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ABSTRACT

One of the most significant domains of Machine learning is in the Healthcare Industry
which helps the medical professionals in the automation of medical diagnosis process
and in the development of a disease prediction system that is highly powerful in
reducing the patient mortality rate. The count of people dying every year from heart
disease is increasing drastically. The multiclass model for diagnosing heart disease
has been proposed using PSO based SVM. It classifies the heart disease into 5 classes
namely healthy, low-risk, medium-risk, high-risk and danger. The severity of disease
increases from healthy to danger. Principal Component Analysis has been used as a
dimensionality reduction step to choose the subset of attributes that best reflects the
original heart dataset. Support vector machine is a promising supervised method that
classifies data by functional hyperplane which separates two classes from each other.
The accuracy of SVM was enhanced by global stochastic optimization technique
called Particle swarm optimization. The proposed algorithm is implemented for both
2-class and 5-class problems. The performance of multiclass model has been
estimated on the basis of accuracy, recall, precision and F-measure. The results
indicate that the attained classification accuracy is very promising as compared to the
other existing algorithms. The proposed approach can be successfully used for

determining the severity level of heart disease.

Keywords: Support vector machine, Heart disease, Particle swarm optimization,

Classification, Principal component analysis, Medical diagnosis.
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CHAPTER 1
INTRODUCTION

1.1 Introduction to heart disease

The Heart is one of the most important organs in the human body. It is the center of
the circulatory system. The heart functions as a pump that propels blood to different
parts of the human body through a network of blood vessels, supplying a constant
supply of oxygen as well as other vital nutritional components. Without the proper
working of the heart, multiple other organs would stop working. If the heart ever stops
functioning and ceases to pump blood, the body will shut down and within very less

time a person will expire.

According to the association’s 2015 Heart Disease and Stroke Statistics Update [1],
cardiovascular disease is the leading worldwide cause of death, accounting for 17.3
million deaths per year and by 2030 it is estimated to increase to more than 23.6
million. In 2011, nearly about 787,000 people from the U.S. died from cardiovascular
diseases, heart disease and stroke. It has been claimed that heart disease causes more
death than all types of cancer combined. The count of people dying every year from
cardiovascular disease is increasing drastically. If heart disease is identified and
diagnosed precisely at an early stage and proper subsequent treatment is provided then

considerable life can be saved and death rate can be reduced.

Machine learning presents various algorithms for analysis of medical data. It helps in
diagnosis and prediction of healthcare problems untimely. Patient data is gathered
with the help of data collection equipment and stored in a computer system in the
form of medical records for treatment. Machine learning algorithms help in the
diagnosis process of a new patient by analyzing the data pattern of the patient
admitted in the past. It examines the disease, symptoms faced and the adequate
treatment provided to the patient and uses that information for a newly admitted
patient. Machine learning automatically learns through experience and performance of
algorithm gets improved with each experience. The diagnosis system involves
dividing the dataset into various classes depending on the values of the attribute
measured for each instance of a patient. Machine learning has attained notable results

and can be successfully used in the healthcare industry. In this thesis, a multiclass



model for diagnosing heart disease has been proposed using PSO based SVM. The
proposed approach develops a heart disease diagnosis system that determines the
criticality level of a newly presenting patient. It uses support vector machine classifier
to classify heart disease dataset into multiple classes.

1.2 Motivation of the thesis

The diagnosis process is a decision making process in which decisions are made by
the medical experts with the help of their knowledge and the experience they get with
the treatment of patients suffering from same problem and symptoms. Disease
diagnosis is a complicated process and may lead to wrong assumption as some factors
are associated with many organs. Hence, there is a need to automate the medical
diagnosis process and develop a diagnosis system to determine the stroke level of
heart disease with higher precision and without causing any delay in the proper
subsequent action. The number of tests is conducted on the patient for the diagnosis of
a disease. With the use of machine learning technique for predicting the disease, the
number of tests can be reduced which saves time and provides quality services at a

reasonable cost.

1.3 Organization of the thesis

The work is presented in thesis as:

Chapter 2 gives an overview of machine learning and the various classification
techniques along with their advantages and disadvantages. Chapter 3 describes the
literature review on machine learning techniques. The various approaches proposed
by researchers are studied to help medical experts in predicting various diseases.
Chapter 4 describes the problem statement and objective of this work. Chapter 5
illustrates the proposed algorithm and their implementation. Chapter 6 gives the result
of proposed algorithm and comparison of our method with different approaches.

Chapter 7 concludes the work done and proposes the future enhancement of work.



CHAPTER 2
BACKGROUND

2.1 Introduction to Machine learning

Machine learning is a domain of artificial intelligence involving the construction of
algorithms that automatically learns through experience and performance of algorithm
gets improved with each experience. Algorithm operates by detecting some pattern in
input data and building a model based on input data to make precise predictions for

new data.

2.2 Machine learning Techniques

Machine
Learning
Techniques

Supervised Reinforcement Unsupervised

Learning learning Learning

Dimensionality
Reduction

Classification Regression Clustering

Figure 2.1: Machine learning techniques

2.2.1 Supervised Learning

In case of supervised machine learning, algorithm induces a mapping function from
given labeled training dataset to map new input data to its desired output [2]. Labeled
training dataset comprises of examples, which is a pair of input data and its output
value. Classification problems are the most common method of supervised learning.

For example, suppose we have a record of previous heart patients, including blood



pressure, sex, age, cholesterol, weight, etc. within a year and want to predict whether

a new patient is prone to a heart attack or not.

Feature
Vectors
Training
data - \

R

Feature
Vector

o -I‘

Figure 2.2: Supervised learning

The problems solved by supervised learning are:
e Classification
Classification is a process of classifying the data into their respective classes.
It mainly includes two phases. The first phase is the training step and building
classifier in which a classifier is trained to analyze the given data records and
the class with which they are associated. The second phase is the testing step
in which model classifies the test dataset on the basis of pattern analyzed in
the first phase [5]. Different classifiers can be applied to the same dataset and
best classifier can be selected by comparing the performance metrics like

accuracy, specificity, robustness, speed, precision and recall.



e Regression
Regression is a process of predicting the output variable on the basis of the
training set. The output variable is in the form of continuous value. It can be
symbolized in the form of regression tree where the data gets divided with
each branch and results in final predicted value. The prediction of price in

stock market is an example of regression.

