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Abstract
Data is an asset in the digital era, and enormous data was gen-
erating day by day in all the fields, including the healthcare 
industry. The data on the healthcare industry data consists of 
personal information and disease-related information about a 
patient and stored in various formats and units. Machine learn-
ing and Artificial Intelligence techniques will help us analyze the 
voluminous amount of data to identify the hidden patterns of 
a specific disease from the healthcare data and help us predict 
a particular disease in the future. In this paper, we proposed 
a decision support system to predict heart disease, especially 
cardiovascular disease, through machine learning algorithms. 
This system experimented with the reduced set feature of the 
UCI Machine learning repository dataset using a linear ker-
nel-based support vector machine algorithm. This system has 
also compared it with other machine learning algorithms such 
as K-Nearest Neighbours, Decision tree, and Random forest 
in Python. All four machine learning algorithms’ performance 
has been evaluated based on accuracy, misclassification rate, 
precision, recall, and f-score value. From the experimental re-

sults, SVM with a linear kernel function classification algorithm 
produces better accuracy of 95.08% compared with others for 
predicting heart disease. 
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Introduction
In all the fields, data were growing exponentially 

due to digitization; the data were collected and stored 
in online repositories. This type of massive data, named 
big data, cannot be processed by typical computing en-
vironments. Big data analytics is a process of collect-
ing, organizing, and analyzing large amounts of data to 
identify hidden patterns and other useful information. 
Big data analytics aims to help industries make more 
informed business decisions by analyzing vast amounts 
of data. It could include weather forecasting, social 
media content, activity reports, data capture by sen-
sors, fraud, and risk detection, and text from custom-
er emails. Nowadays, big data analytics have improved 
in healthcare industries by personalized medicine and 
discovering patterns for a particular disease. 

Machine learning algorithms are one of the best 
algorithmic techniques for analyzing the massive vol-
ume of data for learning the insights and predicting 
patterns from the dataset. It is a statistical or hypoth-
esis based computing platform for making decisions. 
The applications like Google search, Game playing, 
Face Detection/Face Recognition, Speech recognition, 
Rainfall prediction used by machine learning algo-
rithms. Commonly used machine learning algorithms 
are Naïve Bayes Classifier Algorithm, K Means Clus-
tering Algorithm, Support Vector Machine Algorithm 
(SVM) Linear Regression, Logistic Regression, Arti-
ficial Neural Networks (ANN), Decision Trees (DT), 
Random Forests (RF) and K-Nearest Neighbours 
(KNN). 
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Cardiovascular disease (CVD) is the primary 
source of death worldwide, with an estimated 17.9 
million people suffering from CVD every year. Car-
diovascular failures and strokes cause four out of 5 
CVD deaths, and 33% of these deaths happen rashly 
in those more than 70 years old. In the United States, 
every 37 seconds, heart disease kills a person. In 2030 
the world health organization expects that there will 
be 23.6 million people who are going to risk their lives 
because of heart disease. Globally, the rate of increases 
in heart disease has become a threatening one. Mini-
mize the mortality rate from heart disease; the health-
care industry needs to identify a way to handle it. The 
diagnosis of heart disease is complicated, and that has 
executed accurately and efficiently–the result of the 
diagnosis based on the doctor’s experience and knowl-
edge. Due to the human involvement in the diagnosis 
process, there is a slip-up in the diagnosis result. 

Due to the availability of voluminous amounts of 
data, especially in medical data, a systematic analysis 
of data will help the doctors identify a pattern for dis-
ease and help diagnose an infection at the beginning 
stage. Using machine learning algorithms with sys-
tematic review will help construct a predictive mod-
el for conditions that facilitate the personalization of 
medication, identify the severity of the disease, and 
discover a drug to treat the disease. Machine learning 
algorithms are vitally important in building a deci-
sion support system by analyzing medical data. Due 
to heart disease, the increasing rate of morbidity and 
mortality worldwide has attracted the researchers to 
minimize the rates by developing a decision support 
system. 

