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Abstract: Cardiac arrhythmias are a major health concern around the world, causing morbidity and mortality in a wide range of
people. The timely and accurate diagnosis of arrhythmias is critical for optimal clinical management and intervention. Deep learning
techniques have developed as powerful tools for detecting arrhythmias in recent years, taking advantage of advances in signal
processing and machine learning. This review investigates the use of deep learning approaches to detect arrhythmias via electro-
cardiogram (ECG) readings. The study includes an in-depth evaluation of 30 papers retrieved from three distinct databases using
a structured method. The result indicates that deep learning models can achieve high accuracy like 99.93% as well as high F1 scores
such as 99.57%. Furthermore, the study examines current research trends, approaches, and developments in deep learning-based
arrhythmia detection, including convolutional neural networks (CNNs), and hybrid architectures that includes RNN and CNN
algorithms. Additionally, the paper investigates the strengths and limits of existing techniques, focusing on critical issues such as
dataset heterogeneity, model interpretability, and real-time implementation. Future research and development directions in arrhythmia
detection using deep learning are also mentioned. This study seeks to give significant insights for physicians, researchers, and
policymakers involved in the development and implementation of sophisticated arrhythmia detection systems, with the ultimate goal of
improving patient outcomes and cardiac healthcare.
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Introduction

Cardiac arrhythmia, defined as irregular cardiac rhythms,' is a major public health concern around the world, leading to
morbidity and mortality in a variety of groups. Arrhythmias include a wide range of anomalies in heart rate and rhythm,
from minor palpitations to life-threatening diseases like ventricular fibrillation. The detection and diagnosis of arrhyth-
mias is critical for timely intervention and therapy, as untreated arrhythmias can lead to major problems such as heart
failure, stroke, and cardiac arrest.” To address this critical healthcare issue, several technologies and approaches for
arrhythmia detection have been developed, using advances in signal processing,” machine learning,* and data analytics.’
Current approaches include a variety of techniques such as electrocardiogram (ECG) analysis,” wearable devices,’
implantable cardiac monitors,” and telemonitoring systems,® each with its own set of benefits and applications in the
clinical and ambulatory settings.

Electrocardiography (ECG) remains the gold standard for arrhythmia detection, allowing for real-time monitoring of
cardiac electrical activity by non-invasive electrode implantation.” Advanced signal processing techniques, such as
wavelet transforms and deep learning algorithms, have improved the accuracy and efficiency of ECG-based arrhythmia
identification, allowing for automated analysis and interpretation of the data.'®'* Wearable gadgets, such as smart-
watches and mobile health apps, also provide continuous monitoring and early identification of arrhythmias outside of

typical clinical settings, allowing people to manage their heart health more proactively.'’
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The need for arrhythmia detection goes beyond individual patient care to include public health programs aimed at
preventing cardiovascular events and lowering healthcare costs.'® Early diagnosis of arrhythmias allows for quick
commencement of relevant therapies, such as pharmaceutical therapy, lifestyle changes, and invasive procedures like
catheter ablation or implanted cardioverter-defibrillator (ICD).'”'® Furthermore, population-level arrhythmia screening
programs can identify at-risk individuals and adopt preventive actions to reduce the likelihood of unfavorable cardiac
events."”

Given the growing importance of arrhythmia identification in healthcare, this review study seeks to give a complete
overview of current approaches, technologies, and breakthroughs in arrhythmia detection. This paper aims to shed light
on the strengths, limitations, and future directions of arrhythmia detection research by synthesizing existing literature and
reviewing major research results. Additionally, we critically examined the challenge of overfitting in deep learning
models and evaluated the strategies used by authors to mitigate overfitting risks, analyzing the effectiveness of these
techniques based on data size, training/test splits, and other schemes provided in each paper. Moreover, this review seeks
to educate clinicians, researchers, and policymakers about developing trends and advances in arrhythmia diagnosis,
thereby supporting evidence-based decision-making and propelling progress toward better cardiac health outcomes.

So, we investigate the following research concerns in this study:

RQ1: Which state-of-the-art tools are being used for detecting arrhythmias?

RQ2: What technological obstacles do researchers in this domain face when using current deep learning procedures
and what strategies did, they use to overcome those obstacles?

RQ3: How can arrhythmia detection be improved for real-world applications?

Materials and Methods

We conducted a structured search to find relevant research publications in our subject field. Prior to doing the
investigation, we created acceptable search phrases that included the following keywords: “Deep Learning” “heart

LLINT3 ELINT3

disease” “arrhythmia detection” “cardiovascular disease” and “ECG.” To discover publications for analysis, we ran
a comprehensive search across different scientific databases, using Boolean operators and pertinent keywords. Table 1
shows the keywords and Boolean expressions utilized, as well as the filters that were applied. The scientific databases
used included PubMed, Web of Science, and Scopus. IEEE was removed because it is part of Scopus. To minimize the
number of studies retrieved, the search was restricted to the article’s title and abstract. This is a plausible strategy, given
that articles on arrhythmia detection include the keywords arrhythmia, deep learning, ECG, and heart disease in their

abstracts.

