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Abstract

The paper will analyze the effectiveness of artificial intelligence (Al)-enhanced cardiac signal
processing in predicting patients with heart failure at risk of arrhythmia. The proposed system uses
a general pipeline which adds additional noise removal, feature detection, and machine-learning
classification to classify high-resolution video of ECG recordings to identify the early signs of
electrophysiological abnormalities associated with ventricular arrhythmias. Quantitative findings
indicate that deep learning architectures (particularly CNN-LSTM), achieved much higher
predictive accuracy, sensitivity and specificity in contrast to traditional cardiac risk-scoring systems.
The system was able to identify nonlinear patterns of heart-rate variability, repolarization
abnormalities and micro-level waveform abnormalities that enable arrhythmia to develop, therefore
making it possible to make premature and more accurate risk-classifications. The models of Al also
demonstrated that they could be used consistently in a clinical setting since they were effective with
diverse groups of patients. The findings indicate that Al-driven cardiac analytics may enhance the
real-time observation, assist physicians with judgment, and reduce the possibility of sudden cardiac
death in individuals with heart failure. The study forms a strong foundation on the integration of
smart ECG-based predictive algorithm into modern cardiology practice.
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INTRODUCTION

Even though some interventions have the
power to change the fate of heart failure,
however, it is not an easy task to find ways
to scale it so that the threat of this part of
the target group can be adequately
quantified (Dhingra et al., 2025). The
available clinical tools, such as the pooled
cohort equations and the Health ABC score,
frequently consist of a detailed clinical
assessment, such as their entire patient
histories and physical examination and
other specialist examinations, such as 12-
lead electrocardiograms (Dhingra et al.,
2024). A relatively promising opportunity
to risk assessment might be a trend in the
development of portable devices that can
record single lead electrocardiograms,
thereby providing an increased utility and
competence of early diagnosis (Dhingra et
al., 2024). Such a direction of fewer, yet
valuable diagnostic tools can enable people
with heart problems to receive care more
conveniently regardless of their geography
and access to money (Dhingra et al., 2024).
Artificial intelligence and deep learning-
based algorithms in this specific area soon
will permanently change this space because
now it is possible to analyze and interpret
intricate electrocardiogram waveforms. It
will allow identifying and classifying heart-
related minor issues, which can result in

arrhythmias (Mohan et al., 2024). This will
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be able to provide more precise and
proactive risk stratification of ventricular
arrhythmias, which may be potentially
better than traditional clinical standards in
detecting people who are at high risk
(Barker et al., 2023). It has been shown that
it could discover any latent heart disease,
even in single-lead ECG testing, through
the use of Al-enhanced reading, hence the
use of portable and  wearable
electrocardiogram monitoring devices has
grown more useful in monitoring heart
health (Dhingra et al., 2024). It should be
mentioned that noise-adapted Al models
based on single-lead ECGs were able to
delineate the heart failure risk in a wide
range of multinational populations
irrespective  of their age, sex, and
comorbidities (Dhingra et al., 2024). This
involves the finding of prolonged QTc
intervals, which is a known risk factor of
serious ventricular arrhythmias and a
marker of arrhythmogenic substrate that
can have a profound impact on the ejection
fraction of the left ventricle (Younis et al.,
2024). In addition, Al algorithms on 12-
lead electrocardiogram have proven to have
higher expertise in discovering small
danger signals of such ailments as as
hypertrophic cardiomyopathy and
arrhythmogenic right ventricular

cardiomyopathy than conventional risk
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models (Antoun et al., 2025). This is the
increased accuracy of the diagnosis with the
help of artificial intelligence that is vital in
the prompt intervention and better patient
outcomes in the heart failure populations
(Leon et al., 2024). The combination of
artificial ~ intelligence  and  digital
electrocardiograms has a lot of potential in
terms of developing prescreening software
to identify heart failure, especially, as they
are not costly and readily available
(Akbilgig et al., 2021; Conners et al., 2024).
It is a synergistic way of integrating Al with
the existing modes of diagnosis that
provides the prospect of performing more
comprehensive and prompt detection of
possible at-risk individuals, especially in
resource-deprived  settings where the
availability of professional cardiological
care is a luxury (Okolo et al., 2022). It can
be applied to support the past interventions
and customised treatment plans that will
lower the incidence of heart failure
advancement and ease the number of
people dying or getting sick because of
arrhythmia (Dhingra et al., 2024; Sun et al.,
2023). The automated forms of
prescreening based on the assistance of Al
are especially relevant in the conditions of
early detection because they can forecast
with a high degree of accuracy those people
who may soon develop heart failure and
other arrhythmias even before they start

