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ABSTRACT
Diseases is an unusual circumstance that affects single or more parts of a human’s body. Because
of lifestyle and patrimonial, different kinds of disease are increasing day by day. Among all those
diseases, heart disease turns out to be the most common disease and the impact of this ailment is
dangerous than all other diseases. In this paper, we compared a number of computational intelli-
gence techniques for the prediction of coronary artery heart disease. Seven computational intelli-
gence techniques named as Logistic Regression (LR), Support Vector Machine (SVM), Deep Neural
Network (DNN), Decision Tree (DT), Naïve Bayes (NB), Random Forest (RF), and K-Nearest Neigh-
bor (K-NN) were applied and a comparative study was drawn. The performance of each technique
was evaluated using Statlog and Cleveland heart disease dataset which are retrieved from the UCI
machine learning repository database with several evaluation techniques. From the study, it can be
carried out that the highest accuracy of 98.15% obtained by deep neural network with sensitivity
and precision 98.67% and 98.01% respectively. The outcomes of the study were compared with the
outcomes of the state of the art focusing on heart disease prediction that outperforms the previous
study.
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1. INTRODUCTION

In the current world, Coronary Artery Heart Disease
(CAHD) is a leading reason for death. According to the
World Health Organization (WHO) [1], millions of peo-
ple die forCAHDevery year. Basically, heart disease is the
disorder of heart that affects the regular action of heart
function. Narrowing or blockage in the coronary arter-
ies are the two most common reasons for heart disease
because it supplies blood to the heart itself. Estimation
shows that more than 30 million people will die for the
reason of heart disease by 2040.

There are several features of CAHD disease that can
affect the structure or function of the heart. The physi-
cians and doctors face many problems to detect heart
disease correctly and rapidly. So, it is significant to make
an intelligence CAHD prediction model to predict the
heart disease in an initial state with a low cost. Without
any previous symptoms, twenty-five percent of people die
suddenly who are suffered by CAHD [2]. CAHD is one
of the most significant types of diseases that can affect
the heart badly and causes of heart attack. Timely treat-
ment and being aware of disease symptoms can reduce
CAHD.

Many researchers have found that several factors are
responsible for increasing the risk of heart disease. There
are some main risk factors like smoking, tobacco, high
blood cholesterol, diabetes mellitus, overweight, high
blood pressure, etc. which can increase the chance of
coronary heart and blood vessel diseases [3]. Other fac-
tors are known as contributing risk factors like stress and
alcohol may increase the hazard of heart disease. Their
significance and prevalence, however, have not yet been
determined precisely. It is possible to modify, control or
manage some of the risk factors. So, the person who
has more risk factors, the better chance to attack by the
CAHD [3].

Many researches reveal that in the investigation commu-
nity, computational intelligence techniques have drawn
an excessive amount of thoughtfulness and it can provide
excessive accuracy in the classification problems with
compare to the other data classification models [4]. LR
is a type of computational intelligence technique in the
field of statistics. It is a predictive analysis and here the
dependent variable is binary. The outcomes of the LR rep-
resent such as pass/fail or win/lose [5]. It also applied in
medical fields to solve different problems. SVMs are one
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of the most popular and used computational intelligence
technique in the present researches. SVMs have mainly
supervised learning and used in classification, regres-
sion and outliers’ detection. SVMshows extensive success
in the field of image classification, Bioinformatics, tex-
tual content categorization, hand-written categorization,
etc. [6]. Many researches have proven that SVM perfor-
mance is higher than other classificationmethods such as
statistical algorithms, decision-tree, and instance-based
learning methods [7]. Deep learning is a technique that
is rapidly growing and works like a human mind. It rep-
resents multi-level records and is capable of effectively
resolving the selectivity-invariance dilemma [8]. Deep
learning techniques are used frequently in the field of sci-
entific prognosis. It can work with the massive amount
of data and have the ability to decode complex hassle
in a smooth manner. Bayesian classifiers disperse the
maximum possible class to a specified sample defined
by its feature vector. In many real-world applications,
including text classification, medical diagnosis and sys-
tem performance management, Naïve Bayes has proven
effective [9]. Decision tree is an extrapolative technique
that can be used to represent the classification problem.
In addition, Decision trees are useful as an investigative
method in economics, marketing, medicine and engi-
neering [10]. Random Forest is an ensemble of unpruned
decision trees. RF algorithm is used when the training
dataset and input variables both are large. It is a classifier
form that consists of many decision trees and produces
the class that is the classifier output mode of the individ-
ual trees [11]. K-Nearest Neighbor (K-NN) is a method
used to classify the samples in the feature space based on
nearby training samples. K-NN is a category of instance-
based learning where the function is only approxi-
mated locally and all calculations are delayed until
classification. [12].

Very recently, various computational intelligence tech-
niques [13–21] are used in several medical prognoses.
In this paper, we have compared some computational
intelligence techniques like LR, SVM, DNN, DT, NB, RF,
and K-NN that can predict the coronary disease more
correctly and fast.

There aremany tools like RapidMiner,WEKA, etc. which
can provide the classification result. But there are some
problems to use such tools. In RapidMiner, it took too
much memory and slow down the system [22]. Also,
it supports less formula and expensive. In the case of
WEKA, the tool does not implement the new technique.
Scaling, data preparation and visualization are also two
main problems of WEKA [23].

The main objective of this paper is to predict heart
disease prediction using different computational intelli-
gence technique such as SVM, LR, DNN, DT, NB, RF,
and K-NN. There are many proposed systems to predict
the heart disease, yet we have done this because some of
the proposed systems’ accuracy is not well, some of them
not handle missing values, also DNN is a recent popular
technique for classification.

The remaining part of the paper is organized as fol-
lows. Section 2 describes a quick view of the researchers
that have been done in this field. Section 3 demonstrates
the background study. Section 4 illustrates the overall
methodology, including data collection and preparation.
The experimental outcomes analysis is investigated in
Section 5. Finally, Section 6 concludes the paper.

