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ABSTRACT

Cardiology is a group of disease that affect the heart and its
vessels. All heart conditions characterized by blockage of
blood vessels, myocardial problems, valve malfunctions and
varied heart rhythms are called heart abnormalities. The heart
disease is one of the proven causes of death worldwide.
Mortality resulting from heart disease can be reduced if the
ailments are detected in an initial stage which helps in treating
the patients on time. Cardiac abnormalities are reflected in the
morphological features of the 12-lead clinical ECG signal. A
lesser degree of detection time for doctors to analyze long-
term electrocardiogram data and detect slight deviations in the
electrocardiogram morphology. Automated computational
diagnostic methods using deep learning techniques need to be
developed to improve the performance of conventional
machine learning based methods used for cardiac disease
detection. The review article is therefore intended to present a
detailed overview of the work on different computer aided
automated methods used by many researchers from many
years to automatically detect various heart ailments by
characterizing and classifying ECG signal. This work includes
a brief introduction on major heart ailments including CAD,
MI, CHF, Cardiomyopathy, their typical ECG patterns and
characteristics. The credibility of traditional computer aided
methods used to detect multiple heart ailments is explored and
further the deep learning techniques required to improve the
performance of existing methods is discussed. From the
results obtained by many researchers it is also revealed that
the classification performance is to be improved by using
deep learning techniques.
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1. INTRODUCTION

The focus of the article is on the review of automated methods
for diagnosing and detecting cardiovascular disease. Heart
disease is the leading cause of cardiac death worldwide and is
a range of illnesses that affect the structure and function of the
heart. Coronary artery disease, heart attacks, heart failure, and
cardiomyopathy are some of the harmful heart diseases.
According to World Health Organization reports from 2012,
31% of all deaths worldwide—or 17.5 million deaths—were
attributed to cardiovascular disease [1]. Nearly half (45%) of
deaths from heart disease in the United Kingdom (UK) are
attributable to CAD [2]. Heart attacks cause 175000 hospital
admissions overall [3]. The most prevalent kind of
cardiovascular disease is coronary artery disease (CAD). In
CAD, the inner lining of the coronary artery wall's
extracellular matrix combines with lipoproteins, exposing
them to inflammation and leading to the development of
atherosclerotic plaques [4]. Thus the narrowed coronary artery
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prevents oxygen-rich blood from reaching the heart muscles,
resulting in ischemia. Most of the time, CAD symptoms
appear much later. If this condition is not treated early, it can
cause irregular heartbeats, strokes, heart attacks, and heart
failure [4].

The gradual increase in plaque volume that encroaches the
diameter of the coronary lumen in atherosclerotic lesions with
thick fibrous caps can slowly cause ischemia. As opposed to
this, some atherosclerotic lesions with larger lipid cores and
thinner fibrous caps are more prone to rupture, in which case
the contents are abruptly spilled into the coronary lumen,
causing thrombus formation that can obstruct the lumen and
completely impair myocardial blood flow [5]

Congestive heart failure (CHF) can be brought on by a variety
of factors, with CAD or myocardial infarction (M) being the
most frequent. Chronic repeated episodes of heart attacks can
cause heart chamber remodeling that is harmful and reduce
the heart's ability to contract which in turn can lead to heart
failure. An early diagnosis of CAD and MI is necessary for
effective therapy and to prevent the potential onset of CHF.
Cardiomyopathies are observed due to enlargement of heart
muscle cells.

Invasive  diagnostic  procedures  including  cardiac
catheterization and blood testing are being used to diagnose
heart related diseases in any health centres. The inability to
predict which cardiac imaging tests to run when, in what
order, and how frequently in various medical circumstances is
another drawback of existing noninvasive cardiac diagnostic
approaches. Generally, physicians in the hospital use
Electrocardiogram (ECG) as a most preferred tool in
diagnosing any heart abnormality. The heart's electrical
activity simply referred as ECG, can change as a result of any
heart ailments [5]. Figure. 1 depicts the ECG sample.
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Figure. 1 ECG sample [5]

These ECG abnormalities are diagnostic and have tiny
amplitudes. Consequently, visual interpretation by medical
professionals are liable to inter- and/or intra-observer bias.
Most individuals do not exhibit any fluctuations in their ECG
rhythms, and the clinically recorded ECG signal is non-
stationary, non-linear, and noisy. Manually interpreting the
ECG to distinguish between various heart disorders takes
time, is laborious, and is prone to error. This highlighted the
requirement for the development of automated computer-
aided diagnosis methods that employ various algorithms for
detecting  irregularities, accurately  diagnosing, and
categorizing cardiac  disorders. Any computer-aided
diagnostic procedure has four steps: 1. Preprocessing: Using
several transformation methods to remove all noise
components and to identify the cardiac cycle 2. Feature
Extraction: This technique uses transform, methods to extract
the most distinctive characteristics of diverse diseases. 3.
Feature Selection- Different studies have employed various
statistical, ANOVA-based techniques to choose the most
pertinent characteristic traits. 4. Classification with suitable
machine learning techniques.

