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ABSTRACT 

Heart Disease or Cardiovascular diseases (CVDs) are a group of disorders of the heart and 

blood vessels including coronary heart disease, cerebrovascular disease, rheumatic heart 

disease and others. It is the number one cause of death globally, taking an estimated 17.9 

million lives each year, and one third of these deaths occur in people under 70 years of 

age, which is working groups. The prevalence and the expense of treating heart disease 

had projected to increase in many countries by 2030. 

In the last decades, many researches had conducted on heart disease to minimize deaths 

caused due to these diseases. However, heart disease remains as the number one cause of 

death globally. Therefore, it is very essential to conduct a study that initiates alternative 

means to diagnose heart diseases. Accordingly, this study aims to bring new insight by 

combining Self Organizing Neural Network (SONN) and Support Vector machine (SVM) 

algorithms on different kernel functions to classify heart diseases. 

In this research, we used 303 clinical datasets collected from Cleveland Clinic Foundation. 

These datasets had pre-processed to make it useful for the experimentation and we 

conducted all the experimentations by using Python on PyCharm IDE. First, we 

experimented and evaluated the dataset by using SVM alone on different kernel functions. 

Then we experimented by combining SONN and SVM algorithms. To combine these two 

algorithms, first SONN used to get the cluster representation of each input variables, then 

these clusters fed to the SVM as a feature to classify Heart disease. Evaluations on the 

combined model showed that SONN has increased the accuracy and specificity of SVM 

on Polynomial Kernel function to diagnose Heart disease. 

 

Keywords: Heart Disease, Support Vector Machine, Self-Organizing Neural Network, 

Kohonen Self-Organizing Map, Machine Learning 
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Chapter one 

1. Introduction 

1.1. Background  

A heart disease or cardiovascular disease (CVD) is the death of a segment of the heart 

muscles caused by a loss of blood supply to it. The blood cut off when an artery supplying 

the heart muscle had blocked by a blood clot (Justin & Tim, 2017). Most often, the 

blockage may cause by build-up of fat, cholesterol and other substances, which form a 

plaque in the arteries that feed the heart (coronary arteries). The plaque could break away 

and forms a clot. As plaque continues to accumulate, the patient's coronary arteries 

detrimentally narrow over time and reduce blood flow to the heart, thus increase the risk 

of heart failure, heart attack or stroke (Miao et al., 2016). 

Nowadays, heart disease is ubiquitous cause of morbidity and mortality in most countries. 

According to WHO (2019) CVD are the number one cause of death globally, taking an 

estimated 17.9 million lives each year, it represents about 31% of the global deaths. In 

addition, the people who are living in low and middle-income countries are the most 

affected, three quarters of the world's deaths from CVDs occurring in low- and middle-

income countries.  

The diagnosis of heart disease includes medical and family history, checking blood 

pressure, cholesterol level, and lifestyle. In addition the patient may be referred for further 

tests to help confirm CHD, including electrocardiogram (ECG), exercise stress tests, X-

rays, Echocardiogram, blood tests, coronary angiography, radionuclide tests, MRI scans, 

CT scans (UKNHS, 2020). Heart disease treated with a combination of changing lifestyle, 

medications and, in some cases, surgery (NHS, 2020). The cost of treating heart disease is 

very costly (Liu et al., 2002; Chang et.al, 2012). 

 

https://www.medicalnewstoday.com/reviewers
https://www.medicalnewstoday.com/authors/tim-newman
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To reduce this impact of CVD many researches had undertaken, some by using Machine 

Learning. Machine Learning is a subset of Artificial Intelligence that enables a system to 

learn from data rather than through explicit programming (Judith & Daniel, 2018) it 

became as one of the mainstays of information technology. With increasing amounts of 

data being available in many fields, there is good chance that data analysis will become a 

necessary ingredient for technological progress (Alex & Vishwanathan, 2008). 

ML uses a variety of algorithms, the algorithms will iteratively learn from data to improve, 

describe and predict outcomes. As the algorithms take training data, it is possible to 

produce more precise model. A machine-learning model is a file or an output generated 

when you train your ML algorithm with data. After training, when you provide a model 

with an input then you will be given an output (Judith & Daniel, 2018). 

The adoption of data driven machine-learning methods can be found throughout science, 

and technology, leading to more evidence-based decision-making across many walks of 

life, including health care, manufacturing, education, financial modelling, marketing, and 

policing (Jordan & Mitchell, 2015). 

These days, ML plays a key role in many health sectors, including the development of 

new medical procedures, the handling of patient data and the treatment of chronic diseases 

(Mike, 2019). Healthcare providers began using tools and technologies that are built from 

ML models that use anomaly detection algorithms to predict heart attacks, strokes, sepsis 

and other serious complications. These tools use data from patients’ medical records, daily 

evaluations, and measurements of vital signs, such as heart rate, cholesterol and blood 

pressure, to alert staff of imminent patient risks so they can immediately take preventive 

actions (Dale, 2019).   

During the last decades, many researchers have conducted studies on heart disease 

diagnosis, by using machine learning algorithms that includes Support vector Machine, 

Naive Bayes Classifier, Nearest Neighbour, Logistic Regression Linear Regression, 

Decision tree, Random forest, and Artificial Neural Network, and ensemble learning (by 

combining these algorithms), but heart disease remains as a top agenda on public health 

issue. Hence, this study aims to provide a new insight by combine Self-Organizing Neural 

https://builtin.com/our-staff
https://towardsdatascience.com/@unquarked?source=post_page-----d4f664b7e27c----------------------
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Network (SONN) with Support Vector Machine (SVM) on different kernel functions to 

diagnose heart disease. 

1.2. Statement of Problem 

Nowadays, cardiovascular disease (CVD) is a ubiquitous cause of morbidity and mortality 

in most countries. According to World Health Organization cardiovascular diseases 

are the number one cause of death globally, taking an estimated 17.9 million lives every 

year, which represents 31% of all deaths (WHO, 2019). 

The poorest people in low and middle-income countries are the most affected. At least 

three quarters of the world's deaths from CVDs occur in low and middle income countries 

(WHO, 2017). On top of this, the disease affects the working age groups, which leads to a 

large economic impact on developing countries.   

Besides that, treating heart attack is very costly. For example, in 1990 roughly 25% of 

South African healthcare expenditures were devoted to the treatment of CVD, in Korea, 

national spending on CHD was $2.52 billion in 2005 and in UK coronary heart disease 

cost £1.73 billion in 1999 (Thomas et.al, 2005; Chang et.al, 2012; Liu et al., 2002). Thus, 

people in low- and middle-income countries who suffer from CVDs have less access to 

health care services, since the treatment of the disease is costly. 

Most researches indicate that earlier detection and primary prevention of CVD reduces the 

risk of heart attack like myocardial infarction (MI) and heart failure (Tamam & Yasmine, 

2019). A research indicates that up to 45% of patients who are admitted to a hospital with 

heart failure die within 1 year of admission and the majority die within 5 years of 

admission (Ponikowski et al., 2014). 

The prevalence of all CVD had projected to increase in many countries by 2030, for 

example in US CVD had projected to increase by 40.5% and in China by more than 50% 

(Heidenreich et al., 2011; Moran et al., 2011). Similarly, the expense of treating CVD had 

projected to increase by triple in United State between 2010 and 2030, from $272.5 billion 

to $818.1 billion (Heidenreich et al., 2010). 
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During the last decades, many researchers have conducted studies on heart disease 

classification and prognosis using different machine learning algorithms. Still heart 

disease remains as the number one cause of death and projected to continue likewise. 

SVMs classifiers prove to be quite popular and successful. However, any of the 

researchers did not conduct heart disease prediction by combining SONN and SVM 

algorithms using different kernel functions. Hence, it is very essential to conduct a study 

that can bring new insight and means to diagnose heart disease. Accordingly, this study 

aims to combine SONN and SVM algorithms on different kernel functions to diagnose 

heart disease. 

1.3. Research Questions 

The study will strive to answer the following research questions:- 

i. Which SVM kernel function has better accuracy to diagnose heart disease? 

ii. What are risk factors for heart disease prediction? 

iii. Which SVM kernel function utilizes SONN’s output to perform better heart 

disease classification? 

 

1.4. Objective 

The general and specific objectives of this study are: 

1.4.1 General Objective 

The general objective of this research is to combine SONN and SVM algorithms on 

different kernel functions to classify heart disease. 

