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Abstract:

saved.

Coronary Heart disease is the major factor for people’s deaths throughout the world, and it is necessary to detect and predict the disease in the
earlier stages because time plays a vital role to save the coronary patient. From this paper, the authors can conclude that authors have used most of
the machine learning and deep learning ensemble algorithms so that they can predict heart disease at the early stage so that the patient’s life can be
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1. INTRODUCTION diagnosing cardiovascular and even very suitable for various

Heart Functioning is essential for the maintenance of
normal systematic function of human lifestyle. Heart
dysfunction can lead to a lot of problems in day-to-day life
leads to fatigue, and dysfunction of the heart leads to heart
failure and the mortality rate is going to be increased in case
the left ventricular ejection or if there are any slight changes in
that left ventricular part it leads to life-threatening process for
human beings and leads to lifetime therapy and should lead to
lifelong medication so it is necessary to predict the
cardiovascular diseases the earliest form. In this paper, we
analyze the data and feature extraction abilities by using deep
learning and proposed convolution neural networks and video
clips for cardiomyopathy classification. In this, we need to
create high-standard videos that represent grayscale images
without functioning or preprocessing and creating optical
framework. Then need to evaluate these metrics of
performance with the help of three types of trained models,
Normal, Low ejection & Arrhythmia.

Echocardiography is the most highly used throughout the
world and available readily for imaging techniques to access
the heart functioning and structure, a combination of image
acquisition, with high temporal and without making use of
ionizing radiation, echocardiography is the main backbone for
heart-related images. Even echocardiography is well suited for
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applications of deep learning and machine learning techniques.

This paper analyzes the uncommon component extraction
capacities of profound learning and proposes a convolutional
network combined with Video Clips for cardiomyopathy order.
The goal is to achieve a superior profound learning model for
evaluating cardiovascular capacity in echocardiogram
recordings and recognize the information video that has a place
in the accompanying three classes: Normal, Low Ejection
Fraction, and Arrhythmia. We execute a framework that
screens subsampled cut exercises to accomplish more
exactness utilizing the Convolution Neural Network calculation
and plan a web application where clients can enter
echocardiogram recordings and get their characterization
results.

2. LITERATURE SURVEY

2.1. CEP4HFP - Complex Event Processing for Heart
Failure Prediction

In this paper, the author proposed for cardiovascular
disease patients to extract the health parameters and they are
controlling them from a far distance. Secondly, they analyze
these data and update the health record system during runtime
automatically by making use of IoT devices like wearable
sensors, which is going to extract all health parameters from
cardiovascular disease patients and monitors them remotely
without changing the actual values and. In this paper, they
introduced a novel methodology called CEP4HFP for
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predicting heart disease.

2.2. Identification of Cardiovascular Disease from ECG
Images Using Machine Learning and Deep Learning

In this paper, the author used the transfer learning
approach, which was investigated by making use of the low
extension prearranged Alex net. Secondly, they defined a
convolutional neural network diagram that can detect the
dysfunction of the heart; thirdly, affirmation CNN is utilized to
extract the features of machine learning algorithms, mainly
KNN, SVM, DT, NB & RF. According to this experiment, the
performance metrics for the proposed models and the
performance analysis accomplished accuracy of around
98.22%, precision is 98.31%, F-score 98.21% and recall is
98.22%.

2.3. Standard-Based Widespread Heart Controlling
Method using Narrowband IOT Queuing Model Analysis
in IEEE 1451 Standard

In this paper, the author has used IEEE 1451 sensors, smart
sensor, Heart monitoring, NB-IoT, using the band wrist, which
is tied to a patient. It will be monitored remotely through
mobile, the ECG, and it is connected through wireless and
wired sensors [3].

2.4. Classification of Heart Audio by making use of Deep
Learning

In this paper, the author has used a new technology called
phonocardiogram (PCG) apart from ECG, this technology is
used to detect abnormalities in the heart with the help of
phonograms when the heart audio is collected which contains
interleaved noises with the help of PCG the main motto of this
PCG(Phonocardiogram)is to find the systolic & diastolic
pressures in the heart in terms of patterns of the sound and
detecting the heart disease [4].

2.5. Atrial Fibrillation Detection using Electrocardiogram
by using Deep Learning

In this paper, the author has described atrial fibrillation
(AF) as an abnormality related to cardiovascular. The author
has described classifying the ECG signals by making use of
LSTM, i.e., Long short-term Memory, and Gradient Recurrent
Unit(GRU), and classified into three forms i.e., Normal, Atrial
fibrillation and Rhythms. Physio net Challenge 2017 is the
dataset used to study this and the obtained results of LSTM &
BiLSTM are compared by making use of SVM (support vector
machine), the result shows that the use of LSTM has improved
performance when compared to BIiLSTM & SVM. For
classification of accuracy, normal, AF & Rhythm show the
result as Norma is 96.92%, AF is 97.36%, and Rhythm is
96.39%, respectively. By making use of LSTM, the overall
accuracy has been improved to 96.94%, which has developed a
technology having immense application in the medical field

[5].

2.6. Investigating the Preprocessing Methods in ECG
Analysis

Nowadays the number of fitness freaks has been
increasing, for this, they need authentication for protecting
their private data like biometrics, face recognition, and Voice
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Recognition, because they are using it as login credentials but
have privacy issues. In this paper, the author introduced the
smart bands that can track cardio movements and all related to
electrodermal authentication and gathered all physiological
signal information from the smart band, and which is used to
create multimode & multisensory authentication systems. This
smart band enables to use of new applications without the
intervention of hardware devices. In this research, the authors
explored multimodal physiological authentication data like
(Biometrics, Face Recognition) using the feature-based
traditional peer-to-peer deep learning system. By collecting the
multimodal physiological data from the featured related peer-
to-peer machine learning systems to classify the CNN &
LSTM system and achieved a 9.3% error rate and even
performed the authentication function [6].

2.7. Heart Controlling Real-time System using Energy-
Efficient Cloud Internet of Medical Things

New advancements in gadgets that are wearable and the
Internet of Medical things (IOMT) permit constant observing
and recording of electrocardiogram (ECG) signals. Be that as it
may, ceaseless observing of the signals from ECG and trying to
use low-power gadgets that are wearable. Because of energy
and memory restriction [7], hence, in this research, a novel
methodology has been proposed using energy-productive
techniques for persistently maintaining the heart rate by
making use of wearable gadgets. The proposed methodology
has three unique features made out of three layers.

(a) Noise -Artifact identification layer to rate the nature of
ECQG signals.

(b) Normal-Abnormal beats arrangements, this layer is
used to identify the abnormalities in ECG signals.

(c) An abnormal heartbeat characterization layer, to
recognize illnesses ECG signals [8].

Besides, the circulating multi yield convolutional neural
network(CNN) technology is utilized to diminish the strength
utilization and inactivity between the edge/haze cloud. This
technique gives an accuracy of 99.2% on the notable MIT-BIH
Arrhythmia dataset. Moreover, the proposed physiology
accomplishes 7* more energy proficiency contrasted with
cutting edge work [9].

2.8. Heart Rate Estimation using Graph-based Denoising
for Respiration during Sleep in the Thermal Video

Quality of rest is a fundamental human necessity for
success, yet the absence of sleep will lead to overall health
issues. An abnormal sleep pattern will lead to sleep apnea,
because of this, people few times quit breathing during set
down resulting in surprising basic signs, being explicit breath
rate and pulse [10]. While a giant struggle has been made for
imperative symptom checking structure during resting time,
existing methodologies need to convey the capacity for
unwieldy and intrusive structures and relentless quality for
client level, non-meddlesome frameworks [11]. To defeat any
boundary, practicality and accuracy work with smart clinical
benefits using the Internet of things (IoT). In this research, the
author proposed a critical sign evaluation structure during



Review On Machine Learning and Deep learning-based Heart Disease

sleep, and pictures are captured through a camera. The
structure takes a warm picture grouping of a resting subject and
subsequently processes the facial features inside the picture.
For principal signal extraction [12]. Basically, using the
intrinsic graph architecture. Among the subregions of the facial
features, the author proposed an outlined-based spatial passing
sign and denoising plan and proposed an exploratory system to
reduce denoising and introduced the cameras that subjects
structure beats which are bleeding-edge non-noisy crucial [13].

