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Abstract. Abnormalities of brain is the main concern for healthcare industries, if it is not recognized or
treated may lead to sever brain death. Neurological disorder such as epilepsy is slower and requires constant
diagnosis and treatment. With the advent of recent technology physiologists are using x-rays, EEG, CT and
MRI for early detection of such disorders. The diagnosis is accomplished by implementing machine learning
techniques which aid in proper treatment. In this paper signals are acquired using electroencephalogram, a
technique, that consists of parameters to classify different neurological disorders such as anxiety, epilepsy
spikes etc., For this purpose, Machine Learning algorithms is implemented to categorize, which performs
the classification of different brain abnormalities especially on epilepsy. Accuracy seems to be 96.1 under
Extra Tree Classifier. This act as the assisting platform for doctors, aimed at effective treatment.

1 Introduction

Electroencephalogram (EEG) has turn out to be one of
the best and important tools employed to diagnose
various brain neurological abnormalities by physicians.
Over past few decades EEG have been used by
physician or neurologists mainly due to its low cost,
minimum effort and availability of machine to diagnose
several disorders in brain such as epilepsy, seizure
disorder, sleep disorder, brain tumors etc., Epilepsy is
one of the identified as life threatening and common
brain disorder disturbing human beings. According to
the WHO during 2020, five crore patients are suffering
from epilepsy in united states [1]. Major cause of brain
diseases are seizures, tumors, stroke, trauma,
inflammation etc., The general technique to detect
seizure by using non-invasive technique with
multichannel recording electrical brain activities using
EEG. Neurological disorders generally affect the brain,
spinal cord as well as nerves system found throughout
the body. Feature based on entropy for automatic
detection of epileptic seizure is implemented by discrete
wavelet transform for analysis of EEG signal. To
improve the diagnosis accuracy a combination of
different learning models is utilized to overcome the
error of individual technique. This algorithm has shown
a better accuracy and better effective tool for real time
application. DWT has remained generally used in
analysis of EEG signal based on automatic detection of
diseases such as seizures. To obtain better accuracy and
minimum  computational cost, wavelets and
decomposition plays an important role. This technique
has provided a method for settings of DWT affect and
its enactment suitable for detection of seizure [2].
Epilepsy datasets from patients can be used in detection
of seizure as well as prediction algorithms, but main
drawback is reproducibility as well as generalizability of
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algorithm makes it difficult in findings proper
recognition. These studies have recognized seventeen
features that finds datasets that are unique from each
other [3]. Epilepsy detection and diagnosing epilepsy is
tedious as well as obviously time-consuming. Timely
and accurate detection is crucial to initiate proper drugs
as well as therapy that will minimise the complication
of seizures. Feature extraction based on CNN is used to
detect different segments. Results has demonstrated that
frequency domain signals have better results in CNN
application [4]. Classification and combination of
signals of EEG for detecting epileptic seizure is
implemented by utilizing CNN techniques. The required
features are extracted features using ANN, SVM, naive
Bayes and K-nearest neighbours and classified [5].
Improved feature by utilizing CNN-SVM method has
produced better classification in detecting epileptic
using EEG detection with better accuracy, when
compared to SVM and RF method. These consequences
specified that deep learning techniques with instinctive
feature extraction could improve the classification when
compared using traditional technique [6]. Real-time
methodology for detecting epilepsy using EEG signal
using STFT and google net CNN has produced better
accuracy and sensitivity[7],[8]. This technique utilizes a
sliding window method for real time application [9].
Expressive deep network model based on ResNet for an
efficient classifies seizure types from EEG signals [10].
ResNet technique using deeper network is used for
detecting seizure. Results exposed a better performance
in both F1 score and accuracy [11],[12]. Deep learning
approaches can be used for better results using feature
extraction and channel selection. Seizer detection and
EEG classification using time series data has been
implemented by using models such as fully connected
neural networks [13], recurrent neural networks (RNN)
[14], and convolutional neural networks (CNN) [15].
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The EEG features for seizure are mainly sharp and
spikes waves. Detection using combination of DCT and
Deep learning CNN algorithm with better accuracy was
obtained [16],[17]. Detection and classification was
explored by utilizing support vector machine as well as
orthogonal matching pursuit to obtain a better result
[18]-[20]. With the advent of the proposed work,
diagnosis of neurological abnormalities can be handled
at an early stage. This can aid physician to identify
suitable diagnosis as well as preventive measures. This
work is intended to predict whether the patient suffering
from epilepsy. The identification will be derived from
the EEG signals and different classification methods are
proposed to determine the accurate prediction.