1.4.2 Specific objective 

In order to achieve the general objectives, the following specific objectives had carried out 

i. Process the dataset to be suitable for the experimentation 
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ii. Examine the performance of SVM on different kernel function  

iii. Design and develop a model to combine SONN and SVM 

iv. Examine ways that can increase the performance of the combined model 

1.5. Scope and limitation of the Study 

This study deals with Heart Disease prediction and includes all age and sex groups. Due to 

time and budget constraints, the researcher has limited the scope of the research on 

combining two algorithms only. Besides, the researcher has not collected the datasets and 

the study has limitation in this regard, which may hinder the investigation of another 

attributes that can determine heart disease. 

 

1.6. Significance of the Study  

People in low- and middle-income countries who suffer from CVDs have less access to 

health care services, since the treatment of the disease is costly. Thus, this study will help 

to minimize the burden of physicians in making decisions during diagnosing patients. 

Furthermore, the output of the study will also give valuable information to researchers 

who want to conduct research on predicting heart disease. In addition, the result of this 

study can be additional input for policy makers to devised alternative means to diagnose 

Heart Disease and investigation. 

1.7. Organization of the Thesis  

The thesis has organized into five chapters. The first chapter is introduction that consists 

background of the study, statement of the problem, research questions, objective of the 

study, scope and limitation of the study, and significance of the study. 

The second chapter covers reviews of related literatures that helps to understand basic 

concepts related to Heart Disease, approaches to heart disease prediction and machine 

learning techniques, and related works. The third chapter covers the methodology and the 

techniques followed in this research. It discusses data preparation for the experiment and 
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models that are implemented .along with the performance evaluation on the combined 

model. 

The fourth chapter covers experimental results and discusses. In this chapter, different 

experiments had conducted using the selected algorithms and their corresponding 

interpretations together with the performance of the developed models and results. Finally, 

the fifth chapter provides conclusions and recommendations based on the findings. 
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Chapter Two 

2. Literature Review 

2.1. Heart Disease 

2.1.1.  Overview of Heart Disease  

The term “Cardiovascular diseases”, “cardiac disease” or “heart disease” are a group 

of malfunctions of the heart and blood vessels. It includes coronary heart disease, 

cerebrovascular disease, Congenital Heart Disease, rheumatic heart disease, Heart Valve 

Disease and other conditions. The most common type of heart disease is coronary artery 

disease, which affects the normal blood flow to the heart which can cause a heart attack 

(WHO, 2007; CDC, 2020). From all CVD deaths almost 80% of it is due to heart attacks 

and strokes (WHO, 2007). A heart attack is the death of a segment of heart muscles, which 

is caused by a loss of blood supply. The blood cut off when an artery supplying the heart 

muscle had blocked by a blood clot (Justin & Tim, 2017).  

According to WHO (2019), CVDs are the number one cause of death globally, taking an 

estimated 17.9 million lives each year. Of an estimated 58 million deaths globally from all 

causes in 2005, CVD accounted for 31% which is almost 18 million deaths. This is equal 

to the death caused due to infectious diseases, nutritional deficiencies, and maternal and 

perinatal conditions combined. It is important to recognize that almost half of these deaths 

(46%) occur on individuals whose age is under 70 years, which is the most productive 

period of life.  

Furthermore, studies show that heart disease mortality differs in geographic disparities 

(Michael et al, 2016). This is due to the risk factors disparity occurring in different 

location. There are a number of underlying determinants of CVDs or "the causes of the 

causes", these includes urbanization, population ageing, poverty, air pollution stress and 

hereditary factors (WHO, 2017).  

Different researches show that the rates of cardiovascular disease are falling in wealthier 

countries, during the second half of the 20th century deaths from diseases such as heart 

https://www.medicalnewstoday.com/reviewers
https://www.medicalnewstoday.com/authors/tim-newman
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attacks and strokes fell by 50%. In most developed countries like the US, UK and Western 

Europe deaths related to CVD’s fell by 80%, but this is not a global phenomenon. The 

findings, of World Health Organization and World Heart Federation, showed that in 

several low and middle-income countries the epidemic is still developing 

(Theconversation, 2014). The poorest people in low- and middle-income countries are the 

most affected, at least three quarters of the world's deaths from CVDs occur in low- and 

middle-income countries (WHO, 2017). 

With the aging population, the prevalence of all CVD had projected to increase. It is 

projected that by 2030, 40.5% of the US population would have some form of CVD 

(Heidenreich et al., 2011). Similarly, in China cardiovascular disease in adult’s ages 35 to 

84 years projected to increase by 50% between 2010 and 2030 based on population aging 

and growth alone. (Moran et al., 2011)  

High blood cholesterol, High blood pressure, and smoking are indicated as a key risk 

factors for heart disease (Virani et al., 2020).  Several other medical conditions and 

lifestyle choices can also put people at a higher risk for heart disease, including Age, 

Obesity, Diabetes, Metabolic syndrome, Family history of heart attack, Lack of physical 

activity, Stress, Illicit drug use, A history of preeclampsia, and An autoimmune condition 

(Thomas, 2005).  

2.1.2. Diagnosis of Heart Disease 

Coronary heart disease (CHD) had usually diagnosed after a risk assessment and some 

further tests. If a Physician thinks you may be at risk of CHD, they may do a risk 

assessment for cardiovascular disease, heart attack or stroke (UKNHS, 2020). 

The diagnosis include medical and family history, checking blood pressure, and a blood 

test to assess cholesterol level, lifestyle (how much exercise you do and whether you 

smoke). All these factors considered as part of the diagnosis. In addition the patient may 

be referred for further tests to help confirm CHD, including electrocardiogram (ECG), 

exercise stress tests, X-rays, Echocardiogram, blood tests, coronary angiography, 

radionuclide tests, MRI scans, CT scans (UKNHS, 2020). The commonest cause in 
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coronary heart disease is past heart attack (myocardial infarction) which is responsible for 

around half of all new cases of heart failure (Petersen et al., 2002). 

Physicians also use ACC/AHA (the American College of Cardiology (ACC) and the 

American Heart Association (AHA)) to estimate the 10-year risk of developing a first 

atherosclerotic cardiovascular disease (ASCVD) event, which was defined as nonfatal MI, 

coronary heart disease (CHD) death, or fatal or nonfatal stroke, in individuals who were 

initially free from ASCVD (Tamam & Yasmine, 2019). 

ACC/AHA Risk Calculator uses ASCVD Risk Algorithm, this algorithm uses the 10 risk 

factors to asses risk: age, gender, race, total cholesterol (mg/dL), high-density lipoprotein 

cholesterol (mg/dL), systolic blood pressure (mmHg), Diastolic blood pressure (mmHg), 

treatment for high blood pressure, diabetes, and smoking (American College of 

Cardiology, 2020). 

2.1.3. Treatment of Heart Disease 

Heart disease can be treated in several ways. The aims of treatment are to reduce 

symptoms and delay progression of the disease, reduce hospitalisation, and extend and 

improve the quality of life (Petersen et al., 2002). Cardiac rehabilitation helps to prevent 

another heart problems and it can also help patients to form a healthy living habits. 

Anyone who has had a heart problem previously, such as a heart attack, heart failure, 

stroke or heart surgery, can benefit from cardiac rehabilitation. (CDC, 2021) 

Heart disease can effectively treat with a combination of changing lifestyle, medications 

and, in some cases, surgery. Cardiac rehabilitation is an important for anyone who is 

recovering from any heart related diseases like heart failure, heart attack, stroke, or any 

type which require surgery. According to NHS (2020) cardiac rehab is a supervised 

program that includes the following:- 

 Physical activity 

 Education on healthy living habits, which includes healthy eating, taking medicine 

as prescribed, physical activity and ways to help you quit smoking 
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 Helping patients to find ways to minimize stress and improve mental health 

In United Kingdom (UK) coronary heart disease cost £2.42 billion in informal care out of 

which 24.1% of production losses were attributable to mortality and 75.9% due to 

morbidity. The total annual cost of all coronary heart disease was, the highest of all 

diseases in which comparable analyses had done (Liu et al., 2002). 

Similarly, in South Korea, estimated national spending on CHD in 2005 was 2.52 billion 

USD. Most of the cost was attributable to medical, followed by productivity loss due to 

morbidity and premature death, transportation, and informal caregiver costs. Annual per-

capita cost of treating MI, excluding premature death cost, was $3.2 million, which is 

about 2 times higher than the cost for angina, which is 1.6 million USD (Chang et al., 

2012). 

In addition, in United States the total direct medical costs of CVD projected to triple, 

between the year 2010 and 2030, from $272.5 billion to $818.1 billion (Heidenreich et al., 

2010). 

 

Figure 1: Projected direct and indirect costs of all CVD, 2010 to 2030 (Heidenreich et al., 

2010) 
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2.2. Machine learning in Health care 

Machine learning is one of today’s most rapidly growing technical fields, lying at the 

intersection of computer science, artificial intelligence, data science and statistics. It 

addresses the question of how to build computers that can improve automatically through 

experience without human intervention (Jordan & Mitchell, 2015).  

