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A B S T R A C T
Heart disease is a significant public health concern, affecting a large number of people worldwide
daily. With a shortage of qualified cardiologists, particularly in low-income countries, the
diagnosis and management of heart disease can be challenging. The electrocardiogram (ECG) is
the primary diagnostic tool for heart disease, but interpreting ECG reports requires the expertise
of a qualified cardiologist, making it time-consuming and costly. To address this issue, automated
ECG signal interpretation is necessary. Hence, this article has made an encyclopedic review of
the existing literature. The article includes demonstration of frequently utilized data sets and tools
and techniques for this domain. Therefore, a framework is proposed based on the observation of
existing works. The proposed framework aims to improve the analysis of ECG reports for both
cardiologists and non-experts. Our framework considers the 12-lead ECG, the different types of
leads, wave patterns, and their relationship with heart disease. The objective is to produce reliable
and accurate results while reducing analysis time. The proposed framework is inherent to improve
the diagnosis and management of heart disease by enabling a wider range of healthcare providers
and individuals to interpret ECG reports. This could lead to earlier detection and treatment of
heart disease, which could improve outcomes and save lives.

1. Introduction
Cardiovascular disease (CVD) is a consolidated terminology for conditions affecting heart or blood arteries [1]. A

science base organization known as Centers for Disease Control and Prevention (CDC) depits that the leading cause
of death among men, women, and individuals from various racial and ethnic backgrounds in the United States is heart
disease. 1. Accordingly, World Health Organization (WHO) declares that 17.9 million people die due to heart disease
every year 2. Unhealthy and processed food, physical sluggishness, usage of nicotine, and excessive alcohol boozing
are the major behavioral threatening elements for heart disease. These risk factors can lead to elevated levels of blood
pressure, blood glucose, blood lipids, and being overweight or obese in individuals [2]. The accumulation of fatty
substances known as atheroma in the coronary arteries can cause a blockage or disturbance in the blood flow to the
heart muscle, which can lead to the development of coronary heart disease (CHD). [3]. Heart-related illnesses include
arrhythmia, myocardial infarction (MI), sometimes known as a heart failure, angina, stroke, heart attack, etc [4, 5]. The
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(a) Positions for limb leads (b) Positions for precordial leads

Figure 1: Several lead positions

irregularity of the heartbeat known as arrhythmia is linked to a higher risk of blood clots [6, 7, 8]. MI follows when
not enough blood reaches a particular area of the heart muscle [3, 9]. The longer it takes for the heart to restore proper
blood flow, the greater the harm inflicted on the heart muscle [10]. Additionally, coronary artery disease (CAD) is the
primary cause of heart attacks, while the failure of the heart to effectively pump blood throughout the body is referred
to as heart failure, which can result from the heart becoming too stiff or weak [10, 11, 12]. This condition is also known
as congestive heart failure (CHF) [13, 14].

An ECG is a rapid diagnostic tool that can be utilized to assess the heart’s electrical function and rhythm [15, 16].
In this diagnosis, sensors attached to the skin that can detect the electrical impulses that the heart produces with each
beat [17, 18, 19]. The signals are recorded by a machine, and a physician evaluates them to determine if there are
any irregularities [20]. The 12 ECG leads each reflect a unique 3-D direction of heart action where lead I, II, III,
aVF, aVR, aVL, V1, V2, V3, V4, V5, and V6 are the standard ECG leads [21, 22, 23, 24]. However, these leads are
classified into two parts such as Leads I, II, III, augmented Vector Right (aVR), augmented Vector Left (aVL), and
augmented Vector Foot (aVF) are known as limb leads Figure 1 (a) and Leads V1, V2, V3, V4, V5, and V6 are known
as precordial leads shown in Figure 1 (b) [25, 26, 27]. Nowadays, detecting heart problems using ECG has become
popular due to its reliability and accurate production of signals [28, 29, 30]. Detecting heart disease from ECG signals
can be a challenging task for medical professionals due to the time required to understand these signals, as well as
the expense associated with having qualified experts perform this task. Therefore, the development of an automated
system for detecting heart disease from ECG signals may provide a potential solution to this issue.

Several works have been incorporated to detect various CVDs by analyzing ECG signals [31, 32, 33]. A thorough
analysis has been conducted on the automated identification of CAD through the use of ECG signals [34]. This study
employed sixteen entropy measures to detect distinct latent features from ECG signals obtained from patients with CAD
and healthy individuals. In recent years, various methods such as Machine Learning (ML), Deep Learning (DL), and
hybrid approaches have been employed for heart disease classification. A review of prior research on the application
of DL for ECG diagnosis revealed the use of four standard algorithms: stacked auto-encoders, Deep Belief Network
(DBN), Convolutional Neural Network (CNN), and Recurrent Neural Network (RNN) [1]. They conducted a thorough
assessment of ECG diagnosis for accomplishing their application, including their advantages and disadvantages.
However, most of the research has concentrated on utilizing ECG signals to identify the presence of heart disease
[14, 35, 36, 37]. But the working principle of ECG signals and the signal collection procedure of 12 leads of the ECG
device are not focal points of the research. Therefore, this research aims to incorporate this issue by answering the
following research questions:

• Q1: Which data sets are available to analyze heart rate variance?
• Q2: What is the importance of the automatic classification of heart diseases, and which approaches are utilized

to incorporate this issue?
• Q3: What is the relation between heart disease and 12 lead ECG mechanisms and how do they help to predict

each distinct heart condition?
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Searching Criteria: "heart disease" AND "ECG"

Source: IEEE Transactions on Biomedical Engineering, Heart Rhythm, Circulation: Arrhythmia and Electrophysiology, Journal of
Cardiovascular Translational Research, International Journal of Cardiology, Biomedical Signal Processing, and

Control, Sensors, Pacing and Clinical Electrophysiology, Physiological Measurement, Journal of Medical Systems, Archives of
Computational Methods in Engineering, Knowledge-Based Systems, Biocybernetics and Biomedical Engineering, Google Scholar 
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Figure 2: Article search strategy

1.1. Inclusion and exclusion criteria
In this work, some search strategies are applied to find relevant research in this domain. Moreover, this article

has analyzed only recent articles to understand the updated and current techniques applied for heart disease detection.
In this study, articles that were released between 2019 and 2023 were examined. In addition, we have selected some
well-known journals based on ranking and focus on various disease detection, and the medical sector is given more
priority to extract the papers. The search strategy along with the final list of the articles are illustrated in Figure 2.

Therefore, this study incorporates the popularly utilized data sets and techniques for various CVD. After that,
the relation between heart disease and 12 lead ECG mechanisms has also been incorporated in this study. Finally, a
framework has been developed to suggest an executable approach based on the concomitant literature that is described
in the Proposed Methodology section.

2. Frequently used databases
Data is the fundamental requirement for the detection, analysis, or interpretation of any kind of disease. It is a

challenging task to detect disease without any form of information or data. There are several data sets have been built
and they are publicly available for disease detection [15, 35, 63, 64]. Moreover, some popular data sets are publicly
available for the prediction of different heart problems [38, 13, 3]. Table 1 illustrates the frequently used databases that
are utilized for the prediction of several CVDs.

Q1: Which data sets are available to analyze heart rate variance?
One of the most popular data sets regarding heart disease is the Massachusetts Institute of Technology-Beth Israel

Hospital (MIT-BIH) data set [39, 40, 6, 50]. There are various categories of data available in this data set such as
the MIT-BIH arrhythmia data set, MIT-BIH Normal Sinus Rhythm (NSR) data set, MIT-BIH-PhysioNet databases,
MIT-BIH Atrial Fibrillation Database (MIT-AFDB), MIT-BIH Malignant Ventricular Ectopy Database (MIT-BIH
VFDB), MIT/BIH Sudden Cardiac Death Holter (SCDH), etc [42, 13, 11, 52, 57, 60]. Among them, the MIT-BIH
arrhythmia data set is the mostly utilized database and this data set is known by several names such as the MIT-BIH
arrhythmia data set, MIT-BIH ARR data set, etc. [12, 58, 60]. However, it is observed from the existing literature that
researchers are more concerned about detecting different types of arrhythmia disease than others [7, 8, 56]. This is
why the arrhythmia data set is popular in this domain for detecting heart problems. Additionally, arrhythmia is also
referred to as AF in some articles because AF is a type of arrhythmia [41, 60, 65]. After that, MI, CHF, and SCD are
also predicted in some research using the MIT-BIH data set [3, 11, 12].

Other heart-related problems such as heart failure, Ischemic Heart Disease (IHD), and abnormal heartbeat are
predicted in this field using several popular databases [14, 9, 66]. Hence, Beth Israel Deaconess Medical Center
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Table 1
Different types of ECG data sets

Citation Source of Data Number of Recordings Disease Detected

[38] MIT-BIH arrhythmia 47 subjects: 25 males
and 22 females, 4000
ECG Signal

Arrhythmia

[39] MIT-BIH arrhythmia N/A Arrhythmia
[40] MIT-BIH 47 subjects Arrhythmia
[13] (MIT-BIH) ARR database, MIT-BIH

Normal, Sinus Rhythm (NSR), and
BIDMC CHF database

Total 162 records CHF, Arrhythmia (ARR)

[3] PTBDB, MIT-BIH database 48 records MI
[41] MIT-BIH Atrial Fibrillation Database N/A Atrial Fibrillation (AF)
[14] RR interval database, BIDMC-CHF

database, NSR-RR, Fantasia
database, MIT-BIH, NSR database

Total 156 subjects Heart failure

[42] MIT-BIH arrhythmia 29 subjects Arrhythmia
[9] Self-developed database (ECG De-

vice ‘EDAN SERIES-3)
1937 patients data COVID-19, Abnormal Heartbeat, MI,

Previous History of MI, and Normal
Person

[6] MIT-BIH 29 subjects Arrhythmia
18 Self-developed 43 Patients IHD
[43] Numerical-sultanova,

Cleveland,
ECG-physioNet,
MIT-BIH Arrhythmia data set,
PTB Diagnostic ECG Database

N/A,
1190 people,
18,885 patients,
109446 samples,
14552 samples

Arrhythmia

[44] MIT-BIH arrhythmia and PTB-ECG
databases

360 subjects Heart Disease

[45] MIT-BIH Normal Sinus Rhythm,
MIT-BIH Arrhythmia,
BIDMC CHF database

18 (5 Males, 13 Fe-
males),
47 (25 Males, 22 Fe-
males),
15 (11 Males, 4 Fe-
males)

Arrhythmia, CHF

[10] PTB diagnostic,
BIDMC CHF,
St. Petersburg,

236 patient,
15 patient,
7 patient,

MI, Normal (N), CAD, Valvular heart
disease (VHD) , Bundle Branch
Block (BBB), Hypertrophic car-
diomyopathy (HCM), Dilated car-
diomyopathy (DCM)

[11] MIT-BIH-PhysioNet databases 105 subjects Arrhythmia, CHF, sudden cardiac
death (SCD)

[46] China physiological signal challenge
(CPSC) 2018 data set

6877 recordings 9 categories of Arrhythmia

(BIDMC) CHF data set is employed in some studies to detect heart failure [13, 10, 12]. After that, Physikalisch
Technische Bundesanstalt (PTB) diagnostic ECG database is utilized in various literature to detect MI, arrhythmia,
etc, [3, 43, 49]. In spite of that, there are some data sets available employed for the detection of heart problems in
a few articles. For example, St-Petersburg, Fantasia database, Numerical-sultana, Cleveland, Creighton University
Ventricular Tachyarrhythmia Database (CUDB), European ST-T database, Multi-Parameter Intelligent Monitoring in
Intensive Care II (MIMIC-II) Waveform database, etc. are utilized in some articles to predict heart disease [52, 53, 62].
Therefore, these data sets are popularly utilized for a combination of detecting several heart diseases.
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Table 1
Different types of ECG data sets (continued)

Citation Source of Data Number of Recordings Disease Detected

[12] MIT-BIH ARR,
MIT-BIH NSR,
BIDMC CHF

48 subjects,
18 subjects,
15 subjects

CHF, arrhythmia

[47] MIT-BIH, St.- Petersberg, PTB
databases

N/A AV nodal block (AV NB), Acute MI,
Atrial fibrilation (AF), CAD, Earlier
MI (EMI), Healthy, Sinus Node Dys-
function (SND), Transient Ischemic
Attack (TIA), BBB, Cardiomyopa-
thy, Dysrhythmia, Healthy control,
MI, Myocarditis, VHD, AFIB, Nor-
mal, P, SBR

[48] ECG data from wearable sensors N/A Arrhythmia
[49] PTB database 549 ECG records from

290 subjects
MI

[50] MIT-BIH 48 records Heartbeats
[7] MIT-BIH 1800 records Arrhythmia
[8] MIT-BIH 48 records from 47 pa-

tients
Arrhythmia

[51] MIT-BIH 47 subjects, 48 record-
ings

Arrhythmia

[52] MIT-BIH AFDB,
CUDB,
MITDB,
MIT-BIH VFDB

23 subjects,
35 subjects,
44 subjects,
22 subjects

6 types of arrhythmia

[53] Fantasia Normal database,
European ST-T database,
Collected data from IBN-AL-
NAFEES Hospital

40 subjects 40 record-
ings,
78 subjects 88 record-
ings,
30 subjects 30 record-
ings

Myocardial ischemia

[54] Cleveland data set 303 records Heart Disease
[55] PTB-XL data set 21,837 records
[56] MIT-BIH 25 subjects AF
[57] MIT/BIH-SCDH,

MIT/BIH-NSR databases
23 subjects,
18 subjects

SCD

[58] MIT-BIH Arrhythmia Database 47 subjects left bundle branch block (LBBB)
beat, right bundle branch block
(RBBB) beat, PVC beat, ventricular
flutter wave beat, nodal (junctional)
escape beat, aberrated atrial prema-
ture beat, ventricular escape beat,
and normal beat

3. Observation of existing approaches
Q2: What is the importance of the automatic classification of heart diseases, and which approaches are utilized to

incorporate this issue?
Automatic classification of heart disease can help the cardiologist to save their time and they can operate more

patients within a short amount of time. Not only that, automatic diagnosis of heart problems using ECG signals can
also help the patients to acknowledge their condition before affected seriously [38, 3]. Therefore, it can also help to
diagnose accurately the heart issues since the pre-trained algorithm is trained by the existing database that helps the
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Table 1
Different types of ECG data sets (continued)

Citation Source of Data Number of Recordings Disease Detected

[59] PTB-XL database 21,837 records CVD
[60] MIT-BIH Normal Sinus Rhythm

(NSR-DB),
MIT-BIH Atrial Fibrillation (AF-
DB),
MIT-BIH Arrhythmia (ARR-DB)

18 records,

23 records,
48 records

AF

[61] St-Petersburg,
BIDMC CHF,
PTB Diagnostic

5 subjects 17 records,
15 subjects 15 records,
52 subjects 80 records

CAD, CHF, MI, normal

[62] MIMIC-II 12,000 instances of 942
patients

Blood Pressure (BP)

models to learn the signals specifically. Moreover, the available approaches in different domains are depicted in the
subsections below.
3.1. Deep Learning

There are several techniques have been utilized to detect different heart problems in many articles such as ML
techniques, DL approaches, Ensemble methods, hybrid approaches, etc. [38, 42, 49]. Among these approaches, some
DL algorithms such as CNN, Long-Short Term Memory (LSTM), CNN-LSTM, etc. are widely used in several
applications to identify heart illness [39, 40, 13]. CNN is commonly applied in several studies from DL approaches to
detect heart diseases [52, 60]. An article introduced a novel neural network architecture based on recent advancements
in CNNs as a solution to create self-governing systems for diagnosing heart disease using ECG signals [38]. This
research employs 1D convolutional layers and the ReLU activation function, which produces 98.33% accuracy.