This paper aims to identify the key features and a 
machine-learning algorithm to predict heart disease. 
We proposed a decision support system that uses 
the machine learning algorithm for predicting heart 
disease. The proposed decision support system im-
plemented with reduced set features of SVM-linear 
kernel classification algorithm for predicting heart 
disease, and its performance has compared with oth-
er machine learning algorithms. The remaining paper 
has organized as follows, section 2 reviews the existing 
work of heart disease prediction in healthcare analyt-
ics, and section 3 deals with the prediction model of 
heart disease, and section 4 describes the experimen-
tal setup for the proposed decision support system. 
The classification model and its results were discussed 
in section 5 and section 6, respectively. The conclusion 

and future work of the proposed support system has 
discussed in section 7

Literature Review
Numerous studies have been carried out and pro-

posed various frameworks to predict heart disease with 
different datasets by applying machine learning algo-
rithms. The authors in (Zhu et. al. 2013) developed a 
model by using SVM with a particle swarm optimiza-
tion algorithm. They used physical test data like blood 
pressure, plasma lipid, Glu, and UA for identifying cor-
onary heart disease of south china and demonstrated 
that the optimized SVM classification algorithm pro-
duces a better accuracy rate than other classifiers like 
ANN backpropagation, linear discriminant analysis, 
logistic regression, and non-optimized SVM. 

Various advanced data mining classification tech-
niques such as DT, SVM, Naive Bayes, RIPPER clas-
sifier, and ANN applied to the UCI dataset with dif-
ferent features in (Shylaja and Muralidharan 2018). 
The results show that the SVM classifier predicts with 
higher accuracy of 85.97% compared to the other clas-
sifiers. The authors proved that the SVM classifier 
is a valid way for assisting the diagnosis of coronary 
heart disease by using the features of both the low and 
high-density lipoprotein cholesterol, triglycerides, 
glucose, and age in (Hongzong et. al. 2007), using the 
dataset of 346 patients by comparing linear and non-
linear classifiers. 

A set of classification rules with the combination of 
support vector machines, logistic regression, and deci-
sion trees in (Mythili et. al. 2013) by applying on the 
Cleveland Heart Disease database, it is claimed that 
combining classification rules on the classifier pro-
duces better accuracy than the classifier alone. A com-
parative study was conducted on the data mining tech-
niques to predict heart disease using the UCI dataset 
in (Moloud et. al. 2015). The features of gender, chest 
pain type, resting blood pressure, exercise-induced 
angina, number of significant vessels colored by fluo-
roscopy, and thal were the most dominating features. 
They concluded that the decision tree with a small set 
of features gives better accuracy than other mining 
techniques. 

The authors in (Amin et. al. 2018) proposed a hy-
brid intelligence predictive system with seven popular 
machine learning algorithms. Three feature selection 
algorithms used to predict heart disease by using the 
Cleveland heart disease dataset 2016.It shows that the 
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logistic regression classifier with ten-fold cross-valida-
tion gives better accuracy of 89% compared with the 
SVM classifier of accuracy 88%. Validated the system 
with full features and the selected features, claims that 
the selected features have an impact on accuracy and 
execution time. 

Identify the heart valve disorder, an SVM based 
intelligence system developed in (Emre et. al. 2007). 
The dataset built with Doppler Heart Sounds from the 
Cardiology department of Firat Medical Center. The 
authors’ used Wavelet entropy, Wavelet decomposition, 
and Short-time Fourier transforms to extract the fea-
tures. The system produced better sensitivity and spec-
ificity scores of 94.5% and 90%, respectively, by testing 
with 123 patients of both normal and abnormal. 

An improved SVM-Radial bias kernel method was 
used in (Karthikeyan and Meenakadevi 2020) to pre-
dict various diseases like Chronic Kidney disease, Di-
abetics, and Heart disease with an appropriate dataset. 
It compared with the SVM-Linear, SVM-Polynomial, 
Random Forest, and Decision Tree classifiers, This 
shows that the proposed method produces an accura-
cy of 89.9% for heart disease prediction UCI heart dis-
ease dataset. The role of data analytics in the health-
care industry described in (Li et. al. 2019) and also 
points out the opportunities in the healthcare industry 
to improve the clinical trial design by constructing 
predictive modeling, statistical analyzing and algo-
rithm designing. 

