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Abstract

Background and aim: In recent years, research in the fields of brain-
computer interfacing techniques and related areas are developing at a very
rapid rate with the help of exploding of Artificial Intelligence, Machine
Learning and Deep Learning. A new concept of Gradient Boosting has
become popular research area among the researchers related to the field
of automatic classification of Electroencephalograph (EEG) signals for
predication of mental health issues like seizures.

Methods: However effective feature extraction from EEG and accurately
classify them with efficient classifiers is still an important task and attracted
wide attention in this area. Therefore in this paper, we presented the detailed
mathematical analysis of these methods and ensemble learnings based EEG
signals classification method for seizures classification in EEG using Extreme
Gradient Boosting Model such as Light Gradient Boosting Machine Learning
(LGBM) and XGBoost.
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Results: Time-frequency domain based non-linear features are selected from
preprocessed EEG Dataset, and PCA (Principal Component Analysis) is used
for dimensionality reduction for features engineering, then optimized feature
based training and testing is done for two class classification in ensemble
learning method i.e. LGBM and XGBoost. Finally, both models are tested
with dataset of University of Bonn, Germany to classify the signals.

Conclusions: In addition this paper highlights the Correlation Analysis
Methodology to Identify Strong Predictor and Attributes Correlation-based
Attribute Ranking for the Feature Engineering which has proved to be more
efficient in EEG signals Classification and provide comparative analysis with
other existing models for performance evaluation in terms of accuracy which
is 87.34 and 92.31 for LBGM and XGBoost, sensitivity of 85.21 and 90.18
and specificity of 83.0 and 90.04 for LBGM and XGBoost.

Keywords: Electroencephalogram, ensemble learnings, seizure prediction,
XGBoost, LGBM, attribute ranking.

1 Introduction

The great discovery in methods for measuring brain activity is electroen-
cephalography (EEG) which is based on the technique by measuring the
potential of neurons by placing a series of electrodes in a non-invasive manner
over the scalp and doctors, scientist, and researchers using it for a long time to
help in the findings of abnormalities in the brain, sleep disorders, epilepsy [1],
uncontrolled seizures, Alzheimer [2] by looking at the electroencephalo-
graphic activity. Berg et al. [3] in their work aided that by classification of
the data in the early stage to predict something out of it where certain EEG
activities occur before the onset of seizures. For seizures, fits or brain signals
(EEG) are helpful in detection and which is very costly as the acquisition
method for getting these signals of data is not so common these days. So, the
aim of the research work is to Learn and analyze Bio-psychological signals
(EEG) collected from University of Bonn, Germany and apply Ensemble
Learnings for the fastest prediction of early stage prediction of seizure (i.e.
epileptic condition) in a person and in future we can try to design and develop
a low-cost personalized wearable which can be used to detect seizures or
epilepsy fits before its occurrence. A bio-sensor based wearable device will
be used to train for the characteristics of fits in a patient. After training that
wearable device it can detect fits before its start and alert him/her [4, 5]. So we
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can combine the use of bio-sensors with ensemble learnings technique for fast
and early prediction and with high computational classification techniques [6]
together to overcome the mental health issues in the suffering patients.

Epilepsy is a disorder in brain, which is featured with the incidence of
unexpected anomalous activity of brain that originates from the unnecessary
activation of neurons either in whole brain or some parts of the brain.
Around 50 million people are identified to experience the disease of epilepsy
throughout the world, out of which around half of this population suffers
with the problem of active epileptic seizures. This can lead the patients with
problems that vary either as minor changes in behavior to complete failure
of muscular control and consciousness. Epileptic patients are at increased
risk of accidents and damage due to the incidents related to seizure alone, in
addition with higher depression rates [7]. The patients, who undergo epilep-
tic seizure, can be recovered using medicines or with surgical treatments.
However, it is found that more than 32% of the cases cannot be controlled
using the treatments methods that incorporate surgical or medicine process.
Hence, it is particularly imperative to envisage the subsequent seizures before
occurrence in such a way to prevent the patients from seizure through
medication. As epileptic seizure is related to the action of human brain,
Electroencephalogram (EEG) signals are generally utilized for identifying it.