Alternatively, 1D and 2D CNN models with the same activation function are investigated to construct a robust
algorithm capable of effectively classifying the ECG signal in the presence of environmental noise [40]. The 1D
CNN and 2D CNN have achieved 97.38% and 99.02% accuracy, respectively. Another article proposed a method
for classifying multiple cardiac illnesses using a one-dimensional CNN with a modified ECG signal as input
[47]. They applied their method to three distinct data sets where the St. Petersburg data set yielded the best
accuracy of 99.71%. Moreover, CNN-based hybrid approaches are also popular in this field for classifying heart
disease [39, 13, 3, 48, 50, 12]. CNN-LSTM is a frequently used algorithm among CNN-based hybrid approaches
[41, 14, 35, 42]. An automated detection system is proposed for the detection of MI where CNN, CNN-LSTM, and
ensemble methods were applied. Among them, CNN-LSTM and ensemble techniques provided high accuracy of 99.9%
[3]. Another study suggests an automated diagnosis approach based on Deep CNN and LSTM Architecture (DCNN-
LSTM) for diagnosing CHF using ECG signals [14]. This approach has performed similarly to the previous work,
99.52%. In this study, CNN is utilized to extract deep features, while LSTM is employed to achieve the goal of detecting
CHF using the extracted features. However, another CNN-based hybrid approach known as Grey Wolf Optimizer
(GWO) Artificial Bee Colony (ABC) optimization algorithm (CNN-GWO-ABC) is proposed to detect arrhythmia
[48]. The automatic construction of CNN typology using neuro-evolution has been examined in this work. A unique
solution based on the ABC and the GWO has also been developed. The performance of this algorithm is satisfactory
but not excellent as compared to the previous study. It showed 94.27% accuracy which is less than the CNN-LSTM
approaches.

Another different hybrid strategy is suggested, and it involves a two-stage medical data classification and prediction
model [54]. If the results of the initial stage can accurately predict cardiac disease, the second stage may not be
necessary. During the first stage, data from medical sensors attached to the patient’s body was categorized, while the
second stage involved the classification of ECG images to forecast the likelihood of heart disease. To classify sensor
data, a hybrid model using Faster R-CNN with SE-ResNet-101 was used, while for ECG image classification, a hybrid
approach utilizing linear discriminant analysis with modified ant lion optimization (HLDA-MALO) was employed.
Therefore, the performance of this approach is 98.06% in terms of accuracy. Hence, 1D CNN, 2D CNN, and CNN-
LSTM are commonly used algorithms in this field for detecting various types of heart diseases. In addition, Generative
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Adversarial Networks (GAN) and LSTM (GAN-LSTM), Convolutional Capsule Networks, Resnet RNNs (ResRNN),
Bidirectional Long Short Term Memory (BiLSTM), Kernel Weight CNN (KWCNN) are also applied in few pieces of
literature for heart disease prediction from DL area [44, 10, 46]. The performance of these approaches is good but they
do not outperform the other approaches in DL [8, 51].
3.2. Machine Learning

ML based algorithms are also explored in some literature to detect heart illness such as Support Vector Machine
(SVM), k Nearest Neighbor (KNN), Decision Tree (DT), etc. [67, 44, 56, 59]. Moreover, a deep genetic ensemble
of classifiers (DGEC) is proposed that consists of three layers where SVM is used in every layer [6]. The suggested
framework comprises an ensemble of three layers (48 + 4 + 1) consisting of 12 classifiers each from the SVM (nu-
SVC, RBF), kNN, PNN, and RBFNN + 4 classifiers from the C-SVC and 1 classifier from the C-SVC. This method
performs with a 99.37% accuracy rate, which is satisfactory. But the effectiveness of the DGEC system with additional
physiologic signals and the improved method was not examined in this study. However, other SVM and fusion SVM
models are proposed to detect myocardial ischemia, arrhythmia, and CHF where they have provided 99.09% and
99.06% accuracy respectively, [45, 53]. This study proposes a novel approach for identifying myocardial ischemia
using multi-lead long-interval ECG. The method employs Choi-Williams time-frequency distribution to detect changes
in the ST and PR segments of the ECG, which are related to ischemic symptoms, to extract ST and PR features [53].
The suggested method is quick, inexpensive, and non-intrusive. Moreover, another ML model known as KNN has been
established to detect MI and it showed 99.96% accuracy by single-channel ECG signal [49]. Another study introduced a
novel technique for the detection of R-waves and, based on them, the localization of QRS complexes. It was important to
evaluate classical classifiers, hence new methods of aggregating ECG signal fragments comprising QRS segments were
created. Yet, this model’s performance falls short of expectations. It demonstrated a 90.4% accuracy rate for detecting
CVD. As a result, using ML algorithms to predict cardiac problems is not widely used. In addition, several different
algorithms, including the ridge model, Jaya Algorithm with Red Deer Algorithm (J-RDA), Ensemble Empirical Mode
Decomposition (EEMD) with local means (LM) filtering, particle swarm optimization (PSO), differential evolution
(DE), and MDD-Net, have been investigated in a few studies [68, 58, 61]. Therefore, since ECG signals are one kind
of image related data, ML techniques sometimes cannot process them properly and for that reason DL approaches are
utilized in this area.

4. Correlation between ECG leads and heart diseases
Q3: What is the relation between heart disease and 12 lead ECG mechanisms and how do they help to predict each

distinct heart condition?
The 12-lead ECG is vital for detecting and monitoring heart conditions, such as arrhythmia, CHD, and electrolyte

imbalances [69]. It records the heart’s electrical activity using 10 electrodes placed on the chest, arms, and legs,
generating 12 leads. Each lead provides a different view of the heart’s activity and is crucial for identifying specific
types of heart disease, such as right ventricular infarction (RVI) in leads V1 and V2, and lateral wall infarction in leads
V5 and V6 [70]. The 12-lead ECG is widely used for screening potential cardiac ischemia and is essential for quickly
identifying patients who have suffered a heart attack. Healthcare professionals should prioritize the number of leads
used for accurate diagnosis and treatment [71].

Every ECG lead represents multiple types of waveforms and the ECG waveform consists of several distinct
components that represent different phases of the cardiac cycle. These components include the P wave, QRS complex,
and T wave, which are all different types of waves that are important in the interpretation of ECGs. The P wave
represents atrial depolarization, the QRS complex represents ventricular depolarization, and the T wave represents
ventricular repolarization. Understanding the different types of waves in ECG can help clinicians to diagnose and
manage a variety of cardiac conditions.

Several works have been incorporated for the detection of various heart problems using ECG signals [27, 72, 32]. R
to R interval, QRS complex are different portions of an ECG signal and these portions are used for identifying different
heart problems [73, 74, 75]. However, the majority of the works utilized RR interval for several heart illnesses such
as AF, various types of arrhythmias, CAD, etc [74, 76]. Some works have utilized the QRS complex for incorporating
the issue [77, 75, 78]. An article has detected RR interval for AF detection using CNN-BiLSTM [73]. According to
earlier clinical investigations, the Q, R, and S (QRS complex) are three deflections that reflect a single heartbeat. Its
timing and structure reveal important details about the heart’s condition. Traditional techniques for locating R peaks
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include wavelet processing, frequency analysis, and digital filters that extract the local maximum value. And R peaks
indices have been shown to be important classification indicators for both human and computer-aided categorization.
In order to use their model to extract characteristics from pure ECG signals, they would only include R peaks indices
in this approach. As a result, they just applied R-R intervals to the original ECG signals in the feature extraction phase
to obtain segmentation, and the feature extraction phase will be handled by the model that was used. 0.82 F1 score is
achieved by the proposed model in this work.

In a different article, the R-Peak Engzee ECG segmentation technique was used to identify and extract features
while recording the position, duration, and quantity of R-Peaks [74]. They concentrated on R-R intervals because of
the positional invariant nature of CNN layers, the time-dependency of ECG data, and the importance of interval length
in ECG interpretation. Therefore, CNN architecture can learn the RR interval data rather than the QRS complex.
91.15% accuracy was achieved by the explainable CNN algorithm for the detection of various arrhythmia in this work.
On the contrary, the time domain ECG feature based on Feed Forward Neural Network (FFNN) and CNN provided
91.5% accuracy for the prediction of arrhythmia using the QRS complex [79]. The only portion of an ECG made up
of numerous clustered waves is the QRS complex [80]. The QRS complex consists of Q, R, and S waves and signifies
ventricular depolarization. After the QRS complex, the T wave denotes ventricular repolarization. Therefore, the QRS
complex is utilized for MI detection in research [81]. They stated that a QRS wider than usual is an indication of BBB
and ventricular hypertrophy. For that reason, it is easy to recognize MI by increased R wave amplitude, duration, and
high voltage QRS. Using CNN-BiLSTM, they achieved 99.62% accuracy. Therefore, RR interval and QRS complex
both are used for the detection of several heart problems and most of them have utilized the CNN algorithm and
CNN-based hybrid algorithms for evaluation purposes the performance is similar to each other for both RR interval
and QRS complex.
4.1. P-wave

The assessment of P-waves in a 12-lead ECG is a valuable tool for the diagnosis of heart disease [82]. Abnor-
malities in P-wave morphology, duration, and amplitude can indicate specific types of heart disease, including atrial
enlargement, AF, atrial flutter, atrial tachycardia (one kind of arrhythmia), and WPW syndrome. P-wave abnormalities
can be detected in leads II, III, aVF, V1, and V4-6, which are important for the detection of these conditions. The
morphology of P-waves in leads II, III can detect right atrial enlargement, while leads V1 and V2 can detect left atrial
enlargement. Hence, irregular P-waves are a hallmark of AF. Additionally, P-wave abnormalities are also associated
with other cardiac conditions, such as atrial flutter, atrial tachycardia, and WPW syndrome. Therefore, a comprehensive
assessment of P-wave morphology in multiple leads is essential in identifying and diagnosing various types of heart
disease related to atrial depolarization abnormalities [83].
4.2. P-R interval

The PR interval is a crucial measurement in an ECG that reflects the electrical conduction from the atria to the
ventricles of the heart [84]. Accurate interpretation of PR interval waves in a 12-lead ECG system is essential in
identifying the type of heart disease a patient may have. Specifically, Lead II, Lead III, and aVF are significant leads
that provide a view of the inferior wall of the heart, where abnormalities in the PR interval can indicate conduction
disturbances. Additionally, leads V1 to V6 offer further insight into the electrical activity of the heart’s anterior,
lateral, and posterior walls, indicating atrial enlargement or fibrillation [69]. It is important to note that the PR interval
can be affected by various heart conditions and medications, highlighting the importance of a comprehensive ECG
examination to identify the underlying cause of PR interval waves [85]. Combining multiple leads is usually necessary
to make an accurate diagnosis, which is vital in developing an effective treatment plan [69].
4.3. QRS complex

In a research article, the identification of the type of heart disease associated with QRS complex in a 12-lead
ECG system [86]. The significant leads for this purpose are V1 to V6, as well as II, III, and aVF. The QRS complex
is a representation of ventricular depolarization and its changes can indicate various cardiac conditions such as
ventricular hypertrophy, BBB, and MI [87]. To detect right ventricular hypertrophy, leads V1 and V2 are useful,
while left ventricular hypertrophy can be indicated by leads V5 and V6. Meanwhile, leads II, III, and aVF can provide
information on the inferior wall of the heart, where changes in the QRS complex can indicate blockages or ischemia
[88]. Morphology or shape of the QRS complex is also an important factor in identifying heart disease, with a widened
QRS complex indicating a BBB, while a narrow QRS complex suggesting a normal conduction pathway [89]. Presence
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of abnormally deep and wide Q waves may suggest a previous MI [90, 91, 92]. Therefore, an accurate diagnosis and
treatment plan require an analysis of a combination of leads and QRS complex morphology.
4.4. R-R interval

A research article examines the utility of a 12-lead ECG system for assessing the electrical activity of the heart
[93]. One key aspect of this system is the R-R interval waves, which reflect the time between consecutive R waves and
correspond to the ventricular depolarization. Alterations in the R-R interval can serve as indicators of various cardiac
conditions, including tachycardia, bradycardia, and arrhythmias. The analysis of the R-R interval can be performed
using any of the 12 leads, although lead II and lead V1 are commonly used [94]. Changes in the R-R interval may also
indicate heart blocks, such as first-degree AV block, second-degree AV block, and complete heart block. To effectively
identify the type of heart disease associated with R-R interval waves, healthcare providers must perform a meticulous
analysis of the R-R interval using a combination of leads. The R-R interval serves as a critical component of cardiac
function, allowing healthcare providers to accurately diagnose and treat a range of cardiac conditions [95].

Figure 3: Different types of wave-forms

To summarize, specific leads in a 12-lead ECG system play a significant role in identifying the type of heart disease
associated with different types of wave-forms [96]. Each waveform has its own set of significant leads shown in Figure
3. For example, P waves in leads II, III, aVL, and V1 can indicate atrial arrhythmias, while Q waves in leads I, aVL,
V5, and V6 can indicate previous MI. There are different cardiac conditions that can be indicated by T waves in leads
V2 to V5, ST segment changes in leads II, III, aVF, V1 to V6, and U waves in leads V2 to V5 [97]. Therefore, it is
crucial to understand the significance of each waveform and its associated leads in identifying the type of heart disease
present and providing appropriate treatment.

The ECG is a valuable tool in diagnosing various heart conditions. Each type of heart disease can cause unique
changes in different leads of the 12-lead ECG. For instance, CAD may produce ST-segment depression [98] or
T-wave inversion in leads II, III, aVF, V4-V6, while a heart attack may cause ST-segment elevation in leads II,
III, and aVF (inferior MI) or leads V1-V4 (anterior MI). Heart failure may exhibit non-specific changes like left
ventricular hypertrophy or left BBB [99, 100, 101]. Meanwhile, arrhythmias can produce irregular or abnormal P
waves, widened QRS complexes, or absent or abnormal T waves. AF may produce an irregular rhythm, absent P waves,
and rapid ventricular response. Other heart conditions, such as heart valve disease, cardiomyopathy, congenital heart
defects, pericarditis, and pulmonary hypertension, also cause different ECG changes [102, 103, 104]. It is important to
emphasize that only trained healthcare professionals should interpret ECGs and that ECG changes can vary in different
individuals and in different stages of the disease.
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Figure 4: Cardiac Territory Mapping for Early Detection of Heart Abnormalities

5. Mapping cardiac territory: anterior, lateral, inferior, and septal leads for heart
abnormalities
Proper placement and interpretation of leads are critical for accurate diagnosis and management of cardiac

conditions. Anterior wall infarction rarely occurs in isolation and is often associated with infarcts of the septum, lateral
wall, or both. The anterior wall is represented by leads V3 and V4 [105]. If both the anterior wall and the septum are
affected, the infarct changes will appear in leads V1 to V4, known as an anteroseptal acute MI [106, 107, 108]. In cases
where the infarct affects both the anterior and lateral walls (anterolateral AMI), changes will appear in V3 to V6 and
possibly I and aVL. The lateral leads I, aVL, V5, V6 are placed on the left side of the chest and are essential in detecting
abnormalities in the left ventricle, such as left ventricular hypertrophy and acute MI [109, 110]. The inferior leads II,
III, aVF are placed on the lower part of the chest and are helpful in detecting abnormalities in the right ventricle and
inferior wall of the left ventricle, including RVI [111, 112]. Finally, the septal leads V1, V2 are placed on the front of
the chest and are crucial in detecting abnormalities in the septum [113], such as septal hypertrophy or septal infarction.
The appropriate use and interpretation of these leads shown in Figure 4 (a) in the 12-lead ECG that can contribute
to the accurate diagnosis and management of various cardiac conditions and also the specification for the mapping is
illustrated in the Figure 4 (b).

In the field of electrocardiography, specific leads can be used to diagnose and manage different types of MI. The
right-sided leads, which include V4R, V5R, and V6R, can show ST elevation in a right-side infarct. The posterior leads,
V7, V8, and V9, are used to diagnose a posterior acute MI [114]. Criteria for RVI include IWMI [115], ST segment
elevation greater in lead III than II, ST elevation in V1 (possibly extending to V5 to V6), ST depression [116] in V2,
and more than 1 mm of ST elevation in the right-sided leads (V4R to V6R). Most RVIs occur in conjunction with
inferior wall MI [117]. If ST segment elevation is seen in II, III, and aVF, as well as V1, the most probable explanation
is an RVI. The treatment of an RVI is very different from that of a left ventricular infarction, and the diagnostic criteria
should be carefully considered in treatment decisions.

6. Lead-specific patterns in diagnosing cardiac conditions
In general, premature ventricular contractions (PVCs) are best visualized in leads V1 to V3, which are located in the

right ventricular outflow tract and the septal region of the heart where PVCs often originate [118, 119, 120, 121, 122].
Lead V1 is particularly useful for detecting PVCs because it has a superior view of the right ventricle.