2.9. Classification of Electrocardiogram based on Deep
Learning Approaches

As of late PC supported conclusion techniques have been
generally taken on to help specialists in illness find settling on
their choices more solid and blunder-free. Electrocardiogram
(ECG) is the most generally utilized, painless analytic
apparatus for researching different cardiovascular illnesses. In
actuality, patients experience the ill effects of more than each
coronary illness in turn [14]. Along these lines, any practical
mechanized coronary illness analysis framework ought to
recognize the various heart infections found in the signals
emitting from ECG. In this research, the author proposes a
clever and profound learning strategy for the multilabel
arrangement of signals from ECG [15]. The proposed
methodology precisely recognizes two marks of an ECG Signal
relating to eight morphological anomalies of the heart and it is
even for a normal heart condition. Additionally, discovered the
idea of profound gaining models and applied them to analyzing
computerized coronary illness. Therefore, in this article, we
recognize a logical computerized reasoning (XAI) system for
ECG characterization utilizing class enactment maps taken
from high fraud CAM. This proposed methodology needs to
train Convolutional Neural Networks(CNN) by embedding
ECG grids. By examining this, we need to prepare CNN by
taking single ECG signal information and this point is
sufficient for organizations to get the familiar ECG point with
multi-labeled data (that can identify numerous cardio illnesses
simultaneously) [16]. During grouping, we need to apply the
result probability of the SoftMax layer of CNN, which acquired
the ECG signals with multilabel. In this research, the novel
method is used with 6311 ECG records and tried with 280
ECG records at the time of testing this process, the model
accomplished and accuracy of 96.2% and hamming loss is
0.037% precision is 0.986%, recall is 0.949 & F1-Score is
0.967% [17].

2.10. Findings of Heart Disease by Making use of ECG
Images

Cardiovascular sickness (heart infection) is the main
source of death around the world, as it can be anticipated prior
and saved many lives with the help of ECG
(Electrocardiogram). It is a cheap and harmless device for
estimating the activity and electrical signals in the heart and it
is utilized to recognize heart attacks [18]. In this research, the
force of profound learning strategies is utilized to anticipate
four significant cardiovascular anomalies i.e., strong heartbeat,
myocardial localized necrosis, history of myocardial dead
tissue and ordinary individual classes using the ECG picture
and the data of cardiovascular patients [19]. To start with, in
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exchange, the learning approach was researched utilizing the
less scaled prepared profound brain contents to squeeze net,
Alex net secondly, another convolutional neural
network(CNN) design is proposed for cardiovascular
irregularity expectation [20] third in advance of the referenced
preprepared models, and the proposed CNN architecture is
utilized as a component extracting device for customary Al
calculation’s, to be specific, other machine learning algorithms
as per the outcomes the measurement is acquired in the
accuracy of 98.32%, precision is 98.28%, recall is 98.44% F1
score is 98.26%. After using CNN architecture, it acquired
accuracy around 99.78% utilizing the NB calculations [21].

2.11. Detecting Coronary Artery Disease by using the
Phonocardiogram & Ensemble Transfer Learning

Traditional Al has made ready for a basic, reasonable,
painless way to deal with coronary conduit illness (CAD)
discovery utilizing phonocardiogram (PCG) [22]. It passes on
an extension to investigate the improvement of execution
measurements by a combination of gained portrayals from
profound learning. In this research, the author proposed a novel
method by using MKL combination utilizing profound
embedded with CNN. The novel method MKL tracks down.
The ideal part mixes by expanding the likeness with the best
portion and limiting the overt repetitiveness with other premise
bits [23]. Tests are performed on around 960 phonocardiogram
ages from 40 CAD and 40 different typical subjects. The
embedded achieved a greater precision of around 89.52% with
a kappa of 0.7852. Afterward, that combination of hand-
tailored highlights utilizing the novel MKL method gives an
accuracy of around 92.21% with kappa 0.8328. The review
shows the capacity for the advancement of an exceptionally
precise CAD discovery framework by utilizing a simple-to-get,
harmless PCG signal [24].

2.12. Blood Pressure measured by using Advanced
Noninvasive Techniques

Hypertension, or raised circulatory strain (BP), is a marker
for the vast majority of cardiovascular sicknesses and can
prompt perilous circumstances like cardiovascular breakdown,
coronary corridor illness, and stroke. A few strategies have as
of late, been proposed and examined for harmless BP
observing. The rising craving for telemonitoring arrangements
that permit patients to deal with their circumstances at home
has to spend advancements in BP checking strategies [25]. In
this research, the author presents the new advancements in

painless pulse checking arrangements accentuating clinical
approval and compromise between accessible methods. We
present the ongoing BP estimation procedures with their hidden
working standards [26]. New encouraging evidence of idea
studies are introduced and ongoing demonstrations and Al
approaches for further developed BP assessment are summed
up. This helps the conversation on how new BP screens ought
to be assessed to deliver new home checking arrangements in
the wearable structure factors. Lastly, we examine unsettled
difficulties in making advantageous, solid, and approved BP
observing arrangements [27].
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2.13. Real-time Heart Disease Prediction System using
Multilayer Perceptron

Heart attack, epilepsy, and local necrosis are the most
widely recognized heart disease infections and have the highest
death rate on this planet. Cardio absconds are unrecognized at
the beginning phase because of the illogical expenses of the
test accessible [28]. Consequently, a quick, continuous, and
solid framework it predicts the possibility of having a coronary
illness is a streamlined way of examining the neural
architecture utilizing the multilayer perceptron(MLP) for
forecasting framework. The trial examination brought about
accuracy is 85.75% [29]. It contrasted with past examinations
when the expansion was around 12-13%. A basic web
application apparatus is likewise evolved by utilizing the
testing process of the Python forecasting framework [30]. The
exploration pursues making a conceivable apparatus for
clinical experts as well as ordinary citizens.

2.14. Using Hybrid and Data Mining Classification
Techniques to Predict Cardiovascular Disease

Coronary illness forecast is recognized as a more
convoluted task in clinical sciences and consequently needs
emotional and timely precautions that can save coronary
patients [31]. In this research, the author proposed taking the
history of family (i.e., hereditary calculations and taking back
propagation procedure to predict the coronary illness forecast.
Today, the medical field has made some amazing achievements
to sort out illnesses [32]. Making use of the hereditary dataset
combined with the backpropagation algorithm, the author

proposed a novel method to predict heart disease, and to
achieve better accuracy (Examples and relations) connected
with coronary illness from a past coronary illness dataset
record. It can settle confounded questions for identifying
coronary illness and hence help clinical experts to pursue
brilliant clinical choices that conventional choice emotionally
supportive networks could not [33, 34]. Giving productive
medicines can assist with diminishing the expenses of
treatment.

2.15. Coronary Vascular Disease Screening System

This paper depicts a disconnected PC-based framework to
order typical and strange heart sound signs from the heart
strong sound document [35]. The framework peruses the
chosen heart sound sign naturally, portions the heart sound
signs into tests, removes the component of each example
utilizing the cross-relationship strategy, and groups the
examples utilizing the progressive multi-facet perceptron
network. MATLAB interface is utilized to make the framework
bridge in the PC stage [36]. The architecture yields a high level
of screening precision (96.3%), recall (92.59%), and accuracy
(94.44%) [37].

2.16. Predicting Coronary Vascular Disease at Initial
Stages using Machine Learning

Anticipating and identifying coronary illness has forever
been a basic testing task for medical services experts. Clinics
and different centers are offering costly treatments and tasks to
treat heart sicknesses [37]. Along these lines, anticipating
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coronary illness at the beginning phase will be helpful to
individuals all over the planet so they will make important
moves before getting extremely. Coronary illness is a critical
issue lately; the fundamental justification behind this infection
is the admission of liquor, tobacco, and the absence of actual
activity [38]. Throughout the long term, Al shows compelling
outcomes in deciding and forecast from the expansive
arrangement of information delivered by the medical care
industry [39]. A portion of the directed Al strategies utilized in
this expectation of coronary illness are counterfeit brain
organization (ANN), choice tree (DT), arbitrary woods
machine learning algorithm RF(Random Forest), SVM support
vector machine, NB(Naive Bayes) and the exhibitions of these
calculations are summed up.

2.17. Cardiovascular Disease Prediction using big Data
Approach

Throughout the course of recent decades, heart attacks
have been the reason for human demise. Thus, the early
detection of coronary illness & consistent observations can
lessen the chances of death. In this research, the author has
proposed making use of Al & Apache-spark technology to
predict cardiovascular disease to achieve the better accuracy.

