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ABSTRACT
This article presents comparison of four classifiers for
EEG data. Algorithms are implemented, and results are
compared with weka tool. It is observed that Linear
regression results in less absolute mean error as
compared to other classifier for EEG data. Further the
classifier will be used to build computational model for
high level applications
Keywords-Decision Table, Electroencephalogram
(EEG), Linear regression, Multiclass, Random Tree

1. INTRODUCTION
Brain is best elaborated as interconnection of neurons
which ultimately decides the human behavior [9].
Human course has been dealing with many brain related
issues and this issue can be better solved by
understanding the functional and cognitive behavior of
human brain [10] [11]. Changes in brain activity can be
determined by EEG that may be useful in diagnosing
brain disorders. Alpha, beta, theta and delta waves are
four major EEG waves [3]. The analytical study and
occurrence of these waves helps in various purposes. In
the raw EEG, there are contaminations called artefacts
which are generally non-cerebral Signals. The
minimization of these artefacts is very important as
minute mistake in the interpretation of the signal may
harm the results. Hence such EEG signals must be
processed to become readable. To obtain actual signal
various techniques are performed on EEG signals. The
feature extraction is generally performed using statistical
methods. And, after performing feature extraction, the
signal is finally classified using intelligent classifiers.
An EEG may help for diagnosing or treating disorders
like Epilepsy or other seizure disorder, Brain tumor,
Head injury, Brain dysfunction that may have a variety
of causes (encephalopathy), Inflammation of the brain
(encephalitis), Stroke, Sleep disorders, Dementia.
This comparative study aims to determine which
classification algorithm works best for given data set of
EEGs. Also, a standard dataset of EEG is used for study

and the results are analyzed using various intelligent
classifiers.

2. RELATED RESEARCH
This section provides some of the existing works related
to EEG dataset. Giulia Fiscon et al [2] analyzed the
EEG signals using various supervised algorithms like
Support Vector Machines (SVM), Decision Trees,Rule
Based Classifiers and showed the advantages of Rule
Based Classifier over SVM. Saleha Khatun et al [4]
analyzed the MCI detection by using classification
algorithms like SVM, Logistic Regression and Random
Forest.
Norsiah Fauzana,et al [7] identified EEG
features of MCI in comparison with the normal aging
but the conclusion is drawn on the basis of results
generated from manual comparison, no standard
Intelligent Classifiers were used. A.Nancy,et al [1]
Multi-level Pattern Learning (MPL) classification
method to classify the abnormal category of EEG signal.
This Intelligent Classifiers used earlier possess
few drawbacks like the performance of SVM
classification is depends on the data that is used for both
training and testing. The relative error obtained in each
classifier was different. Aim of our work is to analyze
the Results of Intelligent Classifiers by calculating the
mean absolute error of Intelligent Classifiers.

3. INTELLIGENT CLASSIFIERS
This section introduces various intelligent classifiers
used in classification of EEG dataset. One of the best
ways of Classification of EEG dataset is done by using
Weka Tool. Weka is a collection of machine learning
algorithms. It contains tools used for pre-processing,
classification and visualization. Different intelligent
classifiers used in this work are Random Tree Classifier,
Decision Table, linear Regression and Multiclass.
3.1 Random Tree Classifier
Random Tree is a supervised Classifier; it is an
ensemble learning algorithm generating lots of
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individual learners. It employs a bootstrap aggregating
idea to construct a random set of data for constructing a
decision tree. The random trees classifier gets the input
feature vector, classifies it with every tree in the forest,
and outputs the class label that received most “votes”.
3.2 Decision Table Classifier
Decision tables are a concise visual representation for
specifying which actions to perform depending on given
conditions. They are algorithms whose output is in the
form of a set of actions. The information expressed in
decision tables could also be represented as decision
trees or in a programming language as a series of if-thenelse and switch-case statements.
3.3 Linear Regression Classifier
Linear regression is a linear approach for modelling the
relationship between a scalar dependent variable y and
one or more explanatory variables (or independent
variables) denoted X. The case of one explanatory
variable is called simple linear regression. For more than
one explanatory variable, the process is called multiple
linear Regression.
3.4 Multi Class Classifier
In Machine Learning, multinomial or multiclass
classification is nothing but the problem of classification
of instances into one of three or more classes.
(Classifying instances into one of the two classes is
called binary classification.) While some classification
algorithms naturally permit the use of more than two
classes, others are by nature binary algorithms; these
can, however, be turned into multinomial classifiers by a
different no. of strategies.

