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Abstract— The study analysis the electrocardiogram (ECG) 
and electroencephalogram (EEG) signals classification problem 
by using decision trees. The analysis and classification of 
heartbeats and brain traces associated with different types of 
Arrhythmia and Seizure is an active research topic in recent years. 
In this paper, we discuss different classification techniques for the 
analysis and classification of ECG and EEG signals. The training 
and testing is performed on the MIT-BIH arrhythmia and ECG 
database. For classification, the random forest tree and naïve 
Bayes algorithms are used. The results provide an improved 
performance over the current standards used for classification. 
The accuracy of the designed system is 97.45% which outperforms 
the various instance learning and supervised machine learning 
methods. 

Keywords— ECG Classification, EEG Classification, Decision 
Trees, MIT BIH Arrhythmia Datasets 

I.  INTRODUCTION 

Cardiovascular diseases have become a cause of major brain 
problems in the recent years indicated by the number of patients 
admitted in the hospitals. The American Heart Association 
(AHA) reports that every year in the United States 
approximately 295,000 emergency cases are caused by cardiac 
arrests [1]. This number is bound to increase unless some drastic 
measures are taken into consideration. Seizure is a brain disorder 
which is caused by sudden Abnormal firing of neurons [2]. At 
the top right chamber of the human heart, an electrical signal is 
generated from the Sino Atrial node which stimulates the 
heartbeat [1]. The heart may experience abnormal increase or 
decrease in its beat rate which is known as arrhythmia [3]. In 
order to detect this type of abnormality, an electrocardiogram 
(ECG) device is used that measures the variations in the 
electrical signals of the heart. 

The aim of this research is to enhance Arrhythmia and 
Seizure analysis and detection ratios by using various decision 
tree classifier models. This analysis is devoted to decisions 
concerned with recognizing and classifying the patterns of the 
abnormal electrical signals of the heart and brain beats. This 
work combines different types of classifiers and compares their 
performance as individual models.  The models used in this 
work include Multilayer Perceptron (MLP), Radial Basis 
Function (RBF), neural networks, logistical model trees, naïve 
Bayes trees and random forest trees. The simulation results are 

based on training and testing the extracted samples from the 
renowned arrhythmia database i.e. MIT-BIH and ECG Seizures 
database.   

This organization of this paper is as follows: Section II 
provides a brief overview of recent work in the field of ECG beat 
detection and classification. Section III describes our infused 
classification model from different machine learning techniques. 
The source Data used in this research and the extracted 
classification features are explained in Sections IV and V, 
respectively. Section VI discusses the evaluation results of the 
different proposed classification models. Conclusions and future 
work is provided in Section VII. 

II. RELATED WORK 

The classification of ECG and EEG signals is a very 
important task in the field of biomedical engineering. It helps in 
providing early detection and monitoring of cardiac diseases 
which can play a vital role in patients life. There are different 
supervised and un-supervised Machine Learning (ML) 
techniques that are presented in recent years for the early 
detection of the disease [4-7]. Most of these methods use beats 
as input records to the system.  Different recognition and 
classification models dedicated for ECG arrhythmia detection 
were proposed in the literature. An enhanced kernel based 
approach of SVM machine learning technique is used by the 
authors in [8] to classify the ECG signals and compare the results 
with the Linear Discriminant Analysis (LDA) based 
classification. The SVM based results outperforms the ones 
from LDA analysis. Another method based on MLP was 
proposed by Niwas et al.  [9] in which an overall accuracy of 
99.02% was achieved for nine different classes of arrhythmia. 
The high accuracy was achieved by training a large number of 
datasets ranging from 15 to 40 datasets per class. Each data set 
contained at least 1500 sample beats.  Also, Zhu et al. [10] 
examined three models of binary MLP classification and 
achieved accuracy above 95% with a small number of training 
examples. In the study of Zeybekog  et al. [11], five different 
types of ECG signals were classified using Multilayer 
perceptron (MLP) machine learning techniques. The system 
classified the input data into Normal ECG signal, Left Bundle 
Branch Block signal, Ventricular Tachycardia signal, Atrial 
Fibrillation signal and Right Bundle Branch Block signal. They 
achieved a general accuracy of 82% in their classification.  
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There are different machine learning techniques which are 
quite popular for ECG signals classification i.e. MLP [12], 
various other Artificial Neural Networks paradigms like fuzzy 
neural networks [13], radial basis networks [14], support vector 
machines [15], and self-organizing maps [16]. For radial basis 
function neural network, different studies achieved high 
classification results for multiclass recognition. In the study of 
Guangying et al.  [17], they were able to reach a classification 
rate of 90% for the normal class and paced heart beats class. 
Moreover, a specificity of 97.42% and sensitivity of 88.37% 
were recognized for classifying six types of beats. Input data has 
been classified into various abnormal classes including Atrial 
Premature Beat (APB), Fusion (F), Premature Ventricular 
Contraction (PVC) and Right Bundle Branch Block Beat 
(RBBB). The dataset used in the process was the MIT-BIH 
database [18]. 