2. OVERVIEWOF THE STATE OF ART

In medical science, classification is one of the most cru-
cial, important, and popular decision-making tools. To
predict coronary heart disease accurately and correctly, a
lot of modern technology has been introduced. Some of
the works that are related to this area are described briefly
as follows.

Guan et al. [24] proposed a system which was totally
based on support vector machine that can efficiently pre-
dict the heart disease. The accuracy rate of the proposed
system is 76.5%. The system compared different models
like Standard SVM, Recursive Characteristic Elimina-
tion and approximated L0-norm SVM strategies. Shi-
laskar and Ghatol [25] used various classification strate-
gies and feature selection algorithms to predict coronary
heart disease. They used an SVM classifier to the for-
ward characteristic optimization and selection as well as
back-elimination characteristic selection. Their experi-
ment shows that it reduced the number of input vari-
ables and upgraded the accuracy rate. The system found
an accuracy rate near about 85%. Shao et al. [26] pro-
posed a system to find the accuracy of coronary heart
disease prediction using machine learning strategies like
logistic regression, and to select the best and important
features. The system used rough set strategies and mul-
tivariate adaptive regression splines to decrease the size
of explanatory features for heart disease diagnosis. The
proposed system achieved an accuracy of 82.14%.

Kumar and Inbarani [27] developed a system using clas-
sification strategies with Particle Swarm Optimization
(PSO) for coronary heart disease diagnosis. The sys-
tem used brief optimization and relative optimization
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to find out the appropriate features. After getting the
maximum benefit and maximum useful optimal fea-
tures they used the result as input for machine learn-
ing techniques like K-Nearest Neighbor (K-NN), Mul-
tilayer perception (MLP), SVM, and Backpropagation
techniques to categorize the dataset and obtained accu-
racy of 81.73%, 82.30%, 75.37%, and 91.94% respectively.
Rajathi and Radhamani [28] proposed a model using K-
NN (K-Nearest Neighbor) combined with Ant Colony
Optimization (ACO) techniques for coronary heart dis-
ease prediction. They compared their accuracy (70.26%)
with 4 different machine learning algorithms. Bashir et
al. [29] proposed a system using SVM, Naïve Bayes,
and DT-GI for the heart disease prediction. The miss-
ing values in the dataset are removed in the preprocess-
ing step. Then, with the use of majority voting strate-
gies, they determined the coronary heart disease predic-
tion accuracy. They found 82% of accuracy in their test
result.

Amin et al. [30] proposed a hybrid model where the
important key risk features are used for classification
the heart disease. They used two popular tools for their
system named as Neural Networks system and Genetic
Algorithm.With the help of genetic algorithm and global
optimization technique, they initialized the weight of
each neuron on the neural networks. Their experiment
revealed that their model is quick as compared to differ-
ent models and they got an accuracy of 89%. Khatibi and
Montazer [31] introduced a fuzzy based system using the
concepts of fuzzy sets and the theory of Dempster-Shafer.
The proposed method follows two steps. First, the inputs
are described through fuzzy units and carried out the
fuzzy sets through the fuzzy inference system. Second, it
generated the hybrid inference engine’s interval of beliefs
and combined the various information using combina-
tion rules. It executed the accuracy of 91.58%. Temurtas
and Tanrikulu [32] proposed a model using neural net-
work techniques to classify heart disease dataset. They
partitioned the dataset into 3-fold cross-validation and
then used the neural network strategies to find the result.
In the experiment, they achieved 96.30% accuracy for
their model. Yumusak and Temurtas [33] used multi-
layer neural networks to predict coronary heart disease.
They used two hidden layers between the input and out-
put layer and found an average accuracy of 91.60% for
their model. Liu et al. [34] used regression and Locally
Linear Embedding (LLE) strategies for the classification
of coronary heart disease and obtained the accuracy of
about 80%.

Nashif et al. [35] developed an application using different
machine learning algorithms to monitor heart patients.

A cloud-based system was proposed in this research,
where the patients can upload the physiological data for
checking the status of their cardiac health. The system
86.40%, 97.53%, 95.76%, 95.05%, and 77.39% using naïve
bayes, SVM, random forest, simple logistic, and ANN
respectively. Singh et al. [36] designed a heart disease pre-
diction system based on Structural Equation Modeling
(SEM) and Fuzzy Cognitive Map (FCM). They validated
the data of the Canadian Community Health Survey
dataset, where 20 significant attributes are present. An
SEMmodel is definedwith the relationship betweenCCC
121 along with 20 attributes; here CCC 121 is a vari-
able which defines whether the patient has heart disease.
Ghadge et al. [37] developed an intelligent heart attack
prediction system using big data. The main contribu-
tion of this research was to find a model of an intelligent
heart attack prediction system that uses big data and data
mining modeling techniques.

3. COMPUTATIONAL INTELLIGENCE
TECHNIQUES

Computational intelligence technique is a collection of
computational models. Using it many kinds of problems
can be solved easily which are difficult to solve using
conventional computational algorithms [38]. There are
different applications of computational intelligence in the
field of medicine and pathology [39–41]. In this section,
the LR, SVM, DNN, DT, NB, RF, and K-NN algorithms
which are used in this comparative study are explained
in details. Another interesting method is reinforcement
learning. Reinforcement Learning works better for clas-
sification problems for imbalanced dataset. For classifi-
cation problems, reinforcement learning has served in
removing noisy data and learning better features, which
made a great improvement in classification performance
[42]. But this technique works better for a large amount
of dataset and image dataset. As the dataset size of Cleve-
land and Statlog are not so big and all the attributes
are numeric, hence reinforcement technique is not better
suited for this study.