This article reviews the currently available computer-aided
methods for automatically detecting major heart diseases
namely CAD, MI, CHF and cardiomyopathy and emphasizes
the creation of an ECG-based diagnostic method for numerous
heart illnesses. This research examines the validity of current
machine learning methods first then discuss the deep learning-
based classification approaches to enhance classification
performance in detecting numerous heart diseases. Using real-
time ECG signals, the deep learning methods based approach
can be used for mass cardiac screenings to identify any heart
illness at an early stage.

2. MACHINE LEARNING TECHNIQUE
TO DETECT HEART DISEASE

Because of the improvements in algorithms that researchers
are pursuing, the use of signal processing techniques to
biological electrical signals began in earlier decades and has
continued into the twenty-first century. Both ECG and Heart
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Rate Variability signals are subjected to these signal
processing techniques using the machine learning classifiers
in order to identify different cardiac abnormalities. The non-
linear features, including multiple entropies and statistical
features, showed meaningful variances across the numerous
temporal domain features, frequency domain features, and
wavelet coefficients retrieved that are necessary to accurately
distinguish between healthy and diseased subjects [5]. To
accurately extract features from Heart Rate or ECG signals for
the classification of normal or abnormal signals, numerous
signal processing algorithms have been developed, including
linear (time and frequency domain) [6-9], nonlinear methods
[10-14], Discrete Wavelet Transform [15-18], and Tunable Q
Wavelet Transform [19].

2.1 Machine learning Techniques to detect
Coronary Artery Disease (CAD)

In [20], the heart rate variability signal for continuous time
wavelet analysis disease detection is reported. The fractal
dimension is discovered from the input heart rate variability
data, and it provided greater confidence intervals than wavelet
analysis for all classes examined. In order to detect CAD
using HRV signals, the feature extraction techniques of
recurrence plots, poincare plots, and detrended function
analysis are used in [21]. In [22], the heart rate signals are
divided into three level sub-bands using a flexible analytical
wavelet transform, and two features, K-NN entropy and Fuzzy
entropy, are then extracted from these sub-band signals. and
these features are then fed into the Least Squares-Support
Vector Machine, In [23], the cross information potential
parameters and flexible analytic wavelet transform are used to
breakdown the ECG beats. The cross information potential
parameters with least square support vector machine and
morlet wavelet kernel are more effective in detecting CAD
with an accuracy of 99.5%. The fuzzy entropy is extracted
from the HRV signal using principal component analysis in
[24], and a support vector machine is utilized as a classifier to
distinguish between normal and CAD with an accuracy of
99.2%

For the purpose of CAD detection, [25] extracts sixteen
various entropies, including Shannon, Tsallis, Renyi, bi-
spectrum, phase, wavelet, Stein's unbiased risk estimate,
recurrence,  permutation, normalized, log  energy,
Kolmogorov-Sinai, approximation, sample, modified multi-
scale, and fuzzy. It has been demonstrated that this entropy-
based feature extraction works well. The bi- spectrum entropy
with support vector machine showed to be more effective with
a classification accuracy of 99.27%. For the first time, [26]
implements the ideally time-frequency concentrated even
length biorthogonal wavelet filter bank for CAD detection
utilizing ECG segments with 2s and 5s durations with
accuracy of 99.53%. Ten machine learning algorithms, were
applied in [27] to detect CAD.

2.2 Machine learning Techniques to detect
Myocardial Infarction (M)

The artificial neural network classifier and phase space fractal
dimension characteristics are investigated to detect the MI
[28]. In [29], authors used a multi-lead ECG signal and a
neuro-fuzzy technique to diagnose MI patients. To
differentiate between the MI and regular ECG, a hybrid
strategy based on hidden Markov models and Gaussian
mixture models is adopted. Using a discrete wavelet
transform, [30] characterizes the QRS complex of normal and
MI individuals. It has been discovered that the QRS complex
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can be used to identify MI subjects [31]. The method
described in [32] evaluated multiscale energy and Eigen space
characteristics. The proposed method, which employed a
support vector machine classifier with a radial basis function
kernel, produced a classification accuracy of 96.15% [32].
The dual tree complex wavelet transform of the 12-lead ECG
signal's wavelet coefficients is used in [33] to determine the
wavelet coefficients' phase. The detection and localization of
MI using a multilead ECG signal is described in [34]. A
discrete wavelet transform is used, and 12 nonlinear features
are extracted from these wavelet coefficients, and fed to KNN
classifier which resulted in an accuracy of 98%. In order to
detect MI using lead Il ECG signals, a Flexible Analytic
Wavelet Transform method is used in [35]. Sample entropy is
extracted from each sub band signal and fed to various
classifiers, including Random Forest, J48 decision tree, back
propagation neural network, and least-square support vector
machine. A two-band optimal biorthogonal filter bank is
suggested for ECG analysis in [36], which also discusses a Ml
diagnostic system for both noisy and clean ECG data.

