Classification of Arrhythmia Using Machine Learning Techniques
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Abstract: - Changes in the normal rhythm of a human heart may result in different cardiac
arrhythmias, which may be immediately fatal or cause irreparable damage to the heart sustained
over long periods of time. The ability to automatically identify arrhythmias from ECG recordings
is important for clinical diagnosis and treatment. In this paper we have used machine learning
schemes, OneR, J48 and Naive Bayes to classify arrhythmia from ECG medical data sets Theam
of the study is to automatically classify cardiac arrhythmias and to study the performance of

machine learning algorithms.
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1. Introduction

One of the central problems of the information
age is dealing with the enormous amount of raw
information that is available. More and more
data is being collected and stored in databases
or spreadsheets. As the volume increases, the
gap between generating and collecting the data
and actuadly being able to understand it is
widening. In order to bridge this knowledge
gap, a variety of techniques known as data
mining or knowledge discovery is being
developed. Knowledge discovery can be
defined as the extraction of implicit, previousy
unknown, and potentially useful information
from real world data, and communicating the
discovered knowledge to people in an
understandable way [1, 2].

Machine learning is a technique that can
discover previousy unknown regularities and
trends from diverse datasets, in the hope that
machines can help in the often tedious and
error-prone process of acquiring knowledge
from empirical data, and help people to explain
and codify their knowledge. It encompasses a
wide variety of techniques used for the
discovery of rules, patterns and relationships in
sets of data and produces a generalization of

new unseen data |3, 4]. | he output of alearning
scheme is some form of structura description of
adataset, acquired from examples of given data.
These descriptions encapsulate the knowledge
learned by the system and can be represented in
different ways.

The motivation behind the research reported
in this paper is the results obtained from
extensions of an ongoing major effort. Some of
the results of this effort have been partly
reported in [14, 15). In the effort, we focused on
the acquisition and (software) analysis of ECG
signas for early diagnosis of Tachycardia heart
disease. The work reported here builds on the
initiadl work by developing an experimenta
framework using machine learning techniques
to accurately predict the disease and suggestive
remedies after the classification.

2. Related Work

There has been much work in the field of
classification and most work is based on neural
networks, Markov chain models and SVMs.
The datasets used to train these methods are
often small. In [5], direct-kernel methods and
support vector machines (SVM) are used for
pattern recognition in magnetocardiography. In
[6] Sdf-organizing maps (SOM) are used for



analysis of ECG signas. The SOMs helps
discover a structure in a set of ECG patterns and
visualize a topology of the data. In [7] machine
learning methods like Artificid Neura
Networks (ANNs) and Logically Weighted
Regresson (LWR) methods are used for
automated morphological galaxy classification.

The approach utilized in the research
described in this paper wasto evauate three
standard machine learning algorithms applied to
classfy cardiac arhythmias. All related
previous research cited in this paper use classes,
features, and machine learning methods that are
different from the research described herein,
and therefore, a direct comparison of the results
with the previous research work was beyond the
scope of this paper.

3. Machine L earning Algorithms
The agorithms selected to diagnose cardiac
arrhythmia are OneR [12], Naive Bayes [13],
and M8 [9]. OneR is a simple agorithm
proposed by Holt. OneR induces classification
rules based on the value of a single attribute. As
its name suggests, this system learns one rule.
Surprisingly, in some circumstances it is amost
as powerful as sophisticated systems such as
8. OneR algorithm prefers the attribute that
generates the lowest training error on the given
dataset. In the event that two attributes generate
the same training error, OneR makes a random
choice between them. This agorithm is chosen
to be a base agorithm for comparing the
predictive accuracy with other algorithms.

M8 dgorithm is an implementation of the
CA.5 decision tree learner. The agorithm uses
the greedy technique to induce decision trees for
classification. A decision-tree mode is built by
analyzing training data and the modéd is used to
classify unseen data. An information-theoretic
measure is used to select the attribute tested for
each non-leaf node of the tree. Decision tree
induction is an agorithm that normally learns a
high accuracy set of rules. This agorithm is
chosen to compare the accuracy rate with other
algorithms.

Naive Bayes classfication agorithm is
based on Bayes theorem of posterior
probability. Given the instance, the algorithm

computes conditional probabilities of the classes
and picks the class with the highest posterior.
Naive Bayes classification assumes that
attributes are independent. The probabilities for
nominal attributes are estimated by counts,
while continuous attributes are estimated by
assuming al norma distribution for each
atribute and class. Unknown attributes are
smply skipped. Experimental studies suggest
that Neive Bayes tends to learn more rapidly
than most induction algorithms. Therefore this
algorithm was chosen to mmpare the rate of
learning.

4. TheData Sets

The dataset is obtained from UC-Irvine archive
[20] of machine learning datasets. Theam isto
distinguish betweenthe presence and absence of
arhythmia and to identify the type of
arrhythmia. Class 01 refers b 'norma’ ECG.
Classes 02 to 15 refers to different classes of
arrhythmia and class 16 refers to the rest of
unclassified ones.