PACs (premature atrial contractions) are visualized in Lead II that is one of the most commonly used leads in
ECG and can provide valuable information in detecting PACs [123, 124, 125, 126]. PACs are defined as one kind of
arrhythmia. Additionally, the V1 lead, positioned at the fourth intercostal space on the right side of the sternum, may
be helpful in identifying PACs originating from the right atrium. The V2 lead, positioned at the same location on the
left side of the sternum, can help identify PACs originating from the left atrium. Furthermore, the V4-V6 leads, located
on the left side of the chest, can also be useful in detecting PACs originating from the left atrium.

RBBB is best visualized in leads V1 and V2, which are located in the right ventricular outflow tract where the right
bundle branch is located. RBBB can also be seen in leads V5 and V6, which are located in the left lateral aspect of the
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heart and may show delayed R-wave progression also help to confirm the diagnosis by showing a "rabbit ears" pattern
in the QRS complex [127, 128, 129].

LBBB is properly envisioned in leads V5 and V6, which are located in the left lateral aspect of the heart where
the left bundle branch is located. LBBB is a cardiac condition characterized by the disruption of the electrical signals
that regulate the heart’s pumping function. In the diagnosis of LBBB, V1 and V6 leads are crucial, being the most
important on a standard 12-lead ECG. ECG criteria that suggest the presence of LBBB include a QRS duration greater
than or equal to 120 ms, broad and monomorphic R waves in leads I, aVL, and V6, broad and monomorphic S waves in
leads III and aVF, an absence or reduction in the size of Q waves in leads V5 and V6, and an rsR’ pattern in V1. These
electrocardiographic patterns are indicative of a disruption in the electrical signals that control the heart’s pumping
function and are essential for accurate diagnosis [130, 131, 132, 133, 134]. By considering these criteria, medical
professionals can identify LBBB and provide appropriate treatment to manage this condition.

APCs (atrial premature complexes) are best visualized in leads II, III, and aVF, which are located in the inferior
wall of the heart where the atria are located. APCs can also be seen in other leads [135, 136, 137, 138], such as V1 and
V2, but they may be more difficult to distinguish from other abnormalities in those leads. The ECG is a non-invasive
diagnostic tool that is commonly used to predict atrial premature beats (APBs). The use of different leads in ECG
has been shown to aid in the identification of APBs. Lead II, for instance, is one of the most frequently used leads
and measures the electrical activity between the right arm and the left leg, which provides a clear view of the atria.
Similarly, the V1 and V2 leads are positioned on the right and left sides of the sternum, respectively, and can detect
APBs originating from the right and left atria. The V4-V6 leads, placed on the left side of the chest, are also useful in
identifying APBs originating from the left atrium [139, 140, 141]. However, a comprehensive evaluation of a patient’s
medical history, symptoms, and physical examination is necessary to achieve an accurate diagnosis.

Ventricular ectopic beats (VEBs) are abnormal heart rhythms that can be detected using ECG, a widely-used non-
invasive diagnostic tool. ECG provides valuable information for predicting VEBs [142, 143, 144], and while each lead
in ECG offers important insights, some leads are more sensitive than others in detecting VEBs. Specifically, the V1-V3
leads located on the chest wall are highly sensitive in detecting VEBs originating from the right ventricle, whereas the
V4-V6 leads are more sensitive in detecting VEBs originating from the left ventricle. Additionally, lead II can detect
abnormal electrical activity in the ventricles, making it useful for predicting VEBs. To accurately diagnose VEBs, a
comprehensive analysis of all ECG leads is necessary.

The leads that are most useful for detecting MI are the ones that correspond to the area of the heart that is affected
by the blockage of blood flow [145, 146, 147, 148]. For example, if the blockage is in the left anterior descending artery
(LAD), which supplies blood to the anterior wall of the left ventricle, leads V1-V4 may show ST-segment elevation, Q
waves, and T-wave inversion. If the blockage is in the right coronary artery (RCA), which supplies blood to the inferior
wall of the heart, leads II, III, and aVF may show ST-segment elevation, Q waves, and T-wave inversion.

AF is best visualize in leads II, III, and aVF, which are located in the inferior wall of the heart where the atria are
located. AF can also be seen in other leads, such as V1 and V2, which may show flutter waves or irregular R-R intervals
[149, 150]. Additionally, leads V5 and V6 may show a rapid ventricular response due to the irregularity of the atrial
activity.

Table 2
Best Leads for Visualization of Different Heart Conditions

Heart Condition Best Leads for Visualization

PVCs V1,V2,V3
PACs II,V1,V2,V4,V5,V6
RBBB V1, V2,V5, V6
LBBB III,aVL,aVF,V1,V5,V6
APCs II, III, aVF,V1, V2
APBs II,V1,V2,V4,V5,V6
VEBs II,V1,V2,V3,V4,V5,V6
MI II, III, aVF, V1,V2,V3,V4
AF II, III, aVF,V1, V2, V5, V6

This Table 2 presents a comprehensive list of various heart conditions along with the optimal leads for visualizing
each of these conditions. The included heart conditions are Premature Ventricular Complexes (PVCs), Premature Atrial
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Figure 5: Data set preparation

Complexes (PACs), RBBB, LBBB, APCs, APBs, VEBs, MI, and AF. By providing the best leads for visualization of
each condition, this table can contribute to more accurate diagnoses and effective treatments for these conditions.

7. Proposed framework : specific heart disease classification framework
Based on the existing literature, we have found that the mostly used approach for classifying heart problems using

ECG signal is CNN. Because, this algorithm is well-known for processing image related data and it is reliable and
highest perfomer for predicting heart problems. Therefore, a CNN model DenseNet 201 that is configured using focal
loss and Adam optimization. The medical sector often deals with imbalanced data sets, where the normal data set
exceeds the disease data set. To address this, we adopt focal loss. Focal loss is effective for imbalance data set [151].
The Adam optimizer performs well with focal loss.The Adam technique also works efficiently for the high-dimensional
data set [152].

This research aimed to prepare a data set for heart disease prediction. To accomplish this, we combined multiple
data sets which are discussed in the data set section. We have also employed a technique to convert one-dimensional
ECG signals into two-dimensional ECG images. This conversion aids in reducing the noise of the ECG signals. The
conversion is done using Ecg-kit, where we have transformed the ECG signal waves into image format. Next, we split
the images into R-R intervals corresponding to one complete cardiac cycle. The resulting images are then stored in
separate folders for training and testing, and Lead-Specific Patterns are depicted in Figure 5. The ECG wave-to-image
generator is used for this conversion, and the heart bit segmentation is accomplished using the Ecg-kit with the Pan-
Tompkins algorithm. Finally, we split the data set in 70% for training, 20% for testing and 10% for validation purposes.

The Ecg-kit is a Python-based toolbox that offers a range of tools for the processing and analysis of ECG signals.
The toolkit includes functionalities for beat detection, heart rate variability analysis, ECG signal visualization, and ECG
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Figure 6: Proposed framework utilizing best classifier

signal processing. A noteworthy feature of Ecg-kit is its implementation of the Pan-Tompkins algorithm, a widely used
algorithm for detecting the QRS complex in ECG signals. This algorithm utilizes a combination of bandpass filtering,
differentiation, squaring, and integration to effectively detect the QRS complex. By leveraging this algorithm, Ecg-kit
allows users to convert ECG signals into gray scale images, which can be used for further analysis and visualization.

In light of the aforementioned background, we suggest a novel DL approach to accurately predict heart disease
from ECG signals in real-time scenarios. Specifically, our proposed method involves utilizing a CNN architecture
Densenet-201 to categorize ECG signals into ten distinct classes of heart disease data.

To ensure a diverse and comprehensive training data set, we will include unique combinations of lead data for
each heart disease class. we use leads V1-V3 for PVCs, leads II,V1,V2,V4,V5,V6 for PACs, leads V1, V2,V5, V6
for RBBB, leads III,aVL,aVF,V1,V5,V6, for LBBB, leads II, III, aVF,V1, V2 for APCs, leads II,V1,V2,V4,V5,V6
for APBs, leads II,V1,V2,V3,V4,V5,V6 for VEBs, leads II, III, aVF, V1-V4 for MI, leads II, III, aVF,V1, V2, V5,
V6 for AF, and leads II, III, aVF, V1-V6 for Normal (NOR). The CNN model will be trained using these segmented
images from our proposed data set that precisely classifies each image into its corresponding heart disease class. We
will evaluate the proposed model performance using several performance metrics such as precision, accuracy, recall,
and F1 score.

To demonstrate the effectiveness of our proposed model in real-time scenarios, the proposed model integrates with
12 lead ECG device that produce 12 different types of waveforms. Subsequently the ECG signals will be transformed
into images using an ECG wave to image generator. Subsequently, the images will be segmented based on the R-R
interval through heartbeats segmentation. Moreover, those split ECG images will be processed using the proposed
model, and the resulting heart disease predictions will be presented in real-time shown in Figure 6.

However, a major issue encountered in this research was the imbalance in the data set. For example, when
considering the lead aVF from the 12-Lead ECG, it was found that this lead could represent any disease. However,
certain classes such as NOR, LBB, APC, MI, and AF had pictures of aVF leads, which were not present in other classes
such as PVC, PAC, RBB, APB, and VEB. This made it difficult for the model to accurately predict diseases that did not
have aVF lead data. Due to the absence of certain types of leads in different types of heart disease classes, the use of
12-Lead ECG data as input for the model resulted in data ambiguity. To mitigate this issue, the research team applied
a threshold value of 85%. This meant that if the aVF signal was determined to be PVC, PAC, RBB, APB, or VEB with
a confidence level below 85%, the prediction would not be made, and the model would discourage misclassification.
Dealing with unknown data is a challenge in this solution, especially in the sensitive medical sector. A promising result
was obtained in our research with DenseNet 201, achieving an accuracy of 99.57%. The accuracy is assessed using
various metrics such as F1 score, precision, and recall shown in Table 3.

Based on the evaluation metrics, the classification model is exhibiting excellent performance. It is achieving high
scores for most of the classes, with precision, recall, and F1-score metrics above 0.95 for every class, indicating that
the model can accurately classify a substantial portion of instances for each class. Additionally, the accuracy metric is
almost perfect, with a score of 0.99, suggesting that the model can classify almost all instances accurately. The macro
average of precision, recall, and F1-score is 0.98, which demonstrates that the model is consistently performing well
across all classes. The weighted average is also high at 0.99, signifying that the model can correctly classify instances
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Table 3
ECG Report Heart Disease Classification Metrics

Class Precision Recall F1-score

LBB 0.98 0.98 0.98
NOR 0.99 0.99 0.99
PAC 0.95 0.97 0.96
APC 0.99 0.97 0.98
PVC 0.97 0.98 0.97
RBB 0.99 0.99 0.99
APB 0.96 0.94 0.95
MI 0.97 0.98 0.97
VEB 0.98 0.98 0.98
AF 0.98 0.97 0.98
Accuracy 0.99
Macro Avg 0.98 0.98 0.98
Weighted Avg 0.99 0.99 0.99

across all classes with similar high performance. Overall, the findings of this report suggest that the classification
model performs well and can accurately classify instances across a wide range of classes, with high precision, recall,
and F1-score metrics. This indicates that it can be utilized for automatic classification of ECG reports in real-life
medical applications.

8. Conclusion
Heart disease is a major global public health issue, particularly in low-income countries where there is a shortage

of qualified cardiologists. The ECG is the primary diagnostic tool for heart disease, but interpreting ECG reports can
be time-consuming and costly, requiring the expertise of a qualified cardiologist. To address this issue, automated
ECG signal interpretation is necessary, and this article has made a comprehensive review of the existing literature,
including popular datasets and tools and techniques for this domain. The MIT-BIH data set, PTB database, BIDMC
data set, and PTB data set are popular for the diagnosis of heart disease. These data sets are publicly available and
easily accessible. Hence, researchers use them without any complexity. Moreover, CNN, LSTM, BiLSTM, CNN-
LSTM, CNN-BiLSTM are widely applied approaches to incorporate the issue of detecting heart disease. Therefore,
based on these observations, we have proposed a framework that considers the 12-lead ECG, the different types of
leads, wave patterns, and their relationship with heart disease. The proposed framework has the potential to improve
the diagnosis and management of heart disease by enabling a wider range of healthcare providers and individuals to
interpret ECG reports more reliably and accurately, thus leading to earlier detection and treatment of heart disease and
improved outcomes. This study also highlights the significance of utilizing various types of leads in developing a CNN
model to minimize unknown pattern complexity. The proposed framework and observations from the existing works
contribute significantly to the field of ECG analysis and can aid in the development of more accurate diagnostic tools
for detecting heart diseases. Therefore, we recommend further research to validate and refine our proposed framework,
which is based on the existing literature, to improve automated ECG signal interpretation and ultimately contribute to
better heart disease management.
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A R T I C L E I N F O
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A B S T R A C T
Heart disease is a significant public health concern, affecting a large number of people worldwide
daily. With a shortage of qualified cardiologists, particularly in low-income countries, the
diagnosis and management of heart disease can be challenging. The electrocardiogram (ECG) is
the primary diagnostic tool for heart disease, but interpreting ECG reports requires the expertise
of a qualified cardiologist, making it time-consuming and costly. To address this issue, automated
ECG signal interpretation is necessary. Hence, this article has made an encyclopedic review of
the existing literature. The article includes demonstration of frequently utilized data sets and tools
and techniques for this domain. Therefore, a framework is proposed based on the observation of
existing works. The proposed framework aims to improve the analysis of ECG reports for both
cardiologists and non-experts. Our framework considers the 12-lead ECG, the different types of
leads, wave patterns, and their relationship with heart disease. The objective is to produce reliable
and accurate results while reducing analysis time. The proposed framework is inherent to improve
the diagnosis and management of heart disease by enabling a wider range of healthcare providers
and individuals to interpret ECG reports. This could lead to earlier detection and treatment of
heart disease, which could improve outcomes and save lives.

1. Introduction
Cardiovascular disease (CVD) is a consolidated terminology for conditions affecting heart or blood arteries [1]. A

science base organization known as Centers for Disease Control and Prevention (CDC) depits that the leading cause
of death among men, women, and individuals from various racial and ethnic backgrounds in the United States is heart
disease. 1. Accordingly, World Health Organization (WHO) declares that 17.9 million people die due to heart disease
every year 2. Unhealthy and processed food, physical sluggishness, usage of nicotine, and excessive alcohol boozing
are the major behavioral threatening elements for heart disease. These risk factors can lead to elevated levels of blood
pressure, blood glucose, blood lipids, and being overweight or obese in individuals [2]. The accumulation of fatty
substances known as atheroma in the coronary arteries can cause a blockage or disturbance in the blood flow to the
heart muscle, which can lead to the development of coronary heart disease (CHD). [3]. Heart-related illnesses include
arrhythmia, myocardial infarction (MI), sometimes known as a heart failure, angina, stroke, heart attack, etc [4, 5]. The

Abbreviations: ECG, electrocardiogram; CVD, Cardiovascular disease; CDC, Centers for Disease Control; CHD, coronary heart disease; MI,
myocardial infarction; CAD, coronary artery disease; CHF, congestive heart failure; aVR, augmented Vector Right; aVL, augmented Vector Left;
aVF, augmented Vector Foot; DL, Deep Learning; DBN, Deep Belief Network; CNN, Convolutional Neural Network; RNN, Recurrent Neural
Network; LSTM, Long-Short Term Memory; GWO, Grey Wolf Optimizer; ABC, Artificial Bee Colony; HLDA-MALO, hybrid linear discriminant
analysis with the modified ant lion optimization; GAN, Generative Adversarial Networks; BiLSTM, Bidirectional Long Short Term Memory;
KWCNN, Kernel Weight; ARR, Arrhythmia; VHD, valvular heart disease; BBB, Bundle Branch Block; HCM, Hypertrophic cardiomyopathy; DCM,
Dilated cardiomyopathy; CPSC, China physiological signal challenge; EMI, Earlier MI; SND, Sinus Node Dysfunction; TIA, Transient Ischemic
Attack; SCD, Sudden Cardiac Death; IHD, Ischemic Heart Disease; BIDMC, Beth Israel Deaconess Medical Center; PTB, Physikalisch Technische
Bundesanstalt; CUDB, Creighton University Ventricular Tachyarrhythmia Database; MIMIC-II, Multi-Parameter Intelligent Monitoring in Intensive
Care II; ML, Machine Learning; SVM, Support Vector Machine; KNN, k Nearest Neighbor; DT, Decision Tree; DGEC, deep genetic ensemble of
classifiers; J-RDA, Jaya Algorithm with Red Deer Algorithm; EEMD, Ensemble Empirical Mode Decomposition; LM, local means; PSO, particle
swarm optimization; DE, differential evolution; FFNN, Feed Forward Neural Network; RVI, Right ventricular infarction; PVC, premature ventricular
contraction; PAC, premature atrial contraction; RBBB, Right Bundle Branch Block; LBBB, Left Bundle Branch Block; APC, Atrial Premature
Complexe; APB, Atrial Premature Beat; VEBs, Ventricular Ectopic Beats; AF, atrial fibrillation.
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(a) Positions for limb leads (b) Positions for precordial leads

Figure 1: Several lead positions

irregularity of the heartbeat known as arrhythmia is linked to a higher risk of blood clots [6, 7, 8]. MI follows when
not enough blood reaches a particular area of the heart muscle [3, 9]. The longer it takes for the heart to restore proper
blood flow, the greater the harm inflicted on the heart muscle [10]. Additionally, coronary artery disease (CAD) is the
primary cause of heart attacks, while the failure of the heart to effectively pump blood throughout the body is referred
to as heart failure, which can result from the heart becoming too stiff or weak [10, 11, 12]. This condition is also known
as congestive heart failure (CHF) [13, 14].