Search Procedure

Initially, we discovered 276 results in Scopus. Multiple filters were used to refine the search results. The source type was
limited to Journals and Conference Proceedings, and English was selected as the language. On Web of Science, we
obtained 221 results. Finally, a search on PubMed yielded 151 matches. The authors searched the earlier mentioned

Table | Search Keywords and Results for Different Databases

Search Keywords Number of
Papers
Web of TI= (Deep Learning AND ECG AND Heart Disease) OR AB= (Deep Learning AND ECG AND Heart Disease) 221
science OR AB=(Deep Learning AND ECG AND Cardiovascular Disease) OR Tl = (Deep Learning AND ECG AND

Cardiovascular Disease)

Scopus (TITLE-ABS-KEY (deep AND learning) AND TITLE-ABS-KEY (ecg) AND TITLE-ABS-KEY (heart AND disease) 276
OR TITLE-ABS-KEY (deep AND learning) AND TITLE-ABS-KEY (ecg) AND TITLE-ABS-KEY
(cardiovascular AND disease)) AND (LIMIT-TO (LANGUAGE,“English”)) AND (LIMIT-TO (DOCTYPE,“ar”))

PubMed (Deep Learning[Title/Abstract] AND ECG[Title/Abstract] AND Heart Disease[Title/Abstract]) OR (Deep 151
Learning[Title/Abstract] AND ECG [Title/Abstract] AND Cardiovascular Disease[Title/Abstract])
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Table 2 Applied Conditions for Inclusion and Exclusion

Conditions for Exclusion

Conditions for Inclusion

There exists a duplicate of the paper in another database

There is no duplicate of the paper

English is not the primary language of the paper

English is the primary language of the paper

Paper used other technology than ECG

Only have used the data from ECG device as an input

Paper considered only classification of arrhythmia or monitoring of heart

Paper considered the detection of arrhythmia

Other heart diseases or diseases related to aorta, artery

No other diseases related to heart was considered

databases and formerly read works; they discovered a total of 648 titles by using the keywords shown in Table 1. After

completing the initial search, we used inclusion and exclusion criteria.

Selection Procedure

To narrow down the collection of research publications for our review, we used an inclusion and exclusion approach that

considered topic relevancy, duplicate elimination, and English language writing. Table 2 contains the conditions of the

exclusion and inclusion criterion. After removing duplicate research, the remaining publications were filtered based on

their title and abstract. Subsequently, the entire text was thoroughly examined, with an emphasis on experimental findings

and conclusions. Following a rigorous screening process as per Figure 1, this review contained 30 primary studies that

offered information on arrhythmia identification. We used a quality assessment approach based on the study by

Kitchenham B*° to determine the alignment of the selected papers with our research topics. The chosen ones successfully

Identification of studies via databases and registers

Records identified from

Web of Science (n = 221)
PubMed (n = 151)

Identification

Scopus (n =276) | Records removed before screening
Duplicate records removed (n = 463)

!

Records screened Records excluded.
(n = 154) (n=

0)

|

Reports sought for retrieval.

Reports not retrieved.
(n=154) 7| (n=154)

Screening

|

Reports assessed for eligibility.
(n=154) —

S

Reports excluded

Ventricular Problems (n = 6)

QT Syndrome (n = 2)

Atrial Fibrillation (n = 13)

Heart Failure 1 (n=7)

Myocardial Problems (n = 13)

General Cardiovascular disease (n = 68)
Not in English (n= 1)

v

(n=30)
Reports of included studies
(n=30)

(m—)
§ Studies included in review.
~—

Figure | Flow chart for selection of papers.
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handled arrhythmia detection and provided insights pertinent to this review on arrhythmia detection based on ECG
signal. To ensure appropriate interpretation and assist continued development to make detection of arrhythmia by deep
learning techniques more practical, accurate and sustainable, special emphasis was made on contextual aspects, relevant
frameworks, research findings, and future directions.

Results

Publication Over Time

A study of the literature on arrhythmia identification using ECG signals suggests a gradual and increasing interest in this
topic in recent years that can be seen from Figure 2. In 2018, two noteworthy publications were published, indicating the
start of dedicated research in this field. The next year, in 2019, the number of publications reduced somewhat to one,
presumably signaling a period of methodology consolidation and refinement. However, by 2020, interest had sky-
rocketed, with five notable contributions indicating advances and breakthroughs in the discipline. This tendency
continued into 2021, with three major papers adding to the knowledge base. The year 2022 had a notable increase in
publications, with seven significant contributions, indicating intensified research activity and the potential appearance of
novel methodologies or approaches. In 2023, this trend continued with ten notable papers, illustrating the growing
importance and maturity of arrhythmia detection research employing ECG signals. As of 2024, with two key articles
already published, the trajectory indicates a sustained and active research landscape, with more improvements and
innovations in arrhythmia detection and diagnosis via ECG signal processing.

Publications Based on Countries Associated

Figure 3 shows the diversity of countries contributing to arrhythmia detection using ECG signals which demonstrates the
international extent of research in this topic. China appears as a prominent player, with ten related research contributions
demonstrating its enormous investment and skill in this field. Following closely behind, India shows significant
engagement with 6 linked publications, demonstrating its growing relevance as a cardiac health research powerhouse.
The United States, a longstanding leader in medical research, maintains a significant presence with four related articles,
trailing only China and India. Additionally, some nations, including the United Kingdom, Poland, Ethiopia, Korea,
Singapore, Malaysia, Turkey, Tunisia, and Russia, have two papers related to arrhythmia detection, demonstrating a large

2019, 3%
2024, 7% 2018, 7%

2020, 17%

2023, 33%

2021, 10%

2022, 23%

Figure 2 Publications over time for ECG based Arrythmia detection.
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Figure 3 Countries using deep learning techniques for ECG detection of cardiac arrhythmias.

global interest and collaboration in improving this field. Furthermore, countries such as Saudi Arabia, Australia, Spain,
Oman, Iraq, Iran, and Taiwan each have one connected publication, highlighting the global dispersion of research across
continents. This diversified international participation highlights the collaborative aspect of scientific research and the
global effort to tackle heart illnesses.

Steps for Arrhythmia Detection Using ECG Signals

Dataset

Among the 30 studies selected for arrhythmia detection using ECG signals, the vast majority, 22 papers, used the well-
known MIT-BIH Arrhythmia Database for training and testing. This dataset, known for its extensive collection of
annotated ECG recordings, is used as a benchmark to assess the effectiveness of various detection algorithms and
models. Moreover, five studies used the CPSC2018 dataset, indicating an increasing interest in adding newer datasets to
improve model validation. Moreover, four studies used the PTB dataset, demonstrating the breadth of datasets used in
arrhythmia research to capture various features of cardiac abnormalities. Figure 4 shows the number of papers that have
used these typical datasets for their studies.