3.1 Support Vector Machine

In the recent years support vector machine shows excel-
lent performance in medicine sectors [43,44] for disease
prediction. SVM is a supervised learning technique and
the principal purpose is to design it for regression and
classification tasks as well as minimizing the general-
ization errors. SVM classifies the data into two classes
over a hyperplane. In high dimensional spaces, SVM is
very effective even the dimensions are greater than the
number of samples. Mathematically, SVM represented
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as follows.

If Yi = +1;wxi + b ≥ 1 (1)

If Yi = −1;wxi + b ≤ 1 (2)

For all i; yi(wi + b) ≥ 1 (3)

In the equation, x is a vector point and w is a weight and
a vector. So, to separate the data in Equation (1) should
always be greater than zero and the data in Equation
(2) should always less than zero. Among all possible
hyperplanes, SVM selects the one where the distance of
hyperplane is as large as possible.

3.2 Logistic Regression

Logistic regression helps in various ways for disease diag-
nosis and prognosis [45]. LR is a discriminative category
approach that works on the actual-valued input vector. It
was used to extract substantial statistics items from the
model or to predict the tendency of data. In the LR, the
dependent variable is a binary variable that contains data
coded as 1 (yes, success, etc.) or 0 (no, failure, etc.). In
LR analysis, the main task is to estimate the log odds
of an event. Mathematically, LR estimates multiple linear
regression functions defined as.

log
p(y = 1)

1 − (p = 1)
= β0 + β1X1 + β2X2 + · · · + βkXk;

where k = 1, 2, . . . , n (4)

3.3 Deep Neural Network

Deep neural network contributes in medicine, pathology
and other medical sectors [46,47]. A DNN is a complex
neural network structure where there is a neural network
with several hidden layers between the layers of input
and output. Here, the input data are transformed into
non-linearity or activation functions to output one or
extra linearly separable classes. The intermediate layers
are known as hidden layers. A deep neural network with
a hidden layer is a function f : RA → RB, where A and B
are the size of the input vector and output vector respec-
tively. The relation between input and output vectors are
expressed as follows:

f (x) = ∅(b(2) + w(2)(ϕ(b(1) + w(1)))) (5)

With bias vectors b(1) and b(2), weight matrices w(1) and
w(2), and activation functions φ and ϕ.

3.4 Decision Tree

Decision trees are powerful and popular tools for predict-
ing and classifying medical data [48]. DT is a classifier

expressed as a recursive part of the information space
depending on the values of the attributes. Each internal
node splits the instance space into two or more sub-
spaces according to certain function of the input attribute
values. Each leaf is allocated to one class that repre-
sents the most appropriate value. There are many types
of algorithm for DT. Among them, we have used ID3
algorithm because of its simplicity.

To evaluate the performance usingDT there are 4 steps:

(1) Calculate the Gini index.
(2) Split the dataset and evaluate all the splits. Then

select the best split.
(3) Generate the decision tree. To develop the tree three

important parts are considered which are as fol-
lows.
(i) Terminal nodes
(ii) Recursive nodes
(iii) Developing the tree.

3.5 Naïve Bayes

Naïve Bayes has been widely used in the field of medi-
cal data mining and has proven to be well suited to the
special features of medical data [49]. NB classification is
the method of the presence of the important features of
a class unrelated to the presence of any other feature. NB
represents every class with a probabilistic summary and
finds the most expected class. It is known that NB classi-
fication works very well on some domains, and poorly on
others. The performance of NB suffers in domains that
involve redundant correlated and irrelevant feature. The
NB classification function has been defined as follows:

classify(f1, . . . , fn)

= argmaxp(C = c)
n∏

i=0
p(Fi = fi IC = c) (6)

3.6 Random Forest

The use of random forests in medical diagnostics [50,51]
has become quite prevalent in latest times. The RF
algorithm has been utilized in the forecast and likelihood
estimation. RF comprises of numerous decision trees.
Each decision tree gives a vote that shows the decision
about the class of the item. The steps of RF are:

(1) From the training set, select a new bootstrap sample.
(2) Generate on an unpruned tree on this bootstrap

sample.
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(3) Randomly select at each interior node and deter-
mine the best split.

(4) If each tree is completely developed, no need to
perform pruning.

(5) The final output is taken using the majority vote
from every one of the trees.

3.7 K-Nearest Neighbor

K-Nearest Neighbor has been commonly used to mine
comprehensive medical database information [52,53].
KNN algorithm is a method of classification which is
based on the similarity of one case to other cases. At a
particular point, when a case is new, its distance from
every one of the cases in the model is determined. The
output of the technique indicates the case just like the
closest neighbor, which is the most comparable. In this
manner, it puts the case into the output that contains the
closest neighbors. K-NN has 2 steps:

(1) Find the K training occasions which are nearest to
the unidentified occurrence.

(2) Pick the most regularly happening classifications for
these K occasions.

4. METHODS ANDMATERIALS

In this paper, to predict the coronary artery heart dis-
ease, we follow the following steps, (1) Data collection,
(2) Data preprocessing, (3) Implementation of the tech-
niques, and (4) Performance measure. The following
subsections explain all the steps in details.

4.1 Data Collection

The Statlog [54] and Cleveland [55] heart disease dataset
is available in the UCI machine learning repository
database. The patients are both male and female in
the dataset. There are 270 samples and the samples are
divided into 13 attributes and the class distribution is the
14th attribute. The details for both datasets are shown in
Table 1.