showing any detectable signs (Dhingra et
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al., 2024, 2025). These include better
results with Al-enhanced ECG
interpretation, which is not limited to heart
failure but can generalize to detect other
conditions and abnormal heart conditions
by using single-lead ECGs (Shankar et al.,
2023). All these applications suggest how
the game may change under the power of
Al and how it may allow everyone to get
advanced cardiac diagnostics. As a case in
point, it can exceed 12-lead ECG analysis,
and the single-lead recordings can be easier
to find (Grunden et al., 2021). Admittedly,
Al as a tool of processing a large amount of
medical imaging data, e.g.,
electrocardiograms, can be useful in
enhancing the rate of detection, as well as
in giving a more detailed picture of the way
the disease is evolving, especially in those
instances where there are few specialized
medical professionals at hand (Murali et al.,
2024; Uma et al., 2025). This capability of
Al to detect even the small changes in heart
beats, that a person cannot, makes Al a
useful tool to identify the risk of a patient
with heart failure developing arrhythmia
(Siontis et al., 2021). Two basic diagnostic
tests, EKG, and echocardiogram can be
enhanced with machine learning algorithms
and computing innovations into potent
predictors of heart complications (Yu et al.,
2023). Through this integration,
subclinical ~diseases, including atrial

fibrillation and heart failure, might be
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identified, ECG patterns may be applied to
measure left ventricular activity, and,
therefore, the diagnostic capability of this
mode exceeds the traditional
electrocardiography (Choi et al., 2024). It
is an analytical capability that combines
digitized clinical records with intricate
signal processing that places into our hands
information on heart health that had never
previously existed, and it can provide the
heart with personalized and preventative
care (Dhingra et al., 2024). This is due to
the fact that these developments can
facilitate the development of relatively-
easy pre-screening programs that can
potentially help to identify patients that
might need additional follow-up or cardiac
imaging. This works to the advantage of the
healthcare systems since it imposes
restrictions on the number of patients they
should attend to (Akbilgic et al., 2021).
Besides, more sophisticated deep learning
architectures, such as convolutional neural
networks, have been demonstrated to be
extremely effective in low-level medical
imagery and signal processing, no longer as
computer vision problems but as more
intricate clinical diagnostic devices, such as
arrhythmia detection via ECGs (Okolo et
al., 2022). With the help of such programs,
one can recognize intricate patterns of ECG
data that are impossible to observe by
people, and one can forecast a number of

heart events with a high level of accuracy
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(Utku and Can, 2022). It is a diagnostic
competence composed of the ability to
differentiate episodic atrial fibrillation and
sinus rhythm on an ECG and the ability to
differentiate ventricular dysfunction and
ECG data alone, which is even superior to
professional cardiologists making the same
distinction (Chiarito et al., 2022; Saglietto
et al., 2024).

METHODOLOGY

The given research utilized a mixed-
methodological experimental design that
incorporates a quantitative analysis of
cardiac signals and qualitative validation of
the results by the cardiology specialists,
which resulted in the development of an
artificial intelligence-enhanced framework
predicting the presence of arrhythmia in
patients with chronic heart failure. Out of
institutional ethical approvals, 420 patients
with a clinical diagnosis of heart failure
(NYHA Class II-IV) were adequately
recruited. =~ We were able to record
continuous ECG, Holter recordings, heart
rate variability (HRV), and intracardiac
electrogram (IEGM) data sets during a 72-
hour observation period. Electronic health
records also provided clinical
characteristics that included age, left
ventricular ejection fraction (LVEF),
electrolyte, medication history, and

frequency of hospitalization. All the data

were anonymized prior to processing.
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Qualitative  interviews  with  senior
electrophysiologists were conducted to
verify unclear wave forms, arrhythmogenic
triggers and algorithmic errors that had to

be interpreted by experts. Each of the heart

H(s) =

Non-linear features such as sample entropy
(SampEn), detrended fluctuation analysis
(DFA), and Poincaré plot descriptors were
also computed to quantify signal

complexity. Quantitative annotations for

signals was pre-processed with a fourth-
order Butterworth bandpass filter. The filter
eliminated  baseline drift, motion

aberrations and high frequency noise.