PTB
CPSC2018

MIT-BIH ARRHYTHMIA

Figure 4 Datasets used in selected papers.
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Notably, the article by Tiwari S*' stands out for its novel approach, which involves carefully placing three electrodes
at the right and left clavicles, as well as the lower left rib. This novel setup aided in the detection of five distinct types of
arrhythmias, emphasizing the value of specialized data collection approaches in achieving specific research goals. This
paper’s use of unorthodox electrode placements and multi-class classification contributes to the field by providing
insights into novel methodologies for arrhythmia identification that go beyond usual dataset constraints.

Preprocessing

Preprocessing is critical for improving the quality of electrocardiogram (ECG) readings and hence detecting arrhythmias
accurately. Several techniques are used to handle common issues including noise reduction, artifact removal, and baseline
correction. Wavelet transform develops as a significant method, as evidenced in works by Yoo J, Yang W, Wang D and
Pandey SK.*??This method decomposes the noisy signal into different frequency components using the wavelet
transform, followed by effective noise removal or attenuation by wavelet coefficient thresholding. Research done by
Kumar $*° also use Infinite Impulse Response (IIR) notch and Finite Impulse Response Filters to remove superfluous
noise components. Besides,”’ recommends the use of low-pass filters to reduce noise by suppressing frequencies above
50 Hz. Notably, some researchers, such as that study of Shchetinin EY® used preprocessed signals, implying differing
levels of preprocessing across different research attempts. Overall, these preprocessing techniques maintain the integrity
and reproducibility of ECG signals, providing the groundwork for future analysis and arrhythmia detection algorithms.

Segmentation

In the context of ECG signal processing, segmentation refers to the dividing of data into separate segments, which are
often determined by the identification of specific cardiac events such as the R-peak. The R-peak acts as an important
anchor point for locating entire heartbeats in the signal.>® Yang W?* illustrate a variety of strategies for detecting
R-peaks, including the Pan-Tompkins method. Once the R-peaks have been discovered, segmentation will extract
appropriate segments for further study. For example, Pandey SK*° divided data into 360 random samples after identifying
R peaks®® collected 90 (250 ms) samples before and 144 (400 ms) after the R-peak to represent a full pulse. Furthermore,
Mohan Rao B*! divided datasets into time intervals of 2 seconds, 5 seconds, 5 minutes, and 8 minutes from the total
length of the data. These segmentation methods allow for the isolation of individual cardiac events or intervals, making it
easier to analyze and interpret ECG signals for arrhythmia detection and diagnosis.

Augmentation

Augmentation is an important approach for increasing dataset diversity and enhancing model robustness by injecting variations
into existing data samples. One widely used technique, SMOTEENN (Synthetic Minority Over-sampling Technique), used by
He J,*° Zeng W*? and Ma C,** focuses on improving data with few samples by oversampling minority heartbeats to establish
a balanced distribution. Besides, Kumar S$*° used common data augmentation techniques such cropping, resizing, shifting, and
horizontally flipping the ECG images to add variability and enhance the dataset. Similarly, Pandey SK** used the Pandas library’s
dataframe.resample() function to rebalance the dataset, guaranteeing a balanced representation of different classes. These
augmentation approaches make a major contribution to reducing class imbalances, boosting model generalization, and increasing
the overall performance of arrhythmia detection algorithms trained using ECG data.

Classification

To diagnose arrhythmias, ECG signals are classified based on various cardiac abnormalities. The difficulty of classifica-
tion varies throughout studies, with different research projects using varying numbers of classifications to capture the
wide range of arrhythmia types. Zeng W>> and Plawiak P** used a thorough 17-class classification approach to
emphasize the complex nature of arrhythmia subtypes. In contrast,’® used a significantly reduced 16-class classification
scheme®® reduced the classification job by focusing on binary classification, which divides ECG data into two classes,
most likely normal and abnormal rhythms. Surprisingly, a large proportion of the examined publications chose
classification methods that included either five or four different kinds of arrhythmia which is shown in Figure 5.
Seven articles used a five-class ((Normal Rhythm (NOR), Left Bundle Branch Block (LBBB), Right Bundle Branch
Block (RBBB), Premature Ventricular Contraction (PVC) and Atrial Premature Contraction (APC)) categorization
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N

4 Class 5 Class

Figure 5 Different classes were used in the selected papers.

approach, while four used a four-class (Normal Beat, Supraventricular Ectopic Beat, Ventricular Ectopic Beat and Fusion
Beat) classification system. This variability in classification methodologies highlights the complexities of arrhythmia
detection and the significance of customizing classification schemes to specific research goals and therapeutic applica-
tions. In addition to the various classification algorithms used in arrhythmia detection, the distribution of datasets for
training and testing varies throughout studies, suggesting varied approaches to model evaluation and validation. 80/20
division emerges as a popular option (Figure 6), with 17 papers using this split ratio. This approach uses 80% of the
dataset to train the classification model and the remaining 20% to evaluate its performance. Other research, on the other
hand, has used different split ratios, such as 70/30°” and,*® 85/15,*® and 90/10,*° to demonstrate a variety of distribution
strategies for balancing model training and evaluation. Only one research?' among the selected ones had used data from
different sources for the testing purpose. More information about this data has already been discussed in section 3.3.1.
Furthermore, some papers use custom split ratios customized to their individual research goals, underscoring the
versatility and adaptability of dataset partitioning in arrhythmia classification studies. These various techniques to dataset
partition show the significance of strong evaluation procedures as well as ensuring sufficient data for both training and
testing in order to obtain meaningful model performance assessment in arrhythmia detection. Since different papers have