The electrical activity inside the human brain can be recorded using the
EEG signals, which is recorded by introducing the EEG electrodes over the
scalp of patients or by inserting the electrodes inside the tissues of the brain.
When a human undergoes neurological disorder, a sudden variation in the
electrical signals of the brain can be detected using the EEG signals. The
EEG provides temporal decision and is tedious to be applied for applica-
tions requiring continuous examination. The conventional EEG monitoring
components require motionless locations and it limits mobility. Number of
distinctive features, like sharp fine module, physiological area, electrocere-
bral negativity, and interrupted background are suggested for inspecting the
epileptic seizure with the analysis of EEG signal.

1.1 Organization of Paper

The paper is organized as: Section 1 portrays a brief introduction to the
research, and Section 2 surveys the existing techniques of seizure classi-
fication and their limitations. Section 3 explains premiere work done and
methodology with description of dataset in detail and section portrays the
proposed strategy of seizure prediction using EEG signals through LGBM
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and XGBoost. Section 4 explains the results generated by the system and
finally, Section 5 concludes the paper.

2 Motivation for the Research

Our paper deliberates the review of the conventional methods employed
for the prediction of the seizure disease with their challenges in detail.
We also done the comparative analysis of ensemble learning techniques with
pre-existing models which can be applied in the research of BCI technol-
ogy. We also highlighted the Correlation Analysis Methodology to Identify
Strong Predictor and Attributes Correlation-based Attribute Ranking is also
discussed for the Feature Engineering.

2.1 Literature Review

2.1.1 Contribution based review
Barkin et al. [8] provides Hilbert Vibration Decomposition-oriented Epileptic
Seizure Prediction using Neural Network (HVD-NN) methods which offers
enhanced sensitivity and better rates of false alarm but it need more number
of labeled samples to assure accurate prediction. Hirald Dwaraka Praveena,
et al. [9] worked on long short term memory classification method which
is effective in removing the redundant features that assists in achieving
enhanced performance in classification but the time needed for training the
classifier is high. Athar A. Ein Shoka et al. [10] gave an idea of Ensemble
classifier technique that provided enhanced classification in terms of metric
parameters as compared to single classifiers. Their work detected all the
seizure cases without any error, but there exist some complexity in predicting
all the normal cases. Ratnaprabha Ravindra Borhade et al. [11] worked on
Deep Recurrent Neural Network (Deep-RNN) with Quick rate of conver-
gence, easy implementation, less complexity, and increased speed but it need
high cost for initial set up and expensive in training complex data sets. Banu
Priya Prathaban et al. [12] introduced Grey Wolf Optimized Model Driven
(GWO-MD) method which reduced the time needed for computation and
less complexity but it has slow rate of convergence. Mustafa Sameer and
Bharat Gupta [13] worked with combination of Alpha features, KNN, NB,
DT, SVM, Adaboost, Random forest classifier to enhance the accuracy and
high classification capability. However, it need the optimization of results
in case of larger datasets. Thara D K et al. [14] contributed as Stacked
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Bidirectional Long Short Term Memory which overcomes the problem of
vanishing gradient identified in RNN but error in prediction increases with
the time of prediction. Marzieh Savadkoohi et al. [15] worked with SVM and
KNN methods which are consistent and proficient in seizure prediction but
this is not suitable for the dataset of larger size.

2.1.2 Performance based review
Table 1 cover a detailed Review of previous work done in the field of EEG
signal classification and seizure prediction using their proposed algorithms
and some novel techniques for classification with results and advantages. This
section presents additional analytical study for comparison of the research
done in recent years based on ensemble machine learning model and tech-
niques used for analysis, classification and prediction of seizures based on
various EEG dataset publicacally available for the researchers in the field
of design and development of automated seizures prediction applications in
the early stage and highlights some observations in future research issues,
challenges, and needs in this area.

2.2 Challenges

The challenges identified in the methods of prediction of the seizure disease
are enlisted below:

• The major drawbacks that arise in the Generative Adversarial Networks
Long Short Term Memory [28] units are the occurrence of the right or
left amplitude predominance in EEG signals.

• Support Vector Machine (SVM) and K-nearest neighbors (KNN) based
epileptic seizure prediction technique inherit the problem of deprived
directionality and data related to phases [29].