In (Alistair et. al. 2016), the authors reviewed many 
issues related to collecting and preprocessing critical 
care data. The significant challenges to be considered 
on the critical care data are grouping, cleaning, and pre-
diction. They also addressed a wide range of applica-
tions that cover these challenges, such as online patient 
tracking, artifact detection, personalized prediction, 
risk assessment, and so on. The authors in (Thedore 
et. al. 2010, Black and Payne 2003), the advantages of 
linking hospital databases to improve the prediction 
and constructing a predictive model for an application 
of quality of data, are required. While collecting clinical 
data from hospital dataset, there is a need for outlier 
analysis and achieved using different data mining tech-
niques([Becker and Gather 2001, Imhoff et. al. 1998, 
West et. al. 1985, Nouira and Trabelsi 2012). 

The authors in (Mukaka 2012) discussed the guide-
lines to choose the relevant correlations to assess the 
linear relationships of strength and direction between 
a pair of variables. SVM is one of the powerful yet 

flexible supervised machine learning algorithms used 
for classification and regression problems that classi-
fies similar and dissimilar features from the dataset. 
The main objective of SVM is to identify a hyperplane 
that classifies the data points in N-dimensional space 
(N – No. of features). Researchers used the SVM al-
gorithm for generating models to predict the diseases 
by classifying the medical records (Comak et. al. 2007, 
Anthimopoulos et. al. 2016, Beulah and Carolin 2019, 
Son et. al. 2010, Verplancke et. al. 2008, Yu et. al. 2010, 
Maglogiannis et. al. 2009). 

A tool, SVM with fruit fly optimization technique 
was proposed in (Shen et. al. 2016) for medical deci-
sion making on breast cancer, thyroid and diabetes 
diseases and also compared with the other optimiza-
tion technique. In (Alotaibi 2019), a ten-fold cross-val-
idation operator was used to avoid selection of similar 
value both in the training and testing phase. The train-
ing and testing conducted in k time with a distinct k 
set of data values for both training and testing. They 
used the four different data selection methods linear 
sampling, shuffled sampling, stratified sampling, and 
automatic with the help of the RapidMiner Machine 
learning tool. The authors show that there are con-
siderable improvements compared to the previous 
work carried out using the same tool and the other 
tools with the accuracy of 92.3%. In (Mohammad et. 
al. 2019), the authors identified the most dominating 
features from the UCI dataset by applying seven clas-
sification techniques to predict cardiovascular disease, 
achieving the highest accuracy of 87.4%

Heart Disease Prediction Model
In this work, Python’s scikit-learn library has used 

to conduct experiments on UCI Heart Disease Dataset 
to predict heart disease. It provides an easy to use a 
visual representation of the dataset for building pre-
dictive analytics. Moreover, Python has many open-
source libraries, and it supports open source innova-
tion; it also an effective functionality. This system’s 
main objective is to assist the medical practitioner 
in predicting heart disease by reducing the diagnosis 
time and starting treatment at the earliest. The ma-
chine learning algorithm starts from data pre-process-
ing followed by feature selection, to select the signifi-
cant features from the dataset. 

The correctness of the classifier is computing using 
a confusion matrix. A confusion matrix is formed with 
actual and predicted count from the four outcomes 
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produced as a result of binary classification. A binary 
classifier predicts all data instances from the test data-
set as either positive (P) or negative (N). This classifi-
cation produces four outcomes as

True Positive (TP): The predicted value matches 
the actual value. The actual value was positive, and the 
model predicted a positive value. 

True Negative (TN): The predicted value matches 
the actual value. The actual value was negative, and 
the model predicted a negative value. 

False Positive (FP): The predicted value was false-
ly predicted. The actual value was negative, and the 
model predicted a positive value, also known as Type-I 
error. 

False Negative (FN): The predicted value was false-
ly predicted. The actual value was positive, and the 
model predicted a negative value, also known as Type-
2 error. 

Accuracy (ACC) and Error rate (ERR), also known 
as the misclassification rate, are the two primary mea-
sures derived from the confusion matrix. 

Accuracy: The ratio of the number of all the cor-
rect prediction to the total number of instances on the 
dataset and represented as

 
TP TNAccuracy
P N

 

Where

 P = TP + FN
 N = TN + FP

Error or Misclassification rate: The ratio of num-
ber all incorrect predictions to the total number of in-
stances on the dataset and represented as

 FP FNError rate
P N

 

The other measures derived from the confusion 
matrix are precision, recall, specificity, f-score, etc. 