2.18. Classification of Cardiovascular Disease Prediction
using Data Mining

Nowadays, massive deliberation of information yields and
is gathered in each case of time. Along these lines,
investigating them is the hardest assignment to do. This
colossal volume of information has been created from
dissimilar sources like medical services, virtual entertainment,
business applications, fabricating ventures, and more [40 - 43].
Medical care assumes an urgent part in data mining and
protecting illnesses at a crude stage is particularly essential.
Coronary illness explicitly suggests a state of the heart that
agreements or discourages veins, which brings about torment
in the chest and cardiovascular failure [44]. This paper stresses
the finding of heart illnesses at a crude stage with the goal that
it will prompt a fruitful fix of the infection. In this paper,
successive thing digging is utilized for separating the
properties, and different information mining arrangement
techniques like machine learning algorithms “Decision tree”
order, “Naive-Bayes” grouping, Support Vector Machine
characterization, and “K-Nearest Neighbor” are utilized with
the assurance that the shielding sickness in a beginning phase
when it is very well may be dealt which is protected [44 - 55]
(Fig. 1).

Evaluating the system:

In this research, the datasets used are benchmark.
Echocardiogram videos are converted into frames by Data
Preprocessing techniques that is feature extraction is done once
the video datasets are converted into frames which are
randomly selected for the input process, and then there is 80%
of the data is used for training and 20% of the data is used for
testing the data by making use of the CNN Module which
consist of an Input layer, Hidden layer, and output layer in
which the RELU activation function is used once the testing
data is done it is used for classification the used input frames
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and is going to display the classification as a) Normal- 60-70
HB/min b) Low-ejection-40-50HB/min c) Arrhythmia -Below
30 HB/min (Fig. 2).

©
S

Upload Video Dataset

Arrhythmia

B-li-ff =

Display Classlﬁcaﬂnn

Testing Data

Train Data Using CNN Model

I" -o—: | Video { Feature
Processing Extraction as —>

Images

Fig. (1). Classification of echocardiogram video datasets.

Class:LowEjection

Class:Arrithmiya Class:Arrithmiya

Class:LowEjection

Class:Arrithmiya Class:LowEjection

Class:Normal

Fig. (2). Sample echocardiogram frames.

The above figure shows the samples of echocardiogram
video data sets which are converted into frames as low normal
and Arrhythmia.

2.19. Experiment

2.19.1. Data Pre-processing

In the data preprocessing, the input is taken as video
datasets as shown in the below figure, with the video name and
tags.

In the mentioned method, different videos are used in
which the videos are preprocessed videos are converted into
frames. This dataset contains 1024 patients with three different
classes.

video_name tag

190  input/train/Normal/0X1B7EDAT973CO0ASE avi2 Normal
191 inputftrain/Mormal/0X1B861DB510984105.avi2 Normal
192 input/train/Normal/0X1B86D91E09FFIEBA avi2 Normal
193 input/train/Normal/0X1B8D4F0D26BB0S826.avi 2  Normal
194 input/train/Normal/0X1B8DC2233ED16EAS.avi2 Normal

Fig. (3). Echocardiogram frames for training.
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Avrrithmiya LowEjection Normal

3135 o O 1
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Fig. (4). Echocardiogram frame classification.

a) Normal b) Low-Ejection ¢) Arrhythmia. Fig. (3) depicts the different
images that have different samples that have Normal, Low-ejection,
and Arrhythmia.

At the data preprocessing stage, once the video datasets are
converted into frames, they have been trained and tested in
which 80% of the data is used for training purposes, and the
remaining 20% of the data is used for testing purposes as
shown in Figs. (4 and 5).

input/train/Arrithmiya/@X1A8797C532A3F0EF.avi @

Creating...train data/Arrithmiya framee.jpg
Creating...train data/Arrithmiya framele.jpg
Creating...train data/Arrithmiya frame2e.jpg
Creating...train data/Arrithmiya frame3e.jpg
Creating...train data/Arrithmiya framede.jpg
Creating...train data/Arrithmiya framese.jpg
Creating...train_data/Arrithmiya_frame6e.jpg
Creating...train_data/Arrithmiya_frame7e.jpg
Creating...train_data/Arrithmiya_framese.jpg
Creating...train_data/Arrithmiya_frame9e.jpg
Creating...train_data/Arrithmiya_framelee.jpg
Creating...train_data/Arrithmiya_framelie.jpg
Creating...train_data/Arrithmiya_framel2e.jpg

input/train/Arrithmiya/ex1AA923C15A9F@D3E.avi @

Creating...train_data/Arrithmiya_frame13e.jpg
Creating...train_data/Arrithmiya_frame14e.jpg
Creating...train_data/Arrithmiya_frame15e.jpg
Creating...train_data/Arrithmiya_framelee.jpg

Fig. (5). Echocardiogram training data

2.19.2. Data Splitting

After the data preprocessing stage, the data splitting is
done in which around 80% of the data is used for training
purposes and the remaining 20% is used for testing purposes as
depicted in Fig. (6).

Splitted data shape

2500

5]
]
3

number of records
S G
8 g
S e

<
3

y_train y_test

0
labels

Fig. (6). Data splitter graph.

Once the frames have been trained data splitting process
can be done in which 80% of the data is used for training and
20% of the data is used for testing purposes, Data splitter graph
has been shown in the graph.
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Using the Convolutional Neural Network the data has been
layered into different layers as shown in the Figure in which
the classification of different convolution layers can be seen.

Model: “"sequential”

Layer (type) output Shape Param #
conv2d (Conv2D) (None, 128, 128, 64) 1792
batch_normalization (Batchn (None, 128, 128, 64) 256
ormalization)

max_pocling2d (MaxPooling2D (None, 64, 64, 64) 5}
conv2d_1 (Conv2D) (None, 62, 62, 128) 73856
max_pocling2d 1 (MaxPooling (None, 31, 31, 128) 5}

2D)

conv2d_2 (ConvaD) (None, 29, 29, 256) 295168
max_pooling2d 2 (MaxPooling (None, 14, 14, 256) Q

2D)

flatten (Flatten) (None, 50176) 2}

After undergoing all the processes, the data were trained
and tested by making use of the CNN module as shown in the
figure.

2.20. Result & Analysis

2.20.1. Accuracy

After undergoing the process of the result classification,
the accuracy of a convolutional neural network is 97.50%.

Accuracy and Validated Accuracy plot-graphs

— Accuracy
— Val Accuracy

2.20.2. Classification Report

The classification report for precision recalls F1-score and
support is as follows.

validation accuracy of Convolutionaltieurallietuork is 97.04%
Classification report

print(classification_report(y_truesy true,y pred=y predict,target names=['Arrithmiya’, ‘Lowtjection, ‘Normal']

precision  recall fi-score support

Arrithmiya 0.96 0.99 0.98 241
LowEjection 0.96 0.97 0.96 212
Normal 0.99 0.95 0.97 223
accuracy 0.97 676
macro avg .97 0.97 0.97 676
weighted avg 0.97 0.97 0.97 676
Classification Report

2.21. CNN confusion Matrix

Once the classification is done, the Confusion matrix is
displayed as follows:
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Heart disease

True label

No heart disease

Predicted label

3. SUMMARY

From the above sections, different authors have proposed
different methodologies for heart disease prediction
considering the above, most of the authors predicted and used
distinct algorithms using deep and machine learning methods
to predict cardiovascular disease.

Accuracy(%)
100 99.2
98.23 98.22
98 96.94
96.2
96
94.44

94

92 91.19

90

88

86

[2] [5] [7] [14] (18] [22] [25]

Fig. (7). Heart-disease prediction accuracy rate.

The authors even introduced different devices like wrist
band, hand-carried devices like wearable to predict the heart
disease.

Some other authors have used ECG and video datasets for
extraction of the features of the images and predict heart
disease. Some of them even predicted by making use of
different ensemble algorithms of machine learning like NB,
RF, SVM, regression, and classification methods to predict
cardiovascular disease.

Few authors used Big-data techniques like Hadoop and
artificial techniques to predict the heart disease.

Some authors discussed by making use of Different
Numerical datasets like age of a person, cholesterol level, and
blood pressure, and even making use of family history helps in
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predicting heart disease.

It is better to make use of modern technologies to predict
heart disease and can save the patient’s life at the earliest
stages.

From the above graph (Table 1, Fig. 7), we have taken the
accuracy rate of different papers proposed by the authors
analyzed and depicted in the graph.

Table 1. Performance analysis of heart disease prediction.

