International Journal of Applied Engineering Research ISSN 0973-4562 Volume 15, Number 1 (2020) pp. 81-85
© Research India Publications. http://www.ripublication.com

Machine Learning Algorithms on Taxonomy of Heart Disease
Y. Nagesh1 and M.Rajeswari2*
1

Associate Professor, Dept. of Information Technology, Faculty of Engineering and Technology, Mettu University, Ethiopia.
Assistant Professor, Dept. of Computer Science, Rayalaseema University, Kurnool, Andhra Pradesh, India.

2

Therefore, accurate and low-cost diagnosis of arrhythmic
heartbeats is highly desirable [2]. Many studies have
developed arrhythmia classification approaches that use
automatic analysis and diagnosis systems based on
electrocardiogram signals. The most important factors for the
analysis and diagnosis of cardiac diseases are features
extraction and beats classification. Numerous techniques for
classifying electrocardiogram signals were proposed in recent
years and good results achieved [3–5]. The performance of
electrocardiogram pattern classification strongly depends on
the characterization power of the features that are extracted
from the electrocardiogram signal and the design of the
classifier (classification model). Automated classification of
heartbeats has been previously reported by many investigators
using a variety of features to represent the electrocardiogram
and a number of classification methods. In general, heartbeat
features include electrocardiogram morphology, heartbeat
interval features (temporal features), beats correlations and
summits values [6]. The target of classification process is
obtaining an intelligent model, that is capable to class any
heartbeat signal to specific type of heartbeats. Experiments
have been conducted on the well-known MIT-BIH
Arrhythmia database using obtained model, and results have
been compared with the previous scientific literature. The
final results show that our model is not only more efficient
than related works in terms of accuracy, but also competitive
in terms of sensitivity and specificity. Big data analytic plays
a vital role in managing the huge amount of health-care data
and improving the quality of health-care services offered to
patients. In this context, one of the challenges lies in the
classification of data, which relies on effectively distributed
processing platforms, advanced data mining and machine
learning techniques. Therefore, a Big data technique is
introduced in this work to meet the challenges faced by
classify the electrocardiogram beats. Recently, deep learning
techniques have been used by many companies, including
Facebook, Google, IBM, Microsoft, NEC, Netflix, and
NVIDIA [7, 8], and in a very large set of application domains
such as customer churn prediction in telecom company [9]. In
this paper, a novel deep learning approach for
electrocardiogram beats classification is presented.

Abstract
In this paper, an attempt is accomplished to investigate an
electrocardiogram classification approach using machine
learning based on several electrocardiogram features. An
electrocardiogram is a signal that measures the electric
activity of the heart. The proposed approach is implemented
using ML-libs and Scala language on Apache Spark
framework; MLlib is Apache Spark’s scalable machine
learning library. The key challenge in electrocardiogram
classification is to handle the irregularities in the
electrocardiogram signals which is very important to detect
the patient status. Therefore, we have proposed an efficient
approach to classify electrocardiogram signals with high
accuracy Each heartbeat is a combination of action impulse
waveforms produced by different specialized cardiac heart
tissues. Heartbeats classification faces some difficulties
because these waveforms differ from person to another, they
are described by some features. These features are the inputs
of machine learning algorithm. In general, using Spark–Scala
tools simplifies the usage of many algorithms such as machine
learning algorithms. On other hand, Spark–Scala is preferred
to be used more than other tools when size of processing data
is too large. In our case, we have used a dataset with 205,146
records to evaluate the performance of our approach. Machine
learning libraries in Spark–Scala provide easy ways to
implement many classification algorithms, The proposed
method is evaluated and validated on baseline MIT-BIH
Arrhythmia and MIT-BIH Supraventricular Arrhythmia
database.
Keywords: Heartbeats classification, electrocardiogram,
Machine-learning libraries (MLlib), Spark–Scala.

1.

INTRODUCTION

An electrocardiogram is a complete representation of the
electrical activity of the heart on the surface of the human
body, and it is extensively applied in the clinical diagnosis of
heart diseases [1], it can be reliably used as a measure to
monitor the functionality of the cardiovascular system.
electrocardiogram signals have been widely used for detecting
heart diseases due to its simplicity and non-invasive nature.
Features of electrocardiogram signals can be computed from
electrocardiogram samples and extracted using some
softwares (ex: Matlab). For instance, millions of people suffer
from irregular heartbeats which can be lethal in some cases.