Samples with the absence of coronary heart disease are
treated as a negative class (1) and samples with the
present are treated as a positive class (2). Data correla-
tion is the way in which one set of data may correspond
to another set. In a machine learning perspective, how
the features correspond to output. Sometimes, it becomes
very hard to figure out how the data are correlated with
each other. In this situation, data visualization can help
to find out how individual featuresmay correlate with the
output. Pearson’s CorrelationCoefficient helps to find out

Table 1: Description of Statlog and Cleveland heart disease
dataset

Attributes Type Value

(i) Age Integer [29–77]
(ii) Sex Integer male = 1; female = 0
(iii) Chest pain type Integer angina = 1; abnanr = 2;

notang = 3;
asympt = 4

(iv) Blood pressure value Integer [94–200]
(v) Serum cholesterol Integer [126–564]
(vi) Fasting blood sugar Integer true = 1; false = 0
(vii) Resting electro-

cardiographic
results

Integer [0–2]

(viii) Maximum heart rate Integer [71–202]
(ix) Angina induced by

Exercise
Integer [1–4] = yes; 0 = no

(x) Old Peak Float [0.0–62.0]
(xi) The slant of the peak

exercise ST segment
Integer upsloping = 1; flat = 2;

downsloping = 3
(xii) The numeral of the

main vessels
Integer [0–3]

(xiii) Thal Integer normal = 3; fixed
defect = 6; reversible
defect = 7

(xiv) Coronary heart disease
diagnosis

Integer present = 1; absent = 0

the relationship between the two quantities. The value
of Pearson’s Correlation Coefficient can be between −1
to +1. 1 means that they are highly correlated and 0
means no correlation. −1 means that there is a negative
correlation.

In Figures 1 and 2 indicates the correlation between 13
parameters of “absence” and “present” samples for the
Statlog dataset where the high correlation between the
parameters of these two classes of samples is shown. We
easily understood that in Figure 1, the “age” parameter
is negatively correlated with “sex”, and “heart rate”. All
other parameters are positively correlated with the “age”.
Similarly, all the other parameters which are positively
or negatively correlation is shown in Figure 1 when the
class is “absence”. On the sameway, Figure 2 indicates the
correlation between the two parameters when the class is
“presence”. As an example, “age” is positively correlated
with all the parameters except “sex”, “chest pain”, “heart
rate”, “angina”, and “TNFR” when the class is “presence”.

On the same way, Figures 3 and 4 show the correla-
tion between 13 parameters of “absence” and “present”
samples for the Cleveland dataset respectively.

4.2 Data Preprocessing

The performance of any classification problems depends
on the standard of the dataset. Sometimes missing val-
ues hamper the result. So, first we check the dataset
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Figure 1: Correlation absence for Statlog dataset

Figure 2: Correlation presence for Statlog dataset

that it contains any missing values or not. The miss-
ing values can be handled in many ways like completely
ignore the missing values, replace the missing values
with some numeric value, replace the missing values

with the most time appear for that attribute or replace
the value with the mean value for that attribute. In
this paper, the missing values are handled to replace
the values with the mean value of that attribute. In the
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Figure 3: Correlation absence for Cleveland dataset

Figure 4: Correlation presence for Cleveland dataset

Statlog dataset, there are no missing values. But in the
Cleveland dataset, there are 4 and 2 missing values in
“The numeral of the main vessels” and “Thal” attributes
respectively.

Then, using k-fold cross-validation, we divided the data
into two ways. (1) Five-fold cross-validation and (2)
Ten-fold cross-validation. We use validation techniques
to calculate the system’s performance.



8 S.I. AYON ET AL.: CORONARY ARTERY HEART DISEASE PREDICTION

4.3 PerformanceMeasure

Using the confusion matrix, we can visualize the perfor-
mance of computational intelligence techniques. In the
confusionmatrix, four classification performance indices
are present.

The definition of these is given below:

TP = True Positive(Correctly Identified)

TN = True Negative(Incorrectly Identified)

FP = False Positive(Correctly Rejected)

FN = False Negative (Incorrectly Rejected)

To evaluate the performance of the system, the following
qualities are measured.

(1) Accuracy: Ratio of correctly classified samples to
total samples. It is represented by-

Accuracy = (TP + TN)

(TP + TN + FP + FN)
(7)

(2) Sensitivity: Ratio of correctly classified positive
samples to total positive instances, given by-

Sensitivity = TP
(TP + FN)

(8)

(3) Specificity: Ratio of correctly classified negative
instances to total negative instances, given by-

Specificity = TN
(TN + FP)

(9)

(4) Precision: Precision is calculated as the number of
correctly positive predicts divided by the total num-
ber of positively predict, given by-

Precision = TP
TP + FP

(10)

(5) Negative Predictive Value (NPV): Ratio of correctly
classified positive samples to total predicted negative
samples. It is represented as follows-

Negative Predictive Value(NPV) = TN
FN + TN

(11)

(6) F1 Score: The range of F1 scores is between 0 and
1. The best value is 1 and the worst value is 0, F1 is
represented as follows-

F1 Score = 2TP
(2TP + FP + FN)

(12)

(7) Mathews Correlation Coefficient (MCC): For binary
classification, the range of MCC is +1 to −1. When

the value is +1 the best performance is shown and
when the value is −1 the worst performance is
shown. It is represented as-

Matthews Correlation Coefficient (MCC)

= (TP × TN) − (FP × FN)√
(TP + FP)(TP+FN)(TN + FP)(TN+FN)

(13)

4.4 Implementation of the Techniques

To implement all the computational intelligence tech-
niques, there are some learning parameter for calculat-
ing the result. The following section discusses about the
learning parameter details for all techniques.

For SVM,

(1) Kernel: Indicates the kernel type to be utilized in the
algorithm. There are different types of kernel like:
“linear”, “poly”, “rbf”, “sigmoid”, “precomputed”
and so on. In this paper, the polynomial kernel is
used.

(2) C: Penalty parameterC of the error term. Here, error
term = 1.

(3) Degree: Degree of the polynomial kernel function.
Here, the polynomial kernel function = 3.

Then find the cross-validation score and using the con-
fusion matrix to calculate accuracy, sensitivity, and other
performance measure terms.