Accuracy(%)
2.3 96.2
24 98.23
2.5 91.19
2.7 85.71
2.9 94.44

CONCLUSION

Coronary Heart disease is the major factor for the people’s
deaths throughout the world, and it is necessary to detect and
predict the disease in the earlier stages because time plays a
vital role to save the coronary patient, which we call a “Golden
hour” is very much necessary we need to get some more
advanced technologies to predict the heart disease so that we
can save the patients as early as possible. Therefore we can
reduce the death rate treatment at the right time. From this
paper, we can conclude that we have used most of the machine
learning and deep learning ensemble algorithms so that it can
predict heart disease at an early stage so that the patient’s life
can be saved.
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PCG = Phonocardiogram
AF = Atrial fibrillation
GRU = Gradient Recurrent Unit
ECG = Electrocardiogram
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RF = Random Forest

CONSENT FOR PUBLICATION
Not applicable.

FUNDING

None.

CONFLICT OF INTEREST

The authors declare no conflicts of interest, financial or
otherwise.

ACKNOWLEDGEMENTS
Declared none.

REFERENCES

[1] A. Mdhaffar, R.I. Bouassida, K. Charfi, L. Abid, and B. Freisleben,
"CEP4HFP: Complex event processing for heart failure prediction",

[3]

[4]

[5]

[6]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

The Open Biomedical Engineering Journal, 2023, Volume 17 7

IEEE Trans. Nanobiosci., vol. 16, no. 8, pp. 708-717, 2017.
[http://dx.doi.org/10.1109/TNB.2017.2769671] [PMID: 29364123]
H.A. Hana, and S.A. Manal, "Detection of cardiovascular disease
using machine learning classification models", Int Res J Eng Technol.,
vol. 10, no. 07, 2021.

[http://dx.doi.org/10.17577/1JERTV10IS070091]

Y. LIU, H. ZHU, K.F. TSANG, Y. WEI, and H. WANG, "IEEE 1451
standard-based universal heart monitoring scheme using narrow-band
iot-queueing model analysis", 2019 IEEE International Conference on
Industrial Cyber Physical Systems (ICPS), 2019pp. 522-525
[http://dx.doi.org/10.1109/ICPHYS.2019.8780113]

A. Taneja, Y. Gulati, T. Chugh, P. Joshi, and N. Thakur, "Heart audio
classification using deep learning", 2020 19th IEEE International
Conference on Machine Learning and Applications (ICMLA), 2020pp.
485-488

[http://dx.doi.org/10.1109/ICMLA51294.2020.00082]

S.K. Shrikanth Rao, M.H. Kolekar, and R.J. Martis, "A deep learning
based assisted tool for atrial fibrillation detection using
electrocardiogram", 2021 2nd Global Conference for Advancement in
Technology (GCAT), 2021pp. 1-4
[http://dx.doi.org/10.1109/GCAT52182.2021.9587503]

G. Ekincl, E. Kardes, H. Giivenkaya, and P. Karagoz, "Investigating
the preprocessing methods in ECG analysis", 2021 29th Signal
Processing and Communications Applications Conference (SIU),
2021pp. 1-4

[http://dx.doi.org/10.1109/STU53274.2021.9477702]

B.U. Demirel, I.A. Bayoumy, and M.A.A. Faruque, "Energy-efficient
real-time heart monitoring on edge-fog-cloud internet-of-medical-
things", IEEE Internet of Things Journal, vol. 9, no. 14, pp.
12472-12481, 2022.

[http://dx.doi.org/10.1109/JI0T.2021.3138516]

D. Jabaudon, J. Sztajzel, K. Sievert, T. Landis, and R. Sztajzel,
"Usefulness of ambulatory 7-day ECG monitoring for the detection of
atrial fibrillation and flutter after acute stroke and transient ischemic
attack", Stroke, vol. 35, no. 7, pp. 1647-1651, 2004.
[http://dx.doi.org/10.1161/01.STR.0000131269.69502.d9]  [PMID:
15155965]

S.B. Baker, W. Xiang, and I. Atkinson, "Internet of things for smart
healthcare: Technologies, challenges, and opportunities", JEEE Access,
vol. 5, pp. 26521-26544, 2017.
[http://dx.doi.org/10.1109/ACCESS.2017.2775180]

C. Yang, M. Hu, G. Zhai, and X.P. Zhang, "Graph-based denoising for
respiration and heart rate estimation during sleep in thermal video",
IEEE Internet Things J., vol. 9, no. 17, pp. 15697-15713, 2022.
[http://dx.doi.org/10.1109/JI0T.2022.3150147]

D.A. Barone, and A.C. Krieger, "The function of sleep", AIMS
Neurosci., vol. 2, no. 2, pp. 71-90, 2015.
[http://dx.doi.org/10.3934/Neuroscience.2015.2.71]

"Why do we sleep?", Nat. Neurosci., vol. 3, no. 12, pp. 1225-1225,
2000.

[http://dx.doi.org/10.1038/81735] [PMID: 11100134]

F. Erden, S. Velipasalar, A.Z. Alkar, and A.E. Cetin, "Sensors in
assisted living: A survey of signal and image processing methods",
IEEE Signal Process. Mag., vol. 33, no. 2, pp. 36-44, 2016.
[http://dx.doi.org/10.1109/MSP.2015.2489978]

M. G, V. Ravi, V. S, G. E.A, and K.P. S, "Explainable deep learning-
based approach for multilabel classification of electrocardiogram",
IEEE Trans. Eng. Manage..
[http://dx.doi.org/10.1109/TEM.2021.3104751]

Prevention of Cardiovascular Disease. Pocket Guidelines for
Assessment and Management of Cardiovascular Risk. Africa Who/Ish
Cardiovascular Risk Prediction Charts for the African Region.

H. Wang, M. Naghavi, C. Allen, R.M. Barber, Z.A. Bhutta, A. Carter,
D.C. Casey, F.J. Charlson, A.Z. Chen, M.M. Coates, M. Coggeshall,
L. Dandona, D.J. Dicker, H.E. Erskine, A.J. Ferrari, C. Fitzmaurice, K.
Foreman, M.H. Forouzanfar, M.S. Fraser, N. Fullman, P.W. Gething,
E.M. Goldberg, N. Graetz, J.A. Haagsma, S.I. Hay, C. Huynh, C.O.
Johnson, N.J. Kassebaum, Y. Kinfu, X.R. Kulikoff, M. Kutz, H.H.
Kyu, H.J. Larson, J. Leung, X. Liang, S.S. Lim, M. Lind, R. Lozano,
N. Marquez, G.A. Mensah, J. Mikesell, A.H. Mokdad, M.D. Mooney,
G. Nguyen, E. Nsoesie, D.M. Pigott, C. Pinho, G.A. Roth, J.A.
Salomon, L. Sandar, N. Silpakit, A. Sligar, R.J.D. Sorensen, J.
Stanaway, C. Steiner, S. Teeple, B.A. Thomas, C. Troeger, A.
VanderZanden, S.E. Vollset, V. Wanga, H.A. Whiteford, T. Wolock,
L. Zoeckler, K.H. Abate, C. Abbafati, K.M. Abbas, F. Abd-Allah, S.F.
Abera, D.M.X. Abreu, L.J. Abu-Raddad, G.Y. Abyu, T. Achoki, A.L.
Adelekan, Z. Ademi, A.K. Adou, J.C. Adsuar, K.A. Afanvi, A. Afshin,


http://dx.doi.org/10.1109/TNB.2017.2769671
http://www.ncbi.nlm.nih.gov/pubmed/29364123
http://dx.doi.org/10.17577/IJERTV10IS070091
http://dx.doi.org/10.1109/ICPHYS.2019.8780113
http://dx.doi.org/10.1109/ICMLA51294.2020.00082
http://dx.doi.org/10.1109/GCAT52182.2021.9587503
http://dx.doi.org/10.1109/SIU53274.2021.9477702
http://dx.doi.org/10.1109/JIOT.2021.3138516
http://dx.doi.org/10.1161/01.STR.0000131269.69502.d9
http://www.ncbi.nlm.nih.gov/pubmed/15155965
http://dx.doi.org/10.1109/ACCESS.2017.2775180
http://dx.doi.org/10.1109/JIOT.2022.3150147
http://dx.doi.org/10.3934/Neuroscience.2015.2.71
http://dx.doi.org/10.1038/81735
http://www.ncbi.nlm.nih.gov/pubmed/11100134
http://dx.doi.org/10.1109/MSP.2015.2489978
http://dx.doi.org/10.1109/TEM.2021.3104751

