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Abstract
The increasing amount of medical data emphasizes the urgent need for efficient methods in classifying

electrocardiogram (ECG) signals. While current approaches are valuable, they struggle to achieve both high
sensitivity and specificity, limiting their effectiveness in timely cardiac diagnosis. These challenges underscore
the importance of more robust methodologies to improve the accuracy of ECG signal classification. To tackle
these issues, this research suggests a comprehensive approach using machine learning techniques. Our
framework incorporates various algorithms such as Support Vector Machines (SVM), XGBoost, K-Nearest
Neighbors (KNN), Logistic Regression, and an ensemble classifier. This ensemble method aims to leverage
the strengths of individual models, enhancing the overall classification performance. The application of this
approach shows promising results, with increased sensitivity and specificity in categorizing ECG signals. The
versatility of our proposed framework has significant potential for various applications, contributing to
advancements in cardiovascular health monitoring and diagnosis.

Keywords: Electrocardiogram (ECG); Machine Learning; Signal Classification; K-Nearest Neighbors
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1. Introduction

Electric The convergence of machine learning with
healthcare has ushered in a new era of diagnostic
precision and treatment efficacy. Within this
transformative  landscape, the analysis of
electrocardiogram (ECG) signals stands out as a
crucial frontier in cardiovascular health monitoring.
ECG signals, providing a dynamic representation of
the heart's electrical activity, hold invaluable insights
into cardiac function and potential abnormalities. As
medical data volumes burgeon, the accurate and
timely classification of ECG signals emerges as a
critical endeavor for enhancing diagnostic
capabilities and patient outcomes [1]. Contemporary
methodologies for ECG signal classification have
made significant strides, yet they grapple with a
fundamental challenge—the delicate equilibrium
between sensitivity and specificity. Achieving high
sensitivity without compromising specificity, and
vice versa, is a nuanced task, particularly as the
clinical significance of false positives and false
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negatives varies in different diagnostic contexts. It is
within this dynamic landscape that our research finds
its impetus, aiming to refine and elevate the state-of-
the-art in ECG signal classification through the
judicious integration of advanced machine learning
techniques [2]. Our proposed framework pivots on
the utilization of a diverse ensemble of machine
learning algorithms. Support Vector Machines
(SVM), XGBoost, K-Nearest Neighbors (KNN),
Logistic Regression and an ensemble classifier
collectively contribute to a comprehensive approach
that seeks to harness the unique strengths of each
model [3]. The integration of these algorithms is
guided by the overarching objective of mitigating the
limitations inherent in singular methodologies and
achieving a synergistic enhancement in classification
accuracy. The trajectory of this paper will navigate
through a critical examination of the current
landscape, surveying the strengths and limitations of
prevailing ECG signal classification techniques [4].
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A nuanced analysis of the challenges associated with
sensitivity-specificity trade-offs will pave the way
for our proposed framework. Delving into the
methodological underpinnings, we will elucidate the
rationale behind the selection and integration of each
algorithm, providing a holistic view of our approach's
design [5]. W.ithin the experimental domain,
meticulous attention will be given to data pre-
processing, model training, and the rigorous
evaluation of results. Performance metrics,
encompassing sensitivity, specificity, and overall
accuracy, will be scrutinized to quantify the efficacy
of our ensemble approach. The paper will conclude
by synthesizing key findings, discussing their
implications for the broader field of cardiovascular
health monitoring and diagnosis, and highlighting
avenues for future research. In essence, this research
not only addresses the current challenges in ECG
signal classification but also endeavors to establish a
paradigm for advancing precision and efficiency in
cardiac healthcare through machine learning.