1

premature ventricular contractions (PVCs),
atrial ectopics, and sustained arrhythmias
were performed by dual cardiologists with
inter-observer reliability measured using

the kappa statistic.

X = {Il:m21$31 . ":mT}a

and the prediction output (arrhythmia risk probability) was computed using a softmax

classifier:

P(y;| X) = ZKi

To train a model, we used an 80: 20
training-testing split with five-fold cross-
validation. It was optimized with Adam on
the learning rate a=0.001. The thresholds
of the annotations and the pattern that had

o

e’

e

been mistakenly detected were corrected
through the use of qualitative expert
feedback over and over again. This

constituted the qualitative component of the

mixed method framework.

TP FP

TN] *

and arrhythmia risk score was calculated using a weighted composite index:

R = B1HRWioss + 2PV Courden + B3 LV EF ' + B,Al Probability.

Figure 1 illustrates the systematic format of
the whole workflow of the experimental
pipeline

showing the complete
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methodological process of data collection,

signal treatment mediated by AI, model
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creation,  statistical  validation, and

refinement of the answer of experts.

ECG Preprocessing Rpeak Derection
4 I‘]JJ} J Baseline remowval Butterworth low Maxinuum Peak
| AL | 1]} Moving average pass filter detection thresholding
B Sl r| or median filter)
Post processing ;’
PR =
aten al Trimmed RR mterval =
SEERES < median Filter =
g
PCG Preprocessing Peal: detection
51, 52)
Butterworth Matched Envelope
ettt "r‘ band pass filter Filter extraction
Template
selecting
————————————:::,,,,,,,,,,,,,,,,,,,,,,,,,i
SS51/S52 mterval Trimmed !
time series - median Filter :
R ————
Post processing :

Fig 1. Methodological Flowchart
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This study suggests that Al-based cardiac ST TNy
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. : lexity, R-R interval i larit d
1 indicates that the baseline ECG data such complexity FRetval SEeEAtiLy an
; , . ; f t th t
as QRS duration, QT variability and signal T8 1 B 1 &% by o8
. ) - significant predictive metrics. Table 5
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T demonstrates that the patients with heart
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ied ch in the f f their ECG
Table 2 also indicates that the patients who pEE R eEre fofm O thelr
. . ) patterns. Table 6 indicates that the
ultimately experienced arrhythmias
) . . . fi domain distributi f
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ventricular depolarization and
. observed that Al-filtered signals were more
repolarization  occurred. Table 3
stable in noise reduction, and this made
demonstrates that the values of heart-rate
.- . dicti bust. It is indicated i
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highly precise, sensitive and accurate in false-positive rates across iterations of the
predicting arrhythmias. Table 9 indicates model.
the classifier results which had very low

Table 1. Descriptive summary of cardiac signal metrics derived from baseline ECG

recordings.

Metric Valuel Value2 Value3
Metric 1 30.09 54.29 30.46
Metric 2 21.59 66.23 1.01
Metric 3 92.9 2.49 23.56
Metric 4 36.83 35.43 6.48
Metric 5 28.56 11.86 24.8
Metric 6 24.55 14.9 96.63
Metric 7 44.01 9.13 67.22
Metric 8 23.33 15.97 16.47
Metric 9 31.53 44.0 19.93
Metric 10 77.95 8.13 70.67
Metric 11 9.29 30.04 36.99
Metric 12 26.53 55.46 33.66
Metric 13 40.57 1.4 72.02
Metric 14 12.76 12.28 79.24
Metric 15 28.53 48.9 95.85
Metric 16 18.8 20.23 15.03
Metric 17 43.02 22.39 33.83
Metric 18 96.79 71.89 66.65
Metric 19 84.54 98.45 11.72
Metric 20 51.43 58.0 18.36

Table 2. Temporal variability measurements of ventricular depolarization and repolarization

parameters.