Precision: It is the ratio of the number of correct 
positive predictions to the total number of positive 
predictions, also called positive predictive value. The 
best precision value is one, and the worst is 0 and rep-
resented as

 
TPPrecision

TP FP
 

Recall: It is the ratio of the correct positive predic-
tions to the total number of positive instances, is also 

known as sensitivity or true positive rate and repre-
sented as

 TPRecall
P

 

Specificity: It is the ratio of the number of correct 
negative predictions to the total number of negative 
instances, is also known as the true negative rate and 
represented as

 TNSpecificity
N

 

F-score: It is a measure of a test’s accuracy. It is the 
weight of harmonic mean of the test’s precision and 
recall. It is calculated by

 2 Precision×RecallF - score
Precision+Recall

 

In this paper, the decision support system’s per-
formance is evaluating by accuracy, misclassification, 
precision, recall, and f-score. 

Experimental setup
This section will describe the experimental setup 

of a decision support system to predict heart disease. 
There are four major components in the decision sup-
port system and they are data collection, data process-
ing, feature selection, and model building. 

Data collection: The dataset used in this paper is 
the UCI Machine Learning Dataset and part of Cleve-
land. data, Hungarian. data, Switzerland. data, and 
Long-Beach-VA. data obtained from the UCI Ma-
chine learning repository. 

i) Cleveland. data: This database contains 76 at-
tributes, but all the published research experiments 
refer to using a subset of 14 of them. It has 303 data 
instances, and 14 attributes class distributions reveal 
54% heart disease absent, 46% heart disease present. 

ii) Hungarian. data: It has 294 data instances and 
14 attributes. Class distributions revelations are 62.5% 
heart disease absent and 37.5% heart disease present. 

iii) Switzerland. data: It has 123 data instances and 
14 attributes. Class distributions indicate 6.5% heart 
disease absent and 93.5% heart disease present

iv) Long-Beach-VA. data: it has 200 data instances 
with 14 attributes and class distribution of 25.5% heart 
disease absent and 74.5% heart disease present

The Cleveland dataset is the most popular and 
commonly used dataset by machine learning research-
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ers. It contains 303 patient records with 76 attributes 
for each record, but most of the researches use only 
14 specific attributes. The 14 attributes 8 are categor-
ical data, and the remaining are numerical data with 
distinct units. Most of the researchers followed this 14 
attribute dataset to identify their insights. The dataset 
attribute/features described in Table 1.

Data cleaning and pre-processing: Data cleaning is 
a process in which data cleaned by removing missing 
data, duplicate data, and resolving data inconsisten-
cies. As a result, data quality improved, resulting in the 
usefulness of data. During the pre-processing step, the 
other processes like data transformation (conversion 
of data from one form into another form) and data Ta-
ble 1 reduction (reduce the multitudinous amount of 
data into useful information) could occur. 

Data Transformation: Conversion of data or infor-
mation from one format to another format is known 
as data transformation. It usually carried out when a 
source format is needed to convert into the required 
format for a specific purpose. 

Data reduction: Transformation of numeric or al-
phabetic digital information into a corrected ordered 
and simplified form experimentally or empirically. The 
central concept of data reduction is to reduce multitu-
dinous amounts of data into useful information. 

Exploratory data analysis: It aims to gain valuable 
statistical insights from the data, distributions of dif-
ferent attributes, correlations of the attributes with 
each other, and the target variable and also calculate 
odds and proportions for the categorical attributes. 

Feature Selection: Feature selection also denoted as 
variable selection, attribute selection, or variable sub-
set selection for model construction, which inhibits 
choosing a subset of pertinent features (variable pre-
dictors). In this paper, we used the Boruta algorithm 
for selecting the most significant features since the 
Boruta algorithm supports both classification and re-
gression type problems. Also, it takes into account the 
multivariable relationship. The algorithm is as follows: 

Step 1: Create a shadow attribute for all the original 
attributes and shuffle it. 

