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ABSTRACT

Epilepsy affects over 50 million people globally, posing a significant challenge due to
the unpredictability of seizures, which impacts patients' quality of life. Predicting
epileptic seizures in advance can improve living standards through timely interventions
and risk reduction. However, accurate seizure prediction remains unsolved. This
research aims to enhance seizure prediction accuracy using machine learning
methods applied to epileptic electroencephalography (EEG) signals. Key methods
developed include personalized channel selection, efficient feature extraction, and
accurate classification models. Three predictive models were developed, each
showing a remarkable performance in terms of accuracy, sensitivity, and specificity,
leading to notably enhanced epileptic seizure prediction rates. The first model employs
a permutation entropy-based personalized channel selection, significantly improving
accuracy but requiring careful consideration of factors that influence the channel
selection. The optimal channels for predicting seizures may vary across different
stages of the condition. Hence, the second model employs a personalized
classification for the entire channels from each patient, emphasizing the superiority of
Synchroextracting Transform (SET) over the popular short-time Fourier transform for
accurately extracting information. SET, when combined with a one-dimensional
convolutional neural network (1D-CNN), achieves a 100% accuracy, sensitivity, and
specificity for the Bonn University database (82800 datapoints), surpassing a
multilayer perceptron with a quicker computational speed. Meanwhile, when
considering real-time monitoring of epileptic EEG, CNNs may not be suitable due to
their computational costs and substantial memory requirements. Therefore, in the third
model, a sparse representation combined with SET and basic traditional machine
learning techniques like k-nearest neighbors are adopted. This approach has also
been proven to be notably effective, with a 100% accuracy on the Bonn University
database for seizure prediction. The three models developed in this research address
the challenges arising from individual variability in brain functions and the high-
dimensional nature of EEG data for epileptic seizure prediction. Future research
should focus on optimizing these models for specific real-time EEG monitoring

systems and conditions.
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CHAPTER 1: INTRODUCTION

1.1.Significance of research on seizure prediction

Epilepsy is a serious neurological disease, affecting more than 50 million
people, both young and old, worldwide [1]. The ability to predict seizures holds
immense potential for enhancing those affected individuals’ safety and well-being.
Seizures can occur unexpectedly, leading to dangerous situations, injuries, and a
diminished quality of life for individuals with epilepsy. By developing reliable seizure
prediction models, researchers aim to provide individuals with timely warnings,
allowing them to take precautionary measures and reduce the risk of injury during a
seizure. This aspect of research aligns with the broader goal of improving patient
treatment outcomes and minimizing the negative impact of epilepsy on dalily life.

Moreover, research in seizure prediction contributes to the advancement of
personalized medicine in epilepsy management. Each person's experience with
epilepsy is unique, and the factors influencing the occurrence of seizures can vary
widely. Through in-depth research and the use of advanced technologies, scientists
can identify individualized patterns and triggers leading to seizures. This
personalized approach enables the development of tailored interventions, including
optimized medication regimens and lifestyle modifications, thereby improving the
effectiveness of epilepsy treatment.

Conventional diagnostic techniques involve electroencephalography (EEG)
and high-resolution magnetic resonance imaging (hr-MRI) to identify symptoms
following the initial epileptic seizure occurrence [2]. EEG and hr-MRI serve different
purposes in neuroscience and clinical practice. EEG is particularly well-suited for
real-time monitoring of brain activity and functional assessments, while hr-MRI
excels in providing detailed structural information about the brain. The choice
between the two depends on the specific goals of a study or clinical evaluation.

For example, when it comes to the management of seizures, EEG monitoring
plays a significantly more crucial role, especially in situations like status epilepticus,
where prolonged seizure activity or recurrent events without recovery pose a
substantial risk of cerebral damages [3]. However, a survey conducted globally, with
many responses from the USA, regarding continuous EEG availability in specialty

ICUs found that only 32% had rapid access and interpretation capabilities [4].



Therefore, patients with epilepsy are at risk of premature death and sudden
unexplained death (SUD) [5]. In addition, many individuals with epilepsy experience
various concurrent symptoms, making it challenging to attribute or justify the
elevated risk associated with epilepsy [6]. Therefore, accurate diagnosis is crucial in
epilepsy management.

Moreover, the primary challenge for epilepsy patients is the unpredictability of
seizures, significantly impacting their quality of life [7]. Although individuals with
epilepsy can lead a relatively normal life during most of the time when seizures are
not occurring, the uncertainty surrounding seizure episodes remains a profound
concern. If seizures could be predicted in advance, patients would have the
opportunity to take preventive measures, thereby improving their overall living
standards. This has substantial implications for enhancing patient safety and well-
being by enabling timely interventions and reducing the risks associated with
unexpected seizures [8]. Despite its potential, seizure prediction remains an
unsolved problem in the field.

Within this background, research in seizure prediction based on EEG has
been focused as a critical area of study within the field of neuroscience and clinical
neurology. Seizure prediction research can advance personalized medicine in
epilepsy management by recognizing the uniqueness of each person's experience
with epilepsy. Factors influencing seizure occurrences vary widely among individuals
[9]. Through in-depth analysis of EEG, scientists can uncover individualized patterns
and triggers leading to seizures. This personalized approach facilitates the
development of tailored interventions, encompassing optimized medication regimens
and lifestyle modifications. Consequently, this approach enhances the overall
effectiveness of epilepsy treatment.

Furthermore, implementing effective seizure prediction technologies can
mitigate healthcare costs associated with emergency care, providing a cost-effective
solution, and enabling more efficient resource allocation in healthcare systems
globally because it can lighten the economic burden linked to epilepsy by reducing
unplanned emergency room visits, hospitalizations, and the need for constant
supervision, which are common in the lives of individuals with uncontrolled seizures
[10].

In summary, research on seizure prediction holds paramount significance for

addressing epilepsy's challenges, enhancing safety, advancing personalized



medicine, and reducing healthcare costs. Beyond the lab, it brings hope and tangible
improvements for those with epilepsy. The primary objective of this research is to
make a valuable contribution by creating a model capable of accurately and rapidly

predicting epileptic seizures before they occur in real-time monitoring.

1.2.Brain electroencephalography (EEG)

Epileptic EEG analysis based on machine learning has gained significant
attention in recent years. EEG is a method used to monitor and record its electrical
activity [11] (Figure 1). This procedure entails the positioning of electrodes on the
scalp to identify and gauge voltage variations arising from the electrical impulses
generated by neurons in the brain. To effectively capture the rapid changes in brain
functions, these signals are usually sampled at a high frequency. The coordinated
activity of numerous neurons generates these signals, which can be assessed by
placing electrodes on the scalp. EEG signals are commonly defined by their
frequency, amplitude, and waveform attributes [12, 13].

Electrodes are strategically positioned on the scalp following established
electrode placement systems (Figure 2). The most widely adopted system is the
International 10-20 System [14], which prescribes electrode positions based on
specific distances between anatomical landmarks on the scalp [14]. The number of
electrodes used can vary significantly, ranging from just a few to potentially dozens

or even hundreds [15].

(b)
Figure 1. Image of (a) an EEG monitor and (b) a printed EEG graph [16]



The letters used are:
F: Frontal Lobe

T: Temporal lobe

C: central lobe

P: parietal lobe

O: occipital lobe

Figure 2. The brain surface map of EEG electrodes [17]

To facilitate the diagnosis of epilepsy through EEG signals, a minimum of 23
electrodes are positioned across the scalp, leading to the generation of an immense
volume of data [18]. Researchers may appreciate the richness of information within
their dataset. However, they must deal with the complex nature of high-dimensional
data structures and the complexities inherent in time-dynamic data.

Typically, EEG signals are categorized into distinct frequency bands, each
corresponding to specific brain states or activities. These frequency bands include
delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and gamma
(above 30 Hz) [19]. Each of these frequency bands is associated with distinct
cognitive and behavioural processes [20]. Artifacts, such as muscle activity (e.g., eye
blinks or jaw clenching), movements, electrical interference, and environmental
noise, have the potential to contaminate EEG signals [21]. To mitigate or eliminate
these artifacts and enhance signal quality, preprocessing techniques such as
filtering, artifact rejection, and referencing are employed [22]. There are also many
data loss or vitiated data in EEG recordings due to limitations of scalp electrodes
which can hinder the performance of processing algorithms [23]. These artifacts
should be minimized to reduce the influence in feature extraction.

Within clinical practice, unusual EEG patterns have the potential to signal
underlying pathological conditions, including epileptic seizures, sleep disorders, or
cerebral dysfunctions [24]. The comprehension of the human brain through EEG can
be significantly enhanced through advancements in EEG decomposition and
analytical methods, alongside the integration of machine learning [23, 25-28].

Integrating appropriate machine learning algorithms with EEG analysis can automate



the detection, classifying, and interpretation of EEG patterns. This integration
enhances the possibility of faster and more accurate diagnosis and monitoring of

neurological disorders, including seizure prediction.

1.3. Feature extraction in EEG analysis

EEG signal feature extraction is a vital process in comprehending and
distilling meaningful insights from the brain's recorded electrical activity while also
reducing data dimensionality. Its primary objective is to extract meaningful
information from EEG signals rather than directly removing artifacts. However, the
extracted features are designed to indirectly identify and eliminate artifacts, making
the noise removal process unnecessary in this study. Two stages, EEG signal
transformation and features selection, are combined in the process of feature

extraction (Figure 3).

Feature extraction:

Raw EEG data EEG signal transformation Classification

+ feature selection

Figure 3. The process of feature extraction

In this study, the synchroextracting transform (SET) is employed for its
effective decomposition of epileptic EEG signals. When employing decomposition
approaches for signal processing, their effectiveness becomes particularly
noticeable, especially when handling signals with artifacts and noise. The SET
excels at removing the most diffused time-frequency energy, leaving behind only the
time-frequency information associated with the signal's time-varying features,
specifically the instantaneous frequencies (IF) [29]. However, it's important to note
that such transformations can yield a substantial volume of decomposed signal data.
Efficient selection of representative features becomes crucial in this context, as it
allows for dimension reduction while preserving all essential information required for

classification.



1.4.Feature selection

The signal transformation can be challenged by the issues of high-
dimensional data [30]. In other words, machine learning models can be overfitting
and therefore have a poor capability of classification by the signal decomposition
[31]. Feature selection tools are crucial particularly when dealing with datasets with a
large number of features or when there is a need to simplify models for better
interpretability or computational efficiency. There are some methods developed for
data dimensionality reduction. For example, backward selection is a feature selection
technique commonly used in statistical modelling to choose the most relevant subset
of features from a larger set of candidate features. The process involves starting with
all available features and iteratively removing less important ones until the desired
subset is achieved. Researchers can retain a subset of the most significant values
and their corresponding spatial and temporal components. This reduces the
dimensionality of the data while preserving the most critical information.

Singular Value Decomposition (SVD) is a mathematical technique commonly
used in EEG analysis with signal transformation. SVD decomposes transformed data
into its constituent parts, allowing to identify patterns and gain insights into brain
activity. SVD can also help identify and remove noise components in EEG data. By
analysing the singular values and vectors, artifacts and noise can be separated from
meaningful brain signals. Sparse representation (SR) involves a parsimonious
principle that a sample can be approximated by a sparse linear combination of basis
vectors [32]. The benefit of the SR lies not only in its capability to handle a high
volume of features but also in its robustness to redundancy, as it selects only a few
features from all its basis vectors. Additionally, It is also highly resilient to noise [33].

When the entropy transform is employed for analysis, backward selection is
used for feature selection. However, to address the challenges of high
dimensionality, this research proposes using SVD and SR for epileptic EEG signals
with a high volume of features after the SET transform. This approach, which
involves classification based on feature selection methods, requires fewer data

points while highlighting the crucial features within the signals.
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Figure 4. Reduction of EEG sub signals dimension by features selection

1.5.Channel selection for EEG analysis

Channel selection in EEG analysis is an optional step aimed at choosing the
most relevant EEG electrode channels for a specific research or clinical objective.
EEG data are typically recorded using an array of electrodes placed on the scalp,
and not all channels may be necessary for a particular analysis.

The EEG International 10-20 System is a widely adopted standard for
electrode placement on the scalp during EEG recordings, ensuring consistency
across studies. Electrode sites are labelled with letters and numbers, representing
brain regions and positions. The choice of electrodes depends on the research
guestion and regions of interest. EEG data from this system supports various
analyses, including brain activity mapping and cognitive neuroscience research.
However, the impact of channel selection on predicting epileptic seizures through
EEG analysis is still uncertain.

This research applies permutation entropy (PE) from EEG signals to select
the effective functional channels of epileptic EEG signals collected from the human
scalp. Following thorough experimentation, it has been determined that PE serves as

an efficient indicator for representing epileptic conditions.

Figure 5. The process of channel selection based on the PE



1.6.Epileptic seizure prediction by machine learning

The process of EEG analysis typically encompasses several key stages,
including data collection, feature extraction, model training, and model evaluation. To
enable classification by machine learning algorithms, numerical features are used as
input. EEG signal decomposition provides a variety of potential features that can be
extracted, such as time-frequency features, time-domain features, statistical
features, wavelet coefficients, and entropy features. Features play a crucial role in
capturing different aspects of brain activity, aiding in the classification process.

Different machine learning algorithms can be used for EEG analysis, including
support vector machines (SVMs), random forests, deep learning models like
convolutional neural networks (CNN) or recurrent neural networks (RNN), and
ensemble methods. The training data, which consists of selected features of EEG
decomposition and corresponding labels (for example, inter-ictal, pre-ictal or ictal
states), are used to train the models. The trained models are evaluated using
validation or test datasets. Common evaluation metrics include accuracy, precision,
recall, F1-score, and area under the receiver operating characteristic curve (AUC-
ROC), depending on the specific task (e.g., binary classification, multi-class

classification, or regression).

1.7.Research objectives

The primary objective of this research is to develop a model that can
accurately and efficiently predict epileptic seizures in advance during real-time
monitoring. Despite decades of research, seizure prediction remains a challenging
and unsolved problem. This study seeks to make significant progress in accurately
predicting epileptic seizures before their occurrence, addressing key challenges in
data analysis and model development. To achieve this main objective, the following

sub-objectives are defined:

1. Advanced Feature Extraction:
e Develop robust feature extraction methods capable of generating outcomes

highly correlated with distinct pre-seizure stages observed in EEG signals.



e Address challenges posed by subtle fluctuations in EEG signals, noise, and

artifacts.

2. Noise and Artifact Minimization:

e Minimize the impact of noise and artifacts, such as those caused by muscle
movements and environmental factors, to improve the reliability of extracted
features.

e Mitigate data loss or corruption during EEG recording caused by scalp
electrode limitations and frequency-selective filtering.

3. Exploration of Machine Learning Techniques:

e Leverage classical machine learning algorithms for their interpretability,
computational efficiency, and suitability for smaller datasets.

e Explore deep learning models for their ability to learn complex data
representations, particularly in unstructured data scenarios.

e Balance the trade-offs between classical and deep learning techniques to
enhance seizure prediction accuracy.

4. System Evaluation:

e Evaluate the robustness, computational efficiency, and real-time applicability

of the developed model for epileptic seizure prediction.

e Ensure that the system is scalable and reliable for practical diagnostic use.

By systematically addressing these sub-objectives, the study aims to advance
the performance of seizure prediction systems, contributing to the development of

robust diagnostic tools that improve the quality of life for individuals with epilepsy.

1.8.Proposed methods

To achieve precise seizure prediction, this study adopts a systematic
approach. Initially, channel selection is employed to distinguish channel usage based
on EEG signals from individual patients. For effective discrimination of channels,
permutation entropy (PE) and genetic algorithm (GA) are utilized. Following this, the
focus shifts to enhancing signal transformation, and suitable feature extraction
techniques post the time-frequency (TF) transformation are applied. To enhance the

resolution of EEG signal decomposition, the research incorporates a



synchroextracting transformation (SET), and for extracting useful features from the
transformed data, singular value decomposition (SVD) or sparse representation (SR)
methods are applied.