2.2.2 Unsupervised Learning

In case of unsupervised machine learning, algorithm infers a mapping function to find
hidden patterns and correlation between them from unlabelled input dataset [3]. Input
dataset comprises of examples, each example is an input data with no explicit output

value. For example, we have to discover close-knit group of friends in facebook.

Feature
Vectors
Training
data - \

Feature
Vector

Test
data

Figure 2.3: Unsupervised learning




The problems solved by unsupervised learning are:

Clustering

Cluster analysis is the most common unsupervised learning method. The goal
is to find similarities in the given training data by metrics like Euclidean
distance and group them in a cluster. Algorithm operates by assigning example
to one of the cluster depending upon its similarity with the cluster. It works
well when there is an adequate data.

Dimensionality reduction

Dimensions of data can be reduced either by choosing the most significant
features (Feature selection) or transforming features to a small set of features
(Feature extraction). Every feature in the given dataset contributes differently.

Moreover, high dimension of data results in more computation cost.

Advantages

1. Visualization of the data becomes easy.

2. The computation cost and space to store the data get reduced.

3. The performance of model built after dimensionality reduction step

generally gets improved.

2.2.3 Reinforcement learning

Reinforcement learning enables the machine to perform some action in an

environment in such a way that the machine gets rewarded for each right action to

signify success and get punished for each wrong action [4]. Hence, the aim of this

learning is to make such decisions that maximize rewards. The machine can make

decision on the basis of learning in the past that which action at what scenario helps in

contributing to success.

Environment

State

Action

Reward \‘
Agent

Figure 2.4: Reinforcement learning
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2.3 Classification algorithms

2.3.1 Naive Bayesian

It is a statistical and supervised method of classification based on Baye’s theorem.
The approach is named as naive as it assumes that all the variables are independent of
each other and contribute independently to the probability. It works well for very
large datasets. It is very simple to use and give better results than highly complicated
classification algorithm. It takes a set of input from the training set and applies bayes
theorem to compute the probability for each class. Predicted class is the one having
the highest probability [6] [7].

Bayes Rule:
Bayes theorem gives a method of calculating posterior probability P(c|d) from P(c),
P(d) and P(d|c) by the following equation:

P(d|c)P(c)

Pleld) = —

where:

P(c|d) is the posterior probability of class ¢ given some training data d.
P(c) is the prior probability of class c.

P(d) is the prior probability of training data d.

P(dlc) is the likelihood of training data d given class c.

Advantages
1. Itis very simple to implement and fast method to predict the class in test data
set.
It works well in case of multi-class problem.
It gives good results if the input variables are categorical.

It outperforms to other complex methods like logistic regression.

o ~ w N

To estimate the parameters, small amount of training data is required

Disadvantages
1. If variable has some category which is present only in testing set but was not
present in the training set, then model was not able to predict this category.
Smoothing technique such as Laplace estimation is the solution for this.

Sometimes, it is considered as a bad estimator.



2. It assumes that variables are completely independent to each other but it is not

always practical.

2.3.2 K-nearest neighbor

K-nearest neighbor (KNN) is one of the simplest used algorithms for classification. It
is also called as a lazy learning algorithm as it takes into account complete training set
and does not perform any generalization on training set [8]. It considers K-nearest
neighbors for classification of given instance ‘X’ [9]. The distance between the
attributes of X (X1, X2, ...xn) and its neighbors (y1, y2, ...yn) is measured by Euclidean

distance using the following formula:

VO =92+ G =202+ e (X — Yn)?
The neighbors of X vote to predict the class of X and X is alloted to the class having

majority votes by its neighbors.

Algorithm to find the class of instance X
1. Given a new instance ‘X’ and count of nearest neighbors ‘k’ which is to be
considered.
2. Find k training set instances which are nearest to instance ‘X’ using Euclidean
distance.
3. Find the majority of votes by considering each neighbor vote.

4. Instance ‘X’ is assigned to the majority winning class.

Advantages

1. Robust to noisy training data.

2. It gives good results for large training data also.
3. ltis very simple algorithm to implement.
4

It is highly adaptive as it uses only local information.

Disadvantages
1. As the number of attributes increases, accuracy of algorithm decreases.
2. It requires more memory for large size training dataset which makes the
prediction process slow.

3. Computationally intensive recall.



2.3.3 Multilayer Perceptron

Artificial Neural Network (ANN) is the technique used for processing information
and is based on the working of Brain. The most common neural network model is
Multilayer perceptron. This is supervised learning algorithm which means that it
acquires knowledge through learning [10]. M.Minsky and S.Papert introduced
concept of Multilayer perceptron in 1969. The single layer perceptron is basically
used for solving problems that are linearly separable. For non linearly separable
problems, more layers are added to the neural network. These are also known as Feed
Forward neural networks because the input signals propagate layer by layer in the
system. These are mostly used for classification, pattern recognition, approximation

and prediction [11].

The architecture of Multilayer Perceptron (MLP) consists of 3 layers:

1. Input Layer: This is the first layer. It accepts the input vector or pattern from
the user. It standardized the value of each variable in the range of -1 to 1 and
passes the result to first hidden layer.

2. Hidden Layers: There can be more than one hidden layers depending upon the
complexity of the problem. This layer extracts more meaningful information
from input. The value of input neuron is multiplied with the weight associated
with it. The combined value is produced by adding together the resulting
values. This combined value is then fed to the last layer i.e. output layer.

3. Output Layer: It receives the values from the last hidden layer, weighs them

and generates the target value.

Back Propagation (BP) Algorithm

The back-propagation algorithm is mainly used to training neural networks. The
intelligence of the networks is based on the valves of weights. Using back propagation
we can adjust the values of these weights. The neural network learns in small iterative
steps. The system is initialized with random weights and known input vector is fed to
the system. The obtained output is compared with desired output and error value is
calculated. This value is propagated back to the system and weights are adjusted to
reduce the error signals. These steps keep on repeating until the output reaches some

predetermined threshold value. This procedure is called as Training phase.



Advantages

1.
2.
3.

They are used for solving non linear models.

They can learn how to do task using training sets.

They are used in generalization problems. They can classify unknown or
incomplete problems sharing the characteristics with known and complete
problems.