2. Literature Review

In recent years, the utilization of machine learning
techniques in classifying electrocardiogram (ECG)
signals has attracted considerable attention in
research circles. A comprehensive review conducted
by Rajpurkar et al. [5] examined the landscape of
deep learning applications, with a particular focus on
Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs). This review
highlighted the effectiveness of deep learning
methods on datasets such as the PTB Diagnostic
ECG Database and the MIT-BIH Arrhythmia
Database, achieving accuracies ranging from 90% to
98%. The study emphasized the importance of
employing data augmentation techniques to enhance
model performance. Expanding on this groundwork,
Chu et al. [6] carried out a comparative analysis,
evaluating various machine learning algorithms'
performance on the MIT-BIH Arrhythmia Database.
This study investigated the efficacy of Support
Vector Machines (SVM), k-Nearest Neighbors
(KNN), Random Forest, and Neural Networks,
stressing the critical role of feature engineering.
Results demonstrated that SVM and Neural
Networks surpassed other models, achieving
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accuracies exceeding 95%. The research underscored
the significance of feature selection in optimizing
ECG signal classification model accuracy. In a
subsequent study, Jiao et al. [7] explored the potential
of ensemble learning techniques in ECG signal
classification. By combining decision trees, SVM,
and Neural Networks into an ensemble model, the
researchers leveraged diverse classifiers' strengths.
Utilizing the PhysioNet/Computing in Cardiology
Challenge 2016 dataset, they found that the ensemble
approach outperformed individual models in
accuracy. This work highlighted the advantages of
integrating classifiers to enhance ECG signal
classification systems' overall performance. Transfer
learning emerged as a focal point in the investigation
by Strodthoff et al. [8], which explored adapting pre-
trained models from unrelated datasets for ECG
signal classification using the PTB Diagnostic ECG
Database. The authors demonstrated that transferring
knowledge from large-scale datasets, such as
ImageNet, through fine-tuning, significantly
improved accuracy, surpassing 96%. This research
showcased the potential of leveraging knowledge
from unrelated domains to enhance ECG signal
classification models' performance. In a different
approach, Martinez et al. [9] proposed a hybrid model
combining wavelet transform and artificial neural
networks for ECG signal classification. The study
emphasized the importance of pre-processing
techniques and feature extraction in enhancing
classification accuracy. By integrating the strengths
of wavelet transform and neural networks, the hybrid
model demonstrated competitive performance on the
MIT-BIH Arrhythmia Database. Another noteworthy
contribution comes from Zheng et al. [10], who
investigated using a stacked sparse auto encoder for
feature learning in ECG signal classification. This
approach focused on unsupervised feature learning,
demonstrating its effectiveness in extracting
discriminative features. Leveraging the advantages
of sparse auto encoders, the model achieved
competitive accuracy on the MIT-BIH Arrhythmia
Database, showecasing unsupervised learning's
potential in ECG signal classification. Warnecke et
al. [11] explored fusing multiple modalities,
combining ECG signals with photoplethysmogram
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(PPG) signals to improve arrhythmia classification.
The study highlighted the complementary nature of
ECG and PPG signals, demonstrating enhanced
accuracy when combining information from both
modalities. This multi-modal approach introduced a
novel perspective in ECG signal classification,
leveraging the synergy between different
physiological signals. In a distinctive contribution,
Rahman et al. [12] addressed the challenge of
imbalanced datasets in ECG signal classification.
The study proposed a novel approach that integrated
cost-sensitive learning with Random Forest,
emphasizing the importance of handling imbalanced
class distributions. By assigning  varying
misclassification costs to different classes, the model
demonstrated improved performance on the MIT-
BIH Arrhythmia Database, providing insights into
mitigating challenges associated with imbalanced
datasets. A growing body of research is exploring the
impact of dietary factors and herbal remedies on
preventing cardiovascular disease (CVD) and their
potential therapeutic applications. This complements
conventional cardiovascular risk factor management
by pharmacological means and the use of
antithrombotic medications. While considerable
attention is focused on the potential cancer
preventive properties of certain nutrients and the cell-
strengthening attributes of herbal substances, some
herbal materials may also affect regular
cardiovascular risk factors or exhibit antithrombotic
effects [13, 14, 15, 16]. This research provides a
comprehensive exploration of machine learning
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applications in ECG signal classification, building
upon recent advancements. Starting with the
effectiveness of deep learning highlighted by
Rajpurkar et al., subsequent studies, including Chu et
al. and Jiao et al., delve into algorithmic performance,
stressing feature engineering and ensemble learning.
Strodthoff et al. expand horizons by demonstrating
the potential of transfer learning from unrelated
domains, aligning with the objective of innovative
approaches for enhanced accuracy. Martinez et al.
and Zheng et al. contribute hybrid and unsupervised
learning models, respectively, addressing pre-
processing and feature extraction concerns for
improved classification accuracy. Warnecke et al.'s
multi-modal fusion of ECG and PPG signals
introduces a novel perspective, while Rahman et al.
tackle imbalanced datasets, presenting a solution
with cost-sensitive learning. Collectively, these
findings significantly advance ECG signal
classification, meeting the research objective of
improving accuracy through diverse and innovative
approaches, setting the stage for further
advancements in cardiac health diagnostics.

