Study of Epileptic Seizure Prediction271

Epilepsy is a neurological disorder characterized by continuing inclination to produce272

recurrent seizures and may disturb people of different age. Epilepsy results from273

the progressive neurobiological mechanism of ‘epileptogenesis’ [34] that affects274

the normal brain network to fire neurons in the cerebral cortex in a self-sustaining,275

hyper-synchronized manner. Seventy million people worldwide suffer from epilepsy,276

which is in the list of the most serious brain disorders after stroke, migraine, and277

Alzheimer’s disease [35]. Epileptic seizures are devastating and disrupting patients’278

daily activities and are related to increased risk of early death. Epilepsy treatment is279

further complicated by the shortage of neurologists in numerous countries, especially280

in developing countries.281

While in some literature epilepsy and seizures are often used synonymously, not all282

seizures are epileptic, and seizures can also happen because of the desperate neuro-283

logical problems without inevitably indicating a long-term inclination to repeated284

epileptic seizures. The epileptic seizure is triggered by an abrupt irregular, self-285

sustaining electrical discharge, which takes place in the cerebral networks and286

typically persists less than a few minutes.287

Epileptic seizure attacks are difficult to predict, and even the frequency and length288

of the attack cannot be predicted. Hence, the prediction and detection of epilepsy289

attacks in early stages are essential for preventing and counteracting their contrary290
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Disease Prediction Using Artificial Intelligence: A Case Study … 9

effects. The brain activity of epilepsy patients can be classified in diverse states: inter-291

ictal (between seizures), pre-ictal (immediately preceding seizure), ictal (during a292

seizure), and post-ictal (immediately after a seizure).293

Epileptic seizure prediction is a problem of classification based on distinguishing294

between pre-ictal and inter-ictal states. An epileptic seizure occurs in groups due295

to the chronic nature of epilepsy and patients affected by seizure clusters may gain296

benefit by predicting follow-up seizures [36]. Moreover, epileptic seizures, which297

cause hardly long-lasting injuries or death, may lead to loss of perception or cause298

only minor mental distress. Seizures have highly variable length of time and incidence299

rate. Its length can vary from a few seconds to several minutes. There exist epileptic300

patients who have only a few seizures in their lives, while others have multiple301

seizures within a single day [37, 38].302

EEG is a diagnostic technique especially useful for analyzing the brain anatomy303

throughout an epileptic seizure attack. Epilepsy diagnosis and treatment has been304

studied extensively by EEG. Furthermore, EEG signals are non-Gaussian, non-305

stationary and utilized to identify the form of brain disorders by measuring the306

electrical activity of the brain. EEG assessment research helps in the classification307

between normal and abnormal brain activity. To accurately predict epilepsy, longer308

duration EEG recordings need to be examined.309

Expert neurologists analyze epilepsy by examining continuous EEG signals that310

have been documented over multiple days, weeks, or even months, requiring signif-311

icant human time and effort. Over the years, different studies have used predictive312

methods based on Artificial Intelligence to tackle this problem. Deep learning is313

an advanced machine learning technique, which can more effectively learn patterns314

from large data sets by processing it via a multilayer hierarchical architecture. Since315

deep learning can achieve very reliable results, researchers have inspired to eliminate316

various real-world problems by using deep learning approaches. Moreover, different317

scientists proposed deep learning-based techniques to the epileptic seizure prediction318

[36]. The common structure for the epileptic seizure prediction is shown in Fig. 2.319

This structure contains three key components: (i) signal preprocessing/denoising,320

(ii) feature extraction/dimension reduction and (iii) classification. In this section, a321

complete description of each component will be delivered.322

Scientists have been working, since the last century, to overcome the challenges323

associated with epilepsy diagnosis and prediction. Since EEG signals are a crucial324

source for tracking brain activity before, during, and after an epileptic seizure,325

epileptic seizure prediction centered first on EEG recording analysis. EEG signals326

contain several contaminations such as eye-movements, blinks, heart impulses and327

muscle noise. Various filtering and noise reduction methods are employed to reduce328

the influence of these sources of noise and artifacts [39]. Substantial features are329

required for creating an artificial intelligence model for identifying and classifying330

inter ictal, pre-ictal and ictal phases after removal of noise [36].331

EEG is the most popular way of investigating epilepsy and recording changes in332

the behavior of the electrical brain that may announce an upcoming seizure. LSTM333

networks are implemented using EEG signals in the prediction of an epileptic seizure.334

To enhance the lives of patients with tonic seizures and drug-resistant epilepsy,335
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10 A. Subasi