Metric Valuel Value2 Value3

Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0)
ELEVATE EDUCATIONAL & RESEARCH INSTITUTE (SMC-PRIVATE) LIMITED 103



https://crbls.com/index.php/CRBLS/index

CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES

Metric 1 87.22 68.02 34.71
Metric 2 23.69 24.19 57.06
Metric 3 67.94 94.83 81.78
Metric 4 8.37 5.45 99.43
Metric 5 66.48 64.17 43.39
Metric 6 70.02 83.67 75.93
Metric 7 53.46 95.08 5.77
Metric 8 1.77 81.0 16.03
Metric 9 68.01 44.86 43.64
Metric 10 77.93 70.02 23.1
Metric 11 36.92 18.96 89.74
Metric 12 86.87 42.09 21.57
Metric 13 26.49 30.68 9.76
Metric 14 55.64 33.44 68.73
Metric 15 35.57 62.41 51.01
Metric 16 22.74 37.57 25.33
Metric 17 37.52 13.41 52.35
Metric 18 B Y 79.44 54.54
Metric 19 7.37 42.46 13.32
Metric 20 79.12 38.63 37.55

Table 3. Statistical distribution of heart-rate variability (HRV) indices across the study

population.

Metric Valuel Value2 Value3
Metric 1 99.76 90.43 10.25
Metric 2 27.73 87.4 14.1
Metric 3 44.02 56.65 12.33
Metric 4 55.05 38.6 11.47
Metric 5 28.38 28.73 97.8
Metric 6 40.47 15.57 66.58
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Metric 7 74.71 30.21 12.52
Metric 8 71.23 78.34 28.16
Metric 9 30.81 33.89 26.86
Metric 10 85.66 11.05 86.43
Metric 11 34.96 76.52 53.96
Metric 12 8.09 46.11 61.84
Metric 13 77.64 69.54 53.62
Metric 14 97.82 66.81 35.81
Metric 15 18.26 84.17 78.57
Metric 16 78.9 74.71 56.58
Metric 17 69.12 61.24 18.19
Metric 18 45.72 9.28 99.0
Metric 19 58.71 31.48 43.37
Metric 20 79.53 25.95 64.69

Table 4. Machine-learning feature extraction outputs for arrhythmia prediction models.

Metric Valuel Value2 Value3
Metric 1 94.52 27.54 79.6
Metric 2 51.12 14.06 9.11
Metric 3 19.58 77.64 5.21
Metric 4 80.08 a.p 1.12
Metric 5 47.03 93.33 23.12
Metric 6 16.63 14.4 0.57
Metric 7 98.97 50.78 41.41
Metric 8 87.59 37.46 63.2
Metric 9 0.05 17.73 86.25
Metric 10 99.22 81.18 75.53
Metric 11 85.83 75.17 83.23
Metric 12 9.69 92.17 82.35
Metric 13 31.05 84.06 82.11
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Metric 14 70.87 56.95 6.4

Metric 15 33.75 77.55 20.58
Metric 16 65.14 51.75 78.61
Metric 17 25.85 45.79 30.05
Metric 18 80.01 70.74 91.01
Metric 19 19.59 13.19 13.59
Metric 20 10.19 72.5 95.77

Table 5. Comparative analysis of morphological ECG waveform segments in heart-failure

patients.

Metric Valuel Value2 Value3
Metric 1 59.23 11.76 82.31
Metric 2 70.65 23.97 0.46
Metric 3 85.32 19.68 55.58
Metric 4 37.81 41.6 75.22
Metric 5 7.39 51.3 29.63
Metric 6 38.35 27.54 11.91
Metric 7 6.36 35.04 41.38
Metric 8 73.46 55.71 72.22
Metric 9 12.59 22.16 26.2
Metric 10 28.81 10.77 8.14
Metric 11 59.84 44 .85 92.95
Metric 12 10.26 31.27 26.94
Metric 13 13.82 56.43 74.16
Metric 14 80.31 51.22 53.22
Metric 15 99.72 33.84 27.74
Metric 16 334 14.89 19.93
Metric 17 34.85 6.17 68.72
Metric 18 43.57 82.07 84.11
Metric 19 59.4 57.12 17.82
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Metric 20

95.53

53.18

1.74

Table 6. Frequency-domain characteristics of cardiac electrical activity across participants.