3. Proposed Model

As shown in figure 1 Our approach to classifying
ECG signals is tailored to capitalize on the
capabilities of machine learning algorithms, with the
goal of precisely and effectively identifying cardiac
abnormalities. The methodology comprises several
crucial stages, starting with data pre-processing and
culminating in the assessment of model
effectiveness.
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Figure 1 Diagrammatic View of Our Proposed Model
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3.1. Data Collection

As shown in Figure 2 Our ECG signal classification
methodology is built upon the meticulous acquisition
of high-quality ECG strips, ensuring the availability
of a diverse and representative dataset for both model
training and evaluation. The primary source of ECG
data is the ECG Images dataset of Cardiac Patients
2021 [17, 18], a widely recognized benchmark
dataset within the research community. This dataset
encompasses ECG recordings from diverse
demographics, covering a range of cardiac conditions
and abnormalities, thereby providing a solid basis for
model training. Furthermore, we recognize the
importance of incorporating patient history to
contextualize ECG data. Patient-specific information
such as age, gender, medical history, and relevant
clinical notes is considered during the data collection
process. This additional contextual data enriches the
dataset, enabling the model to potentially identify
patterns associated with specific patient profiles or
conditions. [19]

(ST PSR boded Data Preprocessing:

oI s TR Convert the ECG
’ rhythm strips into a

digital format

Physical ECG = *p' :
Rhythm Stl‘ip ocument Patient

Information, medical
history (if possible)

Data Labeling:
Annotate the ECG data
with labels

Figure 2 Data Collection

To enhance the diversity and real-world applicability
of our model, we also explore the integration of ECG
strips from other available datasets, including those
from hospitals and clinics. This multi-source
approach  ensures a more comprehensive
representation of cardiac scenarios, covering a wide
spectrum of anomalies, and provides the model with
a robust foundation for learning complex patterns.
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3.2. Data Pre-Processing
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Figure 3 Data Preprocessing
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13).

Lead-specific
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After data collection [figure 3], our ECG signal
classification methodology undergoes a rigorous
preprocessing stage to ensure the quality and
reliability of the ECG signals. This preprocessing
phase involves a series of essential steps aimed at
enhancing the raw electrocardiogram (ECG) signals
for subsequent machine learning analysis. Initially,
gridline removal is employed to eliminate artifacts,
followed by grayscale conversion to standardize
signal representation. Gaussian filtering is then
applied for noise reduction, and thresholding is
utilized to create binary images emphasizing
essential signal features. Subsequently, contour
detection algorithms are employed to identify and
extract relevant features, laying the groundwork for
further processing. Consistent analysis is ensured
through normalization steps, where both two-
dimensional signals derived from contour detection
and one-dimensional signals undergo normalization
to align their amplitude and scale. These
preprocessing steps collectively refine the ECG
signals, eliminating unwanted interference and
enhancing clarity. The standardized representations
not only facilitate subsequent feature extraction but
also contribute to the stability and effectiveness of