An ECG is a rapid diagnostic tool that can be utilized to assess the heart’s electrical function and rhythm [15, 16].
In this diagnosis, sensors attached to the skin that can detect the electrical impulses that the heart produces with each
beat [17, 18, 19]. The signals are recorded by a machine, and a physician evaluates them to determine if there are
any irregularities [20]. The 12 ECG leads each reflect a unique 3-D direction of heart action where lead I, II, III,
aVF, aVR, aVL, V1, V2, V3, V4, V5, and V6 are the standard ECG leads [21, 22, 23, 24]. However, these leads are
classified into two parts such as Leads I, II, III, augmented Vector Right (aVR), augmented Vector Left (aVL), and
augmented Vector Foot (aVF) are known as limb leads Figure 1 (a) and Leads V1, V2, V3, V4, V5, and V6 are known
as precordial leads shown in Figure 1 (b) [25, 26, 27]. Nowadays, detecting heart problems using ECG has become
popular due to its reliability and accurate production of signals [28, 29, 30]. Detecting heart disease from ECG signals
can be a challenging task for medical professionals due to the time required to understand these signals, as well as
the expense associated with having qualified experts perform this task. Therefore, the development of an automated
system for detecting heart disease from ECG signals may provide a potential solution to this issue.

Several works have been incorporated to detect various CVDs by analyzing ECG signals [31, 32, 33]. A thorough
analysis has been conducted on the automated identification of CAD through the use of ECG signals [34]. This study
employed sixteen entropy measures to detect distinct latent features from ECG signals obtained from patients with CAD
and healthy individuals. In recent years, various methods such as Machine Learning (ML), Deep Learning (DL), and
hybrid approaches have been employed for heart disease classification. A review of prior research on the application
of DL for ECG diagnosis revealed the use of four standard algorithms: stacked auto-encoders, Deep Belief Network
(DBN), Convolutional Neural Network (CNN), and Recurrent Neural Network (RNN) [1]. They conducted a thorough
assessment of ECG diagnosis for accomplishing their application, including their advantages and disadvantages.
However, most of the research has concentrated on utilizing ECG signals to identify the presence of heart disease
[14, 35, 36, 37]. But the working principle of ECG signals and the signal collection procedure of 12 leads of the ECG
device are not focal points of the research. Therefore, this research aims to incorporate this issue by answering the
following research questions:

• Q1: Which data sets are available to analyze heart rate variance?
• Q2: What is the importance of the automatic classification of heart diseases, and which approaches are utilized

to incorporate this issue?
• Q3: What is the relation between heart disease and 12 lead ECG mechanisms and how do they help to predict

each distinct heart condition?
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Searching Criteria: "heart disease" AND "ECG"

Source: IEEE Transactions on Biomedical Engineering, Heart Rhythm, Circulation: Arrhythmia and Electrophysiology, Journal of
Cardiovascular Translational Research, International Journal of Cardiology, Biomedical Signal Processing, and

Control, Sensors, Pacing and Clinical Electrophysiology, Physiological Measurement, Journal of Medical Systems, Archives of
Computational Methods in Engineering, Knowledge-Based Systems, Biocybernetics and Biomedical Engineering, Google Scholar 
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Figure 2: Article search strategy

1.1. Inclusion and exclusion criteria
In this work, some search strategies are applied to find relevant research in this domain. Moreover, this article

has analyzed only recent articles to understand the updated and current techniques applied for heart disease detection.
In this study, articles that were released between 2019 and 2023 were examined. In addition, we have selected some
well-known journals based on ranking and focus on various disease detection, and the medical sector is given more
priority to extract the papers. The search strategy along with the final list of the articles are illustrated in Figure 2.

Therefore, this study incorporates the popularly utilized data sets and techniques for various CVD. After that,
the relation between heart disease and 12 lead ECG mechanisms has also been incorporated in this study. Finally, a
framework has been developed to suggest an executable approach based on the concomitant literature that is described
in the Proposed Methodology section.

2. Frequently used databases
Data is the fundamental requirement for the detection, analysis, or interpretation of any kind of disease. It is a

challenging task to detect disease without any form of information or data. There are several data sets have been built
and they are publicly available for disease detection [15, 35, 64, 65]. Moreover, some popular data sets are publicly
available for the prediction of different heart problems [38, 13, 3]. Table 1 illustrates the popular data sets used for the
detection of arrhythmia, 2 refers to the datasets that were used for some dangerous disease such as MI, heart failure,
etc. and 3 illustrate the frequently used databases that are utilized for the prediction of several heart problems.

Q1: Which data sets are available to analyze heart rate variance?
One of the most popular data sets regarding heart disease is the Massachusetts Institute of Technology-Beth Israel

Hospital (MIT-BIH) data set [39, 40, 6, 54]. There are various categories of data available in this data set such as
the MIT-BIH arrhythmia data set, MIT-BIH Normal Sinus Rhythm (NSR) data set, MIT-BIH-PhysioNet databases,
MIT-BIH Atrial Fibrillation Database (MIT-AFDB), MIT-BIH Malignant Ventricular Ectopy Database (MIT-BIH
VFDB), MIT/BIH Sudden Cardiac Death Holter (SCDH), etc [42, 13, 11, 48, 61, 49]. Among them, the MIT-BIH
arrhythmia data set is the mostly utilized database and this data set is known by several names such as the MIT-BIH
arrhythmia data set, MIT-BIH ARR data set, etc. [12, 62, 49]. However, it is observed from the existing literature that
researchers are more concerned about detecting different types of arrhythmia disease than others [7, 8, 50]. This is
why the arrhythmia data set is popular in this domain for detecting heart problems. Additionally, arrhythmia is also
referred to as AF in some articles because AF is a type of arrhythmia [41, 49, 66]. After that, MI, CHF, and SCD are
also predicted in some research using the MIT-BIH data set [3, 11, 12].
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Table 1
Different types of ECG data sets for Arrhythmia

Citation Source of Data Number of Recordings Disease Detected

[38] MIT-BIH arrhythmia 47 subjects: 25 males
and 22 females, 4000
ECG Signal

Arrhythmia

[39] MIT-BIH arrhythmia N/A Arrhythmia
[40] MIT-BIH 47 subjects Arrhythmia
[13] (MIT-BIH) ARR database, MIT-BIH

Normal, Sinus Rhythm (NSR), and
BIDMC CHF database

Total 162 records CHF, Arrhythmia (ARR)

[41] MIT-BIH Atrial Fibrillation Database N/A Atrial Fibrillation (AF)
[42] MIT-BIH arrhythmia 29 subjects Arrhythmia
[6] MIT-BIH 29 subjects Arrhythmia
[43] Numerical-sultanova,

Cleveland,
ECG-physioNet,
MIT-BIH Arrhythmia data set,
PTB Diagnostic ECG Database

N/A,
1190 people,
18,885 patients,
109446 samples,
14552 samples

Arrhythmia

[44] MIT-BIH Normal Sinus Rhythm,
MIT-BIH Arrhythmia,
BIDMC CHF database

18 (5 Males, 13 Fe-
males),
47 (25 Males, 22 Fe-
males),
15 (11 Males, 4 Fe-
males)

Arrhythmia, CHF

[11] MIT-BIH-PhysioNet databases 105 subjects Arrhythmia, CHF, sudden cardiac
death (SCD)

[45] China physiological signal challenge
(CPSC) 2018 data set

6877 recordings 9 categories of Arrhythmia

[12] MIT-BIH ARR,
MIT-BIH NSR,
BIDMC CHF

48 subjects,
18 subjects,
15 subjects

CHF, arrhythmia

[46] ECG data from wearable sensors N/A Arrhythmia
[7] MIT-BIH 1800 records Arrhythmia
[8] MIT-BIH 48 records from 47 pa-

tients
Arrhythmia

[47] MIT-BIH 47 subjects, 48 record-
ings

Arrhythmia

[48] MIT-BIH AFDB,
CUDB,
MITDB,
MIT-BIH VFDB

23 subjects,
35 subjects,
44 subjects,
22 subjects

6 types of arrhythmia

[49] MIT-BIH Normal Sinus Rhythm
(NSR-DB),
MIT-BIH Atrial Fibrillation (AF-
DB),
MIT-BIH Arrhythmia (ARR-DB)

18 records,

23 records,
48 records

AF

[50] MIT-BIH 25 subjects AF

Other heart-related problems such as heart failure, Ischemic Heart Disease (IHD), and abnormal heartbeat are
predicted in this field using several popular databases [14, 9, 51]. Hence, Beth Israel Deaconess Medical Center
(BIDMC) CHF data set is employed in some studies to detect heart failure [13, 10, 12]. After that, Physikalisch
Technische Bundesanstalt (PTB) diagnostic ECG database is utilized in various literature to detect MI, arrhythmia,
etc, [3, 43, 53]. In spite of that, there are some data sets available employed for the detection of heart problems in
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Table 2
A bunch of ECG data sets for prominent heart problems

Citation Source of Data Number of Recordings Disease Detected

[3] PTBDB, MIT-BIH database 48 records MI
[14] RR interval database, BIDMC-CHF

database, NSR-RR, Fantasia
database, MIT-BIH, NSR database

Total 156 subjects Heart failure

[9] Self-developed database (ECG De-
vice ‘EDAN SERIES-3)

1937 patients data COVID-19, Abnormal Heartbeat, MI,
Previous History of MI, and Normal
Person

[51] Self-developed 43 Patients IHD
[52] MIT-BIH arrhythmia and PTB-ECG

databases
360 subjects Heart Disease

[10] PTB diagnostic,
BIDMC CHF,
St. Petersburg,

236 patient,
15 patient,
7 patient,

MI, Normal (N), CAD, Valvular heart
disease (VHD) , Bundle Branch
Block (BBB), Hypertrophic car-
diomyopathy (HCM), Dilated car-
diomyopathy (DCM)

[53] PTB database 549 ECG records from
290 subjects

MI

[54] MIT-BIH 48 records Heartbeats
[55] Fantasia Normal database,

European ST-T database,
Collected data from IBN-AL-
NAFEES Hospital

40 subjects 40 record-
ings,
78 subjects 88 record-
ings,
30 subjects 30 record-
ings

Myocardial ischemia

[56] Cleveland data set 303 records Heart Disease
[57] PTB-XL data set 21,837 records
[58] PTB-XL database 21,837 records CVD
[59] St-Petersburg,

BIDMC CHF,
PTB Diagnostic

5 subjects 17 records,
15 subjects 15 records,
52 subjects 80 records

CAD, CHF, MI, normal

a few articles. For example, St-Petersburg, Fantasia database, Numerical-sultana, Cleveland, Creighton University
Ventricular Tachyarrhythmia Database (CUDB), European ST-T database, Multi-Parameter Intelligent Monitoring in
Intensive Care II (MIMIC-II) Waveform database, etc. are utilized in some articles to predict heart disease [48, 55, 63].
Therefore, these data sets are popularly utilized for a combination of detecting several heart diseases.

3. Observation of existing approaches
Q2: What is the importance of the automatic classification of heart diseases, and which approaches are utilized to

incorporate this issue?
Automatic classification of heart disease can help the cardiologist to save their time and they can operate more

patients within a short amount of time. Not only that, automatic diagnosis of heart problems using ECG signals can
also help the patients to acknowledge their condition before affected seriously [38, 3]. Therefore, it can also help to
diagnose accurately the heart issues since the pre-trained algorithm is trained by the existing database that helps the
models to learn the signals specifically. Moreover, the available approaches in different domains are depicted in the
subsections below.
3.1. Deep Learning

There are several techniques have been utilized to detect different heart problems in many articles such as ML
techniques, DL approaches, Ensemble methods, hybrid approaches, etc. [38, 42, 53]. Among these approaches, some
DL algorithms such as CNN, Long-Short Term Memory (LSTM), CNN-LSTM, etc. are widely used in several
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This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4464737

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



Exploring the Relationship between Cardiac Disease and Patterns of 12-Lead ECG through Neural Network: A
Comprehensive Review

Table 3
Detecting multiple heart problems using ECG data

Citation Source of Data Number of Recordings Disease Detected

[60] MIT-BIH, St.- Petersberg, PTB
databases

N/A AV nodal block (AV NB), Acute MI,
Atrial fibrilation (AF), CAD, Earlier
MI (EMI), Healthy, Sinus Node Dys-
function (SND), Transient Ischemic
Attack (TIA), BBB, Cardiomyopa-
thy, Dysrhythmia, Healthy control,
MI, Myocarditis, VHD, AFIB, Nor-
mal, P, SBR

[61] MIT/BIH-SCDH,
MIT/BIH-NSR databases

23 subjects,
18 subjects

SCD

[62] MIT-BIH Arrhythmia Database 47 subjects left bundle branch block (LBBB)
beat, right bundle branch block
(RBBB) beat, PVC beat, ventricular
flutter wave beat, nodal (junctional)
escape beat, aberrated atrial prema-
ture beat, ventricular escape beat,
and normal beat

[63] MIMIC-II 12,000 instances of 942
patients

Blood Pressure (BP)

applications to identify heart illness [39, 40, 13]. CNN is commonly applied in several studies from DL approaches to
detect heart diseases [48, 49]. An article introduced a novel neural network architecture based on recent advancements
in CNNs as a solution to create self-governing systems for diagnosing heart disease using ECG signals [38]. This
research employs 1D convolutional layers and the ReLU activation function, which produces 98.33% accuracy.

Alternatively, 1D and 2D CNN models with the same activation function are investigated to construct a robust
algorithm capable of effectively classifying the ECG signal in the presence of environmental noise [40]. The 1D
CNN and 2D CNN have achieved 97.38% and 99.02% accuracy, respectively. Another article proposed a method
for classifying multiple cardiac illnesses using a one-dimensional CNN with a modified ECG signal as input
[60]. They applied their method to three distinct data sets where the St. Petersburg data set yielded the best
accuracy of 99.71%. Moreover, CNN-based hybrid approaches are also popular in this field for classifying heart
disease [39, 13, 3, 46, 54, 12]. CNN-LSTM is a frequently used algorithm among CNN-based hybrid approaches
[41, 14, 35, 42]. An automated detection system is proposed for the detection of MI where CNN, CNN-LSTM, and
ensemble methods were applied. Among them, CNN-LSTM and ensemble techniques provided high accuracy of 99.9%
[3]. Another study suggests an automated diagnosis approach based on Deep CNN and LSTM Architecture (DCNN-
LSTM) for diagnosing CHF using ECG signals [14]. This approach has performed similarly to the previous work,
99.52%. In this study, CNN is utilized to extract deep features, while LSTM is employed to achieve the goal of detecting
CHF using the extracted features. However, another CNN-based hybrid approach known as Grey Wolf Optimizer
(GWO) Artificial Bee Colony (ABC) optimization algorithm (CNN-GWO-ABC) is proposed to detect arrhythmia
[46]. The automatic construction of CNN typology using neuro-evolution has been examined in this work. A unique
solution based on the ABC and the GWO has also been developed. The performance of this algorithm is satisfactory
but not excellent as compared to the previous study. It showed 94.27% accuracy which is less than the CNN-LSTM
approaches.