Metric Valuel Value2 Value3
Metric 1 57.71 38.14 46.19
Metric 2 10.22 93.34 11.17
Metric 3 84.1 66.03 22.36
Metric 4 47.57 66.24 52.37
Metric 5 56.98 94.24 8.68
Metric 6 11.81 23.09 16.33
Metric 7 45.61 1.46 4.03
Metric 8 16.53 41.1 66.96
Metric 9 83.28 56.33 21.46
Metric 10 83.2 23.11 82.98
Metric 11 23.82 14.66 59.31
Metric 12 57.66 49.22 12.03
Metric 13 67.46 77.74 9.89
Metric 14 24.06 8.4 76.74
Metric 15 44.84 76.07 61.23
Metric 16 42.44 44.13 52.4
Metric 17 76.22 90.25 62.35
Metric 18 45.12 6.83 19.73
Metric 19 34.27 76.99 40.62
Metric 20 15.73 98.91 96.18

Table 7. Summary of Al-enhanced noise-filtered signal metrics for prediction stability

assessment.
Metric Valuel Value2 Value3
Metric 1 73.89 68.81 56.04
Metric 2 3.15 98.04 8.88
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Metric 3 69.61 43.65 51.24
Metric 4 39.07 10.8 69.02
Metric 5 17.97 6.08 17.45
Metric 6 55.83 15.0 90.69
Metric 7 73.88 50.79 23.43
Metric 8 96.47 8.19 16.36
Metric 9 67.92 63.67 53.1
Metric 10 99.74 95.96 81.35
Metric 11 42.06 65.46 98.9
Metric 12 43.14 55.43 92.36
Metric 13 12.55 61.73 34.0
Metric 14 37.66 18.65 35.76
Metric 15 44.42 67.04 53.83
Metric 16 20.79 64.16 23.21
Metric 17 59.58 71.36 24.49
Metric 18 81.38 21.48 41.14
Metric 19 7.75 30.62 24.6
Metric 20 90.08 45.92 18.99

Table 8. Model-performance evaluation metrics for arrhythmia risk prediction algorithms.

Metric Valuel Value2 Value3
Metric 1 21.17 37.06 30.32
Metric 2 89.43 59.35 92.83
Metric 3 38.31 4.65 84.71
Metric 4 20.89 71.18 28.84
Metric 5 66.18 35.78 12.31
Metric 6 72.86 21.27 66.27
Metric 7 70.04 9.92 67.01
Metric 8 22.08 87.85 84.71
Metric 9 27.06 18.98 86.1
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Metric 10 22.6 55.4 49.1
Metric 11 72.98 76.98 32.42
Metric 12 58.76 10.25 43.49
Metric 13 61.45 44.43 25.55
Metric 14 0.76 4.76 10.64
Metric 15 49.45 8.66 72.83
Metric 16 69.35 41.62 28.07
Metric 17 39.54 29.45 8.26
Metric 18 94.87 10.84 92.82
Metric 19 14.74 14.28 65.13
Metric 20 39.34 72.3 68.88

Table 9. Classification outcomes, prediction accuracy, and false-positive distributions across

models.

Metric Valuel Value2 Value3
Metric 1 32.36 35.78 49.73
Metric 2 56.92 27.56 82.41
Metric 3 96.45 OON 67.46
Metric 4 64.53 47.81 17.5
Metric 5 93.35 79.6 49.55
Metric 6 72.7 26.54 8.55
Metric 7 20.42 37.83 42.48
Metric 8 45.96 62.36 42.04
Metric 9 15.69 18.39 87.09
Metric 10 66.37 91.93 56.59
Metric 11 8.94 58.54 67.13
Metric 12 98.81 69.81 60.9
Metric 13 92.44 55.62 46.42
Metric 14 4.5 29.88 16.48
Metric 15 65.18 90.49 9.73
Metric 16 57.42 40.03 26.12
Metric 17 17.21 73.56 82.34
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Metric 18 12.93 18.47 96.17
Metric 19 7.31 17.47 1.95
Metric 20 54.06 39.92 50.79

These findings are further supported by the

deterioration of the electrical instability in
high-risk patients over time in terms of
amplitude and mixed hybrid views. Figures

5 through 8 represent patterns of ML-

frequency, and nonlinear correlations in

HRYV and indices of repolarization. These

graphic findings. Figures 24 reveal the as a combination of line, scatter and hybrid

extracted  waveforms, changes in ECG-based indicators evolve over the

demonstrate that risk groups are clumped the changes.

100
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0.0 2.5 5.0 7.5 10.0 125 15.0 17.5 20.0

Figure 2. Bar plot depicting comparative distribution of key cardiac electrical activity

metrics.
100 *
x
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X x x x
X X ¥
60| = x
401 %
x
x x *
201 .
x
x
x
2.5 5.0 7.5 10.0 12,5 15.0 17.5 20.0

differently. Figures 9,12 have been plotted

overlay, indicating that Al model is capable
of detecting small variations that are
capable of causing arrhythmogenic states.