1918


https://irjaeh.com/

IRJAEH

machine learning model training. This preprocessing
pipeline is integral to preparing the ECG data for
classification models, ensuring that the nuances and
patterns within the signals are effectively captured
and utilized in subsequent stages of the methodology.
[20-22]
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Figure 4 Data Integration

During the data integration phase, the extracted
features from all leads of the ECG signal are
combined into a unified dataset as shown in figure 4.
This consolidation enables analysis to be conducted
on the entire ECG signal rather than individual leads.
By merging the features from all leads, the analysis
gains a comprehensive understanding of the overall
ECG signal, which enhances the accuracy and
effectiveness of subsequent classification tasks.

3.4. Abnormality Detection
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Figure 5 Algorithms Used
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Following data preprocessing and integration, the
machine learning model development initiates with
preprocessed data stored in a CSV file, encompassing
values from all 12 leads (figure 5). Two primary
approaches are implemented: hyperparameter tuning
and ensemble learning. Hyperparameter tuning,
facilitated by GridSearchCV, systematically adjusts
model parameters to optimize performance through
cross-validation. This iterative process enhances the
model's learning capability and prediction accuracy
by fine-tuning its parameters. Ensemble learning
merges multiple models to enhance performance.
This study employs K-Nearest Neighbors (KNN),
Support Vector Machines (SVM), and Random
Forest. A soft voting classifier consolidates their
predictions based on probability scores, facilitating
more dependable classifications by selecting the
class with the highest cumulative probability.

4. Result

Our ensemble learning model demonstrated an
impressive overall accuracy of approximately 95% in
detecting ECG signals, showcasing its robust ability
to accurately differentiate between various ECG
categories. The accuracy was computed using the
formula:

True Positives + True Negatives |

Accuracy =
! True Positives + True Negatives + False Positives + False Negatjvesl

In this equation, True Positives (TP): ECG signals
correctly classified as containing a specific type of
activity (e.g., normal heart rhythm). True Negatives
(TN): Signals correctly identified as not containing
that specific activity. False Positives (FP): Signals
incorrectly classified as containing the activity when
they did not (e.g., abnormal rhythm misclassified as
normal). False Negatives (FN): Signals truly
containing the activity but misclassified as not having
it (e.g., normal rhythm misclassified as abnormal).
The high overall accuracy of 95% suggests that the
model effectively learned the underlying patterns
within the ECG data, enabling accurate
differentiation between different signal categories.
This sets the stage for further analysis and
exploration of the model's performance for each
specific class.
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4.1. Recall and Precision

Figure 6 illustrates the performance evaluation of the
ensemble learning model for ECG signal
classification. At a confidence threshold of 0.895, the
model achieved an overall accuracy of 99%,
effectively  distinguishing  between  normal,
abnormal, history of myocardial infarction (Ml), and
current MI categories. The model's precision was
99%, indicating a very low rate of false positives.
However, the recall was 61%, indicating that the
model correctly identified 61% of actual positive
cases while missing 39% while prioritizing high-
confidence predictions. For individual classes,
Classes 0, 1, and 3 exhibited a precision of 100% and
a recall of either 100% or 97%, demonstrating
excellent performance. Class 2 showed a precision of
100% and a recall of 97%, missing only a small
percentage of true positives. The trade-off between
precision and recall is crucial. A high confidence
threshold like 0.895 ensures high precision but may
overlook some true positives. The optimal balance
depends on the application: capturing all positive
cases may necessitate a lower threshold, while
minimizing false positives may justify a higher
threshold.