Fig. 2 General framework for epileptic seizure prediction using artificial intelligence techniques

seizure prediction has gained increasing attention as one of the most complicated336

predictive data analysis techniques. Several studies have achieved good results in337

delivering sensible alert systems or interactive regulation of neural stimulation over338

persistent seizures; some of them have accomplished high efficiency. Nevertheless,339

most of these works include handcraft feature extraction and/or tailor-made feature340

extraction that is implemented separately for every patient, to yield a low false341

prediction rate and high sensitivity.342

Epilepsy is the second most prevalent brain disorder. Epilepsy makes living a343

normal life difficult for patients, as the occurrence of seizures cannot be predicted344

easily. Hence, if a fair amount of time before their occurrence could be predicted345

for seizures, patients with epilepsy might take precautions against them and enhance346

their health and life quality [40].347

Truong et al. [41] applied CNN to various datasets of intracranial and scalp elec-348

troencephalogram and suggested a generalized retroactive and patient-specific tech-349

nique for seizure prediction. They used the short-term Fourier transform to extract350

features in both the time domain and the frequency domain on 30-s EEG frames. The351

algorithm automatically produces optimized features to better recognize the pre-ictal352

and inter-ictal segments for each patient.353

Chu et al. [40] studied a novel seizure prediction framework based on an inter-354

pretation of the attractor state. They investigated the transition phase from normal355

to attractor seizure state and examined the phenomenon realized before entering the356

attractor seizure state. Moreover, they have described a computed spectral measure357
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for seizure prediction in scalp EEG from the result of an experiment. Six EEG358

frequency bands of Fourier coefficients are derived from scalp EEG recordings, and359

the spectral measurement is determined on the basis of the coefficients for each half-360

overlapped duration of 20 s. The computed spectral measure is implemented using361

a low-complexity approach to predict seizures. They developed an early warning362

system before the occurrence of the epileptic seizure from the scalp EEG. Using this363

algorithm, a low-complexity seizure prediction framework was implemented using364

scalp EEG.365

Tsiouris et al. [15] used a two-layer LSTM network to test the efficiency of seizure366

prediction employing four different pre-ictal window lengths, ranging from 15 min367

to 2 h. The proposed LSTM network utilizes a broad range of features, containing368

time and frequency domain features, the cross-correlation between EEG channels369

and graph-theoretical features extracted before classification. The results showed that370

the developed method is capable of predicting all 185 seizures, producing 0.11–0.02371

false alarms per hour, based on the duration of the pre-ictal window, with high seizure372

sensitivity levels and low false prediction levels (FPR).373

A complex aspect of the treatment of epilepsy, the exact classification of various374

epileptic disorders, is of specific concern and has been thoroughly studied. Gao et al.375

[42] suggested a novel deep learning approach, called as the EEG epileptic signal376

classification (EESC). First, this approach extracts power spectrum density energy377

diagrams (PSDEDs) from the epileptic EEG signals, then extracted features from378

the PSDED are utilized as an input of deep CNNs and transfer learning to classify379

four types of epileptic states (inter-ictal, pre-ictal to 30 min, pre-ictal to 10 min, and380

seizure). It outperforms the current methods of epileptic seizure prediction in terms381

of accuracy and efficacy. The proposed model achieved an average classification382

accuracy of over 90%.383

Alickovic et al. [43] introduced a new model which is based on EEG measurements384

for automatic seizure onset identification and seizure onset prediction. Two conven-385

tional EEG databases, CHB-MIT (scalp EEG) and Freiburg (intracranial EEG), were386

processed. The proposed model is characterized by four key components: (1) multi-387

scale principal component analysis for EEG denoising, (2) EEG signal decomposition388

utilizing time-frequency techniques, (3) statistical values of decomposed sub-bands,389

and (4) machine learning techniques. In ictal versus inter-ictal EEG, the developed390

scheme yielded an overall accuracy of 100% for both databases.391

A seizure prediction model can detect seizures before they occur and enable392

clinicians to treat patients with epilepsy on time. Studies on the prediction of seizures393

have evolved from analysis of signal processing to machine learning. Since numerous394

prediction techniques are hand-crafted and need high computational complexity, it395

is difficult to make predictions in real-time.396

Wei et al. [44] transformed the EEG time series into two-dimensional multichannel397

fusion images. To create a deep spatiotemporal learning model for predicting epileptic398

seizures, a long-term recurrent convolutional network (LRCN) was developed. The399

CNN block was utilized for deep features extraction from the EEG data in an auto-400

mated manner. In learning a time series to classify the pre-ictal segments, the LSTM401

block was integrated into the learning. In the seizure prediction model, new network402
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set-up and a post-processing technique were suggested. The model of deep seizure403

prediction achieved 93.40% accuracy, 91.88% sensitivity and 86.13% specificity in404

segment-based evaluations. One hundred sixty-four seizures were predicted for the405

tests based on the cases. The developed technique provides high sensitivity and a406

low false prediction (FPR) rate of 0.04 FP/h.407

Patients also consider the most troublesome aspect of epilepsy to be the unpre-408

dictability of seizures. Hence Liu et al. [45] established an accurate indicator of409

seizures to alert patients with epilepsy for the forthcoming seizures. They used time410

and frequency domain features to deliver the same data source with two different411

views utilizing a multi-view, CNN architecture to predict the occurrence of epileptic412

seizures. The proposed deep learning model attained an average area of 0.82 and413