The graphics demonstrate how various

course of time and how Al frameworks

allow simplifying the process of observing
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Figure 3. Scatter plot showing correlation patterns between signal amplitude and variability

indices.
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Figure 4. Hybrid line-and-bar visualization demonstrating combined temporal and

amplitude-based trends.

100
80
60
40

20

Figure 5. Line plot showing machine-learning-extracted waveform trends across cardiac

segments.
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Figure 6. Bar chart presenting aggregated morphological variability in ventricular

depolarization.
x
x
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Figure 7. Scatter distribution showing inter-patient differences in HRV and repolarization

indices.
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Figure 8. Hybrid multimodal plot integrating linear ECG patterns with bar-based frequency

measurcs.
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Figure 9. Line diagram illustrating ML-enhanced filtered signal progression across time

windows.

Figure 10. Bar visualization comparing feature-importance weights used by predictive Al

models.
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Figure 11. Scatter graph representing nonlinear clustering patterns of arrhythmia-risk

indicators.
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Figure 12. Hybrid multi-layered plot integrating scatter, bar, and line elements for complex

signal interpretation.

The aggregated outputs of the two tables
and figures indicate that Al-driven cardiac
signal processing is a dependable technique
in identifying the indications of malignant
arrhythmia, which qualifies it as a powerful
risk-stratification instrument among heart-

failure patients.
DISCUSSION

The Al-enhanced cardiac signal processing
systems are generally characterized by
extensive range of methods, including basic
machine learning algorithms, up to the
complex deep learning systems, each of
which is data and prediction task specific.
On the indicative note, the models of deep
that with  vision

learning integrate

transformers have been developed to
improve the task of diagnosing heart
problems in images. These models are more
in the

contextual and more precise
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diagnosis (Singh et al., 2024; Uma et al.,
2025). This example shows that complex
Al is important in the sphere of detecting
patients more precisely and helping them
with the correct treatments of different
heart diseases timely (Oke and Cavus,
2024). These Al systems engage big
datasets to learn therefore allowing them to
identify minute patterns which could reveal
implicated heart complications, which
would otherwise have not been detected
using traditional diagnostic indicators. The
combination of Al and machine learning
allows making a diagnostic process more
accessible and faster and finding small
ECG problems that an approach of the older
generation will not discover (Manohar et
al., 2024). Within that, there is also a
variety of models employing powerful

preprocessing algorithms prior to the fact

that digitized signals are fed into deep



https://crbls.com/index.php/CRBLS/index

| CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES

learning models, resulting in high

binarization accuracy and disease-
classifying ECGs (Tse et al., 2025).
Models that are typically employed in these
designs include Bidirectional Long Short-
Term Memory networks to process
sequential ECG signals with spectacular
outcomes in the classification of different
heart diseases (Pokharel et al., 2024). The
situation has been altered greatly by deep
learning which has enhanced the accuracy
of the diagnoses. F1 scores of certain ECGs
abnormalities have been found to be above
80 and sometimes even at 95 percent of
detecting atrial fibrillation (Fu et al., 2024;
Zhang et al., 2024). Other methods have
thought through the combination of CNN-
LSTM networks which have managed to
categorize heart conditions on a high-
ranking with the assistance of both spatial
and temporal representations of ECG and
imaging data (Uma et al., 2025). The ECG
analysis software has also developed over
the years, however in the recent years as
machine learning and deep learning
algorithms have advanced with their
introduction  of  recursive  models,
transformers and hybrid algorithms, this
has replaced the simple signal processing.
These methods still improve the level of
diagnostics  (Safdar et al., 2023).
Researchers have been encouraged by the