They are highly fault tolerant. The whole system does not halt even after some

neuron or interconnections fails.

Disadvantages

1.

2.

234

It can easily traps into the local minima instead of settling into global
minimum of energy.

It is highly sensitive to feature scaling.

N
INPUTS
> OUTPUT
J
INPUT LAYER HIDDEN LAYERS OUTPUT LAYER

Figure 2.5: Multilayer perceptron

Decision tree

Decision tree are supervised method used for the prediction of categorical as well as

numerical value [12].They represents the data instances along with their class label in

the form of a tree. A set of rules can be deduced from the tree which can be used to

classify the unknown data record to its output value. A test on an attribute is

performed on the internal node. The result of the test is depicted by the branch of tree

and class label are present at the leaf node [13].

Advantages

1.
2.

It can be used for the prediction of categorical as well as numerical value.

Decision trees are very easy to understand as data can be visualized.

10



3. Multi-output problems can be solved by decision trees.
4. 1t is very easy to deal with irrelevant attributes with the help of information

gain.

Disadvantages
1. Decision trees are prone to overfitting.
2. If the dataset is imbalanced then biased trees are generated. The dataset should
be balanced before giving it as an input to decision tree.
3. Problems like multiplexer or XOR are not generalized well by decision tree.
4. A completely different tree can be generated with minute deviation in the data.

Ensemble can solve this problem.

2.3.5 Support Vector Machine

Support Vector Machine is a supervised method of classification invented by
Vladimir Vapnik and Chervonenkis in 1963 and proposed as a kernel based learning
method for classification of non linear data in 1993 [14]. It is able to predict classes
from both linear and non linear data and works well on reasonably sized datasets only.
The original training data is transformed into higher dimension using non linear
mapping and search for the linear optimal separating hyperplane within higher
dimension. Hyperplane is the decision surface that separates the data from two classes
in such a manner that data of one class are on one side of the hyperplane and of other
class are on other side. Hyperplane can be found using support vectors and
margins.There can be more than one hyperplane possible that classify the data. The
hyperplane that denotes the largest margin between the decision boundaries of two

classes is the best one [15].
Suppose f is a function that maps input to output for SVM classification then,
f:1-0
Let the dataset be given as {X, Y} where
X ={x; |1 < i < n}, asetof ntraining tuples
Y ={y; |1 <i < n}, associated class label
Each y; belongs to either +1 or -1, that corresponds to two classes of dataset.

Vi € {+1, —1}

11



Assume that the pattern characterized by the subset y; = +1 and y; = —1 are
linearly separable.

The decision surface can be represented in the form of a hyperplane as
fx)=0
W.X+b=0
where W represents weight vector and b represents the bias value.
Hence, any point from one class lies above the separating hyperplane satisfies,
W.X+b>0
Similarly any point from another class lies below the separating hyperplane satisfies,
W.X+b<0
P1 and P2 are the two planes:
P1: x;w+b=+1

P2: x;w+b=-1

P2

Figure 2.6: Decision boundary and margins of SVM

12



The equations of the planes P1 and P2 can be combined to form
Y;(W.X +b) =1, foralli
Which can be solved by lagrange multipliers (a; = 0(i = 1,2, ....1n))

The decision vector can be represented in the form of following equation

n

y(x) = sgn [Z a;yi{x;x) + b

i=1

In case of non linear problems, SVM with kernel functions are used by which data get
transformed to a higher dimensional space [16]. Selection of different kernel functions
produces different results. The decision function can be represented as:

n

Z a;yK(x;x) + b

i=1

y(x) = sgn

where K(x; x) = (@(x;),0(x)) is kernel function and @(x) is mapping to high

dimension space.

The kernel functions of SVM are:

L Linear: K(x;x) = xTx;

2 Polynomial: K{x; x) = (yx"x; + )%y >0

3. Radial basis function: K (x; x) = exp (—)/IIXi - Xj||2),y >0

Advantages
1. They are not vulnerable to overfitting because of presence of
regularization parameter.
2. SVMs always output a unique solution as there is no local minima
concerned.
3. By selecting appropriate values of C and r, they provide good
generalization.

4. They give good results in case of complex decision boundaries also.

Disadvantages
1. SVMs can be very slow as they are computationally expensive and take

more time in training.

13



2. Proper selection of kernel is needed for good results.

3. For large scale tasks, SVM have more memory requirements and high

algorithmic complexity.

14



CHAPTER 3
LITERATURE REVIEW

Many machine learning approaches are proposed by researchers to help medical
experts in the implementation of highly reliable diagnosis system for the classification
of disease with techniques like artificial neural network, learning vector quantization,
decision tree, neural networks, naive bayesian, k-nearest neighbor etc. This section
summarizes some works of machine learning in the health care industry that found in

literature survey.

Zhang et al. [17] proposed an efficient coronary heart disease prediction system using
Support Vector Machine. In this, Principal Component Analysis (PCA) was used to
extract the important features and different kernel functions were utilized as a
classifier. The highest classification accuracy is achieved with Radial Basis Function
(RBF). To find the optimal parameters values, Grid search method was employed and
optimal values were found to be c=1 and ¢g=0.0909. The highest classification
accuracy reached is 88.6364%. It was used for prediction of two classes .

Naib et al. [18] suggested classification system of primary tumors using multiclass
classifier with Random Forest. In this, Synthetic Minority Oversampling Technique
(SMOTE) is used as a preprocessing step using to remove biasness towards majority
classes by adding the instances of minority classes. The experimental study was
implemented in weka tool. The dataset comprises of total 22 classes of tumor. The
classification is performed with different machine learning algorithms. The result
shows that random forest with 10 random trees outperforms with the accuracy of
85.7% and ROC area of 0.997.

Jabbar et al. [19] proposed a novel approach which combines K-nearest neighbor with
genetic algorithm to predict two classes of heart dataset which are healthy and sick.
The approach has been evaluated using the cross validation on 6 medical datasets
from UCI dataset repository and heart disease AP. In this, genetic algorithm is used to
select the high ranked features which are more significant to others. The accuracy of
classification reached is 81.4% when 5 nearest neighbors are considered. The
disadvantage of genetic algorithm is that it performs many evaluations to evaluate

fitness value and is not a good way to find local optima.