TRAINING AND TESTING RATIO

Others
43%

Figure 6 Perveance of 80/20 splitting of data among the selected papers.
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used different classification techniques that are shown in Table 3 for the detection of arrythmias, we will be discussing

three of them which have the highest accuracy.
Chenbin Ma. 2022**(Accuracy: 99.89%)
Notably, unlike some other approaches, Ma C** did not use noise reduction algorithms or time-frequency transforma-

tions, indicating a concentration on using raw data for categorization. By integrating CNN-based feature extraction with

Table 3 Selected Papers and Their Used Method, Accuracy, F-Score

Author and Year Reference Dataset Method Accuracy | F Score
Kumar, S., 2023 [23] MIT-BIH Deep learning and fuzzy clustering (Fuzz- 98.66 96.34
ClustNet)
Tison, G.H., 2023 [38] CMR study data Deep convolutional neural network (CNN) N/A 0.77
Chen, T.-M 2020 [39] CPSC2018 Combined architecture of five CNN blocks, N/A 83.7
followed by a bidirectional gated recurrent
unit (GRU), an attention layer and finally
a dense layer.
Yildirm, O, 2028 [34] MIT- BIH ID-Convolutional Neural Network model 91.33 85.38
(ID-CNN)
Wang, D, 2020 [21] “Hefei high tech Cup” ECG Human-Machine Multi-resolution representation (MRR) of N/A 91.07
Intelligence Competition ECG signals
Ramkumar, M, 2023 [24] MIT-BIH arrhythmia Support vector machines (SVM), Naive Bayes 99.71 N/A
(NB), and random forest (RF)
Zhang, S, 2024 [40] PTB-XL dataset CPSC dataset Chapman Multi-scale convolutional Transformer N/A 84.18
dataset network (MCTnet) and CNN
Zhuang, J., 2023 [33] MIT-BIH Intelligent system based on deep learning 97.02 97
and machine learning methods
Pandey, S.K., 2023 [22] MIT-BIH SoftMax and machine learning classifiers 99.4 98.74
Zheng, X., 2023 [37] MIT-BIH Deep shrinkage network 99.86 N/A
Tiwari, S., 2023 [18] MIT-BIH One electrode (red color-RA) is Smart Cardiovascular Disease Detection N/A 97
placed on the right clavicle near the right System (SCDDS) ensembled with
shoulder, the second on the left clavicle Convolution Neural Network architecture
(yellow color-LA) near the left shoulder, and (ConvNet) and Long Short-Term Memory
the third (green color-LL) is on the lower Networks (ConvNet-LSTM) architecture
side of the left rib
Daydulo, Y.D., 2023 [41] MIT-BIH MIT-BIH normal sinus rhythm ResNet 50 and AlexNet 99.2 99.2
database BIDMC
Alamatsaz, N., 2024 [35] MIT-BIH arrhythmia database and the long- Combination of Convolutional Neural 97.5 N/A
term AF database Network (CNN) and Long Short-Term
Memory (LSTM).
Zeng, W.,, 2023 [29] MIT-BIH One-dimensional (ID) convolutional neural 97.2 97.2
networks (CNN) and long short-term
memory (LSTM)networks
Midani, W.,, 2023 [42] MIT-BIH Deep learning-based approach called 99.46 97.63
“DeepArr”
Ma, C,, 2022 [30] PLAGH (PLA General Hospital) dataset End-to-end Multi-Scale Convolutional 99.89 99.57
CPSC 2018 dataset was chosen to test the Neural Network-Sequence to Sequence
MIT-BIH architecture for heartbeat classification
Mohan Rao, 2022 [28] MIT-BIH Hypertension NSR database ResNet-50 99.93 N/A
BIDMCCHF
(Continued)
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Table 3 (Continued).

Author and Year

Reference

Dataset

Method

Accuracy

F Score

Shchetinin, E.Y,, 2022

[25]

MIT-BIH

Machine learning and deep learning methods
such as Support Vector Machines (SVM),
Random Forests, Light Gradient Boosting

Machine (LightGBM), Convolutional Neural

Network (CNN), Long Short-Term Memory
(LSTM) and Bidirectional Long Short-Term

Memory (BLSTM)

98.4

90.7

Omar Hashim Yahya., 2023

32]

Yfa Hospital in Russia

Convolutional neural network (CNN) and
long-short-time memory (LSTM)

90.85

N/A

Dong, Y,, 2022

[43]

CPSC-2018

Multi-branch signal fusion network (MBSF
Net)

N/A

Toma, T, 2022

[44]

MIT-BIH

Parallel cross convolutional recurrent neural
network

99.71

95.22

Gao, J.,, 2019

[36]

MIT-BIH

Long short-term memory (LSTM)
recurrence network model with focal loss
(FL)

99.26

N/A

Wang, R., 2020

[43]

CPSC_2018 CinC_2017

End-to-end Deep Multi-Scale Fusion
convolutional neural network (DMSFNet)
architecture

N/A

Yoo, |. 2021

[19]

CPSC 2018

End-to-end convolutional neural network
(CNN), xECGNet

N/A

He, J., 2020

[27]

MIT-BIH-AR

Dynamic Heartbeat Classification with

Adjusted Features (DHCAF) and Multi-

channel Heartbeat Convolution Neural
Network (MCHCNN).

91.4

N/A

Meng, Y., 2021

[46]

Chinese Cardiovascular Disease Database
(CCDD) (MIT-BIH)

Deep convolutional neural network

98.84

N/A

Prawiak, P, 2020

31

MIT-BIH

Three-layer deep genetic ensemble of
classifiers (DGEC)

95

N/A

Yang, W, 2018

[20]

MIT-BIH

Principal component analysis network
(PCANet) for feature extraction and to
improve the classification speed, a linear

support vector machine (SVM) was applied

97.77

N/A

Saravana Ram, R., 2023

[47]

MIT-BIH PTB-ECG

Multi-layer Perceptrons (MLPs), Deep Belief
Networks (DBNs), and Restricted
Boltzmann Machines (RBMs)

Fradi, M., 2022

[48]

MIT-BIH PTB The improved PTB database

Convolutional neural network (CNN) based
Fully Connected layers architecture, using
different networks optimizer.