2.3. Machine Learning Techniques to detect
Congestive Heart Failure (CHF)

The examination of HRV's nonlinear characteristics in [37]
provides independent information for patients with CHF who
are being risk-stratified. Both linear and non-linear
characteristics are employed in [38] to identify CHF. It is
discovered that Detrended Fluctuation Analysis, Approximate
Entropy, and Sample Entropy are useful in analyzing CHF
HRYV signals. The sequential trend analysis and multiscale
entropy features from the RR-time series were calculated by
the author in [40-42] and they reported a higher classification
result for normal and CHF. Power spectral densities from the
sub-band signals of the RR-time series were used by the
author in [43] as characteristics for the detection of CHF. The
same authors' wavelet filters and soft decision technique for
CHF identification from the RR-time series are proposed in
[44]. [45] uses a flexible analytic wavelet transform to
decompose the HRV signal and finds accumulated entropy
and accumulated permutation entropy features. In order to
distinguish between the normal and CHF classes, the study
[46] found that wavelet-based feature extraction employing
frequency localized wavelet filter banks was effective.

The procedure for analyzing the time-frequency sub band
matrices produced from ECG signals and detecting CHF is
described in [47]. It is based on the Stock well transform and
frequency division. In [48-49], automated characterization
and classification of multiple classes simultaneously—normal,
CAD, MI, and CHF—using ECG signals is taken into
consideration. To extract the non-linear entropy and statistical
features, wavelet transformation techniques are used.

The most crucial problem to be solved among the many
shortcomings of machine learning approaches is: The majority
of machine learning algorithms can be used to solve specific
problems, making it difficult to choose the best algorithm for
a given dataset. Deciding on the best feature selection
approach or classification is also very difficult. These
algorithms require enough time to train and test in order to
produce results. The dataset used in the majority of research
had a small number of features and samples, which
constrained the results because the quantity of features and
samples might influence how well machine learning methods
perform [50].

The machine learning field has been revolutionized in recent
years by the introduction of deep learning algorithms. These
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deep learning algorithms has proven its performance in
various fields of science and engineering including gaming,
automobile, robotics, disease diagnosis, and computer vision
[50]. These deep learning methods can be applied for the
automated diagnosis of multiple heart diseases with improved
classification accuracy.

3. DEEP LEARNING ECHNIQUES TO

DETECT HEART DISEASE

MIT-BIH  Arrhythmia, St. Petersburg Institute  of
Cardiological Technics 12-lead Arrhythmia Database, and
MIT-BIH Supraventricular Arrhythmia Database are three
major ECG databases where Deep Learning approach is used
for the first time for active classification of ECG signals [51].
In this approach, features are learned from raw ECG using
stacked denoising auto encoders, and once the feature is
learned, a deep neural network is used to detect the diseased
subjects. The Z score normalization technique is utilized to
normalize the ECG segments in [52], which uses a one-
dimensional, 11-layered convolutional neural network (CNN)
composed of four convolution layers, four max pooling layers,
and three fully connected layers to detect cardiac artery
blockage. According to the findings of [52], deep CNN can
identify blocked cardiac arteries with 94.95% accuracy for 2s
signal length.

Implemented in [53] for the purpose of detecting heart attacks
utilizing lead 1l ECG rhythms with and without noise, the 11-
layer deep CNN acquired accuracy of 93.53% with noise and
accuracy, 95.22% without noise, respectively. For the
automatic detection of artery blockage using ECG signals, an
8-layer hybrid CNN-LSTM network structure is proposed in
[54]. It attained an average accuracy of 99.85% with both
subject-specific and non-subject-specific data. As more ECG
segments with minor differences are produced by the
suggested method, the data augmentation is used in [54] to
increase the robustness of the system. To detect and pinpoint
heart attacks using 12-lead ECG signals, a multiple feature
branch CNN with seven layers is used. The method includes
feature extraction using feature branches and classification
using softmax layer. To evaluate the algorithm, both class-
based and patient-specific subjects have been used. The
accuracy of the technique was up to 99.95% and 99.81% for
class-based heart attack identification and localization, and up
to 98.79% and 94.82% for patient-specific heart attacks [55].
11 layers thick Four separate data sets were utilized to train
and test the CNN model for identifying CHF [56], which does
not involve R peak detection or feature extraction.