The classification method is adapted to suit diverse conditions and scenarios,
employing 1D-CNN or classical machine learning with SVM and kNN in this
research. The development of a real-time mobile epileptic EEG monitor is yet to be
realized. The specific type of epileptic EEG data has not been conclusively
determined, requiring consideration of various circumstances before deciding on the
classification platform. Classical machine learning and deep learning each come with
their advantages and disadvantages. This research aims to identify the optimal
classification method for both cases, striving for the most effective solution. The

overall flow chart of this research is as follows (Figure 7).
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1.9.Thesis structure
The structure of the remaining portion of this thesis is outlined as follows:

e Chapter 2 provides a comprehensive literature review covering epileptic EEG
feature selections, classifications, and limitations of current research on
seizure prediction.

e The subsequent chapters, namely 3, 4, and 5, contain three distinct research
papers (refer to Figure 7). The first paper (chapter 3) presents a patient-
specific optimization technique for EEG channel selection, based on the
evaluation of permutation entropy (PE) values of EEG. The second paper
(chapter 4) investigates the use of synchroextracting transformation (SET)
and singular value decomposition (SVD) to achieve a higher-resolution
decomposition of epileptic EEG signals. The third paper (chapter 5) employs
SET and sparse representation (SR) techniques to enhance feature extraction
in the analysis of epileptic EEG signals.

e In Chapter 6, the findings of this research are thoroughly discussed, leading to

the final conclusions of the study.
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CHAPTER 2: LITERATURE REVIEW

2.1. EEG signal analysis

Feature extraction before classification of epileptic EEG signals is an
important area of research. Numerous machine learning models often struggle to
accurately classify unknown samples, primarily due to the presence of a substantial
amount of unrelated information or noise [34]. There has been intensive research on
the time domain, frequency domain and time-frequency domain of EEG signal
analysis (Figure 4). The raw EEG data is a time-domain signal, which means it's a
function of time. It's essentially a continuous stream of voltage values recorded over
a specific period. Initially, EEG data are analysed in the time domain. Time-domain
features from EEG signals are statistical values of amplitude and their variances,
skewness, and kurtosis analysis. These features capture basic statistical properties
of the signal over time. Examples of the feature extraction methods in the time
domain are AR Modelling [35, 36], Cepstrum analysis [37], linear predictive coding
(LPC) [38] and kernel-based modelling [39]. However, the information obtained from
the time-domain analysis is not sufficient for obtaining useful information [40].

Therefore, frequency domain analysis or spectral analysis of raw EEG signals
is required for obtaining pertinent information from a signal. Various signal
transformation technigues are available for converting a signal from time-domain to
frequency-domain, such as Fourier transform [41]. Other frequency-domain feature
extraction methods are discrete cosine transform [42], spectral estimation [43], and
the Hilbert transform [44]. EEG signals can be decomposed into different frequency
bands (e.g., delta, theta, alpha, beta, gamma) and features related to spectral power,
frequency peaks can be extracted. However, only spectral information about a signal
is available but not time-domain information concurrently if Fourier transform is used
[45].

To overcome the limitation of frequency-domain feature extraction methods,
signal analysis has undergone significant advancements, particularly in the realms of
time and frequency domains over the past few decades [46]. Time-frequency (TF)
analysis methods have been developed over many years. A short term Fourier
transform (STFT) [47] and wavelet transform (WT) [48] were developed to be used

for time-domain as well as frequency analysis of EEG signals. These time-frequency
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analyses (TF) methods are extensively used in de-noising [49], signal processing
and data compression [50], but they require intensive computation with complex
signals [29]. One of the drawbacks of TF analysis is to be curtailed by the
Heisenberg uncertainty principle or unexpected cross-terms [51]. Hence, the TF
analysis methods experience low time-frequency resolution [52]. In addition, these
methodologies yield output coefficients that exhibit a strong correlation, resulting in
diminished signal classification rates [29]. Consequently, the TF analysis methods
are hampered by their limited time-frequency resolution, which hinders their ability to
accurately characterize the nonlinear behaviours inherent in non-stationary signals.
In an effort to conduct efficient real-time signal analysis, a novel approach known as

time-frequency—energy (TFE) analysis was introduced [53].

N

Figure 7. EEG signal (a) time domain analysis and (b) frequency domain analysis

(b)

In recent times, numerous decomposition techniques for EEG TFE analysis
have emerged to address these challenges, proving to be valuable in deciphering
patterns within EEG signals. These include empirical mode decomposition (EMD)
[54], Tensor decomposition [55], as well as TFE Analysis methods such as
synchrosqueezing transformation (SST) [56] and synchroextracting transformation
(SET) [57]. The SET stands out as a TFE representative method that relies more on
energy-based principles compared to traditional TF analysis techniques, allowing for
an effective portrayal of time-frequency characteristics [57].

2.2. EEG Pre-Processing techniques

EEG signals are highly sensitive and often subject to contamination from

noise sources such as eye blinks, muscle movements, and environmental

13



interference. Effective pre-processing is crucial to improving the quality of EEG
signals and ensuring reliable analysis. Recent research highlights several advanced
pre-processing techniques for artifact removal, including independent component
analysis (ICA) [58-60], principal component analysis (PCA) [61], wavelet transform
(WT) [62, 63], regression-based techniques [63, 64], adaptive filtering [65, 66],
artifact subspace reconstruction (ASR) [59, 67], deep learning-based approaches
[68-70], and hybrid methods [71-74] that combine multiple strategies for enhanced
performance.

ICA is a widely used blind source separation technique that decomposes EEG
signals into statistically independent components [58]. Artifacts can be identified and
removed by excluding specific components associated with noise [58]. WT
decomposes EEG signals into different frequency bands, enabling selective
denoising. Artifacts are identified and suppressed in specific frequency bands
without affecting the underlying signal [63]. Deep learning-based approaches such
as convolutional neural networks (CNNSs), recurrent neural networks (RNNs), and
autoencoders are increasingly being used for artifact removal [75]. These models
learn to distinguish artifacts from neural signals based on labelled datasets [68].
Hybrid methods combine traditional and modern techniques (e.g., ICA with deep
learning or wavelet transform with regression) to leverage the strengths of each
approach [74].

The choice of artefact removing technique depends on the type of noise,
dataset characteristics, computational resources, and intended application.
Traditional methods like ICA and WT remain widely used, but modern deep learning
approaches hold significant promise for addressing complex artifacts in EEG data.
Future research should focus on developing robust hybrid models that integrate
these techniques to enhance artifact removal in both offline and real-time EEG
applications.

Another crucial pre-processing step is the window sampling technique, which
is commonly employed in EEG signal processing. This method segments long,
continuous EEG recordings into smaller, manageable intervals, or windows, for
analysis [76]. This approach allows for isolating specific time intervals of interest,
applying localized signal processing, and enhancing computational efficiency.
Recent studies, including Asymmetric Windowing Recurrence Plots (AWRP) [77],
Overlapping Sliding Window (OSW) Method [78], Window Stacking Meta-Models
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[79], and Impact of Time Window Length [80], have introduced innovative windowing
techniques to refine EEG signal analysis. These methods have been particularly
impactful in areas such as emotion recognition and clinical classification tasks.
These advancements underscore the significant role of windowing techniques in
advancing EEG signal processing, with applications spanning emotion recognition,
biometrics, and clinical diagnostics.

2.3. Entropy measurements in EEG signal analysis

Meanwhile, the utilization of entropy measurements in EEG signal analysis
finds applicability across various domains. In statistical terms, entropy serves as a
means to quantify the degree of stochasticity and regularity present within signal
processes [81, 82]. Grounded in information theory, it offers another pathway to gain
insights into the intricate patterns and dynamics inherent in EEG data. Employing a
signal's entropy is a powerful means to quantify the uncertainty or randomness in
any domain of EEG datasets [83]. Entropy measures divide a signal into segments
and then compare analogy directly or after some signal transformation. Approximate
entropy, sample entropy and permutation entropy (PE) are usually applied to signals
in the time domain [84].

Entropy measures involve segmenting a signal and subsequently making
direct comparisons, either in the time domain or following specific signal
transformations. The selection of a transformation and the associated parameters
imposes underlying assumptions about what patterns showing in the signal,
potentially yielding significantly different outcomes [85]. PE, for instance, evaluates
the predictability of a time series by assessing the order of data points within a
sliding window. The PE proves patrticularly valuable for characterizing the temporal
dynamics embedded within EEG signals, enabling the detection of alterations in the
pattern of brain activity over time. In addition, spectral entropy (SE) quantifies how
uniformly the power or energy is distributed across different frequency bands within a
signal's spectrum [86]. A signal with a more evenly distributed spectral power will
have higher spectral entropy, indicating greater complexity or randomness in its
frequency content. Conversely, a signal dominated by specific frequencies will have
lower spectral entropy, suggesting a more ordered or predictable frequency

structure.
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Two commonly used options in the domain of frequency domain analysis are
spectral entropy and total wavelet entropy. It's common practice to convert a time-
domain signal into a frequency-domain representation through methods like Fourier
transform or wavelet analysis when working with frequency-domain entropy [87].
Early efforts in seizure prediction research involved the application of EEG entropy.
Research cantered on PE has demonstrated high sensitivity, around 80-90% of

accuracy for detecting seizure EEG signals [88].

2.4. Feature selection

Reducing feature dimensionality while preserving vital information from sub-
signals after EEG transformation or decomposition presents a significant challenge.
Feature selection techniques aim to address this challenge by summarizing the
essential characteristics of the original signals. Additionally, the implementation of
feature selection contributes significantly to lowering the computational cost
associated with classifying high-dimensional data.

In the early 2000s, conventional approaches like backward selection or
forward selection were widely used to differentiate the features of EEG signals.
There has been prior research on feature selection algorithms with diverse
performance levels and computational complexities. For instance, Burrell et al.
(2007) compared classical feature selection methods, a forward selection method,
and the bound algorithm for classifying pathological events in intracranial EEG. The
findings suggest that the forward technique outperforms the other methodologies
specifically for their datasets [89].

Over the recent decades, sparse representation (SR) methods have emerged
as a research focus for data processing across various fields [90]. The SR is applied
to represent data with minimal atoms in each overcomplete dictionary. This allows
for a concise representation of data and facilitates the extraction of valuable
information. [29]. In essence, SR can be viewed as a brief demonstration of complex,
time-varying, nonlinear signals, capturing distinctive patterns inherent to the signal
and facilitating reconstruction when necessary [29]. Yuan et al. applied a
classification method utilizing kernel SR and kernel collaborative representations.
The classification accuracy in detecting seizures achieved 98.63% and 99.99%,
respectively. The rapid computation speed contributes to real-time monitoring of
epilepsy [91]. Wang and Guo (2011) also proposed SR based on matching pursuit
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and selected decomposition coefficients and atom parameters as features. The
experiment results showed 100% of accuracy in seizure detection classification [92]

In the meantime, singular value decomposition (SVD) [93] method to analyse
EEG and induced potential data has given rise to a theory about how EEG data from
different channels might be structured. Haddad et al. (2015) suggested a way, using
SVD, to divide multi-channel EEG data into time blocks. These time blocks are
periods when the patterns of active brain cells causing the EEG signals remain
consistent [94]. Xia et al. (2015) employed SVD and achieved a sensitivity of 96.40%
and a specificity of 99.01%, with a false detection rate of 0.16/h. for the seizure
detection based on EEG signals [95]. Furthermore, Judith et al. (2022) successfully
removed the artifacts present in the acquired EEG signals [96].

A genetic algorithm (GA), developed by John Holland et al in 1970s [97] is
also frequently used in the signal analysis. A GA is a search heuristic that imitates
the process of Charles Darwin's theory of natural selection, in areas such as
inheritance, mutation, selection, and crossover. Alyasseri et al. (2021) proposed
genetic algorithm (GA) is efficient to find the optimal WT parameters for EEG signal
denoising [98]. Albasri et al. (2019) determined the minimum set of electrodes
required for optimum identification accuracy in each EEG sub-band of both stimuli by
GA algorithm [99].

2.5. Machine learning for seizure prediction

Common machine learning models used in epileptic EEG classification
include support vector machine (SVMs), linear regression, linear discriminant
analysis (LDA), k-nearest neighbors algorithm (kNN), random forests, convolutional
neural network (CNNSs), recurrent neural networks (RNNs). Maimaiti et al. (2022)
outlined two primary categories of automated techniques. The first category involves
traditional machine learning (TML) models, which include algorithms such as the
SVM, k-NN or LDA. The second category encompasses deep learning (DL)
methods, such as the bi-directional long short-term memory network (Bi-LSTM), the
CNN, RNN or the long short-term memory network (LSTM) [100].

The majority of EEG applications typically involve the use of features with high
dimensions. Both k-NN and SVMs have been applied in EEG classification,
demonstrating effective discrimination of features within EEG datasets. Nonetheless,
it's worth noting that varying outcomes have been observed across different EEG
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applications [101]. Especially, SVMs, initially introduced by Vapnik in 1999 [102], has
become widely recognized as one of the frequently employed classifiers in studies
related to seizure detection [103]. The reason for the SVM popularity lies in its
effectiveness in minimizing structural risks and balancing the trade-off between
training errors and model complexity. Originally designed as a neural network model,
SVM was designed to perform exceptionally well in scenarios marked by restricted
sample sizes and rare events like onsets of seizures [102]. Cura et al. (2021)
employed an SVM in their seizure detection study, achieving an accuracy rate of
95.1% [104].

In recent times, there has been a growing number of research focused on
epileptic EEG analysis using DL techniques. Among these studies, approximately
14% have been directed towards the detection or prediction of seizures [105].
Especially, CNN-based approaches have gained significant popularity recently. Zhou
et al. (2018) used a CNN based on raw EEG signals instead of manual feature
extraction to distinguish ictal, preictal, and interictal segments for epileptic seizure
detection [106]. The results showed average accuracies of 96.7, 95.4, and 92.3% for
the three experiments.

Seizure prediction using EEG remains a challenging problem to be resolved.
A summary of recent research for seizure prediction (or detection) based on EEG is
as below (Table 1).

Table 1: The summary of recent research for seizure prediction or detection based on EEG

Title of paper features classifier accuracy sensitivity

The automatic detection of WT, TD BLDA 97.60% 95.12%
seizure based on tensor
distance and bayesian linear
discriminant analysis [107]

Classification of epileptic EEG SST SVM, KNN 95.13% 90.30%
signals using synchrosqueezing
transform and machine learning
[104]

Early prediction of refractory Raw EEG data SVM 77.80% 82.60%
epilepsy in children under
artificial intelligence neural
network [108]
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Dissimilarity-based time— TFD ANN 97.60% NA
frequency distributions as

features for epileptic EEG signal SVM 94.20% NA
classification [109]

Patient specific epileptic FD, FI, VC, and SVM 96.2% 95.7%
seizures prediction based on Kurtosis.

support vector machine. [110]

Intelligent seizure prediction SpE MLP 91.14% 91.37%
system based on spectral

entropy [111]

Probabilistic prediction of Power spectrum | SVM NA 78%

epileptic seizures using SVM
[112]

Table 1: The summary of recent research for seizure prediction

or detection based on EEG

Title of paper

features

classifier

accuracy

sensitivity

Epilepsy seizure detection
using akima spline interpolation
based ensemble empirical mode
kalman filter decomposition by
EEG signals [113]

ASI-EEMKFD

LSTM

98.20%

94.96%

Epileptic seizure prediction
based on permutation entropy
(88]

PE

SVM

NA

94%

Epilepsy prediction through
optimized multidimensional
sample entropy and Bi-LSTM
[114]

SampE

Bi-LSTM

80.09%

NA

Epileptic seizure prediction
using scalp
electroencephalogram signals
[115]

EMD

LSTM

NA

93%

Dynamic learning framework for
epileptic seizure prediction
using sparsity based EEG
reconstruction with optimized
CNN classifier [116]

Sparsity based
EEG

reconstruction

3D-CNN

98.86%

99.25%

Cross-subject seizure detection
in EEGs using deep transfer

learning [117]

CSP

CNN

90%

92.2%
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Epileptic seizure detection
using multi-channel EEG
wavelet power spectra and 1-D
convolutional neural networks
[118]

WT

CNN

97.5%

97.5%

Deep learning approach to
detect seizure using
reconstructed phase space

images [119]

Reconstructed

phase space

CNN

98.5%

NA

Seizure prediction using
directed transfer function and
convolution neural network on
intracranial EEG [120]

DTF

CNN

90.8%

NA

Table 1: The summary of recent research for seizure prediction or detection based on EEG

deep Bi-LSTM network for

seizure detection [124]

Title of paper features classifier accuracy sensitivity
Automatic seizure detection wavelet packet CNN 95.45% NA
based on S-transform and deep | decomposition

convolutional neural network

[121]

A multi-view deep learning STFT CNN 93.97% NA
framework for EEG seizure

detection [122]

Early prediction of epileptic Raw EEG CNN 93.40% 91.88%
seizures using a long-term

recurrent convolutional network

[123]

Scalp EEG classification using LMD Bi-LSTM NA 93.61%

2.6. Limitations of current research on seizure prediction.

Achieving consistently accurate predictions well before a seizure remains a

substantial challenge. The primary obstacle stems from a limited comprehension of

the complicated dynamics of EEG signals, particularly during the preictal phase,

delaying the development of robust prediction models.