The paper is organized with Materials and Methods,
Results and Discussions and Conclusion in the
remaining sections.

2 Materials and Methods

The data has been obtained from UCI's machine learning
repository in order to perform the crucial task of
detecting anomalies in the brain. There are 500 patients
in the dataset under consideration, and each patient has
4097 electroencephalogram (EEG) values. Following an
equal division of the 4097 data points into 23 chunks per
patient, each chunk was converted into a single row in
the dataset. The 178 readings in each row are converted
into columns; in other words, one second of EEG
readings is made up of 178 columns. Overall, there are
11,500 rows and 179 columns, with the patient's status.
From the dataset, morphological feature such as spikes
peak, duration and its rate has been considered and
classified for epilepsy occurrences.
The data pre-processing is shown in Figure 1.

Fig. 1. Block diagram to detect abnormalities in the brain.

After the data pre-processing steps, the dataset for
training and testing has been segregated in the ratio of
70:30. Further dataset is modelled using different
machine learning techniques with 10 fold cross
validation. The current research is to classify different
abnormalities using machine learning techniques. In this
work K Nearest Neighbour, Logistic Regression,
Stochastic Gradient Descent, Naive Bayes, Decision
Tree, Random Forest and Extra Tree Classifier have
been chosen. Accuracy of the classification from the
considered dataset has been compared using different
classifiers. The purpose of the study is to obtain better
accuracy and AUC, in order determine better model
performance, seven different models has been
considered to identify it. The work is performed using
python language with Scikit-learn.

2.1 K Nearest Neighbour (KNN)

This describes the concept behind MacQueen's K-
Means algorithm: When n data points (x;, x, _x,}) are
specified, K cluster centers (ay, a,,
that the square sum of the distances between each data
point and its nearest cluster center is as little as possible.
This square sum of the distances is known as the
objective function Wn, and its mathematical expression
is given in Equation (1).

.....

. 2
W, =%, min;<j<k |xi - aj|

Pre

processing Training »| ML

dataset model
Neuvral Resizing and
scan Augmentation *

datazet Trained

N iestmg ML
Data atazet modal

Distribution & ¥
Result

2.2 Logistic Regression (LR)

A extended linear model, which is a generalization of
the ideas and capabilities of regular linear models, is
what logistic regression is. By projecting the sample
points onto a line, logistic regression applies a linear
function to our input features. Each sample point's log
of likelihood is added up to perform the linear function,
which then maximizes the log of likelihood—which is
equivalent to maximizing the likelihood—to create the
best-fitting logistic regression line. In a binary
classification model, the best fitting function would
predict that the probability of the positive class would
be very near to 1 (100%) and the probability of the
negative class would be very close to 0.

2.3 Stochastic Gradient Descent (SGD)

A technique termed gradient descent (GD) optimizes a
wide range of loss functions for a variety of model
classes, including clustering, logistic, and linear
regression. GD plots every potential sum of squared
residuals in a linear regression model first, then takes its
derivative at a selected point to determine the slope. GD
then fines the lowest slope of the curve, and in linear
regression it’s when the derivative is 0. In other models,
GD finds the minimum slope by taking initial guesses at
big steps and smaller steps when it is closer to reaching
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the minimum value; this makes gradient descent very
useful when it is not possible to solve for where the
derivative equals 0.