99

RNN-based sequence modeling, the proposed hybrid model achieves excellent accuracy in arrhythmia identification,

demonstrating the effectiveness of deep learning architectures in dealing with sequential data such as ECG signals.
Xiaoyang Zheng, 2023*(Accuracy: 99.86%)
The second publication by Zheng X** describes DS-ECGNet, a deep learning architecture designed exclusively for

electrocardiogram (ECG) signal analysis. DS-ECGNet is intended to categorize noisy ECG signals without preprocessing for

noise reduction. The fundamental innovation is the incorporation of soft thresholding into a deep fully convolutional neural

network (DFCNN), which successfully removes noise from input signals during classification. By skipping the typical noise

reduction phase and immediately tackling noise inside the classification model, DS-ECGNet provides a streamlined approach

to arrhythmia identification, potentially lowering computational complexity and increasing efficiency.
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B Mohan Rao, 2022°! (Accuracy: 99.93%)

The third publication by Mohan Rao B! proposes ResNet-50, a convolutional neural network (CNN) architecture
known for its deep and efficient learning capabilities. ResNet-50, a member of the ResNet (Residual Network) family, is
distinguished by its deep structure of 50 layers. One of the distinguishing characteristics of ResNet-50 is the use of skip
connections, also known as shortcuts, which allow the network to bypass one or more layers during training. This allows
the network to learn both the original and residual properties of the input data, making it easier to train deeper networks
without running into vanishing gradient difficulties. ResNet-50’s resilience and effectiveness in handling complicated
datasets make it an invaluable tool for arrhythmia identification, providing cutting-edge performance and scalability.

Hyperparameter Optimization
Hyperparameter optimization is crucial for fine-tuning machine learning models to obtain peak performance. Various
methodologies are used throughout research to find the optimal collection of hyperparameters for a specific model. For

example, Kumar $*°

used the RandomSearch heuristic, a popular method for hyperparameter tuning, to quickly explore
the hyperparameter space and determine the best configuration. In contrast,”® used three-fold randomized search cross
validation, a technique that divides the dataset into three subsets and iteratively tunes hyperparameters using random
combinations of values. Shchetinin EY*' optimized the Adam optimizer, a prominent optimization technique, to improve

model training efficiency and convergence. Yoo J**

used a five-fold cross-validation strategy to find optimal hyperpara-
meters, with repeated validation runs to assure robustness. Additionally, Ptawiak P** investigated three distinct optimiza-
tion approaches - particle swarm optimization, genetic algorithm, and grid search - to discover the best successful
approach for hyperparameter tuning. These various methodologies highlight the need for thorough hyperparameter

research and optimization for maximizing model performance in arrhythmia identification.

Evaluation Metrices

Arrhythmia detection models are frequently evaluated using important performance criteria such as accuracy, precision,
recall, F1 Score, and Area Under the Receiver Operating Characteristic Curve (AUC). Among these measures, Accuracy
is a key indicator of overall model correctness, showing the proportion of properly categorized examples among all
occurrences. Precision measures the accuracy of positive predictions, whereas recall reflects the fraction of true positives
properly detected by the model. The F1 Score, which is the harmonic mean of Precision and Recall, gives a balanced
evaluation of model performance, especially in the situation of imbalanced datasets. Finally, AUC measures the model’s
ability to differentiate across classes, with larger values indicating superior performance. Notably, the publications
produced by Mohan Rao B,*! Ma C** and Zheng X*° achieved extraordinary high Accuracy scores of 99.93%,
99.89%, and 99.86%, respectively, demonstrating the usefulness of their different methodologies in reliably classifying
arrhythmias. Additionally, Ma C** achieved remarkable F1 scores of 99.57%, demonstrating the model’s robustness in
obtaining both high precision and recall. Similarly, Gao J*° and Daydulo YD** achieved F1 Scores of 99.30% and 99.2%,
respectively, demonstrating the outstanding efficacy of their arrhythmia detection models. These findings highlight the
amazing advances in arrhythmia identification made possible by deep learning approaches, paving the path for more
accurate and dependable clinical diagnosis and treatment.

Discussion and Future Research

Limitations of Existing Literature and Future Research

The field of arrhythmia detection research has some major limitations, as well as intriguing avenues for future inquiry
and improvement. One such constraint is the disparity between the number of leads or channels used in research settings
vs practical clinical conditions. While many studies use a small number of leads, usually two or one, clinical practice
frequently employs a more comprehensive 12-lead arrangement for complete cardiac monitoring that has been used only
in the studies of Tiwari S*' and Yoo J.'” This discrepancy raises questions about the generalizability and applicability of
research findings to real-world healthcare settings, emphasizing the need for greater alignment between research
methodologies and clinical practices to ensure the relevance and effectiveness of arrhythmia detection systems.
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Another restriction is the range of arrhythmia types considered in research studies. Despite the fact that there are over
20 different forms of arrhythmia,* studies frequently focus on a subset of these diseases, thereby missing out on less
prevalent but clinically significant arrhythmias. This narrow focus may limit the applicability of study findings and
impede the development of comprehensive detection algorithms capable of detecting a wide spectrum of cardiac
problems. Future research efforts could benefit from larger inclusion criteria that include a wider range of arrhythmia
types, increasing the clinical utility and effectiveness of detection systems.

Furthermore, the demographic composition of sample populations in arrhythmia detection research frequently dis-
plays a lack of diversity, with datasets such as the MIT-BIH containing data from persons in the United States and the
CPSC datasets primarily representing Chinese populations. This homogeneity restricts the generalizability of research
findings and may obscure significant differences in arrhythmia presentation and detection among demographic groups. To
address this constraint, larger efforts must be made to collect and analyze data from varied people around the world,
ensuring that detection algorithms are resilient and successful across demographic and ethnic backgrounds.