The time-frequency (TF) analysis method has evolved over several decades

to gain insights into the mechanisms of EEG signals. Classical techniques like the
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short-time Fourier transform (STFT) and wavelet transform (WT) TFA proves to be
an effective tool in describing the time-varying features of nonstationary signals,
aiding in a clearer interpretation of these signals. However, classical methods have
drawbacks, such as low time-frequency resolution due to the Heisenberg uncertainty
principle and unexpected cross-terms, leading to an inaccurate characterization of
nonlinear behaviours in time-varying signals.

Moreover, the application of signal transformations or signal decomposition
results in the generation of numerous sub-signals, causing significant time
consumption and computational expenses. Furthermore, this procedure can impede
accurate classification performance due to the heightened number of dimensions.
Ensuring swift predictions in real-time epileptic seizure prediction systems is
imperative. However, the use of signal transformation can escalate the signal
dimensions, thereby disrupting the effectiveness of real-time seizure prediction.
Consequently, contemporary research trends lean towards avoiding transformations
that could elevate feature dimensionality.

In addition, the presence of unique variations in seizure patterns and brain
activity presents obstacles in constructing universal models capable of accurately
forecasting seizures across diverse patient groups. One approach to address this
challenge involves pre-selecting channels for pre-seizure classification, providing a
means to develop a generalized model while accommodating individual patterns.
Despite its potential, channel selection has not received sufficient attention in the
field of seizure prediction research.

In the meantime, the progress in portable EEG devices and wearable EEG
headsets allows for the capture of real-time EEG data outside typical laboratory
settings. This approach supports the collection of information on real-time brain
activity providing a more dynamic and ecologically valid understanding of neural
patterns. However, as of now, there is a lack of research utilizing real-time EEG
data, resulting in limited information about its characteristics. It is crucial to recognize
that classification performance may vary compared to static data. Seizure prediction

research needs to account for diverse scenarios based on the nature of the data.

2.7. Summary
This chapter reviews key advancements in EEG signal analysis for epileptic
seizure prediction. It highlights the importance of feature extraction, starting with
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time-domain, frequency-domain, and time-frequency domain methods, which
address the limitations of raw EEG data by providing valuable insights into its
temporal and spectral characteristics. Advanced techniques like synchroextracting
transform (SET) have emerged to overcome challenges in traditional methods, such
as low time-frequency resolution and computational complexity. The chapter also
explores entropy measurements for quantifying randomness in EEG signals and
their application in seizure prediction. Feature selection methods, such as sparse
representation (SR) and genetic algorithms, are discussed for reducing
dimensionality and improving classification efficiency. Machine learning and deep
learning models, including SVMs, CNNs, and Bi-LSTMs, are examined for their
efficacy in seizure detection and prediction. Finally, the limitations of current
research are addressed, emphasizing the need for real-time analysis, personalized
models, and improved handling of EEG signal variability, along with the potential of
wearable EEG devices for future advancements.
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CHAPTER 3: PAPER 1 - A NOVEL PERMUTATION
ENTROPY-BASED EEG CHANNEL SELECTION FOR
IMPROVING EPILEPTIC SEIZURE PREDICTION

3.1 Introduction

This paper published in Sensors (21(23), p7972) develops a highly effective
and accurate algorithm to enhance seizure prediction precision by optimizing EEG
channel selection. Using permutation entropy (PE) values, K nearest neighbors
(KNN), and a genetic algorithm (GA), the method significantly reduces computational
complexity. Employing a support vector machine (SVM) classifier, the algorithm
achieves a 92.42% average prediction rate from EEG data of 22 patients, compared
to 71.13% using all channels. The selected channels improve accuracy by 10.58%,
sensitivity by 23.57%, and specificity by 5.56%. Exceptional results are achieved for
four patients, with accuracy, sensitivity, and specificity exceeding 90% and lower

standard deviations, demonstrating the robustness and efficacy of this approach.
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Abstract: The key research aspects of detecting and predicting epileptic seizures using electroen-
cephalography (EEG) signals are feature extraction and classification. This paper aims to develop a
highly effective and accurate algorithm for seizure prediction. Efficient channel selection could be one
of the solutions as it can decrease the computational loading significantly. In this research, we present
a patient-specific optimization method for EEG channel selection based on permutation entropy
(PE) values, employing K nearest neighbors (KNNs) combined with a genetic algorithm (GA) for
epileptic seizure prediction. The classifier is the well-known support vector machine (SVM), and the
CHB-MIT Scalp EEG Database is used in this research. The classification results from 22 patients
using the channels selected to the patient show a high prediction rate (average 92.42%) compared to
the SVM testing results with all channels (71.13%). On average, the accuracy, sensitivity, and speci-
ficity with selected channels are improved by 10.58%, 23.57%, and 5.56%, respectively. In addition,
four patient cases validate over 90% accuracy, sensitivity, and specificity rates with just a few selected
channels. The corresponding standard deviations are also smaller than those used by all channels,
demonstrating that tailored channels are a robust way to optimize the seizure prediction.

Keywords: EEG channel selection; permutation entropy; K nearest neighbors (KNN); support vector
machine (SVM); genetic algorithm (GA)

1. Introduction

Epilepsy is a serious brain disorder, second only to strokes in its effect. More than
50 million people worldwide are affected by epilepsy, and the symptoms of one-third
of those are not controlled by anticonvulsant medication. Therefore, one of the critical
objectives in seizure management in epileptic patients is its early detection and prediction
to provide well-timed preventive interventions [1]. If epileptic seizures can be predicted in
advance, the patients” unfortunate consequences can be alleviated. Unfortunately, despite
decades of international efforts devoted to predicting seizures, seizure prediction remains
an unsolved problem [2].

Two key components in research into seizure detection and prediction using epilep-
tic electroencephalography (EEG) signals are feature extraction and classification [3,4].
Most of the existing research is patient-independent and trains models for all types of
patients [5-10], while some EEG-based seizure detection algorithms are patient-dependent
and are adaptive to individual patients. In order to reduce the computational load for a
real-time seizure prediction using EEG data, identifying the most relevant channels for the
seizure prediction is both important and effective. It can make seizure-predicting wearable
or implantable devices with less complicated feature extraction during the process of
developing machine learning algorithms for the real-time analysis. In addition, a decreased
number of EEG channels may deliver more convenience to the patients.

However, selecting channels in epileptic features extraction is often not considered
necessary. As to patient-specific feature extraction, although the benefits of patient-specific
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seizure prediction research have not yet been identified, we believe that discovering well-
chosen channels tailored to an individual can lead to the uncovering of behavioral patlerns
in seizure activity through relations belween neurophysiological characteristics and EEG
channels [11], given the complex aspects of seizure onsels.

Even though much epileptic EEG feature-extraction research has been published,
not many papers related to EEG channel selection have been reported over the last decades.
Furthermore, the research about machine learning performance comparisons between
results with selected channels and all channels is seldom found. Chang et al. [12] proposed
that channel selection reduced the channel number from 22 to fewer than 6 channels, and it
also saved 93.73% of the computation time. The best result showed a success rate of 70%
in three-channel cases of the EEG database. Tbrahim et al. [13] also showed the seizure
prediction probability by the selected channel, and the selected feature was higher than
70%, while the false-alarm probability was less than 30%. The channels were classified by a
statistical frame. Chakrabarti el al. [14] applied an artificial neural network (ANN) and a
principal component analysis (PCA) for the selection of epileptic EEG channels. The results
revealed that the accuracy decreased simultaneously as the number of channels decreased.
The highest accuracy of 86.7% was achieved with 18 channels out of 23 channels.

Nevertheless, none of those studies showed the machine learning validating perfor-
mance comparisons between results with selected channels and results with all channels.
Moctezuma and Molinas [15] decomposed the EEG data from each channel into different
frequency bands using the empirical mode decomposition (EMD) or the discrete wavelet
transform (DWT) for the channel selection. The results showed accuracies of up to 100%
with only one EEG channel in the epileptic seizure classification, while all the test results
of channels were less than 100%; however, this research only classified the seizure and
non-seizure signals, not the pre-ictal signals. The classification performance to detect
seizure EEG signals usually achieves high accuracy. Prasanna et al. [16] examined recent
research to classify betwean seizure and non-seizure EEG signals. According to thair
review, the accuracy range that recent studies achieved was from 90% to almost 100%.
This research, however, {ocuses on seizure prediction instead of seizure delection.

In this research, we confine the features to the channels, and present a patient-
dependent optimization method for EEG channel selection based on the permutation
entropy (PE) values, and employing K nearest neighbors (KNN) combined with a genetic
algorithm (GA) for epileptic-seizure prediction. In the last few decades, some seizure
prediction studies have applied the GA to generate solutions to search features derived
from EEC signals [17-22]. Tor example, Firpi et al. [23] employed a GA to create artificial
features from EEG signals. In their experiment, three patients’ datasets were used, and the
validation was performed by the KNN, achieving an average of 83.33% seizure predic-
tion. KNN is one of the most widespread methods in the machine learning techniques.
As medical facilities require minimal computational time, the KNN has been used as a
seizure prediction algorithm in many recent studies [24-27]. For instance, Wang et al. [27]
proposed a KNN analysis on EEG data from 10 patients with epilepsy, achieving 73%
sensitivily and 67% specificily on average using a 150-min prediction horizon.

The classifier in this research is the SVM, as the SVM classification complexity does not
depend on the feature dimension, and it provides a global solution [28-30], which might
be appropriate for epileptic EEG classification. Shiao et al. [31] showed that the SVM-based
seizure prediction system could achieve a robust prediction for preictal period and normal
period iEEG signals from dogs with epilepsy. The sensitivity was 90-100%, and the false-
positive rate was about 0-0.3 times per day. However, SVM does not always seem suitable
for the epileptic EEG signals classification. Direito et al. [32] used massive data from
216 patients from the European Epilepsy Database, including 185 patients with scalp EEG
recordings and 31 with intracranial data. They tested their method over a total of 16,729.80 h
with inter-ictal data, including 1206 seizures using the SVM. The method achieved an
overall sensitivity of 38.47% and a false-positive rate per hour of 0.20 (statistical significance
only in 11% of the palients). This disproved the importance of proper fealure extractions.
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This research is the first study to compare the effectiveness of EEG channel selection
with that before channel selection. Tt also aims to reveal that patient-specific channel
selection can contribute to a more efficient seizure prediction. The remainder of this paper
is arranged as follows. Section 2 presents the details of the proposed techniques for the
EEG channels selection and classifications. Section 3 explains the dalasels used in this
paper, experimental setup, and results. Section 4 discusses the findings of this research.
Finally, the conclusions of this study are drawn in Section 5.

2. Methodology

The goal is to construct a less complicated seizure prediction system with less computa-
tional load but high accuracy for real-time seizure prediction. The PE values differentiated
by KNN combined with a GA (KINN-GA) are employed in this research to select channels
for efficient analysis and seizure prediction. The overall process is divided into three steps:
PE calculation and data sampling, channel selection by KNN-GA, and test modelling by
the machine learning method, SYM. Firstly, the raw EEG signals without noise-filtration,
segmented into time windows, are directly used to acquire the PE values, which are the
parameters obtained by feature extraction. Secondly, the selected PE values of each chan-
nel are used for selecting the most pre-ictal related channels through KNN-GA, which is
executed repeatedly (maximum number of executions is 30 in this study). Finally, the effect
of the selected channels is validated and compared using the SVM classification with all
23 channels. The primary process of the method is illustrated below (Figure 1).

Raw Reading and Reading and

Epilepfic —> iramplm% s;inals = ?;.mph::g SLg;r;a.ls

EEG data om each 1-hour minutes before %
period of data each ictal signals

SVM classification PE Channel Calculate PE

values of pre-ictal and <= selection by P— from each sample

normal period from KNN-GA based (window size: 56
selected channels or on PE values overlapping: 55)
all channels from the EEG

Figure 1. The main process of methods.

2.1. Permutation Entropy

For the proper channels to be selected efficiently from EEG signals in the datasel,
the collected original data samples are used as the input to obtain the PE values to mea-
sure the detailed variations in the EEG signals by expressing the signal in multi-scale
time-frequency domains. The PE provides a quantity measure of the complexity of a dy-
namic system by capturing the order relations on time-series signals and their probability
distribution of the ordinal patterns [33].

The first step is to convert a one-dimensional time series into a matrix of overlapping
column vectors. Then, M-dimensional veclors are mapped into unique permutations
that achieve the ordinal rankings of the data. These permutations are the values that are
associated with each partitioned vector based on the ordinal position of the values within
the vector. Then, the relative frequency of each permulation is calculated by counting the
number of times the permutation is found in the signals divided by the total number of
sequences [34]. Finally, the relative frequency of each permutation is used to compute the
PE of the order M of the signals, which is given by Equation (1) [34]:

Mt

PEy P;log, P; M
i=1
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The smaller the value of PLyy, the more regular and more deterministic is the time
series. Contrarily, the closer to 1 PEyy is, the noisier and more random the time series is.

2.2. Channel Selection by KNN Based on Genetic Algorithm

Noise and redundant data points in signals can render information on the training
of the method irrelevant. For effective and efficient EEG signal analysis, identifying the
channels that contribute most to the prediction outcomes is crucial. A genetic algorithm
(GA), developed by John olland et al. in 1970s [35] is also applied in this research. A CA is
a search heuristic that imitates the process of Charles Darwin’s theory of natural selection,
in areas such as inheritance, mutation, selection, and crossover.

For feature selection, ‘mutation” in GA means swilching features on and off. ‘Crossover’
means interchanging the used features. In this paper, the selection is based on the accuracy
of the KINN classification performance. KNN is a supervised learning algorithm, and it is
one of the most important non-parameter algorithms in the pattern recognition field [36].
The training samples themselves generate the classification rules without any additional
data. The KNN classification algorithm predicts the test sample’s category according to
the K training samples, which are the nearest neighbors to the test sample, and judges the
category with the most significant probability [36].

The overall process of KNN-GA for a channel selection works as follows in this study
(Figure 2):

1.  Load the PE values (Section 2.2) of each channel.

2. KINN-GA begins with a set of individual subjects, which are the total population
(all individuals). A subject is described by a set of parameters (channels in this
research) noted as Genes. Genes are combined into a string to form a Chromosome
(any possible solution). The population size is 20, and the minimum number of Genes
is one.

3. Then each Chromosome in the population is evalualed by the fitness function (KNN in
this paper) to test how well it predicls pre-ictal periods. It gives a filness score
(maximum: infinity) to each subject.

4. Now the selection operator chooses some of the Chromosomes for reproduction
based on a probability distribution. We set 0.9 for the initial probability. For example,
if f(x) is a fitness function, then the probabilily that chromosome Cx is chosen Lo
reproduce is:

P(Ce) = el (2

agi(e)
where Npop is the number of Chromosormes in the population.

5. Next, we mix Chromosomes for crossover (type: uniform, crossover probability:
1.0). Each Gene is selected randomly from one of the corresponding genes of the
parent Chromosomes.

6. The final step is to apply random mutations. For each Gene that we are to copy to the
new population, we allow a simall probability of error (0.01 in this paper).

7. Repeal from step 2 until the population converges {(does nol produce offspring which
are significantly different from the previous generation). It can then be said that the
genetic algorithm has provided a set of solutions to our problem (maximum number
of generations: 30).