In logistic regression,

(1) C: Inverse of regularization strength; must be a pos-
itive float. Here, error costs = 1;

(2) Penalty: Used to specify the norm in the penaliza-
tion. In this paper, the “L1” penalty (regularization)
is used.

Here, first develop the model and then train the model
to establish a relation between input and output. And
then calculate accuracy and other terms using confusion
matrix.

For the prediction of coronary heart disease system using
the DNN, We have chosen a neural network structure
where the network hidden layer is 4. In these layers, the
number of neurons is 14,16,16,14 respectively. There is
no rule likemultiply the number of inputswithNor other
way to determine the hidden layers and the nodes. So, we
try to predict coronary heart disease with several hidden
layers and different neurons in different layers. When the
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Figure 5: Structure of the deep neural network to predict
coronary artery heart disease

hidden layer is four, we get the best result and the num-
ber of neurons in each hidden layer is 14, 16, 16, and
14. The structure of the model is shown in Figure 5 for
both of the dataset. The input and output layers are 13
and 1 respectively because there are 13 features (columns)
in the dataset and the final output is fixed 0 (false) or 1
(true). The weighted sum of every neuron is calculated
using as follows:

Y =
∑

(input ∗ weight) + bias (14)

The range of Y is −∞ to +∞. The activation function
is used here to determine whether or not the neuron will
fire. We have used ReLU as an activation function.

In decision tree, criterion = gini, splitter = best, ran-
dom_state = 2, class weight = dict which are consid-
ered in our study.

To evaluate the performance using NB, the parameters
are:

(1) Alpha: Additive smoothing parameter. It will either
0 or no smoothing.

(2) Fit_prior: It is a boolean type value. It will be either
true or false.

(3) Class_Prior: Prior probabilities of the classes. By
default, it is None.

To calculate the performance using RF, the parameters
are:

(1) N_estimators: Number of trees will be in the for-
est. In this study, we have considered the value of
N_estimators is 20.

(2) Criterion: The Quality of the split. There are two
types. (a) gini and (b) entropy. In this paper, we have
considered gini.

(3) Max_depth: Maximum depth of the tree. We have
selected None for this parameter. If we select None,
then the parameters are expanded until all leaves are
pure.

(4) Max_features: The number of features considers for
the best split. There are some types ofMax_features
like (a) auto, (b) sqrt, (c) log2. We have selected auto
for this study.

(5) Bootstrap: It is a boolean type variable. It will be true
or false.

(6) Random_state: We have selected RandomState for
this variable.

(7) Class_weight: There are different types of
Class_weight like: (a) dict, (b) balanced, (c) bal-
anced_subsamples, and so on. We have selected bal-
anced for this study.

For K-NN:

(1) N_neighbors: Number of neighbors to use by default
for k-neighbors queries. In this study, we have cho-
sen this parameter value 7.

(2) Weights: There are two types of weights. (a) uniform
and (b) distance.We have considered uniform in this
paper.

(3) Algorithm: There are different types of algorithm to
compute the nearest neighbor like:
(i) Ball_tree.
(ii) Kd_tree.
(iii) Brute.
(iv) Auto.

We have taken kd_tree in this study.

(4) P: Power parameter for the Minkowski metric.
When p = 1 then use manhattan_distance and
when p = 2 then use minkowski_distance. We have
taken Minkowski for this parameter.

We have modified those techniques using the concept of
cross-validation, adding a different learning parameter in
the methods, split the dataset into test and train data.
Figure 6 shows the overall system to predict the heart
disease. At first, the dataset is preprocessed by replac-
ing the missing data to the mean value of the column.
Then the preprocessed dataset divided into two parts. (1)
train set, (2) test set. The performance of each technique
is measured with some performancemeasure parameters
finally.
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Figure 6: Full system for coronary heart disease prediction

5. EXPERIMENTAL RESULTS ANDDISCUSSIONS

5.1 Experimental Setup

The experiment was implemented in Python 3.0. For
appropriate understanding, the result has been run on
a single computer (HP ProBook 450G, Intel (R) Core
(TM) i5-4200M CPU @ 2.50GHz, RAM 8 GB) with
Windows10.

5.2 Results Analysis

In this paper, seven computational intelligence tech-
niques: LR, SVM, DNN, DT, NB, RF, and K-NN are used.
In the Statlog database, there contain 270 samples. There
are two types of diagnosis classes: healthy and a patient
who is subject to possible heart disease. Among 270 sam-
ples, 150 samples indicate the absence of heart disease
and 120 samples with the incidence of heart disease. In
the Cleveland dataset among 303 samples, 164 samples
indicate the absence of heart disease and 139 samples
indicate the presence of heart disease. Both cases, data are
partitioned into five-fold and ten-fold cross-validation
in all the cases. The advantage of the cross-validation
method is to observations for both training and test, and
each observation is used to test exactly once. For five-
fold, the ratio of the dataset is 80% for training and 20%
for testing, and for ten-fold the ratio is 90% and 10%
respectively.

For Statlog dataset, the confusion matrix of prediction
results for SVM, LR, DNN, DT, NB, RF, and K-NN are
tabulated in Tables 2–8 for five-fold and Tables 9–15 for
ten-fold cross-validation respectively. Figure 7 illustrates
that the five-fold cross-validation predicts the highest
number of true positive using DNN and LR predicts

Table 2: Confusion matrix for SVM (five-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 146 (97.99%) 4 (3.31%) 150
Present 3 (2.01%) 117 (96.69%) 120
Total Predicted 149 121 270

Table 3: Confusion matrix for LR (five-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 144 (97.29%) 6 (4.92%) 150
Present 4 (2.70%) 116 (95.08%) 120
Total Predicted 148 122 270

Table 4: Confusion matrix for DNN (five-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 148 (98.01%) 2 (1.68%) 150
Present 3 (1.98%) 117 (98.32%) 120
Total Predicted 151 119 270