0.89 area under the curve (AUCs) on two subjects of the CHB-MIT scalp EEG data414

set.415

An effective epileptic seizure prediction framework mitigates the issue and416

reduces symptoms in a patient’s life with epilepsy. Rukhsar et al. [46] developed a417

model that can predict seizures well ahead of their occurrence. Multivariate statistical418

process control was used in the long-term scalp EEG signal for seizure predictions.419

Excessive neuronal activity in the pre-ictal seizure phase has been observed to shift420

the electrical characteristics of the behavior from chaotic to rhythmic. Employing421

multivariate statistical process control, commonly known as an anomaly monitoring422

tool, eight temporal dependent features are utilized to predict the seizures. In total, 90423

CHB-MIT EEG seizures of 10 patients are investigated. The findings of the suggested424

approach showed that 80 out of 90 seizures were precisely predicted before the onset425

of the seizure, resulting in a sensitivity of 88.89%. The false-positive rate is 0.39 per426

hour.427

4.1 Biomedical Signal Denoising428

In raw biomedical signals, noise and artefact detection is a key issue. Filtering these429

artifacts is required to reduce the impact on the feature extraction. Multiple filtering430

techniques, such as band-pass filter, wavelet filter, finite impulse response filter, and431

an adaptive filter, were employed. The analysis is often carried out to normalize the432

data and to make it compatible with other patient records. Also, in the EEG recording433

there are several data dropouts or corrupted data due to the limitations of implanted434

electrodes that lead to lower algorithm performance. Moreover, some outliers can435

exist in the data due to muscle artefacts and ambient noise. The existence of these436

outliers affects the extracted features critically [36].437

Biomedical signals include various forms of artifacts from internal or external438

noise interference. These artifacts can be circumvented by using signal denoising439

methods to filter out artifacts and noise [47]. Preprocessing/denoising is one of the440

main steps of the analysis of biomedical signals. The key objective of the prepro-441

cessing/denoising is to simplify successive processes without losing relevant infor-442

mation by increasing the signal-to-noise ratio (SNR), and to improve the quality443
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of the signal. Researchers utilize these techniques to remove or decrease the unde-444

sirable signal components by transforming the signals into another domain. Multi-445

scale Principal Component Analysis (MSPCA) combines the ability of the Principal446

Component Analysis (PCA) to minimize the relationship between variables with the447

ability of the wavelet transform to eliminate the relationship between auto-correlated448

measurements. On the one hand, MSPCA measures the PCA of the wavelet coeffi-449

cients at each scale with the integration of the effects at appropriate scales. On the450

other hand, MSPCA is effective, as it requires inputs of events that alter behaviors451

over time and frequency [38, 48].452

4.2 Feature Extraction453

All methods for the prediction of seizure include reliable features which are well454

associated with pre-ictal and inter-ictal levels. These characteristics can be classified455

as univariate (measures taken separately across every EEG channel) and multivariate456

(measures taken on two or more EEG channels) according to the number of EEG457

channels. The categorization of each of these functions is as linear or nonlinear [36].458

Feature extraction is one of the main steps in the evaluation of biomedical signals.459

Thus, useful and informative features of the biomedical signals consisting of several460

data points can be obtained employing various feature extraction techniques. Such461

distinguishing and informative parameters define the signal waveform behavior that462

defines a precise action. Frequencies and amplitudes may reflect the biomedical463

signaling patterns. Features can be extracted utilizing various feature extraction tech-464

niques that is the another signal processing step to simplify the subsequent classi-465

fication step [49]. Time-frequency (TF) approaches can be utilized to decompose466

biomedical signals to track changes in time and frequency. [47]. To achieve better467

efficiency, a smaller number of values that define the informative characteristics of468

the signals should be taken into consideration. In general, transformation of signals469

into an informative feature vector is identified as feature extraction. A signal clas-470

sification framework analyzes the characteristics of a signal, and based on those471

characteristics, the signal class is determined [50]. Signals can be decomposed into472

both time and frequency domain using time-frequency methods. In this study Dual473

Tree Complex Wavelet Transform (DT-CWT) is utilized for features extraction [38].474