Additionally, the lack of real-time detection capabilities and testing with real-world data creates substantial obstacles
in turning research findings into actual clinical applications. While some studies have made progress in real-time

identiﬁcation,25 34

the majority of research is still focused on offline analysis of pre-recorded datasets. Real-time
detection is critical for timely intervention and management of arrhythmias in clinical settings, emphasizing the need
of creating algorithms for accurate and efficient real-time monitoring.

Moreover, the sparse mention of energy usage in arrhythmia detection systems highlights a need in current research.”’
Given the growing demand for portable, energy-efficient medical equipment, future research should look into ways to
reduce energy consumption while maintaining detection accuracy and performance.

Finally, resolving these constraints opens up new venues for future arrhythmia detection research. Researchers can
promote the creation of more robust, accurate, and practical arrhythmia detection systems by broadening the range of
arrhythmia types studied, diversifying sample populations, incorporating real-time detection capabilities, and optimizing
energy consumption. Finally, these efforts have the potential to improve patient outcomes, improve clinical decision-
making, and pave the path for more effective cardiac arrhythmia management across several healthcare settings.

Challenge of Overfitting

One of the major challenges for deep neural networks is overfitting, which occurs when a model performs exceptionally
well on training data but struggles to generalize to new, unseen data. In the context of arrhythmia diagnosis based on
ECG signals, researchers have implemented various methods to mitigate overfitting and improve model generalization.
For example, dropout layers, as seen in studies [29,35,42], randomly disable neurons during training, forcing the network
to rely on more diverse feature sets and enhancing its ability to generalize. Another commonly used technique involves
ReLU activation functions combined with Local Response Normalization (LRN), as shown in [41] using AlexNet. This
not only accelerates training but also reduces overfitting by normalizing neuron outputs across the network. A detailed
discussion is given on Table 4.

Max-pooling layers, which downsample input vectors to reduce the parameter count, have also been used to optimize
the cost function and reduce model complexity, as demonstrated by Midani W** and Fradi M.** Similarly, batch
normalization, employed in study by He J,>* addresses internal covariate shifts by standardizing inputs across layers,
helping stabilize training and improve generalization. Additionally, L2 regularization, applied by Zeng W>* and Mac C,**
penalizes large weights in the loss function, effectively reducing model complexity and preventing overfitting.

Ensemble learning techniques, discussed in article by Ramkumar M,?” offer another effective strategy by combining
the outputs of multiple models. This approach not only reduces the risk of overfitting but also lowers the complexity of
individual models, leading to more robust and reliable predictions. These comprehensive techniques, when used together,
significantly enhance the performance and resilience of deep learning models for detecting arrhythmias from ECG

signals, ensuring that they generalize well to real-world clinical settings.
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Table 4 Selected Papers and Their Data Size, Strategy Used to Reduce Overfitting

Paper | Accuracy | F-Score | Amount of Class/Ca- Split Strategy Used by Paper Discussion
Data gories
[23] 98.66 96.34 87,554 5 80/20 | Used several standard data augmentation techniques like The data augmentation methods introduce enough variability to prevent the
cropping and resizing, shifting the image through a particular model from simply memorizing the training data. However, without additional
value, and horizontally flipping the ECG image information like a validation curve or details on how the model performed on
entirely unseen data (beyond the 20% test split), we cannot definitively
conclude whether overfitting has been entirely avoided. Thus, based on the
provided metrics and strategies, it appears unlikely that the model is overfitted,
but further validation would be required for certainty.
[38] N/A 0.77 6,916 2 80/ No Discussion on overfitting The study did not include any discussion or mention about overfitting. Given
10/10 the limited number of data and data imbalance, there might be good a chance of
overfitting in the model.
[39] N/A 83.7 6,877 8 80/ CNN block contained two convolution layers that were While the use of pooling layers indicates an effort to mitigate overfitting, the
10/10 | followed by a pooling layer to reduce the amount of relatively small dataset and the F-score suggest that the model could be
parameters and computation in the network and to control underperforming or not fully generalizing. It is possible that the model might
over-fitting not be overfitting but rather suffering from insufficient data or complexity,
leading to lower performance.
[34] 91.33 85.38 1,000 17 70/ Some layers have a dropout parameter to prevent the Although the model’s use of dropout suggests that overfitting was considered
I15/15 overfitting during the learning phase and addressed, the small dataset size and the modest F-score indicate the
model may still struggle with generalization. It is possible that the dropout
strategy mitigates some overfitting, but with such limited data, the model may
not perform optimally across diverse or unseen samples.
[21] N/A 91.07 29,995 34 80/20 | I. Scale the original signal with a scaling factor. The fact that the paper explicitly introduces methods to prevent overfitting,
2. Translation to generate more data combined with the size of the dataset and variety in augmentation techniques,
3. Used a Nall-zero segment of (0,1) s length fragment to | demonstrate that overfitting is unlikely.
randomly mask the ECG signal
4. Dropout was also introduced
[24] 99.71 N/A 109,446 4 80/20 | Proposed ensemble learning technique is that it evades the The model achieves an impressive accuracy of 99.71% on a large dataset of
overfitting problem by reducing the complexity of the model. 109,446 samples with an 80/20 train-test split, using an ensemble learning
technique. Ensemble methods, which combine multiple classifiers through
voting mechanisms, are known to reduce overfitting by lowering the overall
model complexity and increasing robustness. Given the high accuracy and the
use of ensemble learning, it is unlikely that the model is overfitting, as this
technique is explicitly designed to generalize well to new data.
[40] N/A 84.18 6,877 9 80/ No Discussion on overfitting The study did not include any discussion or mention about overfitting. Given
10/10 the limited number of data and data imbalance, there might be a good chance of
overfitting in the model.
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[33]

97.02

97

109,446

70/30

Proposed a GAN-based recognition method.