Table 5: Confusion matrix for DT (five-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 144 (97.30%) 6 (4.91%) 150
Present 4 (2.70%) 116 (95.08%) 120
Total Predicted 148 122 270

the highest number of true negatives. In ten-fold cross-
validation, the highest number of true positive and true
negative predicts by LR in both cases is shown in Figure 8.
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Table 6: Confusion matrix for NB (five-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 135 (93.75%) 15 (11.90%) 150
Present 6.25 (2.01%) 111 (88.10%) 120
Total Predicted 144 126 270

Table 7: Confusion matrix for RF (five-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 134 (91.78%) 16 (12.90%) 150
Present 12 (8.22%) 108 (87.10%) 120
Total Predicted 146 124 270

Table 8: Confusion matrix for K-NN (five-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 143 (97.27%) 7 (5.69%) 150
Present 4 (2.72%) 116 (94.30%) 120
Total Predicted 147 123 270

Table 9: Confusion matrix for SVM (ten-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 143 (97.27%) 7 (5.69%) 150
Present 4 (2.72%) 116 (94.31%) 120
Total Predicted 147 123 270

Table 10: Confusion matrix for LR (ten-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 148 (94.27%) 2 (1.77%) 150
Present 9 (5.73%) 111 (98.23%) 120
Total Predicted 157 113 270

Table 11: Confusion matrix for DNN (ten-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 147 (97.35%) 3 (2.52%) 150
Present 4 (2.65%) 116 (97.48%) 120
Total Predicted 151 119 270

For Cleveland dataset, confusion matrix for SVM,
LR, DNN, DT, NB, RF, and K-NN are depicted in
Tables 16–22 for five-fold cross-validation and
Tables 23–29 for ten-fold cross-validation respectively.

Table 12: Confusion matrix for DT (ten-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 142 (96.59%) 8 (6.50%) 150
Present 5 (3.40%) 115 (93.49%) 120
Total Predicted 147 123 270

Table 13: Confusion matrix for NB (ten-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 137 (93.20%) 13 (10.57%) 150
Present 10 (6.80%) 110 (89.43%) 120
Total Predicted 147 123 270

Table 14: Confusion matrix for RF (ten-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 135 (89.40%) 15 (12.61%) 150
Present 16 (10.60%) 104 (87.39%) 120
Total Predicted 151 119 270

Table 15: Confusionmatrix for K-NN (ten-fold) using Statlog
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 140 (95.89%) 10 (8.06%) 150
Present 6 (4.11%) 114 (91.94%) 120
Total Predicted 146 124 270

Figure 7: Confusion matrix (Statlog dataset) for five-fold cross-
validation

The confusion matrix for five-fold and ten-fold cross-
validation is shown in Figures 9 and 10 respectively. Here
both cases SVMgives the highest number of true positive.
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Figure 8: Confusion matrix (Statlog dataset) for ten-fold cross-
validation

Table 16: Confusion matrix for SVM (five-fold) using Cleve-
land dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 162 (96.43%) 2 (1.48%) 164
Present 6 (3.57%) 133 (98.52%) 139
Total Predicted 168 135 303

Table 17: Confusionmatrix for LR (five-fold) using Cleveland
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 154 (92.22%) 10 (7.35%) 164
Present 13 (7.78%) 126 (92.65%) 139
Total Predicted 167 136 303

Table 18: Confusion matrix for DNN (five-fold) using Cleve-
land dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 157 (94.01%) 7 (5.15%) 164
Present 10 (5.99%) 129 (94.85%) 139
Total Predicted 167 136 303

Table 19: Confusionmatrix forDT (five-fold) usingCleveland
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 157 (92.35%) 7 (5.26%) 164
Present 13 (7.65%) 126 (94.74%) 139
Total Predicted 170 133 303

With the help of confusion matrix accuracy, sensitivity,
specificity, precision, negative predictive value, F1 score,
and MCC are measured. The result for Statlog dataset is
shown in Table 30 for five-fold and Table 31 for ten-fold

Table 20: Confusionmatrix forNB (five-fold)usingCleveland
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 147 (93.63%) 17 (11.64%) 164
Present 10 (6.37%) 129 (88.36%) 139
Total Predicted 157 146 303

Table 21: Confusionmatrix for RF (five-fold) using Cleveland
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 142 (92.21%) 22 (14.77%) 164
Present 12 (7.79%) 127 (85.23%) 139
Total Predicted 154 149 303

Table 22: Confusion matrix for K-NN (five-fold) using Cleve-
land dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 155 (93.94%) 9 (6.52%) 164
Present 10 (6.06%) 129 (93.48%) 139
Total Predicted 165 138 303

Table 23: Confusion matrix for SVM (ten-fold) using Cleve-
land dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 159 (94.64%) 5 (3.70%) 164
Present 9 (5.35%) 130 (96.30%) 139
Total Predicted 168 135 303

Table 24: Confusionmatrix for LR (ten-fold) using Cleveland
dataset.

Predicted Value

Absent Present Actual Value

Actual Class Absent 149 (91.41%) 15 (10.71%) 164
Present 14 (8.59%) 125 (89.29%) 139
Total Predicted 163 140 303

Table 25: Confusion matrix for DNN (ten-fold) using Cleve-
land dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 156 (91.76%) 8 (6.02%) 164
Present 14 (8.24%) 125 (93.98%) 139
Total Predicted 170 133 303

cross validation result is given. The graphical representa-
tion of the result for Statlog dataset is shown in Figure 11
for five-fold and Figure 12 for ten-fold cross-validation.
The accuracy obtained by five-fold validation are 97.41%,
96.29%, 98.15%, 96.42%, 90.47%, 90.46%, and 96.42%
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Table 26: Confusionmatrix for DT (ten-fold) using Cleveland
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 155 (91.18%) 9 (6.77%) 164
Present 15 (8.82%) 124 (93.23%) 139
Total Predicted 170 133 303

Table 27: Confusionmatrix for NB (ten-fold) using Cleveland
dataset

Predicted Value

Absent Present Actual Value

Actual Class Absent 150 (90.91%) 14 (10.14%) 164
Present 15 (9.09%) 124 (89.86%) 139
Total Predicted 165 138 303

Table 28: Confusionmatrix for RF (ten-fold) using Cleveland
dataset.