Table 1
S. No. Attribute Description Type Values

1 age Age of a person Numeric 29-79
2 sex Sex of a person Categorical 1 – Male

2 – Female
3 cp Chest pain type Categorical 1 – Typical Angina

2 – Atypical Angina
3 – Non-Anginal pain
4 – Asymptotic

4 Thestbps Resting Blood Pressure in mm Hg Numerical 94 – 200
5 Chol Serum cholesterol in mg/dl Numerical 126 – 564
6 Fbs Fasting Blood Sugar in mg/dl Categorical 1 – if fbs> 1

0 – else
7 Restecg Resting Electrocardiographic Results Categorical 0 – Normal

1 – Having ST-T wave abnormality
2 – Left ventricular hypertrophy

8 Thalach Maximum Heart Rate Achieved Numerical 71 – 202
9 Exang Maximum Heart Rate Achieved Categorical 1 – Yes

0 – No
10 Oldpeak ST depression induced by exercise

relative to rest
Numerical 1 – 3

11 Slope Slope of the Peak Exercise ST segment Categorical 1 – Up sloping
2 – Flat
3 – Down sloping

12 Ca Number of major vessels colored by Fluoroscopy Numerical 0 – 3
13 Thal Thalassemia Categorical 3 – Normal

6 – Fixed defect
7 – Reversible defect

14 target Diagnosis of heart disease Categorical 0 – Absence
1 – Presence
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Step 2: Extend the dataset by combining the shuf-
fled shadow attribute to the original attributes. 

Step 3: Run random forest classifier on the com-
bined dataset and perform a variable importance mea-
sure as mean decrease accuracy (MDA) to evaluate the 
importance of each variable

Step 4: Z score is calculated by dividing MDA with 
the standard deviation of accuracy loss

Step 5: Find the maximum Z score among shadow 
attributes (MZSA) 

Step 6: The features with importance significantly 
lower than MZSA were removed permanently from 
the dataset. The features with emphasis significantly 
higher than MZSA retained as essential features. 

Step 7: Remove the shadow features from the 
dataset. 

Step 8: Repeat the above until the prefixed itera-
tions, or all the retained features are essential features

The features selected from the Boruta algorithm is 
{sex, cp, chol, thalach, exang, oldpeak, slope, ca, thal}. 
We could not conclude that if these features present 
for a patient suffering from heart disease. It is handy 
information to the clinicians that helps to undergo 
further diagnosis at the earliest. 

Splitting dataset : To train any machine learning 
model irrespective of the type of dataset used, you 
have to break the dataset into training data and test-
ing data. The entire dataset is splitting into training 
and testing datasets. We considered 20% of the dataset 
to become testing, and the remaining 80% assigned as 
training datasets. 

Classification model
One of the supervised machine learning algo-

rithms is the Support Vector Machine called SVM. It 
can use for both classification and regression type of 
problems. However, it is mostly using in classification 
problems. SVM algorithms perform well both in lin-
early and nonlinearly separable datasets. In the SVM 
algorithm, plot each data point in an n-dimensional 
space where n is the number of features in the prob-
lem, It then finds the suitable hyperplane that differ-
entiates the dataset into two classes. 

A support vector machine algorithm aims to con-
struct a hyperplane or a set of hyper-planes in a high 
or infinite-dimensional space and used for both classi-
fication and regression tasks. The data points are sepa-
rated as positive and negative classes by a hyper-plane, 
which has the greatest distance to the nearest data 

points for training. Larger the margin produces lower 
generalization error of the classifier. 

Let xi be the given training vectors and is defined as 
xi p, i = 1, 2, ... n and a vector y = {1, –1}n and the 
goal of is to find the value of w p and b  such 
that the classification given by the sign(wT(x) + b) is 
correct for most sample points. 

Where 

 x and w are vvectors
 b is bias

Define the hyperplane as

 wT(x) = 0

In SVM, considered that the best hyper-plane has a 
larger distance between the margins. 

SVM solves the following primal problem

 

, ,
1

1min
2
( ( ) ) 1
0, 1,2,...,

n
T

w b i
i

T
i i

i

w w C

subject to y w x b
i n

To maximize the margin between the hyper-plane 
we should minimize 

2 Tw w w  

For perfect prediction, for all samples the value

 1min
2

0
0 , 1,2,...,

T T

T

i

Q e

subject to y
C i n

 

Where

 e is the vector of all ones
 Q is an n x n positive semidefinite matrix

 Qij yiyjK(xi, x)
Where

 K(xi, x) = (xi)T (xj) is the kernel 
 ai be the dual coefficients and they 
 are upper bounded by C

This dual representation highlight that the training 
vectors are implicitly mapped into higher (may be in-
finite) dimensional space by the function 

If the optimization problem is solved, the output 
of the decision function for a given sample x becomes

 
,( )i i i

i SV
y K x x b  
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and the predicted class corresponds to its sign. We 
need to sum over the support vectors because the dual 
coefficient αi are zero for the other samples. 