On Lead-1 ECG beat segments, the 16-layer multichannel
CNN and LSTM algorithm is presented for the automated
identification of heart attacks [57] and achieved classification
accuracy of 95.4%. On a 12-lead ECG signal, the trained
CNN model detected 10 different MI types with 99%
accuracy [58]. From the multi resolution analysis, 108
statistical features, including kurtosis, skewness, and entropy,
are extracted and fed to a deep layer least square support
vector machine, which has the highest accuracy of 99.74%
[59]. Additionally, [60] implements the Fourier Bessel Series
Expansion based Empirical Wavelet Transform in conjunction
with convolutional neural network to detect and locate heart
attack. The LSTM-CNN based network is constructed to
extract deep learning features, and an ensemble classifier is
then utilized to identify normal and congestive heart failure
with accuracy of 99.85% [61].

It is clear from the literature review that computer-aided
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cardiac diagnostic techniques in conjunction with deep
learning techniques are required. Deep learning approach is
suggested to find the best feature to detect cardiac illnesses in
order to overcome the limitations of machine learning
classifiers. The deep learning techniques can automatically
identify the distinguishing factors from the raw ECG data
required for predicting multiple heart diseases. This eliminates
the need for feature reduction, ranking, and selection
frameworks because they are all fused within the model. Deep
learning techniques can also self-learn the critical distinctive
features from the large dataset.

4. SUMMARY OF SURVEY ON DEEP
LEARNING TECHNIQUES TO DETECT
HEART DISEASE

The literature survey on automated detection methods of heart
diseases using deep learning techniques are summarized as in
Table 1

Table 1. Survey on automated detection methods of
various heart diseases — Coronary Artery Disease (CAD),
Myocardial Infarction(MI), Congestive Heart Failure
(CHF) using Deep Learning Techniques
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BIDMC& Set B
(Fantasia,
BIDMC), (UD)-
CHF-30000
Normal — 70308.
Kai Feng | Ml using ECG 16 layer Accuracy=
etal.,, signal Convolutio | 95.4%,
2019 ECG Lead: Lead | | nal Neural | sensitivity=
[57] Source: Physio Network 98.2%,
Net and Long specificity
Short Term | = 86.5%,
Memory, F1 score of
Spatial and | 96.8%
temporal
features-
Deep
structural
features
Ulas MI using ECG R-peak Lead IV:
Baran signal detection, Accuracy=
Baloglu., | Subjects: 52 Wavelet 98.73%
2019 normal, 148 MI transform- | All lead
[58] ECG Lead: 12 for Accuracy=
Lead denoising 99%
Source: Physio 10 layer
Net deep
Beats: 125,652 Convolutio
normal, 485,752 nal Neural
Ml Network
end to end
structure
Ludi CHF using ECG | Expert 3 CHF, 3
Wang et signal features normal
al.,2019 Subjects: 3 CHF, | from RRI Accuracy=
[61] 3 normal LSTM- 99.85%,
Source: BIDMC CNN Conv | 99.41%,
CHF database Pool-CNN- | and
C to extract | 99.17% for
DL N = 500,
features 1000, and
Blind fold | 2000
validation length

Author Dataset/Disease Techsnlque Outcome
Allah CAD using ECG | Deep belief | Accuracy=
Verdi et signal network 98.05%
al., 2016 Subjects: 85 (DBN) Sensitivity
[51] Source: Physio =96.02%

Net Specificity
=98.88%
Acharya CAD using ECG | 11-layer Accuracy=
etal., signal deep 95.11%
2017 Subjects: 47 Convolutio | Sensitivity
[52] 2sand 5s ECG nal Neural | =91.13%
segments, Network Specificity
Source: Physio = 95.88%
Net
Acharya CAD using ECG | 11- layer Accuracy =
etal., signal deep 95.22%
2017 Subjects: 200 Convolutio | Sensitivity
[53] Source: Physio nal Neural | =95 .49%
Net Network Specificity
=94.19%
Tan et CAD using ECG | Longshort | Accuracy=
al.,2018 signal term 99.85%
[54] Subjects: 47 memory Sensitivity
Physio Net networks =99.85%
8-layer Specificity
deep =99.84%
Convolutio
nal Neural
Network,
Wenhan M1 using ECG Multiple- Class-
Liuetal., | signal Feature- based: Ml
2018 [55] | Subjects: 52 Branch detection-
normal, 148 Ml Convolutio | Accuracy-
ECG Lead: 12 nal Neural 99.95%,
lead, Network
Source: Physio
Net
Acharya CHF using ECG | 11 layer Set A- Acc
etal., signal deep CNN —95.98%
2019 Source: Physio Set B- Acc
[56] Bank —98.97%
Dataset: NSRDB,