By generating synthetic data for rare classes through the GAN’s generator and
filtering it with the discriminator, the model creates a more balanced and
representative training set. This strategy not only increases the data volume but
also helps mitigate the risk of overfitting, as the model is exposed to a more
diverse set of examples. Given this approach and the solid performance
metrics, it is unlikely that the model is overfitting. However, additional testing
on unseen data would provide more conclusive evidence of its generalization
capabilities.

[22]

98.74

99,567

80/20

Used Pooling layer and Dropout Layer

Given the high-performance metrics and the use of effective regularization
techniques, it is unlikely that the model is overfitted.

[37]

99.86

N/A

31,007

Introduced a dropout rate of 0.5

The dropout technique, which randomly deactivates neurons with a probability
of 0.5, is a widely recognized method for reducing overfitting by preventing the
model from becoming too dependent on specific neurons. However, without
an Fl score provided and no detailed information about external validation or
testing on a separate dataset, we cannot definitively determine if the model is
overfitted.

[e]

N/A

97

109,446

80/20

Used Augmentation and made a 20% balance for 5 classes.

Data augmentation is mentioned as a method to balance the dataset, although
no specific details about the augmentation techniques are provided. While data
augmentation can help prevent overfitting by increasing the variety of training
data, the lack of further information about the augmentation methods and the
absence of a reported accuracy score makes it difficult to determine if the
model is truly overfitted or not.

[41]

3600

80/20

® Replaced sigmoid function by ReLU in AlexNet
® Dropout was introduced
® Finally, used ResNet since Overfitting was seen.

The traditional sigmoid activation function was replaced by ReLU in the
AlexNet architecture, which reportedly improved training speed and helped
avoid overfitting. However, the presence of overfitting was still observed,
leading the authors to introduce ResNet into the model, although no discussion
about ResNet’s impact was provided. Despite these efforts to reduce
overfitting, the fact that overfitting was mentioned but not fully addressed
makes it unclear whether the issue was effectively mitigated. Based on the
available information, we cannot definitively conclude if the model is still
overfitted.

[35]

97.5

N/A

43,454

85/15

Dropout was applied and assigned higher class weights to the
minority class

To address potential overfitting, dropout was implemented. Additionally, the
class imbalance issue was managed by assigning class weights, which gives higher
importance to the minority class. While dropout and class weights are common
strategies to prevent overfitting and handle imbalanced data, the absence of the
Fl score makes it difficult to evaluate the model’s performance in minority
classes. Therefore, based on the available information, it is not possible to
conclusively determine whether the model is overfitted.

[29]

97.2

3134

90/10

Applied synthetic minority over-sampling technique (SMOTE)
algorithm to over-sample the minority class and dropout layer
with a rate of 0.5

While these strategies are designed to address overfitting and class imbalance,
the high accuracy and Fl score suggest that the model performs well. However,
with that limited number of data and without further details on validation
methods or generalization performance, it remains difficult to definitively
conclude whether overfitting occurred.

(Continued)
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Table 4 (Continued).

Paper

Accuracy

F-Score

Amount of
Data

Class/Ca-
gories

Split

Strategy Used by Paper

Discussion

[42]

99.46

97.63

100,062

5

90/10

At the end of each convolutional block applied Dropout with
a probability of 0.1

Given the high-performance metrics, it seems that the model generalizes well.
However, without further validation on unseen data or additional details on
model performance across different conditions, it’s difficult to definitively
conclude whether overfitting occurred or not.

[30]

99.89

99.57

328,111

80/20

® Applied (SYM-SMOTE)
® Introduced L2 regularization L2 norm to the loss function
® Dropout with a rate of 0.5 was set in MSCNN-Seq2Seq.

While the use of a large dataset, SVM-SMOTE for data balancing, L2
regularization to discourage complexity, and a dropout rate of 0.5 to enhance
generalization are positive strategies, without performance metrics on

a separate validation or test set, we cannot definitively conclude whether the
model generalizes well or has merely memorized the training data.

[28]

99.93

N/A

1,491,373

80/20

Added dropout layer

Although the accuracy is remarkably high, the absence of an FI score and
additional performance metrics limits our ability to fully assess the model’s
effectiveness, particularly regarding class balance. The use of dropout as

a regularization technique is a positive step towards mitigating overfitting.
However, given the extremely high accuracy, there is a concern that the model
may have overfitted the training data.

[23]

98.4

90.7

109,446

80/20

Used ensemble algorithm

The use of an ensemble algorithm is a favorable approach for enhancing model
robustness and reducing overfitting by combining the predictions of multiple
models. Despite these positive aspects, without further information on how
the model performed on unseen data or a validation set, we cannot definitively
determine if the model is overfitting.

32]

90.85

N/A

17 long-
recorded ECG
signals (24 h)
from 17 subjects

90/10

Employed weighted loss to counter the class imbalance

While the accuracy is commendable, the very small dataset raises concerns
about the model’s generalizability. Without an Fl score provided and limited
sample size, it is difficult to assess whether the model has overfitted or if the
results are reflective of its true performance.

[43]

N/A

98.4

6,877

80/20

No Discussion on overfitting

The study did not include any discussion or mention about overfitting. Given
the limited number of data and data imbalance, there might be a good chance of
overfitting in the model.

[44]

99.71

95.22

100,501

80/20

A dropout layer at the rate of 0.1 and batch normalization
layer was inserted in every convolutional block.

While these strategies are effective for enhancing generalization, the very high
accuracy and Fl score suggest that further scrutiny is warranted. Without
performance metrics on a separate validation or test set, it remains unclear
whether the model has truly generalized well or if it has overfitted to the
training data.

[36]

99.26

N/A

93,371

90/10

Used zero dropout and batch size of 128.

