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Abstract—Cardiovascular disease prediction has gained the
spotlight in research for the past years. Data-driven
techniques for prediction through machine learning
techniques have paved the way for an increased prediction
accuracy in detecting the disease to people. In this paper, the
cardiovascular disease dataset comprising 70,000 instances
with 12 variables was used for training and testing using
Artificial Neural Networks (ANN). However, the drawback
of ANN when determining layers and neurons to be used
persist. This paper aims to optimize the performance of
ANN, leading to an increase in prediction accuracy. To
realize, the use of the Genetic Algorithm (GA) was observed.
Simulation results revealed that the use of GA had
improved the performance of ANN by 5.08 percentage
points against the prediction accuracy of the lone ANN.
Further, the GA-ANN prediction model outperformed the
other machine learning algorithms in the prediction of
cardiovascular disease.

mortality globally, is investigated wherein the resolve for
optimal preventive cardiology may be attained by
predicting this disease in people [19].
Further, this paper employs artificial neural networks
for predicting cardiovascular disease. However, despite
the wide application of ANNs in various fields, selecting
its optimal parameters remains the primary concern for
researchers [20]. The most common problem in
implementing neural networks typically involves how
many layers and neurons should be used [21]. To solve
this, tuning method is integrated that finds the best
parameters for a neural network [22]. Tuning is usually a
case of trial and error, as there is no explicit method or
general rule in defining these parameters [20]. Moreover,
parameter tuning may be very tricky and can be
computationally expensive [23]. Nevertheless, doing so
improves the stability and accuracy of the neural network
[24].
To improve the accuracy of ANN in cardiovascular
disease prediction, this paper employs an optimization
strategy in the neural network. The parameter tuning
method is achieved with the use of the genetic algorithm.
In general, this study is hoped to contribute to the two
significant areas of literature. First is on the disease
prediction mining on how medical dataset can be
processed and mined, and second, as a basis for an
improved prediction model in the quest to achieve the
optimal prediction accuracy. The rest of the paper is
arranged as follows: Section II discusses the literature
review, Section III includes the design and methodology
used in the study, Section IV discusses the results while
Section V highlights the conclusion, and Section VI
shows the recommendations.

Index Terms—artificial neural network, cardiovascular
disease prediction, genetic algorithm, hybrid algorithm,
parameter tuning

I.

INTRODUCTION

One of the prominent strategies for modeling complex
non-linear functions and systems is with the use of
Artificial Neural Networks (ANN) [1]-[3]. ANNs work
by simulating the neuronal architecture and function of
the human brain in processing inputs of information [4].
One important property of artificial neural networks is
their ability to learn from a training set even without any
preliminary knowledge on the correlation between the
data [5], [6]. With this, neural networks can make
inferences by recognizing patterns in the data and learn
through computational procedures [7].
The use of machine learning techniques has brought
radical changes in the field of medicine, such as clinical
decision making and precision diagnosis [8] undertakings,
among others. Moreover, the use of ANNs in healthcare,
such as in disease prediction and classification [9]-[17], is
prevalent up to this day [18]. In this study, cardiovascular
disease, being the leading cause of morbidity and

II.

The use of machine learning has a gained broad
interest across various domains, such as in health and
medicine. As a result, studies have been published
focusing on the development of medical applications
using multiple machine learning methods and techniques.
For instance, the study of [25] presented the use of
machine learning in assessing developed smart home
sensors and predicted the cognitive health of individuals.
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A total of 179 perceived volunteer participants as the
respondents were instrumental. A statistically significant
correlation (r=0.79) between automated assessment of
task quality and direct observation scores was observed.
An AUC value of 0.64 was revealed using machine
learning techniques to predict the participants’ cognitive
health.
Moreover, a convolutional neural network was utilized
to recognize Chinese herbal medicine images [26], which
obtained a 71% overall accuracy. More so, the use of
Artificial Neural Networks (ANN) was also observed for
detecting lung cancer [27] with an outstanding accuracy
of 96.7%. Furthermore, a neural network for predicting
diabetes was proposed in the study of [28], showing a
good prediction accuracy of 87.3%.
However, while much literature focuses on the
development of classifiers, there are also studies that
focus on improving the status quo. For instance, the study
of [29] proposed the use of Natural Language Processing
(NLP) to enhance the training and testing of the
prediction model for detecting depression symptoms.
Results reveal that the proposed method improved the
neural network’s performance at 91% and 85% train and
test scores compared to its baseline of 89% and 81%,
respectively.
The paper of [30] proposed a method of improving the
accuracy of a neural network through the Particle Swarm
Optimization (PSO) technique. The study utilized a
publicly available dataset with 303 instances of healthy
and sick individuals. The dataset contained 72 features,
but only 13 were used to undergo feature selection using
PSO. After preprocessing the dataset, the PSO was used
for feature selection and ranking. Out of the 13 features,
ranking results identified the eight best features for the
feedforward backpropagation approach to increase the
accuracy in the neural network training. The results of the
study reveal a 91.94% accuracy in predicting heart
diseases through the hybrid PSO-FFBP neural network.
Moreover, the use of an enhanced Deep Neural
Network (DNN) using Grey Wolf Optimization (GWO)
algorithm and Principal Components Analysis (PCA) was
observed for predicting diabetic retinopathy [31]. The
GWO algorithm was utilized to extract relevant features
from the image dataset and select the optimal parameters
for the neural network. The dataset was also subjected to
dimensionality reduction using the PCA. The results of
the study show that the enhanced DNN using GWO and
PCA classifier yielded the highest accuracy at 97.3%,
precision at 96.5%, recall at 97%, sensitivity at 91%, and
specificity at 97%, outperforming all 12 other prediction
models in every measure.
Furthermore, the study of [32] proposed a hybrid
approach to predict heart disease among patients using KMeans and artificial neural networks. First, the dataset
with 14 features is clustered and organized into data
groups using K-Means. Further, the identified clusters
were used as input to the neural network. Based on the
results, improved prediction accuracy of 97% was
attained against 93% and 88% for the KNN and Naïve
Bayes methods, respectively.
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III.