In python these parameters can be accessed 
through the attribute names 

Dual_coef which holds the product yiαi

Support_vectors which contains the support vectors
Intercept which holds the independent term b

K(xi, x) be the kernel function and it can be any one 
of linear, radial bias, polynomial or sigmoid function

Linear K(xi, x) = (xi, x)
Radial bias K(xi, x) = exp(–γ||xi – x||2)
Polynomial K(xi, x) = (γ(xi, x) + r)d

Sigmoid K(xi, x) == tan h(γ(xi, x) + r)
In SVM, margin (m) and misclassification rate(m-

cr) are directly proportional. ie if margin value in-
creases then margin classification rate increases. The 
cost parameter helps the SVM to find out the margin 
for the hyper-plane. 

Results on Classification Models

Model /
Parameter

KNN DT RF SVM

Accuracy 72.13 85.25 93.44 95.08
Misclassification 27.87 14.75 6.56 4.92
Precision 82.61 87.10 96.67 97.3
Recall 59.38 84.38 90.62 94.74
F-Score 69.09 85.71 93.55 96.00

 

95,08

4,92

97,3

94,74

96

72,13

27,87
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69,09
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87,1
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The models built on from the feature sets; the KNN 
algorithm produced lower accuracy on the feature set 

with a 72.13% score, a precision score of 82.61%, a re-
call score of 59.38%, and an f-score value of 69.09%. 
The worst score performance on the feature with the 
misclassification rate of 27.87% by KNN. 

The decision tree classifier built on the proposed 
feature set performed with better accuracy than KNN. 
It achieved an accuracy score of 85.25%, precision 
score 87.10%, recall score 84.38%, and the f-score val-
ue of 85.71%. The misclassification rate of decision 
tree classifier is 14.75.

The next classification model random forest built 
on the proposed feature set performed well with less 
misclassification score of 6.56% compared to the other 
two classifiers KNN and DT. It achieved an accuracy 
score of 93.44%, precision score 96.67%, recall score 
90.62, and the f-score value of 93.55.

The classification model built on the proposed fea-
ture set, which performed well with the less misclassi-
fication score of 4.92, is a support vector machine with 
a linear kernel function model. It achieved the highest 
accuracy score of 95.08%, precision score 97.30%, re-
call score 94.74%, and the f-score value of 96%. Com-
pared to the entire four classification model, the SVM 
model performed well on the proposed feature set. 
The RF model produced the accuracy marginally less 
compared to the SVM model from the four classifica-
tion models tested on the proposed feature set. So the 
clinician may choose the model that is easy to imple-
ment without a significant loss of accuracy. 

Conclusion
In worldwide, machine learning algorithms are 

playing an ever-growing role in the medical battle 
against heart disease. We have investigated Support 
Vector Machine, K-Nearest Neighbour, Decision Tree, 
and Random Forest has built on the proposed feature 
selection methods against selected feature sets from 
UCI Machine learning dataset for heart diseases. In 
this work, we proposed a decision support system to 
predict heart disease in medical diagnosis by apply-
ing feature selection from the benchmark dataset. For 
this experiment, the essential features were identified 
by using Boruta algorithm. We experimented with the 
identified features with the machine learning classifi-
cation models of SVM, KNN, DT, and RF. The most 
accurate model we found achieved with an accuracy of 
95.08, precision score 97.30%, recall score 94.74, and 
f-score value of 96% using an SVM classifier. We have 
tested the selected features with only four machine 
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learning algorithms; in the future, it can be verified 
by other algorithms with few enhancements or in-
clude some intelligence for selecting features that will 
produce better performance than the proposed work. 
The clinician and healthcare professional can utilize 
the proposed decision support system to predict heart 
disease for a new patient, provided that the features 
discussed in this work are available. 
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