2.3. Selected Channels Validation by a SVM Model

Following channel selection, a SVM is used to classify the patterns into pre-ictal and
normal periods. There are three types of oplimization method for the SVM used in this
research: Lagrange mulliplier (LM), evolulionary and Particle Swarm Oplimization (PSO).
The PE values of the selected channels by KNN-GA were trained and tested for each of
the three types of SVMs, and the best result was selectively adopted. The I’E values of all
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channels were also derived through the same process. The detailed steps are demonstrated

below (Figure 3).

Evaluation of YES Best
all individuals ’ — individual

P sl

Random :
generation of | Selection ‘
Initial L - :
population 1
T E ¢ ‘ Crossover
Load PE vlues l
Mutation ‘

Figure 2. The process of KNN-GA.

1. Training 1. Training
Evoluti-

onary

2. Testing
PE values {from PE values from
selected channels The best outcome all channels

Figure 3. SVM classification.

3. Results
3.1. The Experimental Data and Clinical Consideration

The experimental data came from CHB-MIT Scalp EEG Database [37]. This the
data of this database is collected at the Children’s Hospital Boston. It consists of EEG
recordings from pediatric subjects with intractable seizures. Subjecls were monitored for
several days following withdrawal of anti-seizure medication in order to characlerize their
seizures and assess their candidacy for surgical inlervention. Recordings, grouped into
24 cases, were collected from 24 subjecls (5 males, ages 3-22; 18 females, ages 1.5-19).
Each case (chb01, chb02, etc.) contains 9 to 42 continuous edf files from a single subject.
The characteristics of each patient and the patient’s data are summarized below (Table 1).

The 24 patients’ EEG signals with a 256 Hz sampling rate were recorded using 23 chan-
nels which are FP1-F7 (1), F7-T7 (2), T7-P7 (3), P7-O1 (4), FP1-F3 (5), F3-C3 (6), C3-P3 (7),
P3-01 (8), FP2-F4 (9), T4-C4 (10), C4-P4 (11), P4-02 (12), FP2-F8 (13), F8-T8 (14), T8-P8 (15),
P8-02 (16), FZ-CZ (17), CZ-P7Z (18), P7-T7 (19), T7-FT9 (20), FT9-FT10 (21), FT10-T8 (22),
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and T8-P8 (23). The letter notations are—FP: frontopolar, F: frontal, T: temporal, O: occipital,
C: central, and P: parietal (Figure 4).

Table 1. The characteristics of each patient and the patient’s data.

Patient ID Gender Age Number of Seizures  Length of Records (Hours)
1 F 11 7 45.00
2 M 11 3 39.57
3 F 14 7 57.87
4 M 22 4 154.41
5 F 7 5 38.09
6 F 1.5 10 89.25
7 F 14.5 3 67.23
8 M 3.5 5 26.38
9 I 10 4 65.92

10 M 3 7 72.49
11 F 12 3 73.30
12 E 2 40 NA

13 Iz 3 12 NA

14 & 9 8 41.50
15 M 16 20 62.29
16 I 7 10 17.03
17 F 12 3 34.11
18 F 18 6 62.85
19 F 19 3 61.58
20 E 6 8 41.43
21 F 13 + 55.71
22 E 9 3 75.93
23 E 6 7 70.90
24 NA! NA 16 NA

! Not available. Not specified.

~

Figure 4. The brain surface map of EEG channels.

Epileptic EEG signals are typically classified into four periods: normal, pre-ictal, ictal,
and post-ictal periods (as shown in Figure 5). In some experimental results, the high accu-
racy rate might not be impressive when available normal period data are surplus and the
pre-iclal period signals occupy only a liny fraction of the testing datasel. Thus, this research
restricts the ratio of normal to pre-iclal training/testing data up to 10:1. Selecling segments
of BEEG signal recording for the analysis is one of the significant problems of seizure pre-
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diction research. The seizute prediction horizon (SPH) iz the period between the seizure
alarm sign and the beginning of seizu e occurtence, Therefore, the SPH prerequisites are to
be designated before assessing the analysis. The size of the SPH has been reported tobe
between a few minutes and several hours before a seizure cnget. The standard size is still a
debatable question. This research set an SPH of 10 min (2.8 s duration) for both training

and testing,.

Post-ictal Period
Duration: 2.8s
01:30:00

Ictal Feriod
Duration: 285
1:00:00

Fre-ictal Fariod
Duration: 28 s

00:50:00

Mormal Feriod
Duration: 2.8s
Set tirme: 00:00:00

Figure 5. An example of EEG recordings (Patient [D 1, channels of FP1-F7, FAT7, T7-PY and P7-01) over time showing the
activity from the EEG signals at the nonnal, pre-ictal, ietal, and post-ictal perieds. The patient was an 11-yearold fermale,
The sarmnpling rate s 256 Hz. The vertical scale is 50 pv,

Each patientdataset containg data points of 17-184 h. Data samples of a normal period
(2.8 s duration) are rand omly selected in each hour of the 17-154 h duration. In summaty,
the samples are collected from:

+  Pre-ictal period: 10 min before a seizure onset.
+  Normal period: between pre-ictal and post-ictal periods (30 min after a seizure onset).

3.2, Validation of the Channel Selec tion Technique

The KNN-G4A algorithm selected three to eight channels among 23 channels based
on the PE values from each patient’s EEG signals. The most frequently selected channels
are F7-O1 (10 times), P8-02 (2 times), C3-F3 (8 times) and CZ-PZ (3 times) from 22 patient
datasets (Figure ).

Number of selections per channel
12
10

, [ Al

1 2 3 456 7 8 9 1011 1213 1415 16 17 18 19 20 21 22 23

Mumber of times
(=21

2%

Channel

Figure 6. The number of times and each channel from 1 to 23 has been selected. The vertical axis
shows how mary times one given channelhes been selected. Channel 1: FP1-F7, 2: F7-T7, 3: T7-P7,
4: P7-01, 5: FP1-F3, 6: F3-C3, 7: C2-P3, 8: P3-0OL, o FP2-F4, 10: F4-Cd, 11: C4-P4, 12: P4-02, 13
FP2-Fs, 14: F3-T8, 15: T8-P8, 16: P8-02, 17: FZ-CZ, 18: CZ-PZ, 19: P7-T7, 20: T7-FT9, 21: FT9-FT10,
22: FT10-T8, 23: T8-F8.
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The efficiency of a seizure prediction algorithm is determined by the prediction rate,
accuracy, sensitivity, and specificity. The prediction rate refers to how many predictions are
correctly made out of the total number of ictal occurrences in the testing set. Sensitivity is
the percentage of the true pre-ictal prediction, and specificity is the percentage of the
true normal period prediction (Table 2). Table 3 presents the performance of the selected
channels and all channels based on the SVM classification testing for the 22 patients in the
CHB-MIT Scalp EEG Database.

Table 2. Accuracy, sensitivity, and specificity.

True Pre-Ictal Period True Normal Period
Predicl pre-ictal period I II
Predict normal period 11 v

Accuracy = (11 IV)/(L+ 1+ 11 + IV). Sensitivity = 1,(1 + 1I). Speaifiaty = IV/ (1l + IV).

The prediction rate average of the selected channels from 22 patients is 92.42%,

while that of all channels from 22 patients is only 71.13%, an improvement of 29.93%.

The accuracy average of the selected channels is 74.60%, and that of all channels is 67.46%.
The sensilivity and specificily completed by the selected channels lesting also show a higher
rate (average 69.51% and 73.14%, respectively) than all channels testing (average 56.25%
and 69.29%, respectively). On average, the accuracy, sensitivity, and specificity with se-
lected channels are improved by 10.58%, 23.57%, and 5.56%, respectively. The analysis
of variance (ANOVA) tests also confirm that the accuracy and sensitivity using the se-
lected channels from the SVM tesling result are significantly higher than those using all
channel testing results (at p < 0.01 and p < 0.05, respectively) (Table 4). The standard
deviations of the accuracy, sensitivity, and specificity from the selected channels testing
for the 22 patients are smaller (15.36, 25.03, and 20.81, respectively) than from all channel
testing (Table 4). In addition, the execution time of the 5VM model is almost instantaneous
(10-500 milliseconds) in many patients” cases. Nevertheless, the average percentage of
compultational runtime saved by channel selection is 42%.

Two-dimensional area graphs are also added to view the numerical resulls visually
(Figure 7). In Figure 7a,b, the blue shapes with red outline (pre-ictal period) of “Real status”
are closer to the blue shapes of “Prediction using the selected channels” than the black
shapes of “Prediction using all channels”. Thus, the figures demonstrate that using the
selecled channels can beller predicl the pre-ictal period than using all channels.
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Table 4. The ANOVA test results by the SVM classification.

Accuracy Sensitivity Specificity
Selected All Selected All Selected All
Channels Channels Channels Channels Channels Channels
N 22 22 22 22 22 22
X 1641.23 1484.21 1529.29 1237.50 1609.02 1524.28
Mean 74.60 67.46 69.51 56.25 73.14 69.29
s 15.36 18.36 25.03 33.44 20.81 22.52
p-value 0.002699 0.033532 0.339937
F-ratio 11.5588 5.17403 0.95353
significant at & = 0.01 significant at & = 0.05 not significantat « = 0.05
Real status Real status
1 1
0 0
Ll I e - I R R R A O WuWn O N Ao
SRYRRIRIZESE ARIRARBIZZIEIR
Prediction using selected channels Prediction using selected channels

— —

v 1 ‘ m
0
i

g

281
421
561
701
841

981
1121
1261
1401
1541
1681

o ¢ @ wn
) Oy T d‘m
- N T rum._.

1193
1342
1491
1789

Prediction using all channels Prediction using all channels

JIAL Il {111

v v v ™ v v e
(a) (b)

Figure 7. Visual comparisons for the SVM testing results. Blue-colored area with red outlines
represents the SPH (10 min), i.e., alarming at 10 min before the seizure onsets. (a) Patient 1> 20:
a total of 4 seizure occurrences in a period of 24 h. (b) Patient 1D 3: a total of 3 seizure occurrences.

4. Discussion

Seizures can occur anywhere in the brain, but for children, they frequently occur in
the temporal and frontal lobes, affecting the functions these regions control [38]. Three to
eight channels among 23 channels were selected for each subject by KNN_GA based on PIi
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values of epileptic EEG signals. The most frequently selected channel was P7-O1 (10 times),
which is located at the scalp of the parietal and occipital lobes of the brain. However,
the total number of channels connected to the frontal and temporal lobes region is much
higher than that of the parietal and occipital region channels. Consequently, the number of
selected frontal and temporal lobes region channels is higher.

The patient-specific channel selection technique improves the prediction rate by 29.93%
and the accuracy, sensitivity, and specificity by 10.58%, 23.57%, and 5.56%, respectively.
The average accuracy, sensitivity, and specificity of the SVM testing are 74.60%, 69.51%,
and 73.14%, respectively, and with all channels, they are 67.46%, 56.25%, and 69.29% in this
research into epileptic seizure prediction. In particular, the true pre-ictal prediction rate
{sensitivity) of the classification with the selected channels is considerably higher than that
with all channels. The corresponding standard deviations are also smaller than those using
all channels, demonstrating that tailored channels are more robust in optimizing seizure
prediction rates. With the selected channels, the highest accuracy, sensitivity, and specificity
rates are 97.28% (patient ID 1), 99.17% (patient ID 7), and 100% (patient ID 1), respectively.
On the other hand, patient 1D 17 and 1D 24 cases achieved poor accuracy (under 50%)
despite having high sensitivity.

There are a couple of limitations for the proposed approach. (1) Based on the results
from different subjects (such as Patients 17 and 24), it is observed that the patterns of PE
values during the nighttime are similar to the patterns of PE values during the pre-ictal
period. This phenomenon may affect the predication accuracy. In reality, it is difficult to
verify whether a patient is sleeping or just at rest during the nighttime. (2) It is possible
that the starting point of the preictal pericds are likely not the same for all patients. In this
rescarch, the SPH is set to 10 min for all subjects during the model training, while the SPH
could be any time period (e.g., several hours).

This research aims to reduce lhe complexity of feature extraction and classification
steps in predicting seizures while a high accuracy is retained and the computation time is
significantly reduced. The average execution time by using the selected channels was only
47.09% of that by all channels. For Patient IDs 1, 8, 19, and 20, more than 90% validation
accuracy, sensitivity, and specificity rates with just a few selected channels are obtained in
this research method. The results demonstrate that the proposed EEG channel selection
method with a suitable classification algorithm (SVM in this paper) can increase real-time
seizure prediction accuracy.

5. Conclusions

In this paper, we recognize that the patterns of epileptic seizure accurrences are patient
specific. The key issue is to discern which regions of the brain are most relevant to the
seizure onsets for a specific patient. The most frequently selected channel was P7-O1
(10 times). Hlowever, many EEG channels were connected to the temporal and frontal lobes,
which frequently causes seizures in children.

After finding the suitable channels for each patient through the KNN-GA algorithm,
the SVM training and testing based on Pk values of epileptic EEG signals exhibit more
accurate outcornes of seizure prediction and less computation load than with all 23 channels.
Consequently, fewer patient-dependent EEG channels can contribute to essential aspects of
seizure prediction analysis, such as less EEG electrodes required on the scalp and more
accurate mobile real-time seizure predictions.
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3.3 Links and implications

The research confirmed that personalized epileptic EEG channel selection
significantly increased the prediction rate by 29.93% and improved accuracy,
sensitivity, and specificity by 10.58%, 23.57%, and 5.56%, respectively. In SVM
classification of pre-ictal and inter-ictal, average accuracy, sensitivity, and specificity
with selected channels were 74.60%, 69.51%, and 73.14%, compared to 67.46%,
56.25%, and 69.29% using all channels for predicting epileptic seizures in this study.

However, opting for channel selection in EEG analysis for seizure prediction
comes with certain drawbacks. It can lead to limited spatial coverage, potentially
overlooking crucial information from other brain regions. Moreover, the ideal
channels for predicting seizures might vary depending on individual conditions. EEG
patterns are dynamic, the most effective channels for prediction could change across
different stages of epilepsy or the selected channels may be more prone to artifacts
such as muscle activity or electrical interference. Furthermore, integrating patient-
specific channel selection methods may introduce complexity to the model
development process.

Therefore, the forthcoming research paper on seizure prediction will utilize a
novel signal transformation instead of entropy transformation and implement 1D-

CNN without the channel selection step to create a more simplified model.
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CHAPTER 4: PAPER 2 — A NOVEL EPILEPTIC SEIZURE
PREDICTION METHOD BASED ON SYNCHROEXTRACTING
TRANSFORM AND 1-DIMENSIONAL CONVOLUTIONAL
NEURAL NETWORK

4.1 Introduction

This paper, published in Computer Methods and Programs in Biomedicine
(volume 240, page 107678), explores enhanced methodologies for epileptic seizure
prediction using EEG signals. It introduces synchroextracting transformation (SET)
and singular value decomposition (SET-SVD) to achieve higher-resolution
decomposition of EEG signals, surpassing the limitations of the short-term Fourier
transform (STFT). The study acknowledges the dynamic nature of EEG patterns and
the need for patient-specific channel selection, despite its complexity. Overall, the
findings demonstrate that SET-SVD offers a promising approach for more accurate
epileptic seizure prediction, with the 1D-CNN model proving effective for fast and

precise patient-specific EEG classification.
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Epileptic seizure prediction

Buackground and objective; Epilepsy is a serious brain disorder affecting more than 50 million people
worldwide. If epileptic seizures can be predicted in advance, patients can take measures to avoid unfor-
tunate consequences. Important approaches for epileptic seizure predictions are often signal transforma-
tion and classification using electroencephalography (EEG) signals. A time-frequency (TF) transformation,
such as the short-term Fourier transform (STFT), has been widely used over many years but curtailed by
the Heisenberg uncertainty principle. This research focuses on decomposing epileptic EEG signals with a
higher resolution so that an epileptic seizure can be predicted accurately before its episodes.
Methods, This study applies a synchroextracting transformation (SET) and singular value decomposition
[SET-SVD) to improve the time-frequency resolution. The SET is a more energy-concentrated TF represen-
tation than classical TF analysis methods.
Results;  The pre-seizure classification method employing a 1-dimensional convolutional neural net-
work (1D-CNN) reached an accuracy of 99.71% (the CHB-MIT database) and 100% (the Bonn University
database). The experiments on the CHB-MIT show that the accuracy, sensitivity and specificity from the
SET-SVD method, compared with the results of the STFT, are increased by 8.12%, 6.24% and 13.91%, respec-
tively. In addition, a multi-layer perceptron (MLP) was also used as a classifier. Its experimental results
also show that the SET-SVD generates a higher accuracy, sensitivity and specificity by 5.0%, 2.41% and
11.42% than the STFT, respectively.
Conclusions: The results of two classification methods (the MLP and 1D-CNN) show that the SET-SVD has
the capacity to extract more accurate information than the STFT. The 1D-CNN model is suitable for a fast
and accurate patient-specific EEG classification.
© 2023 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license
(http:f{creativecommons.org/licenses/by-nc-nd/4.0/

1. Introduction

this study customizes experimental methods to individual patients’
EEG signals (patient-dependent).