Precision Recall Fl-score

0 1 2 3 4

Figure 6 Hlustrates the Recall, Precision, and F1-
Score for All Four Classes

4.2. Confusion Matrix:

The ensemble learning model's performance in ECG
signal classification underwent a comprehensive
evaluation using various metrics. A confusion
matrix, depicted in Figure 7, offers a detailed
breakdown of the model's classification accuracy for
each ECG signal category: normal, abnormal, history
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of myocardial infarction (M), and current MI. This
matrix facilitates the calculation of the model's
overall accuracy. By summing the correctly
classified signals along the diagonal and dividing by
the total number of signals, we obtain an overall
accuracy of 95%. This metric quantifies the model's
ability to distinguish between the four distinct ECG
signal categories. The choice of a classification
threshold significantly impacts the balance between
precision and recall. A higher threshold may result in
higher precision (reduced false positives) but
potentially lower recall (missing true positives).
Conversely, a lower threshold may capture more true
positives but also introduce more false positives. The
selection of the optimal threshold depends on the
specific requirements of the application. In scenarios
prioritizing the correct identification of all positive
cases (e.g., all abnormal signals), a lower threshold
may be favored. Future investigations will involve
analyzing the model's performance across various
confidence thresholds. This will enable the creation
of a precision-recall curve, aiding in identifying the
optimal threshold for our specific application. This
ensures a balance between precision and recall that
aligns best with our requirements. [23]

Confusion Matrix
s0

= a

True labels

a 1 2 2
Predicted labels

Figure 7 Confusion Matrix for ECG Signal
Classification

Conclusion and Future Scope

Looking to the future, there are several promising
avenues for further research and development. This
research presents a novel machine learning
framework tailored for the classification of ECG
signals, making significant contributions to the field.

1920


https://irjaeh.com/

IRJAEH

Our algorithmic innovation, featuring advanced
feature extraction techniques and a specifically
optimized  architecture,  showcases  superior
performance compared to existing methods. Notably,
the framework exhibits robustness to noise and
variability, enhancing its applicability in real-world
scenarios. The incorporation of interpretability and
explain ability aspects ensures transparency in
decision-making, facilitating collaboration between
clinicians and machine learning practitioners.
Additionally, our open-source implementation
fosters community engagement and validation. Our
primary focus is on the comprehensive comparison
of PQRS waves in electrocardiogram (ECG) signals,
aiming to discern patterns and anomalies across
multiple dimensions. Rather than concentrating
solely on a single abnormality, we provide the users
with a holistic understanding experience, exposing
them to a diverse range of cardiac irregularities. The
\precise problem involves the intricate analysis of
PQRS waveforms, emphasizing the need to identify
variations and deviations indicating various cardiac
conditions. Expanding the dataset to include more
diverse and extensive real-time monitoring data
could enhance the model's generalization
capabilities. The integration of explainable artificial
intelligence (XAI) methods presents an opportunity
to enhance the interpretability of results, fostering
greater trust among healthcare professionals. Further
research could also focus on the scalability of the
methodology for real-time monitoring, potential
collaborations with healthcare institutions for clinical
validation, and integration into existing healthcare
infrastructure. The incorporation of edge computing
and the development of efficient algorithms for

resource-constrained  devices could facilitate
deployment in remote and resource-limited
environments. In summary, the future scope