METHODOLOGY

In this section, the proposed model to predict
cardiovascular disease using an optimized neural network
is introduced. The simulation of the proposed model was
executed using Python 3 and TensorFlow 2 in an i77700HQ 16GB RAM GTX1050 4GB VRAM laptop.
A. Dataset
A publicly available dataset for cardiovascular disease
obtained from [33] with 70,000 instances collected from
medical examinations was utilized. The dataset comprises
12 variables where variables 1 to 11 are the input features,
while variable 12 is the output feature. The dataset was
divided into 70% training, and 30% testing sets used in
the neural networks. The indexed description of the
dataset is presented in Table I.
TABLE I.

DATASET FEATURES

No

Variables

Type

1
2
3

Age
Height
Weight

4

Gender

Int - days
Int - centimeters
Float - kilograms
Categorical - 1: female, 2:
male

5

Systolic Blood Pressure

6

Diastolic Blood Pressure

Int - continuous

7

Cholesterol

Categorical - 1: normal, 2:
above normal, 3: well above
normal

8

Glucose

Categorical - 1: normal, 2:
above normal, 3: well above
normal

9
10
11

Smoking
Alcohol Intake
Physical Activity

Binary
Binary
Binary

12

Presence (or absence) of
Cardiovascular Disease

Binary

Int - continuous

B. Data Preprocessing
Before using the dataset as input to the neural network,
the preprocessing step is first initiated. The following
steps were conducted as follows:
1) Removing duplicate instances
2) Removing instances with missing values
3) Converting age from days to years
4) Converting height from centimeters to feet
5) Removing instances with extreme outliers
A total of 4,860 instances were discarded from the
dataset after the above processes. Thus, only 65,140
remaining instances were used for the training and
evaluation of the neural network.
C. Genetic Algorithm and Neural Network
To come up with a structurally efficient neural network,
the genetic algorithm was used to identify the most
suitable network parameters. The proposed GA-ANN
process is presented in Fig. 1. For a detailed discussion
on how a neural network and the genetic algorithm works,
see [34] and [35], respectively.
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Figure 2. Crossover mating scheme.

The layers and activation genes are exchanged, thus,
forming new offspring with a new set of genes inherited
from their parents, as presented in Table III. After
offspring are produced, they are added as new members
of the population, replacing discarded ones.
TABLE III. GENERATED OFFSPRING

Figure 1. Proposed GA-ANN process.

IV.

RESULTS AND DISCUSSION

Layers
3

Activation
sigmoid
Genes

Activation
*softmax*

Optimizer
sgd

Offspring 2

64

*3*

*sigmoid*

adam

Parameters
Offspring 1

Neurons
32

Layers
2

Activation
softmax

Optimizer
sgd

Offspring 1

32

2

softmax

*relu*

With the integration of optimization techniques in
ANN using the genetic algorithm, the possible set of
parameters of the neural networks are revealed, as
presented in Table V.