15



Santhanam et al. [20] suggested a Heart disease prediction method. In this study,
PCALl, PCA2, PCA3, PCA4 methods which are produced by applying various
operations on principal components extracted from PCA and a new method called
exponentiated estimate of the coefficient are considered for feature selection. The
performance is evaluated using Feed Forward Neural Networks and regression
classifier. The maximum accuracy reached of regression classifier is 92% with PCA1L.

The proposed system was for classification of two classes.

Lin et al. [21] proposed an SA-SVM method in which Simulating annealing (SA)
approach is used, which searches for continuous decision variable to find optimal
feature subset and parameter values. The proposed method is implemented on a
number of datasets taken from UCI repository and results are compared to the grid
search method and many other classification methods. The implementation of the
method on heart disease dataset for prediction of absence or presence of disease
reveals that SA-SVM achieves an accuracy of 93.33% which is better than Grid
search method that achieved an accuracy of 81.37%.

Ismail et al. [22] presented a classification approach called GA-SVM for lymph
disease diagnosis in which genetic algorithm (GA) is used to reduce the number of
features of the dataset from 18 features to 6 features. The experiments were performed
with 10-fold cross validation. Different kernel functions were employed and for each
function, performance was evaluated by measures like accuracy, sensitivity, area
under curve (AUC), F-measure. The result indicates that GA-linear classifier achieved
best results of 83.1% accuracy with 82.6% sensitivity, 82.7% F-measure and 84.9%
AUC.

A system for prediction of two classes of heart disease by using Learning Vector
Quantization (LVQ) neural network algorithm is proposed by Sonawane et al. [23].
LVQ is a supervised version of quantization algorithm based on competitive learning.
In this system, the input to the neural network is Cleveland heart disease database
having 13 attributes of disease. To reduce error, the hidden layer neurons can be
varied. The output layer indicates the absence or presence of heart disease. The
system performance is evaluated with different number of neurons in hidden layer and
iterations. In this system, 85.55% of maximum accuracy is achieved for 18 neurons

and 100 iterations.
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Ismaeel et al. [24] suggest a new method called Extreme Learning Machine (ELMs)
for prediction of heart disease. ELM is a fast learning algorithm and can obtain
outstanding generalization results. This system does not separate the data into training
and testing steps. The error is measured with varying number of neurons. It has been
observed that the error value gets declined with the increase in the number of neurons.
This approach uses all the data in the prediction of 5 classes representing stroke level

from 0 to 4 and achieved about 80% accuracy.

Bhatia et al. [25] proposed a system based on SVM and integer-coded genetic
algorithm. A Genetic algorithm is used as a feature extraction step by extracting top N
best features and accuracy is taken as a fitness measure. The experiment was
performed with different number of features, different kernel function, and its
parameter values. The result depicts that RBF kernel function outperforms with an

accuracy of 90.57% for two class problem and 72.55% for five class problem.

Soni et al. [26] designed a GUI based interface to predict the absence or presence of
heart disease using Weighted Associative classifier (WAC) in which each attribute is
assigned with different weights based on their capability of prediction. The results
illustrated that WAC gives better results than existing Associative classifier with an
accuracy of 81.51% for two class problem and 57.75% for five class problem. The
reason for less accuracy achieved in the case of multi-class problem is that dataset is
highly imbalanced.

Wiharto et al. [27] presented automatic diagnosis system for predicting 5 classes of
heart disease which are healthy, sick low, sick medium, sick high and serious. The
experiment was conducted with different multi-class algorithms of SVM, Naive
Bayesian, Multilayer Perceptron and Adaboost. The performance metrics used are
recall, precision and F-measure. Binary tree multiclass approach of SVM achieved
maximum accuracy of 61.86% as compared to other approaches. Due to the
imbalanced dataset, classes’ having less number of instances does not show good

results.

Sunila et al. [28] proposed an improved Multilayer perceptron algorithm which works
on multiple subsets of training set. The majority probability rule is used to combine
the results from different subsets. The experiment is implemented with 10-fold cross
validation on Cleveland, Switzerland and Hungarian datasets. The result shows that

17



proposed approach is better than MLP algorithm and has attained an accuracy of
82.8%.

Vadicherla et al. [29] suggested a sequential minimal optimization (SMO) technique
of SVM for heart disease diagnosis system. The system is proposed for two classes.
SMO helps in training of SVM by finding the optimal values of multipliers required
during training phase. The result reveals that SMO shows good results even on large

dataset and performance time is also improved.

Bascil et al. [30] presented a comparative analysis of methods used in the hepatitis
disease diagnosis. The dataset comprises of 155 instances and 19 features. The system
is applicable for classification of two classes that are die and live. The dataset is taken
from UCI data repository. In this study, probabilistic neural network (PNN) was
proposed using 10 fold cross validation technique. The LDA-ANFIS structure [31]
obtained the best results followed by FS-FUZZY-AIRS [32]. The PNN approach can

be used effectively in the prediction of hepatitis disease.
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CHAPTER 4
PROBLEM STATEMENT

4.1 Problem Statement

Heart disease is the leading worldwide reason of death. The count of people dying
every year from heart disease is increasing drastically. There is a need to detect and
diagnose the disease at an early stage so that considerable life can be saved. The
diagnosis process is a complicated process in which doctors make a decision with the
help of their knowledge and the clinical data available which may lead to a wrong
assumption due to the complex association among various factors. The work
presented in this thesis is intended to automate the medical diagnosis process and
develop a prediction system to detect the heart disease using machine learning with
higher accuracy.

4.2 Gaps in Study

On the basis of literature survey, there are following gaps in the study of diagnosis
process of heart disease:

1. Most of the work has been done on a two class problem of heart disease
diagnosis with various machine learning techniques. In this study, work is
done on the multiclass problem. The stroke level of heart disease is also
considered. Stroke O represents the absence of heart disease. Stroke 1, 2, 3 and
4 correspond to the presence of disease with each higher stroke level depicting
the severity of heart disease.

2. Decision trees are prone to overfitting of data and may not be able to
generalize well due to the presence of noise in the training data. This problem
can be solved by SVM. SVM are less prone to overfitting because of the
presence of regularization parameter. SVM always output a unique solution as
there are no local minima concerned.