2.4 Naive Bayes (NB)

Based on the Bayes Theorem, the aforementioned
classification technique makes the assumption that a
feature's inclusion in a class has nothing to do with the
presence of any other features.

2.5 Decision Tree (DT)

DT is one of the most used non-parametric supervised
learning techniques. For both the classification and
regression problems, DT learning techniques are
applied. Decision trees often operate on the basis of
query response patterns. Data is repeatedly separated
into sub regions of the same class by the classifying
algorithm, and the tree ends when all samples have been
classified into pure classes or when certain classifier
attribute criteria have been met.

2.6 Random Forest (RF)

In order to create a random forest, decision trees that are
uncorrelated with one another are bagged using either a
random number of features at each split or bootstrapping
the sample set. One of the shortcomings of decision trees
as a classifier is their lack of flexibility; RF addresses
this issue by combining the simplicity of decision trees
with flexibility, which leads to a significant increase in
accuracy.

2.7 Extra Tree Classifier (ETC)

It is an ensemble machine algorithm that combines the
prediction from many decision trees to give an output.

3 Results and Discussions

The detection and classification of such abnormalities
are essential for preterm infant and neonatal not fetal. In
this work, detection of epilepsy form the considered
dataset has been detected and classified using machine
learning procedures. The EEG dataset has been trained
and tested to determine the classification accuracy. In
this paper accuracy has been considered along with
AUC has these two parameters indicates the models
performance. The high value of AUC indicates that
model performs better. Accuracy inturn indicates the
models error statistically. Using extra tree classifier and
stochastic gradient algorithm, the accuracy and AUC
obtained are tabulated in the table below. The
comparison of AUC, Accuracy for different ML models
considered in this work is shown in Figure 2, Figure 3
and in Table 1 below. From table it is inferred that ETC
provides better accuracy and AUC when compared to
other classifiers.

The confusion matrix is shown for the extra tree
classifier model, which indicates the performance of the
classification in predicting epilepsy. From the results

obtained, we were able to plot create the confusion
matrix for the Extra Tree Classifier Model and shown in
Figure 4. Classification accuracy can be identified form
ROC curve that specifies the degree or separable
measure. It is shown in Figure 5. running the Extra Tree
Classifier model. It is also able to plot the ROC curve
for the Extra Tree Classifier, given below. Figure 5
shows the ROC curve plotted for the Extra Tree
Classifier model.

Table 1. Comparison of accuracy and AUC for different

classifiers.
Algorithms AUC Accuracy
K Nearest Neighbour 0.968 83.3
Logistic Regression 0.56 69.1
Stochastic Gradient Descent 0.524 62.3
Naive Bayes 0.983 96.8
Decision Tree 0.855 89.9
Random Forest 0.989 95.6
Extra Tree Classifier 0.992 96.1
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Fig. 2. AUC comparison for different models.

Accuracy - comparison

120
100

80

6

4
0

KNN LR SGD NB DT RF

Accuracy
(=]

(=}

Fig. 3. Percentage accuracy for different models.

= 1200
1000
800
600
400

- 1.00 359.00

200

0 1

Fig. 4. AUC Comparison for different models.
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Fig. 5. ROC curve for extra tree classifier.

4 Conclusion

The proposed work has been carried out in detecting
epilepsy in a subject at all stages, including the earlier
stages. The Extra Tree Classifier gives an AUC closest
to 1 and the highest accuracy when compared to the
other models. It is successful in reducing the time it
takes to provide a similar diagnosis. This also aims in
reducing the overall cost of detecting said abnormalities
as requires a fewer number of trips to the doctor and
reduce the overall hassle for the patient.

This technique will aid the neurologist to detect the
disorders and further diagnosis and treatment can be
made simpler. In this work K Nearest Neighbour,
Logistic Regression, Stochastic Gradient Descent,
Naive Bayes, Decision Tree, Random Forest and Extra
Tree Classifier have been used and the accuracy of the
classifiers has been compared. From the result it has
been observed that Extra tree classifier has shown a
better performance in both AUC and accuracy which is
.992 and 96.1%
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