4. RESULTS AND ANALYSIS
For this comparative study TUH EEG Corpus Dataset is
used. EEG contained in this dataset consist of 24 to 36
channels of signal data. It also contains an annotation
channel containing markers identifying events of interest
to the physicians and technicians. Signals sampling is at
250 Hz using 16 bits per sample. Around 20 Mbytes of
data is present in typical EEG filet. These files are stored
in a European Data Format (EDF+) file format. The
intelligent classifiers are classified using Weka Tool.
Weka is used for classification of various machine
learning algorithms and data mining. The results
obtained from weka are compared and based on its
conclusion is made. As the training set is small 10-fold
cross validation method is used to classify the data.

4.1 Results of Random Tree Classifier
Table 1 Results of Random Tree Classifier

Correlation coefficient

0.9577

Mean absolute error

7.1777

Root mean squared error

10.3006

Relative absolute error

28.3597 %

Root relative squared
error

28.7803 %

The Random Tree Classifier implemented on the
preprocessed dataset (section IV) took 1.49 seconds to
build where the size of the tree was 83611. Based on the
above table 1 we can observe that Relative absolute error
for random tree classifiers is comes out to be 28.3597%
and Root relative squared error is 28.7803 %.
4.2 Results of Decision Table Classifier
Table2 Results of Decision Table

Correlation coefficient
Mean absolute error
Root mean squared error

0.97
6.3209
8.76

Relative absolute error

24.9746 %

Root relative squared
error

24.4758 %

The decision table classifier implemented on the
preprocessed dataset (section IV) took 20.8 seconds to
build which is highest among the classifiers taken into
considerations in this comparative study. Based on the
above table 2 we can observe that Relative absolute error
for random tree classifiers is comes out to be 24.9746 %
and Root relative squared error is 24.4758 %.
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the above table 4 it is observed that Relative absolute
error for random tree classifiers is comes out to be 100
% and Root relative squared error is 100 %.

4.3 Results of Linear Regression
Table 3 Results of Linear Regression

Correlation coefficient

0.9747

Table 5 Performance comparison of classification algorithms

Mean absolute error

5.728

Intelligent
Classifiers

Build
time

Correlatio
n
coefficien
t

Root
Mean
Squared
Error

Relative
Absolute
Error(%)

Random
Tree
Decision
Table
Linear
Regression
Multischeme

1.49

0.97

8.76

6.3209

20.8

0.9577

10.3006

7.1777

1.03

0.9747

8.0005

5.728

0.53

-0.0041

28.7975

21.4817

Root mean squared error

8.0005

Relative absolute error

22.6317 %

Root relative squared
error

22.3537%

Linear Regression classifier took 1.03 seconds to
build model. The build time can be considered optimal
among all as total instances were 75312.Based on the
above table 3 it is observed that Relative absolute error
for random tree classifiers is comes out to be 22.6317 %
and Root relative squared error is 22.3537%.The
obtained Relative absolute error and Root relative
squared error depict that Linear Regression classifier
gives lesser difference between the exact value and the
approximation value among all the classifiers taken into
considerations in this comparative study.
4.4 Results of Multiclass Classifiers
Table 4 Results of Multiclass

Correlation coefficient

-0.0041

Mean absolute error

21.4817

Root mean squared error

28.7975

Relative absolute error

100 %

The observation from above table are; Linear Regression
has limited absolute error as compared to other
intelligent classifiers.

5. CONCLUSION
This work presents comparison of classification methods
for EEG data. Pre-processed dataset is used for
experimentation. Four methods compared are Linear
regression classifier, Decision table classifier, Random
Tree Classifier and Multi class classifier. The results are
tabulated and compared with 10-fold cross validations
on weka tool.
It is observed that, performance of linear regression is
better than other classifiers in terms of absolute mean
error as shown in Table 5. The analysis given in results
and analysis (section IV) will be used further for
research in this area.
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