Current progress in technologies and ML has been driven both by the development of new 

learning algorithms and theory and by the on-going explosion in the availability of online 

data and low-cost computation. The adoption of ML can be found throughout technology, 

science, commerce and others, leading us to more evidence-based decision-making across 

many fields, including health care, education, manufacturing, finance, policing, and 

marketing (Jordan & Mitchell, 2015). 

The increased availability of electronic health data processing had created major 

opportunity in healthcare for both discovery and practical applications to improve 

healthcare. It can result in advances on disease diagnosis, treatment, drug discovery, 

remote healthcare monitoring, discover patterns from medical data sources and reduction 

in healthcare costs and it can can predict heart attacks, strokes, sepsis and other serious 

complications (Saleem & Chishti, 2020; Shailaja et al., 2018; Dale, 2019).    

These tools use data from patients’ medical history, daily evaluations, and measurements 

of vital signs in real-time, such as heart rate and blood pressure, to alert medical workers 

of imminent patient risks so they can take preventive actions that can save lives (Dale, 

2019).   

According to Statnikov (2011), we can also use machine-learning algorithms in health 

care to: 

 Build classification models that assign patients/samples into two or more classes. it 

can be used for outcome prediction, diagnosis, and other classification tasks  

 Use regression models to predict survival, length of stay in the hospital, laboratory 

test values, etc.  

https://towardsdatascience.com/@unquarked?source=post_page-----d4f664b7e27c----------------------
https://towardsdatascience.com/@unquarked?source=post_page-----d4f664b7e27c----------------------
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 Identify novel or outlier patients/samples. Such models used to discover deviations 

in sample handling protocol when doing quality control of assays, etc. 

 Group samples/patients into a number of clusters based on their similarity of 

features. These methods helps to discovery disease sub-types and for other tasks. 

2.3. Machine Learning Algorithms 

ML uses a variety of algorithms that learn from data to describe data, and predict 

outcomes. As the algorithm takes training data, it is possible to produce a model that can 

precisely predict. ML is now essential for creating analytics models (Judith & Daniel, 

2018). An algorithm is a step of procedure taken to accomplish a specific task, it is the 

idea behind any reasonable computer program; it must solve a general and well-specified 

problems (Skiena, 2020). Algorithms allow computers to learn automatically without any 

interventions or assistance from humans, computers can adjust actions accordingly (Expert 

System, 2017). 

Machine learning algorithms often categorized: 

 Supervised machine learning algorithms: In machine learning, classification is a 

supervised learning approach (Mandy, 2017). It can learn from past data that are 

labelled to predict future events. (Expert System, 2017). Some examples of 

supervised learning could be speech recognition, handwriting recognition, 

biometric identification, document classification, heart disease prediction, etc. 

(Mandy, 2017). 

 Unsupervised machine learning algorithms: is when the data we used to train is 

neither classified nor labelled. Unsupervised learning identifies pattern in the data 

to describe a hidden structure. This kind of learning does not figure out the right 

output, but it explores the data to draw inferences from datasets and can 

automatically identify structure in data (Expert System, 2017).  

 Semi-supervised machine learning algorithms this kind of algorithms fall 

between supervised and unsupervised learning, since they use both labelled and 
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unlabelled data for training, usually it uses dataset that has small amount of 

labelled and a large amount of unlabelled data. We can use this kind of algorithms 

when the acquired labelled data requires skilled and relevant resources in order to 

learn from it. Otherwise, acquiring unlabelled data generally does not require 

additional resources (Expert System, 2017). 

2.3.1. Self-Organizing Neural Network (SONN)  

The Self-Organizing Neural Network (SONN) or Self Organizing Map (SOM) is a special 

case of neural network algorithm without any hidden layer and it uses a competitive 

learning technique to train itself in an unsupervised manner (Pohl et al., 2012). 

 SONNs are different from other artificial neural networks in that they use a 

neighbourhood function to preserve the topological properties of the input space and they 

had used to create a cluster representation of multi-dimensional inputs, which simplifies 

complexity and reveals meaningful relationships (George, 2010).  

The SONN algorithm has a special property of creating spatially organized of various 

features of each input signals and their abstractions better than other Artificial Neural 

Networks (Kohonen, 1990). It transfers complex high-dimensional inputs into simpler 

forms in lower dimensions (usually two dimensions) by observing relationships between 

data (Widiyaningtyas et al., 2019).  

It is consisted of an array of neurons or cells, which arranged on two dimensional or 

rectangular (or hexagonal) sheets (Xuegong & Yanda, 1993).  The SONN models are 

associated with the neurons or nodes of usually two-dimensional grid. The SONN 

algorithm constructs the mapping such that, more similar input vectors will be clustered to 

nodes that are closer in the grid, whereas less similar models will be located farther away 

in the grid (Kohonen, 2013). The basic structure of self-organizing map network shown in 

Figure 2 

The cells with single index i. The input vector X (t) = [x1(t), x2(t)… xn(t) ]
T
 ∈ R

n
, is 

connected in parallel to all the cells, but via different weight vectors mi(t)=[Mi1(t), 
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Mi2(t)… Min(t) ]
T
 ∈ R

n
, which are adapted according to the input data set during the self-

organizing learning procedure at a given time t (Xuegong & Yanda,1993).   

 

Figure 2: The structure of SOM network (Xuegong & Yanda, 1993). 

In the learning procedure, each mi first initialized with some small random values. Then 

the data to be analysed are presented as input vectors repeatedly in their original order or 

some random order. Each time an input X (t) is presented, we find among all the cells the 

best-matching cell c defined as the one that 

||x - mc|| = min ||x - mi|| 

Where the min ||.|| is a norm of the Euclidian distance or some other distance 

measurement. Around this cell, we define a neighbourhood Nc(t) as the range of lateral 

interaction, which is also illustrated in Figure 2. The basic update on weight-learning or 

weight-adapting process carried out by the following equation: 

𝑀𝑖(𝑡 + 1) = {
𝑀𝑖(𝑡)+∝ (𝑡)[𝑥(𝑡) − 𝑀𝑖(𝑡)], 𝑖 ∈ 𝑁𝑐(𝑡)]

𝑀𝑖(𝑡),                                                𝑖 ∉ 𝑁𝑐(𝑡)
 

Where 0 <∝ (𝑡) < 1a scalar factor that controls the learning rate and it is decreases with 

as time goes by 
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The result of this lateral interaction is that after adequate iterations, the network will tend 

to be “spatially organized” according to the structure of the input data set that was feed to 

it. The cells will become tuned to specific input vectors or groups of them, that is, each 

cell will respond only to some specific patterns in the input pattern set (if it responds to 

any of them). And the locations of the cells responding to different inputs tend to be 

ordered in accordance with the topological relations among the patterns in the input set. In 

this way, the topological relationship in the original space is optimally preserved on the 

map. This property is why the algorithm named as self-organizing map and is what makes 

the network quite powerful in certain applications (Xuegong & Yanda, 1993).   

SONN is widely applied for clustering problems, clustering means partitioning a data into 

a set of clusters. (Kohonen, 2013; Vesanto & Alhoniemi, 2000) Clustering is a form of 

unsupervised learning that can be used to discover useful patterns in data (Talavera, 1999).  

The SONN has been used extensively as a visualization tool in exploratory data analysis. 

It is widely used in many application domains, such as economy, industry, management, 

sociology, geography, text mining, and management of very large document collections 

etc. New, promising applications exist in bioinformatics (Marie et al., 2018; Kohonen, 

2013). In addition to these, one may mention a few specific applications, e.g., profiling of 

the behaviour of criminals, categorization of galaxies, categorization of real estates, etc. 

(Kohonen, 2013). 

2.3.2. Support Vector Machine (SVM) 

In machine learning, support vector machines (SVM) also known as support vector 

networks are a type of supervised learning models with associated learning algorithms that 

analyse data, it is used for classification and regression analysis (Alexandre, 2017), but it 

were initially developed for classification and have been extended for regression (Yu & 

Kim, 2012).  

SVMs can be utilized in applications like Handwriting recognition, Intrusion 

detection, Cancer Diagnosis and Prognosis, Face detection, Email classification, and Gene 

classification (Saumya, 2020). It is an effective classification method with significant 
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advantages such as the absence of local minima, an adequate generalization to new 

objects, and a representation that depends on few parameters (Maldonado & Weber, 

2009). 