III. PROPOSED METHOD 

This work focuses on five classifier models including 
Logistic Model (LM), Multilayer Perceptron (MLP), Naïve 
Bayes (NB), Radial Basis Function (RBF) and Random Forest 
(RF) for prediction of different types of Arrhythmia and 
Seizures. The classifications of these models were then 
integrated into single models which are discussed in the 
following sections. 

A. Multilayer Perceptron 
The general MLP training works by utilizing feed forward 

propagation and error feedback propagation for updating the 
weights of the model through gradient technique. Based on the 
results of Ebrahimzadeh et al. experiments, the Levenberg 
Marquardt (LM) technique has been used in our work where the 
first hidden layer comprises of 10 hidden units [3]. In the hidden 
layer a sigmoid activation function has been used, whereas the 
output layer incorporates a linear function. 

B. Radial Basis Function Network 
In RBF neural network, the square of distances between the 

input vector x and mean vector cm for the radial basis functions 
are computed using  and the output of the mth hidden 
unit is represented by  as shown in Equation 1.                               

    (1) 
 

Next, the output values of the hidden units are weighted and 
summed to produce the final results [11]. In (1) is the spread 
factor interpreted as the radius of the radial basis function. The 
spread parameter plays a major rule in classifying the data and a 
spread factor of 105 was selected experimentally to classify the 
ECG signals. 

C. Logistic Model Decision Trees 
In this scheme, the arrhythmia and seizures are classified by 

utilizing the model trees containing linear regression function at 
the leaves [17]. LMT works based on the combination of 
Logistic regression and decision trees to create LM at every node 
of the trees that refines the constructed model at the higher levels 
of the tree. 

D. Naïve Bayes Decision Trees 
Tree augmented NB models are created by addition of 

directional edges amongst the attributes. The performance of NB 
classifier has been observed to be better than traditional NB 
classifier and it also maintains a comparable performance to 
several popular rival techniques. The standard Bayes rule is 
defined in Equation 2 [18]. 

  (2) 

 

Where    = the prior probability of category n, w = the 
new web page to be classified.  = the conditional 
probability of the test page, given category n.  

Where   is the priori probability for nth category, w is 
the new web page for classification.  is the test page's 
conditional probability, given the nth category.  

E. Random Forest Decision Trees 
RF tree can be referred to as an ensemble classifier, 

comprising of many decision trees. The mode of classes 
generated by individual trees is considered as the outcome of RF 
classifier. If the count of trees in the forest is increased the 
generalization error tends to converge to a limit. The degree of 
generalized error is dependent on strength/correlation of 
individual trees included in the forest. 

IV. ECG FEATURES EXTRACTION 

Between 1975 and 1979, 48 annotated ECG records that 
belong to 47 subjects were analyzed by the BIH Hospital in 
Boston. 23 records in the built database were chosen randomly 
from a set of over 4000 24-hour ECG tapes. The other 25 records 
were chosen to include specific types of arrhythmias [2]. Each 
record represents approximately 30 minutes of the signal. The 
sampling frequency was set to 360 Hz. The database consists in 
total of roughly 109,000 beats that were manually annotated by 
at least two cardiologists.  

In the work, segmentation for the QRS wave and waveform 
boundary intervals are determined using an algorithm whose 
implementation is available as part of the ecgpuwave Physio 
Toolkit software. The part of the function that segments the QRS 
wave is established on the algorithm of Pan and Tompkins with 
some modification to exploit the information of the slope. For 
the end points recognition of the P and T-waves, an algorithm 
described was used [16]. The evaluation of the system was 
performed based on [18] and was used as a component of the 
segmentation function. 