8 The Open Biomedical Engineering Journal, 2023, Volume 17

E.E. Agardh, A. Agarwal, A. Agrawal, A.A. Kiadaliri, O.N. Ajala,
A.S. Akanda, R.O. Akinyemi, T.F. Akinyemiju, N. Akseer, F.H.A.
Lami, S. Alabed, Z. Al-Aly, K. Alam, N.K.M. Alam, D. Alasfoor, S.F.
Aldhahri, R.W. Aldridge, M.A. Alegretti, A.V. Aleman, Z.A. Alemu,
L.T. Alexander, S. Alhabib, R. Ali, A. Alkerwi, F. Alla, P. Allebeck,
R. Al-Raddadi, U. Alsharif, K.A. Altirkawi, E.A. Martin, N. Alvis-
Guzman, A.T. Amare, A.K. Amegah, E.A. Ameh, H. Amini, W.
Ammar, S.M. Amrock, H.H. Andersen, B.O. Anderson, G.M.
Anderson, C.A.T. Antonio, A.F. Aregay, J. Arnlév, V.S.A.
Arsenijevic, A. Artaman, H. Asayesh, R.J. Asghar, S. Atique,
E.F.G.A. Avokpaho, A. Awasthi, P. Azzopardi, U. Bacha, A. Badawi,
M.C. Bahit, K. Balakrishnan, A. Banerjee, A. Barac, S.L. Barker-
Collo, T. Bérnighausen, L. Barregard, L.H. Barrero, A. Basu, S. Basu,
Y.T. Bayou, S. Bazargan-Hejazi, J. Beardsley, N. Bedi, E. Beghi, H.A.
Belay, B. Bell, M.L. Bell, A.K. Bello, D.A. Bennett, .M. Bensenor, A.
Berhane, E. Bernabé, B.D. Betsu, A.S. Beyene, N. Bhala, A. Bhalla, S.
Biadgilign, B. Bikbov, A.A.B. Abdulhak, B.J. Biroscak, S. Biryukov,
E. Bjertness, J.D. Blore, C.D. Blosser, M.A. Bohensky, R.
Borschmann, D. Bose, R.R.A. Bourne, M. Brainin, C.E.G. Brayne, A.
Brazinova, N.J.K. Breitborde, H. Brenner, J.D. Brewer, A. Brown, J.
Brown, T.S. Brugha, G.C. Buckle, Z.A. Butt, B. Calabria, L.R.
Campos-Nonato, J.C. Campuzano, J.R. Carapetis, R. Cardenas, D.O.
Carpenter, J.J. Carrero, C.A. Castafieda-Orjuela, J.C. Rivas, F. Catala-
Loépez, F. Cavalleri, K. Cercy, J. Cerda, W. Chen, A. Chew, P.P-C.
Chiang, M. Chibalabala, C.E. Chibueze, O. Chimed-Ochir, V.H.
Chisumpa, J-Y.J. Choi, R. Chowdhury, H. Christensen, D.J.
Christopher, L.G. Ciobanu, M. Cirillo, A.J. Cohen, V. Colistro, M.
Colomar, S.M. Colquhoun, C. Cooper, L.T. Cooper, M. Cortinovis,
B.C. Cowie, J.A. Crump, J. Damsere-Derry, H. Danawi, R. Dandona,
F. Daoud, S.C. Darby, P.I. Dargan, J. das Neves, G. Davey, A.C.
Davis, D.V. Davitoiu, E.F. de Castro, P. de Jager, D.D. Leo, L.
Degenhardt, R.P. Dellavalle, K. Deribe, A. Deribew, S.D.
Dharmaratne, P.K. Dhillon, C. Diaz-Torné, E.L. Ding, K.P.B. dos
Santos, E. Dossou, T.R. Driscoll, L. Duan, M. Dubey, B.B. Duncan,
R.G. Ellenbogen, C.L. Ellingsen, 1. Elyazar, A.Y. Endries, S.P.
Ermakov, B. Eshrati, A. Esteghamati, K. Estep, I.D.A. Faghmous, S.
Fahimi, E.J.A. Faraon, T.A. Farid, C.S.S. Farinha, A. Faro, M.S.
Farvid, F. Farzadfar, V.L. Feigin, S-M. Fereshtehnejad, J.G.
Fernandes, J.C. Fernandes, F. Fischer, J.R.A. Fitchett, A. Flaxman, N.
Foigt, F.G.R. Fowkes, E.B. Franca, R.C. Franklin, J. Friedman, J.
Frostad, T. Fiirst, N.D. Futran, S.L. Gall, K. Gambashidze, A.
Gamkrelidze, P. Ganguly, F.G. Gankpé, T. Gebre, T.T. Gebrehiwot,
A.T. Gebremedhin, A.A. Gebru, J.M. Geleijnse, B.D. Gessner, A.G.
Ghoshal, K.B. Gibney, R.F. Gillum, S. Gilmour, A.Z. Giref, M.
Giroud, M.D. Gishu, G. Giussani, E. Glaser, W.W. Godwin, H.
Gomez-Dantes, P. Gona, A. Goodridge, S.V. Gopalani, R.A. Gosselin,
C.C. Gotay, A. Goto, H.N. Gouda, F. Greaves, H.C. Gugnani, R.
Gupta, R. Gupta, V. Gupta, R.A. Gutiérrez, N. Hafezi-Nejad, D. Haile,
A.D. Hailu, G.B. Hailu, Y.A. Halasa, R.R. Hamadeh, S. Hamidi, J.
Hancock, A.J. Handal, G.J. Hankey, Y. Hao, H.L. Harb, S.
Harikrishnan, J.M. Haro, R. Havmoeller, S.R. Heckbert, I.B. Heredia-
Pi, P. Heydarpour, H.B.M. Hilderink, H.-W. Hoek, R.S. Hogg, M.
Horino, N. Horita, H.D. Hosgood, P.J. Hotez, D.G. Hoy, M. Hsairi,
A.S. Htet, M.M.T. Htike, G. Hu, C. Huang, H. Huang, L. Huiart, A.
Husseini, I. Huybrechts, G. Huynh, K.M. Iburg, K. Innos, M. Inoue,
V.J. lyer, T.A. Jacobs, K.H. Jacobsen, N. Jahanmehr, M.B.
Jakovljevic, P. James, M. Javanbakht, S.P. Jayaraman, A.U.
Jayatilleke, P. Jeemon, P.N. Jensen, V. Jha, G. Jiang, Y. Jiang, T.
Jibat, A. Jimenez-Corona, J.B. Jonas, T.K. Joshi, Z. Kabir, R. Kamal,
H. Kan, S. Kant, A. Karch, C.K. Karema, C. Karimkhani, D.
Karletsos, G. Karthikeyan, A. Kasaeian, M. Katibeh, A. Kaul, N.
Kawakami, J.F. Kayibanda, P.N. Keiyoro, L. Kemmer, A.H. Kemp,
A.P. Kengne, A. Keren, M. Kereselidze, C.N. Kesavachandran, Y.S.
Khader, I.A. Khalil, A.R. Khan, E.A. Khan, Y-H. Khang, S. Khera,
T.A.M. Khoja, C. Kieling, D. Kim, Y.J. Kim, B.M. Kissela, N.
Kissoon, L.D. Knibbs, A.K. Knudsen, Y. Kokubo, D. Kolte, J.A.
Kopec, S. Kosen, P.A. Koul, A. Koyanagi, N.H. Krog, B.K. Defo,
B.K. Bicer, A.A. Kudom, E.J. Kuipers, V.S. Kulkarni, G.A. Kumar,
G.F. Kwan, A. Lal, D.K. Lal, R. Lalloo, T. Lallukka, H. Lam, J.O.
Lam, S.M. Langan, V.C. Lansingh, A. Larsson, D.O. Laryea, A.A.
Latif, A.E.B. Lawrynowicz, J. Leigh, M. Levi, Y. Li, M.P. Lindsay,
S.E. Lipshultz, P.Y. Liu, S. Liu, Y. Liu, L-T. Lo, G. Logroscino, P.A.
Lotufo, RM. Lucas, R. Lunevicius, R.A. Lyons, S. Ma, V.M.P.
Machado, M.T. Mackay, J.H. MacLachlan, HM.A.E. Razek, M.
Magdy, A.E. Razek, M. Majdan, A. Majeed, R. Malekzadeh, W.A.A.
Manamo, J. Mandisarisa, S. Mangalam, C.C. Mapoma, W. Marcenes,
D.J. Margolis, G.R. Martin, J. Martinez-Raga, M.B. Marzan, F.