The input dataset is in WEKA ARFF file
format [11]. The arrhythmia dataset has 279
attributes, 206 of which are linear valued and
the rest are nomina. There are 452 instances
and 16 classes. The arrhythmia data set is run
against the J48 decison tree algorithm of
WEKA (the java implementation of building a
CA.5 decision tree) and Naive Bayes of WEKA
usng 10-fold cross-validation. The study
comparatively evaluated the performance of
OneR, J48 and Naive Bayes.

There are missing values in the dataset. The
instance with missing vaues is probabilistically
assigned a possible value according to the
distribution of values for that attribute based on
the training data by Weka.

5. Experimental Setup

The cardiac arrhythmia diagnosis is done by
WEKA (Waikato Environment for Knowledge
Analysis), software environment for machine
learning. WEKA is a collection of machine
learning agorithms for data mining tasks. The
algorithms can either be applied directly to a



dataset or called from your own Java code.
Weka contains tools for data pre-processing,
classification, regression, clustering, association
rules, and visuaization. It is also well-suited for
developing new machine learning schemes.
WEKA system is open source software issued
under the GNU General Public License.

In the experiments, the original data set is
partitioned into two mutualy digoint sets. a
training set and a test set. The training set is
used to train the learning agorithm, and the
induced decision rules are tested on the test set.

The settings used in the experiments were as
follows. The OneR, M8 and Naive Bayes were
used in conjunction with
weka.attributeSe ection. I nfoGainAttributeEval
and weka.attributeSelection.Ranker. The cross
validation was set to 10 and all other settings
were the WEKA program defaults. A sample
shot of the Weka Explorer settings running J48
decision tree is shown in Figure 1. Figure 2
shows asample shot of confusion matrix which
indicates the accuracy of classification. For
example, for class a (Normal ECG) 108
instances were correctly classified, but 7 were
putinclassb, linclasse 4inclassj, 1inclass
nand 4inclassp.
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Fig. 1 — Sample Shot of Weka running J48
decision tree algorithm
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Fig. 2 — Confusion Matrix from J48 decison
tree algorithm with percentage split of 50 %
train and 50% test, 70% accuracy

6. Resaults

The results of the experiment are summarized in
Table 1, and omparison of the accuracy (or
number of correctly classified instances) and
learning time (or time taken to build the model)
on the dataset between OneR, J48 and Naive
Bayes areillustrated in Figure 3. Figure 4 shows
the trade-off in decreasing learning time and
increasing error rate for the three agorithms

Algorithms

OneR 48 NaiveBayes

Testing Criterion ) )
Correctly | Timetobuild] Correctly | Timetobuid| Correctly | Time to buid

Classified Mode! Classfied Model Classified Model
Instances (%) (seconds) |Instances (%)| (seconds) |Instances (%)] (seconds)

Training Set itself 61.28 0.16 9181 0.74 7655 0.01

Percentage split (50% train

S0btest) se67 007 60.9L 057 7080 001

Percentage split (70% train

58,09 0.08 7426 044 75.00 0.01
30%test)

Percentage split (80% train

20%tes) 56.04 008 67.03 042 7473 0.02

Table I Summary of Results of Experiments



Accuracy Comparison
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Fig. 3 - Accuracy and Learning Time
Comparison between OneR, J8 and Naive
Bayes

As shown in the upper graph in Figure 3, the
highest accuracy was observed in the case of
decision-tree induction algorithm (348) in the
case of using the training data itself. Despite the
high accuracy rate of J48, the accuracy curve is
unstable when the data is spilt into training and
test, whereas OneR and Naive Bayes show
stable accuracy on the dataset. The accuracy
rate of OneR is the lowest among the three
algorithms.

The lower graph in Figure 3 illustrates the
learning time comparison of the algorithms. The
JA8 agorithm consumes far more learning time
than the aher agorithms. The learning time of
JA8 drops drastically at percentage split of 50%
and 70%. The learning time of OneR drops at
percentage split of 50%. The differences in
learning time for Naive Bayes for different
percentage split is not very significant.
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Fig. 4- Comparison of Learning Time and Error
Rate between OneR, J48 and Naive Bayes

Figure 4 shows the comparison between the
Learning Time and Error Rate to guide the
decision of which percentage split should be the
optimal choice. OneR and Naive Bayes show
the characteristics of fast learning agorithms.
They need percentage split between 50% and
70% to achieve the high accuracy. J48, on the
other hand needs al the training data to reach
the highest accuracy rate.

7. Conclusion

In the research reported in this paper, three
machine learning methods were applied on the



task of classifying arrhythmia and the most
accurate learning methods was evaluated.
Experiments were conducted on the cardiac
dataset to diagnose cardiac arrhythmias in a
fully automatic manner using machine learning
algorithms. OneR and Naive Bayes show the
most stable accuracy rate. This is not true for
JA8 agorithm.

The results strongly suggest that machine
learning can ad in the diagnosis of cardiac
arrhythmias. It is hoped that more interesting
results will follow on further exploration of
data. Future work includes repeating the
experiment with other machine learning
algorithms such as support vector machines.
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