4.3 Dimension Reduction475

Dimension reduction is a technique to reduce the dimension of the original feature476

vector while preserving the most distinguishing information and eliminating irrel-477

evant information [51]. Numerous features extraction methods generate redundant478

features. Some types of feature selection/reduction techniques that generate a novel479

set of features must be implemented to enhance the classifier performance and yield480
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minimum classification error. Several methods used to reduce dimensions and choose481

features to improve classification accuracy [38, 52].482

To interpret the data, the dimensions of biomedical signals must be reduced to483

obtain more precise results. Small number of parameters are utilized to decrease the484

dimension of the biomedical signals by various means. In addition, to achieve greater485

classification accuracy, the features or dimensions must be reduced. For example, the486

DT-CWT generates wavelet coefficients to designate the signal energy distribution487

in both time and frequency domains and describes the biomedical signals with a set488

of wavelet coefficients. A dimension reduction approach must be employed to obtain489

a smaller number of features from wavelet coefficients, since wavelet-based feature490

extraction methods include the feature vector, which is too large in size to be used491

as a classifier input.492

Different techniques such as higher-order statistics, entropies and Lyapunov expo-493

nents have been used recently for dimension reduction. First, second, third and fourth-494

order statistics of wavelet decomposition sub-bands can be used for dimension reduc-495

tion [38]. In this chapter, six statistical features are utilized namely mean absolute496

values of the coefficients in every sub-band, standard deviation of the coefficients497

in every sub-band, average power of the coefficients in every sub-band, skewness of498

the signal coefficients in every sub-band, kurtosis of the signal coefficients in every499

sub-band, ratio of the absolute mean values of coefficients of adjacent sub-bands.500

4.4 Prediction and Classification501

Biomedical signals can be decomposed into both time and frequency domain using502

time-frequency methods such as Dual Tree Complex Wavelet Transform (DT-CWT).503

Deep Learning methods are the result of advances in artificial intelligence research504

and deliver a raw data processing capability. Moreover, Deep Learning includes505

multiple layers of computational modules, which work together to process data and506

yield the decisive outcome. These layers assist in isolating correct features for the507

product result and their assessment or analysis.508

The essence of Deep Learning algorithms is that they involve modular layers509

designed to use universal algorithms to learn the data [53]. These layers form deep510

neural networks (DNN) blocks. Widely known DNN structures are Convolutional511

neural networks (CNN) and RNN [53].512

CNN’s architecture is similar to that of neuron communication patterns in the513

brain. A CNN’s convolution process is just like a weight filter that extracts the features514

from multi-dimensional input data. While using the RNNs, logical sequences are515

found in the input data. The output of the hidden layer passes through the next layer516

and also feeds back to itself. The current performance is essentially a cumulative517

knowledge of the present moment and of the past.518

The main difference between the RNN and CNN architecture is that only the519

current input is considered by CNNs, while the current input and the previous input520

are considered by RNN, i.e. it includes memory logic. On data from the time series,521
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RNN performs marginally better, whereas CNN is good for tasks like classifying522

images. Across several scientific fields, deep learning architectures have been used,523

for example across disease prediction [17], clinical imaging [54], computational524

biology [55] and genomics and proteomics [56].AQ1 525

Deep Learning algorithms are adequate to detect intricate patterns for the classifi-526

cation of the high-dimensional data, particularly EEG data. CNN is a popular neural527

network for EEG data training since CNN is very efficient in noise reduction [57].528

Deep Learning solves problems in several fields. However, there is a powerful rela-529

tionship between DNN and nervous system research. ANNs are used as a model for530

computing brain function [58], whereas CNNs are employed for the processing of531

visual information and hidden CNN layer activations, neuronal activity is considered532

to be correlated with visual sensory motor processing in associated brain regions. In533

neuroscience, deep networks have a valuable computational aspect as they are statis-534

tical time series models of brain neuronal activity [59]. The present period of progress535

is driving the study of artificial intelligence techniques inspired by neuroscience536

[36, 58].537

Artificial intelligence techniques utilize feature vectors that are derived for training538

from conventional methods of signal processing and provide good accuracy, but these539

techniques cannot predict a generalized model. The existence of noise and artefacts540

in data makes detection of features very difficult to manage. Hence, generalizing an541

automated system with loyal output is a challenging issue, particularly when there are542

limited samples of training available. At the other hand, in epileptic seizure prediction543

[60], the ability of deep learning algorithms to automatically learn function opens544

new ways of investigating. Features learned through Deep Learning techniques are545

more efficient and robust than features created by hand [61]. Troung et al. [62]546

developed a prediction method based on CNN by introducing a procedure, which547

can be extended to all patients with limited preprocessing of EEG data [36]. Tsiouris548

et al. [15] first used LSTM for an epileptic seizure prediction by comparing the549

efficiency of different LSTM architectures for 5–30 s segment size of randomly550

selected inputs. The performance of three LSTM architectures was evaluated using551