3. Performance of SVM classifier model is optimized by finding the best values
of SVM parameters that maximize accuracy using Particle Swarm

Optimization (PSO) technique.
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4.3 Aims and Objectives
The aims and objectives of our work are:

1. To develop a heart disease prediction system that is highly precise, efficient
and useful in early diagnosis which lessens the patient mortality rate.

2. To predict the severity level of heart disease by considering 5 classes for
classification so that proper subsequent treatment is provided.

3. To implement Support vector machine (SVM) for the accurate classification of
heart disease and to apply Particle Swarm Optimization (PSO) technique to
find the best values of parameters of SVM.

4. To measure the performance of diagnosis system and to compare our results
with other approaches using performance metrics like accuracy, precision and

recall.

4.4 Research Methodology

Acquire Data

: Apply
Dataset ‘ Cleansing ‘ ‘ classifier

Figure 4.1 Research methodology used

Four phases are included in the proposed medical diagnosis process for early and
precise detection of heart disease which are as follows:

Phase 1: In the first phase, the appropriate dataset related to the problem to work
upon is selected. Proper selection of dataset is very important and make sure that an
adequate number of records are present to address the problem. The dataset from a
trustworthy source is collected and get familiarized with the data. The data is analyzed
properly by understanding the meaning of each attribute present in the dataset.

Phase 2: In the second phase, clean the data and prepare it to give as input to the
modeling tool. Data cleansing includes dealing with missing values, purging of
redundant information, removing inconsistencies and errors which make the quality of
data better and efficient to find useful patterns from the data. It includes all the steps
to make the data complete for further preprocessing. It is a time-consuming step and

very important step because the solution is highly affected by the quality of data.
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Phase 3: In the third phase, a subset of features is selected which best reflects the
original dataset. Each feature in the given dataset contributes differently. Some
features are more significant to others while some features are irrelevant and add no
useful information to the data which degrades the efficiency of the system. Moreover,
high dimension of data results in more computation cost. So, there is a need to reduce
the dimensions without affecting the quality of data. Dimensions of data can be
reduced either by choosing the most significant features (Feature selection) or
transforming features to a small set of features (Feature extraction).

Phase 4: In the fourth phase, a classifier is implemented to classify the data into their
respective classes. Classification mainly includes two phases. The first phase is the
training step and building classifier in which a classifier is trained to analyze the given
data records and the class with which they are associated. It analyzes the pattern in the
training set. The second phase is the testing step in which model classifies the test
dataset on the basis of pattern analyzed in the first step. Different classifiers can be
applied to the same dataset and best classifier can be selected by comparing the
performance metrics like accuracy, specificity, robustness, speed, precision and recall.

21



CHAPTER 5

PROPOSED ALGORITHM AND IMPLEMENTATION

The multiclass model for diagnosing heart disease has been proposed using PSO
based SVM that is highly efficient in terms of accuracy, precision and recall. It uses
support vector machine classifier to classify heart disease dataset into 5 strokes.
Stroke 0 represents the absence of heart disease. Stroke 1, 2, 3 and 4 correspond to the
presence of disease with each higher stroke level depicting the severity of heart
disease. The PSO is implemented to enhance the accuracy by finding optimal values

of SVM parameters.

5.1 Major Components
The proposed algorithm mainly comprises of 4 major components which are as
follows:

1. SMOTE: Synthetic Minority Oversampling Technique (SMOTE) is a popular
algorithm to over-sample the minority class. SMOTE usually operates on
continuous variables [33]. It generates synthetic examples of minority class by
selecting a neighbor from k nearest neighbors of that minority class example.
The difference between the attributes of minority class example and its
neighbor is computed which is multiplied by an arbitrary number in the range
[0, 1]. Synthetic example is created by the addition of computed value with
minority class example considered. It results in the selection of synthetic
example of minority class on the line segment between a minority class
example and its neighbor [34].

2. PCA: Principal Component Analysis (PCA) is used as a preprocessing step to
select the subset of features which best reflects the original heart dataset. Each
feature in the given dataset contributes differently. Some features are more
significant to others. The goal of PCA is to transform a number of correlated
variables of a dataset to a new set of a small number of variables which are
linear combinations of original variables called Principal Components [35].
The original dataset is replaced by its principal components after the
application of PCA.

3. PSO: Particle Swarm Optimization (PSO) is a global optimization method

used to find the optimal values of the error penalty parameter C and kernel
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parameter of SVM which plays a vital role in improving the accuracy of SVM
[36]. It searches for the best solution of parameters by executing a number of
iterations.

4. SVM: Support Vector Machine (SVM) is used to predict the stroke level of
heart disease. SVM solves the multiclass problem of 5 classes by dividing it

into a series of two-class problems.

5.2 Working of proposed algorithm

The working of our proposed algorithm is shown in Figure 5.10. It comprises of 7

steps listed below to predict the severity level of heart disease.

5.2.1 Loading Heart Disease Dataset: The Cleveland Heart Dataset is used that is
taken from UCI Machine Learning Dataset Repository which was contributed by
Detrano [37]. The dataset comprises of 303 instances and 14 attributes of disease as
shown in Figure 5.1. The dataset is divided into 5 classes represented by attribute
‘num’ which represents 5 different stroke level of disease. Increasing stroke level
depicts the more severity of heart disease and immediate adequate treatment is
recommended. The dataset comprises of 6 missing values which is neglected for this

study. The total number of instances considered is 297.

The 5 classes of heart disease are as follows:
Class 0: Healthy

Class 1: Low-risk

Class 2: Medium- risk

Class 3: High-risk

Class 4: Danger

1 |age sex p trestbps chol fhs restecg thalach exang  oldpeak slope  ca thal num

2 63 1 1 145 233 1 2 150 0 23 3 0 ] 0
3 67 1 4 160 286 0 2 108 1 15 2 3 3 2
4 67 1 4 120 223 0 2 129 1 2.6 2 2 7 1
5 37 1 3 130 250 0 0 187 0 35 3 0 3 0
] 41 0 2 130 204 0 2 172 0 14 1 0 3 0
7 36 1 2 120 236 0 0 173 0 0.8 1 0 3 0
8 62 0 4 140 268 0 2 160 0 3.6 3 2 3 3
9 57 0 4 120 354 0 0 163 1 0.6 1 0 3 0
10 63 1 4 130 254 0 2 147 0 14 2 1 7 2
11 33 1 4 140 203 1 2 155 1 il 3 0 7 1
12 37 1 4 140 192 0 0 143 0 0.4 2 0 ] 0

Figure 5.1: The Cleveland heart dataset
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5.2.2 Balancing dataset using SMOTE: The Heart disease dataset is imbalanced as
each class label is not approximately equally distributed. The number of instances of
class 0 is 160, class 1 is 54, class 2 is 35, class 3 is 35 and class 4 is only 13 which is
depicted in Figure 5.2. SMOTE algorithm is applied to the imbalanced dataset for
reducing the biases among the majority classes. After the implementation of SMOTE,
the number of instances of class 0 is 160, class 1 is 162, class 2 is 157, class 3 is 157

and class 4 is 156 which are approximately balanced as depicted in Figure 5.3.