In the preprocessing stage, the input dataset is examined to 
see if it contains any missing segmentation values or class labels. 
The checks are performed because R wave can make an 
appearance in the final segmentation which results in missing 
class labels. Beats corresponding to such missing information 
are excluded. As a result of preprocessing, from approximately 
109,400 total beats, we used 108,232 beats, or 98.6% of the 
original data and remaining are discarded.  
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The system classifies the input beats into nine different types 
of arrhythmia. These arrhythmias classes are named Premature 
Ventricular Contraction (PVC) class, Atrial Premature Beat 
(APB) class, Right Bundle Branch Block (RBBB) class, Paced 
Beat (PB) class, Nodal Escape Beat (NEB) class, Fusion of 
ventricular and normal beat (FVNB) class, Fusion of paced and 
normal beat (FPNB) class, Ventricular Flutter Wave (VFW) 
class and Left Bundle Branch Block (LBBB) class of 
arrhythmia. Rest of the classes beats are placed in others class. 
The data split for different classes is given in Table 1. For our 
second test, we used 200 EEG traces provided by Epilepsy 
Center, University of Germany. The signals were sampled at 174 
Hz. Out of these 200 traces, there are 100 seizure and 100 Non 
seizure (normal) traces. 

TABLE 1. SUMMARY OF EXTRACTED ECG CLASSES DATA 

 

V. RESULTS AND DISCUSSIONS 

Five different classifiers methods were applied to classify the 
input data into 11 classes that contains one normal class and 10 
classes which fall under the abnormal category. Sensitivity and 
specificity were considered as performance measures in 
comparing t   he classification models rather than accuracy since 
the data is not evenly distributed between classes. Uneven 
distribution of data will cause accuracy as a measure to be 
skewed and inaccurate, however, the sensitivity and specificity 
will give more accurate results. The summary of the results is 
represented in Table 1 which shows the data distribution of 
different classes. Table 2 to 6 represents results of different 
classification model. Each table shows the accuracy, sensitivity 
and specificity of each class. 

As can be seen in Table 2, using RBF as a classifier results 
in an average of 91.9% sensitivity and 90.8% specificity, while 
the accuracy averages to 92%. 

Table 3 shows the results of using MLP as a classifier. In this 
case, the average accuracy achieved is 93.74%, with an average 
sensitivity of 93.7% and average specificity of 92.1%. 

TABLE 2. RBF NETWORK RESULTS FOR CLASSIFYING 11 CLASSES OF 
HEARTBEATS 

Class Accuracy % Sensitivity % Specificity % 

Normal 91.68 96.00 86.90 

APB 83.45 53.20 99.60 

PVC 89.74 78.30 98.80 

PB 98.08 96.40 99.70 

FPNB 83.61 53.30 99.80 

Others 100.00 0.00 100.00 

NEB 100.00 0.00 100.00 

LBBB 94.22 88.90 99.00 

FVNB 83.64 53.50 99.80 

RBBB 95.14 90.70 99.20 

VFW 92.84 84.50 99.90 

Com. Avg. 92.00 91.9 90.8 

TABLE 3 MULTILAYER PERCEPTRON RESULTS FOR CLASSIFYING 11 CLASSES 
OF HEARTBEATS 

Class Accuracy % Sensitivity % Specificity % 

Normal 93.80 98.40 88.70 

APB 82.83 44.50 99.90 

PVC 93.51 86.90 99.30 

PB 98.07 96.70 99.40 

FPNB 86.89 19.20 99.90 

Others 90.99 11.30 100.00 

NEB 100.00 0.00 100.00 

LBBB 96.22 93.50 98.80 

FVNB 83.48 51.80 99.90 

RBBB 95.24 90.20 99.80 

VFW 91.69 10.20 100.00 

Com. Avg. 93.74 93.7 92.1 

 

Table 4 shows the results of utilizing logistic model tree as a 
classifier. Results indicate an average accuracy of 95.54%, 
average sensitivity of 95.5%, and average specificity of 94.8%. 

Type No of datasets 

Normal 74384 

APB 2356 

PVC 6730 

PB 6969 

FPNB 974 

Others 337 

NEB 227 

LBBB 8033 

FVNB 790 

RBBB 7205 

VFW 226 
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Table 5 shows the results of Naive Bayes tree as a classifier. 
Results indicate an average accuracy of 95.64%, average 
sensitivity of 95.7%, and average specificity of 95.3%. 

 