[17]

(18]

Deepika and Jaisankar

Masiye, A.J. Mason-Jones, J. Massano, R. Matzopoulos, B.M. Mayosi,
S.T. McGarvey, J.J. McGrath, M. McKee, B.J. McMahon, P.A.
Meaney, A. Mehari, M.M. Mehndiratta, F. Mejia-Rodriguez, A.B.
Mekonnen, Y.A. Melaku, P. Memiah, Z.A. Memish, W. Mendoza, A.
Meretoja, T.J. Meretoja, F.A. Mhimbira, R. Micha, A. Millear, T.R.
Miller, M. Mirarefin, A. Misganaw, C.N. Mock, K.A. Mohammad, A.
Mohammadi, S. Mohammed, V. Mohan, G.L.D. Mola, L. Monasta,
J.C.M. Hernandez, P. Montero, M. Montico, T.J. Montine, M. Moradi-
Lakeh, L. Morawska, K. Morgan, R. Mori, D. Mozaffarian, U.O.
Mueller, G.V.S. Murthy, S. Murthy, K.I. Musa, J.B. Nachega, G.
Nagel, K.S. Naidoo, N. Naik, L. Naldi, V. Nangia, D. Nash, C. Nejjari,
S. Neupane, C.R. Newton, J.N. Newton, M. Ng, F.N. Ngalesoni, J. de
Dieu Ngirabega, Q.L. Nguyen, M.1. Nisar, P.M.N. Pete, M. Nomura,
O.F. Norheim, P.E. Norman, B. Norrving, L. Nyakarahuka, F.A.
Ogbo, T. Ohkubo, F.A. Ojelabi, P.R. Olivares, B.O. Olusanya, J.O.
Olusanya, J.N. Opio, E. Oren, A. Ortiz, M. Osman, E. Ota, R.
Ozdemir, M. Pa, A. Pain, J.D. Pandian, P.R. Pant, C. Papachristou, E-
K. Park, J-H. Park, C.D. Parry, M. Parsaeian, A.J.P. Caicedo, S.B.
Patten, G.C. Patton, V.K. Paul, N. Pearce, J.M. Pedro, L.P. Stokic,
D.M. Pereira, N. Perico, K. Pesudovs, M. Petzold, M.R. Phillips, F.B.
Piel, J.D. Pillay, D. Plass, J.A. Platts-Mills, S. Polinder, C.A. Pope, S.
Popova, R.G. Poulton, F. Pourmalek, D. Prabhakaran, M. Qorbani, J.
Quame-Amaglo, D.A. Quistberg, A. Rafay, K. Rahimi, V. Rahimi-
Movaghar, M. Rahman, M.H.U. Rahman, S.U. Rahman, R.K. Rai, Z.
Rajavi, S. Rajsic, M. Raju, 1. Rakovac, S.M. Rana, C.L. Ranabhat, T.
Rangaswamy, P. Rao, S.R. Rao, A .H. Refaat, J. Rehm, M.B. Reitsma,
G. Remuzzi, S. Resnikoff, A.L. Ribeiro, S. Ricci, M.J.R. Blancas, B.
Roberts, A. Roca, D. Rojas-Rueda, L. Ronfani, G. Roshandel, D.
Rothenbacher, A. Roy, N.K. Roy, G.M. Ruhago, R. Sagar, S. Saha, R.
Sahathevan, M.M. Saleh, J.R. Sanabria, M.D. Sanchez-Nifio, L.
Sanchez-Riera, 1.S. Santos, R. Sarmiento-Suarez, B. Sartorius, M.
Satpathy, M. Savic, M. Sawhney, M.P. Schaub, M.I. Schmidt, I.J.C.
Schneider, B. Schoéttker, A.E. Schutte, D.C. Schwebel, S. Seedat, S.G.
Sepanlou, E.E. Servan-Mori, K.A. Shackelford, G. Shaddick, A.
Shaheen, S. Shahraz, M.A. Shaikh, M. Shakh-Nazarova, R. Sharma, J.
She, S. Sheikhbahaei, J. Shen, Z. Shen, D.S. Shepard, K.N. Sheth, B.P.
Shetty, P. Shi, K. Shibuya, M-J. Shin, R. Shiri, I. Shiue, M.G. Shrime,
1.D. Sigfusdottir, D.H. Silberberg, D.A.S. Silva, D.G.A. Silveira, J.I.
Silverberg, E.P. Simard, A. Singh, G.M. Singh, J.A. Singh, O.P.
Singh, P.K. Singh, V. Singh, S. Soneji, K. Sereide, J.B. Soriano, L.A.
Sposato, C.T. Sreeramareddy, V. Stathopoulou, D.J. Stein, M.B. Stein,
S. Stranges, K. Stroumpoulis, B.F. Sunguya, P. Sur, S. Swaminathan,
B.L. Sykes, C.E.I. Szoeke, R. Tabarés-Seisdedos, K.M. Tabb, K.
Takahashi, J.S. Takala, R.T. Talongwa, N. Tandon, M. Tavakkoli, B.
Taye, H.R. Taylor, B.J.T. Ao, B.A. Tedla, W.M. Tefera, M.T. Have,
A.S. Terkawi, F.H. Tesfay, G.A. Tessema, A.J. Thomson, A.L.
Thorne-Lyman, A.G. Thrift, G.D. Thurston, T. Tillmann, D.L.
Tirschwell, M. Tonelli, R. Topor-Madry, F. Topouzis, J.A. Towbin, J.
Traebert, B.X. Tran, T. Truelsen, U. Trujillo, A.K. Tura, E.M. Tuzcu,
U.S. Uchendu, K.N. Ukwaja, E.A. Undurraga, O.A. Uthman, R.V.
Dingenen, A. van Donkelaar, T. Vasankari, A.M.N. Vasconcelos, N.
Venketasubramanian, R. Vidavalur, L. Vijayakumar, S. Villalpando,
F.S. Violante, V.V. Vlassov, J.A. Wagner, G.R. Wagner, M.T. Wallin,
L. Wang, D.A. Watkins, S. Weichenthal, E. Weiderpass, R.G.
Weintraub, A. Werdecker, R. Westerman, R.A. White, T. Wijeratne,
J.D. Wilkinson, H.C. Williams, C.S. Wiysonge, S.M. Woldeyohannes,
C.D.A. Wolfe, S. Won, J.Q. Wong, A.D. Woolf, D. Xavier, Q. Xiao,
G. Xu, B. Yakob, A.Z. Yalew, L.L. Yan, Y. Yano, M. Yaseri, P. Ye,
H.G. Yebyo, P. Yip, B.D. Yirsaw, N. Yonemoto, G. Yonga, M.Z.
Younis, S. Yu, Z. Zaidi, M.E.S. Zaki, F. Zannad, D.E. Zavala, H.
Zeeb, B.M. Zeleke, H. Zhang, S. Zodpey, D. Zonies, L.J. Zuhlke, T.
Vos, A.D. Lopez, and C.J.L. Murray, "Global, regional, and national
life expectancy, all-cause mortality, and cause-specific mortality for
249 causes of death, 1980-2015: A systematic analysis for the global
burden of disease study 2015", Lancet, vol. 388, no. 10053, pp.
1459-1544, 2016.
[http://dx.doi.org/10.1016/S0140-6736(16)31012-1]
27733281]

M. Naghavi, H. Wang, R. Lozano, A. Davis, X. Liang, and M. Zhou,
"Global, regional, and national age—sex specific all-cause and cause-
specific mortality for 240 causes of death, 1990-2013: A systematic
analysis for the Global Burden of Disease Study 2013", Lancet, vol.
385, no. 9963, pp. 117-171, 2015.
[http://dx.doi.org/10.1016/S0140-6736(14)61682-2]
25530442]

M. Abubaker, and B. Babayigit, "Detection of cardiovascular diseases
in ecg images using machine learning and deep learning methods",

[PMID:

[PMID:


http://dx.doi.org/10.1016/S0140-6736(16)31012-1
http://www.ncbi.nlm.nih.gov/pubmed/27733281
http://dx.doi.org/10.1016/S0140-6736(14)61682-2
http://www.ncbi.nlm.nih.gov/pubmed/25530442

Review On Machine Learning and Deep learning-based Heart Disease

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

(311

[32]

(33]

[34]

(351

IEEE Trans. Artif. Intell., p. 1,2022.
[http://dx.doi.org/10.1109/TAL.2022.3159505]

"Cardiovascular diseases", World Health Organization (WHO), 2021.
Available
from:https://www.who.int/healthtopics/cardiovascular-diseases
[Accessed 27. 12. 2021].