5. CONCLUSION

Cardiovascular disease is the leading cause of cardiac death
worldwide and is a category of circulatory system illnesses
that affect the anatomy and operation of the heart.
Cardiomyopathy, congestive heart failure, myocardial
infarction, and coronary artery disease are only a few of the
dangerous cardiovascular conditions. For the purpose of
monitoring cardiac health, prompt and precise diagnosis of
various cardiac disorders is essential. Only highly skilled
professionals with in-depth knowledge are able to give
patients the essential direction and care, lowering their risk of
cardiovascular death. ECGs must be carefully examined by
skilled doctors as part of the standard medical procedure for
any cardiovascular disease screening. Reading and analyzing
these ECG records is a mental challenge to the professionals,
as minor alterations in the ECG cannot be seen with the
unaided eye. The adoption of the computer-aided cardiac
diagnostic system can help to solve the issues with observer
variability mentioned above and shorten the time needed for
ECG diagnosis. In this paper, a thorough examination of
traditional computer-aided methods for heart disease detection
using ECG signals is provided. It is found that these methods
do not scale well for larger applications and do not perform
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well when multiple diseases or a larger number of subjects are
taken into account. It is laborious to increase the precision of
current machine learning techniques to identify many diseases
for larger databases. Due to this, automated approaches that
integrate deep learning techniques with ECG signals have
been developed. These methods are expected to increase the
classification accuracy, and the paper also presented an
analysis of deep learning techniques used to diagnose cardiac
disorders.

6. REFERENCES

[1] Mendis S, et al. “Global Status Report on non-
communicable diseases 20147, World
HealthOrganization, 2014.

[2] World Health Organization, Cardiovascular Diseases,
2015, http://www.who.int/mediacentre/
factsheets/fs317/en/(accessed 01.04.16).

[3] American Heart Association, AHA. Heart disease and
stroke statistics — 2016 Update, A report from the
American Heart Association (AHA). Circulation, 2016:
e2-ell.

[4] National Heart, Lung and Blood Institute, What is
Coronary Heart Disease? 2015,
http://www.nhlbi.nih.gov/health/health-topics/topics/cad/
(accessed01.04.16).

[5] Rajendra Acharya U, Jasjit S. Suri, Jos A.E. Spaan and S
.M. Krishnan, “Advances in Cardiac Signal Processing”,
Springer-Verlag Berlin Heidelberg 2007, ISBN-10 3-
540-36674-1.

[6] Al-Kindi SG, Ali F, Farghaly A, “Towards real-time
detection of myocardial infarction by digital analysis of
electrocardiograms”, IEEE, 1st Middle East Conference
on Biomedical Engineering, 2011.

[7] Arif M, Malagore IA, Afsar FA, “Detection and
localization of myocardial infarction using K-NN
classifier”, Journal of Medical Systems, 2012, 36: 279-
289.

[8] Sun L, Lu Y, Yang K, Li S, “ECG analysis using
multiple instance learning for myocardialinfarction
detection”, IEEE, Transaction on Biomedical
Engineering, 2012; 59: 3348-3356.

[9] Safdarian N, Dabanloo NJ, Attarodi G, “A new pattern
recognition method for detection and localization of
myocardial infarction using T-wave integral and total
integral as extracted features from one cycle of ECG
signal”, J. Biomedical Science and Engineering, 2014; 7:
818- 824.

[10] Lee HG, Noh KY, Ryu KH, “Mining biosignal data:
coronary artery disease diagnosis usinglinear and
nonlinear features of HRV”, Springer-Verlag Berlin
Heidelberg, pp. 218-228, 2007.

[11] Kim WS, Jin SH, Park YK, Choi HM, “A study on
development pf multi-parameter measure of heart rate
variability diagnosing cardiovascular disease,” IFMBE
Proceedings, 2007; 14: 3480-3483.

[12] Lee HG, Noh KY, Ryu KH, “A data mining approach for
coronary heart disease prediction using HRV features
and carotid arterial wall thickness”, IEEE, International
Conference onBiomedical Engineering and Informatics,
2008.

International Journal of Computer Applications (0975 — 8887)
Volume 184 — No. 45, February 2023

[13] Lu HL, Ong K, Chia P, “An automated ECG
classification system based on a neuro fuzzy system”,
IEEE, Computers in Cardiology, 2000, 27: 387-390.