• The prediction strategy based on spike rate [30] technique in EEG signal
does not use deep learning strategy for predicting the seizure. Hence,
the correct evaluation of epileptic seizure cannot be obtained using this
method.

• Seizure prediction using deep learning [31] techniques get affected with
reduced SNR and in addition, it uses increased number of parameters.

• The main issue experienced in the LSTMs are they are prone to
overfitting and it is difficult to apply the algorithm to curb this issue.

• Vanishing gradient is the main issue encountered in long term RNN for
the epileptic seizure prediction.
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3 Methodology

Most of the work done in this field is based on various classical machine
learning algorithms, their comparison of ACC, Specificity, sensitivity and
combination of more than two model to improve the performance using
various techniques and methods [32–34]. The new way in this area are
Ensemble Methods which is based on the concept of combining different
tree based Algorithms for enhancement of the predictive performance rather
than algorithm which is based on a single tree [35]. Also it is based on
the concept of grouping weak learners to make a strong learner in a model
with enhanced accuracy. In prediction using any machine learning noise
bias, noise (irreducible error) and variance create a gap between actual and
predicted values that can be reduced by ensemble methods [36]. Presence
of Noise bias and variance in our data create under fitting or overfitting
problem in the model that lead us to use ensemble learning which minimize
the Generalization Gap (difference of Training and Generalization Error) to
overcome this problem. The basic prediction model based on labelled or
unlabeled data is shown in Figure 1.

In ensemble learning Stacking is use to build a new model using test set
which is based on the predictions from multiple models [37]. All types of
ensemble learnings are explained in Figure 2. Blending is similar as stacking
but it uses validation set from the train set along with predictions for making
model run on test set. The concept of Bagging is based on combination of
results by multiple models to achieve a result (generalized). If the input data
set is same then the probability of getting the same result from this technique,
So there is a technique called Bootstrapping (a sampling approach) that uses
the newly created subsets of observations from the original dataset which
are equal to size of original dataset [38]. Now the Bagging (or Bootstrap

Figure 1 Labelled/unlabeled data with model X, Y and Z for prediction using ensemble
learning.
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Figure 2 Ensemble learning types.

Figure 3 Bagging (parallel) vs. boosting (sequential).

Aggregating) technique use these subset whose size is less than original set
to get deep information of the distribution (complete set). If some data point
incorrectly predicted initially by first model, the overall predictions will be
least accurate. Now here the concept of Boosting comes which is like a
sequential process in which every next model remove the error of previous
model to improvise the overall performance [39, 40]. Basic building block of
bagging and boosting are shown in Figure 3.

Adaboost (or Adaptive Boosting) is simplest algorithm use decision trees
in creation of multiple sequential models and each model correct the errors
from the last. It gives some weights based on incorrect prediction for the
observations and subsequent model correct the predicted value [39, 40].
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Figure 4 Block diagram for seizure prediction.

Gradient Boosting (or GBM) can be used in Regression and Classification
problems. In this boosting technique weak learners are combined to form
strong learner. Base learners are built using Regression tress and each tree in
series is created using errors calculated by previous tree [60, 61]. XGBoost
(or extreme Gradient Boosting or regularized boosting) is highly effective
Machine Learning Algorithm and can be treated as advanced implementation
of GBM with high prediction power and faster because of its variety of
regularization, less overfitting and high performance [39, 40].

The data selection is based on the availability and the used by researcher
in this field [41]. The flow chart of the work done carried out in this paper
is presented in Figure 4. The data collected by University of Bonn and
the preprocessing is done for the feature extraction and selection for the
classification purpose. Training set is about 80% and 20% is used for the
testing purpose. The result is based on 10-fold cross validation presented in
the paper.

Gradient boosting is a machine learning method used for classification
and regression tasks. It builds a prediction model as an amalgam of various
weak prediction models, most often decision trees. Adding new models
to rectify the mistakes caused by older ones is essentially how boosting
works. It is important to note that both XGBoost and LGBM are regarded as
gradient boosting techniques. Although there are many distinctions between
the two, they function similarly. A gradient boosting model called XGBoost
predicts its final value using methods for creating trees. Peak performance
typically necessitates additional adjustment. The highly effective, adaptable,
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Figure 5 Tree for seizure prediction in XGBoost or LGBM.

and portable XGBoost algorithm is built with these qualities. For machine
learning tasks like classification and regression, Microsoft developed the light
gradient boosting machine algorithm, often known as LGBM or LightGBM.
Given that it also employs decision trees to categorize data, it resembles
XGBoost quite a bit. However, one of the key distinctions between these two
algorithms is that the XGBoost algorithm tree develops depth-wise, whereas
the LGBM tree grows leaf-wise. Tree generation for seizure prediction in
XGBoost or LGBM is shown in Figure 5.