Another different hybrid strategy is suggested, and it involves a two-stage medical data classification and prediction
model [56]. If the results of the initial stage can accurately predict cardiac disease, the second stage may not be
necessary. During the first stage, data from medical sensors attached to the patient’s body was categorized, while the
second stage involved the classification of ECG images to forecast the likelihood of heart disease. To classify sensor
data, a hybrid model using Faster R-CNN with SE-ResNet-101 was used, while for ECG image classification, a hybrid
approach utilizing linear discriminant analysis with modified ant lion optimization (HLDA-MALO) was employed.
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Therefore, the performance of this approach is 98.06% in terms of accuracy. Hence, 1D CNN, 2D CNN, and CNN-
LSTM are commonly used algorithms in this field for detecting various types of heart diseases. In addition, Generative
Adversarial Networks (GAN) and LSTM (GAN-LSTM), Convolutional Capsule Networks, Resnet RNNs (ResRNN),
Bidirectional Long Short Term Memory (BiLSTM), Kernel Weight CNN (KWCNN) are also applied in few pieces of
literature for heart disease prediction from DL area [52, 10, 45]. The performance of these approaches is good but they
do not outperform the other approaches in DL [8, 47].
3.2. Machine Learning

ML based algorithms are also explored in some literature to detect heart illness such as Support Vector Machine
(SVM), k Nearest Neighbor (KNN), Decision Tree (DT), etc. [67, 52, 50, 58]. Moreover, a deep genetic ensemble
of classifiers (DGEC) is proposed that consists of three layers where SVM is used in every layer [6]. The suggested
framework comprises an ensemble of three layers (48 + 4 + 1) consisting of 12 classifiers each from the SVM (nu-
SVC, RBF), kNN, PNN, and RBFNN + 4 classifiers from the C-SVC and 1 classifier from the C-SVC. This method
performs with a 99.37% accuracy rate, which is satisfactory. But the effectiveness of the DGEC system with additional
physiologic signals and the improved method was not examined in this study. However, other SVM and fusion SVM
models are proposed to detect myocardial ischemia, arrhythmia, and CHF where they have provided 99.09% and
99.06% accuracy respectively, [44, 55]. This study proposes a novel approach for identifying myocardial ischemia
using multi-lead long-interval ECG. The method employs Choi-Williams time-frequency distribution to detect changes
in the ST and PR segments of the ECG, which are related to ischemic symptoms, to extract ST and PR features [55].
The suggested method is quick, inexpensive, and non-intrusive. Moreover, another ML model known as KNN has been
established to detect MI and it showed 99.96% accuracy by single-channel ECG signal [53]. Another study introduced a
novel technique for the detection of R-waves and, based on them, the localization of QRS complexes. It was important to
evaluate classical classifiers, hence new methods of aggregating ECG signal fragments comprising QRS segments were
created. Yet, this model’s performance falls short of expectations. It demonstrated a 90.4% accuracy rate for detecting
CVD. As a result, using ML algorithms to predict cardiac problems is not widely used. In addition, several different
algorithms, including the ridge model, Jaya Algorithm with Red Deer Algorithm (J-RDA), Ensemble Empirical Mode
Decomposition (EEMD) with local means (LM) filtering, particle swarm optimization (PSO), differential evolution
(DE), and MDD-Net, have been investigated in a few studies [68, 62, 59]. Therefore, since ECG signals are one kind
of image related data, ML techniques sometimes cannot process them properly and for that reason DL approaches are
utilized in this area.

4. Correlation between ECG leads and heart diseases
Q3: What is the relation between heart disease and 12 lead ECG mechanisms and how do they help to predict each

distinct heart condition?
The 12-lead ECG is vital for detecting and monitoring heart conditions, such as arrhythmia, CHD, and electrolyte

imbalances [69]. It records the heart’s electrical activity using 10 electrodes placed on the chest, arms, and legs,
generating 12 leads. Each lead provides a different view of the heart’s activity and is crucial for identifying specific
types of heart disease, such as right ventricular infarction (RVI) in leads V1 and V2, and lateral wall infarction in leads
V5 and V6 [70]. The 12-lead ECG is widely used for screening potential cardiac ischemia and is essential for quickly
identifying patients who have suffered a heart attack. Healthcare professionals should prioritize the number of leads
used for accurate diagnosis and treatment [71].

Every ECG lead represents multiple types of waveforms and the ECG waveform consists of several distinct
components that represent different phases of the cardiac cycle. These components include the P wave, QRS complex,
and T wave, which are all different types of waves that are important in the interpretation of ECGs. The P wave
represents atrial depolarization, the QRS complex represents ventricular depolarization, and the T wave represents
ventricular repolarization. Understanding the different types of waves in ECG can help clinicians to diagnose and
manage a variety of cardiac conditions.

Several works have been incorporated for the detection of various heart problems using ECG signals [27, 72, 32]. R
to R interval, QRS complex are different portions of an ECG signal and these portions are used for identifying different
heart problems [73, 74, 75]. However, the majority of the works utilized RR interval for several heart illnesses such
as AF, various types of arrhythmias, CAD, etc [74, 76]. Some works have utilized the QRS complex for incorporating
the issue [77, 75, 78]. An article has detected RR interval for AF detection using CNN-BiLSTM [73]. According to
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earlier clinical investigations, the Q, R, and S (QRS complex) are three deflections that reflect a single heartbeat. Its
timing and structure reveal important details about the heart’s condition. Traditional techniques for locating R peaks
include wavelet processing, frequency analysis, and digital filters that extract the local maximum value. And R peaks
indices have been shown to be important classification indicators for both human and computer-aided categorization.
In order to use their model to extract characteristics from pure ECG signals, they would only include R peaks indices
in this approach. As a result, they just applied R-R intervals to the original ECG signals in the feature extraction phase
to obtain segmentation, and the feature extraction phase will be handled by the model that was used. 0.82 F1 score is
achieved by the proposed model in this work.

In a different article, the R-Peak Engzee ECG segmentation technique was used to identify and extract features
while recording the position, duration, and quantity of R-Peaks [74]. They concentrated on R-R intervals because of
the positional invariant nature of CNN layers, the time-dependency of ECG data, and the importance of interval length
in ECG interpretation. Therefore, CNN architecture can learn the RR interval data rather than the QRS complex.
91.15% accuracy was achieved by the explainable CNN algorithm for the detection of various arrhythmia in this work.
On the contrary, the time domain ECG feature based on Feed Forward Neural Network (FFNN) and CNN provided
91.5% accuracy for the prediction of arrhythmia using the QRS complex [79]. The only portion of an ECG made up
of numerous clustered waves is the QRS complex [80]. The QRS complex consists of Q, R, and S waves and signifies
ventricular depolarization. After the QRS complex, the T wave denotes ventricular repolarization. Therefore, the QRS
complex is utilized for MI detection in research [81]. They stated that a QRS wider than usual is an indication of BBB
and ventricular hypertrophy. For that reason, it is easy to recognize MI by increased R wave amplitude, duration, and
high voltage QRS. Using CNN-BiLSTM, they achieved 99.62% accuracy. Therefore, RR interval and QRS complex
both are used for the detection of several heart problems and most of them have utilized the CNN algorithm and
CNN-based hybrid algorithms for evaluation purposes the performance is similar to each other for both RR interval
and QRS complex.
4.1. P-wave

The assessment of P-waves in a 12-lead ECG is a valuable tool for the diagnosis of heart disease [82]. Abnor-
malities in P-wave morphology, duration, and amplitude can indicate specific types of heart disease, including atrial
enlargement, AF, atrial flutter, atrial tachycardia (one kind of arrhythmia), and WPW syndrome. P-wave abnormalities
can be detected in leads II, III, aVF, V1, and V4-6, which are important for the detection of these conditions. The
morphology of P-waves in leads II, III can detect right atrial enlargement, while leads V1 and V2 can detect left atrial
enlargement. Hence, irregular P-waves are a hallmark of AF. Additionally, P-wave abnormalities are also associated
with other cardiac conditions, such as atrial flutter, atrial tachycardia, and WPW syndrome. Therefore, a comprehensive
assessment of P-wave morphology in multiple leads is essential in identifying and diagnosing various types of heart
disease related to atrial depolarization abnormalities [83].
4.2. P-R interval

The PR interval is a crucial measurement in an ECG that reflects the electrical conduction from the atria to the
ventricles of the heart [84]. Accurate interpretation of PR interval waves in a 12-lead ECG system is essential in
identifying the type of heart disease a patient may have. Specifically, Lead II, Lead III, and aVF are significant leads
that provide a view of the inferior wall of the heart, where abnormalities in the PR interval can indicate conduction
disturbances. Additionally, leads V1 to V6 offer further insight into the electrical activity of the heart’s anterior,
lateral, and posterior walls, indicating atrial enlargement or fibrillation [69]. It is important to note that the PR interval
can be affected by various heart conditions and medications, highlighting the importance of a comprehensive ECG
examination to identify the underlying cause of PR interval waves [85]. Combining multiple leads is usually necessary
to make an accurate diagnosis, which is vital in developing an effective treatment plan [69].
4.3. QRS complex

In a research article, the identification of the type of heart disease associated with QRS complex in a 12-lead
ECG system [86]. The significant leads for this purpose are V1 to V6, as well as II, III, and aVF. The QRS complex
is a representation of ventricular depolarization and its changes can indicate various cardiac conditions such as
ventricular hypertrophy, BBB, and MI [87]. To detect right ventricular hypertrophy, leads V1 and V2 are useful,
while left ventricular hypertrophy can be indicated by leads V5 and V6. Meanwhile, leads II, III, and aVF can provide
information on the inferior wall of the heart, where changes in the QRS complex can indicate blockages or ischemia
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[88]. Morphology or shape of the QRS complex is also an important factor in identifying heart disease, with a widened
QRS complex indicating a BBB, while a narrow QRS complex suggesting a normal conduction pathway [89]. Presence
of abnormally deep and wide Q waves may suggest a previous MI [90, 91, 92]. Therefore, an accurate diagnosis and
treatment plan require an analysis of a combination of leads and QRS complex morphology.
4.4. R-R interval

A research article examines the utility of a 12-lead ECG system for assessing the electrical activity of the heart
[93]. One key aspect of this system is the R-R interval waves, which reflect the time between consecutive R waves and
correspond to the ventricular depolarization. Alterations in the R-R interval can serve as indicators of various cardiac
conditions, including tachycardia, bradycardia, and arrhythmias. The analysis of the R-R interval can be performed
using any of the 12 leads, although lead II and lead V1 are commonly used [94]. Changes in the R-R interval may also
indicate heart blocks, such as first-degree AV block, second-degree AV block, and complete heart block. To effectively
identify the type of heart disease associated with R-R interval waves, healthcare providers must perform a meticulous
analysis of the R-R interval using a combination of leads. The R-R interval serves as a critical component of cardiac
function, allowing healthcare providers to accurately diagnose and treat a range of cardiac conditions [95].

Figure 3: Different types of wave-forms

To summarize, specific leads in a 12-lead ECG system play a significant role in identifying the type of heart disease
associated with different types of wave-forms [96]. Each waveform has its own set of significant leads shown in Figure
3. For example, P waves in leads II, III, aVL, and V1 can indicate atrial arrhythmias, while Q waves in leads I, aVL,
V5, and V6 can indicate previous MI. There are different cardiac conditions that can be indicated by T waves in leads
V2 to V5, ST segment changes in leads II, III, aVF, V1 to V6, and U waves in leads V2 to V5 [97]. Therefore, it is
crucial to understand the significance of each waveform and its associated leads in identifying the type of heart disease
present and providing appropriate treatment.

The ECG is a valuable tool in diagnosing various heart conditions. Each type of heart disease can cause unique
changes in different leads of the 12-lead ECG. For instance, CAD may produce ST-segment depression [98] or
T-wave inversion in leads II, III, aVF, V4-V6, while a heart attack may cause ST-segment elevation in leads II,
III, and aVF (inferior MI) or leads V1-V4 (anterior MI). Heart failure may exhibit non-specific changes like left
ventricular hypertrophy or left BBB [99, 100, 101]. Meanwhile, arrhythmias can produce irregular or abnormal P
waves, widened QRS complexes, or absent or abnormal T waves. AF may produce an irregular rhythm, absent P waves,
and rapid ventricular response. Other heart conditions, such as heart valve disease, cardiomyopathy, congenital heart
defects, pericarditis, and pulmonary hypertension, also cause different ECG changes [102, 103, 104]. It is important to
emphasize that only trained healthcare professionals should interpret ECGs and that ECG changes can vary in different
individuals and in different stages of the disease.
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Figure 4: Cardiac Territory Mapping for Early Detection of Heart Abnormalities

5. Mapping cardiac territory: anterior, lateral, inferior, and septal leads for heart
abnormalities
Proper placement and interpretation of leads are critical for accurate diagnosis and management of cardiac

conditions. Anterior wall infarction rarely occurs in isolation and is often associated with infarcts of the septum, lateral
wall, or both. The anterior wall is represented by leads V3 and V4 [105]. If both the anterior wall and the septum are
affected, the infarct changes will appear in leads V1 to V4, known as an anteroseptal acute MI [106, 107, 108]. In cases
where the infarct affects both the anterior and lateral walls (anterolateral AMI), changes will appear in V3 to V6 and
possibly I and aVL. The lateral leads I, aVL, V5, V6 are placed on the left side of the chest and are essential in detecting
abnormalities in the left ventricle, such as left ventricular hypertrophy and acute MI [109, 110]. The inferior leads II,
III, aVF are placed on the lower part of the chest and are helpful in detecting abnormalities in the right ventricle and
inferior wall of the left ventricle, including RVI [111, 112]. Finally, the septal leads V1, V2 are placed on the front of
the chest and are crucial in detecting abnormalities in the septum [113], such as septal hypertrophy or septal infarction.
The appropriate use and interpretation of these leads shown in Figure 4 (a) in the 12-lead ECG that can contribute
to the accurate diagnosis and management of various cardiac conditions and also the specification for the mapping is
illustrated in the Figure 4 (b).

In the field of electrocardiography, specific leads can be used to diagnose and manage different types of MI. The
right-sided leads, which include V4R, V5R, and V6R, can show ST elevation in a right-side infarct. The posterior leads,
V7, V8, and V9, are used to diagnose a posterior acute MI [114]. Criteria for RVI include IWMI [115], ST segment
elevation greater in lead III than II, ST elevation in V1 (possibly extending to V5 to V6), ST depression [116] in V2,
and more than 1 mm of ST elevation in the right-sided leads (V4R to V6R). Most RVIs occur in conjunction with
inferior wall MI [117]. If ST segment elevation is seen in II, III, and aVF, as well as V1, the most probable explanation
is an RVI. The treatment of an RVI is very different from that of a left ventricular infarction, and the diagnostic criteria
should be carefully considered in treatment decisions.

6. Lead-specific patterns in diagnosing cardiac conditions
In general, premature ventricular contractions (PVCs) are best visualized in leads V1 to V3, which are located in the

right ventricular outflow tract and the septal region of the heart where PVCs often originate [118, 119, 120, 121, 122].
Lead V1 is particularly useful for detecting PVCs because it has a superior view of the right ventricle.

PACs (premature atrial contractions) are visualized in Lead II that is one of the most commonly used leads in
ECG and can provide valuable information in detecting PACs [123, 124, 125, 126]. PACs are defined as one kind of
arrhythmia. Additionally, the V1 lead, positioned at the fourth intercostal space on the right side of the sternum, may
be helpful in identifying PACs originating from the right atrium. The V2 lead, positioned at the same location on the
left side of the sternum, can help identify PACs originating from the left atrium. Furthermore, the V4-V6 leads, located
on the left side of the chest, can also be useful in detecting PACs originating from the left atrium.

RBBB is best visualized in leads V1 and V2, which are located in the right ventricular outflow tract where the right
bundle branch is located. RBBB can also be seen in leads V5 and V6, which are located in the left lateral aspect of the
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heart and may show delayed R-wave progression also help to confirm the diagnosis by showing a "rabbit ears" pattern
in the QRS complex [127, 128, 129].

LBBB is properly envisioned in leads V5 and V6, which are located in the left lateral aspect of the heart where
the left bundle branch is located. LBBB is a cardiac condition characterized by the disruption of the electrical signals
that regulate the heart’s pumping function. In the diagnosis of LBBB, V1 and V6 leads are crucial, being the most
important on a standard 12-lead ECG. ECG criteria that suggest the presence of LBBB include a QRS duration greater
than or equal to 120 ms, broad and monomorphic R waves in leads I, aVL, and V6, broad and monomorphic S waves in
leads III and aVF, an absence or reduction in the size of Q waves in leads V5 and V6, and an rsR’ pattern in V1. These
electrocardiographic patterns are indicative of a disruption in the electrical signals that control the heart’s pumping
function and are essential for accurate diagnosis [130, 131, 132, 133, 134]. By considering these criteria, medical
professionals can identify LBBB and provide appropriate treatment to manage this condition.