Imbalanced Dataset

H Healthy
® Low-risk

i Medium-risk

® High-risk
i Danger
Figure 5.2: Imbalanced dataset
Balanced Dataset (SMOTE)
M Healthy
M Low-risk

i Medium-risk
® High-risk
i Danger

Figure 5.3: Balanced dataset
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It generates synthetic examples of minority class by setting parameters
nearestNeighbors and percentage depending upon the amount of oversampling
required for a particular minority class. The value of nearest neighbors of the minority
class sample considered is 5. The pseudo code for SMOTE algorithm is shown in
Figure 5.4.

Algorithm: SMOTE (m, p, k, n)

Input: m- Number of minority class examples; p%- Percentage of SMOTE
required; k- Number of nearest neighbors; n-Number of minority classes.

Output: Synthetic examples for each minority class.

1. for i<—1tondo // Foreach minority classi

2 if p <100 then

3 Randomize the m minority class samples

4 m= (%) Xm

5. p =100

6 endif

7 p = (int) (%)

8 num_atrib : Number of attributes present in the dataset

9. MinArr[ ][ ] : minority class instances array

10. count=0 /I stores the count of synthetic samples created

11. SynthArr[ ][ ]: synthetic instances array

12. For j«1 to m do//For each minority class example j in minority
class i

13. NeighArr =Indices of k- nearest neighbors for j

14, while(p !=0)

15. rand=Select a number in the range [1,k]

16. for k < 1 to num_atrib do

17. dif = MinArr [NeighArr [rand]][K] — MinArr [j][K]

18. interval = select a random no in the range [0,1]

19. SynthArr [count][K] = MinArr[j][K] + interval * dif

20. Endfor

21. count=count +1

22. p=p-1

23. endwhile

24. return Synthetic examples

25. endfor

26. Endfor

Figure 5.4: Pseudo code for SMOTE
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5.2.3 Normalizing Dataset: The Cleveland Heart Dataset is dealing with the
attributes having different units and scales. For example, the resting blood pressure
(trestbps) is in mm Hg and ranges from 94 to 200 while the sex being 0 or 1, and the
cholesterol is in mg/dl ranges from 126 to 564. To have the fair comparison, all
parameters should have the same scale. Normalization makes the data scalable into a
small specific numeric range. The dataset after normalization of values is shown in

Figure 5.5.

If x = (x1, x5, .....x3) are the data points, f(x) will normalize the dataset using the

following equation

; —mean(x)

X
flxi) =

var(x)

where
x;= Data point i where 1 <i <k
mean(x)= The average of all the data instances
var(x) = The sample deviation of all the data instances

age sex cp trestbps  chol fhs restecg thalach exang  oldpeak slope ca thal
0.865507 0.48665 -2.93127 0715365 -0.32309 3.760461 0.973392 0.313984 -0.36257 0.723934 2335669 -1.11433 0.293914
-2.3781 048665 -0.51932 -0.20725 0.016619 -0.26552 -1.23954 2.011625 -0.96297 1.769579 2355660 -1.11433 -1.43374
-1.87909 -2.05171 -1.7253 -0.20725 -0.9026 -0.26552 0.973392 1.323392 -0.96297 -0.0568 -1.39851 -1.11433 -1.43574
-0.00777 048665 -1.7253 -0.82232 -0.26314 -0.26552 -1.23954 1.598685 -0.96297 -0.57862 -1.39851 -1.11433 -1.43574
0.116982 -2.05171 0.686656 -0.82232 2.094852 -0.26352 -1.23954 0.910452 1222838 -0.75256 -1.33851 -1.11433 -1.439?4[
0.116932 0.48665 0.686656 0.407827 -1.1424 -0.26552 -1.25954 0.222219 -0.36237 -0.92651 0.478581 -1.11433 0.293914
-0.00777 -2.05171 -1.7253 0.407827 0.895871 -0.26552 0.973392 0.45163 -0.96297 -0.14377 0473381 -1.11433 -1.43974
-1.50482 048665 -1.7253 -0.82232 0.276398 -0.26552 -1.23934 1.369274 -0.96297 -1.27439 -1.39851 -1.11433 0.871738
0| -0.50679 0.48665 -0.51932 2376068 -1.00251 3.760461 -1.25954 0.36457 -0.96297 -0.83933 -1.39851 -1.11433 0.871793
1) 0116932 0.48665 -0.51932 1.022303 -1.62199 -0.26552 -1.25954 1415156 -0.36237 0.11714 -1.39851 -1.11433 -1.43974
12 -0.25728 0.48665 0.686656 0.407827 -0.20319 -0.26352 -1.25954 0.772806 -0.96297 -0.23074 -1.39851 -1.11433 -143974

[ - T = S L, T S Ty U

= | =

Figure 5.5: Normalized dataset

5.2.4 Selecting feature subset using PCA: Principal Component Analysis is used as
a dimensionality reduction step to select the subset of features which best reflects the
original heart dataset. The PCA is a statistical method which transforms a number of
correlated variables of a dataset to a new set of a small number of variables which are
linear combinations of original variables called Principal Components. The original
dataset is replaced by its principal components after the implementation of PCA. The
procedure for PCA is shown in Figure 5.7.
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The contribution of each principal component is represented byR,,.

Ap

R. =
P Yy

where

R, = The contribution of principal component p .
A,= The variance accounted for by component p.
n = The number of principal components.