The objective of SVM is to find a hyper plane in a multi-dimensional space (the number 

of features) that distinctly classifies the data points. Many possible hyperplanes could be 

drown (Rohith, 2018) 

 

Figure 3: Linear classifiers (hyper plane) in two-dimensional spaces (Yu & Kim, 2012). 

The hyper plane must have a wider margin that has a maximum distance between support 

vectors of both classes. If the hyper plane’s margin is maximized then future data points 

could classified with more confidence (Rohith, 2018). 

 

Figure 4: SVM classification functions: the hyper plane maximizing the margin in a two-

dimensional space (Yu & Kim, 2012). 
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SVM algorithms use a group of mathematical functions that had known as kernels 

(Saumya, 2020). A kernel function is a method used in SVM for helping to solve binary 

classification problems. They provide shortcuts to avoid complex calculations. The 

advantage of using kernel is that we can go from lower to higher dimensions and perform 

smooth calculations with the help of it (TechVidvan, 2021). 

The main limitation of SVM lies in the choice of the kernel function, and the classification 

accuracy rate of SVM is highly influenced by the Kernel function we used (Patle & 

Chouhan, 2013). 

 

Figure 5: Kernel trick transforms not linearly separable data into higher feature space 

(Statnikov, 2011) 

As shown in the figure 5, kernel trick helps to transform Data that is not linearly separable 

in the input space into a Data that is linearly separable in the feature space. 

The kernel function takes data as input and manipulates it to transform it into the desired 

form. Different SVM uses differing kinds of kernel functions. These functions are of 

different kinds, the most widely used are linear, radial basis function (RBF), polynomial, 

and sigmoid (Saumya, 2020). They are different in case of making the hyper plane 

decision boundary between the classes 

Linear kernel: This kernel function is used to classify linearly separable data (Goel & 

Srivastav, 2016). It is regarded as the most straightforward kernel function. The inner 
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product of K(Xi ,Xj) = (Xi • Xj) plus an optional constant c represents linear kernel (Al-

Mejibli et al., 2018). 

 

Figure 6: Support vector Machine with linear kernel (Saumya, 2020) 

Linear kernel is one of the most common kernels that prove to be the best function when 

there are large datasets with lots of features. The linear kernel consumes less time for 

computation and it is mostly preferred for text-classification problems since such kind of 

classification problems can be separated linearly (Saumya, 2020). 

Polynomial kernel: Sometimes the data may not be linear separable due to noise in data 

or bad feature representation. The solution for this problem is to map data into different 

space in such a way that in the new feature space these samples would be linearly 

separable. Polynomial kernel is one of the kernel functions used for non-linear separable 

and it’s applied by using mathematical function K(Xi ,Xj) = (ᵞXi• Xj+ C) 
ɗ 

(Al-Mejibli et 

al., 2018). 

 

Figure 7: The effect of the degree of a polynomial kernel (Ben-Hur et al., 2008) 

https://dataaspirant.com/author/saumya-awasthi/
https://dataaspirant.com/author/saumya-awasthi/
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As Shown in figure 7, the polynomial kernel of degree 1 means the data is linearly 

separable using a straight line and polynomial kernels of higher than 1 degree allow a 

more flexible decision.   

 

Figure 8: Support vector Machine with polynomial kernel of degree three (Saumya, 2020) 

Polynomial Kernel is a more generalized representation of the linear kernel and it gives 

good results for problems where all the training data is normalized (Saumya, 2020). It is 

widely used in natural language processing (NLP). 

Radial Base Function (RBF) kernel: The Radial basis function (RBF) kernel, also 

known Gaussian kernel, is represented in equation K (Xi , Xj) = exp (-γ ||Xi - Xj||
2
 ) Where 

γ is a parameter that used to maximize the kernel (Al-Mejibli et al., 2018). 

 

Figure 9: Support vector Machine with RBF kernel (Saumya, 2020) 

RBF kernel is usually chosen for non-linear data. It helps to make proper separation when 

there is no prior knowledge of data (Saumya, 2020). 

https://dataaspirant.com/author/saumya-awasthi/
https://dataaspirant.com/author/saumya-awasthi/
https://dataaspirant.com/author/saumya-awasthi/
https://dataaspirant.com/author/saumya-awasthi/
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Sigmoid Kernel: The sigmoid kernel equation is represented as K(Xi , Xj)= tanh (ᵞXi• Xj+ 

C) Where γ is a scaling parameter and C represents the shift parameter that used to control 

the threshold of mapping of the input data (Al-Mejibli, 2018). 

 

Figure 10: Support vector Machine with Sigmoid kernel (Saumya, 2020) 

Sigmoid is mostly preferred for neural networks, it is similar to a two-layer perceptron 

model of the neural network, which works as an activation function for neurons (Saumya, 

2020). 

2.3.3. Other algorithms for Heart Disease Classification 

 Naive Bayes Classifier (Generative Learning Model): It is a family of simple 

"probabilistic classifiers" based on Bayes’ Theorem with an assumption of 

independence among predictors. It assumes that no pair of features is dependent on 

each other or the presence of a particular feature in a class is unrelated to the 

presence of any other feature even if these features depend on each other or other 

features. Naive Bayes model is particularly useful for very large data sets and is 

easy to build. It is known to outperform even highly sophisticated classification 

algorithms (Mandy, 2017). 

 K-Nearest Neighbour: is a classification algorithm that takes a bunch of labelled 

points and uses them to learn how to label other. The “k” represents the number of 

neighbours it checks to label a new point. First it looks at the labelled points 

closest to that new point (its nearest neighbours), and has the neighbours vote for 

https://dataaspirant.com/author/saumya-awasthi/
https://dataaspirant.com/author/saumya-awasthi/
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it, so that whichever label the most of the neighbours have is the label for the new 

point (Mandy, 2017). 

 Logistic Regression (Predictive Learning Model): It is a statistical model for 

analysing a data set when one or more independent variables that determine an 

outcome. It is supervised classification algorithm. The output is measured with a 

variable that has two possible outcomes only (dichotomous variable). The goal of 

logistic regression is to estimate the probabilities of events to describe the 

relationship between the dichotomous characteristic of interest and a set of 

independent variables. It is better than other binary classification like nearest 

neighbour because it explains the outcome quantitatively (Mandy, 2017). 

 Linear Regression: is a type of Supervised Learning is the most basic type of 

regression. Simple linear regression allows us to understand the relationships 

between two continuous variables by using a simple equation known as the 

regression equation which is an average value of Y. Linear regression is often used 

for the resolution of classification problems. It can be used with as an hybrid with 

other machine learning algorithms like decision tree to classify heart disease 

(Srinivas et al., 2020). 

 Decision Trees: Decision tree builds classification or regression tree in the form of 

a tree-like model of decisions. It breaks down a data set into smaller subsets while 

the associated decision tree is incrementally developed, it will finally give us tree 

structure with decision nodes and leaf nodes. A decision node has two or more 

branches represent an outcome of the test; the leaf node represents a class label or 

decision. The topmost decision node in a tree, which corresponds to the note that 

starts the graph, called root node. Decision trees can solve both categorical and 

numerical data (Mandy, 2017). 

 Random Forest: is an ensemble model that used for classification and regression 

problems, which operate by constructing a multitude of decision trees at training 

time. Random decision forests use many decision trees that correct decision trees’ 

habit of over fitting to their training set (Mandy, 2017). 
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 Neural Network: Artificial Neural Network is a variety of deep learning 

technology, neural network consists of neurons, arranged in layers, which receives 

an input and delivers an output. Each neuron takes an input, and then it passes the 

output on to the next layer by applying a function to it. Each node weights the 

importance of input data from each of its predecessors, and it is these weightings, 

which are tuned in the training phase to adapt a neural network to a particular 

problem (Mandy, 2017). 

2.4. Related works on Heart Disease prediction 

Mahmoodi, (2017) used a data of 270 people with 13 features, as a Machine Learning 

classifier. The researcher used a fuzzy system and support vector by using MATLAB 

software and simulated by a system of core i5 and windows7, as the operating system, to 

diagnose patients with heart disease. The results show that the accuracy and sensitivity of 

these two indicators were 85% and 85.8% respectively. 

Alty et al., (2003), conducted a study aimed to develop a method for rapidly assessing a 

patient's arterial stiffness and risk of developing cardiovascular disease (CVD) without 

resorting to laborious blood tests. They used simple measurement of a patient's volume 

pulse measured at the fingertip (digital volume pulse) using an infrared light absorption 

detector placed on the index finger is sufficient to predict their CVD risk. Support vector 

machine (SVM) classifier has been found to make 85% prediction accuracy.  