EEG segment feature vectors as inputs to LSTM, in which the feature vector includes552

specific time-domain features and frequency domain features, besides graph theory553

local and global features [36].554

In biomedical engineering, and especially in analyzing biomedical signals, artifi-555

cial intelligence algorithms are used to solve problems. Researchers achieved real-556

time prediction and detection. EEG research has considerably improved with the557

widespread use of mathematical modelling and artificial intelligence techniques.558

By classifying patterns within the EEG, artificial intelligence approaches have also559

provided the opportunity to enhance the recognition, making EEG signals useful560

for recognizing brain disorders and primary diseases. Various experiments have also561

been carried out on the features of the EEG signals associated with neurological562

disorders [38, 63].563

An application software aimed to monitor seizures consists of two models [64]:564

(i) an epileptic seizure prediction technique, which produces an alarm when it detects565

a seizure coming up, (ii) a model, which monitor a seizure occurrence. In addition,566
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one simple seizure warning will provide for a patient to leave risky circumstances or567

acts, such as playing sports or climbing stairs. The techniques of seizure prediction568

are based on the EEG feature extraction, measured over a limited time span from a569

few seconds to a few minutes [38].570

4.5 Experimental Data571

EEG data is downloaded from CHB-MIT Scalp EEG Database.1 All EEG signals,572

acquired at the Boston Children’s Hospital, includes EEG signals of intractable573

seizures of pediatric subjects. To classify their seizures and determine their candi-574

dacy for surgery, subjects were tracked for up to several days following the removal575

of anti-seizure medication. EEG signal recordings include 23 cases, which were576

collected from 22 subjects (5 males, ages 3–22; and 17 females, ages 1.5–19). With577

a resolution of 16 bits, all EEG recordings were sampled at 256 Hz. An International578

10-20 EEG electrode positions and nomenclature were employed during the signal579

acquisition [65, 66].580

For the extraction of EEG segments from the EEG dataset of each subject, a581

rectangular window with a length of 2048 samples (=8 s) was employed. Since582

the time of onset of each seizure was known, a minimum number of rectangular583

windows has been used to cover all seizure events. When removing ictal segments,584

no overlapping was introduced. Since any seizure requires at least 5 min of pre-ictal585

data, in order to generate 1000 pre-ictal segments, 8-second EEG segments were586

extracted.587

Finally, the experimental dataset containing 3000 8-s EEG segments containing588

three different classes: inter-ictal, pre-ictal and ictal, which allow testing models of589

seizure detection and prediction were created. As a result, 1000 inter-ictal, 1000 pre-590

ictal and 1000 ictal seizures segments were produced. For the time between 30 and591

15 min preceding to each seizure onset, 8-s long pre-ictal segments were produced.592

4.6 Performance Evaluation Measures593

The success of the training set is not a good performance measure on an independent594

test set. A challenging issue is the predicting performance based on limited data. In595

most realistic limited-data cases, repeated cross-validation method will be encoun-596

tered. Another matter that is not as simple as it sounds is to compare the output of597

various artificial intelligence approaches on a particular problem. It is normal for598

classification problems to calculate the output of a classifier in terms of the error599

rate. To predict a classifier’s output on new data, it is essential to evaluate its error600

rate on a dataset that has played no role in the prediction model creation. This distinct601

1https://physionet.org/content/chbmit/1.0.0/.
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dataset is termed as test set. It is known that both the training data and the test data602

are characteristic samples of the essential question. The test data may be different in603

nature from the training data in certain instances. It is critical that the test information604

is not used to construct the classifier in any way. One or more learning schemes use605

the training data to come up with classifiers. The validation data is utilized to tune606

the classifier’s parameters. Then the test data is utilized to assess the error rate of607

the tuned model. It is important to choose each of the three sets independently. To608

accomplish better performance in the parameter tuning, the validation set should be609

apart from the training set, and the test set should be apart from the training and610

validation set to achieve an accurate estimate of the true error rate [67].611

When the volume of data for training and testing is small, it is common for one-612

third of the data to be kept for testing and the other two thirds to be used for training. To613

mitigate any bias induced, the unique sample chosen for holdout is utilized to repeat614

the whole procedure with various random training and testing samples several times.615

A certain amount of the data is chosen randomly for training in each iteration, likely616

with stratification, and the remainder is used for testing. A simple version, however,617

produces the base of an imperative statistical method known as cross-validation [67].618

The typical method to estimate a learning technique’s error rate given a single,619

fixed data sample is to employ 10-fold cross-validation. The data are randomly620

divided into 10 portions where each portion is defined roughly the same amounts621

as in the complete dataset. In turn, each part is kept out, and the learning system is622

trained on the remaining nine-tenths; then the holdout set measures its error rate. The623

learning process is therefore performed on separate training sets a total of 10 times.624