Epilepsy is characterized by aberrant brain activity that results
in seizures or episodes of abnormal behaviors, sensations, and oc-
casionally loss of consciousness. If epileptic seizures can be pre-
dicted in advance, unfortunate consequences for the patient can
be mitigated. One important area of seizure prediction research is
feature extraction and classification based on electroencephalogra-
phy (EEG) signals, which are various electrical activities measured
across the scalp using small metal discs (electrodes). While some
EEG-based seizure prediction algorithms are patient-independent,

* Corresponding author.
E-mail addresses: jeera@usq.eduau (J.S. Ra), Tianningli@usq.edwau (T. Li),
Yan Li@usq.edu.au (YanlLi).

https:/fdoiorg/10.1016/j.cmpb.2023.107678

Signal processing is employed in many applications to provide
underlying information on specific problems so that useful fea-
tures can be extracted. There has been intensive research on the
time domain, frequency domain and time-frequency domain for
EEG signal analysis. Time domain analysis often is not sufficient for
obtaining all useful information. Frequency domain analysis gener-
ates only spectral information about the signal but not the time-
domain information at the same time. Therefore, EEG data in the
time domain are often transformed into the time-frequency (TF)
domain using various different methods, such as short-time Fourier
transform (STFT) [1], wavelet analysis (WA) [2,3] or multiresolution
Fourier transform (MFT) [4]. However, despite decades of develop-
ment, the TF analysis method has been constrained by the Heisen-

0169-2607/© 2023 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)

39



40



JS5 Ra T Li and Yanli

SET

Reading and
sampling signals
from normal
periods (Figure 2)
STFT
Raw epileptic
EEG signals
Reading and =
sampling signals
from pre-ictal
periods (Figure 2)
STFT

Computer Methods and Programs in Biomedicine 240 (2023) 107678

SvD \
combine! l
Compare
1D-CNN *
SVD
Y
combin Compare
/ A

1D-CNN

Fig. 1. The main processing diagram of the proposed methodology.

Table 2

The characteristics of each patient and the patient’s information data used in this paper

[20].

Recording Number of Length of records
number Patienl ID  Gender  Age seizures (Hours)
chb01 11 F 11 7 45.00
chb02 2 M 11 3 39,57
chh03 3 F 14 7 57.87
chb04 1 M 22 1 15441
chb05 5 F 7 5 38.09
chb06 6 F 1.5 10 89.25
chho? 7 F 145 3 67.23
chb08 8 M 35 5 26.38
chb09 9 F 10 4 65,92
chh1n 10 M 3 7 7249
chb11 11 F 12 3 7330
chb12 12 F 2 10 NA!
chb14 11 F 9 8 A1.50
chh15 15 M 16 20 62,29
chb16 16 F 7 10 17.03
chh1? 1T F 12 3 3411
chb18 18 F 18 3} 62,85
chb19 19 F 19 3 61.58
chb20 20 F 6 8 4143
chb21 1-2 F 13 4 55.71
chb22 21 I 9 3 1593
chb23 22 F 6 7 70,90

! Not available. Not specified.

proposed method on the two publicly available databases (Bonn
and CHB-MIT). The information about the two databases is pro-
vided below.

3.1.1. CHB-MIT database

EEG recordings of pediatric patients with uncontrollable
seizures are available in the CHB-MIT databasc [16]. Twenty-four
recordings were collected from 23 patients (5 males (ages 3-22)
and 17 females (ages 1.5-19)}; information for Patient 1D 23 is not
specified). Recordings chb01 (Patient [D 1-1) and chb01 {Patient ID
1-2) were obtained from the same female patient. A single record-
ing is represented by nine to forty-two continuous .edf files (chb01,
chb02, or others). Patients were monitored for up ta several days
after stopping anti-seizure medication in order to describe their
cpileptic scizures and determine whether they were a good can-
didate for surgery. In this study, 22 out of 24 recordings are an-
alyzed, Two recordings {chb13 and chb24) are excluded from this
study because they are unsuitable for experimentation due to fre-

quent channel changes during the EEG recording; Table 2 provides
information about 22 recordings.

3.1.2. Bonn database

This EEG database is publicly available and provided by the Uni-
versity of Bonn as acquired by Andrzejak et al. [21]. It consists of
five datasets: A, B, C, D, and E, Each dataset consists of 100 single-
channel EEG files with a duration of 23.6 seconds and a total of
4097 samples as shown in Table 3, 12-bit analogue-to-digital con-
verters sampling at 173.61 Hz were usced. The EEG databasc con-
sists of 5 classes x 100 files x 4097 data points (23.6 seconds).

3.2, Epileptic EEG data pre-processing

Four stages are commonly used to categorize epileptic EEG sig-
nals: normal, pre-ictal, ictal, and post-ictal periods (Fig. 2). To avoid
a relatively high ratio of normal period data in the classification,
the normal to pre-ictal training/testing data ratio is capped at 10:1
[20]. One issue with seizure prediction studies is how to select
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Table 3
The descriptions of each dataset in the Bonn University database [21].

Computer Methods and Programs in Biomedicine 240 (2023) 107678

Number of files
(duration in

Dataset  File name Subject details Description seconds)
A 2001.txt to Z100.txt Five healthy subjects (normal)  Surface EEG recordings with eyes open 100 (23.6)
B 0001.txt to 0100.txt Surface EEG recordings with eyes closed 100 (23.6)
C NOOL.txt to N100.txt  Five epilepsy patients EEG readings of hippocampal formation in the hemisphere 100 (23.6)
opposite the epileptogenic zone. Recorded during seizure-free
periods.
D FOO1.txt to F100.txt EEG recordings of the epileptogenic zone. Recorded during 100 (23.6)
seizure-free periods.
E S001.txt to S100.txt EEG recordings of epileptic seizure activity from the 100 (23.6)

hippocampal focus.

Pre-ictal Period
00:50:00-00:39:59 (10min)

Normal Period
00:00:00-00:49:59 (50min)

Ictal Period
01:00:00-01:00:59 (1min)

Post-ictal Period
01:01:00-01:31:00 (30min)

|}
"r"'n'Lu"l.'ﬂ"T&'
!

Fig. 2. An example of EEG signals sampling (Padent ID 1-1, channels of FP1-F7, F7-T7, T7-P7 and P7-01). The red windows are the sampling signals (2.8 seconds of length in
normal and pre-ictal periods). Yellow linesfwaves over time show the activity from the EEG signals at the normal period (50 min), pre-ictal (10 min before the ictal period
starts), ictal {1 min) and post-ictal (30 min after the ictal period) periods. The patient was an 11-year-old female. The recording rate is 256 Hz. The vertical scale is 50 pV.

pre-ictal EEG signal recording segments. The time between a prog-
nostic symptom of a seizure and the start of a seizure is defined
as the seizure prediction horizon (SPH), which has been reported
to be between a few minutes and several hours. For both training
and testing datasets, the SPH in this study is set at 10 minutes (2.8
seconds in duration). Therefore, pre-ictal samples are collected 10
minutes before seizure onsets. Data samples for a normal period
{(in 2.8-second duration and one-hour interval) are randomly se-
lected in between pre-ictal and post-ictal periods (30 min after a
seizure) (Fig. 2).

However, the SPH cannot be applied to the Bonn database be-
cause its ictal (dataset E) and non-ictal (dataset A-D) recordings
are separated. Regarding the EEG signals from any specific area on
the scalp, all electrode channels attached to the scalp are equally
weighted, and EEG signals from all channels are evenly used.

3.3. Short time Fourier transformation (STFT)

STFTs are widely used for denoising time-dependent signals.
The Fourier transform (FT) of function f{x) is function Fw), where:

Fw)= [ fooeax (1)

foo=2m / Flo)e “ide (2

The fast Fourier transform (FFT) is a fast algorithm for comput-
ing the discrete FT. The FFT is a method for converting a signal’s
information into its frequency information where the time infor-
mation cannot be recovered after the transformation. The STFT of
a signal consists of the FFT of crossing windowed blocks of the
signal (Fig. 3). The STFT, however, provides both information in a
time-frequency domain as shown in Fig. 3. This study sets the win-
dow length as the FFT length, which is 10, and the overlap length
is 5.

3.4. Synchroextraciing transform (SET)

For a complex signal s(t), which is the sum of n non-stationary
modes, its expression is as follows [9]:

s(t) = iskm :i,{@ew,ﬁm (3)

k=1 le=1

where ¢’ 1(1) - @W(1) = 2A, 5, Ay, ¢, denote the ky, mode, the
corresponding instantaneous amplitude, and instantaneous phase,
respectively. ¢y is the first-order derivative of ¢, and denotes in-
stantaneous frequency; A is the frequency support of a window
function. The STFT representation of Ge(t, @) for the original sig-
nal s(t), which forms the foundation of the SET, is displayed in the
following form [9]:

Ge (t, ) = Y AOF(w— ¢k (0))e"" (4)
k=1

where ¢ denotes the Fourier transform of the window function g,
g € [3(R). According to Eq. (4), the instantaneous frequency can be
calculated by

qu(t, W) = g(pfk(t, w) :4% (5)

Yu et al. (2017) developed an operator to only retain the time-
frequency information from the STFT representation that is most
related to the time-frequency characteristics of the target signal,
which may remove the irrelevant interference and smeared time-
frequency energy. The formula for the SET [9] is:

L(t, ®) = G(t, @)d{w - ¢'(t, ) (6)
where

1, w=¢tw
w -9 = 7
(a) 2 a))) 0, else @)

bl
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Epileptic EEG signals
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FFT of segment
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Fig. 3. The STFT of a signal consists of the FFT of crossing windowed blocks of the signal,

which is the synchroextracting operator (SEQ), According to Eqs,
(5) and (6), Teft, &) in SET can be deduced through Eq. (7) [9]:

Tork: m)|¢‘—ZL1 @lty=0 =Ge (s o) |a

0~ T #(0)-0
n
) AD)g(0)e (8)
k=1
In this way, a sharper time-frequency representation than the
STFT can be obtained, and instantaneous frequency (IF) with a
highly precise degree can be extracted.

3.5, Singular valie decomposition of synchroextracting transform

The singular value decomposition {(SVD) was developed by Eu-
genio Beltrami and Camille Jordan in 1873. An SVD is a matrix fac-
torization into three matrices, It has intriguing algebraic properties
and transmits essential geometrical and theoretical insights regard-
ing linear transformations [22]. An SVD of an M x N matrix X, rep-
resenting the SET values (Section 3.4) of the EEG signals is given
by

X=Usv' (9)

where UM x M) and V(N x N) are orthonormal matrices, and § is
an M x N diagonal matrix of singular values {o;=0 if i % j and
> (). The columns of the orthonormal matrices U
and V are called the left and right singular vectors, respectively.
An important property of If and V is that they are orthogonal to
one another. The singular values (o;;) represent the significance of
singular vectors in the matrix's composition. In other words, sin-
gular vectors corresponding to larger singular values contain more
information than other singular vectors regarding the content of
patterns embedded in the matrix, In this study, 10 singular values
(SET-SVD) are sclected and employed.

Ty = T3 =

3.6. Neural networks-based classification

Neural networks (NNs) process information using a mathemat-
ical or computational model, which is a network of simple pro-

cessing elements capable of complex overall performance, as de-
termined by the connections between processing elements and el-
ement parameters. This study applies two types of NNs, a multi-
layer perceptron (MLP) and a convolutional neural network (CNN)
to classify normal and pre-ictal stages of the STFT (Section 3.3) or
SET-SVD (Section 3.5) of epileptic EEG signals.

3.6.1. Multi-layer perceptron (MLP)

The MLP, in this research, is learned using the backpropagation
algorithm, where the errors of the hidden layer units are deter-
mined by back-propagating the errors of the output layer units. Its
network consists of an input layer, a hidden layer, and an output
layer. The activation function of the hidden layer is the sigmoid
function, and its equation is given below.

E?l

1
S(X): — m

Tre* (10)

Fach connection between a node in the hidden layer and a node
in the input layer has a weight. The backpropagation technique re-
peatedly modifies the weights of the links in the network to re-
duce the difference between the expected output vector of the net-
work and the predicted output vector [23]. Each layer has a cost
function, which is designated as follows and has its own least min-
imum error value:

C=cost (s, ¥) (11)

where s is a predicted output value and y is an expected output
value. The following describes the backpropagation algorithm to
minimize the cost function:

1. The initial values of weight (w) and bias (b) are randomly cho-
sen,

2. wand b are matrix representations of the weights and biases.
Derivative of C in w or b can be calculated using partial deriva-
tives of C in the individual weights or biases,

3. The termination cendition is met once C is minimized to a
threshold.
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Fig. 4. (a) and (c) In 1D-CNN, the convolutional layer's kernel slides along one dimension; (b) In 2D-CNN, the convolutional layer's kernel moves along two dimensions.

Table 4
1D-CNN Structure Information.

Table 5
The confusion matrix of the classification performance of pre-ictal/normal pe
riod signals,

1D-CNN Model Number of

structure layer Kernel size  Activator ~ Output shape  parameters True pre-ictal period  True normal period
Convolutional 1D 2 Relu 229 < 64 192 Predicted pre-ictal period A B

Dense - Relu 229 < 16 1040 Predicted normal period € D

Max Pooling 1D 2 114 < 16 0 -

Flatten 1824 0 Acm_r.?c_y =(A+D)/ (.l_\ +B+C+D).

Dense softmax 3 5475 Sensltivity=A / (A+C)

3.6.2. 1-dimensional convolutional neural networks {1D-CNNs)

CNNs are a subclass of neural networks, which have at least one
convolutional layer. Like MLPs, CNNs consist of an input layer and
an output layer, and hidden layers. The main benefit of employing
a CNN is that it can use its kernel to retrieve spatial information
from the data. In 1D-CNN, the kernel slides along one dimension
instead of two dimensions as shown in Fig. 4.

In this research, the first step of the 1D-CNN model is to re-
arrange the input data by creating one-dimensional vectors from
cach row of the input data, The input data dimension, 1430 x 230,
is composed of 1430 steps with 230 features per step. And then,
one convolutional layer, two dense layers, one max-pooling 1D
layer and one flattened layer are added into the model structure.
The convolutional layer consists of kernels that slide through the
1-dimensional data. The pooling layer (max-pooling layer in this
study) is used to decrease the size of the convolutional layer out-
puts. This step involves sliding a window to take the maximum
values in each window. The rectified linear unit activation function
(ReLu) is used in the dense layer which is also called a fully con-
nected layer. A summary of the proposed 1D-CNN model structure
information is listed in Table 4, Kernel and max-pooling have a size
of 2 and are used to decrease the size of neurons to 114 x 16,

4. Experimental results

The EEG signals are successfully decomposed by the SET-SVD
and STFT, and they are classified into two groups of data, pre-ictal
period and normal period. The scalograms illustrate that the SET
method can generate more energy-concentrated TF results than the
STFT (Fig. 5).

The efficiency of a seizure prediction algorithm (detecting pre-
ictal signals) is determined by the accuracy, sensitivity, and speci-
ficity. Sensitivity is the percentage of the true pre-ictal prediction,
and specificity is the percentage of the true normal period predic-
tion (Table 5).

Specificity =D [ (B + D).

4.1. The CHB-MIT database

Table 6 presents the performance of the STFT and SET-SVD
based on the MLP, and 1D-CNN classification tested using the 22
recordings in the CHB-MIT Scalp EEG Database. 720 datapoints
(2.8 seconds of duration) are selected from each file. However,
some files are excluded because interictal signals should be at least
one hour ahead or after ictal signals. In addition, pre-ictal signals
should be between suitable interictal signals. As the result, the to-
tal number of the data points is 5464800. 70% of the data are ran-
domly selected for training (3825360 samples) and the remaining
30% are used for testing (1639440 samples). Fig. 6 illustrates the
accuracy, specificity, and sensitivity of the related articles for com-
parisons.

In the MLP classification, the average accuracy by the SET-SVD
is 94.73%, and that of STFT is 89.73%. The sensitivity and speci-
ficity of the MLP with the SET-SVD are higher (average 96.85%
and 88.51%, respectively) than those with STFT (average 94.44%
and 77.09%, respectively). The accuracy, sensitivity and specificity
of the SET-SVD are improved by 5.0%, 2.41% and 11.42%, respec-
tively, The average false positive rates (FPR) by the SET-SVD and
STFT are 10.59% and 22.21%, respectively (average FPR=1 - aver-
age specificity).

Based on the 1D-CNN, the average accuracy by the SET-SVD is
99.71%, and that of STFT is 91.59%. The sensitivity and specificity
obtained by the 1D-CNN with the SET-SVD also show a higher rate
(average 99.75 % and 99.56 %, respectively) than those with the
STFT (average 93.51% and 85.65%, respectively). On average, the ac-
curacy, sensitivity and specificity by the SET-SVD are increased by
8.12%, 6.24% and 13.91%, respectively. The average FPR by the SET-
SVD and STFT are 0.44% and 14.35%, respectively.

Fig. 6 shows the comparison of the classification results by the
proposed method and the methods from the reviewed studies that
also applied the STFT and CNN to the CHB-MIT database. The p-
values also confirm that the classification performances using the
SET-SVD are significantly higher than those using the STFT (at p <
0.05) (Table 6).
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(a) SET (channel 10 in Patient ID 2) (b) STFT (channel 10 in Patient 1D 2)
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Fig. 5. Scalograms of the SET (a), (¢} and STFT (b), {d) transform results. x-axis: time {1/256 seconds), y-axis: frequency {Hz). (c) and (d) are enlarged by zooming in of one
sector of {a) and (b).

Table 6
The performance of the SET SVD and STFT based on the MLP, and 1D CNN classification tested on 22 recordings,

MLP 1D-CNN
Patient 1D Accuracy (%) Sensitivity (%) Specificity (%) Accuracy (%) Sensitivity (%) Specificity (%)

SEI-SVD SIFY SLT-SVD SITT SEI-SVD SIIT SEI-SVD SIFT SEI-SVD SITT SET-SVD STIT
1-1 93.84 93.99 8747 9698 9117 8735 100 98.9 100 99.08 100 98.54
2 99.59 96.89  99.87 97.19 9862 9545 100 98.71 100 99 100 97.7
3 9836 89.19  99.26 95.26 9394 70.04  99.83 92.9 99.84 95 99.76 86.16
4 97.01 83.87 9895 99.77 9107 28.8 99.75 99.1 99.77 100 99.67 95.76
5 93.5 88.83 978 9217 1617 7241 9985 8893 99.84 92,01 99.89 68.15
6 97.11 86.99 96,94 93.67 9735 1167 99.69 89.32 99.74 90,97 99.62 87.22
¥ 9199 89.78 9522 89.38 8991 91.2 99.61 88.89 9963 9306 9954 7643
8 98.05 96.34  98.76 96.83  96.79 9552 99.8 98.34 9995 98.25  99.55 98.51
9 97.78 9145  99.15 99.81  94.89 5263 99.66 96,27  99.81 97.4 99.01 90.48
10 89.74 84.2 97.18 94.81 7556 64.58  99.87 8241 9988 85,61 99.85 75.51
11 98.26 90.68  99.35 9.17  93.06 7326 99.65 89.71  99.77 93.01  99.08 73.26
12 98.52 96.5 99.39 97.17 9721 95.6 99.63 97.2 99.54 96.62  99.77 97.92
14 9593 81.8 86.93 9528 9528 7101 9975 7981 99.72 86.67  99.81 65.55
15 8941 7636 9526 86.39 8639 4504 9938 8463 9947 89.06 9926 77.69
16 94,62 77.06 82.83 87.33 8733 62,96 99,57 77.60 99,65 82.85 99.39 65.55
17 94,33 9437  98.17 8179 8179 8346  99.46 95,15 99.74 95 9861 95.65
18 92,77 94,04 9596 84,58 8458 8764  99.72 9198 99.83 9332 9933 86.79
19 96.62 99.01  98.84 88.16  88.16 100 99.89 100 99.87 100 100 100
20 9298 91.73 9337 84.05  84.05 100 100 98.89 100 100 100 96.11
1-2 873 8528 9355 80.25 8025 60.92  99.58 83.55  99.57 8845  99.59 69.32
21 96,49 94,56 94.24 87.04 8704 9549  99.73 95.53 99,79 97,06  99.53 91.49
22 96.11 8811 9139 95,72 9572 85 99,17 87.18  99.18 84,86  99.15 89.57
Mean 95.01 89.73 9685 9444 8941 77.09  99.71 91.59 99.75 9351 9956 85.65
standard 3.30 6.30 4.64 5.90 6.81 19.06 020 6.26 0.19 492 0.38 11.37
deviation
standard 0.70 1.35 0.99 1.26 145 4.06 0.04 137 0.04 1.07 0.08 248
error
p-value 0.00 0.02 0.01 0.00 0.00 0.00

A
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4.3 Links and implications

In this study, the classification processes for training and testing are tailored
to each patient due to the patient-dependent nature of epileptic seizure patterns.
Results from experiments conducted on two epileptic EEG databases, namely the
Bonn and CHB-MIT databases, reveal that SET can extract more accurate
information compared to STFT. Specifically, SET with 1D-CNN demonstrates nearly
100% accuracy, sensitivity, and specificity in predicting seizure status in both
databases.

The efficacy of 1D-CNN in this research is promising. In comparison to MLP, it
offers significantly faster computational speed (over 1000 times) and higher accuracy
(more than 10%). While experiments with 2D or 3D-CNN were not conducted in this
study, the literature review suggests that 1D-CNN would be faster (with 100 times
fewer parameters) and more accurate (1-10%) than 2D or 3D-CNN.

However, CNNs often demand substantial labelled data for effective training,
posing challenges in scenarios where obtaining extensive labelled datasets is
difficult. This can render training CNNs impractical, leading to potential struggles in
generalizing well to unseen data. Moreover, the intricate internal workings of CNNs
make interpretation complex, especially in fields like brain disorders where
interpretability is vital. The memory requirements of CNNs, particularly with EEG
data from many channels can be significant, limiting their deployment on devices
with constrained memory, such as edge or IoT devices.

As a result, upcoming research is turning to Sparse Representation (SR) and
k-Nearest Neighbors (k-NN) to manage the large volume of data inherent in EEG.
Despite the nature of EEG data, which is voluminous, this approach still achieves
high accuracy and swift analysis. SR's ability to quickly select sparse data, rather
than incorporating a vast amount of data in calculations, contributes to the efficiency

of the analysis.
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CHAPTER 5: PAPER 3 - EPILEPTIC SEIZURE PREDICTION
BASED ON SYNCHROEXTRACTING TRANSFORM AND
SPARSE REPRESENTATION

5.1 Introduction

The paper submitted to IEEE Access in 2024 highlights the importance of
feature extraction in EEG signal analysis for epileptic seizure prediction. It introduces
synchroextracting transformation (SET) and sparse representation (SR) to enhance
this process, overcoming limitations of traditional methods. The combined SET-SR
approach improves time-frequency resolution and achieves high classification
accuracy using the k-nearest neighbors algorithm (k-NN), with 99.48% on the CHB-
MIT database and 100% on the Bonn University database. These results showcase
the SET-SR model's effectiveness in detecting pre-seizure signals, advancing the

field of seizure prediction.
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- ABSTRACT Feature extraction is crucial in machine learning and EEG analysis, where raw data often
contains excess information. The prominence of machine learning has led to the development of numerous
feature extraction methods over the past decade. This paper introduces an efficient feature extraction method
that demonstrates superior experimental results. We employed the Synchroextracting Transform (SET) and
Sparse Representation (SR) for enhanced feature extraction in epileptic EEG analysis. SET is a recently
developed signal transformation technique, and SR effectively extracts information from multi-dimensional
data. Our goal is to enhance time-frequency (TF) resolution using the SET-SR method, which offers a
TF representation more concentrated with energy than traditional TF analysis methods. SR decomposes
SET multi-dimensional sub-signals to accurately predict epileptic seizures. The significance of this feature
extraction method was evaluated using a k-Nearest Neighbor (k-NN) algorithm, a traditional machine
learning technique. Applying the SET-SR with the k-NN, we achieved an average accuracy of 99.48%
on the CHB-MIT database and 100% accuracy on the Bonn University database in classifying pre-seizure
signals. The SET-SR effectively detects pre-seizure signals, showing promise for developing an efficient
patient-specific seizure prediction algorithm based on EEG data. Our findings demonstrate that enhanced
feature extraction can reliably identify pre-seizure signals with high precision, even when using classical
machine learning methods like k-NN. This research underscores the importance of feature extraction in
EEG signal analysis and suggests that diverse classification methods can be employed for real-time seizure
prediction while maintaining high accuracy.

: INDEX TERMS EEG analysis, synchroextracting transform (SET), sparse representation (SR), kNN,
epileptic seizure prediction.

L. INTRODUCTION

Due to the unpredictability of epileptic seizure activity and
the lack of effective treatments for people with drug-resistant
epilepsy, it is imperative to study accurate, sensitive, and
patient-specific seizure prediction. According to the gen-
eral classification of seizure stages, there are three types of
seizures: namely, interictal (normal), preictal (pre-seizure)
and ictal (seizure active). Meanwhile, seizure prediction is

The associate editor coordinating the review of this manuscript and
approving it for publication was Tony Thomas.

one of the most complex predictive signal analyses, as elec-
troencephalogram (EEG) signal fluctuations are tiny in the
microvolt range [1]. However, accurate seizure prediction
can be enabled by leveraging improved yet computationally
effective machine learning algorithms, optimized electronic
hardware, and reliable sensors. In this article, we pro-
pose an approach that can detect EEG pre-seizure signals
accurately without a complicated feature- extracting pro-
cess that may delay the alarm before the seizure episodes.
This research employs sparse representation (SR) and

© 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
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synchroextracting transform (SET) to analyze EEG signals.
The SR is compatible with capturing the sparsity of EEG sig-
nals and temporal dynamics [2], which involves expressing a
signal or data in few coefficients that are not equal to zero [3].
In other words, it represents data as a linear combination of a
few essential elements rather than many with varying degrees
of importance. One application of sparse representation is
in signal processing, where it can be used to compress and
reconstruct signals efficiently [4]. There are various methods
for obtaining sparse representations, including optimization
algorithms such as lasso [5], ridge regression [6], matching
pursuit [7], and the active set method [8]. These methods
work by minimizing the number of non-zero coefficients
needed to represent the data while also ensuring that the
representation accurately shows the data’s structure. Fur-
thermore, the SR can reduce computational complexity and
memory requirements by reducing the coefficients represent-
ing a signal or data, leading to faster and more efficient
algorithms [9].

EEG signals are sparse [2] and typically high-dimensional
and complex [10], [11], [12], [13], [14]. The SR can identify
and capture these sparse components, which can be important
for identifying relevant features and patterns in the data [2].
Thus, it can decrease the data’s dimensionality, making it
easier to analyze and interpret [15]. Also, EEG signals often
contain a large amount of noise, and the SR can filter out this
noise by identifying the signal’s most relevant and informa-
tive components [16].

The SET is a mathematical tool used to analyze signals
contaminated with noise or interference [17]. It is a relatively
new method that has been developed to address some of
the limitations of other signal processing methods, such as
Fourier transforms. The SET method works by identifying
and extracting the periodic components of a signal that are
synchronized with a reference signal while filtering out non-
synchronized components [18]. This characteristic can help
analyze signals with multiple periodic components, as the
SET method can selectively isolate and analyze each compo-
nent. The fundamental concept underlying the SET method is
to use a reference signal known to be synchronized with the
periodic components of the signal of interest. This reference
signal could be a simple periodic waveform, such as a sine
or cosine wave, or a more compl ex signal synchronized
with the specific periodic components of interest [18]. The
advantage of the SET method is that it can selectively extract
and analyze individual periodic components of a signal, even
when the signal is contaminated with noise or interference.
Therefore, the SET can efficiently uncover the subtle, hidden
patterns of EEG variations.

The primary findings of this research can be outlined as
follows:

« By employing the proposed method (SET and SR),
it becomes possible to achieve a high detection rate of
pre- ictal signals using only a limited number of epileptic
EEG signals.
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« The suggested approach significantly decreases compu-
tational classification time, thereby facilitating real-time
seizure prediction.

The rest of this paper is organized as follows. Section II
provides an overview of previous works related to seizure
prediction. In Section III, we describe the CHT-MIT and
Bonn University databases utilized in this study, along with
data preparation and the proposed signal transformation
techniques (SET and SR) and classification methods. Sec-
tion I'V elaborates on the experimental setup and presents the
results. The discussion of the research findings is presented in
Section V. Finally, Section VI outlines the conclusions drawn
from this study.

Il. RELATED WORK

According to Maimaiti et al., automated methods for seizure
prediction can be categorized into two groups: traditional
machine learning (TML) methods (for example, support vec-
tor machine (SVM), k-nearest neighbors algo- rithm (k-NN)
or linear discriminant analysis (LDA)) and deep learning
(DL) methods (for example, bi-directional long short term
memory network (Bi- LSTM), convolutional neural network
(CNN) or long short-term memory network (LSTM)) [19].
An increasing number of EEG analysis studies using DL
have been published lately, and 14% of them were to find or
predict seizures [20]. The most popular DL in recent years,
CNN-based research, achieved the specificity of the EEG
classification performance for seizure prediction in the range
of 86.13% [21] to 99% [22] (Table 1).

Feature extraction from EEG data has been pivotal
in enhancing the accuracy of seizure prediction models.
For instance, time-frequency analysis techniques like the
short-time Fourier transform (STFT) have been widely used
due to their ability to capture both temporal and spec-
tral information from EEG signals. However, traditional
approaches like the STFT often face limitations in resolving
non-stationary signal components [23], [24], [25], which are
critical for early seizure prediction.

Sparse representation (SR) has emerged as a power-
ful mathematical tool with extensive applications in signal
processing, including feature extraction for EEG analysis.
Although SR-based methods have primarily been explored
for seizure detection, their potential for seizure prediction
is promising. Li et al. introduced a seizure detection tech-
nique utilizing SR with online dictionary learning and elastic
net constraint, achieving significant sensitivity (95.45%) and
specificity (99.08%) in long-term intracranial EEG record-
ings [26]. Similarly, Peng et al. employed SR-based methods
for epileptic seizure classification, demonstrating high accu-
racy using a dictionary learning with homotopy (DLWH)
algorithm [27]. Other researchers, like Yuan et al., have
leveraged SR techniques with specialized kernels (e.g., log-
Euclidean Gaussian) to detect seizures, further underscoring
the versatility of SR in feature extraction [28].
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TABLE 1. Overview of the CNN-based research for seizure prediction.

Author (year) Methods

Wei et al. (2019) [21] CNN, LRCN !

Usman et al. (2021) [32] EMD 2, CNN, LSTM

Ergihaban & Balasubramanian (2021) CNN

Jana & Mukherjee (2021) [34] CNN

Zhang et al. (2020) [22] CSP 5, CNN

Sharan & Berkovsky (2020) [35] WT ¢, CNN

Li et al. (2020) [36] CNN, LSTM

Assali et al. (2023) [37] CNN

Shahbazi & Aghajan (2018) [38] CNN, LSTM

Ozcan & Erturk (2019) [39] 3D-CNN

Li et al. (2022) [40] Transformer  Guided
CNN

Khalilpour et al. (2020) [41] ID-CNN

Zhang et al. (2019) [42] CNN

Zhang et al. (2024) [43] MFCC-CNN

Quadri et al. (2024) [44] Stacked CNN-BIiLSTM

Dataset Accuracy  Sensitivity  Specificity
15 Clinical data Scalp EEG 93.40% 91.88% 86.13%
CHB-MIT 3 NA 93% 92.5%
CHB-MIT, SRM * 98% 99% 90%
CHB-MIT 99.47% 97.83% 92.36%
CHB-MIT 90% 92.2% NA
CHB-MIT 97.25% 97.25% 97.25%
CHB-MIT 95.29% 95.42% 95.29%
CHB-MIT 94.5% 92.8% NA
CHB-MIT NA 98.21% NA
CHB-MIT NA 85.7% NA
CHB-MIT NA 93.5% NA
CHB-MIT 97% 98.5% 98.47%
CHB-MIT NA 92.2% NA
CHB-MIT 96% 92% 84%
CHB-MIT NA 97.63% NA

1 Long-term recurrent convolutional network. 2 Empirical mode decomposition. 3 Children’s Hospital Boston (CHB) and the Massachusetts Institute of

Technology (MIT) Scalp EEG Dataset.

In addition to SR, synchroextracting transform (SET) has
recently gained attention for its superior performance in cap-
turing fine-grained temporal and spectral features from EEG
data. Although the SET has been relatively underutilized in
EEG signal analysis, preliminary studies, such as those by
Ra et al., indicate that SET-based pre-seizure classification
can outperform traditional STFT-based methods, offering
higher accuracy [29]. Jiang et al. and Rajinikanth et al.
also applied SET for epileptic EEG classification, achieving
impressive accuracy, specificity, and sensitivity rates of 99%
across various seizure stages [30], [31].

In summary, while machine learning classification meth-
ods play a crucial role in seizure prediction, the effectiveness
of these models is fundamentally driven by the underlying
feature extraction techniques. SR and SET, among others,
represent promising directions for enhancing the accuracy
and reliability of epileptic seizure prediction systems.

1ll. METHOD

A. DATABASE OVERVIEW

Over the past decade, extensive research on EEG-based
seizure prediction has been conducted, largely due to
the availability of open-access databases provided by
hospitals and research institutions [19]. This study uti-
lizes two well-known databases: the Children’s Hospital
Boston-Massachusetts Institute of Technology (CHB-MIT)
scalp EEG database and the Bonn University epilepsy
database, both of which are publicly accessible and widely
used for comparative research.

1) THE CHB-MIT DATABASE

The CHB-MIT database contains EEG recordings from pedi-
atric patients with intractable seizures, captured at a 16-bit
resolution and 256 Hz sampling frequency. Twenty-two out of
24 recordings from the CHB-MIT database were selected for
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analysis. Two recordings (chb13 and chb24) were excluded
due to frequent channel changes that affected data quality.
The database provides a comprehensive collection of record-
ings, as detailed in Table 2, for the study of seizure prediction

2) THE BONN UNIVERSITY DATABASE

The Bonn University epilepsy database consists of five
datasets (A to E) with 100 single-channel EEG segments
per dataset, each lasting 23.6 seconds [46]. These segments
were recorded with a 173.61 Hz sampling rate and passed
through a bandpass filter covering 0.53 Hz to 40 Hz. Table 3
summarizes the characteristics of each dataset.

B. FEATURE EXTRACTION
1) SYNCHROEXTRACTING TRANSFORM (SET)
The short-time Fourier transform (STFT) is a widely used
technique for analyzing non-stationary signals but suffers
from an equilibrium between temporal and spectral precision
trade-offs. It is difficult to accurately localize the frequency
content of a signal in time, especially for signals that exhibit
highly variable frequency content over time [47]. The SET
method offers a solution to this issue as the SET uses the
instantaneous frequency (IF) information to reassign the
STFT coefficients to their accurate frequencies [18], [48].
Ra et al. demonstrates that the SET method achieves higher
accuracy than the STFT method [29].

According to Li et al, calculating the STFT is the first step
of a SET method. Next, the IF is estimated as follows [49]:

S5 (n.0)

= Re —Lg— 3 S.n|>y

ay (n,1) = [4] | M
o, |Fmn|<y

y =+2log: N -o 2)

VOLUME 12, 2024

53



J. S. Ra et al.: Epileptic Seizure Prediction Based on SET and Sparse Representation

IEEE Access

TABLE 2. The features of each recording and the patient’s data [45] utilized in this study.

RECORDING ID AGE GENDER NUMBER OF SEIZURES LENGTH OF RECORDS (HOURS)
chbo1 11 F 7 45.00
chb02 11 M 3 39.57
chb03 14 F 7 57.87
chb04 22 M 4 154.41
chb05 7 F 5 38.09
chb06 1.5 F 10 89.25
chb07 14.5 F 3 67.23
chb08 3.5 M 5 26.38
chb09 10 F 4 65.92
chb10 3 M 7 72.49
chbll 12 F 3 73.30
chb12 2 F 40 NA!
chb14 9 F 8 41.50
chbl5 16 M 20 62.29
chb16 7 F 10 17.03
chb17 12 F 3 34.11
chbi8 18 F 6 62.85
chb19 19 F 3 61.58
chb20 6 F 8 4143
chb21 13 F 4 55.71
chb22 9 F 3 75.93
chb23 6 F 7 70.90

!. Not available

TABLE 3. The characteristics of each dataset within the Bonn University database.

Dataset Information about the Account of the recordings
subjects

Count of files (time in
seconds)

EEG recordings captured
individual’s eyes open

A Five individuals
without any health

from the surface with the 100 (23.6)

B CRMTHI S (el EEG recordings captured

individual’s eyes closed

from the surface with the 100 (23.6)

EEG recordings from the

hippocampal formation in the

from the hippocampal focus.

hemisphere opposite the region where seizures originate, 100 (23.6)
obtained during periods when no seizures were present
Five individuals - - .
D diagnosed with EEG readmgs fr01.n the. area where seizures (?rlglnate. 100 (23.6)
epilepsy Recorded during periods without any occurrence of seizures.
E EEG recordings capturing epileptic seizure activity originating 100 (23.6)

where N represents the length of the signal and o = median
(1§ (0. 1) — median (;ﬁ . z)) )/0.6745. @y (n, 1) is the IF
and 8‘7 (n,t) is the STFT within a sliding window g(¢) €
L%(R). Finally, the extraction of energy can be defined as
shown below.

Ter (n,1) = s{ (n, 1) & (n =&y (n, 1)) ©)
where 6(n —(Z)/ (n, 1)) is referred to as the synchroextracting
operator (SEO) and can be understood as:

I, n=ar(n1),
0, otherwise,

8(n—dy (n.1) = “
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From (4), the SEO solely extracts the time-frequency coef-
ficients at the instantaneous frequency (IF) position n =
& (1, 1) and the remaining is discarded. which derives the
following capability of extracting:

st0, n=dy @0,
0, otherwise,

Teg (n, 1) = (5)

As aresult, we can obtain a time-frequency (TF) represen-
tation that clearly shows the concentration of energy. Unlike
STFT, which may spread a signal’s energy across neighboring
TF bins, SET reallocates the energy to the correct TF bins
based on the instantaneous frequency. This process ensures
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that the energy is concentrated around the true frequency
components of the signal.

2) SPARSE REPRESENTATION (SR)

Generally, in mathematics, when many elements of a vector
or matrix are 0, it is termed to be sparse. SR deals with
sparse solutions for systems of linear equations. Supposing
100 datapoints from the SET dataset (Section B) are selected
to construct a training set, listing the features (2944 features in
this research) in rows with a column vector (2944 x 1) creates
a matrix whose size is 2944 x 100 (Figure 1). D in Figure 1
is called a dictionary. Each column vector in a dictionary
is called an atom. In this case, there are 100 atoms in the
dictionary. The principle of sparse representation (SR) entails
that a signal can be estimated by forming a limited and sparse
linear combination of atoms from a dictionary (Figure 1).

D= a;, a 8 - 8
(Dictionary)

2944 x 100

FIGURE 1. Dictionary structure of sparse representation. al, a2, a3 ...
a100 are called atoms.

The subsequent formulation of the SR model is as fol-
lows [50].

(b|D,x, k) =alx] +---+akxk +& =Dx+¢ (6)

where D, x, and k are the model parameters. b is a new
sample, x is a sparse coefficient vector, D is a dictionary, ai is
a dictionary atom, and ¢ is an error term (Figure 2).

The constraints imposed by the SR model are as follows:

1. The error term, denoted as &, follows a normal distribu-
tion with a mean of zero and a spherical covariance matrix.

2. The coefficient vector x is independent of the error
term ¢.

3. The distribution of the coefficient vector x must promote
sparsity.

4. Dictionary atoms are typically assumed to follow a
normal distribution.

The process of obtaining the sparse coefficients x, given
a new signal b and a dictionary D, is referred to as sparse
coding. SR can be approached through two primary methods:
(1) sparse coding, which involves obtaining the coefficients
x for a given signal using a fixed dictionary, and (2) dictio-
nary learning, where the basis vectors (dictionary atoms) are
learned from training data. In this study, the 11-non-negative
least squares (11-NNLS) sparse coding model is employed,
as shown below [50]:

I
56— Dx|13 4+ A" x subject tox > 0 7)
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[ x
a, a, a, 2,00 X4
Dx X2
‘e '
= T
X100
2944 x1 2944 x 100 100x 1

FIGURE 2. A sparse representation model example with 100 dictionary
atoms.

where A = % with covariance matrix ¢ and regularization
parameter y .
The SR procedure in this study is implemented as follows:
1. Dictionary Construction and Normalization: The train-
ing instances are first collected and normalized to form
a dictionary. The normalization technique applied is unit
12-norm, which is computed as follows:

lell = vaTx = /22 27 ®)

2. Sparse Coding: After normalization, sparse coding is
performed to estimate the sparse coefficients for a new signal.
This is achieved through non-negative quadratic program-
ming (NNQP) optimization, which minimizes the following
cost function:

|
min ExTHx + ng subjectto x > 0 9)

where g = —ATb + 1 and Hy . = ATA.

3. Optimization via active-set algorithm: The optimization
is conducted using an active-set algorithm [51]:, which fol-
lows this general procedure:

1. Identify a feasible starting point.

2. Iteratively solve the optimization problem until a satis-

factory solution is reached:

1. Approximate the solution for the current active set
of constraints.

2. Calculate the Lagrange multipliers for the active
set.

3. Remove any constraints associated with negative
Lagrange multipliers.

4. Check for and address any infeasible constraints.

3. Repeat the process until convergence.

This approach ensures the effective sparse approximation of
the signal, resulting in the extraction of sparse coefficients
that are critical for the classification and prediction tasks in
the context of seizure prediction.

C. SPH and SOP

Epileptic seizures can be classified into three states: interictal
(normal), preictal (pre-seizure), and ictal (seizure active). The
goal of this study is to distinguish between the interictal and
preictal states in epilepsy patients using SR coding applied
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to EEG data. For seizure prediction to be clinically useful,
there must be a sufficient interval between the prediction
alert and the actual seizure onset to allow for appropriate
intervention or safety measures. However, this interval should
not be so long that it increases patient anxiety [52]. Before
assessing the performance of seizure prediction models, it is
essential to define two key concepts: the Seizure Prediction
Horizon (SPH) and the Seizure Occurrence Period (SOP).
As outlined by Maiwald et al. [53], the SOP refers to the time
window during which a seizure is expected to occur, while the
SPH represents the time between the prediction alert and the
beginning of the SOP (Figure 3). For accurate predictions, the
seizure onset must occur after the SPH and within the SOP.
In this research, we use an SPH of 10 minutes and an SOP of
one hour to balance timely intervention with reducing patient
anxiety.

Interictal Pre-ictal Ictal

Seizure

Alarm Onset
. SPH . sop

I I 1

= ANV AVAVAVAVIVAVAVAVAVAVAVAT )

FIGURE 3. SPH and SOP on the timeline of epilepsy EEG.

D. SYSTEM EVALUATION

This study employs the k-nearest neighbors (k-NN) algorithm
to classify the sparse coefficient vectors generated by the
active set algorithm for new instances. The k-NN algorithm
works by calculating the distances between data points to
determine their proximity and predicting the class based on
the labels or values of the nearest neighbors [54]. Specifically,
the nearest neighbors for each test point are identified from
the training dataset, and the test point is classified based
on the majority vote of the k-nearest neighbors. Parameter
tuning, such as adjusting the value of k, is achieved through
cross-validation to optimize the model’s performance for the
given dataset.

The evaluation process involves four-fold cross-validation,
repeated over 20 iterations, in which the dataset is divided
into training and test sets. Following this, each new instance
is assigned a label (either interictal or preictal) based on the
classification outcome.

Table 4 presents four key evaluation metrics used to assess
the classification performance: accuracy (Acc), specificity
(Spe), sensitivity (Sen), and balanced accuracy (BAcc).

Additionally, the area under the curve (AUC) is pro-
vided as a measure of the model’s ability to differentiate
between classes. The AUC quantifies the degree of separa-
bility, indicating how well the model distinguishes between
different categories. A higher AUC reflects greater accuracy
in distinguishing between classes. The receiver operating
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TABLE 4. The performance metrics.

Metrics Formalism

Acc (TP'4+TN2) /
(TP+TN+FP3+FN*%)

Sen TP / (TP+FN)

Spe TN / (TN+FP)

BAcc (Sen + Spe) /2

' true positive (interictal), 2 true negative (preictal), ° false
positive, * false negative

characteristic (ROC) curve visualizes this by plotting the True
Positive Rate (TPR) against the False Positive Rate (FPR),
with TPR on the y-axis and FPR on the x-axis. An AUC value
of 0.5 indicates no ability to differentiate between classes
(random performance), while a value between 0.7 and 0.8 is
considered satisfactory, 0.8 to 0.9 is regarded as excellent, and
values above 0.9 are considered exceptional [55].

IV. EXPERIMENTS AND RESULTS

All the experiments are implemented on the same PC with
12th Gen Intel(R) Core (TM) i7-1255U 1.70 GHz processor-
based machine with 16.0 GB (15.7 GB usable) RAM using
MATLAB. Figure 4 depicts the proposed experimental pro-
cedure for predicting epileptic seizures.

A. CHB-MIT DATABASE

For a reliable evaluation, in each subject, 3 x 256 data
points from 23 channels in SPH (pre-seizure) are randomly
chosen, and 5 x 256 data points are also selected ran-
domly from 23 channels at the interictal (normal stage). Each
extracted data sample (8 x 256 x 23) is decomposed by
the Set algorithm to acquire the corresponding SET, and
then 2944 - 3456 features are generated. After that, a SET
dictionary matrix is constructed. The sparse coding performs
feature extraction from the SET. The sparse coefficients can
then be used for classification.

Once the classifier (k-NN) has been trained, it is applied
to the testing data to evaluate its performance. This process
involves applying the classifier to the test data and com-
paring the predicted class labels to the true labels. Finally,
the performance of the classifier is evaluated using met-
rics such as accuracy (Acc), specificity (Spe), sensitivity
(Sen), balanced accuracy (BAcc) and AUC. The k-NN clas-
sification results of the SET-SR for the EEG signals from
the 22 patients in the CHB-MIT Database are presented in
Table 5. Figure 5 exhibits the ROC curves of k-NN clas-
sification for the SET-SR from EEG signals of Recording
ID chb01 and chbl2. 5464800 data points were analyzed,
3825360 samples (70%) of them were randomly selected for
training, and the remaining 1,639,440 samples (30%) were
allocated for testing. In this research, the average Acc by
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FIGURE 4. The experiment process of the proposed method.

the k-NN classification is 99.48%. The average Spe, Sen,
and BAcc are 98.75%, 99.85%, and 99.30%, respectively.
The average AUC is 0.8529. The variances are so small
that they can be considered insignificant. The exceptional
results demonstrate that based on the SET-SR, the proposed
framework can effectively perform classification tasks for
epilepsy prediction with a high accuracy, which is closely
aligned with clinical practice. Figure 6 illustrates the Acc,
Sen, and Spe comparisons with the results from the relevant
studies [21], [22], [32], [33], [34], [35], [36].