encompasses the refinement and evolution of the
methodology, contributing to the ongoing progress in
precision cardiovascular health monitoring. In
conclusion, the existing literature on machine
learning applications in ECG signal classification has
demonstrated notable achievements, particularly in
the effectiveness of deep learning methods and the
exploration of diverse algorithms. However, a critical
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analysis reveals a significant research gap that our
study aims to address. While prior research has
primarily focused on algorithmic performance,
feature engineering, and innovative approaches such
as ensemble learning and transfer learning, there is a
notable scarcity in studies addressing the
comprehensive integration of multiple modalities and
handling imbalanced datasets. The literature lacks a
holistic exploration of hybrid models that combine
both  algorithmic  advancements and data
preprocessing techniques to improve overall
classification accuracy. Our research bridges this gap
by proposing a novel framework that not only builds
upon the strengths of existing methodologies but also
addresses the identified limitations, presenting a
comprehensive solution that incorporates multi-
modal fusion and robust strategies for handling
imbalanced datasets. This critical analysis positions
our study as a pivotal contribution to the field, aiming
to provide a more holistic and effective approach to
ECG signal classification.
References
[1].S. Smigiel, K. Palczynski and D. Ledzifski,
"ECG Signal Classification Using Deep
Learning Techniques Based on the PTB-XL
Dataset,”" Entropy (Basel, Switzerland), vol.
23(9), no. 1121, 2021.
[2].T. Chen and C. Guestrin, "XGBoost: A
Scalable Tree Boosting System," in 22nd
ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining
(KDD '16), 2016.
[3].Acharya, U. R., Fujita, H., Adam, M., Lih, O.
S., Sudarshan, V. K., Hong, T. J., ... & San,
T.R. (2017). Automated characterization and
classification of coronary artery disease and
myocardial infarction by decomposition of
ECG signals: A comparative study.
Information Sciences, 377, 17-29.
[4].Clifford, G. D., Liu, C., Moody, B., Li-wel,
H. L., Silva, I., & Li, Q. & Mark, RG (2017,
September). AF Classification from a short
single lead ECG recording: The
PhysioNet/Computing in Cardiology
Challenge 2017. In 2017 Computing in
Cardiology (CinC)(pp. 1-4).

1921


https://irjaeh.com/

IRJAEH

[5].P. Rajpurkar, A. Y. Hannun,. M. Haghpanahi,
C. Bourn and A. Y. Ng, "Cardiologist-Level
Arrhythmia Detection with Convolutional
Neural Networks,” arXiv preprint, vol.
arXiv:1707.01836., 2017.

[6].Chu, Y., Zhao, X., Zou, Y., Zhang, H., Xu,

W., & Zhao, Y. (2018, November). A [13].

comparative study of different feature
extraction methods for motor imagery EEG
decoding within the same upper extremity. In
2018 Chinese Automation Congress (CAC)
(pp. 330-335). IEEE.

[7].L. Jiao, R. Qu, Z. Feng, L. Li, S. Yang, F. Liu

and F. Zhang, "A Survey of Deep Learning- [14].

Based Object Detection,” IEEE Access, vol.
7, no. 10.1109/ACCESS.2019.2939201.,
2019.

[8].Strodthoff, N., Wagner, P., Schaeffter, T., &
Samek, W. (2020). Deep learning for ECG
analysis: Benchmarks and insights from PTB-

XL. IEEE journal of biomedical and health [15].

informatics, 25(5), 1519-1528.

[9].Martinez, J. P., Almeida, R., Olmos, S,
Rocha, A. P., & Laguna, P. (2004). A
wavelet-based ECG delineator: evaluation on
standard databases. IEEE Transactions on

biomedical engineering, 51(4), 570-581. [16].

[10]. L. Zheng, Z. Wang, J. Liang, S. Luo and S.
Tian, "Effective = compression and
classification of ECG arrhythmia by singular
value decomposition,” Biomedical
Engineering  Advances, vol. 2, no.

https://doi.org/10.1016/j.bea.2021.100013, [17].

2021.
[11]. J. M. Warnecke, . N. Boeker, . N. Spicher, . J.
Wang, M. Flormann and T. M. Deserno,

"Sensor Fusion for Robust Heartbeat [18].

Detection  during  Driving,”  Annual
International Conference of the IEEE
Engineering in Medicine and Biology

Society. IEEE Engineering in Medicine and [19].

Biology Society. Annual International
Conference, vol. 447-450, no.
https://doi.org/10.1109/EMBC46164.21021.
9630935, 2021.

[12]. A.-U. Rahman, A. Mosavi, S. Abbas, M. A. [20].