The cumulative contribution rate is given by R, as below:

C
_ 2i=1h

XYY

R,

where

R, = The cumulative contribution of principal component c .
A; = The variance accounted for by component i.

n = The number of principal components.

scree plot
100

—@— cumulative
90 I | —@— individual

Percent explained

Number of principal components

Figure 5.6: Scree Plot of principal components

As shown in Figure 5.6, the contribution of each principal component is depicted by
the green squares on the line and cumulative contribution rate is depicted by the green

circles on the line. Principal components are ordered according to their variance with
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the largest variation at the first position and the contribution decreases with each
succeeding principal component. Large variance reflects the more information of the
data. Each succeeding principal component is orthogonal to its preceding principal
component. With the increase in principal components, the cumulative contribution

rate increases.

Algorithm for PCA

Input: The input data matrix X of size N X d where N is the number of
instances and d is the number of dimensions.

Output: Principal Components

Procedure:
1. Calculate and subtract the mean in every dimension d of the dataset to
centralize the data.

2. Construct the covariance matrix Cov of d*d as:
1
Cov = —¥5_10xp — 1) (xp — )"
where {x,, p = 1,2,.... N} is given N input data records with mean .

3. Calculate the eigen values (A, A,,...A;) and (eq,e,,...€4) eigen
vectors from the covariance matrix Cov such that
AXe=CovXe

4. Choose the m eigen vectors corresponding to m largest eigen values
where m < d.

5. Compute the d X m dimensional matrix W from the above selected m
eigen vectors where eigen vectors are represented by columns.

6. The original dataset X is transformed via W onto m-dimensional new
subspace Y.

y=WTxx
where x is a d X 1dimensional vector representing one data record and y
is transformed m x 1 dimensional vector representing data record in the
new subspace Y.

Figure 5.7: Procedure for PCA

5.2.5 Selecting training and testing set: The 10-fold cross validation method is used

to select the training and testing set. The dataset is divided into 10 equal parts out of
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which 9 parts are used for training and the left over part is used for testing. This

procedure is repeated 10 times in such a way that testing is performed on each part.

5.2.6 Finding the best parameters of SVM using PSO: The PSO is a global
optimization technique inspired by the intelligence and movement of fish schooling or
bird flocking. The error penalty parameter C and kernel parameter of SVM has a
crucial role in improving the accuracy of SVM. If C is large, there is less final training
error but if it exceeded beyond a certain limit, the generalization ability of the
classifier may lose and encounter overfitting. If C is too small, we may come across
underfitting. PSO is used to find optimal values of SVM parameters. It uses a group
of swarm partles, each of which corresponds to a point in n-dimensional space and
searches for the best solution by executing a number of iterations [38]. At each
iteration, these particles get attracted towards the prime solution attained by them thus

far (Ibest) and the prime solution attained by any particles in entire space (gbest).

lbest; = pos;(x*) s.t. fitness(posl-(x*)) = max [fitness(posi(x))]
xX=1,..n

gbest = pos;-(x*) s.t. fitness(posi*(x*) = max [fitness(posi(x))]

i=1,..P
1,...n

X

where i denotes the particle number, pos denotes the particle position, x denotes the

iteration index and n denotes the current iteration counter.
The particle modifies its position and velocity by the following equations
v;(t + 1) = wy(t) + ¢; rand, (Ibest;(t) — pos;(t)) + ¢, rand, (gbest(t) — pos;(t))
pos;(t+1) = pos;(t) +v;(t + 1)

where v is the particle velocity, w is the initial weight used to control the local
exploitation and global exploration abilities of swarm, rand, and rand, are two
random numbers in the range [0,1] ¢; and c, are two positive constants. The pseudo

code for PSO algorithm is shown in Figure 5.8.

5.2.7 Training SVM classifier: Support Vector Machine is implemented on training
data with the parameters returned by the PSO. For multiclass classifier, our proposed
method uses one against one method by constructing k (k-1)/2 classifiers for each
possible pair of classes for k class problem, each classifier is trained on data to
separate the samples of two classes from each other. To get multiclass classification,
SVM applies each of the k(k-1)/2 classifier and predict the class label by each one of
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them. The final class is the one getting the maximum votes by the classifiers. The

radial basis kernel function is used to implement the data.

Algorithm: PSO(p, m)
Input: p- Number of particles; m- Maximum iteration allowed
Output: gbest- the position of a particle having global best value.

=

for particle — 1to pdo I/ For each particle p
Initialize particle with random position
DOSparticie AN VElOCItY v qppicre VECTOT.

N

lbeStparticle = DPOSparticle
endfor
do
for particle — 1topdo
fitness,qriicie= Fitness value of particle

if fitnessyqrticie > fitness(lbest)

© 0 No Gk

lbeStparticle = POSparticle
10. endif

11. endfor

12. i< index of the particle having best
fitness(lbest,qrticie) Value.

13. gbest = lbest;

14. for particle <— 1topdo

15. Update vy, q;¢icre USING equation

16. Update posygrticie USING equation

17. endfor

18. While (max iteration or minimum error reached)

19. return gbest

Figure 5.8: Pseudo code for PSO
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Figure 5.9: Flow chart of proposed algorithm
31



CHAPTER 6

SIMULATION RESULTS AND DISCUSSIONS

The experimental study is implemented by using MATLAB simulator. The Cleveland
Heart dataset is used that consists of 14 attributes and 303 instances. Out of 303
instances, 6 values are missing which are removed for this study. The dataset is
imbalanced and is being divided into five unequally distributed classes which are
healthy, low risk, medium risk, high risk and danger. The SMOTE algorithm is
applied to balance the dataset. The SVM classifier with radial basis function is
implemented using K-fold cross validation. The performance of proposed method is

improved by implemented PSO technique.

6.1 Performance metrics
The performance of the system is evaluated in terms of accuracy, precision and recall

using the below parameters.
TN;= True negative for class i
TP,= True positive for class i
FP,= Fasle positive for class i
FN;= Flase negative for class i
N= Number of classes

M= Macro-averaging

1. Accuracy: It is the percentage of correctly predicted samples to the total

number of samples.

N TP, + TN;
iI=1TP, + TN; + FP, + FN;
Accuracy =
N
2. Precision: It is the fraction of retrieved samples that are predicted correctly.
n _ TR
. i=1TP, + FP,
Precisiony = ————
N
3. Recall: It is the percentage of correctly predicted samples that are retrieved.
N TP,
I=1TP, + FN;
Recally = 1\}+ -
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4. F-score: It is the weighted average of precision and recall.