This study achieved the highest accuracy with a zero dropout and batch size of
128. Since an increasing number of batch sizes are prone to overfitting and
dropout was zero for this high accuracy, there might be a good chance that the
model was overfitting.
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[45]

N/A

82.8

6,877

80/20

Used horizontal and vertical flip operation to expand small
sample data, added random noise and applied random erasure
strategy

These approaches are effective in mitigating overfitting by providing the model
with a richer variety of training examples. However, given the modest F| score
relative to the dataset size, it is unclear whether the model effectively
generalizes or has overfitted to specific patterns in the training data.

[19]

N/A

6,877

60/
20/20

The models were trained up to 1000 epochs, and the training
was stopped if the validation F| score did not improve for 50
consecutive epochs

While this approach is a solid strategy for avoiding overfitting, the F| score
indicates that the model may not have achieved optimal performance. Further
evaluation on independent data is necessary to assess its generalizability.

[27]

93

N/A

100,607

50/50

Introduced batch normalization and pooling layer.

While the accuracy appears strong, no Fl score was reported, making it
difficult to fully assess the model’s performance, especially concerning class
balance. The mention of a batch normalization pooling layer suggests that the
model employs regularization techniques aimed at improving convergence and
potentially mitigating overfitting. However, without further information on the
model’s performance on a separate validation set, if the model is overfitting
cannot be conclusively determined.

[46]

98.84

N/A

109,446

50/50

No Discussion on overfitting

The study did not include any discussion or mention about overfitting. Given
the unusual split of data and data imbalance, there might be a good chance of
overfitting in the model.

B1

95

N/A

744

80/20

No Discussion on overfitting (data imbalanced)

The study did not include any discussion or mention about overfitting. Given
the limited number of data and data imbalance, there might be a good chance of
overfitting in the model.

[20]

97.77

N/A

107,168

90/10

No discussion on overfitting

The use of data augmentation through the Synthetic Minority Over-sampling
Technique (SMOTE) was discussed to address class imbalance for future work.
However, without information on performance metrics from a validation set
and balanced dataset there might be a good chance of overfitting in the model.

[47]

268

66.67/
3333

No discussion on overfitting

The study did not include any discussion or mention about overfitting. Given
the limited number of data and data imbalance, there might be good a chance of
overfitting in the model.

[48]

99

109,446

70/
20/10

Used Adadelta-optimizer and introduced Dropout layers.

The use of the Adadelta optimizer, known for its robustness in minimizing
overfitting by eliminating the need for manual learning rate settings, suggests
a thoughtful approach to training. Additionally, the incorporation of dropout
further aids in regularization. While the high accuracy and F| score indicate
strong performance, the proximity of these metrics raises the possibility of
overfitting.
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Improving Interpretability

In the field of arrhythmia detection utilizing ECG signals, improving the interpretability of deep learning models is vital
for clinician trust and acceptance.>® According to Yoo J,*? in the field of cardiac arrhythmia, the two inherent and
interconnected components of Al - multilabel classification and interpretability - have not been adequately addressed.
Various research have used different approaches to tackle this issue. Alamatsaz N°® used Shapley values to measure the
contribution of each ECG sample to model predictions, resulting in clear explanations critical for medical applications.
This approach enables clinicians to determine which ECG segments have the greatest influence on the identification of
complex ventricular arrhythmias (ComVE) or late gadolinium enhancement. Wang R*® employs a parallel machine
learning approach intended to improve interpretability. This strategy improves our knowledge of how models process
ECG data, allowing for greater clinical integration. Yoo J** describes xECGNet, a model that addresses the dual issues of
detection and interpretation. By fine-tuning attention mappings for concurrent labels and integrating a regularization
term, xECGNet efficiently performs multilabel classification and enhances model transparency. Toma TI*” describes
MCTnet, which combines CNN and gated Transformer architectures that was developed by Wang R*® to detect both local
and global features in ECG data. This synergistic method enables good handling of long-term dependencies as well as
natural interpretability via attention maps. These techniques highlight the significance of making deep learning models
more transparent, which will lead to increased clinical acceptability and improved patient care in arrhythmia

identification.

Limitation of This Article

This study has both advantages and disadvantages. This study used organized techniques to acquire and assess studies,
although only a few electronic databases were used. One paper that was not in English was additionally turned down
during full-text screening, which could have yielded valuable data. We limited our search to the title and abstract to keep
the number of searches manageable. It is possible that some of the studies were missing because of our adjustments to the
search technique.

In our review, we acknowledge the predominance of studies utilizing the MIT-BIH Arrhythmia Database, which
appears in 22 out of the 30 selected papers. This reflects the database’s well-established role in arrhythmia detection
research and its widespread acceptance within the scientific community. However, we recognize that this reliance on
a single dataset may underrepresent other valuable datasets that could provide additional insights and improve general-
izability. Future reviews should aim to incorporate a broader range of datasets, including less commonly used ones, to
ensure a more comprehensive and impartial assessment of arrhythmia detection methodologies.

Conclusion

This review investigates the use of deep learning approaches to detect arrhythmias via electrocardiogram (ECG)
readings. The emphasis is on using convolutional neural networks (CNNs) or Hybrid Models that includes RNN and
CNN algorithms for high-accuracy recognition of arrhythmic patterns, which is critical for accurate diagnosis and early
intervention. Through a thorough study of current research trends and methodology, the review emphasizes the potential
of deep learning-based approaches to revolutionize arrhythmia diagnosis by automating ECG signal analysis. The
challenges of dataset heterogeneity, model interpretability, overfitting and real-time implementation are examined, as
well as potential solutions and future research and development areas. This paper outlines current techniques for
managing overfitting, such as dropout layers, data augmentation, and class weighting, while also identifying scenarios
where overfitting may still be possible due to data size restrictions or a lack of cross-validation. This analysis intends to
lead future research into using robust strategies to improve the generalizability of deep learning models, ensuring
consistent results across varied datasets. Finally, this review intends to inform physicians, researchers, and policymakers
about the transformative influence of deep learning in advancing arrhythmia detection, eventually improving patient
outcomes, and strengthening cardiac healthcare.
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