Pooya et al. (2010) used support vector machines (SVMs) by modifying the kernel width 

by using trial-and-error approach to predict the existence of heart disease. They used 

existing medical and demographic data of the patients as and input for classifying the heart 

condition of the subject as normal or abnormal. They identified the significance of using 

the categorical feature-based classification method. Their result shows that SVM can 

classify existence of heart disease with 84% accuracy. 

Tsehay, (2019) in this research the researcher used Kaggle heart disease dataset and for 

heart disease classification purpose they used support vector machine-learning algorithm. 
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Using this algorithm the researcher found out 73.41% accuracy on heart disease 

classification. 

Ketut et al., (2016) have used KNN algorithm with parameter weighting method. Out of 

13 parameters, they only use eight parameters. The result shows that the accuracy KNN 

algorithm has improved when they used only 8 parameters, comparing to 13 parameters. 

They also indicate that KNN algorithms showed better performance than Naive Bayes and 

Decision Tree. 

Aniruddha et al., (2019) used a data which is obtained from the National Health and 

Nutritional Examination Survey (NHANES). To predicting the existence of Coronary 

Heart Disease (CHD) they used a two-layer CNN and for feature selection they used least 

absolute shrinkage and selection operator (LASSO). Using these they found out that CNN 

can identify the presence and absence of CHD with 77% and 81.8% respectively, and the 

average accuracy was 79.5%. 

Widiyaningtyas et al. (2019) they used Self-Organizing Map (SOM) which is 

unsupervised algorithm for the classification of Coronary Heart Disease. The results 

showed that the most optimal level of accuracy in the data comparison of testing and 

training is 20-80 ratios. Using this they obtained 62.5% accuracy, 60.33% precision, 

63.33% recall and the error rate was 37.5%. 

To the knowledge of the researcher, the only other research that tries to combine the 

SONN and SVM is a research conducted by Nilashi et al., this research uses on Principal 

Component Analysis (PCA) for feature selection and as an algorithm they used Self-

Organizing Map, Fuzzy Support Vector Machine (Fuzzy SVM). And to handle missing 

values they used two imputation techniques. The researchers used incremental PCA and 

Fuzzy SVM so that incremental learning of the data can reduce the computation time of 

classification. They used Cleveland and Statlog datasets, for analysis. Their result showed 

that the use of incremental Fuzzy SVM has improved the accuracy of heart disease 

classification.  
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Table 1: Summary of Related Works 

Title  Algorithm Finding Gap 

Designing a heart disease 

prediction system using 

support vector machine 

(2017) 

fuzzy system and support vector 

machine  

85% 

accuracy 

and 85.8 

Sensitivity 

Didn’t use 

kernel function 

and 

dimensionality 

reduction 

Cardiovascular disease 

prediction using support 

vector machines (2003) 

They used Simple measurement 

of a patient's volume pulse 

measured at the finger-tip (digital 

volume pulse) using an infrared 

light. Then to classify they used  

support vector machine 

accuracy 

85% 

None 

A Support Vector Machine 

Approach for Predicting 

Heart Conditions (2010) 

support vector machine, by 

modifying the kernel width by 

using trial-and-error 

accuracy 

84% 
They used 

Gaussian 

kernel only 

A Support Vector Machine 

Based Heart Disease 

Prediction, (2019) 

support vector machine accuracy 

73.41% 

They didn’t use 

any kernel 

function 

Heart Disease Prediction 

System using k-Nearest 

Neighbor Algorithm with 

Simplified Patient's Health 

Parameters (2016) 

K-Nearest Neighbor with 

parameter weighting method 

 accuracy 

81.85% 

They dropped 

attributes 

without any 

tool or 

experimentation 

An Efficient Convolutional 

Neural Network for 

Coronary Heart Disease 

Prediction (2019) 

two-layer Convolutional Neural 

Network and Least Absolute 

Shrinkage and Selection Operator 

(LASSO) regression  

accuracy 

79.5% 

None 

Self-Organizing Map (SOM) 

For Diagnosis Coronary 

Heart Disease (2019) 

 

Self-Organizing Map  accuracy 

62.5% 

None 

Coronary heart disease 

diagnosis through self-

organizing map and fuzzy 

support vector machine with 

incremental updates, (2020) 

Principal Component Analysis 

(PCA), Self-Organizing Map, 

Fuzzy Support Vector Machine 

86.61 % 

accuracy, 

81.31 

specificity 

and 86.93 

sensitivity 

They used RBF 

kernel function 

only 
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From the literature, it is evident that different machine learning approaches had been used 

to investigating heart disease prediction. SVMs classifiers prove to be quite popular and 

successful. The use of Convolutional Neural Network and K-Nearest Neighbour are also 

appearing to be a popular choice for achieving good performance. However, any of the 

researchers did not conduct heart disease prediction by combining SONN and SVM 

algorithms using different kernel functions. Hence, this research aims at diagnosing heart 

disease by combining SONN and SVM algorithms on different kernel functions. 
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Chapter Three 

3. Methodology 

This chapter presents the methodology that we have used to address the research problems 

and to achieve the research objective. It shows the source of the dataset, how we pre-

processing the dataset, designing a model to combine the two algorithms, feature 

selection, tools we use to process the data, and how we conduct performance evaluation 

on each algorithm. 

3.1. Research Type 

The type of this research is experimental type, which aimed at developing Heart Disease 

diagnosis model by combining SONN and SVM algorithms. 

3.2. Source of Data 

Data sources for such researches can be obtained from Cleveland, Hungarian, Switzerland 

and Long Beach VA that have dataset as indicated in the table below 

Table 2: Heart Disease Datasets 

Data Source  Total Dataset Positive Negative Number of missing value 

Cleveland 303 139 164 6 

Long Beach VA 200 149 51   698 

Hungarian 188   106 188   782 

Switzerland 123 115 8 273 

As can be observed from the table Cleveland have large population and small number of 

missing values. Thus, the dataset for this research had obtained from Cleveland Clinic 

Foundation that contains 303 clinical data. This dataset have13 attributes, age, sex, chest 

pain type, resting blood pressure, serum cholesterol, fasting blood sugar, resting 

electrocardiographic results, maximum heart rate achieved, exercise induced angina, stress 

test (ST) depression induced by exercise relative to rest, the slope of the peak exercise ST 

segment, number of major vessels coloured by fluoroscopy, and thalassemia. 
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3.3. Data Pre processing  

In Machine Learning, Data pre-processing refers to the technique of cleaning and 

organizing the raw data to make it suitable for training and building Machine Learning 

models using different algorithms. A real-world data mostly contains noisy, missing 

values, and may be in an unusable format. Hence we cannot directly use them for machine 

learning models. Data pre-processing is required tasks for making it suitable for a 

machine-learning model, which also increases the accuracy and efficiency of a machine-

learning model. 

In our dataset when the data is screened, four and two missing values found in the slope 

and number of major vessels coloured by fluoroscopy respectively. The missing values 

had handled by using imputation with mean value. In addition, the diagnosed heart disease 

result contains values 0 for Negative result and 1 up to 4 for Positive result that indicate 

the severity of the disease. Our experiments on this database are concentrated on 

separating the cases with heart disease (values 1, 2, 3, 4) from no heart disease cases 

(value 0).  Hence, we convert all severity of heart disease in to value 1. 

3.4. Data Processing Tool 

Python language was used on PyCharm IDE for the experimentation; we used python 

because it is one of the most preferred language for scientific computing, data science, and 

machine learning. It increases performance and productivity by enabling the use of low-

level libraries and high-level APIs (Raschka et al., 2020).  

3.5. Algorithm 

In this research, two algorithms, namely Self-Organizing Neural Network (SONN) and 

Support Vector Machine (SVM) had combined to classify heart disease.  
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SVM classification algorithm has been widely applied in bioinformatics (Pavlidis, 2004) 

similarly SONN has shown promising applications in bioinformatics (Marie et al., 2018; 

Kohonen, 2013). 

3.5.1. SONN ALGORITHM: 

To select the number of nodes for the SONN we used Pohl et al. (2012) approach, in their 

research they used a 3x3 map resulting in 9 clusters. The following steps had used for 

SONN algorithm 

Input: all independent data 

Output: cluster of each input 

Step 1: Read the Dataset. 

Step 2: Split the dataset into dependent and independent dataset 

Step 3: Read the Independent Dataset. 

Step 4: Cluster each input 

3.5.2. SVM algorithm 

In our experiment we used a polynomial kernel of degree 3, since having higher degrees 

more than three tend to over fit. The following steps had used for SVM algorithm 

Input: all data 

Output: Heart Disease classification. 

Step 1: Read the Dataset. 

Step 2: Remove some feature by using Backward Feature Elimination 

Step 3: Train SVM using different Kernel Functions 

Step 4: Test SVM on each Kernel Functions 
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Step 5: Evaluate model performance 

 

3.5.3. Combined Algorithms  

The following steps had used for the combined algorithm 

Input: all 13 features. 