Finally, the 10 error estimates are averaged to produce an overall error estimate [67].625

The right classifications are the true positives (TP) and true negatives (TN). If626

the answer is wrongly predicted as yes (or positive), a false positive (FP) is when627

it is actually no (negative). If the answer is wrongly predicted as negative, a false628

negative (FN) is when it is actually positive [67].629

The most common approach to compare algorithms is the classification efficiency630

without concentrating on a class. Thus, the generally utilized empirical measure is631

the accuracy, which does not differentiate between the number of correct labels of632

different classes [68]:633

Accuracy = TP + TN

TP + FN + TN + FP
× 100% (1)634635

On the contrary, two measures, which independently estimate the efficiency of a636

classifier for different classes are Sensitivity (2) and Specificity (3).637

Sensi tivi t y = TP

TP + FN
× 100% (2)638639

Speci f ici t y = TN

TN + FP
× 100% (3)640641
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The positive class measured the indicators of preference [68]. Precision is the642

relationship between true positives and false positives.643

Precision = T P

T P + F P
(4)644645

A relationship between true positive instances, correctly classified and false-646

negative instances, misclassified instances called as recall.647

Recall = T P

T P + F N
(5)648649

The correct classification of labels within the various classes is distinguished by650

all three measures. They focus on positive examples. Recall is a function of correctly651

classified examples (true positives) and misclassified examples (false negatives).652

Precision is a result of true positives and instances that are misclassified as positive653

(false positives). The F-measure is a major indicator that supports algorithms with654

higher sensitivity and challenges algorithms with higher specificity.655

F−measure = 2 × Precision × Recall

Precision + Recall
= 2 × T P

2 × T P + F P + F N
(6)656657

This predicted percentage is taken into account by a measure termed the Kappa658

statistic by deducting it from the successes of the predictor. The Kappa statistic is659

employed to evaluate the agreement between the categorizations of a dataset predicted660

and observed while correcting for a relationship, which happens by chance. However,661

it does not take costs into account, as with the simple success rate [67]. The kappa662

statistic was defined by Cohen [69] as an agreement index and defined as follows,663

K = P0 − Pe

1 − Pe
(7)664665

where P0 is observed agreement and Pe measures the agreement expected by chance666

[70].667

4.7 Experimental Results668

The objective of this chapter is to establish a segment-based model for EEG signal669

classification, which can be implemented using artificial intelligence in automatic670

interval-based seizure prediction or onset detection systems. Shorter EEG segments671

have also been extracted from the utilized database that can provide an opportunity to672

build realistic and computationally efficient systems for seizure prediction. The goal673

is to build a segment-based model for classifying EEG signals using the CHB-MIT674

EEG database, which can be used to automatic interval-based seizure prediction.675
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Thus, the contribution of this chapter is to find a better model by comparing three676

different commonly utilized artificial intelligence techniques, namely ANN, DNN,677

CNN.678

ANN is a learning algorithm that is stimulated by biological neuron networks to679

solve different classification problems. The best accuracy is achieved with a hidden680

layer of 128 neurons in the ANN implementation. ADAM is employed as an optimizer681

and Rectified Linear Unit (ReLU) as an activation function. In addition, in the model,682

batch normalization is employed.683

A DNN is a particular form of ANN with more than 3 layers that implicitly fuses684

the extraction and classification of features into a signal learning body and creates685

a decision-making mechanism directly. In the complex field of machine learning,686

these types of neural networks have achieved tremendous success in recent years.687

By using the Tensor- Flow library in the Python programming language, DNN is688

implemented. There is currently no specific technique for constructing an optimized689

neural network with the correct number of layers and number of neurons for each690

layer. Hence, by conducting a large range of trials, DNN is constructed empirically.691

DNN parameters such as the activation function, the number of hidden layers, the692

number of learning steps and the number of neurons in each layer are configured693

manually in each trial. The classification performance of the testing set is assessed694

for each manual configuration. The best classification accuracy is realized with a695

DNN consists of 3 hidden layers, with 128, 64, and 32 neurons respectively, after696

the tedious manual process. The ReLU activation function is utilized in all layers of697

the DNN classifier. The Softmax function is employed in the output layer, and the698

cross entropy is used as a cost function.699

For the classification of EEG signals, a 7-layer deep convolutional neural network700

was developed. The deep convolutional neural network model architecture includes701

the classical CNN layers, but the 1D-CNN structure is prevalent. Feature maps,702

which represent the EEG segments are exposed to convolution process with weights703

of different sizes in 1D convolutional layers. 1D convolution is carried out in the704

first layer of the model with 128 vectors on the input features. This layer’s activation705

outputs are normalized for each batch utilizing the batch normalization layer. New706

feature maps are created in the 1D max pooling layer by taking the maximum values707

in the region defined on the feature maps obtained from the previous layers. In the708

next 1D convolution and 1D max pooling layers, these procedures are repeated.709

The rectifier linear unit (ReLU) is employed as an activation function. The stride710