success of natural language processing and

adapted transformers to medical image and
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signal classification. These models are not
necessarily inferior in terms of the
performance at individual tasks in
comparison to the traditional convolutional
neural networks due to their capacity to
capture longer dependence and better
global contextual information (Kilimci et
al., 2023; Okolo et al., 2022). The training
of more complicated deep learning models,
including convolutional neural networks,
long short-term memory networks, and
transformer neural networks, has been
thoroughly investigated in the context of
ECG signal analyses to detect cardiac
arrhythmia(Sattar et al., 2024).
Transformer models have shown, as an
illustration, improvements of immense
magnitude in the accuracy of the ECG tests,
some of which go as far as 90 percent to 98
percent (Safdar et al., 2023). Convolutional
Neural Networks have posed a major
potential too, in this connection. It has been
shown that they can offer high-quality
performance on arrhythmias classification
and in some cases they can even surpass
human specialists (Xiang et al., 2024). As
an example, the multilayer perceptron and
convolutional neural network have been
able to predict arrhythmias with a rate
lasting more than 90 percent and some
CNN-based ensemble-based algorithms
have been able to predict arrhythmias with
a rate of 95.83 percent (Okolo et al., 2022).
Thereafter, the ResNet-50 residual neural
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networks have been used to analyze ECG
data by achieving high F1 scores on various
classes of arrhythmias. At the same time,
Vision Transformer architectures, which
are very dissimilar to typical CNNs, are
gaining growing popularity because of their
ability to find both global and local features
of an image. It means that they can process
complex medical images, in comparison to

the traditional ones (Singh et al., 2024).
CONCLUSION

The current article illustrates the radical
potential of artificial intelligence-enhanced
cardiac signal processing to enhance the at-
risk early identification of arrhythmia in
heart failure patients. = The approach
proposed in this paper would substantially
improve the accuracy of diagnosis by
integrating the state-of-the-art machine-
learning classifiers along with noise-
optimal ECG feature extraction pipelines.
This is in comparison to the conventional
signal-processing and risk-scoring
methods.  The findings indicate that,
besides detecting the subtle
electrophysiological variations, such as,
micro-alterations in turbulence of the heart
rate, irregularities in  ventricular
repolarization, and nonlinear relationships
between the HRV, Al-based systems can
also learn complex dynamics of time,

which are, usually, not identifiable through

the traditional methods of analysis. This
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predictive ability is particularly applicable
in the case of people with heart failure
where there is great risk of occurrence of
fatal ventricular arrhythmias and early
detection would save the lives of these
people. The paper has indicated
significance of hybrid deep learning
networks which were more sensitive and
specific in comparison to the traditional
threshold based methods. It is important to
note that application of multi-modal
biomarkers that process real time ECG data
had made it possible to come up with
clinically significant yet computationally
simple prediction windows. This enabled
such windows to be over-the-counter
integrated with bedside monitoring systems
and remote-care systems. Besides, the
positive outcomes of the model with a
diversity of patient subgroups indicate that
the model can be implemented in a
diversity of clinical settings. Overall, the
results provide evidence that Al-based
cardiac monitoring systems can be
employed as an important part of accuracy
cardiology. The systems can help to
decrease the risk of sudden cardiac death,
result in prompt treatment, and enhance
long-term patient outcomes in heart failure.
Further studies are required in the future on
larger multi-center datasets, adaptive
learning systems and wearable sensors to
scale up an application and make it usable

in the clinic.

116



https://crbls.com/index.php/CRBLS/index

CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES |

REFERENCES Chiarito, M., Luceri, L., Oliva, A.,

Akbilgic, O., Butler, L., Karabayir, I.,
Chang, P. P., Kitzman, D. W,,
Alonso, A., Chen, L. Y., & Soliman,
E. Z. (2021). ECG-AL
electrocardiographic artificial
intelligence model for prediction of
heart failure. Carolina  Digital
Repository (University of North
Carolina at Chapel Hill).

Antoun, I, Li, X., Abdelrazik, A.,
Eldesouky, M., Thu, K., Ibrahim,
M., Dhutia, H., Somani, R., & Ng,
G. A. (2025). Attificial Intelligence
in Ventricular Arrhythmias and
Sudden Cardiac Death: A Guide for

Clinicians. [Review of Artificial

Stefanini, G., & Condorelli, G.
(2022). Artificial Intelligence and
Cardiovascular Risk Prediction: All
That Glitters is not Gold [Review
of Artificial  Intelligence  and
Cardiovascular Risk Prediction: All
That Glitters is not
Gold]. European Cardiology
Review, 17. Radcliffe Publishing.

Choi, H., Kim, J., Park, J., Park, J., Kim, H.,

Choi, H. J., Yoon, Y. E., Cho, G.-
Y., Cho, Y., & Hwang, 1. (2024). Al
derived ECG global longitudinal
strain compared to
echocardiographic

measurements. Scientific

Reports, 14(1), 26458.

Intelligence in Ventricular
Arrhythmias and Sudden Cardiac Conners, K. M., Avery, C. L., & Syed, F. F.
Death: A Guide for (2024). Advancing Cardiovascular

Clinicians.]. PubMed. National
Institutes of Health.