"Common medical tests to diagnose heart conditions", Available
from:https://www.healthywa.wa.gov.au/Articles/A_E/Common-medic
al-teststo-diagnose-heart-conditions [Accessed 29. 12. 2021].

M. Swathy, and K. Saruladha, A comparative study of classification
and prediction of cardio-vascular diseases (CVD) using machine
learning and deep learning techniques./CT Express, vol. 8. 2021, no. 1,
pp. 109-116.

[http://dx.doi.org/10.1016/j.icte.2021.08.021]

A. Pathak, K. Mandana, and G. Saha, "Ensembled transfer learning
and multiple kernel learning for phonocardiogram based
atherosclerotic coronary artery disease detection", IEEE J. Biomed.
Health Inform., vol. 26, no. 6, pp. 2804-2813, 2022.
[http://dx.doi.org/10.1109/JBHI.2022.3140277] [PMID: 34982707]

A. Cassar, D.R. Holmes Jr, C.S. Rihal, and B.J. Gersh, "Chronic
coronary artery disease: Diagnosis and management", Mayo Clin Proc,
vol. 84, no. 12, pp. 1130-1146, 2009.
[http://dx.doi.org/10.4065/mcp.2009.0391] [PMID: 19955250]

P. Samanta, A. Pathak, K. Mandana, and G. Saha, "Classification of
coronary artery diseased and normal subjects using multi-channel
phonocardiogram signal", Biocybern. Biomed. Eng., vol. 39, no. 2, pp.
426-443, 2019.

[http://dx.doi.org/10.1016/j.bbe.2019.02.003]

T Panula, JP Sirkia, D Wong, and M Kaisti, "Advances in non-
invasive blood pressure measurement techniques", JEEE Rev Biomed
Eng., 2022.

[http://dx.doi.org/10.1109/RBME.2022.3141877]

"1708a-2019 - IEEE standard for wearable, cuffless blood pressure
measuring devices - Amendment 1",
[http://dx.doi.org/10.1109/IEEESTD.2019.8859685]

"Accurate blood pressure measurement can now be cuff-less and
calibration-free and can be built in to every smartphone", Available
from:https://www.leman-micro.com/accurate-blood-pressure-measure
mentcan-now-be-cuff-less-and-calibration-free-and-can-be-built-in-to-
everysmartphone/ [Accessed: 2021-05-30].

S. Bhoyar, N. Wagholikar, K. Bakshi, and S. Chaudhari, "Real-time
heart disease prediction system using multilayer perceptron", 2021 2nd
International Conference for Emerging Technology (INCET), 2021pp.
1-4

[http://dx.doi.org/10.1109/INCET51464.2021.9456389]

R.J.P. Princy, S. Parthasarathy, J.P.S. Hency, L.A. Raj, and S.
Jeganathan, "Prediction of cardiac disease using supervised machine
learning algorithms", 2020 4th International Conference on Intelligent
Computing and Control Systems (ICICCS)S, 2020pp. 570-575
Madurai, India.
[http://dx.doi.org/10.1109/ICICCS48265.2020.9121169]

S.M.M. Hasan, M.A. Mamun, M.P. Uddin, and M.A. Hossain,
"Comparative analysis of classification approaches for heart disease
prediction", 2018 International Conference on Computer,
Communication, Chemical, Material and Electronic Engineering
(IC4ME2), 2018pp. 1-4 Rajshahi, Bangladesh.
[http://dx.doi.org/10.1109/IC4ME2.2018.8465594]

A. Dewan, and M. Sharma, "Prediction of heart disease using a hybrid
technique in data mining classification", 2015 2nd International
Conference on Computing for Sustainable Global Development
(INDIACom), 2015pp. 704-706.

S.D. Chaitrali, and S.A. Sulabha, "Improved study of heart disease
prediction system using data mining classification techniques", Int J
Adv Comput Sci Appl, vol. 47, no. 10, pp. 44-48, 2012.
[http://dx.doi.org/10.5120/7228-0076]

T. John Peter, and K. Somasundaram, "An empirical study on
prediction of heart disease using -classification data mining
techniques", IEEE-International Conference On Advances In
Engineering, Science And Management (ICAESM - 2012), 2012
J. Han, M. Kamber, and J.P-D. Mining, Data mining: Concepts and
techniques.

[http://dx.doi.org/10.1016/C2009-0-61819-5]

M.Z. Suboh, M. Yaakop, M.S. Md Yid, M.A. Abu, and .M. Sofi,
"Heart valve disease screening system PC based", 2017 International
Conference on Engineering Technology and Technopreneurship
(ICE2T), 2017pp. 1-4
[http://dx.doi.org/10.1109/ICE2T.2017.8215968]

[36]

[37]

[38]

[39]

[40]

[41]

[42]
[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

The Open Biomedical Engineering Journal, 2023, Volume 17 9

A. Castro, P. Gomes, S.S. Mattos, and M.T. Coimbra, "Comparison
between users of a new methodology for heart sound auscultation",
2016 38th Annual International Conference of the IEEE Engineering
in Medicine and Biology Society (EMBC), 2016pp. 5388-5391
Orlando, FL

[http://dx.doi.org/10.1109/EMBC.2016.7591945]

R. Katarya, and P. Srinivas, "Predicting heart disease at early stages
using machine learning: A survey", 2020 International Conference on
Electronics and Sustainable Communication Systems (ICESC),
2020pp. 302-305
[http://dx.doi.org/10.1109/ICESC48915.2020.9155586]

F. Bulut, "Heart attack risk detection using bagging classifier", 2016
24th Signal Processing and Communication Application Conference
(SIU), 2016pp. 2013-2016
[http://dx.doi.org/10.1109/S1U.2016.7496164]

S. Mohan, C. Thirumalai, and G. Srivastava, "Effective heart disease
prediction using hybrid machine learning techniques", IEEE Access,
vol. 7, pp. 81542-81554, 2019.
[http://dx.doi.org/10.1109/ACCESS.2019.2923707]

A. Ed-Daoudy, and K. Maalmi, "Real-time machine learning for early
detection of heart disease using big data approach", 2019 International
Conference on Wireless Technologies, Embedded and Intelligent
Systems (WITS), 2019pp. 1-5
[http://dx.doi.org/10.1109/WITS.2019.8723839]

A. Hazra, S. Mandal, A. Gupta, and A. Mukherjee, "Heart disease
diagnosis and prediction using machine learning and data mining
techniques: A review", Advances in Computational Sciences and
Technology, vol. 10, pp. 2137-2159, 2017.

Available from:http://hadoop.apache.org/ [accessed December 2017].
S. Nayak, M.K. Gourisaria, M. Pandey, and S.S. Rautaray, "Prediction
of heart disease by mining frequent items and classification
techniques", 2019 International Conference on Intelligent Computing
and Control Systems (ICCS), 2019pp. 607-611
[http://dx.doi.org/10.1109/ICCS45141.2019.9065805]

J. Thomas, and R. Theresa Prince, "Human heart disease prediction
system using data mining techniques", 2016 International Conference
on Circuit, Power and Computing Technologies (ICCPCT), 2016.
[http://dx.doi.org/10.1109/ICCPCT.2016.7530265]

X Wu, X Zhu, G.Q. Wu, and W. Ding, "Data mining with big data",
IEEE Trans. Knowl. Data Eng., vol. 26, no. 1, pp. 97-107, 2014.
[http://dx.doi.org/10.1109/TKDE.2013.109]

Y. Gong, Y. Zhang, H. Zhu, J. Lv, Q. Cheng, H. Zhang, Y. He, and S.
Wang, "Fetal congenital heart disease echocardiogram screening based
on dgacnn: Adversarial one-class classification combined with video
transfer learning", /EEE Trans. Med. Imaging, vol. 39, no. 4, pp.
1206-1222, 2020.