[14] Acharya UR, Fujita H, Sudarshan VK, Oh, SL, Adam M,
Koh JEW, Tan JH, Ghista DN, Martis RJ, Chua CK, Poo
CK, Tan RS, “ Automated detection and localization of
myocardial infarction  using electrocardiogram-a
comparative study of different leads”, Knowledge-Based
Systems, 2016, 99:146-156.

[15] Giri D, Acharya UR, Martis RJ, Sree SV, Lim TC,
Ahamed TVI, Suri JS, “Automated diagnosis of coronary
artery disease affected patients using LDA, PCA, ICA
and discrete wavelet transform”, Knowledge-Based
Systems, 2013, 37: 274-282.

[16] Kaveh A, Chung W, “Automated classification of
coronary atherosclerosis using single lead ECG”, IEEE
Conference on Wireless Sensors, Kuching, Sarawak,
2013.

[17] Jayachandran ES, Joseph KP, Acharya UR, “Analysis of
myocardial infarction using discrete wavelet transform”,
Journal of Medical Systems, 2010, 34: 985-992.

[18] Banerjee S, Mitra M, “A classification approach for
myocardial infarction using voltage features
extracted from four standard ECG Leads”, IEEE,
International Conference on Recent Trends in
Information Systems, 2011.

[19] Patidar S, Pachori RB, Acharya UR, “Automated
diagnosis of coronary artery disease using Tunable-Q
wavelet transform applied on heart rate signals”,
Knowledge-Based Systems, 2015, 82: 1-10.

[20] Acharya,U.R.,Bhat,P.S.,Kannathal,N.,Rao,A.,&Lim,C.M
.,“Analysis of cardiac health using fractal dimension and
wavelet transformation”, ELSEVIER, 2005, 26: 133-139.

[21] Xian du, Vinitha sree subbhuraam, “ Novel classification
of coronary artery disease using Heart rate Variability
analysis”, Journal of Mechanics in Medicine and Biology
,Vol. 12, No. 4, 2012 .

[22] Kumar M, Pachori RB, Acharya UR, “An efficient
automated technique for CAD diagnosis using flexible
analytic wavelet transform and entropy features extracted
from HRV signals”, Expert Systems with Applications,
2016, 63: 165-172.

[23] Kumar M, Pachori RB, Acharya UR, “Characterization
of coronary artery disease using flexible analytic wavelet
transform applied on ECG signals”, Biomedical Signal
Processing and Control, 2017, 31: 301-308.

[24] Azam Davari Dolatabadi a, Siamak Esmael Zadeh
Khadem a, Babak Mohammadzadeh A sl,“Automated
diagnosis of coronary artery disease (CAD) patients
using optimized SVM”, computer methods and programs
in biomedicine, Elsevier, 138, 2017, pp. 117-126.

[25] Udyavara Rajendra Acharya, Yuki Hagiwara, Joel En
Wei Koh, Shu Lih Oh, Jen Hong Tan, Muhammad
Adama, Ru San Tan, “Entropies for automated detection
of coronary artery disease using ECG signals: A review”,
Journal of Elsevier, Bio cybernetics and Biomedical
Engineering, 38, 2018, pp. 372-384.

[26] Manish Sharma, U Rajendra Acharya, “A New Method
to Identify Coronary Artery Disease with ECG Signals

48



And Time-Frequency Concentrated Ant symmetric
Biorthogonal Wavelet Filter Bank™, Pattern Recognition
Letters, 2019.

[27] Moloud Abdar, Wojciech Ksialzek, U. Rajendra
Acharya, Ru-San Tan, Vladimir Makarenkov, Pawel
Plawiak, “A New Machine Learning Technique for an
Accurate Diagnosis of Coronary Artery Disease”,
Computer methods and programs in biomedicine, 2019.

[28] Lahiri T, Kumar U, Mishra H, Sarkar S, Roy AD,
“Analysis of ECG signal by chaos principle to help
automatic diagnosis of myocardial infarction”, Journal of
Scientific & Industrial Research, 2009, 68: 866-870.

[29] Chang PC, Hsieh JC, Lin JJ, Chou, YH, Liu CH, “A
hybrid system with hidden markov models and Gaussian
mixture models for myocardial infarction classification
with 12-lead ECGs”, 11th IEEE Conference on Hugh
Performance Computing and Communications, 2009.

[30] McDarby, G.; Celler, B.G.; Lovell, N.H. Characterising
the discrete wavelet transform of an ECG signal with
simple parameters for use in automated diagnosis. In
Proceedings of the 2nd International Conference on
Bioelectromagnetism, Melbourne, Australia, 15-18
February 1998; pp. 31-32.