3.1 Dataset Description

A publically available dataset used in this study that is database of Bonn
University (UoB), Germany (Andrzejak et al., 2001) [42, 43] that is publically
available to so research in the EEG Signals and can be used for the modeling
of seizure detection. Summary of Bonn Data set is given here in Table 2 for
the in-depth analysis of statistic of the dataset. All subset of this database have
100 segments of EEG and each for 23.6 s duration contained 4097 samples
with sampling rate of 173.610 Hz.

Set A Seizure Free of 5 healthy person (open eye)
Set B Seizure Free of 5 healthy person (closed eye)
Set C Person with epilepsy (during seizure free using intracranial
electrodes in epileptogenic zone)
Set D Person with epilepsy (during seizure free using intracranial
opposite in epileptogenic zone)
Set E Person with epilepsy (during activity with in epileptogenic zone)

The visualization of a sample of EEG from each subset obtained from
UoB database is given in the figure. The Y axis in graph represents attribute
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Table 2 Summary of datasets obtained from EEG Database of University of Bonn, Germany
(Andrzejak et al., 2001)
Subject Person(Healthy) Person(With Epilepsy)
Detail Set A Set B Set C Set D Set E
State Normal

person(awake
with eye open)

Normal
person(awake
with eye closed)

Seizure
free
(interictal)

Seizure
free
(interictal)

Seizure
activity
(ictal)

Electrode
placement

10–20
International
System

10–20
International
System

Within
epilepto-
genic zone

Opposite to
epilepto-
genic zone

Within
epilepto-
genic zone

Electrode
type

Surface Surface Intracranial Intracranial Intracranial

Total epochs 100 100 100 100 100
Duration 23.6 s 23.6 s 23.6 s 23.6 s 23.6 s

             
                                            (a)                                                                                             (b) 
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Figure 6 Weight table (a) LGBM and (b) XGBoost.

and the x-axis in graph represent corresponding weight. The weight table of
University of Bonn datset for LGBM model and Extreme Gradient Boosting
(XGBoost) model is depicted in the Figure 6.

4 Results and Discussion

The results attained using the proposed seizure prediction module and
the comparative evaluation for proving the efficiency of hybrid seek-based
ensemble classifier in seizure prediction module is discussed in this section.

4.1 Experimental Setup

The analysis is executed in PYTHON tool installed in Windows 10 OS and
64-bit OS with 16GB RAM and performance analysis is done on rapid miner
tool for scientific visualization.
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Figure 7 Visualization of distribution between all twelve features with five classification
category in Bonn dataset.

4.2 Evaluation Metrics

The performance measures on the basis of accuracy sensitivity and specificity
are presented in the Table 4. it is based on the comparative analysis of
the results after running the models for both LGBM and XGBoost of the
feature extracted from the dataset of University of Bonn, Germany used in
the analysis and prediction of seizures present or absent.

Performance indicators: all the performance indictor used in comparative
analysis for both models with their recoded value are presented here from (i)
to (viii) with standard parameter.

(i) Accuracy

LGBM accuracy: 77.34% +/− 1.30% (micro average: 89.88%)
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Figure 8 Correlation matrices of extracted features from dataset by University of Bon,
Germany.

XGBoost accuracy: 92.31% +/− 1.34% (micro average: 92.94%)

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

(ii) Classification error
LGBM accuracy: 40.12% +/− 1.30% (micro average: 40.12%)
XGBoost classification error: 34.06% +/− 1.30% (micro average: 40.06%)

Classification error =
FP + FN

TP + TN + FP + FN
(2)

(iii) AUC: It represent the area under the receiver operating characteristic
curve.
LGBM AUC: 0.784 +/− 0.019 (micro average: 0.784) (positive class:
range1)
XGBoost AUC: 0.868 +/− 0.017 (micro average: 0.868) (positive class:
range1)
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Figure 9 ROC Curve for LGBM.