Output: Prediction of Heart Disease. 

Step 1: Read the Dataset. 

Step 2: Split the dataset into dependent and independent dataset 

Step 3: Read the Independent Dataset. 

Step 4: Cluster each input using SONN 

Step 5: process the result to the format that could inserted in the input 

Step 6: Insert the processed SONN result as a feature in the input variables 

Step 7: Train SVM using different Kernel Functions by the updated dataset 

Step 8: Test SVM on each Kernel Functions 

Step 9: Evaluate model performance 

 

3.5.4. Feature selection 

Feature selection is of considerable importance in classification. A dataset that has large 

number of features impose a high computational cost and a high cost of data acquisition. 

On the other hand, a low-dimensional feature representation reduces the risk of over fitting 

(Maldonado & Weber, 2009). Removal of features that contain noise or having no effect 



30 
 

at all can increase the search speed and the accuracy rate. Feature selection is a part of 

supervised classification (Patle & Chouhan2013). 

In this research we used Backward Feature Elimination (BFE). BFE has better 

computational performance than Forward Feature Selection (FFS) (Khaire & 

Dhanalakshmi, 2019).  

In this technique, the following steps are used: 

Step 1: at a given iteration the SVM algorithm had trained on all input features. 

Step 2: Then we remove one input feature at a time and train the same model on n-1 input 

features n times.  

Step 3: The input feature whose removal has produced the smallest increase in the error 

rate had removed, leaving us with n-1 input features.  

Step 4: The classification then repeated using n-2 features, and so on 
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3.5.5. Combined Model 

 

Figure 11: Combined model SONN and SVM 

SONN creates cluster for the each input 

data then it merges it back to the input 

Pre-processing the dataset and Split it into 

Input and Output 

New Input Data 

Model 

 

Split the Data into training 

and testing Data 

Test Set 

Training Set 

Evaluate the Model 

Heart Disease Dataset 

 

Output Data Input Data 

Train the SVM 
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3.6. Evaluation 

The predictive capability of the ML models had greatly affected by the training/testing 

ratios, 75/25 presenting the best performance of the models (Nguyen et al., 2021). Hence, 

in our experiment we used 75% for training and 25% for testing purposes.  

All the algorithms have been evaluated in terms of performance by means of well-known 

quantitative metrics; accuracy, sensitivity and specificity.  

These measurements had calculated using True Positive (TP), False positive (FP), True 

negative (TN) and False negative (FN). TP means person diagnosed with the disease and 

tested. The result showed that the person had the disease that goes with the idea of (Goel 

& Srivastav, 2016).  FP subjects without the disease with the value of a parameter of 

interest above the cut-off (Simundic, 2009), TN subjects without the disease with the 

value of a parameter of interest below the cut-off (Simundic, 2009) and FN means person 

actually has the disease but the test is showing that the person doesn’t have disease (Goel 

& Srivastav, 2016).  

The measurements had calculated as follows 

 Accuracy: it defines the actual results (Goel & Srivastav, 2016). It is defined as:  

o Accuracy = (TN + TP)/(TN+TP+FN+FP) = (Number of correct 

assessments)/Number of all assessments)  

 Sensitivity: had expressed in terms percentage and defines the proportion of true 

positive subjects with the disease in a total group of subjects with the disease. 

Sensitivity actually, defined as the probability of getting a positive test result in 

subjects with the disease. Hence, it relates to the potential of a test to recognize 

subjects with the disease (Simundic, 2009). It is defined as:  

o Sensitivity = TP/(TP + FN) = (Number of true positive 

assessment)/(Number of all positive assessment)  
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 Specificity: is a measure of the accuracy of diagnostic test, complementary to 

sensitivity. It had defined as a proportion of individuals without the disease and 

with negative test result from the total of subjects without disease (Simundic, 

2009). It is defined as: 

o Specificity = TN/(TN + FP) = (Number of true negative 

assessment)/(Number of all negative assessment)  
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Chapter Four 

4. Experimental result and Discussion 

4.1. Results 

4.1.1. Introduction 

In this section, the results of the experiments have presented based on the model training 

simulations experimented. The objective of the research was to develop a model to predict 

Heart Disease by combining SONN and SVM.  

The experiment had carried out using 303 data obtained from Cleveland Clinic 

Foundation. From the 303, 75% had used for training and 25% for testing purposes. Then 

the experiment had carried out to evaluate the performance of the presented model. 

The data contains 14 attributes, Age, Sex, chest pain type, Resting blood pressure, Serum 

cholesterol, Fasting blood sugar, Resting electrocardiographic results, Maximum heart rate 

achieved, Exercise induced angina, Stress Test (ST) depression induced by exercise 

relative to rest, The slope of the peak exercise ST segment, Number of major vessels 

coloured by fluoroscopy, Thalassemia and Diagnosis of heart disease. The following table 

shows the description of each attributes 

Table 3: Description of the Heart Disease Dataset 

Number Attributes Full name of attributes Values 

1 Age Age in years Continues number 

2 Sex Sex  1 = male; 0 = female 

3 Cp chest pain type  1 = typical angina; 2 = atypical 

angina; 3 = non-angina pain; 4 = 

asymptomatic 

4 Trestbps Resting blood pressure  in mm/Hg 

5 Chol Serum cholesterol  in mg/Dl 

6 Fbs Fasting blood sugar   Greater than 120 mg/dL 1 = true; 0 

= false 

7 Restecg Resting 

electrocardiographic results  

0, 1, 2 
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8 Thalach Maximum heart rate 

achieved 

Continues Number 

9 Exang Exercise induced angina  1 = yes; 0 = no 

10 Oldpeak ST depression induced by 

exercise relative to rest 

Real number 

11 Slope The slope of the peak 

exercise ST segment 

Between 1–3 

12 Ca Number of major vessels 

coloured by fluoroscopy 

Between 0–3 

13 Thal Thalassemia  3 = normal; 6 = fixed defect; 7 = 

reversible defect 

14 Num Diagnosis of heart disease  0 = absence; 1,2,3,4 = presence  
 

The minimum and the maximum age group of the dataset goes from 29 up to 77 years old, 

and total number of positive with heart disease is 139 and negative is 164. Among these 

97 were female and 206 were male, as shown in Figure 12  

Figure 12: Male and female with positive and negative output 

 

The figure shows that Males have heart disease than Females 
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Figure 13:  Comparing age with positive and negative output 

 

As shown in figure 13 most of heart disease victims starts from age of 55 and became 

high at the age of 58 and above  

 

 

Figure 14: Correlation between attributes 
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The above Correlation figure for the independent and dependent variables shows a strong 

correlations among some independent variable (CP with exang, exang with oldpeak, old 

peak with slop, and slop with exang) and the dependent variable have high correlation 

with CP, exang, old peak and slop. 

4.1.2. SVM Prediction. 

After we pre-processed data to make it useful for the experiment. Then we ran the initial 

experiments using a different SVM Kernels Functions on the Cleveland data. Our 

experiments on this database are concentrated on separating the cases with heart disease 

(values 1, 2, 3, 4) from no heart disease cases (value 0).  

We have used different performance metrics to measure the result of all the SVM Kernels. 

In this study, the performance measures used to evaluate each model include Accuracy, 

Sensitivity, and Specificity. Based on this the following results were found 

Table 4:  Classification efficiency of SVM on different Kernel functions without 

dropping any attribute 

 Kernel Function 

Linear RBF Sigmoid Polynomial 

Accuracy 0.8026 0.8158 0.8553 0.8421 

Sensitivity 0.8 0.8286 0.8 0.8571 

Specificity 0.8049 0.8048 0.9024 0.8293 

 

Among the used performance criteria, Sigmoid Kernel has better accuracy and specificity 

on Classifying Heart disease. Nevertheless, sensitivity Polynomial has shown better 

prediction result. 

We have used Backward Feature Elimination on each attribute and found that resting 

electrocardiographic results and sex does not improve the performance of the results, 

during diagnosis of heart disease. Thus, those features should neglected to get better 

results. Using Backward Feature Elimination, the following results found: 
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Table 5: Classification efficiency of SVM on different Kernels while dropping selected 

attribute 

Dropped 

Attribute 

Kernel Function 

linear RBF sigmoid Polynomial 

Age 0.8026 0.8026 0.8289 0.8289 

Sex 0.8553 0.8158 0.8421 0.8553 

CP 0.7763 0.7894 0.8026 0.8289 

trestbps 0.8026 0.8158 0.8158 0.8289 

Chol 0.8421 0.8158 0.8553 0.8421 

Fbs 0.8158 0.8026 0.8421 0.8289 

restecg 0.8289 0.8289 0.8289 0.8158 

Exang 0.8553 0.8289 0.8289 0.8553 

oldpeak 0.8157 0.8158 0.8289 0.8553 

Slop 0.8289 0.8289 0.8421 0.8289 

Ca 0.8421 0.8158 0.8421 0.8158 

Thal 0.7631 0.8421 0.7763 0.8421 

 

As shown in the table, dropping CP (Chest Pain) and thal (Thalassemia) will decrease the 

prediction accuracy of SVM, which means that CP and thal are determinant factors to 

predict heart disease. Meanwhile we have seen that dropping resting electrocardiographic 

results and sex does improve the performance of the results.  