[31] Banerjee, S.; Mitra, M. ECG feature extraction and
classification of anteroseptal myocardial infarction and
normal subjects using discrete wavelet transform. In
Proceedings of the International Conference on Systems
in Medicine and Biology, Kharagpur, India, 16-18
December 2010; pp. 55-60.

[32] Sharma LN, Tripathy RK, Dandapat S, “Multiscale
energy and eigenspace approach todetection and
localization of myocardial infarction”, IEEE Transaction
on biomedicalengineering, Vol. 62, No. 7, 2015.

[33] Tripathy, R.K.; Dandapat, S. Detection of cardiac
abnormalities from multilead ECG using multiscale
phase alternation features. J. Med. Syst. 2016, 40, 143.

[34] U.Rajendra Acharya, Hamido Fujita, et al., “Automated
detection and localization of myocardial infarction using
electrocardiogram: a comparative study of different
leads”, Knowledge-Based Systems, 2016, 1-11.

[35] Mohit Kumar, Ram Bilas Pachori and U. Rajendra
Acharya, “Automated Diagnosis of Myocardial
Infarction ECG Signals Using Sample Entropy in
Flexible Analytic WaveletTransform Framework”,
Journal of Entropy, MDPI, 19, 488, 2017.

[36] Manish Sharma, Ru San Tan, U. Rajendra Acharya, “A
novel automated diagnostic system for classification of
myocardial infarction ECG signals using an optimal
biorthogonal filter bank”, Elsevier Journal, 2018.

[37] Thakre, T.P.; Smith, M.L. Loss of lag-response
curvilinearity of indices of heart rate variability in
congestive heart failure. BMC Cardiovascular. Disorder.
2006, 6, 27.

[38] Shahbazi, F.; Asl, B.M. Generalized discriminant
analysis for congestive heart failure risk assessment
based on long-term heart rate variability. Comput.
Methods Programs Biomed. 2015, 122, 191-198.

[39] Liu, G.; Wang, L.; Wang, Q.; Zhou, G.; Wang, Y.; Jiang,
Q. A new approach to detect congestive heart failure

International Journal of Computer Applications (0975 — 8887)
Volume 184 — No. 45, February 2023

using short-term heart rate variability measures. PLoS
ONE 2014, 9, €93399.

[40] R. Thuraisingham , A classification system to detect
congestive heart failure using second-order difference
plot of rr intervals, Cardiol. Res. Pract. 2009 (2009) .

[41] S. Kuntamalla , L.R.G. Reddy , Detecting congestive
heart failure using heart rate sequential trend analysis
plot, Int. J. Eng. Sci. Technol. 2 (12) (2010) 7329-7334 .

[42] S. Kuntamalla , R.G.R. Lekkala , Reduced data dualscale
entropy analysis of hrv signals for improved congestive
heart failure detection, Measur. Sci. Rev. 14 (5) (2014)
294-301

[43] A. Hossen , B. Al-Ghunaimi ,Identification of Patients
with Congestive Heart Failure by Recognition of Sub-
bands Spectral Patterns, 2008 .

[44] A. Hossen , B. Al-Ghunaimi , A wavelet-based soft
decision technique for screen- ing of patients with
congestive heart failure, Biomed. Signal Process. Control
2 (2) (2007) 135-143.

[45] Mohit Kumar, Ram Bilas Pachori and U. Rajendra
Acharya, “Use of Accumulated Entropies for Automated
Detection of Congestive Heart Failure in Flexible
Analytic Wavelet Transform Framework based on short
term HRV signals”, Journal of Entropy, MDPI, 2017, 19,
92; doi:10.3390/e19030092.

[46] Ankit A. Bhurane, Manish Sharma, Ru San-Tan, U.
Rajendra Acharya, “An efficient detection of congestive
heart failure using frequency localized filter banks for the
diagnosis with ECG signals”, Cognitive Systems
Research, Elsevier,55, 2019, 82-94.

[47] R.K. Tripathy, Mario R.A.Paternina, Juan G. Arrieta,
Alejandro  Zamora-Méndez, Ganesh R. Naik,
“Automated detection of congestive heart failure from
electrocardiogram signal using Stockwell transform and
hybrid classification scheme”, Computer Methods and
Programs in Biomedicine, 173, 2019, 53-65.

[48] U Rajendra Acharya, Hamido Fujita, Muhammad Adam
Oh Shu Lih, Vidya K Sudarshan, Tan Jen Hong, Joel
EW Koh, Yuki Hagiwara, Chua K. Chua, Chua Kok Poo,
Tan Ru San, “Automated characterization and
classification of coronary artery disease and myocardial
infarction by decomposition of ECG signals: A
comparative study”, Information Sciences, 377, 2017,
17-29.