APCs (atrial premature complexes) are best visualized in leads II, III, and aVF, which are located in the inferior
wall of the heart where the atria are located. APCs can also be seen in other leads [135, 136, 137, 138], such as V1 and
V2, but they may be more difficult to distinguish from other abnormalities in those leads. The ECG is a non-invasive
diagnostic tool that is commonly used to predict atrial premature beats (APBs). The use of different leads in ECG
has been shown to aid in the identification of APBs. Lead II, for instance, is one of the most frequently used leads
and measures the electrical activity between the right arm and the left leg, which provides a clear view of the atria.
Similarly, the V1 and V2 leads are positioned on the right and left sides of the sternum, respectively, and can detect
APBs originating from the right and left atria. The V4-V6 leads, placed on the left side of the chest, are also useful in
identifying APBs originating from the left atrium [139, 140, 141]. However, a comprehensive evaluation of a patient’s
medical history, symptoms, and physical examination is necessary to achieve an accurate diagnosis.

Ventricular ectopic beats (VEBs) are abnormal heart rhythms that can be detected using ECG, a widely-used non-
invasive diagnostic tool. ECG provides valuable information for predicting VEBs [142, 143, 144], and while each lead
in ECG offers important insights, some leads are more sensitive than others in detecting VEBs. Specifically, the V1-V3
leads located on the chest wall are highly sensitive in detecting VEBs originating from the right ventricle, whereas the
V4-V6 leads are more sensitive in detecting VEBs originating from the left ventricle. Additionally, lead II can detect
abnormal electrical activity in the ventricles, making it useful for predicting VEBs. To accurately diagnose VEBs, a
comprehensive analysis of all ECG leads is necessary.

The leads that are most useful for detecting MI are the ones that correspond to the area of the heart that is affected
by the blockage of blood flow [145, 146, 147, 148]. For example, if the blockage is in the left anterior descending artery
(LAD), which supplies blood to the anterior wall of the left ventricle, leads V1-V4 may show ST-segment elevation, Q
waves, and T-wave inversion. If the blockage is in the right coronary artery (RCA), which supplies blood to the inferior
wall of the heart, leads II, III, and aVF may show ST-segment elevation, Q waves, and T-wave inversion.

AF is best visualize in leads II, III, and aVF, which are located in the inferior wall of the heart where the atria are
located. AF can also be seen in other leads, such as V1 and V2, which may show flutter waves or irregular R-R intervals
[149, 150]. Additionally, leads V5 and V6 may show a rapid ventricular response due to the irregularity of the atrial
activity.

Table 4
Best Leads for Visualization of Different Heart Conditions

Heart Condition Best Leads for Visualization

PVCs V1,V2,V3
PACs II,V1,V2,V4,V5,V6
RBBB V1, V2,V5, V6
LBBB III,aVL,aVF,V1,V5,V6
APCs II, III, aVF,V1, V2
APBs II,V1,V2,V4,V5,V6
VEBs II,V1,V2,V3,V4,V5,V6
MI II, III, aVF, V1,V2,V3,V4
AF II, III, aVF,V1, V2, V5, V6

This Table 4 presents a comprehensive list of various heart conditions along with the optimal leads for visualizing
each of these conditions. The included heart conditions are Premature Ventricular Complexes (PVCs), Premature Atrial
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Figure 5: Data set preparation

Complexes (PACs), RBBB, LBBB, APCs, APBs, VEBs, MI, and AF. By providing the best leads for visualization of
each condition, this table can contribute to more accurate diagnoses and effective treatments for these conditions.

7. Proposed framework : specific heart disease classification framework
Based on the existing literature, we have found that the mostly used approach for classifying heart problems using

ECG signal is CNN. Because, this algorithm is well-known for processing image related data and it is reliable and
highest perfomer for predicting heart problems. Therefore, a CNN model DenseNet 201 that is configured using focal
loss and Adam optimization. The medical sector often deals with imbalanced data sets, where the normal data set
exceeds the disease data set. To address this, we adopt focal loss. Focal loss is effective for imbalance data set [151].
The Adam optimizer performs well with focal loss.The Adam technique also works efficiently for the high-dimensional
data set [152].

This research aimed to prepare a data set for heart disease prediction. To accomplish this, we combined multiple
data sets which are discussed in the data set section. We have also employed a technique to convert one-dimensional
ECG signals into two-dimensional ECG images. This conversion aids in reducing the noise of the ECG signals. The
conversion is done using Ecg-kit, where we have transformed the ECG signal waves into image format. Next, we split
the images into R-R intervals corresponding to one complete cardiac cycle. The resulting images are then stored in
separate folders for training and testing, and Lead-Specific Patterns are depicted in Figure 5. The ECG wave-to-image
generator is used for this conversion, and the heart bit segmentation is accomplished using the Ecg-kit with the Pan-
Tompkins algorithm. Finally, we split the data set in 70% for training, 20% for testing and 10% for validation purposes.

The Ecg-kit is a Python-based toolbox that offers a range of tools for the processing and analysis of ECG signals.
The toolkit includes functionalities for beat detection, heart rate variability analysis, ECG signal visualization, and ECG
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Figure 6: Proposed framework utilizing best classifier

signal processing. A noteworthy feature of Ecg-kit is its implementation of the Pan-Tompkins algorithm, a widely used
algorithm for detecting the QRS complex in ECG signals. This algorithm utilizes a combination of bandpass filtering,
differentiation, squaring, and integration to effectively detect the QRS complex. By leveraging this algorithm, Ecg-kit
allows users to convert ECG signals into gray scale images, which can be used for further analysis and visualization.

In light of the aforementioned background, we suggest a novel DL approach to accurately predict heart disease
from ECG signals in real-time scenarios. Specifically, our proposed method involves utilizing a CNN architecture
Densenet-201 to categorize ECG signals into ten distinct classes of heart disease data.

To ensure a diverse and comprehensive training data set, we will include unique combinations of lead data for
each heart disease class. we use leads V1-V3 for PVCs, leads II,V1,V2,V4,V5,V6 for PACs, leads V1, V2,V5, V6
for RBBB, leads III,aVL,aVF,V1,V5,V6, for LBBB, leads II, III, aVF,V1, V2 for APCs, leads II,V1,V2,V4,V5,V6
for APBs, leads II,V1,V2,V3,V4,V5,V6 for VEBs, leads II, III, aVF, V1-V4 for MI, leads II, III, aVF,V1, V2, V5,
V6 for AF, and leads II, III, aVF, V1-V6 for Normal (NOR). The CNN model will be trained using these segmented
images from our proposed data set that precisely classifies each image into its corresponding heart disease class. We
will evaluate the proposed model performance using several performance metrics such as precision, accuracy, recall,
and F1 score.

To demonstrate the effectiveness of our proposed model in real-time scenarios, the proposed model integrates with
12 lead ECG device that produce 12 different types of waveforms. Subsequently the ECG signals will be transformed
into images using an ECG wave to image generator. Subsequently, the images will be segmented based on the R-R
interval through heartbeats segmentation. Moreover, those split ECG images will be processed using the proposed
model, and the resulting heart disease predictions will be presented in real-time shown in Figure 6.

However, a major issue encountered in this research was the imbalance in the data set. For example, when
considering the lead aVF from the 12-Lead ECG, it was found that this lead could represent any disease. However,
certain classes such as NOR, LBB, APC, MI, and AF had pictures of aVF leads, which were not present in other classes
such as PVC, PAC, RBB, APB, and VEB. This made it difficult for the model to accurately predict diseases that did not
have aVF lead data. Due to the absence of certain types of leads in different types of heart disease classes, the use of
12-Lead ECG data as input for the model resulted in data ambiguity. To mitigate this issue, the research team applied
a threshold value of 85%. This meant that if the aVF signal was determined to be PVC, PAC, RBB, APB, or VEB with
a confidence level below 85%, the prediction would not be made, and the model would discourage misclassification.
Dealing with unknown data is a challenge in this solution, especially in the sensitive medical sector. A promising result
was obtained in our research with DenseNet 201, achieving an accuracy of 99.57%. The accuracy is assessed using
various metrics such as F1 score, precision, and recall shown in Table 5.

Based on the evaluation metrics, the classification model is exhibiting excellent performance. It is achieving high
scores for most of the classes, with precision, recall, and F1-score metrics above 0.95 for every class, indicating that
the model can accurately classify a substantial portion of instances for each class. Additionally, the accuracy metric is
almost perfect, with a score of 0.99, suggesting that the model can classify almost all instances accurately. The macro
average of precision, recall, and F1-score is 0.98, which demonstrates that the model is consistently performing well
across all classes. The weighted average is also high at 0.99, signifying that the model can correctly classify instances
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Table 5
ECG Report Heart Disease Classification Metrics

Class Precision Recall F1-score

LBB 0.98 0.98 0.98
NOR 0.99 0.99 0.99
PAC 0.95 0.97 0.96
APC 0.99 0.97 0.98
PVC 0.97 0.98 0.97
RBB 0.99 0.99 0.99
APB 0.96 0.94 0.95
MI 0.97 0.98 0.97
VEB 0.98 0.98 0.98
AF 0.98 0.97 0.98
Accuracy 0.99
Macro Avg 0.98 0.98 0.98
Weighted Avg 0.99 0.99 0.99

across all classes with similar high performance. Overall, the findings of this report suggest that the classification
model performs well and can accurately classify instances across a wide range of classes, with high precision, recall,
and F1-score metrics. This indicates that it can be utilized for automatic classification of ECG reports in real-life
medical applications.

8. Conclusion
Heart disease is a major global public health issue, particularly in low-income countries where there is a shortage

of qualified cardiologists. The ECG is the primary diagnostic tool for heart disease, but interpreting ECG reports can
be time-consuming and costly, requiring the expertise of a qualified cardiologist. To address this issue, automated
ECG signal interpretation is necessary, and this article has made a comprehensive review of the existing literature,
including popular datasets and tools and techniques for this domain. The MIT-BIH data set, PTB database, BIDMC
data set, and PTB data set are popular for the diagnosis of heart disease. These data sets are publicly available and
easily accessible. Hence, researchers use them without any complexity. Moreover, CNN, LSTM, BiLSTM, CNN-
LSTM, CNN-BiLSTM are widely applied approaches to incorporate the issue of detecting heart disease. Therefore,
based on these observations, we have proposed a framework that considers the 12-lead ECG, the different types of
leads, wave patterns, and their relationship with heart disease. The proposed framework has the potential to improve
the diagnosis and management of heart disease by enabling a wider range of healthcare providers and individuals to
interpret ECG reports more reliably and accurately, thus leading to earlier detection and treatment of heart disease and
improved outcomes. This study also highlights the significance of utilizing various types of leads in developing a CNN
model to minimize unknown pattern complexity. The proposed framework and observations from the existing works
contribute significantly to the field of ECG analysis and can aid in the development of more accurate diagnostic tools
for detecting heart diseases. Therefore, we recommend further research to validate and refine our proposed framework,
which is based on the existing literature, to improve automated ECG signal interpretation and ultimately contribute to
better heart disease management.

References
[1] X. Liu, H. Wang, Z. Li, L. Qin, Deep learning in ecg diagnosis: A review, Knowledge-Based Systems 227 (2021) 107187.
[2] U. R. Acharya, Y. Hagiwara, J. E. W. Koh, S. L. Oh, J. H. Tan, M. Adam, R. S. Tan, Entropies for automated detection of coronary artery

disease using ecg signals: A review, Biocybernetics and Biomedical Engineering 38 (2018) 373–384.
[3] H. Rai, K. Chatterjee, Hybrid cnn-lstm deep learning model and ensemble technique for automatic detection of myocardial infarction using

big ecg data, Applied Intelligence 52 (2022) 1–19.
[4] N. Hirota, S. Suzuki, T. Arita, N. Yagi, T. Otsuka, M. Kishi, H. Semba, H. Kano, S. Matsuno, Y. Kato, et al., Prediction of current and new

development of atrial fibrillation on electrocardiogram with sinus rhythm in patients without structural heart disease, International Journal
of Cardiology 327 (2021) 93–99.

Abu Sufiun et al.: Preprint submitted to Elsevier Page 14 of 20

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4464737

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



Exploring the Relationship between Cardiac Disease and Patterns of 12-Lead ECG through Neural Network: A
Comprehensive Review

[5] A. S. Vischer, S. Castelletti, P. Syrris, R. Bastiaenen, C. Miles, D. Akdis, K. Denhaerynck, D. Jacoby, A. M. Saguner, A. D. Krahn, et al., Risk
score for the exclusion of arrhythmic events in arrhythmogenic right ventricular cardiomyopathy at first presentation, International Journal
of Cardiology 290 (2019) 100–105.

[6] P. Pławiak, U. R. Acharya, Novel deep genetic ensemble of classifiers for arrhythmia detection using ecg signals, Neural Computing and
Applications 32 (2020) 11137–11161.

[7] S. Sanamdikar, S. Hamde, V. Asutkar, Classification and analysis of cardiac arrhythmia based on incremental support vector regression on
iot platform, Biomedical Signal Processing and Control 64 (2021) 102324.

[8] Y. Xia, Y. Xu, P. Chen, J. Zhang, Y. Zhang, Generative adversarial network with transformer generator for boosting ecg classification,
Biomedical Signal Processing and Control 80 (2023) 104276.

[9] A. H. Khan, M. Hussain, M. K. Malik, Ecg images dataset of cardiac and covid-19 patients, Data in Brief 34 (2021) 106762.
[10] I. El Boujnouni, B. Harouchi, A. Tali, S. Rachafi, Y. Laaziz, Automatic diagnosis of cardiovascular diseases using wavelet feature extraction

and convolutional capsule network, Biomedical Signal Processing and Control 81 (2023) 104497.
[11] M. S. Haleem, R. Castaldo, S. M. Pagliara, M. Petretta, M. Salvatore, M. Franzese, L. Pecchia, Time adaptive ecg driven cardiovascular

disease detector, Biomedical Signal Processing and Control 70 (2021) 102968.
[12] A. S. Eltrass, M. B. Tayel, A. I. Ammar, A new automated cnn deep learning approach for identification of ecg congestive heart failure and

arrhythmia using constant-q non-stationary gabor transform, Biomedical Signal Processing and Control 65 (2021) 102326.
[13] A. S. Eltrass, M. B. Tayel, A. I. Ammar, A new automated cnn deep learning approach for identification of ecg congestive heart failure and

arrhythmia using constant-q non-stationary gabor transform, Biomedical Signal Processing and Control 65 (2021) 102326.
[14] S. Kusuma, K. Jothi, Ecg signals-based automated diagnosis of congestive heart failure using deep cnn and lstm architecture, Biocybernetics

and Biomedical Engineering 42 (2022) 247–257.
[15] J. Zhu, J. Lv, D. Kong, Cnn-fws: A model for the diagnosis of normal and abnormal ecg with feature adaptive, Entropy 24 (2022).
[16] L. E. V. Silva, H. T. Moreira, M. M. M. Bernardo, A. Schmidt, M. M. D. Romano, H. C. Salgado, R. Fazan, R. Tinós, J. A. Marin-Neto,

Prediction of echocardiographic parameters in chagas disease using heart rate variability and machine learning, Biomedical Signal Processing
and Control 67 (2021) 102513.

[17] A. Anand, T. Kadian, M. K. Shetty, A. Gupta, Explainable ai decision model for ecg data of cardiac disorders, Biomedical Signal Processing
and Control 75 (2022) 103584.

[18] D. Wang, L. Qiu, W. Zhu, Y. Dong, H. Zhang, Y. Chen, lirong Wang, Inter-patient ecg characteristic wave detection based on convolutional
neural network combined with transformer, Biomedical Signal Processing and Control 81 (2023) 104436.

[19] J. Wu, L. Huang, A. Wu, J. Xu, Z. Wu, M. Le, C. Jiang, H. Wu, Risk factors and characteristics of new-onset coronary heart disease in adults
with physical disabilities: A retrospective cohort study, Heliyon 9 (2023).

[20] Q. H. Nguyen, B. P. Nguyen, T. B. Nguyen, T. T. Do, J. F. Mbinta, C. R. Simpson, Stacking segment-based cnn with svm for recognition of
atrial fibrillation from single-lead ecg recordings, Biomedical Signal Processing and Control 68 (2021) 102672.