Figure 10 ROC curve for XGBoost.

(iv) Precision

LGBM Precision: 100% +/− 1.30% (micro average: 100.0%) (positive
class: range1)
XGBoost Precision: 99.85% +/− 1.32% (micro average: 94.85%) (positive
class: range1)

Precision =
TP

TP + FP
(3)
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Table 3 Confusion matrix of LGBM vs. XGBoost

LGBM XGBoost

True True Class True True Class
Value Range2 Range1 Precision Range2 Range1 Precision

pred. range2 0 0 0.00% 5 3 62.50%

pred. range1 1318 1967 59.88% 1313 1964 59.93%

class recall 0.00% 100.00% 0.38% 99.85%

(v) Recall
LGBM Recall: 100.00% +/− 0.00% (micro average: 100.00%) (positive
class: range1)
XGBoost Recall: 99.85% +/− 0.23% (micro average: 99.85%) (positive
class: range1)

Recall =
TP

TP + FN
(4)

(vi) F1-Measure
LGBM F1-Measure: 84.90% +/− 1.02% (micro average: 74.90%) (positive
class: range1)
XGBoost F1-Measure: 85.0% +/− 1.04% (micro average: 74.90%) (positive
class: range1)

F1 Measure =
2

1/Precision + 1/Recall

=
2 ∗ Precision ∗ Recall
Precision + Recall

(5)

(vii) Sensitivity
LGBM Sensitivity: 75.21% +/− 0.00% (micro average: 100.00%) (positive
class: range1)
XGBoost Sensitivity: 90.18% +/− 0.23% (micro average: 100.0%) (positive
class: range1)

Sensitivity =
TP

TP + FN
× 100.0% (6)

(viii) Specificity
LGBM Specificity: 83.0% +/− 0.00% (micro average: 0.00%) (positive
class: range1)
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Table 4 Performance measure dataset of Bonn university data set using LGBM and
XGBoost

LGBM XGBoost

Criterion Value Standard Deviation Value Standard Deviation

Accuracy 77.34 ±1.30 92.31 ±1.34

Classification Error 40.12 ±1.30 34.06 ±1.30

AUC 78.40 ±1.90 86.80 ±1.70

Precision 100.0 ±1.30 99.85 ±1.32

Recall 100.0 ±0.00 99.85 ±0.23

F1-Measure 84.90 ±1.02 85.00 ±1.04

Sensitivity 75.21 ±0.00 90.18 ±0.23

Specificity 83.00 ±0.00 90.04 ±0.38

XGBoost Specificity: 90.4% +/− 0.38% (micro average: 0.38%) (positive
class: range1)

Specificity =
TN

TN + FP
× 100.0% (7)

In our findings we observed that for LGBM model accuracy is 77.34%
+/− 1.30% (micro average: 59.88%) and for XGBoost model accuracy is
92.31% +/− 1.34% (micro average: 59.94%). Classification error in LGBM
accuracy: 40.12% +/− 1.30% (micro average: 40.12%) And for XGBoost
classification error is 34.06% +/− 1.30% (micro average: 34.06%). AUC
which represent the area under the receiver operating characteristic curve
present in the figure 9 and figure 10 and measure for LGBM AUC is 0.784
+/− 0.019 (micro average: 0.784) (positive class: range1) And for XGBoost
AUC is 0.868 +/− 0.017 (micro average: 0.868) (positive class: range1).
The observed Precision for LGBM Precision: 100.0% +/− 1.30% (micro
average: 100.0%) (positive class: range1) and for XGBoost Precision it is
99.85% +/− 1.32% (micro average: 99.85%) (positive class: range1). Recall
in case of LGBM is almost 100.00% +/− 0.00% (micro average: 100.00%)
(positive class: range1) but in case of XGBoost Recall is around 99.85%
+/− 0.23% (micro average: 99.85%) (positive class: range1). F1-Measure
for LGBM is 84.90% +/− 1.02% (micro average: 84.90%) (positive class:
range1) and in XGBoost F1-Measure calculated as 85.0% +/− 1.04% (micro
average: 85.90%) (positive class: range1). Sensitivity value for LGBM is
75.21% +/− 0.00% (micro average: 71.21%) (positive class: range1) and
for XGBoost Sensitivity is 90.18% +/− 0.23% (micro average: 90.18%)
(positive class: range1). In last Specificity calculated for LGBM is 83.0%
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+/− 0.00% (micro average: 0.00%) (positive class: range1) and for XGBoost
Specificity is 90.04% +/− 0.38% (micro average: 90.04%) (positive class:
range1).