Predicted Value

Absent Present Actual Value

Actual Class Absent 140 (89.774%) 24 (16.33%) 164
Present 16 (10.26%) 123 (83.67%) 139
Total Predicted 156 147 303

Table 29: Confusion matrix for K-NN (ten-fold) using Cleve-
land dataset.

Predicted Value

Absent Present Actual Value

Actual Class Absent 156 (92.86%) 8 (5.93%) 164
Present 12 (7.14%) 127 (94.07%) 139
Total Predicted 168 135 303

Figure 9: Confusion matrix (Cleveland dataset) for five-fold
cross-validation

for SVM, LR, DNN, DT, NB, RF, and K-NN respec-
tively. In addition, ten-fold validation the accuracy result
is 97.04%, 95.93%, 97.41%, 95.37%, 91.38%, 89.48%, and

Figure 10: Confusion matrix (Cleveland dataset) for ten-fold
cross-validation

Table 30: Evaluation metrics of the heart disease prediction
system for five-fold in Statlog dataset
Performance
measurement
parameters SVM LR DNN DT NB RF K-NN

Accuracy (%) 97.41 96.29 98.15 96.42 90.47 90.46 96.42
Sensitivity (%) 97.33 96.00 98.67 95.76 90.25 89.19 94.57
Specificity (%) 97.50 96.67 97.50 97.05 92.19 89.85 96.82
Precision (%) 97.99 97.29 98.01 97.40 92.75 92.38 97.11
NPV (%) 96.69 95.08 98.32 94.24 88.31 87.49 94.29
F1 score 0.98 0.97 0.98 0.97 0.92 0.91 0.96
MCC 0.95 0.93 0.96 0.93 0.83 0.79 0.92

Table 31: Evaluation metrics of the heart disease prediction
system for ten-fold in Statlog dataset
Performance
measurement
parameters SVM LR DNN DT NB RF K-NN

Accuracy (%) 97.04 95.93 97.41 95.37 91.38 89.48 94.25
Sensitivity (%) 95.33 98.67 98.00 95.45 90.86 90.39 93.31
Specificity (%) 96.67 92.50 96.67 96.11 92.42 88.78 95.46
Precision (%) 97.28 94.27 97.35 96.85 93.39 89.33 95.89
NPV (%) 94.31 98.23 97.48 92.79 88.56 87.18 92.34
F1 score 0.96 0.96 0.98 0.96 0.92 0.90 0.95
MCC 0.92 0.92 0.95 0.90 0.83 0.77 0.88

94.25% respectively. The other performance measure-
ment parameters: sensitivity, specificity, precision, NPV,
F1 score, and MCC result are also given in Tables 30
and 31 and Figures 11 and 12. The result of F1 score is
around 0.96–0.98 in all the cases, which is near to the best
value 1. Also, theMatthews Correlation Coefficient value
is 0.92–0.96, which is also very near to the best value of
the MCC.

For Cleveland dataset, the accuracy, sensitivity, speci-
ficity, precision, NPV, F1 score, and MCC result are
shown in Tables 32 and 33 and the graphical represen-
tation is given in Figure 13 for five-fold and Figure 14
for ten-fold cross-validation. The accuracy is 97.36%,
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Figure 11: Evaluation metrics of the heart disease prediction (five-fold) system using Statlog dataset

Figure 12: Evaluation metrics of the heart disease prediction (ten-fold) system using Statlog dataset

Table 32: Evaluation metrics of the heart disease prediction
system for five-fold in Cleveland dataset
Performance
measurement
parameters SVM LR DNN DT NB RF K-NN

Accuracy (%) 97.36 92.41 94.39 92.76 91.18 89.41 94.28
Sensitivity (%) 98.78 93.90 95.73 96.23 90.44 87.35 95.30
Specificity (%) 95.68 90.65 92.81 91.45 93.05 90.89 93.45
Precision (%) 96.43 92.22 94.01 91.87 93.66 91.54 93.88
NPV (%) 98.51 92.65 94.85 95.22 88.30 85.29 92.75
F1 score 0.98 0.93 0.95 0.94 0.92 0.89 0.94
MCC 0.95 0.85 0.89 0.87 0.82 0.78 0.87

92.41%, 94.39%, 92.76%, 91.18%, 89.41% and 94.28%
for SVM, LR, DNN, DT, NB, RF, and K-NN when we
chose five-fold cross-validation and in case of ten-fold
cross-validation the accuracy is 95.38%, 90.43%, 92.74%,
92.34%, 90.05%, 87.45%, and 92.85% for SVM, LR, DNN,
DT, NB, RF, and K-NN respectively. Other performance
measurement parameters: sensitivity, specificity, preci-
sion, negative predictive value, F1 score, and Matthews

Table 33: Evaluation metrics of the heart disease prediction
system for ten-fold in Cleveland dataset
Performance
measurement
parameters SVM LR DNN DT NB RF K-NN

Accuracy (%) 95.38 90.43 92.74 92.34 90.05 87.45 92.85
Sensitivity (%) 96.95 90.85 95.12 95.05 90.87 87.68 95.48
Specificity (%) 93.53 89.93 89.93 88.89 89.35 88.18 90.86
Precision (%) 94.64 91.41 91.76 91.15 90.71 90.42 93.42
NPV (%) 96.30 89.29 93.98 92.86 90.46 84.25 94.35
F1 score 0.96 0.91 0.93 0.93 0.91 0.88 0.94
MCC 0.91 0.81 0.85 0.84 0.81 0.74 0.87

correlation coefficient are given in Tables 32 and 33 and
Figures 13 and 14.