However, we have noticed that dropping the combination of each attribute does not affect 

or improve the performance. For example, when we drop both sex and exang the accuracy 

has dropped to 81.57% on linear kernel function and it stays the same 85.53% on 

Polynomial kernel.  When we drop old peak and exang on polynomial kernel the accuracy 

dropped to 82.89%, and when we drop old peak, exang and sex has dropped to 81.57% 

We get highest prediction accuracy (85.53%) on six cases,  

 First case is when we drop Sex (Maximum heart rate achieved) on linear Kernel 

function we get Sensitivity 82.86% and Specificity 87.82% 



39 
 

 Second, when we drop exang (Exercise induced angina) on linear Kernel function 

we get Sensitivity 85.71% and Specificity 85.37% 

 The Third case is when we drop chol (Serum cholesterol level) on sigmoid Kernel 

function and get Sensitivity 80% and Specificity 90.24% 

 The fourth case is when we drop Exang on Polynomial kernel function we get 

Sensitivity 88.57% and Specificity 82.93% 

 The fifth case is when we drop oldpeak (ST depression induced by exercise 

relative to rest) on Polynomial Kernel we get Sensitivity 88.57% and Specificity 

82.93% 

 And the sixth, is when we drop Sex on Polynomial Kernel and get Sensitivity  

77.14% and Specificity 92.68% 

Since, these six approaches has shown better performance we will use each case for the 

combined model experimentation.  

4.1.3. The combined model performance 

For the combined model, we have first used SONN to learn cluster representation 

corresponding to input variables. Then the learned cluster representations fed to the SVM 

classifier as features for Heart disease classification. We have used the same performance 

metrics that we used in the SVM prediction to measure the result of the combined model. 

Based on this, the following results obtained 

Table 6: Classification efficiency of combined model on different Kernels without 

dropping any attribute 

Test 

number 

 Kernel Function 

Linear RBF Sigmoid Polynomial 

1 Accuracy 0.8026 0.8158 0.8421 0.8289 

Sensitivity 0.8 0.8286 0.8 0.8 

Specificity 0.8049 0.8048 0.8781 0.8537 

2 Accuracy 0.8289 0.8158 0.8421 0.8553 

Sensitivity 0.8286 0.8286 0.8 0.8571 
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Specificity 0.8292 0.8048 0.8781 0.8537 

3 Accuracy 0.7895 0.8026 0.8553 0.8158 

Sensitivity 0.8 0.8 0.8 0.8285 

Specificity 0.7805 0.8049 0.9024 0.8049 

4 Accuracy 0.8026 0.8158 0.8421 0.8289 

Sensitivity 0.8 0.8 0.8 0.8285 

Specificity 0.8049 .8293 0.8781 0.8293 

5 Accuracy 0.8158 0.8026 0.8421 0.8421 

Sensitivity 0.8 0.8 0.8 0.8286 

Specificity 0.8293 0.8049 0.8781 0.8537 

 

Without dropping any attribute in the combined model, we get the highest prediction 

accuracy (85.53%) and Specificity (90.24%) on sigmoid Kernel function and highest 

Sensitivity (85.71%) on Polynomial Kernel functions. 

Table 7: Classification efficiency of combined model by using the highest performance 

on previous SVM tests when we drop selected attributes 

Test 

number 

 Linear 

Sex 

Linear 

exang 

Sigmoid 

chol 

Poly 

exang 

Poly 

sex 

Poly  

oldpeak 

1 Accuracy 0.8421 0.8421 0.8290 0.8289 0.8552 0.8157 

Sensitivity 0.8 0.8 0.8 0.8571 0.7714 0.8571 

Specificity 0.8781 0.8781 0.8537 0.8048 0.9268 0.780 

2 Accuracy 0.8421 0.8684 0.8684 0.8552 0.8421 0.8421 

Sensitivity 0.8286 0.8286 0.8 0.8857 0.7714 0.8857 

Specificity 0.8781 0.9024 0.9268 0.8292 0.9024 0.8048 

3 Accuracy 0.8553 0.8290 0.8553 0.8289 0.8684 0.8421 

Sensitivity 0.8286 0.8286 0.8 0.8286 0.7428 0.8571 

Specificity 0.8781 0.8293 0.9024 0.8293 0.9756 0.8293 

4 Accuracy 0.8553 0.8421 0.8421 0.8552 0.8815 0.8552 

Sensitivity 0.8286 0.8 0.8 0.8571 0.7714 0.8571 

Specificity 0.8781 0.8781 0.8781 0.8537 0.9756 0.8536 

5 Accuracy 0.8553 0.8553 0.8290 0.8421 0.8421 0.8552 

Sensitivity 0.8286 0.8 0.8 0.8286 0.7714 0.8857 

Specificity 0.8781 0.924 85.37 0.8537 0.9024 0.8292 

 

In this experiment, we get highest prediction accuracy (88.15%) and specificity (97.56%) 

when we drop Sex on Polynomial Kernel function. In addition, we get the highest 
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Specificity (88.57%) on Polynomial Kernel functions when we drop Oldpeak (ST 

depression induced by exercise relative to rest) and exang (Exercise induced angina). 

4.2. Discussion 

Two types of machine learning techniques had been investigated in this research with 

variations of SVM kernel function; we have used Linear, RBF, Sigmoid and Polynomial 

to classify heart disease. 

The overall accuracy of prediction model based on the combined algorithm on polynomial 

kernel is better on classifying heart disease than the SVM when we drop some features, 

and the combined model on Linear kernels were better on prediction when we use all 

features. 

Table 8: Comparison of SVM and Combined Model without dropping attributes 

 SVM Combined Model 

Linear RBF Sigmoid Poly Linear RBF Sigmoid Poly 

Accuracy 0.8026 0.8158 0.8553 0.8421 0.8289 0.8158 0.8553 0.8553 

Sensitivity 0.8 0.8286 0.8 0.8571 0.8286 0.8286 0.8 0.8571 

Specificity 0.8049 0.8048 0.9024 0.8293 0.8292 0.8048 0.9024 0.8537 

As shown in table 8, for all the four SVM Kernel functions combined algorithms has 

achieved the same on RBF and Sigmoid kernels. While, in Linear and Polynomial Kernel 

Function, it shows that the combined model has improved the prediction. 

Similarly as shown in table 9 below, When we drop selected attributes we have seen that 

Combined model have increase the Accuracy from 85.53% to 88.15% and the Specificity 

from 92.68% to 97.56% on Polynomial Kernel function of degree 3. Meanwhile, on the 

combined model the Sensitivity is found to be similar with SVM perdition.  
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Table 9: Comparison of SVM and Combined Model when we drop selected attributes 

 

SVM Combined Model 

Linea 

Sex 

Linea 

exang 

Sigmo 

chol 

Poly 

Sex 

Poly 

Exang 

Poly 

oldpeak 

Linear 

Sex 

Linear 

exang 

Sigmo 

chol 

Poly 

Sex 

Poly 

exang 

Poly 

oldpeak 

Accuracy 0.8553 0.8553 0.8553 0.8553 0.8553 0.8553 0.8421 0.8684 0.8684 0.8815 0.8552 0.8552 

Sensitivity 0.8286 0.8571 0.8 0.7714 0.8857 0.8857 0.8286 0.8286 0.8 0.7714 0.8857 0.8857 

Specificity 0.8782 0.8537 0.9024 0.9268 0.8293 0.8293 0.8781 0.9024 0.9268 0.9756 0.8292 0.8292 

 

As shown in table 9, we have seen that when we drop some attributes the Combined 

Model on Polynomial Kernel function has improved Accuracy and Specificity but it has 

failed to improve the Sensitivity. 

On our experimentation, we have seen that without dropping any attribute the linear kernel 

function performance has improved in all evaluation criteria when we add SONN cluster 

result as a feature in SVM. This finding goes with the idea that Linear Kernel functions 

most commonly used when there are a large number of features in the dataset (Huang & 

Lin, 2016). 