4.3 Scientific Discussion of Findings of Gradient Boosted model
with Hyperparameter Optimization

Stochastic Gradient Boosting Machine Learning Algorithm can be imple-
mented by Extreme Gradient Boosting or XGBoost or Tree Boosting in a very
efficient technique with a very high performance over a large range of chal-
lenging machine learning problems [44]. Evaluation of the model and reports
the mean and standard deviation of the classification accuracy is reported in
the above section with all the performance indicator in comparison with the
LGBM model. Next for tuning of hyper-parameters in XGBoost Model [45],
we can use an optimization algorithm named stochastic hil climbing which
focus on four key hyper-parameters in ensemble (i) Learning Rate: it controls
the contribution of each tree with sensible values in range of 0 and 1 (i.e. 1e-8)
(ii) Number of Trees: it controls the size (i.e. more trees create more impact
to a point of diminishing returns),with sensible values are in range of 1 tree to
thousands of trees. (iii) Subsample Percentage: this define the random sample
size used for training each tree (i.e. percentage of the size of original dataset)
and values are in range of 1 and 0 (e.g. 1e-8) and last is (iv) Tree Depth: which
is the number of levels in each tree as we know the deeper trees are more
specific to the training dataset and perhaps overfit while shorter trees often
generalize better [46]. Sensible values are in range of 1 and 10 or 20. Now
we designed a standard deviation of distribution (i.e. step size) separately
in line rather than as arguments because each hyper-parameter has different
range and we want to keep things simple [47]. So we chose step sizes arbitrary
and values are rounded after a small trial and error which shows the best result
with learning rate of about 0.10, no. of trees are 150, subsample rate of about
50 percent, and large depth of 7 levels. This configuration resulted in mean
accuracy of about 99.9 percentage, better than the default configuration that
achieved an accuracy of about 76.8 percentage. The Lift chart which represent
the tradeoff between population and targets are depicted in Figure 11.

LGBM Parameter set: classification error: 38.55% +/− 1.26% (micro
average: 38.55%) and Confusion Matrix is presented here as:

Other parameters value and range are as follow: Model PO.number of trees
= 60 & Model PO.maximal depth = 7.
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Figure 11 Lift chart representing trade-off between population and targets.

Table 5 Confusion matrix (row labels: actual class; column labels: predicted class)
Range2 Range1 Error Rate

Range2 2414 2314 0.0067 42/4,140
Range1 346 1826 0.0071 71/6,210
Totals 2760 4140 0.0083 84/10,350
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Figure 12 Parameter performance of LGBM.
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Table 6 Confusion matrix (row labels: actual class; column labels: predicted class)
Range2 Range1 Error Rate

Range2 4117 23 0.0056 23/4,140
Range1 31 6179 0.0050 31/6,210
Totals 4148 6202 0.0052 54/10,350
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Figure 13 Parameter performance of XGBoost.

In comparison with XGBoost Model the Metrics Type is Binomial, model
id is rm-h2o-model-.production model po-35983 and frame id is rm-h2o-
frame-production model po-35983 the value of MSE is 0.020399252, value
of RMSE is 0.14282595, calculated R∧2 is 0.9150031, the value of AUC is
equal to 0.9998297, pr auc is 0.99988544, log loss calculated as 0.1083806,
mean per class error is around 0.005273752 and default threshold is around
0.6076560616493225. The confusion Matrix which depict the Row labels,
Actual class, Column labels and predicted class, is presented here as:

Gains/Lift Table (Avg response rate: 60.00%, avg score: 60.00%).
Model Summary (XGBoost) of the XGBoost Model is concluded here with

its findings as: Number of generated Trees are 150 with Number of Internal
Trees are having the same value as 150. The total size of the model build in
bytes is 202079. Minimum depth is equal to 7 and maximum depth is also
same as 150 with Mean Depth is equal to 7.00000. The minimum leaves
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observed are 43 and maximum leaves are 122 with mean leaves is equal to
102.69334.