There are many works related to electrocardiogram
classification without using big data tools when size of dataset
is not large. On other hand, there are several studies that
depend on big data techniques. In [10], Indonesia has high
mortality caused by cardiovascular diseases. To minimize the
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pseudoinverse technique. The proposed approach is validated
in the MIT BIH Arrhythmia Database. The classification
performance was validated on a set of 51 electrocardiogram
records with different temporal length. So our work is
distinguished by: 1. Number of tested records (205,146
records of 51 patients). 2. Complexity of heartbeat types in
training and testing (training records contains Normal and
Abnormal beats). 3. Using Machine learning algorithms for
classification. 4. Using big data tool (Spark–Scala). 5. Using
local host pc (according to the lack of requirements). 6.
Binary and Multi Classification.

mortality, a tele-ecg system was built for heart diseases early
detection and monitoring using Hadoop framework, in order
to deal with big data processing. The system can classify the
electrocardiogram data using decision tree (DT) and random
forest (RF), it was the first real system for heartbeats
classification using big data tools. The system was build on
cluster computer with 4 nodes. The server was able to handle
60 requests at the same time. The accuracy was 97.14% and
98,92% for decision tree and random forest respectively. In
[11], Neural networks and dimensionality reduction technique
was used and the approach was tested on the Massachusetts
Institute of Technology arrhythmia database. The
classification performance on a test set of only 18
electrocardiogram records of 30 min each achieved an
accuracy of 96.97%. In [1], Many types of heartbeat were
extracted and used for classification, classification method is
used to classify independent type (3 records for each type);
each type of heartbeats has its own model (model to classify
normal heartbeats, model to classify type 1 of heartbeats and
so forth). Neural network and SVM were applied and the
accuracy of results was high good (more than 90%), but there
was not unified model to classify all multi-types together at
once. In [12], Feed-forward and fully connected artificial
neural networks aided by particle swarm optimization
technique are employed to recognize two patterns of
heartbeats [Ventricular ectopic beats (VEBs) and supra-VEBs
(SVEBs)]. Tuning parameters of proposed method has
improved accuracy of classification to 96% comparing to the
same method with default value of parameters. Not all
features were used (only morphological and temporal) and a
total of 83,648 beats were selected for training and testing. In
[13], Hidden Markov Models and Spark were used to mine
electrocardiogram data, combining accurate Hidden Markov
Model (HMM) techniques with Apache Spark to improve the
speed of electrocardiogram analysis. The paper has proven
that there is potential for developing a fast classifier for
heartbeats classification. In [8], DNN (Deep Neural Network)
has been used for deep learning to classify heartbeats. The
author has compared results with many studies, accuracy of
classifying has reached 99%, but the classification was only
two types (Normal and Abnormal) and dataset size was almost
85,000 records. In [2], multiply types of heartbeats have been
studied and the author has reached accuracy 93.4%.
Convolutional neural network for classification of
electrocardiogram beat types has been developed by the
author. All studies have proven that machine learning
algorithms are very effective in heartbeats classification.
Recently, Lakshmi et al.[23-26] discussed the data mining
techniques for the prediction and diagnosis of life threatening
diseases. In general, previous studies are using known
methods (SVM, NN, PCA, Adaptive methods, etc.) and
limited number of records for testing and training.

2.

METHODOLOGY

The development of this work requires a database with digital
electrocardiogram records for computational analysis of many
different patients with different pathologies. Accordingly, we
employed the widely known Massachusetts Institute of
Technology (MIT) arrhythmia database. The original dataset
is the MIT-BIH Arrhythmia Dataset. Using physionet ATM
Bank [14], we have used annotations with specific
configuration. Each record was extracted to its end (ex: record
100 is 1805 s). In general, completed dataset contains
information of 51 patients (totally 205,146 rows for all
patients). Each row has 16 columns of features. Each record
of data has three main files with three different extentions .atr,
.hea and .dat, atr file contains annotations, dat file is the
digitalized signals and hea file is header file. The recordings
were digitized at 360 samples per second per channel with 11bit resolution over a 10 mV range. Two or more cardiologists
independently annotated each record; disagreements were
resolved to obtain the computer-readable reference
annotations for each beat included with the database. More
details about dataset in [15]. Annotations was saved as text
files from Physionet website. Many of the considered features
based on the Discrete Wavelet Transform (DWT) of the
continuous electrocardiogram signal, final dataset was saved
as csv file. In addition to the electrocardiogram signal,
annotations contain the beat localization and the beat class
[16]. Normal beat pattern is shown in Fig. 1. Firstly, two
classes (Normal and Abnormal) were classified, then multi
classes (4 classes) were classified.

Keeping the above mentioned facts, in this paper, multiples
classifiers are proposed for electrocardiogram classification,
these classifiers are used mostly in Big Data and Machine
Learning fields by the weighted voting principle. Each
classifier influences the final decision according to its
performance on the training data. Parameters of each classifier
are adjusted on the basis of an individual classifier’s
performance on the training data by applying the

Fig. 1 Pattern of Normal beat
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Fig. 3 Total features for Classification
Fig .2. Properties of Beat
For features selection, many tests have been done to get best
features for final model. Basically, all extracted features were
selected for classification process.

The selected features are beat properties, Fig. 2 shows 3
summits (Q, R and S) of heartbeat. Features can be divided
into three classes: Summits features, Temporal features and
Morphological features. Feature extraction and selection,
Discrete Wavelet Transform (DWT) was used to get features
from downloaded annotations. All chosen features were used
in classification model. Features can be divided into three
types as described in the following. Three main summits were
considered in this paper as features, these features are related
to the amplitude of three summits QRS as shown in Fig. 2.