[21] B. C. Clark, S. R. Ceresnak, R. H. Pass, L. Nappo, K. Sumihara, A. M. Dubin, K. Motonaga, J. P. Moak, Can the 12-lead ecg distinguish
rvot from aortic cusp pvcs in pediatric patients?, Pacing and Clinical Electrophysiology 43 (2020) 308–313.

[22] M. Pachón, M. A. Arias, Ó. Salvador-Montañés, D. Calvo, P. Peñafiel, A. Puchol, C. Martín-Sierra, F. Akerström, N. Pachón, L. Rodríguez-
Padial, et al., A scoring algorithm for the accurate differential diagnosis of regular wide qrs complex tachycardia, Pacing and Clinical
Electrophysiology 42 (2019) 625–633.

[23] D. Duman, İ. Ertuğrul, I. Yıldırım Baştuhan, H. H. Aykan, T. Karagöz, Empiric slow-pathway ablation results for presumed atrioventricular
nodal reentrant tachycardia in pediatric patients, Pacing and Clinical Electrophysiology 44 (2021) 1200–1206.

[24] L. Riedlbauchová, T. Adla, V. Suchánek, M. Ložek, J. Tomis, J. Hozman, V. Tomek, J. Veselka, J. Janoušek, Is left bundle branch block
pattern on the ecg caused by variable ventricular activation sequence?, Pacing and Clinical Electrophysiology 43 (2020) 486–494.

[25] Z. Zhu, X. Lan, T. Zhao, Y. Guo, P. Kojodjojo, Z. Xu, Z. Liu, S. Liu, H. Wang, X. Sun, et al., Identification of 27 abnormalities from
multi-lead ecg signals: An ensembled se_resnet framework with sign loss function, Physiological Measurement 42 (2021) 065008.

[26] S. Jiménez-Serrano, M. Rodrigo, C. J. Calvo, J. Millet, F. Castells, From 12 to 1 ecg lead: multiple cardiac condition detection mixing a
hybrid machine learning approach with a one-versus-rest classification strategy, Physiological Measurement 43 (2022) 064003.

[27] Z. Xu, Y. Guo, T. Zhao, Y. Zhao, Z. Liu, X. Sun, G. Xie, Y. Li, Abnormality classification from electrocardiograms with various lead
combinations, Physiological Measurement 43 (2022) 074002.

[28] Z. Zhao, D. Murphy, H. Gifford, S. Williams, A. Darlington, S. D. Relton, H. Fang, D. C. Wong, Analysis of an adaptive lead weighted resnet
for multiclass classification of 12-lead ecgs, Physiological Measurement 43 (2022) 034001.

[29] P. Fonseca, N. Den Teuling, X. Long, R. M. Aarts, A comparison of probabilistic classifiers for sleep stage classification, Physiological
measurement 39 (2018) 055001.

[30] H. Phan, K. Mikkelsen, Automatic sleep staging of eeg signals: recent development, challenges, and future directions, Physiological
Measurement (2022).

[31] D. R. Quast, T. Hummel, A. Wutzler, J. J. Meier, Improvement of peripheral microcirculation after cardioversion of atrial fibrillation, Pacing
and Clinical Electrophysiology 42 (2019) 830–835.

[32] C. G. Vázquez, A. Breuss, O. Gnarra, J. Portmann, A. Madaffari, G. Da Poian, Label noise and self-learning label correction in cardiac
abnormalities classification, Physiological measurement 43 (2022) 094001.

[33] H. V. Denysyuk, R. J. Pinto, P. M. Silva, R. P. Duarte, F. A. Marinho, L. Pimenta, A. J. Gouveia, N. J. Gonçalves, P. J. Coelho, E. Zdravevski,
et al., Algorithms for automated diagnosis of cardiovascular diseases based on ecg data: A comprehensive systematic review, Heliyon (2023).

[34] A. Kumar, R. Komaragiri, M. Kumar, A review on computation methods used in photoplethysmography signal analysis for heart rate
estimation, Archives of Computational Methods in Engineering 29 (2022) 921–940.

[35] D. Jeong, K. Lim, Combined deep cnn–lstm network-based multitasking learning architecture for noninvasive continuous blood pressure
estimation using difference in ecg-ppg features, Scientific Reports 11 (2021) 13539.

Abu Sufiun et al.: Preprint submitted to Elsevier Page 15 of 20

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4464737

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



Exploring the Relationship between Cardiac Disease and Patterns of 12-Lead ECG through Neural Network: A
Comprehensive Review

[36] E. Osei, T. P. Mashamba-Thompson, Mobile health applications for disease screening and treatment support in low-and middle-income
countries: A narrative review, Heliyon 7 (2021) e06639.

[37] M. H. Pérez, D. C. L. Medina, M. L. Hoyos, P. R. Zapata, Depression and the risk of adverse outcomes at 5 years in patients with coronary
heart disease, Heliyon 6 (2020) e05425.

[38] R. Avanzato, F. Beritelli, Automatic ecg diagnosis using convolutional neural network, Electronics 9 (2020).
[39] A. Kumar, S. Kumar, V. Dutt, A. K. Dubey, V. García-Díaz, Iot-based ecg monitoring for arrhythmia classification using coyote grey wolf

optimization-based deep learning cnn classifier, Biomedical Signal Processing and Control 76 (2022) 103638.
[40] A. Ullah, S. u. Rehman, S. Tu, R. M. Mehmood, Fawad, M. Ehatisham-ul haq, A hybrid deep cnn model for abnormal arrhythmia detection

based on cardiac ecg signal, Sensors 21 (2021).
[41] G. Petmezas, K. Haris, L. Stefanopoulos, V. Kilintzis, A. Tzavelis, J. A. Rogers, A. K. Katsaggelos, N. Maglaveras, Automated atrial

fibrillation detection using a hybrid cnn-lstm network on imbalanced ecg datasets, Biomedical Signal Processing and Control 63 (2021)
102194.

[42] W. Zeng, B. Su, Y. Chen, C. Yuan, Arrhythmia detection using tqwt, ceemd and deep cnn-lstm neural networks with ecg signals, Multimedia
Tools and Applications (2022) 1–29.

[43] R. Sonawane, H. Patil, Automated heart disease prediction model by hybrid heuristic-based feature optimization and enhanced clustering,
Biomedical Signal Processing and Control 72 (2022) 103260.

[44] S. Nahak, A. Pathak, G. Saha, Evaluation of handcrafted features and learned representations for the classification of arrhythmia and
congestive heart failure in ecg, Biomedical Signal Processing and Control 79 (2023) 104230.

[45] S. Dhyani, A. Kumar, S. Choudhury, Arrhythmia disease classification utilizing resrnn, Biomedical Signal Processing and Control 79 (2023)
104160.

[46] M. Karthiga, V. Santhi, S. Sountharrajan, Hybrid optimized convolutional neural network for efficient classification of ecg signals in
healthcare monitoring, Biomedical Signal Processing and Control 76 (2022) 103731.

[47] R. Thirrunavukkarasu, T. Meera Devi, Shannon entropy morlet wavelet transform (semwt) and kernel weight convolutional neural network
(kwcnn) classifier for arrhythmia in electrocardiogram recordings, Biomedical Signal Processing and Control 78 (2022) 103992.

[48] B. M. Mathunjwa, Y.-T. Lin, C.-H. Lin, M. F. Abbod, J.-S. Shieh, Ecg arrhythmia classification by using a recurrence plot and convolutional
neural network, Biomedical Signal Processing and Control 64 (2021) 102262.

[49] J. Ramesh, Z. Solatidehkordi, R. Aburukba, A. Sagahyroon, Atrial fibrillation classification with smart wearables using short-term heart rate
variability and deep convolutional neural networks, Sensors 21 (2021).

[50] Y. Yue, C. Chen, P. Liu, Y. Xing, X. Zhou, Automatic detection of short-term atrial fibrillation segments based on frequency slice wavelet
transform and machine learning techniques, Sensors 21 (2021).

[51] M. Kania, R. Maniewski, R. Zaczek, M. Kobylecka, H. Zavala-Fernandez, L. Królicki, G. Opolski, Optimal ecg lead system for exercise
assessment of ischemic heart disease, Journal of Cardiovascular Translational Research 13 (2020) 758–768.

[52] A. Rath, D. Mishra, G. Panda, S. C. Satapathy, Heart disease detection using deep learning methods from imbalanced ecg samples, Biomedical
Signal Processing and Control 68 (2021) 102820.

[53] B. Fatimah, P. Singh, A. Singhal, D. Pramanick, P. S., R. B. Pachori, Efficient detection of myocardial infarction from single lead ecg signal,
Biomedical Signal Processing and Control 68 (2021) 102678.

[54] Z. Yan, J. Zhou, W.-F. Wong, Energy efficient ecg classification with spiking neural network, Biomedical Signal Processing and Control 63
(2021) 102170.

[55] A. F. Hussein, S. J. Hashim, F. Z. Rokhani, W. A. Wan Adnan, An automated high-accuracy detection scheme for myocardial ischemia based
on multi-lead long-interval ecg and choi-williams time-frequency analysis incorporating a multi-class svm classifier, Sensors 21 (2021).

[56] S. Manimurugan, S. Almutairi, M. M. Aborokbah, C. Narmatha, S. Ganesan, N. Chilamkurti, R. A. Alzaheb, H. Almoamari, Two-stage
classification model for the prediction of heart disease using iomt and artificial intelligence, Sensors 22 (2022).

[57] K. Pałczyński, S. Śmigiel, D. Ledziński, S. Bujnowski, Study of the few-shot learning for ecg classification based on the ptb-xl dataset,
Sensors 22 (2022).

[58] S. Śmigiel, Ecg classification using orthogonal matching pursuit and machine learning, Sensors 22 (2022).
[59] G. Zhang, Y. Si, W. Yang, D. Wang, A robust multilevel dwt densely network for cardiovascular disease classification, Sensors 20 (2020).
[60] N. I. Hasan, A. Bhattacharjee, Deep learning approach to cardiovascular disease classification employing modified ecg signal from empirical

mode decomposition, Biomedical Signal Processing and Control 52 (2019) 128–140.
[61] J. R. Velázquez-González, H. Peregrina-Barreto, J. J. Rangel-Magdaleno, J. M. Ramirez-Cortes, J. P. Amezquita-Sanchez, Ecg-based

identification of sudden cardiac death through sparse representations, Sensors 21 (2021).
[62] J. C. Carrillo-Alarcón, L. A. Morales-Rosales, H. Rodríguez-Rángel, M. Lobato-Báez, A. Muñoz, I. Algredo-Badillo, A metaheuristic

optimization approach for parameter estimation in arrhythmia classification from unbalanced data, Sensors 20 (2020).
[63] S. Mahmud, N. Ibtehaz, A. Khandakar, A. M. Tahir, T. Rahman, K. R. Islam, M. S. Hossain, M. S. Rahman, F. Musharavati, M. A. Ayari,

M. T. Islam, M. E. H. Chowdhury, A shallow u-net architecture for reliably predicting blood pressure (bp) from photoplethysmogram (ppg)
and electrocardiogram (ecg) signals, Sensors 22 (2022).

[64] M. U. Zahid, S. Kiranyaz, M. Gabbouj, Global ecg classification by self-operational neural networks with feature injection, IEEE Transactions
on Biomedical Engineering 70 (2023) 205–215.

[65] M. Martins, P. Gomes, C. Oliveira, M. Coimbra, H. P. da Silva, Design and evaluation of a diaphragm for electrocardiography in electronic
stethoscopes, IEEE Transactions on Biomedical Engineering 67 (2020) 391–398.

[66] J. S. Burma, A. P. Lapointe, A. Soroush, I. K. Oni, J. D. Smirl, J. F. Dunn, The validity and reliability of an open source biosensing board to
quantify heart rate variability, Heliyon 7 (2021) e07148.

[67] L. Wang, N. Javadekar, A. Rajagopalan, N. M. Rogovoy, K. T. Haq, C. S. Broberg, L. G. Tereshchenko, Eligibility for subcutaneous
implantable cardioverter-defibrillator in congenital heart disease, Heart rhythm 17 (2020) 860–869.

Abu Sufiun et al.: Preprint submitted to Elsevier Page 16 of 20

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4464737

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



Exploring the Relationship between Cardiac Disease and Patterns of 12-Lead ECG through Neural Network: A
Comprehensive Review

[68] M. Sraitih, Y. Jabrane, A denoising performance comparison based on ecg signal decomposition and local means filtering, Biomedical Signal
Processing and Control 69 (2021) 102903.

[69] C. S. Kwok, M. Rashid, R. Beynon, D. Barker, A. Patwala, A. Morley-Davies, D. Satchithananda, J. Nolan, P. K. Myint, I. Buchan, et al.,
Prolonged pr interval, first-degree heart block and adverse cardiovascular outcomes: a systematic review and meta-analysis, Heart 102 (2016)
672–680.

[70] M. Waibel, Demystifying the art of interpretation, European Journal of International Law 22 (2011) 571–588.
[71] S. W. Glickman, F. S. Shofer, M. C. Wu, M. J. Scholer, A. Ndubuizu, E. D. Peterson, C. B. Granger, C. B. Cairns, L. T. Glickman, Development

and validation of a prioritization rule for obtaining an immediate 12-lead electrocardiogram in the emergency department to identify st-
elevation myocardial infarction, American heart journal 163 (2012) 372–382.

[72] C. Nakayama, K. Fujiwara, Y. Sumi, M. Matsuo, M. Kano, H. Kadotani, Obstructive sleep apnea screening by heart rate variability-based
apnea/normal respiration discriminant model, Physiological measurement 40 (2019) 125001.

[73] J. Wang, W. Li, Atrial fibrillation detection and ecg classification based on cnn-bilstm, arXiv preprint arXiv:2011.06187 (2020).
[74] B. M. Maweu, S. Dakshit, R. Shamsuddin, B. Prabhakaran, Cefes: A cnn explainable framework for ecg signals, Artificial Intelligence in

Medicine 115 (2021) 102059.
[75] S. Zhou, B. Tan, Electrocardiogram soft computing using hybrid deep learning cnn-elm, Applied Soft Computing 86 (2020) 105778.
[76] R. Banerjee, A. Ghose, K. Muthana Mandana, A hybrid cnn-lstm architecture for detection of coronary artery disease from ecg, in: 2020

International Joint Conference on Neural Networks (IJCNN), 2020, pp. 1–8. doi:10.1109/IJCNN48605.2020.9207044.
[77] X. Xu, S. Jeong, J. Li, Interpretation of electrocardiogram (ecg) rhythm by combined cnn and bilstm, IEEE Access 8 (2020) 125380–125388.
[78] M. S. Nawaz, B. Shoaib, M. A. Ashraf, Intelligent cardiovascular disease prediction empowered with gradient descent optimization, Heliyon

7 (2021) e06948.
[79] J. Cai, G. Zhou, M. Dong, X. Hu, G. Liu, W. Ni, Real-time arrhythmia classification algorithm using time-domain ecg feature based on ffnn

and cnn, Mathematical problems in engineering 2021 (2021) 1–17.
[80] D. W. Feyisa, T. G. Debelee, Y. M. Ayano, S. R. Kebede, T. F. Assore, Lightweight multireceptive field cnn for 12-lead ecg signal

classification, Computational Intelligence and Neuroscience 2022 (2022).
[81] M. Dey, N. Omar, M. A. Ullah, Temporal feature-based classification into myocardial infarction and other cvds merging cnn and bi-lstm

from ecg signal, IEEE Sensors Journal 21 (2021) 21688–21695.
[82] C. Nagel, G. Luongo, L. Azzolin, S. Schuler, O. Dössel, A. Loewe, Non-invasive and quantitative estimation of left atrial fibrosis based on p

waves of the 12-lead ecg—a large-scale computational study covering anatomical variability, Journal of Clinical Medicine 10 (2021) 1797.
[83] S. Suba, N. Woo, D. J. Dzikowicz, T. M. Kozik, M. M. Pelter, Value of a 12-lead electrocardiogram for assessing p waves, American Journal

of Critical Care 31 (2022) 431–432.
[84] I. Ntalla, L.-C. Weng, J. H. Cartwright, A. W. Hall, G. Sveinbjornsson, N. R. Tucker, S. H. Choi, M. D. Chaffin, C. Roselli, M. R. Barnes,

et al., Multi-ancestry gwas of the electrocardiographic pr interval identifies 202 loci underlying cardiac conduction, Nature communications
11 (2020) 2542.