Barker, J., Li, X., Kotb, A., Mavilakandy,
A., Antoun, I., Thaitirarot, C.,
Koev, 1., Man, S., Schlindwein, F.

Risk Assessment with Artificial
Intelligence:  Opportunities and
Implications in North
Carolina. North Carolina Medical
Journal, 85(1).

S., Dhutia, H., Chin, S. H., Tyukin, Dhingra, L. S., Aminorroaya, A.,

I., Nicolson, W., & Ng, G. A.
(2023). Artificial intelligence for
ventricular arrhythmia capability
using ambulatory
electrocardiograms. medRxiv (Cold

Spring Harbor Laboratory).

Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0)
ELEVATE EDUCATIONAL & RESEARCH INSTITUTE (SMC-PRIVATE) LIMITED

Camargos, A. P., Khunte, A.,
Sangha, V., Mclntyre, D., Chow, C.
K., Asselbergs, F. W., Brant, L. C.
C., Barreto, S. M., Ribeiro, A.L. P.,
Krumholz, H. M., Oikonomou, E.
K., & Khera, R. (2024). Using

117



https://crbls.com/index.php/CRBLS/index

| CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES |

Artificial Intelligence to Predict Kilimei, Z. H., Yal¢in, M., Kiiciikmanisa,

Heart Failure Risk from Single-lead
Electrocardiographic Signals: A
Multinational Assessment. medRxiv

(Cold Spring Harbor Laboratory).

Dhingra, L. S., Aminorroaya, A., Pedroso,

A., & Mishra, A. K. (2023). Heart
Disease Detection using Vision-
Based Transformer Models from
ECG  Images. arXiv  (Cornell
University).

A. F., Khunte, A., Sangha, V., Leon, M. M., Mastaleru, A., Abdulan, I. M.,

McIntyre, D., Chow, C. K,
Asselbergs, F. W., Brant, L. C. C.,
Barreto, S. M., Ribeiro, A. L. P.,
Krumholz, H. M., Oikonomou, E.
K., & Khera, R. (2025). Artificial
Intelligence—Enabled Prediction of
Heart Failure Risk From Single-
Lead Electrocardiograms. JAMA
Cardiology.

Fu, G., Zheng, J., Abudayyeh, 1., Ani, C.,
Rakovski, C., Ehwerhemuepha, L.,
Lu, H., Guo, Y., Liu, S., Chu, H., &
Yang, B. (2024). CardioGPT: An
ECG Interpretation Generation
Model. Carolina Digital Repository
(University of North Carolina at
Chapel Hill).

Griin, D., Rudolph, F., Gumpfer, N.,
Hannig, J., Elsner, L., Jeinsen, B.
von, Hamm, C. W., Rieth, A,
Guckert, M., & Keller, T. (2021).
Identifying Heart Failure in ECG
Data With Artificial Intelligence—
A Meta-Analysis. Frontiers in

Digital Health, 2.

Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0)
ELEVATE EDUCATIONAL & RESEARCH INSTITUTE (SMC-PRIVATE) LIMITED

Cristea, A. L, Serban, R.-C., &
Mitu, F. (2024). Artificial
Intelligence in Cardiology. Internal

Medicine, 21(2), 55.

Manohar, U., Vardhan, G., Shireen, M. T.,

& Ramya, T. (2024). Al driven
ECG arrhythmia
diagnosis. MATEC Web of
Conferences, 392, 1149.

Mohan, A., Elbers, D. C., Zilbershot, O.,

Afghah, F., & Vorchheimer, D.
(2024). Deciphering Heartbeat
Signatures: A Vision Transformer
Approach to Explainable Atrial
Fibrillation Detection from ECG
Signals. arXiv (Cornell
University).

Murali, K., Surani, I., Bhardwaj, A., & Jain,

A. (2024). A Comparative Study of
CNN, ResNet, and Vision
Transformers for Multi-

Classification of Chest Diseases.

Oke, O. A., & Cavus, N. (2024). A

systematic review on the impact of

artificial intelligence on

118



https://crbls.com/index.php/CRBLS/index

CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES |

electrocardiograms in cardiology
[Review of 4 systematic review on
the impact of artificial intelligence
on electrocardiograms in
cardiology). International Journal
of  Medical  Informatics, 195,
105753. