Case Report

Journal of MAR Neurology (Volume 3 Issue 2)

An investigation on detection and classification of EEG signals in
Epilepsy using Complex-Valued Neural Networks based Machine
learning and Deep learning models
Dr. Seyedeh Haniyeh Mortazavi *, Dr. Abdul Khader zilani shaik1 Dr. Omid Zare Bezkabadi 2,
1. Dali university ,China
2. Shiraz University of Medical Sciences, Shiraz.
Corresponding Author: Dr. Seyedeh Haniyeh Mortazavi, Shiraz University of Medical Sciences,
Shiraz, Iran
Copy Right: © 2021 Dr. Seyedeh Haniyeh Mortazavi. This is an open access article distributed under the Creative
Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly cited.

Received Date: July 27, 2021
Published date: August 01, 2021

Abstract
Diagnosing epilepsy with the electrical properties of EEG signals obtained from the brains of test
subjects is a challenging task for researchers and neuroscientists due to the unsteady and erratic
nature of EEG signals. Because epileptic EEG signals contain a great deal of information about the
functional behavior of the brain, it is difficult to distinguish the complex and core network of EEG
signals without considering the strength between the nodes because they relate to each other based
on these strengths. Previous research on natural vision has not addressed this issue in epileptic
seizures, although having a visual representation of signals is a very important key point.
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Introduction
The whole process of the methods used for automatic detection can be divided into a number of separate
processing modules: preprocessing, feature extraction, selection and classification.
Basic operations in the preprocessing phase include signal / image acquisition, artifact removal,
averaging, thresholding, signal / image amplification, and edge detection. Because signal / image
acquisition contributes significantly to the overall classification results, accuracy is very important. The
properties extraction module processes the markers. The feature selection module is an optional step in
which the feature vector is reduced in terms of classification only in terms of size, what may be
considered as the most important feature needed for differentiation, the final step in the automatic
detection of the classification module. The input property vector is examined by the classification module
and generates a proposed hypothesis based on its algorithmic nature.

Epilepsy is the most common chronic neurological syndrome in the world after Alzheimer's disease and
stroke. According to the World Wide Web, about 50 million people worldwide have epilepsy and suffer
from recurrent and unpredictable seizures [1]. The main root of epileptic seizures is the proportional
activity of large groups of nerve cells in the brain. Epilepsy syndrome leads to a range of short-term
changes in cognition and behavior [2]. In addition, the epileptic patient always has stress and mental
anxiety accompanied by unknown seizures. For anticonvulsant medication, the diagnosis of epilepsy
syndrome is very valuable because it provides information about the root cause. EEG is one of the main
biomarkers that can measure voltage fluctuations in the brain, and analyzing EEG data helps to evaluate
a patient with epilepsy syndrome because epilepsy leaves its signature on EEG signals. Because EEG
data are time series, most epilepsy diagnoses are performed using time series analysis methods rather
than linear methods. Nonlinear methods are linear methods for analyzing time series data including
analysis. And frequency analysis, for example from Fourier analysis to wavelet evolution [3] - [5].
Nonlinear methods include calculating Lyapunov symbols, entropy, and relationship dimensions [6] [8]. However, these methods are not able to maintain all the characteristics of EEG time series data such
as instability, chaos [10]. Hence, there is ongoing research into the development of new techniques that
can detect the epileptic system while retaining important information and provide more information
about epileptic EEG signals. Because EEG signals are nonlinear and turbulent in nature, traditional
linear methods are not sufficient to display epileptic EEG data [9] - [11]. This motivates us to use a
sophisticated networking technique to diagnose epilepsy.
In 2006, Zhang and Small introduced the concept of time series mapping to the complex network and
discovered that the complex network is an alternative way to visualize hidden patterns in time subsets.
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The existence of different behaviors (chaotic or fractal) of time series can be detected using different
network measurements, because the statistical features of the network can be used to obtain
information in time series. Nowadays, the complex network and graph theory approach is becoming an
emerging field for diagnosing various brain disorders [14]. The complex network approach introduces a
new direction in the field of neuroscience to identify brain abnormalities by examining changes in the
characteristic characteristics of the complex EEG network. The existence of multiple time series
behaviors is distinguished by the use of different network features because different time series have
different statistical properties.
In 2008, Lucas et al. [15], a visual diagram for mapping time series data to a complex network, shows
that the visual diagram can inherit several nonlinear features of time series. In 2010, the visual diagram
algorithm was first applied by Ahmadlou et al. [16], for the diagnosis of a brain disorder called
Alzheimer's syndrome, and they achieved very promising results. Since then, many researchers and
physicians have used this visual diagram algorithm to diagnose epilepsy [17], [18] but their proposed
methods have limitations because they do not take into account the important fact that in the network,
links are points. They have different strengths and all network nodes are connected to each other based
on this power. Zhu et al. [19] introduced the concept of weight in a complex network for the diagnosis
of epilepsy, but they implemented this on a horizontal vision chart, which is a sub-chart of the vision
chart. Also, they did not explicitly indicate in which criteria Edge weight function and how it helps to
detect sudden fluctuations in epileptic EEG signals. Therefore, by addressing the limitations of existing
methods, we develop an algorithm by considering the weight of the new edge for the natural vision
diagram in a complex network.
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Method:
In this study, we introduce a new method in epileptic EEG signal detection to determine the edge weight
between two nodes using radian function. After converting EEG signals into a weighted graph, two
important features of a network: modularity and average weight are extracted from the weighted graph
as a feature. The reason for considering these two features is very prominent in order to obtain valuable
information about time series obtained by analyzing the structural pattern of complex networks. Finally,
the feature set extracted by two popular machine learning methods is tested: SVM and KNN. In previous
research [20], we developed different edge weight methods in the complex network to diagnose epilepsy
syndrome. In that method, we considered the nature of the observations as an edge weight for the visual
diagram in a complex network. We extracted only one feature: the weighted average degree of complex
network weighted graph in that method [20], which may sometimes not convey all the important
information of the complex network. Experimental evaluation of that method is only a case study: set A
versus set E of the data of the University of Bonn. Addressing the issues, this study examines an
advanced method for the method of diagnosing epileptic seizures that is evaluated by four case studies.
Be. Experimental results prove the compatibility of the proposed method in this paper. To our
knowledge, the concept of edge weight in vision charts with modularity and average weight in the
diagnosis of epilepsy is completely new and has not been used before.
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Epileptic EEG data are nonlinear in nature and show this nonlinear nature of multi-fractal behavior
[21]. Diagnosis of epilepsy abnormalities from the complex network of EEG signals is possible by
retrieving comprehensive information from their structure. The most promising method of decomposing
EEG networks is into a group of highly interconnected nodes called clusters, which use a suitable
function, which helps to distinguish different types of EEG signals. Modularity and average weight are
the most promising features for this purpose. In this study, we introduce a new method for diagnosing
epilepsy by mapping the EEG signal in a weighted network called the WVG weight vision chart. Then
two statistical features of the network called modularity and the average weight of the network as a
feature are extracted and the classification test is performed on different EEG datasets using the two
most famous machine learning classifications called SVM and KNN. Experimental results with 100%
accuracy in classifying EEG signals The set of epileptic activities of epilepsy E and a healthy person with
open eyes A are quite promising. In addition, the results of other classification tests suggest that our
proposed method is suitable for distinguishing between different types of EEG signals.
The structure of this study is as follows: Section 2 provides a complete description of the data set used
in the experimental section along with the proposed method. Section 3 includes a detailed discussion of
the experimental method and the results. Conclusions with future work are presented in Section 4.
Section 2
Data settings
The complete EEG database consists of five sets identified by A, B, C, D and E. Each set contains 100
single-channel EEG signals with 23.6 seconds from five separate classes. An electrode 10-20 placement
system is used to record EEG signals. All EEG recordings were performed with the same 128-channel
amplifier system using a common intermediate reference. The recorded data were digitized using 12-bit
resolution at 173.61 samples per second. The bandwidth filter setting is 0.53Hz to 85Hz. In this research
study, we used all five datasets to evaluate the performance of our proposed method. Detailed
descriptions of this database are available from Andrezejak et al. [22] Each channel EEG signal has
4097 data point samples. However, in order to reduce the computation time, we divided each channel
with 1024 data samples in each section.
Figure 2 shows an example of EEG signals from each of the five-channel A to E channels. A brief
description of the dataset is described below:
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Setting A: The level EEG of five healthy and open-eyed volunteers was recorded.
Set B: Superficial EEG of five healthy volunteers with closed eyes was recorded.
Set C: Intracranial recording of seizure intervals during formation of the opposite hemisphere of the
patient's brain.
Set D: Intracranial recording of the epileptic area of the epileptic patient at the time interval of the
seizure.
Set E: The data set is recorded during seizure activity, ie in the ictal period.
In this research study, we used the above data set to evaluate the performance of the proposed method
by defining four different groups of problems (experimental cases), which are described in Table III and
the discussion section.
B) Transmission of time series of EEG signals to a complex network
Complex network theory is a branch of complexity science that deals with graph theory, statistical
physics, and data analysis. Today it is becoming an emerging technique in the field of quantitative
analysis of long-term dependence and failure of time series data. Because this branch provides several
methods for studying the underlying dynamics of time series data. Vision chart is one of the methods
available. The Visibility Graph (VG) technique is characteristic of describing time series in terms of graph
theory because it can characterize the dynamic properties of data.
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Inherit the time series from which it was created. The resulting network can be used to obtain valuable
information about time series. According to Liu et al. [23] VG is resistant to noise and is not stimulated
by selecting certain parameters (threshold values of ε such as TSCN [24] and lattice. The EEG series is
essential, so the detection of various dynamic structures is essential in the EEG recording of a healthy
patient with epilepsy, which is the main motivation for using natural vision charts in EEG signal
analysis.
Figure (1-2)
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In this paper, EEG time series data are converted to weighted graphs to identify the edge. We used the
following steps to create a weight vision chart with the help of a natural vision chart.
1) The first step (each of the TIME DATA serial data samples is considered as graph nodes). To create a
weighted view (WVG) graph from the EEG time series data, graph G (N, E) Consider that N {ni, i 1, 2, . .
. . . . N are nodes and E are ei, 2, 3, N are the edges of the graph. i is a time series x (ti), i 1, 2, . . . . . .
N of the sampling points N and node ni correspond to the sample data sample xi.
2) The second stage (edges) (link) between the nodes of the visual weight chart on which they are made
) Equation of natural vision diagram)
In order to find the links between the different nodes of the weight vision chart, we used the natural
vision chart algorithm developed by L. La Caesar et al., In 2008 [15]. The graph is based on the concept
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of the Euclidean plane, in which each vertex represents the position of a point, and links between related
nodes are only possible if there is a view between them., Where xa x (ta) and xb x (ta) are sample data
points, and ta and tb are both arbitrary time events, and tc is any event that exists between them, ie ta
<tc <tb. Figure 3 shows VG time series data showing the edge structure.
Vision chart

3) Step 3) (Determine the weight of the edge between two nodes)
Studies in network theory have shown that by maintaining the weight information in it [25] compared
to the binary network (where only the information about the links that exist between two nodes or not,
a stronger result can be obtained in a complex network Brought).

An example to show the edge weight between different data points.
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In this paper, all the edges of the graph are directionally oriented because a link between node na xa
and node nb xb is considered, which is the direction from na to nb nb, which is a <b. In this paper, the
absolute value of edge weight is considered.
wab represents the weight of the edge between node n and node nb, and in this paper we have considered
the entire amount of edge weight in the radian function. It is an arc tangent element that is an inverse
trigonometric function and helps to detect sudden changes in EEG signals.
Weight vision chart.

4) Fourth step (making a vision chart with weight )(WVG)
Finally, the weight vision diagram is made using the amount of edge weight calculated in the last step.

Feature extraction
Feature extraction is an important part of classifying EEG signal data. Technically, a feature represents
a distinctive property and an identifiable measurement obtained from part of a pattern. The feature
extraction process converts large volumes of EEG data to the feature vector at minimal cost of data loss.
Condenses important and important. Therefore, it helps the analysis (classification) process with more
ease and speed in computational speed. In this paper, we have extracted two statistical features of the
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network called modularity and the average degree of weight of the network as features from the weighted
view diagram, because these features can be analyzed on how to obtain valuable time series information.
Focus. Structural pattern of complex networks. We have introduced the modularity feature in the weight
vision diagram to help identify different types of EEG signals by identifying communities in their complex
network.
Classification
The classification method helps to distinguish the set of unknown observational experiments into their
appropriate classes based on the known set of observations. A classification technique uses a
mathematical property as a classifier to predict the appropriate class of unknown unknown experimental
data sets. In this paper, we use two known methods of supervised machine learning classification called
SVM support vector machine classifier and KNN classification to evaluate the performance of the
proposed method using the features obtained from the feature extraction technique.

1. SVM support vector machine
SVM is currently a powerful classifier in the biomedical sciences for detecting anomalies in biomedical
signals. SVM is an efficient classifier for classifying two different sets of observations in the respective
class. It has excellent ability to manage dimensional and nonlinear data - where, K (x, y is referred to as
the kernel function, which is fixed on the point x and y.

2. Nearest Neighbor K (KNN)
The second classification used to classify the various test cases of EEG signals is the K-Nearest Neighbor
(KNN) classification because it is a set of simple, robust, and even noisy and large training. It is also
adaptive in nature due to the use of local information to predict unknown data. It performs the
classification based on the repeated class of its nearest neighbors in the feature space [30]. Different
criteria for defining distances E exists in the KNN algorithm, but in this paper, we have used the
Euclidean distance. If s is a training set and y is an unknown test data, the KNN method obtains K from
s using the following Euclidean distance between s and y, i.e. the nearest neighbors. Slowly predicts the
properties based on the structure of the training data set. Important unknown test data helps. As in
this paper, to evaluate the performance of the proposed method, we have four test cases with two
different sets of classes, so we prefer this classification for more accurate classification. The SVM
mechanism is based on finding the best case that separates data from two different classes of this group.
This feature has different sets of kernel functions for classifying different types of data. The SVM
classification job description and additional information on the various core functions are discussed in
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detail in [29]. In this paper, we use three different core SVM classifier functions to analyze the
performance of different test problems.
3. Performance evaluation measurements
In this paper, sets A, B, C and D are considered as positive class and set E as negative class, respectively.
In order to evaluate the classification performance for different test cases in this paper, we have used
the following measurement parameters in (10) - (12), as shown at the bottom of the next page, True
Positive stands for the correct expression. Is a non-convulsive activity, True Negative is a convulsive
activity that is correctly identified, False Positive is a false seizure of non-convulsive activity and False
Negative is a false convulsive activity. Comparative analysis of the accuracy of the proposed work with
the existing work that used the same data set for its experiment.
Weight chart of a healthy person with open eyes

Gravitational chart of epileptic seizure activity
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Figure 3: Examples of EEG signals in epileptic and normal individuals

Discussion
Another Methodology (working method)
In this paper, we propose a new method for detecting epileptic seizure activity from brain EEG signals
with respect to the modulation and characteristics of the mean weight with edge weight in the normal
vision diagram. In the proposed method, the EEG time series data are first converted to WVG weighted
graphs. Modularity and average weight are then extracted from WVG as attributes, and then the
attributes are tested using two popular machine learning methods: SVM and KNN classification. In this
study, the SVM classification was evaluated with three kernel functions (eg linear kernel, RBF kernel
and polynomial kernel) and the optimal parameter value for k was obtained after experimental
evaluation. Then, the classification performance of the proposed method was measured in several groups
of EEG signals, such as set A versus set E, set B versus set E, set C versus set E, and set D versus set
E, with promising results. got. In addition, the results of classification performance (eg sensitivity,
specificity and accuracy) for ECTAL (set E) and healthy individual EEG (set A) 100%) are obtained.
This study finds that because the nodes interact with each other with different strengths, EEG signals
are best described by the weight network for the diagnosis of epilepsy. It has also been investigated that
due to the chaos of octal EEG data, it is difficult to divide them into different modules. Therefore, the
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results were compared with other EEG signals in small values of modularity and high values for medium
weight characteristics. An experimental study in this paper has investigated whether the proposed
method is suitable for distinguishing between two different EEG signals. This can be enhanced by the
immediate diagnosis of epilepsy. We are currently planning to expand this proposed method for
identifying other brain disorders through EEG, such as Alzheimer's disease, autism, dementia, as well
as in the field of motion pictures of EEG data and mental imaging of EEG data.
One of the most common sources of information used to study brain abnormalities is the EEG
electroencephalogram, which is a very complex signal. EEG monitoring systems generate a lot of data
for electroencephalographic changes, so complete visual analysis is not normally possible. Computers
have long been proposed to solve this problem, and therefore, automated systems for detecting
electroencephalographic changes have been studied for several years. The development of such
automated devices is essential due to the extensive use of long-term and long-term video EEG recordings
to properly assess and treat neurological diseases such as epilepsy and to prevent the possibility of
analyst (or misreading) information loss [30, 31]
NN neural networks are structures made up of many nodes, each of which mimics the behavior of
biological neurons (in a very simple way). Neuron behavior is governed by very simple rules but leads to
a classification tool. NN plays an important role in a variety of programs such as identifying patterns
and classification tasks [23].
Vision chart networks
Horizontal view chart
The VG algorithm can plot time series into complex networks. For an EEG signal fx (t) gN t = 1
With N data samples, each sample can be represented as a node of the graph shown in the histogram.
The height of the histogram shows the corresponding data value.
Node If the top of the two bars is visible, there is a connection between the two nodes. For both nodes
(ti, xi) and (tj, xj), the edge between ti and tj if given a node (tk,
(xk) are connected between (ti, xi) and (tj, xj) meets the following criterion for convexity [33]:
HVG is a modification of the VG algorithm. In HVG, two data nodes are ti, xi and tj, xj
If Equation (2) [43] is performed, they will have a horizontal view
Where (tk, xk) is a data node between (ti, xi) and (tj, (xj).
A complex network can be expressed by an adjacent matrix A =: </s> </s> N N.
If ti and tj are connected as shown in Figure 2, aij = 1, otherwise aij = 0.
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Figure 1. Block diagram of the proposed method for detecting EEG sensation.

Figure 2. Horizontal view diagram of a time series.
(A) time series histograms; (B) Relevant HVG
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HVG with edge weight is known as weighted horizontal vision chart.
WHVG), where the link between the two nodes is not binary values (0 and 1). There is.
Currently two edge weights are commonly used, i.e. error distance!
We provided a time when it was weighed horizontally.
DWHVG The edge weight is related to measuring the angle of view.
A complex weight grid can be expressed by a weight matrix:
wij is the weight of the edge of the angle between nodes i and j. It can be described as follows: If nodes i
and j are visible, the connection of vertex i and vertex j is called ab,
And the connection of vertex i and bottom j is called ac.

Figure 3: Graphic image of FWHVG from time series.
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(A) FWHVG angle measurement;

(B) FWHVG related to time series.

The HVG algorithm is directionless, but the weight of the edge is related to the direction in our method.
For a series of time, when the graph is transferred to a weighted horizontal view, as shown, the weighted
horizontal forward view (FWHVG) chart can be named.
In Figure 3. When we draw it on a weighted horizontal view chart, it can be a weighted back horizontal
view chart as shown in Figure 4 and is named (BWHVG).
A random time series given by x = 7.0, 4, 8, 8, 5, 5, 7, 7, 6, 9, 9, HVG can be found in Figure 2,
And the graphic image of FWHVG and BWHVG can be found in Figures 3 and 4.
Figures 3a and 4a show the FWHVG and BWHVG angle measurements between nodes. Figures 3b and
4b show the networks mapped by FWHVG and BWHVG. Margin, decentralized weight varies on different
weighted horizontal vision charts.

Figure 4: BWHVG graphical image of the time series.
(A) BWHVG angle measurement;
(B) Time series BWHVG.
How to calculate edge weight:
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The following example shows how to calculate the edge weight. As it turns out:
Figure 2 shows x1 = 7.0 and x3 = 8.0.
The angles between x1 and x3 are FWHVG and BWHVG.
Thus, the edge weight between node 1 and node 3 in FWHVG is 1.756.
The weighted FWHVG matrix can be calculated as follows:

BWHVG edge weight between two nodes:

The weight of the edge between node 1 and node 3 in BWHVG is 0.622. The weighted matrix of BWHVG
can be calculated as follows: Feature extraction:

Feature extraction:
The main purpose of feature extraction is to obtain reliable data to detect emotions in people with
epilepsy or seizures. For this reason, time domain features and complex network features are extracted
from EEG data.
Time domain features
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Nawaz et al. [5] compared different characteristics in identifying emotions to identify characteristics that
can effectively distinguish emotions in people with epilepsy. Their study showed that temporal domain
characteristics are more appropriate in terms of power for detecting entropy, fractal dimension, and
wavelet energy, however, time domain characteristics require: In this paper, we present an important
analysis of domain characteristics. We will provide time to identify the emotions that have received the
least attention.
In the present study, six temporal domain characteristics have been adapted from [34].
Suppose:
fx (t) gN
t = 1 represents the EEG signal indicator with N samples. (2)
(1) Average:

(2)
The average represents the average time series:
(3) Standard deviation:
Shows data deviation compared to the mean.
Standard deviation as a square root of the mean square of the difference between the EEG signal
sample and the mean
it will be counted:

(3) The first difference: This relationship reflects the current and previous data, and the dimensional
changes of the waveform. The first difference is calculated as the sum of the absolute differences between
a pair of samples:
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(4) The second difference: means the relationship between three adjacent data points and The
measurement is sensitive to signal amplitude changes. Computing The second difference is similar to
the first difference.

In the following section, X (t) represents the normalized series as follows:

Where x and sx can be found in Equations (7) and (8).
(5) The first difference of normal EEG: This is the relationship between current data and previous normal
EEG signal data:

(6) The second difference of normal EEG: indicates the relationship between three adjacent data points
of the normal EEG signal:

Statistical characteristics of the network
The main series fx (t) gN
t = 1 is plotted in weighted networks. The benchmark network can then be extracted.
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(7) Average weight grade
In weightless networks, the edge number of a node with other nodes is called the degree of connection
(average degree of weight). In general, the higher the degree of the node, the more important it is in the
network. In a weighted network, the degree of weight can be increased to the strength of the node.
ti [21]. The average degree of weight can be shown as Equation (15):

Where wij is the weight of the edge between nodes ti and tj.
(8) Weight deviation:
Weight deviation can be calculated as follows [35]

(9) Weight cluster coefficient:
Clustering factor and cluster entropy [36] describes the relationship between a node and its neighbors.
The weighted clustering coefficient of the network can be calculated from the average weighted clustering
coefficient of all network nodes.

As shown in Equation (17):
Where Ci is the weight clustering coefficient of node ti, wik is the weight between nodes ti
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And tk, wjk is the weight between node tj and tk, wij is the weight between node ti and tj.
(10) Weight of cluster coefficient entropy:
The cluster coefficient of EC entropy weight can be calculated as follows:

Where PC, i is the probability of weight clustering coefficient of node ti.
(11) Fusion feature:
After extracting the features of complex networks, two types of feature view diagrams are placed.
The procedure can be described as follows:
(1) Set up a sliding window to split EEG signals into M. segments.
(2) The EEG section is mapped to FWHVG and complex network features are extracted.

For an attribute, we can obtain the attribute vector YFWHVG =:
(3) We then plot the EEG portion to BWHVG and extract the complex network features.
For an attribute, we get the attribute vector

(4) Finally, the fusion property vector is calculated as Equation (21):
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The values of different attributes can be very different, so attributes need to be normalized to reduce the
difference. Mapping the feature vector between 0 and 1 to avoid the classification error due to the large
difference in features gm The result normalized by Equation (22) is expressed:

Where gm is the element G. gmin and gmax represent the maximum and minimum values of G,
respectively
) 12 (Category:
For this classification, SVM support vector machines, the nearest k-optimized OF-KNN neighbors, and
the DT decision tree are used. Based on the experimental results of three classifications is promising,
And we use them to categorize emotions [34,37,38,39]
Support for SVM vector machines
We use a library of LIBSVM support vector machines in our work. These improvements have been made
in [11]. LIBSVM can solve a two-tier problem by building an SVM.
There are two important parameters, the kernel performance of the g parameter and the .c coefficient.
The kernel performance moves the training samples to a higher dimension property. A coefficient of C
or penalty indicates the degree of punishment for incorrect classification.
Examples of C in this paper are 2 and 1 g.
SVM is a small example of a method with a simple algorithm and good learning power.
However,

it

is

difficult

to

implement

this

algorithm

for

large-scale

training

instances.

KNN
KNN is a popular machine learning algorithm, which is very reliable for classifying EEG data.
KNN looks for a number of k samples (called k-neighbors) close to the sample.
The training instruction predicts the input and then the class based on the most common class of its
nearest neighbors [48].
The performance of the KNN classifier is mainly to select the distance parameter and the number of
nearest neighbors k. it depends.
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In this article, we used a type of KNN called an optimized installed KNN. This algorithm can find
superparameters, which, using the automatic superparameter, reduces the optimization validity drop
by at least five times.
Bayesian optimization performance uses 'expectations-improvement-plus' to select the best estimate.
Calculates the estimated best operating point using the "best point" function.
This algorithm has high accuracy and is not sensitive to outliers.
However, when the sample is unbalanced, there will be a large prediction error.

DT decision tree
DT can turn complex decision problems into simple processes with minimal computation time. [41]
The advantages of the algorithm include relatively easy interpretation and good classification
performance in many datasets. It does this by dividing the input data into more detailed subgroups and
assigning it to learning.
Subgroup decision rules in DT model outputs can produce workable and effective results for big data
sources in a relatively short period of time. But not suitable for strongly correlated data.

Results
Evaluation criteria
Three classification criteria including 1 Acc accuracy, 2 Sen sensitivity, 3 Spe attributes are used in this
study [41]
(1) Accuracy
Accuracy is the most commonly assessed guide. This ratio shows a sample that is correctly classified:

(2) Sensitivity
Sensitivity, also called Recall, means the probable percentage of positive samples and is classified by
the model as positive samples:
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(3) Features
Attribute means the probability of correctly classified negatives:

Accuracy refers to the probability of being positively determined by the model

Where TP, TN, FP and FN mean positive positive, true negative, false positive and false negative
respectively.

Pre-processing
EEG signals are usually amplified in real life, which challenges design algorithms for classifying
emotions. EEG recording equipment may be affected by the environment.
Muscle activity and eye movement can also cause noise.
The input signal used to detect emotions must contain a noise filter signal.
The DEAP database provides a preprocessed version. Sampled from the data down
128 Hz and a bandwidth frequency filter of 4.0–45.0 Hz was applied in this version.
If a window has a sliding time of 10 seconds with 50% Hempo Adjust the signal to split the long oneminute EEG - signals Following this split, an EEG signal is split into eleven long EEG segments for one
minute.
Analysis of vision chart networks
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Emotional classes are conducted according to arousal and capacity ratings. Based on the threshold, it
can be predetermined into two classes, ie more or less [43].
When ranking, tags have a low capacity and a stimulus of less than 5. When the ranking is higher, the
tags have a high capacity and level.
When a time series is plotted on a complex weightless grid, it can be expressed by an adjacent matrix.
When two nodes are visible to each other, the value of the adjacent matrix is 1, otherwise, the value is
0. The white dots in Figures 5 and 6 indicate the corresponding pair of nodes that are visible to each
other and the black dots represent that invisible part. For each data set, 1280 samples were selected.
Network connections
They are stronger than the low-capacity EEG 5B signal, and the clusters are much larger.
This indicates that its clustering characteristic is clearer than the high-capacity EEG signal
(Figure 5b) in the control group.)
Figure 5. Adjacency matrix of low capacity (VG. A) EEG series based networks; (B) High power EEG
series.

The proximity of the networks based on the HVG method is shown in the figure.
6. The information obtained from Figure 6 is similar to the information in Figure 5. The network
connections in Figure 6a are stronger than in Figure 6b, and the clusters are much larger. There are
fewer white dots in Figure 6 than in Figure 5, meaning that the number of edges in Figure 6 is less than
in Figure 5. This suggests that the network mapped by VG is more complex than that mapped by HVG.
From the above analysis, it can be seen that the visual network is effective in recognizing emotions.
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Figure 6. Proximity matrix of HVG-based networks. (A) low capacity EEG series; (B) Series with EEG
Figure 7 shows the local correction of weight matrices based on forward weighting. Complex networks
and complex inverted weight networks. When a time series is plotted on a complex weighted grid, it can
be expressed by a weight matrix. The color indicates the weighted edge, the larger the value, the darker
the color. 128 samples were selected for easier comparison. The four images below are all of the same
shape. The time series of these figures show the weight of different edges in different ways. The weights
of the matrices were normalized. Figure 7a, b is the forward weight matrix.
The FWVG vision diagram and the BWHVG equilibrium vision diagram in Figure 7c, d are the weight
matrices of the horizontal vision diagram of the weight back and forth.
The weight of the edge of the elements near the diagonal part of the matrices is much larger than those
at a distance from the diagonal. In different diagrams, heavy elements are located in different places.
2021, 21, x sensors to evaluate peers 14 out of 22 of those that are far from the diagonal. In different
diagrams, heavy elements are located in different places.
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Figure 7. Visualization of normalized weight matrices of complex weighted networks back and forth. (a)
FWVG; (B)
BWVG; (C) FWHVG; (D) BWHVG As mentioned above, 32 EEG channels are used to classify emotional
states in people with epilepsy. This means that for a complex network property, we can obtain 32dimensional property matrices. In this paper, four network features were used to detect emotions, as
mentioned in the previous sections.
For a feature, the 32-channel EEG feature matrix is 440 (section) × 32 (channel).
For the four features, the feature matrix of the 32-channel EEG 440 (section) is 128% (32)
(Channels) × 4 (Features)). There was little difference in the classification results of these four cases.
Features separately Now, we randomly select a feature to compare the effectiveness of the different
weighted average feature features selected here.
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Figure 8: Box diagram of 32 HVG and DWHVG based EEG feature features. it shows
Shows 32 EEG channels. Red box diagrams are a characteristic of the average weight of low-capacity
EEG signals.
Black box diagrams are a feature of high-capacity EEG signals. Differences can be seen from the box
design.

Figure 8. Box diagrams of 32 channels average weight grade. (A) HVG; (B) DWHVG.

Classification results
Five-fold validation and 10-fold cross-validation were performed to evaluate the participants' samples
and their average as a result of the subject. The average performance of all participants was calculated
as the final results.

Convulsions and epilepsy
Epilepsy is one of the most common and debilitating neurological diseases, yet we have an incomplete
understanding of the exact pathophysiology and therefore the rationale for treating many epilepsies.
This article reviews the clinical aspects of seizures and epilepsy with the aim of introducing
neuroscientists to aspects that may be scientifically researchable. Seizures and epilepsy are defined,
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diagnostic methods are reviewed, various clinical syndromes are discussed, and aspects of differential
diagnosis, treatment, and prognosis are considered so that neuroscientists can translate basic research
questions. And adjust.
Diagnostic methods, including the importance of accurately describing the eventual history of suspected
seizures and the appropriate use of ancillary / confirmatory tests such as electroencephalogram (EEG),
neuroimaging, and genetic studies, enable the clinician to diagnose epilepsy from a variety of clinical
conditions. Imitates seizures, differentiates, but it should be borne in mind that epilepsy can be the
basis Have pathophysiology. Examples of epilepsy syndrome are then described, based on how often
they occur in the population or because they address scientific questions. Finally, we provide an overview
of treatment and prognosis options, including considering the conditions associated with epilepsy
(comorbidities) and the complexity of the daily lives of people with epilepsy. Subsequent articles in this
series examine the scientific basis of many of the clinical concepts introduced here.

Definitions and epidemiology
"Seizure" is a paroxysmal change in nerve function caused by excessive and simultaneous depletion of
nerve cells in the brain. "Epileptic seizures" are used to diagnose seizures caused by abnormal firing of
nerve cells from a non-epileptic event, such as a psychological seizure. Epilepsy is a condition of
recurrent seizures without stimulation. Epilepsy has several causes, each of which indicates a major
dysfunction of the brain (Shorvon et al. 2011). Seizures caused by reversible conditions (eg, fever,
hypoglycemia) are not defined as epilepsy because it is a short-term secondary illness, not a chronic
condition.

Epilepsy syndrome is a group of clinical features that occur continuously, with different types of
seizures, age of onset, EEG findings, stimuli, genetics, natural history, prognosis, and response to
anticonvulsants. Epilepsy (AED). The non-specific term "seizure disorder" should be avoided.
Epilepsy is one of the most common neurological conditions, with approximately 50 new cases per
1,000,000 people each year (Hauser and Hersdorfer 1990). About 1% of people suffer from epilepsy, and
about one-third of patients with epilepsy are resistant to treatment (for example, seizures not properly
selected by two or more antiepileptic drugs or other treatments not controlled). ). Approximately 75% of
epilepsy begins in childhood, indicating an increased sensitivity of the developing brain to seizures.

Classification of epilepsy
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The latest International League Against Epilepsy (ILAE) classification of epilepsy and epilepsy (Epilepsy
Syndrome), published in 2010, modifies past classifications using terms and concepts appropriate for
modern times. Et al. 2010; Berg and Millicup 2013; Morrow and Conley 2014). Seizures fall into three
categories: general spasms, focal spasms (formerly called partial spasms), and epilepsy. Focal seizures
originate in neural networks restricted to part of a cerebral hemisphere. Generalized seizures begin in
bilaterally distributed neural networks. Seizures can start focally and then generalize. Seizures can
occur in the cortex or in structures below the cortex. Using a detailed history, EEG findings, and
ancillary information, the physician can often categorize the type of seizure / epilepsy, after which an
appropriate diagnostic and therapeutic evaluation program is developd.

The main subtypes of generalized seizures are absence, clonic tonic (GTC), myoclonic, and atonic (Table
1). Absence seizures (formerly called petit mal) involve staring without reacting to external verbal stimuli,
sometimes by blinking or shaking the head of the GTC seizure (formerly called grand mal, which involves
symmetrical movements. Bilateral symmetry (stiffening and subsequent shaking) of all limbs with
impaired consciousness Myoclonic seizures include sudden, brief movements ("lightning fast") that are
not accompanied by obvious impairment of consciousness. The involuntary duration of a muscle may
affect one or more muscles, so myoclonic seizures can be general or focal.Atonic seizures involve the
loss of body tone, which often results in a fall or head fall.
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Epileptic spasm
The clinical manifestations of focal seizures depend on the area of the affected cortex. For example, a
focal seizure caused by the occipital lobe may present with visual phenomena. From the pre-center
gyrus, with rhythmic or tonic clonic motor activity, and from the postcentral gyrus, with sensory
symptoms, such as paresthesia. When consciousness is impaired during focal seizures, meaning the
patient is unable to respond naturally to verbal or tactile stimuli, the seizure is classified as unknown
(formerly called partial seizures). Seizures due to the temporal lobe are often not cognitive. Some seizures
are preceded by a halo, which is a focal seizure in which the patient maintains consciousness and
describes motor, sensory, automatic, or psychological symptoms. The halo precedes a cognitive or
generalized focal seizure in seconds or minutes and is most often experienced by patients with temporal
lobe epilepsy.
The origin of the third type of seizure, epileptic spasm, is unknown. Epileptic spasm is manifested by
sudden stretching or bending of the limb, is held for a few seconds, and then recurs in clusters. Epileptic
seizures can occur at any age. When they start in the first year of life, they include a syndrome called
Infant Spasm (West Syndrome [WS]), Epilepsy (Epilepsy Syndrome) (Table 2), already based on where
they started (general or specific cortex localization). And etiology was categorized, that is, whether the
cause was known (symptomatic) or not (idiopathic). Here, we use the revised 2010 guidelines for the
classification of seizures and epilepsy (Berg et al. 2010). The updated system provides extensive
knowledge of structural and genetic causes and includes ictal symptomatology (type of seizure),
syndrome diagnosis (if any), and degree of dysfunction. With the advent of knowledge about the
pathophysiology of epilepsy, and the advent of genetics, new classification schemes will continue.

Pathophysiology and Genetics
Seizures can be thought of as occurring when the natural balance between stimulation (E) and inhibition
(I) in the brain is distorted (Stafstrom 2010). This E / I imbalance can be caused by changes in many
levels of brain function, from genes and subcellular signaling cascades to extensive neural circuits.
Factors that change the E / I balance can be genetic or acquired. Genetic pathologies leading to epilepsy
can occur anywhere from the circuit surface (e.g., abnormal synaptic junction in cerebral cortical
dysplasia) to the receptor surface (e.g., abnormal aminobutyric acid receptor subunit [GABA] in
Angelman syndrome). Up to abnormal nonionic channel function (e.g.), potassium channel mutation in
benign familial neonatal epilepsy [BFNE]. Similarly, acquired brain injuries can alter circuit function (for
example, structural changes in hippocampal circuits after prolonged febrile seizures or head trauma).
The developing brain is particularly prone to seizures for a variety of physiological reasons (see Berkovic
2015. -Even in a normally growing brain, excitatory synaptic function occurs before inhibitory synaptic
function, causing increased stimulation and seizure production. In addition, early in life, the
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neurotransmitter GABA stimulates and inhibits it (Ben Ari 2002; Pitkänen et al. 2015) .This observation
partly explains why the brains of many people, especially young people, Susceptible to seizures, however,
seizures have less structural damage to the developing brain.
Brain Specialist (Holmes and Ben Ary 1998) Recently, new information has been provided on the genetic
basis of epilepsy syndrome. Both monogenic and polygenic mutations can lead to epilepsy (Poduri and
Lowenstein 2011). Many epilepsies have a complex genetic basis with multiple genetic defects that
contribute to altered cellular excitability, which predisposes to epilepsy. For example, copies, which are
new or deleted or inherited copies, are> 1 KB, and are increasingly recognized as a source of genetic
mutations in epileptic patients (Mullen et al. 2013; Olson et al. Associates 2014). With the advancement
of genetic knowledge, there is hope that specific treatment interventions for the syndrome can be
designed (Thomas and Berkovich 2014).

Diagnostic evaluation (history and test)
History and neurological examination are the cornerstones of the diagnosis of seizures and epilepsy,
while laboratory evaluations serve as adjunctive tests. Important historical features include the clinical
context of seizures, including pre-seizure symptoms, details of the seizure itself, such as
phenomenology, reactivity, focal features, and postictal status. Further research into the presence,
nature, and extent of epilepsy syndrome Guides the assessment and determines treatment and
prognosis.
Neurological examination assesses focal symptoms that may involve or localize brain damage. For
example, an increase in tone on one side of the body can indicate pathology in the opposite hemisphere,
such as cortical dysplasia. A general physical examination is also important to determine if the patient
has an underlying disease. For example, abnormal skin symptoms may indicate a neurological disorder
of the skin in which epilepsy is common, such as glandular sclerosis or neurofibromatosis.

EEG
EEG is the recording of electrical activity in the brain. It can detect abnormal electrical activity such as
spikes or focal waves (compatible with focal epilepsy) or diffuse bilateral spikes (compatible with general
epilepsy).
EEG usually preferably includes wakefulness, drowsiness, and sleep because the prevalence of epileptic
abnormalities varies in these different states of consciousness. Air conditioning and motor stimulation
are activation methods performed during the EEG to increase the function of epileptic activity. Having
a patient with hyperventilation for 3 minutes has a high performance that leads to latent seizures,
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related to the effect of alcohol on seizures (Schuchmann et al. 2006). Cellular stimulation may cause
epileptic activity of paroxysms or even a general seizure in a person prone to general epilepsy (Verrotti
et al. 2012). Simultaneous EEG film monitoring for hours and days can increase diagnostic performance
or distinguish epileptic seizures from a non-epileptic event. EEG can be recurrent in a person with
normal epilepsy, especially if seizures start in the frontal or temporal lobes. In such cases, intracranial
EEG monitoring, usually for preoperative evaluation, may be necessary to determine the focus of the
seizure. The diagnosis of epilepsy is based on clinical information and the EEG should be considered as
confirmation, not diagnostic. The standard training is "Treat the patient with EEG". An exception to this
guideline is the absence of epilepsy, in which brief events of wave activity, even if not accompanied by
obvious clinical changes, indicate a high probability of recurrence of seizures in a state that cannot be
detected.

Neuro imaging
Computed tomography (CT) and magnetic resonance imaging (MRI) scans are important complements
to clinical examination and EEG in assessing a person with seizures. Neuroimaging techniques are
particularly sensitive to structural lesions of the central nervous system (CNS). Focal neurological
findings on examination (eg, unilateral weakness, asymmetric reflexes) require neuroimaging.
MRI is more likely to show an abnormality in a patient with focal seizures, abnormal neurological
findings, or focal EEG discharge. MRI relative to C T is more sensitive and is therefore particularly
preferred for the diagnosis of cortical abnormalities, dysgenesis or hippocampal sclerosis. Quantitative,
computer auxiliary volume analysis of plant lobes may detect asymmetries that are not easily identified
in visual scan analysis. CT in acute conditions is valuable for diagnosing bleeding, calcification, or
tumors.
Several new imaging techniques are available to help assess epilepsy (Kim et al. 2010). MRI
abnormalities can be directly related to EEG activity on MRI. Functional (fMRI) uses blood oxygen level
dependence (BOLD) to image neural activity, map intermittent or octal epileptic activity, and localize
language and memory. Magnetic resonance (MR) spectroscopy measures the concentration of a variety
of neurochemicals in different areas of the brain and can sometimes help localize the seizure site.
Positron emission tomography (PET) using asymmetry uses regional brain use of glucose in the brain
that shows abnormal areas between the larynx or larynx. Computed tomography (SPECT) computed
tomography compares local blood flow differences, information that is very useful when recording
seizures. Magnetoencephalography (MEG) evaluates the brain's dynamic electromagnetic fields and can
localize bipolar epilepsy, including those that are tangential to the scalp, which can be lost by normal
EEG (Caruso et al. 2013). . These advanced techniques are mainly used in epilepsy centers for surgical
evaluations (Kay and Sezflarski 2014).
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Metabolic evaluation
The type of seizure and syndrome determines the amount of metabolic pressure (Pearl 2009). For
example, a child with IS or Lennox-Gastaut syndrome is more likely to have a metabolic or degenerative
disorder than a child with a simple relative seizure. In metabolic disorders, seizures are usually
associated with other abnormalities such as growth retardation, unexplained vomiting, or coma. In
neonatal seizures, metabolic evaluation is mandatory, including screening for serum amino acids and
urinary organic acids, and blood lactate for screening for mitochondrial disease. In addition to its
common use in assessing CNS infection, cerebrospinal fluid can be analyzed for glucose transporter
deficiency (GLUT1 deficiency syndrome) (Pearson et al. 2013) and rare (but sometimes treatable)
neurotransmitter defects ( Pearl et al. 2007).

Genetic testing
As the genetic basis of epilepsy gradually disappears, clinical trials are increasingly pivotal in the clinic
(Micheluchi et al. 2012; Olson and Podori 2014). At this stage, genetic testing is available for several
single genes as well as complex genetic disorders (see Coulter and Steinhinuser 2015;) Vezzani et al.
2015. A basic karyotype can be performed to assess chromosomal abnormalities, especially in patients
with deformed features. If a specific syndrome is suspected, an epilepsy panel of selected genes can be
ordered (e.g., SCN1A for Drew Syndrome [DS]). Combined Genomic Composite Array (CGH) evaluates
target chromosomal regions for a variety of copy numbers. When a genetic diagnosis is highly suspicious,
but other tasks are not apparent, the physician can perform complete sequencing of the patient and
parent, a rapidly expanding method of clinical use, especially in epileptic encephalopathies of unknown
cause (Olson et al. 2014).

Selected epilepsy syndromes
The latest ILAE epilepsy classification of the dichotomies used in the 1989 classification (generally
localization, idiopathic versus symptomatic) favors the organization with respect to pathogenicity
(structural versus structural / metabolic / autoimmune) and age of onset () Berg et al. 2010). Examples
of epilepsy syndrome are now provided. Details of epilepsy syndrome not described here can be found
elsewhere Engel and Pedley 2008; Nabbout and Dulac.
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Electro-clinical syndromes with age-related onset (BFNE)
BFNE is a neonatal epilepsy syndrome in which seizures begin in the first week of life. Seizures are focalclonic or focal, often accompanied by apnea. They usually stop after a few days or weeks. Except for
seizures, babies are normal and the assessment is not successful in diagnosing the cause. The main
diagnostic factor is the family history of the baby or infant seizures that have resolved. The prognosis
for BFNE is good, although ∼10 - -15% of infants with seizures persist beyond infancy, even into
adulthood (Steinlein et al. 2007).
BFNE is the first epilepsy syndrome to be explained by a mutation in a voltage-gated ion channel gene.
BFNE is linked to two genes: KCNQ2 on chromosome 20q and KCNQ3 on chromosome 8q. These genes
encode a voltage-gated potassium channel subunit that regulates M current, a muscarin-activated nerve
current that shuts off potassium channels (Rogawski and Bazil 2008). The M current stabilizes the
resting membrane potential. Its dysfunction leads to increased nerve stimulation and seizures. It is not
clear why seizures in BFNE affect infants and then go away because there is a genetic defect throughout
life.

WS
WS is characterized by a triple epileptic spasm (usually in infancy, when it is called IS), an intermittent
EEG pattern called arrhythmia and mental retardation. WS is an age-specific disease that begins
primarily in the first year of life. The peak age of onset is between 4 and 6 months. Duration of epileptic
spasm between myoclonic acceleration (which is faster) and seizures Tonic (which is more stable) is
moderate. Spasms often occur in clusters of head shaking, severe bending, or stretching of the trunk
and limbs. They often occur during sleep transmission, especially when waking up.

Alternating EEG pattern
WS is called hypsarithmia, an irregular, "disturbed" pattern of very high voltage slow waves and aging
in several cortical areas. The classical octal EEG pattern is a generalized slow wave followed by
background voltage attenuation across all channels ("push-button electro-response"), accompanied by
clinical spasm.
Most cases of WS are identifiable causes such as hypoxia ischemia, intracranial hemorrhage, CNS
infection, brain developmental abnormality, or congenital metabolic error. Tuberculosis sclerosis
complex (TSC) is particularly prevalent in IS up to 50% of TSC patients.
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Adrenocorticotrophic hormone (ACTH) and corticosteroids are the main drugs used to treat IS. The
anticonvulsant mechanism of ACTH is unknown. It may work through the hypothalamic-pituitary axis
or directly affect the excitability of the neural membrane (Stafstrom et al. 2011). Vigabatrin, a GABA
transaminase inhibitor, is very effective for spasms in children with TSC. Babies with focal onset spasms,
such as those caused by cortical dysplasia, may benefit from reoperation.
WS is a poorly prognostic epileptic encephalopathy. At least two-thirds of children have a mental
disability. With age, seizures often change from spasms to other types of seizures, such as those seen
in Lennox-Gastroenter syndrome (see below). Recently, several animal models of IS have been reported,
raising hopes that clarification of the pathophysiology of IS will lead to more effective treatments.
(Stafstrom 2009; Swann and Moshe 2012; Lado et al. 2013)

Double fever and seizures

Children with febrile seizures (FS +) used to have generalized epilepsy with febrile seizures [GEFS +]
(more than the age at which febrile seizures usually stop) and have febrile seizures ( 5 سالyears). These
children may develop other types of febrile seizures, including GTC, absenteeism, and myoclonic.
Therefore, this syndrome is different from normal febrile seizures and indicates a genetic predisposition
to epilepsy. In FS +, the result is variable. Seizures go away in some children, but continue in others. In
different families, genetic defects have been identified in neural sodium channels (Escayg et al. 2000)
and GABA receptors. Many patients with FS + have mutations in the α1 subunit of the voltage-gated
sodium channel gene, SCN1A (Steinlein 2014).

DS
DS, formerly known as severe myoclonic epilepsy from infancy, is a rare epileptic syndrome in which
children develop seizures before the age of 18 months (Dravet et al. 2005). Primary seizures often occur
with fever and have hemiclonic symptoms. Later, other types of seizures occur and the child shows
growth regression. Seizures are drug resistant, although streptontol has been shown to be effective.
Sodium channel blockers should be avoided. Approximately 70% -80% of patients with DS have
mutations in the SCN1A gene, which is mostly diffuse and causes inactivated sodium channels due to
lack of haploin. Thus, the range of SCN1A mutations in epilepsy from mild (FS + -authorized mutations)
to severe (DS shortening mutations extends- (Escayg and Goldin 2010) Mice with SCN1A replicate many
of the clinical features of DS (Oakley et al. 2011). , Which are released from inhibitory control (Yu et al.
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2006). Several laboratories are pursuing potential methods to compensate for the effect of the SCN1A
mutation (Liu et al. 2013).

Lennox-Gastat Syndrome
Lennox-Gastat Syndrome (LGS) begins between the ages of 1 and 6 years. Patients suffer medically
insoluble seizures (up to hundreds per day), as an epileptic encephalopathy
LGS features include:
Tonic seizures involve periods of sustained muscle contraction and are especially frequent during sleep.
Atonic (astatic) attacks, or drip attacks, occur without warning and often result in head or face injuries.
Unusual absenteeism often occurs in children with LGS. They have a gradual onset and cessation during
which the child appears to have been mistaken for a specific behavior. It is difficult to tell when a seizure
ends and a subsequent attack begins because levels of alertness and activity may improve between
epileptic seizures, which occur over a long period of time when awake and even more so during sleep. .
Children with LGS currently have neurological disabilities. The multiple etiologies of LGS overlap with
WS, including hypoxic brain injury, cerebral dysgenesis, and neurological disorders of the skin.
Encephalopathy is stable in most children with LGS, although a degenerative disorder, such as the
neurocervical lipofacinosis, can manifest as LGS.
Seizures in LGS patients are relatively resistant to AED. Medication is for the type and frequency of
individual seizures (Hancock and Cross 2013). Patients may receive valproate, clonazepam, lamotrigine,
topiramate, rufinamide, lacosamide, clobazam, or phlebamate. Because seizures are insoluble, there is
a tendency to place patients in multiple AEDs. This multidrug method often causes drug poisoning with
drowsiness, fatigue Nausea leads to ataxia and rarely leads to optimal seizure control.
Children with LGS have a poor neurological prognosis. Over time, seizures may decrease in the absence
of atonic, myoclonic, and abnormalities, but GTC seizures increase and minor seizures appear. In
addition to debilitating seizures, mental disorders prevent independent living in children with LGS. The
lack of an empirical model hinders progress in this disorder. A potentially instructive animal model
mimics abnormal absence seizures (Kurtz et al. 2001).

Landau-Kelfner Syndrome
Landau-Kelfner Syndrome (LKS) Acquired epileptic aphasia is a rare epilepsy in which a child loses
previous language skills due to seizures or epileptic abnormalities on the EEG. In its form, LKS occurs
in normal children with normal language development who gradually lose the ability to understand
Citation: Dr. Seyedeh Haniyeh Mortazavi. “An investigation on detection and classification of EEG signals in Epilepsy using
Complex-Valued Neural Networks based Machine learning and Deep learning models” MAR Neurology 3.2
www.medicalandresearch.com (pg. 37)

Journal of MAR Neurology (Volume 3 Issue 2)
spoken language and produce speech (Landau and Kleffner 1957). Recently, the syndrome has spread
to behavioral and cognitive decline, including symptoms of autism. The return of social and language
skills is frequently seen in children with autism, with or without seizures, so distinguishing between
autism and LKS can be difficult. In LKS, social skills are better maintained compared to autism. The
pathophysiology of LKS is unknown. Imaging studies are generally negative, although PET studies have
shown infernal abnormalities, but support the hypothesis that language-related brain regions are
dysfunctional in LKS (Issa 2014).
EEG abnormalities in the LKS may include general, focal, or multifocal waves. If focal, they usually
involve one or both temporomandibular areas. One hypothesis is that epileptic seizures interfere with
language production. Alternatively, both language dysfunction and EEG abnormalities may be direct
consequences of the same underlying brain pathology. Successful treatment of seizures or EEG is not
usually accompanied by improvement in language or behavior. The result is variable. Some children
recover completely, usually in adolescence, while others develop persistent aphasia in adulthood.
Seizures usually respond easily to AEDs (eg, valproate, benzodiazepines), although they do not indicate
a language disorder (Van Bogaert 2013). Treatment with steroids or partial removal is controversial.

Childhood Epilepsy (CAE)
Absence seizures, characterized by dazzling and decreased response, can be part of several epileptic
syndromes, including CAE and juvenile myoclonic epilepsy (JME). Note that "absence" refers to both
seizures and epilepsy syndrome. The onset of CAE is between 4 and 10 years of age. Seizures start
suddenly and generally last from 5 to 20 seconds. When the seizure is over, the patient immediately
resumes the previous conversation or activity. Because the seizure is short and non-convulsive in its
absence, it can be easily missed or misdiagnosed.
The frequency of seizures in the absence varies from a few to hundreds a day. Stress and fatigue increase
their frequency. Most children with normal absence seizures have a neurological examination and
normal intelligence, although school performance may be impaired if the seizures are frequent.
The EEG background is normal, while the seizure itself is accompanied by 3 Hz spike wave complexes.
This EEG abnormality indicates genetic susceptibility to epilepsy. Excessive ventilation is a potent
activator of seizures in absentia, and this simple test is used in clinics to diagnose seizures in absentia
and evaluate the effectiveness of treatment.
The pathophysiology of absence seizures involves alterations in the function of the thalamocortical
circuits. Abnormal thalamic relay neurons fire due to calcium channel dysfunction.
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Snutch 2013 Cain and ethosuximide and valproic acid (VPA) are effective in treating seizures (GlauserMenachem et al. 2013). Both drugs block low-threshold calcium currents in thalamic neurons (Coulter
et al. 1989) and other general genetic epilepsies. It has a complex genetic basis that transmits only a
few percent uniformly. The prognosis for CAE is good in ∼ 75% of children who do not have seizures
during puberty.
JME
JME is an epilepsy syndrome that typically begins in adolescence and involves myoclonic seizures, or
GTC, in an abnormal person. Myoclonic movement may cause the patient to drop or drop objects,
especially in the morning. GTC seizures occur in about 90% of patients with JME, and this syndrome
often occurs with these cases. Myoclonic and GTC attacks often occur immediately after waking up. Up
to 35% of patients with JME also have seizures in the absence. Convulsions are exacerbated by fatigue,
lack of sleep, and alcohol consumption.
Examination and neurological intelligence are usually normal in JME. Inheritance is assumed to be
multifactorial. Some studies have linked JME to the 6p chromosome, a site that appears to be inherited
frequently, but a responsible gene has not yet been identified, and this mutation makes up only a small
fraction of patients (Michelucci et al. 2012). ).
Intermittent EEG in JME shows specific explosions of fast spike wave sets (3.5 to 6 Hz). Photic
stimulation may activate these epileptic discharges. Valproate is the most effective AED, but, in women,
other broad-spectrum AEDs are preferred (levotiracetam, lamotrigine). Long-term treatment is usually
needed.

Epilepsy syndrome due to structural / metabolic / autoimmune reasons
Epilepsy syndrome, formerly known as "symptomatic localization," is a condition in which a seizure
develops in a focal area of the brain caused by an acquired lesion. It is congenital. Causes include
tumors, scars (e.g., hippocampal sclerosis), cortical dysplasia, porencephalic cysts, and vascular
malformations. The symptomatology of seizures is related to the brain area. Seizures often start focally
and then generalize. Alternating electroencephalogram shows focal mutations, sharp or slow waves
related to the brain area. If neuroimaging, EEG evidence of seizure onset, and ancillary data (e.g.,
neuropsychological findings) are consistent, surgical intervention is considered.
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Temporal lobe epilepsy
Temporal mesial sclerosis syndrome is an example of a structural lesion (hippocampal scar) in which
seizures are often insoluble and surgery is a good option; Bernhardt et al. 2013 Seizures of the middle
temporal lobe originate with manifestations such as posture, change of reaction, and change of memory
/ behavior. The seizure spreads beyond the usual hippocampus. Seizures are often incurable and
recurrent complication diseases. When two drugs fail, a surgical evaluation should be performed.
Extensive laboratory research has been conducted to understand the mechanism of onset and spread
of seizures. Inhibition of GABA disorder, increased synaptic stimulation through axon germination, and
changes in ion channel distribution and function all contribute to the pathophysiology of
temporomandibular joint epilepsy, and genetic factors may also play a role. Liu et al. 1995; Buckmaster
2004; Dudek and Sutula 2007; Joshi et al. 2013

Childhood Hemisphere Epilepsy Syndrome
Some important childhood epilepsy syndromes involve an entire hemisphere. Rasmussen encephalitis
is a focal encephalitis that affects only one hemisphere and leads to progressive hemiparesis, irreversible
epilepsy (focal seizures that can progress continuously, called partial epilepsy), and cognitive decline
(Varadkar et al. 2014 Rasmussen encephalitis may be autoimmune, but the exact cause has not been
defined. Unilateral pathology may result from focal breakdown of a blood-brain barrier. Neuroimaging
shows unilateral atrophy of the cerebral cortex. Sturge-Weber syndrome (SWS; encephalotrigeminal
angiomatosis) is a hemispheric vascular malformation that results in insoluble epilepsy and
hemiparesis. Et al. (2013) Some officials feel that early (hemispheric) surgery has a better prognosis for
hemispheric epilepsy syndrome (Hartman and Cross 2014).

Metabolic, mitochondrial and autoimmune epilepsy
Epilepsy due to a metabolic, mitochondrial or autoimmune cause is increasingly known. Any change in
nerve energy metabolism or its use can lead to E / I imbalance and seizures. The role of antibodies to a
variety of cellular proteins in patients with undiagnosed neurodegeneration now reveals a new approach
to epilepsy (Davis and Dalmau 2013; Mia et al. 2014; Holmes 2015).

Convulsions and epilepsy in infants
Neonatal seizures occur in preterm infants in the first 30 days of life or before pregnancy after 44 weeks,
due to age-specific features, a wide range of causes, and unique pathophysiology, a particular class is
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indicated. Seizures may be the first and only sign of CNS dysfunction in a baby, so it is important to
know them.
Four types of neonatal seizure symptomatology are described based on behavioral observations: strong
and subtle, generalized, focal or multifocal, and myoclonic.
Delicate seizures may be repetitive oral-buccal lingual movements, such as sucking, pedaling
movements of the legs or arms, or aberrations of the eye. Subtle attacks are often accompanied by severe
CNS injury. Neonatal tonic seizures involve a position with strong intermittent stretching of the arms
and legs. They are usually associated with severe brain damage and often occur in premature infants.
Clonic seizures involve the rhythmic shaking of muscle groups in a focal or multifocal manner. In
multifocal clonic seizures, movements are transmitted from one part of the body to another. Focal
seizures may be seen with localized or abnormal brain abnormalities, such as prenatal stroke, as well
as with brain disorders such as suffocation, metabolic disorders, or infection. As a result of immature
myelogenesis and cortical organization, the infant is unable to maintain general epilepsy, so there is no
GTC seizure.
Simultaneous video-EEG monitoring can help distinguish EEG-related behaviors "epileptic seizures"
from behaviors that are not EEG-related changes. Focal clonic seizures are most associated with fetal
EEG abnormalities. Many of the behaviors that are considered subtle seizures in the clinical context (for
example, chewing or pedaling movements) do not have any EEG abnormalities, indicating that these
behaviors are not epileptic in nature. Delicate or tonic seizures may indicate brainstem dysfunction or
epilepsy that is not recorded from deep subcortical structures on the surface EEG.
Neonatal EEG is not usually specific to a specific cause, but may provide clues to the severity and timing
of CNS insult. Epilepsy often occurs without overt clinical manifestations (electrographic "disconnection"
and clinical seizures). For prognostic purposes, the EEG background pattern and sleep-wake cycles are
of particular importance. Integrated Amplitude EEG (aEEG) is a new technique that allows continuous
sampling of a limited number of EEG channels. aEEG has proven to be quite reliable in documenting
possible seizure events (Glass et al. 2013)
Cause the baby to have seizures It is very important because the cause determines the treatment and
has a lot to do with the result. Major causes of neonatal seizures include hypoxic ischemia (H-I),
hypocalcemia, hypoglycemia, hyponatremia, intracranial hemorrhage, infection, congenital anomalies,
genetic factors, inherited metabolic disorders, and drug withdrawal. H-I, most commonly occurring
before delivery, is the most common cause of neonatal seizures.
The decision to treat a baby with recurrent seizures is based on the duration and frequency of seizures,
associated autonomic dysfunction, etiology, and EEG abnormalities. If the seizure is mild and not
accompanied by autonomic instability, treatment may be delayed or the baby may be treated with a
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short-term benzodiazepine. Conversely, infants with recurrent seizures, especially if they have impaired
ventilation, need prompt and severe treatment.
Phenobarbital is the primary drug used to treat neonatal seizures, but is effective <50% of the time
(Painter et al. 1999). Phenobarbital or phenytoin sometimes suppresses clinical seizures, but
electrographic seizures persist ("disconnection"). Any drug that targets GABA receptors (barbiturates,
benzodiazepines) may be ineffective or even exacerbate seizures due to GABA depolarizing action in the
infant brain (Staley 2006; Berkovic 2015; Pitkänen et al. 2015). Active research seeks to elucidate the
role of potassium chloride transporters and their growth profile in the GABA over-polarization
depolarization switch. Inhibitors of this co-transport can be clinically useful (Löscher et al. 2013). Newer
AEDs, such as lovritastam, may be effective, but there is an urgent need for more effective treatments
for neonatal seizures.

Fever and seizures
Febrile seizures occur in children from 6 months to 5 years of age. Although the exact pathophysiology
is unknown, febrile seizures indicate an age-dependent response of the developing brain to fever. There
is a genetic link that febrile seizures occur 2-3 times more often in affected families than in the general
population. In general, febrile seizures occur in 2 ٪ -5% of children in the sensitive age range.
There are two main types of febrile seizures: (1) simple, and (2) complex or complex. Seizures due to
simple fever are brief (<15 minutes), and do not recur within 24 hours of the first case. Seizures are
caused by fever or are prolonged (> 15 minutes), have focal components (for example, start on one side
of the body or have lateral eye deviation), or recur within 24 hours. Simple febrile seizures and not most
febrile seizures need treatment.
A child who has only one case of seizure fever is 33% more likely to have another fever with the next
one. If a child has two simple seizures twice, there is a 50 to 50 chance of having a third fever. The risk
of recurrence for additional febrile seizures is higher if the child has a first febrile seizure <12 months
of age or has a family history of febrile seizures.
The most worrying condition is the risk of post-emergence seizures (epilepsy). A significant proportion
of adults with temporal lobe epilepsy (due to temporal lobe sclerosis) have a long-term seizure fever in
childhood (Patterson et al. 2014). After a simple febrile seizure, the risk of epilepsy late in life is only
slightly higher than in the general population, ∼ 2. The risk of post-seizure epilepsy varies up to ∼ 9 ies,
and is greater if the child has a previous neurological defect; Such as growth retardation or cerebral
palsy, family history of epilepsy, or complex febrile seizures (long-term, focal, recurrent)) (Paulido and
Pantliadis 2013)
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An ongoing multicenter study (FEBSTAT) is examining the consequences of febrile fever in a large group
using longitudinal clinical data and MRI (Lewis et al. 2014). A thorough understanding of febrile seizures
also requires animal models to gain more insight into the effects of hyperthermia and fever-related
immunological changes in the developing brain (McClelland et al. 2011).

Disorders that aggravate seizures:
Multiple paroxysmal behaviors mimic epileptic seizures by history or clinical manifestations (Obeid and
Mikati 2007). Here are some common disorders. It is important to distinguish between epileptic and
non-epileptic behaviors because some non-epileptic phenomena respond to drugs other than AEDs and
others do not require specific treatment other than reassuring or avoiding conditions that accelerate
epilepsy.

Non-epileptic seizures (NES)
NES, also called psychological seizures or pseudo-seizures, are paroxysmal changes in motor or
behavioral activity that are similar to seizures but have no EEG association. Although these are not
epileptic seizures, NES can be disabling and often reflects the underlying psychological pathology (Lortie
2013).
There are NES with different clinical types. Many of them are similar to GTC seizures, but the two sides
of the body are more likely to move out of phase with each other. GTC activity in a conserved environment
has confirmed a non-epileptic event. However, caution is needed because some behaviors previously
thought of by the NES are actually epileptic seizures. For example, seizures that originate in the
complementary area (SMA) of the frontal lobe involve bilateral motor activity with conscious alertness.
Compared to the NES, SMA seizures are simpler and more stereotypical and often occur during sleep.
Seizures that originate in the orbitofrontal region are now known to include screaming, emotional
changes, such as extreme fear, non-rhythmic bilateral movements of the limbs, and even spontaneous
sexual activity, such as pelvic thrush. Such behaviors were previously considered to reflect the NES.
These difficult observations underscore the clinical distinction between epileptic seizures and NES.
Video-EEG monitoring is useful for separating the two creatures. Significantly, NES seizures and
epilepsy may be present in a patient.
The patient and family are reassured that the symptom (seizure) is "real" but does not involve abnormal
neurological states, so the treatment is designed to address basic psychological issues. The main goal
of therapy is to teach alternative skills to the patient so that anxiety or psychological stress does not
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occur inappropriately (LaFrance et al. 2013). The pathophysiology of NES is unclear, and an important
research question is how and why psychological stress leads to convulsive behaviors.

Involuntary BHS reflex responses
BHS, despite their name, are involuntary reflex responses. BHS is highest in preschool children and
typically develops with school age. There are two types of BHS: cyanotic (also called cyanotic neonatal
syncope) and (also called infantile syncope or reflux seizures).
BHS cyanosis, a common type, is exacerbated by anger or frustration. The hallmark is crying, during
which the baby stops breathing (eventually expires), becomes cyanotic, and loses consciousness. At that
point, the child may become stiff, limp, or even tremble, which can lead to anxiety about seizures. The
cyanotic pathogenesis of BHS is complex and probably involves the interaction between hyperventilation,
Valsalva maneuver, expiratory apnea, and intrinsic pulmonary mechanics.
Phalid BHS is most likely triggered by fear or unpleasant stimuli (such as a light blow). Shortness of
breath leads to loss of consciousness, paleness, bradycardia, diaphoresis and lameness. BHS is caused
by inhibition of the heart by the vagus nerve, which reduces cerebral blood flow.
Position of epilepsy Although seizure activity can occur at the end of BHS, neither type of BHS is
associated with an increase in seizures. These "seizures" manifest as tonic stiffening of the limbs,
sometimes with a brief clonic jolt, and are not epilepsy. Instead, they show the brain's response to acute
hypoxia. They end spontaneously and do not require anticonvulsant therapy. EEG evaluation is usually
not necessary. An electrocardiogram is taken to rule out long-term QT syndrome.

Syncope
Syncope (fainting) can usually be diagnosed through epileptic seizures. Prior to seizures, there may be
warning signs (before the age of the mucosa) such as dizziness, blurred vision, paleness, nausea, or
diaphoresis. These warning signs of a more sudden fall seen with myoclonic or atonic seizures cause a
decrease in alertness and slowness of the ground. Towards the end of a syncopal spell, there may be
brief tonic or secondary seizures after cerebral perfusion and hypoxia. These are not epileptic seizures.
Consciousness is restored quickly, compared to the longer postoperative state after a seizure. Seizures
following BHS or syncope involve the neural circuits that produce GTC activity, but the mechanisms
underlying this hypoxic seizure activity require further explanation.
Syncope is caused by a transient decrease in cerebral blood flow as a result of an irregular heartbeat
(arrhythmia that reduces cardiac output), a decrease in venous return (orthostasis or valsalva), or a
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vasovagal mechanism (fear, pain, emotional distress). Vasovagal attacks often occur in a warm
environment. EEG is usually normal and the key to treatment is to prevent more triggers.

Parasmonia
Parasomnia is a sleep disorder. Night terrors, a common parasomony, occur in children aged 18 months
to 8 years. In non-REM early sleep, the child wakes up with an inconsolable scream, sweating, and nonrhythmic licking of the limbs, after which he falls asleep again and has no memory of it. There is often
a family history of night terrors. Diagnosis is based on clinical history. Video-EEG is rarely required.
The main differential diagnoses are nightmares (which occur during REM sleep) and nocturnal epileptic
seizures originating in the frontal lobe. The susceptibility to epileptic seizures during sleep transmission,
increased sleep epilepsy activity, and the risk of seizures with sleep deprivation all indicate a close
relationship between sleep and epilepsy that requires further research.

Offers
Epilepsy is more than a recurrent spontaneous seizure and should be considered a spectral disorder.
For many patients and families, the burden of the disease is mainly due to comorbid conditions,
including behavioral and psychological disorders, such as depression, anxiety, learning disabilities,
attention deficit hyperactivity disorder, mental retardation, and autism. These comorbidities, previously
considered secondary to uncontrolled seizures or drug side effects, are now recognized as an integral
part of the disorder, sometimes even before seizures, and can be caused by a major network disorder.
Be nervous (Brooks-Kial et al. 2013). Even a seizure can alter nerve growth by modifying receptor
expression and distribution in the absence of neuronal death, leading to cognitive and behavioral
changes (Korno et al. 2007). Understanding the pathophysiological link between these related conditions
and epilepsy can have a major impact on the lives of people with epilepsy and should be considered as
a research priority.
Depression is the most common psychiatric illness and, interestingly, is associated with dysfunction of
the hippocampus and limbic structures that are commonly involved in epileptic circuits. The
relationship between epilepsy and depression is described in two ways: epilepsy patients with depression
are more resistant to treatment and People with epilepsy are also more likely to be depressed. About
10% of adults with epilepsy have bipolar disorder and up to 30% have depression (Kanner 2013). These
symptoms are also associated with an increased risk of suicide. This is also the case in children whose
symptoms are even less recognizable, but studies have shown that children with newly diagnosed
epilepsy have almost three times as many mood disorders as the control group. It is also difficult to
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diagnose anxiety in patients with epilepsy due to the unpredictability of the disease and leads to some
kind of anxiety.
Non-psychiatric illnesses also affect this population. In the Centers for Disease Control and Prevention
(CDC) National Health Interview Survey, adults with epilepsy are more likely to develop cardiovascular
and respiratory disorders, diabetes, inflammation, obesity, and other disorders (e.g., migraine, arthritis)
(Strain et al. 2005) . People with epilepsy are also at risk for premature death and sudden death in
epilepsy (SUDEP) (Surges and Sander 2014).
Recently, the effect of seizures on bone health has become a major concern. Patients with epilepsy are
at risk for fractures due to lower bone mineral density (BMD) (Beerhorst et al. 2013). Phenytoin,
phenobarbital, and carbamazepine appear to be antihistamines that reduce BMD by inducing the
CYP450 enzyme system, but osteopenia has also been reported with non-enzymatic AEDs.
Treatment: General principles
With weapons of more than 20 drugs, up to 70% of newly diagnosed people with epilepsy can be
successfully treated. Drugs that work to treat epilepsy by reducing the electrical activity of the brain, or
by preventing the depolarization of nerve cells by blocking sodium or calcium channels, increasing
potassium channel function, inhibiting glutamate-mediated stimulation, or inhibiting Mediated by
GABA (Table 3) (see Bui et al. 2015). The effectiveness of these drugs varies depending on the etiology.
Patients who have no known cause are more likely to be monitored, especially if they have a history of
normal growth and neurological examination.

Table 3
Mechanisms of operation of selected AEDs
A neurologist may prescribe a seizure drug over another drug based on the type of seizure, age, other
medical conditions, and potential side effects. Often, a broad-spectrum drug is used because the
description of the seizure by the control may be poor. Lutiracetam has become very popular in recent
years as a first-line treatment due to its effectiveness, easy titration and side effects index. Previously,
carbamazepine was the first choice for focal seizures, while valproic acid was the first choice for general
seizures.
As a general principle, medication should be started at a low dose to avoid side effects. If necessary, the
dose can be increased at regular intervals. The goal is to control seizures with the lowest dose. If the
first drug fails, most doctors decide to add the second drug and then decide whether to discontinue or
not use the first drug. It is considered a suitable test that lasts for two months in a therapeutic dose
and is well tolerated. Due to drug interactions, combination therapy has a high potential for toxicity.
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However, some compounds show certain efficacy, such as lamotrigine along with valproic acid for
generalized seizures.
Due to the mechanism of action, all anticonvulsant drugs have CNS side effects. For example,
drowsiness is a common side effect in almost all AEDs. Lamotrigine is relatively well tolerated, but
requires very slow dose titration. If seizures do not recur in the last 2 years or more, some doctors will
consider discontinuing the medication. If the drug fails to control seizures, other options include diet
(ketogenic diet), artificial epilepsy surgery (lisectomy, hemisphere therapy), and palliative epilepsy
surgery (stimulation therapy, callus therapy). The role of immunotherapy for refractory epilepsy is still
being defined.
Lifestyle regulation is an essential aspect of epilepsy management. Optimizing sleep, improving
medication compliance and reducing stress can significantly improve the outcome of epilepsy. Preventive
measures are also important to reduce the causes of symptomatic epilepsy, such as head trauma,
postpartum injury, and brain infections such as neurocystic behavior.
Finally, health professionals need to support people with epilepsy. Even today, there are significant
discrimination and barriers in the normal lives of people with epilepsy.
Forecasting
Of people with epilepsy, 60% - 70% see their seizures with medication. In most cases, treatment is
delayed until a second seizure occurs. The overall risk of recurrence following a seizure varies from 27
to 71 percent. A meta-analysis showed that the average risk of seizure recurrence in prospective studies
is 40%.
Vs. 52% in retrospective studies (Berg and Shinar 1991). Of these recurrences, 80% occur in the first 2
years of primary seizures. Similar numbers are seen in children (Shinnar et al. 2000). Because medical
treatment has the potential to cause significant side effects, the benefits for treatment are more
pronounced after the second unexplained seizure, which doubles the risk of recurrence within 1 year.
Hauser et al. 1998; Shinnar et al. 2000. There is no evidence that early treatment affects the long-term
prognosis, but the outcome of children who have experienced more than 10 seizures without stimulation
prior to treatment appears to be worse (Camfield et al. 1996).
About 70% of children have a seizure period of at least 2 years without seizures They achieve. At that
time, discontinuation of the drug can be considered, especially if the root cause is not known and the
child is growing well. Of these, 20% -25% either recur spontaneously (50%) if they stop taking the drug
(Silanpo & Schmidt 2009). Of all patients, 37% have easily controlled seizures from the beginning, 25%
have refractory seizures from the beginning, and 38% have a recurrent pattern. Patients with no known
cause have better outcomes than patients with structural, metabolic, or genetic causes.
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Analysis of 14 AED withdrawal studies showed that the recurrence rate following AED discontinuation
ranged from 12 to 66 (mean 34), and treatment resumption in treatment was 80% without significant
improvement in successful recovery with no significant difference between age groups. . However, a
second recovery may take years, while in 19%, seizures are not controlled as before. Up to 23% of those
who stop treatment develop irreversible epilepsy. Risk factors for poor outcome after treatment of focal
epilepsy are symptomatic and cognitive deficits (Chadwick et al. 1996; Schmidt & Luscher 2005). Finally,
5% of people with refractory epilepsy recover with medication by 12 months, although about half of them
recur subsequently (Nilligan et al. 2012).

Total resulting
In this study, the concepts of clinical epilepsy are introduced to allow neuroscientists to assess the
context and develop relevant research questions. Many of the clinical criteria that need to be considered
by researchers were discussed in a recent article in which the following topics were considered relevant
to neuroscientific research: The role of genes versus acquired factors in seizure susceptibility. How
epilepsy develops in the normal brain and how the consequences of seizures can be prevented, for
example, after a brain injury (epilepsy, light protection). Methods for better localization of seizure onset
and identification of high-risk circuits for surgical intervention. How to predict (and therefore prevent)
seizures. Drug optimization for specific ages and epilepsy syndrome; New methods of delivering drugs
to vulnerable circuits; And interventions to alleviate co-morbidities during the post-pregnancy and interperiod periods, which account for the majority of the patient's daily functioning but disproportionately
affect quality of life (Fisher 2009). Significant progress has been made, but clearly much remains to be
done.
Focal epilepsy is a neurological disease that originates in a specific area of the human brain and is
known as the epilepsy focus. Diagnosis of focal seizures is usually made using EEG analysis. In this
paper, a new method for differentiating EEG signals into focal and non-focal categories is proposed using
visual weight chart theory. Provides a topological view diagram of each signal while maintaining its
temporal characteristics. In this current contribution, EEG signals are converted from focal and nonfocal categories to complex networks using the weighted vision algorithm. From the converted signals,
several characteristic parameters were extracted and their statistical significance was investigated using
one-way analysis of variance. Finally, the features served as input to a classification of support vector
machines for classification. Two important parameters of the weight vision chart, namely permeability
and scale factor, have been diversified to investigate their impact on SVM classification performance. It
has been observed that both of these parameters mentioned earlier directly affect the classification
performance. In the present work, the highest classification accuracy of 92.5% has been obtained in
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detecting focal and non-focal EEG signals. The proposed method can be potentially implemented for
real-time detection of focal EEG signals.
More than 100 research papers have been reviewed to diagnose epileptic seizures. In addition, a review
of studies shows that the pattern detection required to diagnose an epileptic seizure varies with different
EEG data sets. This is mainly because the EEG has different characteristics under different detected
conditions. This, in turn, necessitates the identification of a pattern recognition method to effectively
distinguish EEG epileptic data from different EEG data conditions.

A review of articles and studies:
In a study by Yu Rajendra Acharia et al., EEG signals recorded in recursive (RP) graphs were used, and
quantitative analysis parameters (RQA) were extracted from RP to classify EEG signals in the classroom.
Classify normal, ictal, and interictal. A recurrence diagram (RP) is a graph that shows all the iterations
of a dynamic system state. Studies have reported different RQA parameters for the three groups.
However, more studies are needed to develop classifications that use these promising features and have
good classification accuracy in distinguishing the three types of EEG sections. Therefore, in this work,
ten RQA parameters are used to quantify important features in EEG signals. These features are fed to
seven different classifiers: Nearest Neighbor (KNN), Naive Bayes (NBC), Decision Tree (DT), and
Probabilistic Radial Neural Network (RBPNN). Our results show that SVM classification was able to
identify EEG class with average efficiency of 95.6%, sensitivity and specificity of 98.9% and 97.8%,
respectively. [44]
Epilepsy is a common neurological disease characterized by recurrent seizures. Electroencephalogram
(EEG) signals are widely used to diagnose seizures. Due to the non-linear nature and dynamics of EEG
signals, it is difficult to effectively decipher subtle changes in these signals by visual inspection using
linear techniques. Therefore, nonlinear methods are being researched for EEG signal analysis.
Entropy is a nonlinear index that can reflect the degree of chaos within a system. This method is often
used for epileptic electroencephalogram (EEG) analysis to diagnose an epileptic seizure. Much research
has been done on government inspections of epileptic seizures based on sample entropy (SampEn).
However, the study of epileptic seizures based on fuzzy entropy (FuzzyEn) has lagged behind.
In 2015, Dr. Xiang Jiu et al. Proposed a general method of diagnosing seizures and epilepsy based on
Fuzzy En. This method first FuzzyEn calculates the EEG signals from different modes of epilepsy and
then the feature selection is done to obtain the classification features. Finally, they used acquired
classification features and a network optimization method for training support vector (SVM) machines.
[45]
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The findings were that the results of two open EEG datasets on epilepsy show that there are major
differences between seizures and non-seizures, so that FuzzyEn can be used to diagnose epilepsy and
their methods work. Gains better classification (accuracy, sensitivity and specificity) CHB-MIT
classification is 98.31%, 98.27% and 98.36%, respectively, and Bonn is 100%, 100%, 100%,
respectively). Comparison with method (s) Available: To evaluate the performance of the proposed
method, a comparison of the classification performance for epileptic seizures was performed using
FuzzyEn and SampEn. The performance method achieves better classification, which is superior to the
SampEn-based methods currently in use. The results show that FuzzyEn is a better indicator for
diagnosing epileptic seizures effectively. The FuzzyEn-based method is preferred, and has potentially
desirable applications for medical treatment.
A recent 2021 study by Tianjiao Kong et al. On the diagnosis of EEG-based emotion using improved
weight found that recognizing emotion as a challenging and active research field received significant Is.
[46]
Electroencephalogram (EEG) signals were used to detect emotions. And proposed a new method that
the construction of horizontal weight forward (FWHVG) and rear weight horizontal vision (BWHVG)
diagrams based on angle measurements in two complex types of networks was used to extract network
characteristics. Then, two feature matrices were used. The single feature matrix was used to classify the
EEG signals. ٪ Achieved for capacity and stimulation when combined with time domain features.
In a 2010 study by Naderi et al. [47], the aim of this study was to find a new scheme for classifying EEG
signals and diagnosing epilepsy with high accuracy using the power level of PSD and neural networks.
This study shows that the Welch method for estimating the power density of the power spectrum offers
very strong features that show EEG signals well. The high dimension of the feature vectors increases
the computations. In order to solve this problem, statistical properties were extracted from the feature
vectors and the EEG part of the time series. Then the feature vectors were reduced to 8 properties. We
then used recurrent neural networks (RNNs) as classifiers to classify these feature vectors. To evaluate
the performance of the proposed system, we calculated the sensitivity, specificity and accuracy of the
classification (100%) using recurrent neural networks as classification.
Supria Supria et al. In 2016, Supria et al. Introduced a new idea for diagnosing epilepsy using complex
network statistical features by measuring the various strengths of the edges in natural vision diagram
theory, which is considered as weight. Therefore, the proposed method is called "Visible Graph for
Weight". In this proposed method, first the epileptic EEG signals are converted to a complex network
and then two important statistical characteristics of the network such as modularity and the average
weight degree to extract the characteristics in the necessary year are converted from the EEG signal
network. Then, the extracted features are evaluated by two modern machine learning classifications
such as support vector machine with different kernel performance and nearest neighbor k. Experimental
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results show that the combined effect of both features is valuable for network criteria to describe EEG
time series signals if a complex network is weighted up to 100% classification accuracy. [48]
In this paper, we present a new method for identifying the epileptic seizure activity of brain EEG signals
with respect to the modulation and characteristics of the mean weight with edge weight in the normal
vision chart. In the proposed method, the EEG time series data are first converted to WVG weighted
graphs. Modularity and average weight are then extracted from WVG as attributes, and then the
attributes are tested using two popular machine learning methods: SVM and KNN classification. In this
study, the SVM classification was evaluated with three kernel functions (eg linear kernel, RBF kernel
and polynomial kernel) and the optimal parameter value for k was obtained after experimental
evaluation. Then the classification performance of the proposed method in several groups of EEG signals
such as, set A vs. set E, set B vs. set E, set C vs. set E, and Set D was measured against set E and gave
promising results. In addition, the results of classification performance (eg sensitivity, specificity and
accuracy) for ECTAL (set E) and healthy individual EEG (set A) are 100%. This study finds that because
the nodes interact with each other with different strengths, EEG signals are best described by the weight
network for the diagnosis of epilepsy. It has also been investigated that due to the chaos of octal EEG
data, it is difficult to divide them into different modules. Therefore, the results were compared with other
EEG signals in small values of modularity and high values for medium weight characteristics. An
experimental study in this paper has investigated whether the proposed method is suitable for
distinguishing between two different EEG signals. This can be enhanced by the immediate diagnosis of
epilepsy. We are currently planning to expand this proposed method for identifying other brain disorders
through EEG, such as Alzheimer's disease, autism, dementia, as well as in the field of motion imaging
of EEG data and mental imaging of EEG data. [49]
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(Online) Schematic Procedures of the Limited Permeable Horizontal Chart Method in Multiplex.

Epilepsy is a brain disorder that results from the abnormal activity of nerve cells, and recording seizures
is of major interest in the evaluation of epileptic patients. Seizures are rhythmic discharges from either
a local area or the entire brain, and individual behavior usually lasts from a few seconds to a few
minutes. In this work, experimental wavelet transform (EWT) is applied to decompose signals into
electroencephalographic (EEG) rhythms. EEG signals are separated into delta, theta, alpha, beta, and
gamma rhythms using EWT. The proposed method is evaluated by a benchmark data set that can be
downloaded from the University of Bonn website. The elliptical region (A) and the minimum distance to
the 45 and 135 degree lines of the 2D scheme of the reconstructed phase space (RPS) of the rhythms
are calculated as features. Then, the genetic algorithm is used as feature selection. Finally, the features
selected to classify convulsive (S) and non-convulsive (SF) EEG signals are fed to the nearest neighbor
K (KNN) classifier. Our proposed method archived 98.33% accuracy in classifying EEG S and SF signals
with a tenfold validity strategy that is higher than previous techniques [50]
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Suggested method

Shows an example of the EEG S and SF signals.
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EWT filter bank.

The top and bottom columns of Delta, Theta, Alpha, Beta, and Gamma are separated from the top.

Top-down RPS 2D shows delta, theta, alpha, beta and gamma rhythms for the EEG SF (left) and S (right)
EEG signal samples.
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Image of KNN algorithm used as classification. The first, second, third, and fourth loops around the test
data determine the training data of packages one, seven, fourteen, and twenty-one. The test data,
assuming that k is 1, 7, 14 and 21, respectively, belong to classes A, B, A and B.

Epilepsy is a neurological disorder that occurs in the central nervous system. Electroencephalography
(EEG) is a reliable tool for analyzing the activity of the human brain with the help of signals, in addition,
it plays an important role in diagnosing epileptic seizures. Abnormal electrical discharge leads to
memory loss. According to a recent survey, more than five crores of people have epilepsy. An effective
diagnostic system is a vital solution for diagnosing early-stage epilepsy. In this paper, an improved
system for diagnosing epilepsy with better accuracy is developed. EEG signals in both time and
frequency domains have been proposed using fixed wavelet-based Stockwell (DSWST) conversion.
Feature extraction is processed by a time feature, spectral feature, and amplitude distribution
estimation (ADE) of EEG signals in which normal EEG signals have different spectral and temporal
centroids. Also, particle swarm optimization (MF-PSO) based on the modified filter bank helps to select
the feature. This significantly improves classification accuracy. Finally, the nearest combined hybrid
support vector device K (Kn-SVM) is used for classification to characterize the function for classifying
brain signals into three groups: normal (healthy), non-seizure (intracavitary) and during seizure. 50]
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Denoised signal ST.

Flowchart to study:
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Electroencephalography (EEG), as the most common tool for classifying epileptic seizures, contains
useful information about different physiological states of the brain. Seizure characteristics in EEG
signals can be better identified by localization in time-frequency predictions. In this work, a new method
for classifying epileptic seizures based on wavelet packets (WPs) is proposed in which both maternal
wavelet function and WP bases are adapted posteriorly to improve seizure classification. The support
vector device (SVM) is used as a classification for seizures versus non-seizure EEG classification. In
order to evaluate the proposed algorithm, a publicly available data set including patients of different
epilepsy groups and healthy individuals is used. The results show that the proposed method in
classifying epileptic seizures surpasses some of the previously proposed algorithms. [51]
Summary of datasets obtained from the EEG database of the University of Bonn UoB, Germany [30]

Two examples of seizure morphologies (A: Beta, C: Polyspikes) and patterns of sum of normal degrees
Feature data (B, D). The left column (A, C) of the EEG from 5 seconds ago in a mount The reference edge
shows on average up to 5 seconds after the onset of the seizure as defined by the EEG specialist. The
height of the scale bar (bottom, left) is 10 volts. The beginnings of ictal patterns are marked with gray
arrows. The right column (B, D) shows the temporal evolution of the total rank probabilities.
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(P values, shown on a logarithmic scale) for each property (see Table 2) For EEG samples shown over
time (A, C) Dark areas are more likely for the corresponding property reflecting changes in composition
Indicates the signal. This change is used here to diagnose seizures, because the emerging seizure will
be reflected by a change in the relevant feature. The values of these samples indicate the usefulness of
different features for detecting different seizure morphologies. In addition, they provide the first sign of
the expected delay in diagnosing seizures.
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K factors for seizures
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Morphologies (see Table 1) and features (Table 2). Gray values indicate characteristics (insert,
abbreviated as in Table 2). Groups of seven bars show the distribution of factor K, measurability between
ictal and nonictal EEG periods, for different seizure morphologies. The higher the k-factor, the better
the separability of these different features. They have a completely different separation effect for different
seizure morphologies. This large variety of k-factors, depending on the pattern of seizures, suggests
identifying ictal activity. Use several features simultaneously.
Seizure clustering
Due to their similarity in space properties, it is shown in the integrated. The distance matrix of an SOM
design
Shows the behavior of "SOM neurons" for different seizure morphologies.
Performance of the proposed seizure detection system

. A,
the percentage of correct seizures detected in each morphology B, the false alarm rate per hour as a
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function of seizure morphology (mean: 0.21 FP / h, mean: 0.45 FP / h). C, the distribution of false alarm
rates per EEG data block. With low false alarms, see high detection rates. Rates, both in seizure
morphology and each EEG data block. D, the delay distribution with respect to the onset of seizures is
defined by the EEG specialist (mean,
1.6 seconds SD, 2.8 seconds) Positive delays indicate latency in the automated system,
Negative delays indicate earlier detection.

Performance of the proposed seizure detection system, with quiet conditions in delayed diagnosis:
In addition, according to the criteria used in the performance analysis in Figure 5, the initial automatic
diagnoses are now accepted as "correct". They are less than 2.8 seconds before the EEG specialist's
diagnosis (see Figure 5D). Further explanation in the text. A, the percentage is correct. Recognized
seizures in any morphology. B, false alarm rate per hour as a function of seizure morphology.
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