The accuracy and specificity on the SVM has improved from 85.53 to 88.15 and 92.68 to 

97.56 respectively on the Combined Model when we drop sex on the polynomial kernel 

function on degree 3. Similarly Ben-Hur et al. (2008) showed the use of a nonlinear 

kernel, like polynomial, leads to an improvement in classifier performance. They also 

found out that using polynomial kernel on degree 3 has better prediction than polynomial 

kernel on degree 7 and Gaussian kernel. 

 The sensitivities are higher on polynomial function than other kernel functions whether 

we drop feature or not, but we have seen an improvement on sensitivity when we drop an 

attribute. We have seen that when we drop exang (Exercise induced angina) or old peak 

on SVM and combined model, the sensitivity increased from 85.71% to 88.57%.  

When we apply backward feature elimination, we have seen that CP (Chest Pain) and thal 

(Thalassemia) decreased the prediction accuracy; this is due to that Chest pain is highly 
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related with heart disease. According to Nilsson et al. (2003), Chest pain often relates to 

the possibility of manifestations of heart disease. Similarly Albus et al. (2017), also 

indicate that11% of patients with chest pain who present to a general practitioner and 25% 

of those who present to a cardiologist have chronic CHD. In addition to Chest pain 

Thalassemia (an inherited haemoglobin disorder resulting in chronic haemolytic anaemia) 

often causes pulmonary hypertension. Pulmonary hypertension represents the leading 

cause of heart failure (Aessopos et al., 2005). 

Generally, the achieved accuracy on the combined model is obviously higher than the 

ones achieved by the SVM alone; this shows that SONN has provided a valuable feature 

for SVM to classify heart disease with better accuracy and specificity. 
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Chapter Five 

5. Conclusion and Recommendation 

The previous chapter discussed about the experimentation on heart disease diagnosis using 

SONN and SVM. In this chapter, conclusion on the overall work of the study and 

recommendation provided for further investigation on the remaining related issues. 

5.1. Conclusion 

Heart Disease are the number one cause of death globally, taking an estimated 17.9 

million lives each year, representing 31% of all global deaths, out of which the poorest 

people in low and middle-income countries are the most affected. Studies indicate that 

three quarters of the world's deaths from heart related diseases occur in low- and middle-

income countries. Furthermore, a high proportion of CVD occurs among adults of 

working age in developing countries that lead to a large impact on their economy, since 

treating heart attack is very costly. The prevalence of all CVD has projected to increase in 

many countries and the expense of treating CVD projected to increase in the coming 

decades. Hence, it vital to conduct research on heart disease that need global attention and 

further investigation, since it impose high impacts both on lives of the people and 

economy of the country. Accordingly, this study aims to create new insight by combining 

two algorithms namely SONN and SVM to classify heart disease. 

For this study, we have used Cleveland Dataset that has 303 clinical data and it contains 

13 features, from which 75% used for training and 25% for testing purposes. The 

experiments had conducted using Python language on PyCharm IDE. We used on each 

experiment Accuracy, Sensitivity and Specificity to measure the performance of the 

model. 

With this performance metrics, we have seen that Unsupervised SONN with SVM on 

polynomial kernel have better accuracy on predicting heart disease. The accuracy that 

obtained in SVM improved from 85.53% to 88.15% in the combined model and, on 
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polynomial Kernel function of degree 3 when sex dropped. Similarly, the Specificity also 

improved from 92.68% to 97.56%. 

Generally, we understood that combining Unsupervised SONN with SVM on polynomial 

kernel have better accuracy on classifying heart disease. 

5.2. Recommendation  

This study has provided an additional potential applicability of machine learning 

algorithm to establish an approach that helps to diagnose heart disease. With this, the main 

objective of this study had achieved because the results showed that combining these two 

algorithms improved the prediction. 

Based on the findings of this study, the following recommendation forwarded to address 

related issues: 

1. We have investigated a model that can diagnose heart disease using the available 

features. Nevertheless, the effect of other parameters need further study to improve 

efficiency of heart disease diagnosis. 

2. Combining SONN with other machine learning algorithms such as K-Nearest 

Neighbour, Naïve Bayes, Random forest and other classification algorithms may 

help. 

3. Further study need to develop using models that classify heart disease, and thereby 

test them whether the models can predict the disease (to estimate the risk of 

developing Heart disease before it occurs). 

4. Since heart disease variables are very complex, it needs further investigation that 

requires expertise domain knowledge. 
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APPENDICES  

Python Code 

SONN Python Code 

#import libraries 

import pandas as pd 

 

df=pd.read_csv("processed.cleveland.data.csv") 

X=df.iloc[:,:-1].values #all of the rows and all of columns except the last column 

Y=df.iloc[:,-1].values #all of the rows from the last column 

 

from sklearn.preprocessing import StandardScaler 

sc=StandardScaler() 

X=sc.fit_transform(X) 

 

from sklearn_som.som import SOM 

HD_som = SOM(m=3, n=3, dim=13, lr=1, sigma=1, max_iter=3000, random_state=None) 

HD_som.fit(X) 

predictions = HD_som.predict(X) 

print(predictions) 

 

 

SVM Python Code 

#import libraries 

import numpy as np 

import pandas as pd 

import seaborn as sns 

import matplotlib.pyplot as plt 

 

df=pd.read_csv("processed.cleveland.data.csv") 

df=df.drop('exang',axis=1) 

#we need to split x-independet/feature data with y-depenednt/target data 

X=df.iloc[:,:-1].values #all of the rows and all of columns except the last column 

Y=df.iloc[:,-1].values #all of the rows from the last column 

 

from sklearn.preprocessing import StandardScaler 

sc=StandardScaler() 

X=sc.fit_transform(X) 

 

#split the data again, into 75% training and 25% testing 

from sklearn.model_selection import train_test_split 

X_train, X_test, Y_train, Y_test=train_test_split(X,Y, test_size=0.25, random_state=1) 

 

from sklearn import svm 

clf=svm.SVC(kernel='linear', C=1) #linear rbf sigmoid 

clf.fit(X_train,Y_train) 

 

#to test modles accury on test dataset using confusion_matrix 
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from sklearn.metrics import confusion_matrix 

cm=confusion_matrix(Y_test,clf.predict(X_test)) 

 

TN=cm[0][0] 

TP=cm[1][1] 

FN=cm[1][0] 

FP=cm[0][1] 

#print the confusion Matrix 

print(cm) 

 

#print the models accuracy on the test data 

print('Svm Test Accuracy= {}'.format((TP+TN)/(TP+TN+FN+FP))) 

print('Sensitivity= {}'.format((TP)/(TP+FN))) 

print('Specificity= {}'.format((TN)/(TN+FP))) 

 

Combined algorithm Python Code 

#import libraries 

import numpy as np 

import pandas as pd 

import seaborn as sns 

import matplotlib.pyplot as plt 

 

 

df=pd.read_csv("processed.cleveland.data.csv") 

df=df.drop('chol',axis=1) 

#df=df.drop('Sex',axis=1) 

#we need to split x-independet/feature data with y-depenednt/target data 

X=df.iloc[:,:-1].values #all of the rows and all of columns except the last column 

Y=df.iloc[:,-1].values #all of the rows from the last column 

 

#running SOM on the data 

from sklearn_som.som import SOM 

#HD_som = SOM(m=10, n=10, dim c x=13, lr=0.1, sigma=1, max_iter=30000, random_state=None) 

HD_som = SOM(dim=12) 

HD_som.fit(X) 

 

 

#concatinating result of SOM to X/The input 

 

predictions = HD_som.predict(X) 

conc=np.array(predictions) 

conc=np.split(conc,conc.size) 

X=np.concatenate((X,conc),axis=1) 

 

from sklearn.preprocessing import StandardScaler 

sc=StandardScaler() 

X=sc.fit_transform(X) 
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from sklearn.model_selection import train_test_split 

X_train, X_test, Y_train, Y_test=train_test_split(X,Y, test_size=0.25, random_state=1) 

 

from sklearn import svm 

clf=svm.SVC(kernel='sigmoid',C=1) #linear rbf sigmoid 

clf.fit(X_train,Y_train) 

 

from sklearn.metrics import confusion_matrix 

cm=confusion_matrix(Y_test,clf.predict(X_test)) 

 

TN=cm[0][0] 

TP=cm[1][1] 

FN=cm[1][0] 

FP=cm[0][1] 

#print the confusion Matrix 

print(cm) 

 

print('Svm Test Accuracy= {}'.format((TP+TN)/(TP+TN+FN+FP))) 

print('Sensitivity= {}'.format((TP)/(TP+FN))) 

print('Specificity= {}'.format((TN)/(TN+FP))) 

 