2 is used for all inputs. The developed deep convolutional neural network has a711

flattened layer on the 5th layer in order to obtain the feature maps from the 4th712

layer with an appropriate size as an input to the subsequent layers of the network.713

Multidimensional input feature vectors are transformed into one-dimensional output714

data by this layer. A dense-connected neural network layer consisting of 64 units is715

fed by the features taken from the flattened layer. There are 32 units for the last fully716

connected layer (layer 7). The number of units is determined as 128 and 64 in layer 5717

and layer 6 respectively. Layer 5 and 6 activation functions are still ReLU, while the718

Softmax function is employed as the last layer activation function. The prediction of719

the class to which the input data belongs is achieved through the use of the Softmax720
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Table 1 Classification
accuracy of ANN, DNN and
CNN for epileptic seizure
prediction and detection

Performance ANN DNN CNN

Training accuracy (%) 98.59 99.26 100.00

Validation accuracy (%) 99.40 98.95 99.70

Testing accuracy (%) 98.08 98.38 99.09

Inter-ictal (%) 98.00 98.00 98.18

Pre-ictal (%) 98.16 100.00 100.00

Ictal (%) 98.08 97.12 98.72

Precision 0.982 0.984 0.999

Recall 0.981 0.984 0.991

F-measure 0.981 0.984 0.991

Kappa 0.971 0.976 0.986

layer. The cross-entropy function is utilized for loss assessment during the network721

training. ADAM is employed for network training. Furthermore, in order to prevent722

overfitting during the learning process, layers 3, 4 and 5 have a dropout parameter.723

The probability of a dropout is equal to 0.8. The corresponding training set has been724

utilized for training the model for each scheme, and the test set was used for final725

performance assessment. 20% of the original training set was randomly taken as726

the validation set for tuning the hyperparameters while training the network. After727

finding the optimal parameters, the model was retrained with the learning rate of728

0.01 and a momentum value of 0.90. The network was trained with a batch size of729

200 and 25 epochs were used in the training process.730

Table 1 presents the performance of three architectures in epileptic seizure predic-731

tion and detection, for various phases, inter-ictal, pre-ictal and ictal. Features have732

been extracted from raw EEG signals using dual tree complex wavelet transform.733

With an average accuracy of 98.08%, the least effective approach was ANN. CNN734

classifier achieved a total classification accuracy of 99.09%, which is the best result735

obtained. DNN is the second-best among the classifiers and reached a total accuracy736

of 97.12%. Accordingly, all classifiers achieved good performance in F-measure and737

Kappa statistics. For pre-ictal state, DNN and CNN achieved 98.38% and 99.09%738

testing accuracy, respectively.739

5 Discussion740

In the success of the classification model, feature extraction plays an critical role.741

The Wavelet-based feature extraction technique, a DT-CWT-based approach, has742

advantages and drawbacks. The computational burden of examining DT-CWT with743

an increase in the number of potential levels is one of the difficulties of the DT-CWT-744

based methodology. Deep Learning has been proposed as a promising approach that745

can also be used to successfully predict and diagnose epileptic seizures. It should be746
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noted that while in some cases, seizure prediction has been difficult, Deep Learning747

methods seem to work extremely better and excellent at classifying EEG signals [71].748

Compared to the direct use of the raw EEG samples as input to the classifier, feature749

extraction preceding the classification are mostly preferable. The benefit of feature750

extraction is that it delivers a simpler and easier way to acquire secret information751

about the frequency quality of the signal or brain areas.752

In principle, if the size of the deep network was significantly increased by adding753

more layers to compensate for the increased input size of the direct supply of the754

EEG signals, better EEG signal representation would be learned. The computational755

cost of training larger CNN models is, however, growing [15].756

Instead of training the deep networks with the extracted feature vector, imple-757

mented seizure prediction approach helps work in more controllable circumstances758

by basically simulating the employment of a deep CNN. Deep Learning architectures759

are assessed utilizing EEG data from the CHB-MIT database. In previous research,760

the extracted features using DT-CWT have already been successfully used for the761

prediction of epileptic seizures and according to the DT-CWT created a more infor-762

mative feature space as a result of this research, provides a considerable gain in clas-763

sification efficiency. These findings show the benefit of deep networks in EEG-based764

seizure prediction using CNN and DNN [15].765

Within a five-to-30 min′ timeframe (pre-ictal segment), seizure prediction is effec-766

tively accomplished, which happens right before seizure onset. Thus, before a seizure767

happens, there is ample time to make clinical interventions. In convolutional layers,768

the number of kernel coefficients and the number of coefficient weights are very large.769