Optimizer
sgd

• Evaluation phase
In this phase, each generated network from the
previous stage is trained using the dataset. Further, each
network is evaluated according to its accuracy identified
as the fitness score.
• Selection phase
Moreover, the networks are sorted according to their
fitness scores. Some of the networks are discarded, while
others are retained. However, there is a certain
probability that a rejected network is retained in the
population.
• Cross-over phase
In the cross-over function, the selected parents undergo
a mating process. The remaining networks are mated to
produce new network offspring with varied genes. The
probability that a particular network is selected for
reproduction is based on their fitness score. The graphical
representation of chromosomes X and Y being mated is
shown in Fig. 2.
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Layers
*2*

TABLE IV. GENE MUTATION

TABLE II. SAMPLE CHROMOSOME
Neurons
32

Neurons
32

• Mutation phase
In this part, there is a certain probability that networks
mutate, which means that some of their genes may be
flipped to maintain diversity within the population. An
example is shown in Table IV, where the optimizer gene
of offspring one (1) is mutated from Stochastic Gradient
Descent (SGD) to the Rectified Linear Unit (ReLU).

In this study, a population of networks is evolved
through 25 generations using the genetic algorithm. There
are five primary phases for neural network optimization
to wit:
• Initialization phase
The first generation starts with an initial population of
randomly generated networks using a set of possible
parameters. These sets of parameters characterize each
network in the population. The parameters represent the
genes of the chromosome, as presented in Table II.

Parameters
Chromosome X

Parameters
Offspring 1

TABLE V. NETWORK PARAMETERS
Neurons
Layers
Activation
function
Optimizer

11, 24, 48, 64, 128, 256, 512, 1024
1, 2, 3, 4, 5
relu, elu, tanh, sigmoid, softmax
rmsprop, adam, sgd, adagrad, adadelta, adamax, nadam

The genetic algorithm was executed for 25 generations,
wherein a population of 20 networks per generation was
depicted. Each neural network in every population was
trained in batch sizes of 1,024 samples over 25 epochs or
until the model stopped learning. The fitness scores of
each individual in the population were identified based on
the assigned parameters within the model generated by
the neural networks.
Only 40% of the population with the best fitness scores
were retained for every generation, and the other
networks were rejected. There was a 10% probability that
a rejected network was retained in the population during
the selection process. The remaining networks in the
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population were selected as the parents of that generation
for evolution. Moreover, a 20% probability for mutation
was set in the study. After completing 25 generations,
results were obtained, as shown in Table VI.

best neural network parameters leading to an increased
prediction accuracy of the ANN. Results revealed that the
hybrid GA-ANN prediction model obtained the highest
prediction accuracy as against the lone ANN, Logistic
Regression, Decision Tree, Random Forest, Support
Vector Machine, and KNN algorithms with the prediction
accuracy of 73.43%, 68.35%, 72.35%, 61.72%, 68.94%,
72.16%, and 68.34%, respectively. This shows that the
ANN, when paired with an optimization algorithm, can
be hybridized to increase its performance.

TABLE VI. INDEXED ACCURACY RESULTS PER GENERATION
Generation
Generation 1
Generation 5
Generation 10
Generation 15
Generation 20
Generation 25

Average Accuracy
69.94%
72.95%
68.75%
73.04%
72.97%
73.137%

VI.

For future works, it is suggested to use the GA-ANN
model in the different datasets and incorporate GA in
other prediction models aside from ANN. Moreover, it is
recommended that future researchers may use other
optimization techniques to increase the performance of
ANN extent on the accuracy of neural networks for
prediction. It is also suggested to incorporate existing
novel modified genetic algorithms in various prediction
algorithms that need variable minimization or feature
reduction processes for higher prediction accuracy.

After 25 generations, only the five best networks were
selected, as shown in Table VII.
TABLE VII.
Neurons
64
1
64
2
128
3
64
4
64
5

SELECTED NETWORKS BASED ON ACCURACY

Layers
3
3
3
2
2

Activation
softmax
softmax
softmax
softmax
softmax

Optimizer
adagrad
adagrad
adagrad
adagrad
adagrad

Accuracy
73.43%
73.38%
73.36%
73.35%
73.35%

Results revealed the optimal parameters for training
the neural network based on the features and instances of
the dataset using the genetic algorithm. It can be observed
that the prominent parameters are three (3) layers, 64
neurons, softmax function, and adagrad optimizer. It also
shows that the average accuracy for the top 5 networks is
at approximately 73.3%.
To test the effectiveness of the proposed model, the
comparison of GA-ANN as against the other prediction
algorithms, such as the Logistic Regression, Decision
Tree, Random Forest, Support Vector Machine, was
undertaken. Table VIII shows the performance
comparison between the proposed method and other
machine learning algorithms using the same dataset. It
can be observed that the GA-optimized neural network
obtained the highest accuracy against the different
prediction algorithms used. The study shows that the
genetic algorithm is effective for optimization to increase
the accuracy of a prediction model. Consequently, the
proposed model is effective in predicting cardiovascular
disease using the enormous patient dataset.
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