4.4 Correlation Analysis Methodology to Identify Strong
Predictor Attributes

Correlation analysis is used in determination of the strength of a relationship
between even two independent variables or in dependent and an independent
variable [48]. Correlation coefficient is the key parameter which is depends on
a certain predetermine range of the particular algorithm to identify the value
of the strength which is based on dispersion strength, form and direction and
can be identified from the Figure 14. Based on the value of the correlation
coefficient in the given range we can identify which independent variables can
have stronger impacts on the dependent variables which leads us to predict
the outcome of a dependent variable more efficiently. Pearson’s correlation
coefficient can be calculated using the following formula for two variable X
and Y is:

CX,Y =
Covariance(X,Y )

σXσY
(8)

Where CA,B: Correlation coefficient, Covariance(A,B) is covariance σX
is standard deviation of X and σY is is standard deviation of Y. If we have
dataset with two different sets i.e. {x1, x2,. . . xn} and {y1, y2,. . . yn} the we
can calculate the correlation coefficient using formula:

C =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(9)

Where n is represented here as sample size xi and yi are the ith data value
and x̄ and ȳ are representing the mean value, the range of C is −1 (strong
negative correlation) ≤ C ≤ +1 (strong positive correlation) and zero is for
no relation [49].

In our research for seizure analysis and prediction, the independent
attributes come from the available dataset for University of Bonn Germany
(physiological signals dataset). For correlation coefficient evaluation are
combined with the results based on ensembles methods of machine learnings
for observation of the changes in accuracies which was consistent with the
result of the correlation analysis.
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4.5 Correlation-based Attribute Ranking

The Rapid miner platform provides some mechanisms for feature selec-
tion and techniques to select relevant parameters in order to optimize the
performance the machine learning models. This technique assigns weights
basis on evaluation criteria to the given features which are most suitable and
involved in model for their ranking and filteration. There are many such tech-
niques like Gain ratio attribute, Chi square and Classifier subset evaluation.
On the basis of this, features which are highly correlated with dependent class
and not correlated with each other are considered for Ensemble Learnings and
Machine Learning models. Feature set and their merits are evaluated on the
formula:

Merit =
k avg(corr fc)√

k + k(k − 1)avg(corrff )
(10)

Here Merit is the ranking criteria for evaluation of feature set and
shows the correlation between dependent class and feature set shown in
Figure 13. In the formula is the number of features, the average of correlations
between dependent class and features is represented as (avg(corr fc)) and
(avg(corrff )) is the average of correlations between features [50].

Factors which are considered for the evaluation of feature set in this
equations are as (a) If the value of correlation among the features is very
high then it shows that correlation between dependent class and feature set

Figure 14 Correlation between dependent class and feature set.
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is low. (b) If correlation between the features and dependent class is high
then it shows that correlation between dependent class and feature set is high.
(c) If number of features are high then correlation between dependent class
and feature set is high. This ranking technique is used in rapid miner tool for
feature selection and presented this research paper.

5 Conclusion

In this paper, we presented a detailed review of techniques used in predicting
seizures in EEG and we also discussed some method for classification of
EEG signals based on the Ensemble Learning method LGBM and XGBoost
by preprocessing the dataset of university of Bonn with feature engineering
using Principal component analysis (PCA) in rapid miner for dimensionality
reduction and Correlation-based Attribute Ranking for performance evalua-
tion in the UoB data set in binary classification based on most likely range
is done. To validate the result a performance based analysis is performed and
presented for the evaluation. Results are compared with models like LGBM
and XGBoost for evaluation based on same data set and presented with ROC
curves and other parameters for the comparison purpose. A comparative
analysis with other existing models for performance evaluation in terms of
accuracy which is 87.34 and 92.31 for LBGM and XGBoost, sensitivity of
85.21 and 90.18 and specificity of 83.0 and 90.04 for LBGM and XGBoost. In
last, this method indicates that the ensemble learning methods has significant
high practical value compared to other existing methods and can be applied
in the research of BCI technology which may improve the life of the person
suffering from the mental health issues like seizures which is some time a life
treating if proper analysis and treatment is not done and this research work
can be helpful in this direction and improve the quality of life of such peoples.
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