[http://dx.doi.org/10.1109/TMI1.2019.2946059] [PMID: 31603775]

R. Deepika, P.B. Srikanth, and R. Pitchai, "Early detection of heart
disease using deep learning model", 2022 8th International
Conference on Smart Structures and Systems (ICSSS), 2022pp. 1-4
[http://dx.doi.org/10.1109/ICSSS54381.2022.9782295]

T. Mantecoén, "Coronary artery identification on echocardiograms for
kawasaki disease diagnosis", 2020 International Conference on e-
Health and Bioengineering (EHB), 2020pp. 1-4
[http://dx.doi.org/10.1109/EHB50910.2020.9280232]

L. Mugambi, "Towards Al based diagnosis of rheumatic heart disease:
Data annotation and view classification", 2022 IST-Africa Conference
(IST-Africa), , 2022pp. 1-8
[http://dx.doi.org/10.23919/IST-Africa56635.2022.9845657]

G. Zamzmi, L.Y. Hsu, W. Li, V. Sachdev, and S. Antani, "Harnessing
machine intelligence in automatic echocardiogram analysis: Current
status, limitations, and future directions", /EEE Rev. Biomed. Eng.,
vol. 14, pp. 181-203, 2021.
[http://dx.doi.org/10.1109/RBME.2020.2988295] [PMID: 32305938]
X.J. Chen, E.T. LaPorte, C. Olsen, L.M. Collins, P. Patel, R. Karra,
and B.O. Mainsah, "Heart sound analysis in individuals supported with
left ventricular assist devices", IEEE Trans. Biomed. Eng., vol. 68, no.
10, pp. 3009-3018, 2021.
[http://dx.doi.org/10.1109/TBME.2021.3060718] [PMID: 33606625]

I. Ghori, D. Roy, R. John, and K.M. Chalavadi, "Echocardiogram
analysis using motion profile modeling", /EEE Trans. Med. Imaging,
vol. 39, no. 5, pp. 1767-1774, 2020.
[http://dx.doi.org/10.1109/TM1.2019.2957290] [PMID: 31804931]
M.C. Brindise, B.A. Meyers, S. Kutty, and P.P. Vlachos, "Automated
peak prominence-based iterative dijkstra’s algorithm for segmentation
of b-mode echocardiograms", /EEE Trans. Biomed. Eng., vol. 69, no.
5, pp. 1595-1607, 2022.


http://dx.doi.org/10.1109/TAI.2022.3159505
https://www.who.int/healthtopics/cardiovascular-diseases
https://www.healthywa.wa.gov.au/Articles/A_E/Common-medical-teststo-diagnose-heart-conditions
https://www.healthywa.wa.gov.au/Articles/A_E/Common-medical-teststo-diagnose-heart-conditions
http://dx.doi.org/10.1016/j.icte.2021.08.021
http://dx.doi.org/10.1109/JBHI.2022.3140277
http://www.ncbi.nlm.nih.gov/pubmed/34982707
http://dx.doi.org/10.4065/mcp.2009.0391
http://www.ncbi.nlm.nih.gov/pubmed/19955250
http://dx.doi.org/10.1016/j.bbe.2019.02.003
http://dx.doi.org/10.1109/RBME.2022.3141877
http://dx.doi.org/10.1109/IEEESTD.2019.8859685
https://www.leman-micro.com/accurate-blood-pressure-measurementcan-now-be-cuff-less-and-calibration-free-and-can-be-built-in-to-everysmartphone/
https://www.leman-micro.com/accurate-blood-pressure-measurementcan-now-be-cuff-less-and-calibration-free-and-can-be-built-in-to-everysmartphone/
https://www.leman-micro.com/accurate-blood-pressure-measurementcan-now-be-cuff-less-and-calibration-free-and-can-be-built-in-to-everysmartphone/
http://dx.doi.org/10.1109/INCET51464.2021.9456389
http://dx.doi.org/10.1109/ICICCS48265.2020.9121169
http://dx.doi.org/10.1109/IC4ME2.2018.8465594
http://dx.doi.org/10.5120/7228-0076
http://dx.doi.org/10.1016/C2009-0-61819-5
http://dx.doi.org/10.1109/ICE2T.2017.8215968
http://dx.doi.org/10.1109/EMBC.2016.7591945
http://dx.doi.org/10.1109/ICESC48915.2020.9155586
http://dx.doi.org/10.1109/SIU.2016.7496164
http://dx.doi.org/10.1109/ACCESS.2019.2923707
http://dx.doi.org/10.1109/WITS.2019.8723839
http://hadoop.apache.org/
http://dx.doi.org/10.1109/ICCS45141.2019.9065805
http://dx.doi.org/10.1109/ICCPCT.2016.7530265
http://dx.doi.org/10.1109/TKDE.2013.109
http://dx.doi.org/10.1109/TMI.2019.2946059
http://www.ncbi.nlm.nih.gov/pubmed/31603775
http://dx.doi.org/10.1109/ICSSS54381.2022.9782295
http://dx.doi.org/10.1109/EHB50910.2020.9280232
http://dx.doi.org/10.23919/IST-Africa56635.2022.9845657
http://dx.doi.org/10.1109/RBME.2020.2988295
http://www.ncbi.nlm.nih.gov/pubmed/32305938
http://dx.doi.org/10.1109/TBME.2021.3060718
http://www.ncbi.nlm.nih.gov/pubmed/33606625
http://dx.doi.org/10.1109/TMI.2019.2957290
http://www.ncbi.nlm.nih.gov/pubmed/31804931

10 The Open Biomedical Engineering Journal, 2023, Volume 17

[http://dx.doi.org/10.1109/TBME.2021.3123612] [PMID: 34714729] [55]
[54] S. Kiranyaz, "Left ventricular wall motion estimation by active

polynomials for acute myocardial infarction detection", IEEE Access,

vol. 8, pp. 210301-210317, 2020.

[http://dx.doi.org/10.1109/ACCESS.2020.3038743]

Deepika and Jaisankar

S.V Soares de, "Machine learning applied to support medical decision
in transthoracic echocardiogram exams: A systematic review", 2020
IEEE 44th Annual Computers, Sofiware, and Applications Conference
(COMPSAC), 2020pp. 400-407
[http://dx.doi.org/10.1109/COMPSAC48688.2020.0-215]

© 2023 Deepika and Jaisankar

This is an open access article distributed under the terms of the Creative Commons Attribution 4.0 International Public License (CC-BY 4.0), a copy of which is
available at: https://creativecommons.org/licenses/by/4.0/legalcode. This license permits unrestricted use, distribution, and reproduction in any medium, provided the

original author and source are credited.


http://dx.doi.org/10.1109/TBME.2021.3123612
http://www.ncbi.nlm.nih.gov/pubmed/34714729
http://dx.doi.org/10.1109/ACCESS.2020.3038743
http://dx.doi.org/10.1109/COMPSAC48688.2020.0-215
https://creativecommons.org/licenses/by/4.0/legalcode

	Review On Machine Learning and Deep Learning-based Heart Disease Classification and Prediction 
	1. INTRODUCTION
	2. LITERATURE SURVEY
	2.1. CEP4HFP – Complex Event Processing for Heart Failure Prediction
	2.2. Identification of Cardiovascular Disease from ECG Images Using Machine Learning and Deep Learning
	2.3. Standard-Based Widespread Heart Controlling Method using Narrowband IOT Queuing Model Analysis in IEEE 1451 Standard
	2.4. Classification of Heart Audio by making use of Deep Learning
	2.5. Atrial Fibrillation Detection using Electrocardiogram by using Deep Learning
	2.6. Investigating the Preprocessing Methods in ECG Analysis
	2.7. Heart Controlling Real-time System using Energy-Efficient Cloud Internet of Medical Things
	2.8. Heart Rate Estimation using Graph-based Denoising for Respiration during Sleep in the Thermal Video
	2.9. Classification of Electrocardiogram based on Deep Learning Approaches
	2.10. Findings of Heart Disease by Making use of ECG Images
	2.11. Detecting Coronary Artery Disease by using the Phonocardiogram & Ensemble Transfer Learning
	2.12. Blood Pressure measured by using Advanced Noninvasive Techniques
	2.13. Real-time Heart Disease Prediction System using Multilayer Perceptron
	2.14. Using Hybrid and Data Mining Classification Techniques to Predict Cardiovascular Disease
	2.15. Coronary Vascular Disease Screening System
	2.16. Predicting Coronary Vascular Disease at Initial Stages using Machine Learning
	2.17. Cardiovascular Disease Prediction using big Data Approach
	2.18. Classification of Cardiovascular Disease Prediction using Data Mining
	2.19. Experiment
	2.19.1. Data Pre-processing
	2.19.2. Data Splitting

	2.20. Result & Analysis
	2.20.1. Accuracy
	2.20.2. Classification Report

	2.21. CNN confusion Matrix

	3. SUMMARY
	CONCLUSION
	LIST OF ABBREVIATIONS
	CONSENT FOR PUBLICATION
	FUNDING
	CONFLICT OF INTEREST
	ACKNOWLEDGEMENTS
	REFERENCES