[49] U Rajendra Acharya, Hamido Fujita, Vidya K
Sudarshan, Oh Shu Lih, Muhammad Adam, Tan Jen
Hong, Koo Jie Hui, Arihant Jain, Lim Choo Min, Chua
Kuang Chua, “Automated characterization of coronary
artery disease, myocardial infarction, and congestive
heart failure using contourlet and shearlet transforms of
electrocardiogram signal”, Knowledge-based systems,
volume 132, 2017, 156-166.

[50] R. Alizadehsani, M. Abdar, M. Roshanzamir, A.
Khosravi, P.M. Kebria, F. Khozeimeh, S. Nahavandi, N.
Sarrafzadegan, U.R. Acharya, “Machine learning-based
coronary artery disease diagnosis: A comprehensive
review, Computers in Biology and Medicine (2019), doi:
https:// doi.org/10.1016/j.compbiomed.2019.103346.

[51] M.M. Al Rahhal, Yakoub Bazi, Haikel AlHichri, Naif
Alajlan, Farid Melgani, R.R. Yager, “Deep learning

49



approach for active classification of electrocardiogram
signals”, Information Sciences, 345, 2016, 340-354.

[52] U. Rajendra Acharya, Hamido Fujita, Oh Shu Lih,
Muhammad Adam, Jen Hong Tan, Chua Kuang Chua,
“Automated detection of coronary artery disease using
different durations of ECG segments with convolutional
neural network”, Knowledge based systems, 132, 2017,
62-71.

[53] U. Rajendra Acharya, Hamido Fujita, Oh Shu Lih, Yuki
Hagiwara, Jen Hong Tan, “Application of Deep
Convolutional Neural Network for Automated Detection
of Myocardial Infarction Using ECG Signals”,
Information Sciences, 2017,
doi:10.1016/j.ins.2017.06.027.

[54] Jen Hong Tan, Yuki Hagiwara, Winnie Pang, Ivy Lim,
Shu Lih Oh, Muhammad Adam, Ru San Tan Ming Chen,
U. Rajendra Acharya, “Application of stacked
convolutional and long short-term memory network for
accurate identification of CAD ECG signals”, Computers
in Biology and Medicine, 94, 2018, 19-26.

[55] Wenhan Liu, Qijun Huang, Sheng Chang, Hao Wang, Jin
He,“Multiple-feature-branch convolutional neural
network for myocardial infarction diagnosis using

electrocardiogram”, Biomedical Signal Processing and
Control, 45, 2018, 22-32.

[56] U Rajendra Acharya, Hamido Fujita, Shu Lih Oh, Yuki
Hagiwara, Jen Hong Tan, Muhammad Adam, Ru San
Tan, “Deep convolutional neural network for the

[JCA™ : www.ijcaonline.org

International Journal of Computer Applications (0975 — 8887)
Volume 184 — No. 45, February 2023

automated diagnosis of congestive heart failure using
ECG signals”, Applied Intelligence, 2018, 49, 16-27.

[57] Kai Feng, Xitian Pi, Hongying Liu, and Kai Sun,
“Myocardial Infarction Classification Based on
Convolutional Neural Network and Recurrent Neural
Network”, Applied Sciences, MDPI, 2019, 9, 1879,
doi:10.3390/app9091879.

[58] Ulas Baran Baloglu, Muhammed Talo, Ozal Yildirim, Ru
San Tan, U Rajendra Acharya, “Classification of
myocardial infarction with multi-lead ECG signals and
deep CNN”, Pattern Recognition Letters, 122, 2019, 23-
30.

[59] Rajesh Kumar Tripathy, Abhijit Bhattacharyya, and Ram
Bilas Pachori, “A Novel Approach for Detection of
Myocardial Infarction from ECG Signals of Multiple
Electrodes”, IEEE Sensor Journal, volume:19, Issue:12,
2019, 4509-4517, doi: 10.1109/JSEN.2019.2896308.

[60] Rajesh Kumar Tripathy, Abhijit Bhattacharyya, and Ram
Bilas Pachori, “Localization of Myocardial
Infarction from Multi-Lead ECG Signals using
Multiscale Analysis and Convolutional Neural
Network”, IEEE  Sensor Journal, 2019, doi:
10.1109/JSEN.2019.2935552.

[61] Ludi Wang and Xiaoguang Zhou, ‘“Detection of
Congestive Heart Failure Based on LSTM-Based Deep
Network via Short-Term RR Intervals” Sensors Journal,
MDPI, 2019, 19, 1502; doi:10.3390/s19071502.

50