(B? + 1)PrecisionyRecally
B? Precisiony + Recally

Fscorey =

6.2 Simulation results

The results of our proposed method are:

Accuracy (PSO method)
best ¢c=11.5119, g= 0.0096, Accuracy = 92.20 %

100
90
80
70
60
50
40

=¢=Fjtness value
== |_ocal best fitness

Accuracy (%)

0 10 20 30 40 50 60 70 80 90 100
Particle Number

Figure 6.1: Values of SVM parameters by PSO in first fold

The PSO technique finds the best solution of SVM parameters by executing a number
of iterations. At each iteration, it keeps track of the prime solution attained by each
particle thus far (Ibest) and the prime solution attained by any particle in entire space
(gbest). The optimal values of ¢ and g are found to be 11.5119 and 0.0096
respectively by executing 100 iterations for first fold of dataset. In Figure 6.1, Blue
curve represents the accuracy achieved by a particle and red line depicts the best local
accuracy achieved by a particle. Table 6.1 represents the initial parameters of

algorithm. Table 6.2 represents the value of parameters ¢ and g achieved in each fold.
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Table 6.1;

PSO parameters

Parameter Value
Population size 100
Number of iterations 100
cl 1.5
c2 1.7
K 0.6
wV 1
Cmin 0.001
Cmax 300
Gmin 0.001
Gmax 300

Table 6.2: Value of c and g for 10-fold

Number of Fold | Value of c Value of g Accuracy(%)
1 11.5119 0.0096 92.20
2 41231 0.0149 87.01
3 100 0.0451 84.523
4 100 0.0202 87.50
5 10.2490 0.0122 86.25
6 12.0711 0.0178 78.31
7 89.2445 0.0246 86.075
8 12.4205 0.0422 85.36
9 100 0.0239 90.66
10 56.1783 0.0194 90.90
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The class labels of heart dataset can be visualized in Figure 6.2. Different colors are
assigned to each class. Multidimensional scaling [39] is used to plot the classes in
such a way that the between class distance is conserved as much as possible. The class

labels along with decision boundaries are shown in Figure 6.3.
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Figure 6.3: Decision boundaries of SVM
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Figure 6.4: Comparison of actual and predicted class of proposed algorithm

The results of proposed algorithm can be visualized in Figure 6.4. Five colors in

rectangular box above represent classes 0 to 5 from bottom to top. Left and right

rectangular box represent actual and predicted class respectively. The error in the final

results is depicted by the change in the color in right rectangular box.

The precision, recall for five classes and overall accuracy is shown in Figure 6.5.

Classifier
results

Overall

86.49%

accuracy (QA):

Truth data
Classification
Class 1 Class 2 Class 3 Class 4 Class 5
overall

Class 1 144 13 5 2 1 165 87.273%
Class 2 9 13 10 9 2 161 31.366%
Class 3 3 9 133 10 3 158 B84.177%
Class 4 4 6 7 132 5 154 85.714%
Class 5 0 3 2 4 145 154 94.156%
Truth 160 162 157 157 156

overall

Figure 6.5: Confusion matrix for 5-class problem



The overall accuracy of proposed model is 86.49%

The F-score of Class 0= 88.615%
Class 1= 81.114%
Class 2= 84.444%
Class 3= 84.888%

Class 4= 93.548%

6.3 Comparison of results

Table 6.3 summarizes the comparative analysis of proposes algorithm with different
existing approaches. The result shows that proposed method achieved highest
accuracy than other approaches for classification of 2-class problem as well as 5-class

problem. This shows that our proposed algorithm can be successfully used for the

diagnosis of heart disease.

Table 6.3: Comparison of classification accuracy

Techniques Accuracy(2-class) | Accuracy(5-class)
PCALl-regression [21] 92.0% _
Grid search SVM [22] 81.37% _
SA-SVM [22] 93.33% _
GA and 5-nearest neighbor [20] 81.4% _
LVQ [24] 85.55% _
SVM-integer coded GA [26] 90.57% 72.55%
Weighted associative classifier 81.51% 57.75%
[27]

Binary tree-SVM [28] _ 61.86%
Extreme learning Machine [25] _ 80%
Proposed Method 95.29% 86.49%
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The comparative analysis of classification accuracy of proposed algorithm is done
with existing algorithms. In 2-class problem, proposed method predicts the absence or
presence of heart disease and achieves highest accuracy of 95.29% as shown in Figure
6.6. In 5-class problem, it classifies the heart dataset into stroke levels and achieves an

accuracy of 86.25% which is promising than other methods as shown in Figure 6.7

6.3.1 Comparison of 2-class problem

2-class classification
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PCA1 Grid SA-SVM GAand5- LVQ  Proposed
regresion  Search nearest method
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Figure 6.6: Classification accuracy comparison for 2-class problem

6.3.2 Comparison of 5-class problem

5-class classification
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coded GA  associative SVM learning Method
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Figure 6.7: Classification accuracy comparison for 5-class problem

38



CHAPTER 7

CONCLUSION AND FUTURE SCOPE

7.1 Conclusion

The multiclass model for diagnosing heart disease has been proposed using PSO
based SVM. Our proposed algorithm classifies the data into five classes namely
healthy, low-risk, medium-risk, high-risk and danger. Each class depicts the severity
level of heart disease in the increasing order. The subset of features that best reflects
the original dataset are extracted by means of PCA. The support vector machine has
been used to implement the diagnosis system and parameters of SVM are optimized
using Particle swarm optimization technique. The experimental result of proposed
algorithm shows that RBF kernel gives the best result. The accuracy achieved for 2-
class problem is 95.29% and for 5-class problem is 86.49% which is better than other
existing approaches. The results obtained prove that the proposed algorithm can be

successfully used for the determination of stroke level of disease.
7.2 Future scope

Future work involves optimization of SVM parameters with other methods such as
scatter search method, Cuckoo search etc and comparing results with our proposed
algorithm. The multiclass problem in our work is solved by one against one approach.
The performance of system will be evaluated with other multi class algorithms of
SVM like one against all and error correcting output code. The optimization
techniques for other kernel function of SVM will be searched so that they can also be

effectively used for the heart disease diagnosis.
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