Seizures are detected before they occur, but steps cannot be taken until an epileptic770

seizure happens. Three distinct groups are defined by one technique: inter-ictal,771

pre-ictal and ictal.772

This chapter explored the use of Deep Learning and EEG recordings to predict773

epileptic seizures. It is proven that CNN’s application to given the existence of EEG,774

which can be modelled as two- or three-dimensional high-dimensionality [19]. Indi-775

cation of the efficacy of the implemented method is achieved through the evaluation776

of various performance indicators, such as 99.09% accuracy.777

The high computational time during CNN training in a Python implementation is778

a drawback of the application of CNNs to EEG recordings. Combining EEG signals779

with the basic CNN algorithm is the most critical part of obtaining these results.780

This research is one of the first investigations to discuss the issue of epileptic seizure781

prediction based on EEG modality and deep learning.782

The abilities of the artificial intelligence techniques have so far shown in different783

practical classification problems. Deep Learning techniques improve the general-784

ization accuracy on a wide variety of problems. Consequently, in this chapter, the785

performance of popular artificial intelligence techniques is evaluated for epileptic786

seizure prediction and detection. To evaluate the performance of studied artificial787

intelligence techniques, a comparative study is realized by employing the publicly788

available EEG data set containing inter-ictal, pre-ictal and ictal states.789

502886_1_En_14_Chapter � TYPESET DISK LE � CP Disp.:25/2/2021 Pages: 27 Layout: T1-Standard

A
ut

ho
r 

Pr
oo

f



U
N

C
O

R
R

E
C

T
E

D
 P

R
O

O
F

22 A. Subasi

The proposed technique, CNN seems to be suitable for epileptic seizure prediction790

and detection. According to the presented results in the epileptic seizure prediction791

and detection, we should emphases the following:792

• CNN, and DNN may be successfully applied in the epileptic seizure prediction793

and detection due to their stable and high performance presented in Table 1.794

• CNN is the best-applied method with an average accuracy above 99%.795

• DNN has achieved the best result with an average accuracy of 98.38%.796

• ANN has achieved the lowest performance, with an average accuracy of 98.08%.797

• The drawback of deep learning models is a significant increase in computational798

cost.799

6 Conclusion800

Artificial intelligence methods are becoming gradually efficient in epileptic seizure801

prediction and detection. Several technical and practical solutions still needed to802

solve their full potential. In this chapter, the use of artificial intelligence methods803

in the epileptic seizure prediction and detection by employing only EEG signals804

is presented. Moreover, CNN classification framework is presented to distinguish805

different states related to epilepsy. This neurological disorder results in severe health-806

related problems. The experimental validation was implemented with the widely807

used epileptic EEG dataset. Regarding the comparison of deep learning classification808

algorithms, CNN revealed better accuracy, while the DNN algorithm showed lower809

performance.810

In summary, different artificial intelligence techniques are compared to assist in811

the early prediction and detection of the epileptic seizure using CHB-MIT Scalp EEG812

Dataset. CNN method has achieved the best results in the prediction and detection of813

the epileptic seizure. The proposed model for the automatic prediction and detection814

of the epileptic seizure includes 4 steps: (1) denoising with MSPCA (2) feature815

extraction with DT-CWT (3) Dimension reduction by using statistical values of each816

sub-bands (4) classification with artificial intelligence techniques.817

As the amount and complexity of EEG data increases, Deep Learning algorithms818

are beginning to show their ability to manage the unpredictable existence of EEG819

signals and open up new possibilities in demanding biomedical applications such as820

prediction of epileptic seizures. Deep Learning was presented in seizure prediction821

and proved to be an ideal instrument for the analysis of EEG pre-ictal and ictal822

signals. In any pre-ictal period tested, the proposed technique was able to deliver823

accurate seizure prediction that had not been achieved before.824

The proposed approach needs to be thoroughly checked with more EEG data825

in clinical practice, as the CHBMIT database includes mainly pediatric signals.826

However, the findings of this chapter deliver clear signs of its effectiveness as an827

important epilepsy prediction tool and its timely intervention for people. Moreover,828

the presented approach can be used for any type of disease prediction as well.829
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The limitation of this study lies in the assessment process, as the small amount of830

pre-ictal EEG segments resulted in using segmented data to minimize the effect of831

overfitting and instead force the Deep Learning models to extract more generic pre-832

ictal information from the entire pre-ictal state period. This technique does not allow833

the average prediction time to be evaluated. A similar seizure prediction system that834

would separate timely pre-ictal trends in this direction and provide various warnings835

to decrease seizure onset could help predict seizures more precisely and minimize836

false predictions and is intended as future work. It applies additional hyperparameters837

to the model, such as weights, resulting in an improvement in model training time.838
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