International Research Journal on Advanced Engineering Hub (IRJAEH)

International Research Journal on Advanced Engineering Hub (IRJAEH)

e ISSN: 2584-2137
Vol. 02 Issue: 07 July 2024
Page No: 1915- 1923

https://irjaech.com
https://doi.org/10.47392/IRJAEH.2024.0262

Khan, S. A. Alsaif, K. Sultan and. R. N. Asif,
"ECG Classification for Detecting ECG
Arrhythmia Empowered with Deep Learning
Approaches,” Computational intelligence and
neuroscience, vol. 6852845, no.
https://doi.org/10.1155/2022/6852845, 2022.
J. G. Gujar, S. Chattopadhyay, S. J. Wagh and
V. G. Gaikar, &quot;Experimental and
modeling studies on extraction of catechin
hydrate and epicatechin from Indian green tea
leaves,&quot; The Canadian Journal of
Chemical Engineering, Vols. 88(2):232 - 240,
no. 10.1002/cjce.20271, 2010.

J. G. Gujar, S. J. Wagh and V. G. Gaikar,
&quot;Experimental and modeling studies on
microwave-assisted extraction of thymol
from seeds of Trachyspermum ammi
(TA),&quot; Separation and Purification
Technology, Vols. 70(3):257-264, no.
10.1016/j.seppur.2009.08.005, 2010.

A. A. Katole , J. G. Gujar and S. M. Chavan,
&quot;Experimental and Modeling Studies
on Extraction of Eugenol from Cinnamomum
Zeylanicum  (Dalchini),&quot; ISTE -
International Journal of Science Technology
&amp; Engineering, vol. 2, no. 11, 2016.

S. J. Wagh, J. G. Gujar and V. G. Gaikar,
&quot;Experimental and modeling studies on
extraction of amyrins from latex of mandar
(Calotropis gigantea),&quot; Indian Journal
of Chemical Technology, vol. 19, no. 427-
433, 2012.

Khan, Ali Haider; Hussain, Muzammil
(2021), “ECG Images dataset of Cardiac
Patients 7, Mendeley Data, V2, doi:
10.17632/gwbz3fsgp8.2

Kadam, Sonali & Pawar, Rutuja & Phule,
Shweta & Kher, Priyansha & Kumari,
Manisha. (2017). Ensemble of Classifiers for
Intrusion Detection System.

Sharma, L.D., Sunkaria, R.K. Detection and
delineation of the enigmatic U-wave in an
electrocardiogram. Int. j. inf. tecnol. 13,
2525-2532 (2021).
https://doi.org/10.1007/s41870-019-00287-w
Chandra, M.A., Bedi, S.S. Survey on SVM

1922


https://irjaeh.com/

International Research Journal on Advanced Engineering Hub (IRJAEH)
e ISSN: 2584-2137

Vol. 02 Issue: 07 July 2024

Page No: 1915- 1923

https://irjaech.com
IRJAEH https://doi.org/10.47392/IRJAEH.2024.0262

and their application in image classification.
Int. j. inf. tecnol. 13, 1-11 (2021).
https://doi.org/10.1007/s41870-017-0080-1

[21]. Mahajan, P., Kaul, A. Optimized multi-stage
sifting approach for ECG arrhythmia
classification with shallow machine learning
models. Int. j. inf. tecnol. (2023).
https://doi.org/10.1007/s41870-023-01641-9

[22]. Goswami, A. D., Bhavekar, G. S., & Chafle,
P. V. (2023). Electrocardiogram signal
classification using VGGNet: a neural
network  based classification  model.
International  Journal ~ of  Information
Technology, 15(1), 119-128.

[23]. Sengupta, S., Mayya, V. & Kamath, S.S.
Detection of bradycardia from
electrocardiogram signals using feature
extraction and snapshot ensembling. Int. j.
inf. tecnol. 14, 3235-3244 (2022).
https://doi.org/10.1007/s41870-022-00963-4

International Research Journal on Advanced Engineering Hub (IRJAEH) 1923


https://irjaeh.com/