[85] J. B. Nielsen, A. Pietersen, C. Graff, B. Lind, J. J. Struijk, M. S. Olesen, S. Haunsø, T. A. Gerds, P. T. Ellinor, L. Køber, et al., Risk of atrial
fibrillation as a function of the electrocardiographic pr interval: results from the copenhagen ecg study, Heart Rhythm 10 (2013) 1249–1256.

[86] M. Yochum, C. Renaud, S. Jacquir, Automatic detection of p, qrs and t patterns in 12 leads ecg signal based on cwt, Biomedical signal
processing and control 25 (2016) 46–52.

[87] J. Kim, H. Shin, Simple and robust realtime qrs detection algorithm based on spatiotemporal characteristic of the qrs complex, PloS one 11
(2016) e0150144.

[88] I. Kazama, R. Kuwana, M. Muto, A. Nagano, R. Fujimura, A. Asada, T. Tamada, M. Shimoyama, Subepicardial burn injuries in bullfrog
heart induce electrocardiogram changes mimicking inferior wall myocardial infarction, Journal of Veterinary Medical Science 84 (2022)
1205–1210.

[89] P. Francia, G. Silvetti, P. Cosentino, E. Cristiano, C. Adduci, G. Tini, M. B. Musumeci, M. Volpe, C. Autore, Relation of delayed intrinsicoid
deflection of the qrs complex to sudden cardiac death in patients with hypertrophic cardiomyopathy, International Journal of Cardiology 366
(2022) 42–47.

[90] G. W. Reed, J. E. Rossi, C. P. Cannon, Acute myocardial infarction, The Lancet 389 (2017) 197–210.
[91] M. Saleh, J. A. Ambrose, Understanding myocardial infarction, F1000Research 7 (2018).
[92] N. Xiong, W. Liu, J. Li, S. Luo, W. Gu, W. Zhu, J. Xi, J. Lin, B. Wu, X. Luo, Subclinical cardiac involvement present as electrocardiographic

abnormalities in various neuromuscular diseases, Heliyon 9 (2023).
[93] R. Gilgen-Ammann, T. Schweizer, T. Wyss, Rr interval signal quality of a heart rate monitor and an ecg holter at rest and during exercise,

European journal of applied physiology 119 (2019) 1525–1532.
[94] K. Eguchi, R. Aoki, S. Shimauchi, K. Yoshida, T. Yamada, Rr interval outlier processing for heart rate variability analysis using wearable

ecg devices, Advanced Biomedical Engineering 7 (2018) 28–38.
[95] T. Arikawa, T. Nakajima, H. Yazawa, H. Kaneda, A. Haruyama, S. Obi, H. Amano, M. Sakuma, S. Toyoda, S. Abe, et al., Clinical usefulness

of new rr interval analysis using the wearable heart rate sensor whs-1 to identify obstructive sleep apnea: Osa and rri analysis using a wearable
heartbeat sensor, Journal of Clinical Medicine 9 (2020) 3359.

[96] O. Nasario-Junior, P. R. Benchimol-Barbosa, J. Nadal, Validity of p-peak to r-peak interval compared to classical pr-interval to assess dynamic
beat-to-beat av conduction variability on surface electrocardiogram, Biomedical Physics & Engineering Express 4 (2018) 035037.

[97] L. D. Sharma, R. K. Sunkaria, Detection and delineation of the enigmatic u-wave in an electrocardiogram, International Journal of Information
Technology 13 (2021) 2525–2532.

[98] P. K. Whelton, R. M. Carey, W. S. Aronow, D. E. Casey, K. J. Collins, C. Dennison Himmelfarb, S. M. DePalma, S. Gidding, K. A.
Jamerson, D. W. Jones, et al., 2017 acc/aha/aapa/abc/acpm/ags/apha/ash/aspc/nma/pcna guideline for the prevention, detection, evaluation,
and management of high blood pressure in adults: a report of the american college of cardiology/american heart association task force on

Abu Sufiun et al.: Preprint submitted to Elsevier Page 17 of 20

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4464737

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed

http://dx.doi.org/10.1109/IJCNN48605.2020.9207044


Exploring the Relationship between Cardiac Disease and Patterns of 12-Lead ECG through Neural Network: A
Comprehensive Review

clinical practice guidelines, Journal of the American College of Cardiology 71 (2018) e127–e248.
[99] T. Istolahti, T. Nieminen, H. Huhtala, L.-P. Lyytikäinen, M. Kähönen, T. Lehtimäki, M. Eskola, I. Anttila, A. Jula, H. Rissanen, et al.,

Long-term prognostic significance of the st level and st slope in the 12-lead ecg in the general population, Journal of Electrocardiology 58
(2020) 176–183.

[100] Y. Qin, L. Sun, H. Chen, W.-q. Zhang, W. Yang, J. Fei, G. Wang, Mvkt-ecg: Efficient single-lead ecg classification on multi-label arrhythmia
by multi-view knowledge transferring, arXiv preprint arXiv:2301.12178 (2023).

[101] V. Jahmunah, E. Y. K. Ng, R.-S. Tan, S. L. Oh, U. R. Acharya, Explainable detection of myocardial infarction using deep learning models
with grad-cam technique on ecg signals, Computers in Biology and Medicine 146 (2022) 105550.

[102] Z. Jiang, Y. Qiu, Z. Qian, Y. Wang, Y. Zhao, X. Hou, Y. Liang, L. Zheng, G. Xu, Y. Su, et al., An s wave in ecg lead v6 predicts poor response
to cardiac resynchronization therapy and long-term outcome, Heart Rhythm 17 (2020) 265–272.

[103] K. Gulsen, O. Ince, T. Akgun, S. Demir, A. Uslu, A. Kup, L. Ocal, M. Y. Emiroglu, R. Kargin, I. Sahin, et al., The effect of p wave indices
on new onset atrial fibrillation after trans-catheter aortic valve replacement, Journal of electrocardiology 61 (2020) 71–76.

[104] G. Tse, I. Lakhani, J. Zhou, K. H. C. Li, S. Lee, Y. Liu, K. S. K. Leung, T. Liu, A. Baranchuk, Q. Zhang, P-wave area predicts new onset
atrial fibrillation in mitral stenosis: a machine learning approach, Frontiers in Bioengineering and Biotechnology 8 (2020) 479.

[105] Z. Zhong-qun, W. Wei, W. Chong-quan, D. Shu-yi, H. Chao-rong, W. Jun-feng, Acute anterior wall myocardial infarction entailing st-segment
elevation in lead v3r, v1 or avr: electrocardiographic and angiographic correlations, Journal of Electrocardiology 41 (2008) 329–334.

[106] D. Sahoo, S. Kujur, D. S. Das, A. Dey, S. Devi, S. T. Kujur, Aluminium phosphide poisoning: Early suspicion of cardiotoxicity is necessary
for improved outcomes, Cureus Journal of Medical Science 12 (2020).

[107] Z.-Q. Zhan, Y.-H. Li, Y. Li, J.-P. Li, K. C. Nikus, Electrocardiographic findings of acute total occlusion associated with a sub-occlusion
involving the left anterior descending and the right coronary artery, Journal of Electrocardiology 55 (2019) 107–110.

[108] B. G. Kim, K. H. Kim, J. C. Nah, S. W. Cho, Simultaneous left and right ventricular apical thrombi after occlusion of the wrapped left
anterior descending artery, Journal of Cardiology Cases 19 (2019) 153–156.

[109] J. E. Madias, On the nonpathological nature of st-segment elevation in lateral leads in patients with crbbb, Pacing and Clinical
Electrophysiology 44 (2021) 755–757.

[110] M. C. Kiernan, S. Vucic, K. Talbot, C. J. McDermott, O. Hardiman, J. M. Shefner, A. Al-Chalabi, W. Huynh, M. Cudkowicz, P. Talman,
et al., Improving clinical trial outcomes in amyotrophic lateral sclerosis, Nature Reviews Neurology 17 (2021) 104–118.

[111] L. J. Shaw, Y. Chandrashekhar, What is of recent interest in cardiac cta?, 2020.
[112] M. Keskin, A. O. Uzun, M. İ. Hayıroğlu, A. Kaya, T. Çınar, Ö. Kozan, The association of right ventricular dysfunction with in-hospital and

1-year outcomes in anterior myocardial infarction, The international journal of cardiovascular imaging 35 (2019) 77–85.
[113] A. Y. Andreou, Transitory r wave growth in the midst of st-segment elevation myocardial infarction: A case of left septal fascicular block

with atypical electrocardiographic presentation, Journal of Electrocardiology 72 (2022) 39–43.
[114] A. Singh, S. Dwivedi, A. Pradhan, V. S. Narain, R. Sethi, S. Chandra, P. Vishwakarma, G. Chaudhary, M. Bhandari, A. Sharma, Isolated

st-elevation myocardial infarction involving leads i and avl: angiographic and electrocardiographic correlations from a tertiary care center,
Cardiology Research and Practice 2021 (2021).

[115] H. Ali, S. Sarfraz, M. Fawad, Z. Shafique, Frequency of right ventricular infarction in inferior wall myocardial infarction, Cureus 12 (2020).
[116] Z.-Q. Zhan, Y. Li, L.-H. Han, K. C. Nikus, Y. Birnbaum, A. Baranchuk, The de winter ecg pattern: Distribution and morphology of st

depression, Annals of Noninvasive Electrocardiology 25 (2020) e12783.
[117] H. Ali, S. Sarfraz, M. Fawad, Z. Shafique, Frequency of right ventricular infarction in inferior wall myocardial infarction, Cureus 12 (2020).
[118] Y. G. Kim, K.-D. Han, J.-I. Choi, Y. Y. Choi, H. Y. Choi, J. Shim, Y.-H. Kim, Premature ventricular contraction is associated with increased

risk of atrial fibrillation: a nationwide population-based study, Scientific Reports 11 (2021) 1601.
[119] J. F. Huizar, A. Y. Tan, K. Kaszala, K. A. Ellenbogen, Clinical and translational insights on premature ventricular contractions and pvc-induced

cardiomyopathy, Progress in cardiovascular diseases 66 (2021) 17–27.
[120] T. Yamada, Twelve-lead electrocardiographic localization of idiopathic premature ventricular contraction origins, Journal of Cardiovascular

Electrophysiology 30 (2019) 2603–2617.
[121] Y. G. Kim, Y. Y. Choi, K.-D. Han, K. J. Min, H. Y. Choi, J. Shim, J.-I. Choi, Y.-H. Kim, Premature ventricular contraction increases the risk

of heart failure and ventricular tachyarrhythmia, Scientific reports 11 (2021) 1–8.
[122] Q.-u.-a. Mastoi, M. S. Memon, A. Lakhan, M. A. Mohammed, M. Qabulio, F. Al-Turjman, K. H. Abdulkareem, Machine learning-data

mining integrated approach for premature ventricular contraction prediction, Neural Computing and Applications 33 (2021) 11703–11719.
[123] N. Rafie, A. H. Kashou, P. A. Noseworthy, ECG Interpretation: Clinical Relevance, Challenges, and Advances, Hearts 2 (2021) 505–513.
[124] R. Avanzato, F. Beritelli, Automatic ecg diagnosis using convolutional neural network, Electronics 9 (2020).
[125] V. Gupta, M. Mittal, V. Mittal, A. Gupta, An efficient ar modelling-based electrocardiogram signal analysis for health informatics,

International Journal of Medical Engineering and Informatics 14 (2022) 74–89.
[126] S. K. Bashar, D. Han, F. Zieneddin, E. Ding, T. P. Fitzgibbons, A. J. Walkey, D. D. McManus, B. Javidi, K. H. Chon, Novel density

poincaré plot based machine learning method to detect atrial fibrillation from premature atrial/ventricular contractions, IEEE Transactions
on Biomedical Engineering 68 (2021) 448–460.

[127] T. Ikeda, Right bundle branch block: current considerations, Current Cardiology Reviews 17 (2021) 24–30.
[128] P. Gaba, D. Pedrotty, C. V. DeSimone, A. R. Bonikowske, T. G. Allison, S. Kapa, Mortality in patients with right bundle-branch block in the

absence of cardiovascular disease, Journal of the American Heart Association 9 (2020) e017430.
[129] A. Paul, K. S. Bhatia, A. G. Alex, V. S. Thomson, T. Mani, N. Sharathbabu, Electrocardiographic predictors of mortality in acute anterior

wall myocardial infarction with right bundle branch block and right precordial q-waves (qrbbb), Canadian Journal of Cardiology 36 (2020)
1764–1769.

[130] G. A. Upadhyay, T. Cherian, D. Y. Shatz, A. D. Beaser, Z. Aziz, C. Ozcan, M. T. Broman, H. M. Nayak, R. Tung, Intracardiac delineation
of septal conduction in left bundle-branch block patterns, Circulation 139 (2019) 1876–1888.

Abu Sufiun et al.: Preprint submitted to Elsevier Page 18 of 20

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4464737

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

w
ed



Exploring the Relationship between Cardiac Disease and Patterns of 12-Lead ECG through Neural Network: A
Comprehensive Review

[131] Y. Cheng, Z. Wang, Y. Li, J. Qi, J. Liu, Left bundle branch pacing in heart failure patients with left bundle branch block: A systematic review
and meta-analysis, Pacing and Clinical Electrophysiology 45 (2022) 212–218.

[132] J. Hua, Y. Chen, J. Yu, Q. Xiong, Z. Xia, Z. Xia, Q. Huang, Q. Kong, H. Chen, Y. Zhang, J. Hu, J. Li, J. Hu, Q. Chen, K. Hong, Long-term
outcomes of left bundle branch area pacing versus biventricular pacing in patients with heart failure and complete left bundle branch block,
Heart and Vessels 37 (2022) 1162–1174.

[133] X. Li, X. Fan, H. Li, X. Ning, E. Liang, W. Ma, H. Wang, Z. Liu, Y. Yao, Ecg patterns of successful permanent left bundle branch area
pacing in bradycardia patients with typical bundle branch block, Pacing and Clinical Electrophysiology 43 (2020) 781–790.

[134] X. Chen, Y. Ye, Z. Wang, Q. Jin, Z. Qiu, J. Wang, S. Qin, J. Bai, W. Wang, Y. Liang, H. Chen, X. Sheng, F. Gao, X. Zhao, G. Fu, K. A.
Ellenbogen, Y. Su, J. Ge, Cardiac resynchronization therapy via left bundle branch pacing vs. optimized biventricular pacing with adaptive
algorithm in heart failure with left bundle branch block: a prospective, multi-centre, observational study, EP Europace 24 (2021) 807–816.

[135] Y. Yuan, X.-j. Xiong, D.-d. Li, H.-x. Li, J.-p. Fu, H.-l. Wu, Efficacy and safety of wenxin granules and propafenone in treatment of atrial
premature beats: A systematic review and meta-analysis, Evidence-Based Complementary and Alternative Medicine 2020 (2020).

[136] J. Eberhard, G. Wess, The prevalence of atrial premature complexes in healthy doberman pinschers and their role in the diagnosis of occult
dilated cardiomyopathy, The Veterinary Journal 259-260 (2020) 105475.

[137] C. Mateo, J. A. Talavera, Analysis of atrial and ventricular premature contractions using the short time fourier transform with the window
size fixed in the frequency domain, Biomedical Signal Processing and Control 69 (2021) 102835.

[138] H. Sato, M. Tokuda, H. Oseto, M. Yokoyama, H. Ikewaki, R. Isogai, K. Tokutake, K. Yokoyama, M. Kato, R. Narui, S. Tanigawa,
S. Yamashita, S. Matsuo, M. Yoshimura, T. Yamane, Transition of the heart rate and atrial premature complex after cryoballoon vs.
radiofrequency ablation for paroxysmal atrial fibrillation, Heart and Vessels 37 (2022) 110–114.

[139] M. Kara, A. Korkmaz, B. Deveci, T. Cimen, O. Ozeke, S. Cay, F. Ozcan, S. Topaloglu, D. Aras, The transition of the tachycardia from narrow
to wide by a spontaneous atrial premature beat: What is the mechanism?, Journal of arrhythmia 37 (2021) 462.

[140] M. Ramkumar, C. G. Babu, K. V. Kumar, D. Hepsiba, A. Manjunathan, R. S. Kumar, Ecg cardiac arrhythmias classification using dwt, ica
and mlp neural networks, Journal of Physics: Conference Series 1831 (2021) 012015.
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