In Statlog dataset, the experimental result shows that in
both the cases (five-fold and ten-fold) DNN works bet-
ter than the other techniques. But in Cleveland dataset,
SVM shows better results than the other methods (LR,
DNN, DT, NB, NB, and K-NN). Here it can be noted
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Figure 13: Evaluation metrics of the heart disease prediction (five-fold) system using Cleveland dataset

Figure 14: Evaluation metrics of the heart disease prediction (ten-fold) system using Cleveland dataset

that the five-fold gives better result compare to ten-fold
cross-validation result.

5.3 Application

The systemusesmobile application, web server and cloud
server to predict the disease. The attribute values col-
lected frompatients are sent to a cloud server inwhich the
computation intelligencemodel is placed throughmobile
application as well as web server. The prediction is sent
back from cloud server to patients and doctor. Figure 15
shows the real-time application of the coronary heart dis-
ease prediction system. The mobile application demon-
strates the predicted result for different input attributes
value. Both the patient and doctor can use this appli-
cation for their own purpose. First, the patients open
the app and input different attributes value like age, sex,
cheese pain type, blood pressure, etc. The input values
go to the webserver and save the values there also. Inside
the cloud server, the predicted model is placed and using

the attributes value, the result is predicted and again
acknowledge to the webserver. This result also saves in
the webserver. The patients and doctor can observe the
predicted result (i.e. if the patient has heart disease or
not) and the risk level. The risk level is marked into 0–4.
0 means no risk and 4 means high risk.

5.4 Comparative Study

A comparative study of computational intelligence tech-
niques in our study (SVM, LR, DNN, DT, NB, RF, and
K-NN) and the existing system is shown in Tables 34
and 35 for Statlog dataset and Cleveland dataset respec-
tively. As the developed system used the same dataset
but the implementation techniques are different so we
take the direct experimental result from their paper with-
out implementation of those methods. In Table 34 we
observed that A.K. Dwivedi [56] proposed a system to
predict the heart disease using SVM and LR and they
found 82% and 85% accuracy respectively. Chadha and
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Figure 15: Real-time application of heart disease prediction system

Table 34: Comparison of our study (Statlog Dataset) with
existingmethods in terms of Accuracy
Authors Methods Accuracy (%)

A.K. Dwivedi [56] SVM 82.00
Logistic regression 85.00

Chadha and Mayank [57] Decision tree 88.03
Naïve Bayes 85.86

Caliskan and Yuksel [58] DNN 85.20
Long et al. [59] Firefly algorithm 87.20
Karayilan and Kilic [60] Neural Network 95.55
Our Study SVM 97.41

Logistic regression 96.29
DNN 98.15
Decision Tree 96.42
Naïve Bayes 91.38
Random Forest 90.46
K-NN 96.42

Mayank [57] used decision tree and Naïve Bayes to their
system and found an accuracy of 88.03% and 85.86%
respectively. Caliskan and Yuksel [58] proposed a system
using the deep neural network to predict heart disease
and achieved an accuracy of 85.20%. Long et al. [59]
proposed a system using firefly algorithm and found the
accuracy of 87.20%. Karavilan and Kilic [60] proposed
system using the neural network with an accuracy rate
of 95.55%.

In Table 35, the accuracy result shows that our experi-
mental study is very effective for heart disease prediction
using SVM, LR, DNN, DT, NB, RF, and K-NN. Soni et
al. [61] used association rules to predict the heart disease

Table 35: Comparison of our study (Cleveland Dataset) with
existingmethods in terms of Accuracy
Authors Methods Accuracy (%)

Soni et al. [61] Association rules 81.51
Kumari and Godara [62] SVM 84.12
Khemphila and Boonjing [63] Back Propagation MLP 89.56
Feshki and Shijani [64] PSO and Feedforward

neural network
91.94

Paul et al. [65] Adaptive FDSS 95.56
Our Study SVM 97.36

Logistic regression 92.41
DNN 94.39
Decision Tree 92.76
Naïve Bayes 91.18
Random Forest 89.41
KNN 94.28

and they obtained 81.51% accuracy. Kumari and Godara
[62] used SVM and achieved an accuracy of 84.12%.
Khemphaila and Boonjing [63] proposed amethod using
back propagation method with multilayer and they got
89.56% accuracy. Feshki and Shijani [64] used PSO and
feedforward network and finally, they got the accuracy
91.94%. Paul et al. [65] used an adaptive weighted fuzzy
rule-based system (FDSS) to predict heart disease and
they got 95.56% accuracy in their system.

6. CONCLUSION

Heart disease is complicated and every year it causes a
lot of death. If the early symptoms of heart disease are
ignored, in a short period of time the patient may end



S.I. AYON ET AL.: CORONARY ARTERY HEART DISEASE PREDICTION 17

up having drastic consequences. In this system, we used
seven computational intelligence techniques to predict
coronary heart disease using the Statlog and Cleveland
heart disease dataset. In the comparative study, the deep
neural network performed better and obtained an accu-
racy of 98.15% with Statlog dataset. In the case of Cleve-
land dataset, SVMachieved an accuracy of 97.36%,which
is comparatively better than the others. This type of com-
putational intelligence techniques plays an important role
in medical diagnoses. Hopefully, these techniques make
the physician’s works easier. In the future, the same tech-
niques can also be applied to other disease prediction and
also some other intelligence techniques will be applied
to predict the coronary artery heart disease. The diver-
sity of resources will deliver improved performance in
knowledge extraction and a clear understanding of the
measuring and collecting data problems. The real-time
application will be updated and more features will be
added and a real-time website will be designed for the
prediction of heart disease. The feature selection tech-
niques can be applied in order to select the best input fea-
tures that can improve the performance of the prediction
system.
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