TABLE 4. LOGISTIC MODEL TREES RESULTS FOR CLASSIFYING 11 CLASSES OF 
HEARTBEATS 

Class Accuracy % Sensitivity % Specificity % 

Normal 95.43 98.10 92.60 

APB 86.70 67.50 99.70 

PVC 96.09 92.30 99.60 

PB 98.57 97.30 99.80 

FPNB 87.58 70.20 99.80 

Others 83.14 48.90 99.90 

NEB 82.96 36.10 99.90 

LBBB 96.12 92.60 99.40 

FVNB 86.66 66.90 99.90 

RBBB 96.93 94.00 99.70 

VFW 89.04 74.30 100.00 

Com. Avg. 95.54 95.50 94.80 

TABLE 5. NAIVE BAYES TREE RESULTS FOR CLASSIFYING 11 CLASSES OF 
HEARTBEATS 

Class Accuracy % Sensitivity % Specificity % 

Normal 95.81 98.20 93.30 

APB 88.35 72.80 99.70 

PVC 95.71 91.60 99.50 

PB 98.37 96.90 99.80 

FPNB 89.58 76.20 99.80 

Others 82.89 45.70 99.90 

NEB 83.19 33.80 99.90 

LBBB 96.27 92.80 99.50 

FVNB 88.41 72.60 99.90 

RBBB 96.61 93.30 99.70 

VFW 86.43 65.80 100.00 

Com. Avg. 95.67 95.70 95.30 
 

Table 6 shows the results Random Forest Tree acting as the 
classifier. Results indicate an average accuracy of 97.45%, 
average sensitivity of 97.5%, and average specificity of 95.9%. 

Table 7 shows the results comparison of cumulative average 
of accuracy, sensitivity and specificity of the different classifiers 
used in this paper. Results clearly indicate that the Random 
Forest decision tree classifier outperforms not only the 
classifiers tested in this work, but also results of classifiers 
mentioned in previous literature. The Random Forest Tree 
achieve the best results i.e. accuracy, sensitivity and specificity 
of 97.45%, 97.50% and 95.90% respectively. Clearly, this 

implies that the classifier of choice would be the Random Forest 
Tree. 

 

TABLE 6. RANDOM FOREST TREE RESULTS FOR CLASSIFYING 11 CLASSES OF 
HEARTBEATS 

Class Accuracy % Sensitivity % Specificity % 

Normal 96.93 99.60 94.10 

APB 90.48 78.50 99.90 

PVC 97.36 94.80 99.80 

PB 99.30 98.70 99.90 

FPNB 90.69 78.90 100.00 

Others 83.33 50.00 100.00 

NEB 83.94 29.50 100.00 

LBBB 97.32 94.70 99.80 

FVNB 89.11 74.50 100.00 

RBBB 98.04 96.10 99.90 

VFW 88.57 72.90 100.00 

Com. Avg. 97.45 97.50 95.90 
 

A second test was performed on the EEG datasets for Seizure 
Detection. Table 8 shows the results of EEG for different 
classifiers which are also promoting just like ECG classification 
by using decision trees. Table 8 shows that the Logistic Model 
Tree achieved the best results for EEG classification with an 
average accuracy of 95.58%, average sensitivity of 95.6%, and 
average specificity of 95.6%. 

As mentioned above, due the non-uniform distribution of 
data, the indicators of sensitivity and specificity would best 
reflect the results of the classifiers used in this paper. In all cases, 
the results remain the same with Random Forest indicating the 
best results for ECG classification and Logistic Model tree for 
EEG classification. 

TABLE 7. SUMMARY OF PERFORMANCE RESULTS OF THE PROPOSED ECG 
CLASSIFICATION MODELS 

Classifier Type 
Avg. 

Accuracy 
% 

Avg. 
Sensitivity 

% 

Avg. 
Specificity 

% 

RBF Network 92.00 91.90 90.80 

Multilayer Perceptron 93.74 93.70 92.10 

Logistic Model Trees 95.54 95.50 94.80 

NB Tree 95.69 95.70 95.20 

Random Forest Tree 97.45 97.50 95.90 

 

TABLE 8. SUMMARY OF PERFORMANCE RESULTS OF THE PROPOSED EEG 

CLASSIFICATION MODELS 

Classifier Type Avg. 
Accuracy % 

Avg. 
Sensitivity 

% 

Avg. 
Specificity 

% 

RBF Network 92.64 92.60 92.60 

Multilayer Perceptron 94.11 94.10 94.10 
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Logistic Model Trees 95.58 95.60 95.60 
 

 

CONCLUSION 

In this work, a classification process is achieved that uses 
different ML algorithms like MLP, RBF NN, Logistic Model 
Tree, NB Tree and Random Forest Trees. The MIT BIH 
arrhythmia ECG dataset is separated into 11 classes. A binary 
classification of EEG dataset by using these classifiers for 
Seizure Detection is also provided. The results indicate that the 
Random Forest Tree classifier attained the best performance in 
detecting arrhythmias.  Furthermore, these results are 
comparable to the most recent available works and they 
outperform the recent work in most cases. For future work, we 
aim to implement more sophisticated integrating and ensemble 
methods that can optimize this research’s results. Also, we look 
 forward to classifying further classes of arrhythmia and Seizure. 
Moreover, we also aim at applying our suggested models on 
different well-representative databases. 
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