B. THE BONN UNIVERSITY DATABASE

100 x 5 x 173 data points are selected randomly from
healthy subjects (A, B, or both), and 100 x 3 x 173 data
points are selected randomly from epilepsy patients during
seizure-free periods and seizure-active periods (C, D and E)
and. Table 6 presents the k-NN classification results based
on the SET-SR method for a combination of a set of exper-
iments (A:C, A:D, B:C, B:D, AB:C, AB:D, AB:E, CD:E,
ABC:E, and ABCD:E). Of 692000 samples, 484400 samples
(70%) were randomly selected for training, and the remaining
207600 samples (30%) were selected for testing. The average
Acc by the k-NN classification is 100%. The average Spe,
Sen, BAcc, and AUC are all 100%. The average computation
time for the classification is 2.7508 seconds. The ROC curves
by the k- NN classification based on the SET-SR for datasets
A, B, and C are illustrated in Figure 7.

The SPH is not applicable to the Bonn University datasets
because the ictal signals are recorded and stored as sepa-
rate, time-discrete files, meaning they do not include signals
within the SPH. The datasets are individually recorded
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without temporal continuity, limiting their use for seizure
prediction compared to databases like the CHB-MIT, which
have continuous recordings. However, we still used the Bonn
University database to complement our model alongside the
CHB-MIT database. The observed 100% accuracy is likely
due to each dataset being recorded from different individ-
uals, potentially making it easier for the model to identify
person-specific patterns rather than general seizure predic-
tors. Despite the lack of temporal correlation, tests on various
combinations of datasets can provide a high possibility of
seizure prediction ability.

V. DISCUSSION

Without using deep learning methods, this study success-
fully shows high interictal and preictal classification accuracy
using the SET-SR and k-NN methods. The STFT is a signal
processing technique that allows us to analyze a signal in
the time-frequency domain. One drawback of the STFT is
that the time-frequency resolution is fixed and depends on
the choice of the analysis window. For example, we obtain a
good time resolution with a short analysis window but a poor
frequency resolution, and vice versa. This trade-off is known
as the uncertainty principle [56]. One way to overcome this
limitation is by squeezing the STFT coefficients along the
contours of constant frequency in the time-frequency plane.
The SET method squeezes the STFT coefficients along the
contours of constant frequency, and it can achieve better
frequency resolution and concentrate the energy of the signal
around its actual frequency components, thereby improv-
ing the ability to analyze the signal in the time-frequency
domain [49].
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TABLE 5. The performance of the k-NN classification based on the SET-SR for the epileptic EEG signals from the 22 recordings in the CHB-MIT database
(note that: Recording ID chb13 and chb24 are excluded as mentioned in section IlI).

Sen. Spe.

chbo1 1.0000 0.9926
chb02 1.0000 0.9714
chb03 0.9992 0.9957
chb04 0.9969 0.9978
chb05 0.9992 0.9918
chb06 0.9961 0.987
chb07 1.0000 0.9905
chb08 0.9997 0.9991
chb09 1.0000 0.9421
¢hb10 0.9979 0.9974
chbll 0.9984 0.972
chb12 0.9996 0.9987
chb14 1.0000 0.9922
chbi5 0.9953 0.9961
chb16 0.9995 0.9922
chb17 0.9964 0.9744
chbi8 0.9951 0.9965
¢hb19 1.0000 0.9961
¢hb20 1.0000 0.9792
chb21 0.9995 0.9839
chb22 0.9953 0.9883
chb23 0.9995 0.9900
count 22 22
average 0.998527 0.9875
Variance, 02 0.000003 0.0002

However, the SET-based methods generate numerous
sub- signals that contain many zero values, which reduce
the accuracy of machine learning outcomes. A suitable
and effective solution to address this issue is the SR.
The SR retains only critical information and discards
redundant or irrelevant information, which enhances its
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Acc. BAcc mﬁ:n(:ﬁ:i) AUC
0.9972 0.9963 4.2517 0.9490
0.9918 0.9857 4.4503 0.8954
0.9979 0.9974 6.5653 0.7844
0.9972 0.9974 6.6943 0.8925
0.9964 0.9955 7.6127 0.7836
0.9922 0.9915 5.9232 0.8611
0.9964 0.9952 5.7754 0.9172
0.9995 0.9994 7.5463 0.7948
0.9834 0.971 6.0021 0.7998
0.9977 0.9977 5.9471 0.8882
0.9909 0.9852 6.3571 0.9135
0.9991 0.9991 8.2200 0.9418
0.9971 0.9961 5.8319 0.8033
0.9956 0.9957 4.1532 0.7184
0.9967 0.9958 9.6510 0.8586
0.9881 0.9854 4.3093 0.7543
0.9956 0.9958 4.1405 0.8356
0.9989 0.998 7.4632 0.9820
0.9922 0.9896 5.8349 0.9311
0.9937 0.9917 4.1687 0.8722
0.9927 0.9918 6.2783 0.8225
0.9959 0.9947 4.9566 0.7649

22 22 22 22

0.994827 0.9930 6.0061 0.8529

0.00001 0.00004 2.0972 0.0049

algorithm efficiency by reducing the processing of unim-
portant data. After reducing the dimensionality of the SET
sub-signals by SR, the k-NN classification results reached
an average accuracy of 99.48% for the EEGs from the
CHB-MIT database and100% for the Bonn University EEG
database.
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FIGURE 5. ROC curves (blue) by k-NN classification based on the SET-SR for recording ID chb01 and ID chb12

EEG signals in the CHB-MIT database.
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FIGURE 7. ROC curves (blue) by the k-NN classification based on the SET-SR for the Bonn University database.

Convolutional Neural Networks (CNNs) have been most
extensively applied in seizure prediction research due to their
high accuracy. However, CNNs may still face certain chal-
lenges. CNNs can be computationally intensive and require

187692

significant amounts of computing power and time to train.
This can make them challenging for large-scale datasets or
real-time applications [57]. In addition, CNNs are often seen
as “black boxes,” making it difficult to understand how they
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TABLE 6. The performance by the k-NN classification based on the SET-SR for the Bonn University database.

Compute  time

A:C 1.00 1.00 1.00
A:D 1.00 1.00 1.00
B:C 1.00 1.00 1.00
B:D 1.00 1.00 1.00
AB:C 1.00 1.00 1.00
AB:D 1.00 1.00 1.00
AB:E 1.00 1.00 1.00
CD:E 1.00 1.00 1.00
ABC:E 1.00 1.00 1.00
ABCD:E 1.00 1.00 1.00
count 10 10 10

Average 1.00 1.00 1.00

make their predictions, which can be a limitation in appli-
cations where interpretability is essential [58]. Conversely,
SR and k-NN make interpreting the data flow and under-
standing the underlying patterns easier because this approach
simplifies the identification of factors that contribute to a spe-
cific outcome by highlighting the most significant features.

VI. CONCLUSION

The k-NN classification results from this study confirm that
the SET-SR method is highly effective in extracting accu-
rate information from EEG data, supporting the potential
for real-time seizure prediction. This research aligns with
our primary objective of achieving a high detection rate of
pre-ictal signals using a limited number of epileptic EEG sig-
nals while significantly reducing computational classification
time. While CNN-based methods have been shown to outper-
form traditional ML algorithms in various studies [21], [59],
[60], the performance of a model is contingent on several
factors such as data quality, model complexity, and parameter
optimization.

Our findings suggest that when the signal analysis and
feature extraction methods are well-suited to the data, tradi-
tional ML techniques like k-NN can deliver high accuracy,
particularly in challenging tasks like seizure prediction. The
success of the proposed SET-SR method in achieving average
accuracy, specificity, sensitivity, balanced accuracy, and AUC
of 100% with the Bonn University database and 99.48%,
98.75%, 99.85%, 99.30%, and 0.8529, respectively, with the
CHB-MIT databases, demonstrates its potential.

To further enhance this research, future work could explore
integrating larger and more diverse datasets to improve model
generalizability. Investigating hybrid approaches that com-
bine traditional ML and deep learning techniques could also

VOLUME 12, 2024

(seconds)

1.00 1.8879 1.00
1.00 2.2233 1.00
1.00 2.5389 1.00
1.00 1.9601 1.00
1.00 4.3686 0.9994
1.00 3.5260 1.00
1.00 3.5858 1.00
1.00 41219 1.00
1.00 5.9867 1.00
1.00 6.7144 1.00
10 10 10
1.00 3.6914 1.00

yield better performance. Additionally, refining the feature
extraction process and optimizing model parameters could
further reduce computational time, making real-time

applications more feasible. Testing the method in
real-world clinical environments would be crucial to validate
its effectiveness in practical scenarios, ultimately advancing
the goal of reliable and timely seizure prediction.
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5.3 Links and implications

In this study, traditional machine learning (ML), specifically KNN classification
with the SET-SR method, demonstrated outstanding performance with 100%
average accuracy, specificity, sensitivity, balanced accuracy, and AUC on the Bonn
University database. For the CHB-MIT databases, the averages were 99.48%
accuracy, 98.75% specificity, 99.85% sensitivity, 99.30% balanced accuracy, and
0.8529 AUC.

The kNN classification results highlight the SET-SR method's ability to extract
highly accurate information from the data. Recent studies have compared CNNs and
traditional ML models in seizure prediction tasks, with CNNs often outperforming
traditional ML algorithms. However, a model's accuracy depends on factors like input
data quality, model size and complexity, optimization algorithm during training, and
parameter settings.

In certain scenarios, traditional ML algorithms like KNN may be more suitable
and efficient than CNNs, depending on the problem and available data. This study
emphasizes that, with appropriate signal analysis and feature extraction methods,
traditional ML techniques like kNN can achieve high accuracy in challenging areas
like seizure prediction. On the other hand, CNNs have notable memory
requirements, particularly with EEG data from numerous channels, limiting their
deployment on devices with constrained memory, such as edge or IoT devices.

Future research should focus on comparing seizure prediction models with data
in the real-time epileptic EEG measuring system, as this represents the ultimate goal

of seizure prediction research.
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CHAPTER 6: DISCUSSION AND CONCLUSIONS

6.1 Discussion and conclusions

The findings from the first paper (Chapter 3) highlight a significant 29.93%
improvement in epileptic EEG prediction rates through personalized channel
selection, with enhancements in accuracy (10.58%), sensitivity (23.57%), and
specificity (5.56%). In the SVM classification, utilizing selected channels results in
higher average accuracy (74.60%), sensitivity (69.51%), and specificity (73.14%)
compared to using all channels (67.46%, 56.25%, and 69.29%) for predicting
seizures. However, despite these improvements, channel selection in EEG analysis
for seizure prediction may face challenges such as variability in optimal channels
due to the individual's changing state over time. Additionally, selected channels may
be more susceptible to artifacts like muscle activity or electrical interference across
different epilepsy stages. Therefore, the channel selection method may add
complexities to the process of developing the seizure prediction models.

To overcome these challenges associated with channel selection, the next
study introduces a new signal transformation to replace entropy transformation and
employs 1D-CNNs without the channel selection step, resulting in a more
streamlined model. This study utilizes personalized classification processes tailored
to individual patients due to the patient-dependent nature of epileptic seizure
patterns. Experiments on the Bonn and CHB-MIT databases reveal that
synchroextracting transformation (SET) outperforms short-time Fourier transform
(STFT) in extracting more accurate information. Specifically, SET with 1D-CNN
achieves nearly 100% accuracy, sensitivity, and specificity in predicting seizure
status in both databases.

The advantages of 1D-CNN are clear, with its computational speed being over
1000 times faster and its accuracy more than 10% higher compared to multilayer
perceptron (MLP). Although 2D or 3D-CNNs were not tested in this study, previous
research suggests that 1D-CNNs would not only be faster, having 100 times fewer
parameters, but also more accurate by 1-10% than 2D or 3D-CNNSs.

While CNNs are highly capable, they face significant challenges in certain
areas. One major issue is their reliance on large amounts of labelled data; when

such data is limited, training becomes difficult, and their ability to generalize to new,
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unseen data is compromised. Additionally, the complex internal structure of CNNs
creates substantial interpretability problems, which is particularly problematic in fields
like brain disorder analysis, where understanding the decision-making process is
crucial. Furthermore, the high memory requirements of CNNs, especially when
processing multiple EEG channels, can hinder their use on devices with limited
memory, such as edge or IoT devices.

Chapter 5 focuses on overcoming the challenges of handling extensive EEG
data from real-time measurements by investigating sparse representation (SR) and
k-nearest neighbors (kNN). This method not only enhances the accuracy but also
accelerates the analysis process. The efficiency stems from SR's capability to rapidly
identify and utilize sparse data, minimizing the volume of data required for
calculations. The study demonstrated the remarkable performance of traditional
machine learning, particularly kNN classification using the SET-SR method. On the
Bonn University database, this approach achieved perfect scores, including 100%
average accuracy, specificity, sensitivity, balanced accuracy, and AUC. For the
CHB-MIT databases, the results were similarly impressive, with averages of 99.48%
accuracy, 98.75% specificity, 99.85% sensitivity, 99.30% balanced accuracy, and an
AUC of 0.8529.

Recent studies have highlighted the advantages of CNNs over traditional ML
models in seizure prediction tasks, with CNNs often achieving superior performance.
However, factors such as input data quality, model size and complexity, optimization
algorithms used during training, and parameter settings can significantly impact a
model's accuracy. Despite the success of CNNSs, traditional ML algorithms like KNN
can sometimes outperform CNNs in specific scenarios. These scenarios include
situations with limited labelled data, high-dimensional data, simple or linear
relationships, and the need for model interpretability. Additionally, traditional ML
models may be more suitable when computational resources are limited, making it
ideal for real-time applications.

The choice between traditional ML and CNNs should be based on the specific
characteristics of the data, the nature of the problem, and the available resources.
Hybrid approaches that combine traditional ML algorithms with deep learning
technigues can also be effective in certain situations. The kNN classification results

in this study demonstrate the SET-SR method's ability to extract highly accurate
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information from the data, showcasing its potential as a viable alternative or

complement to CNNSs in various contexts.

6.2 Future work

Future research should prioritize comparing seizure prediction models using
data from real-time epileptic EEG measuring systems, as this represents the ultimate
goal of seizure prediction research. These models must operate accurately in real-
world conditions, which involve continuous, dynamic data with numerous features.
The channel selection method offers significant benefits by making the equipment
more user-friendly for patients, and this research demonstrates higher accuracy
compared to results without channel selection. However, the process of EEG
channel selection requires extensive experimentation across various scenarios, such
as when patients are sleeping, awake, or actively moving. Each of these states can
significantly affect EEG readings, leading to variations in the effectiveness of seizure
prediction models. For instance, the brain's electrical activity during sleep is
markedly different from that during wakefulness or physical activity, which can
impact prediction accuracy. Understanding how channel selection performs under
these diverse conditions is crucial for developing robust and reliable models that can
adapt to the dynamic nature of real-world applications. This knowledge will help
optimize channel selection strategies, ensuring that the models remain effective
regardless of the patient's state.

In future research, real-time seizure prediction may require a hybrid approach
that combines various feature extraction methods and effective machine learning
techniques tailored to different situations and individuals. Traditional ML algorithms
offer the advantages of interpretability and computational efficiency, while deep
learning techniques excel in feature extraction and pattern recognition. By integrating
these approaches, researchers can develop models that are both powerful and
adaptable to diverse conditions and patient-specific needs. Leveraging the strengths
of each methodology, hybrid models can achieve higher accuracy and maintain
robustness across various conditions. For example, during real-time EEG
monitoring, the brain's electrical patterns can change considerably depending on
different physiological states. A hybrid model can adapt to these variations more

effectively than a single-method approach.
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Moreover, hybrid approaches can balance the need for interpretability, crucial
in medical applications, with the computational efficiency required for real-time
deployment. This balance is essential because medical professionals must
understand and trust the model's predictions, particularly regarding critical decisions
like seizure prediction. At the same time, the models must operate efficiently on
devices with limited processing power, such as 10T devices. Therefore, hybrid
models, which combine the strengths of different machine learning techniques,
ensure that seizure prediction remains practical and reliable, even in environments

with constrained computational resources.
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APPENDIX

Programming methods for each research paper are saved in the following

addresses:

Paper 1: https://github.com/nicki1l228/paperl/tree/main
Paper 2: https://github.com/nickil228/Paper-2/tree/main
Paper 3: https://github.com/nickil228/Paper-3
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