Multiclass Classification Evaluator for RF model. In addition,
Sensitivity and specificity were calculated based on Eq. (3).
Where [22, 23]: SE (Sensitivity): The sensitivity of a clinical
test refers to the ability of the test to correctly identify those
patients with the disease. SP (Specificity): The specificity of a
clinical test refers to the ability of the test to correctly identify
those patients without the disease. To calculate SE and SP,
these terms should be defined as follows:

Nine temporal features were calculated and used, one of them
is the RR interval, defined as the time delay between two QRS
peaks. Two other features are the interval between the current
and previous beat and the one between the current and
subsequent beat, which are called RR1 and RR2 respectively.
Another interval is defined as the distance between the
previous beat and its predecessor, called RR0. Figure 4 shows
all RR intervals:

1.
2.
3.
4.

Three other features were extracted based on previous
intervals. These features are called Ratio1, Ratio2 and Ratio3.
They are defined as below:

Ratio1 

TP True positive: the patient has the disease and the
test is positive.
FP False positive: the patient does not have the
disease but the test is positive.
TN True negative: the patient does not have the
disease and the test is negative.
FN False negative: the patient has the disease but the
test is negative.

The equations of SE and SP
Are given by

RR0
RR
RR
, Ratio 2  2 , Ratio3  m
RR1
RR1
RR1

SE 

TP
TN
100; SP 
100
TP  FN
TN  FP

Where, RRm  mean( RR0 , RR1 , RR2 )
CC: Correct Classification is computed as below:

Three other features are chosen and selected to define each
summit period.

CC 

Using the QRS summits (after normalization), the maximum
of cross-correlation function between each detected beat and
the following beat was calculated, as well as the maximum of
cross-correlation between the current beat and the previous
beat detected, called respectively Corr1 and Corr2 [17].
Another feature was the maximum of cross correlation
between a template of normal beat, with each QRS complex
detected, called Cxy , was computed. For each record, the
template was calculated as the averaged beat of a sequence of
many normal sinus beats. Finally, a feature was defined as the
QRS duration when QRS beat equals to 0.5 in the normalized
QRS complex. Morphological features are 4 features. The
total features are 16 features (3 QRS amplitude, 9 temporal, 4
morphological) as shown in Fig. 3’

TP  TN
100
TP  TN  FP  FN

Training process in random forest is faster than decision tree,
while testing process in decision tree is faster than in random
forest. Parameters of both algorithms were changed manually.
The optimal values for tuned parameters can be obtained by
running methods with cross validation, but they need too
much time. For production system, cross validation can be
used and the resulted optimal values can be used instead. Built
models of both algorithms are capable to predict types of
heartbeats with accuracy 96.75% and 97.98 for GBT model
and RF model respectively.
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[2].

3. CLASSES CLASSIFICATION
After two classes classification, multi classes classification
was validated using RF Algorithm. RF Algorithm supports
multi classes classification, while GBT supports only binary
classification. Originally, the dataset has a column named
label, it has many different integer values such as 1, 5, 9, 2
and others. Each value labels a class such as 1 labels Normal
beat and all other values labels Abnormal beat (5 labels PVC
and 9 labels PAC).In binary classification, this column is
handled to be just two classes in the preprocessing stage
(Normal and Abnormal). In multi classification, this column is
handled to be 4 classes in the pre-processing stage (Normal,
PVC, PAC and Other). Multi classification is able to predict
multitypes of heartbeats with accuracy 98.03%, this
contribution is very useful; it predicts 4 classes of heartbeats
at once. Max accuracy of binary classification in our case was
97%, it is better the results in [11, 12]. In [11], the accuracy of
classification was 96.97% and 96% in [12]. Max accuracy of
multi classification in our case was 98.03%, it is better
comparing to [7], where multiply types of heartbeats have
been studied and classified using convolutional neural
network and the accuracy of classification was 93.4%.

[3].

[4].

[5].

[6].

[7].

[8].
4. CONCLUSION
The results show that our approach achieved an overall
accuracy of 96.75% using GDB Tree algorithm and 97.98%
using random Forest for binary classification. For multi class
classification, it achieved to 98.03% accuracy using Random
Forest, Gradient Boosting tree supports only binary
classification. Classification process is using some features of
heartbeats and machine learning classification algorithms with
local host pc working using only one node, which are crucial
for diagnosis of cardiac arrhythmia. The developed GBT and
RF models can classify different electrocardiogram heartbeat
types and thus, can be implemented into a CAD
electrocardiogram system to perform a quick and reliable
diagnosis. The proposed model has the potential to be
introduced into clinical settings as a helpful tool to aid the
cardiologists in the reading of electrocardiogram heartbeat
signals and to understand more about them. The occurrence,
sequential patterns and persistence of the classes of
electrocardiogram heartbeats considered in this work can be
grouped under three main categories which represent normal,
PVC, PAC, and other. As a future work, implemented
methods can be rebuilt to work with many classes (Ex: more
than 5 types of heartbeats), the work can be developed to be
used in real time and be trained continuously to enhance it and
increase its accuracy. Moreover, the whole process of
classification can be used with other types of datasets such as
stress and clinical datasets.
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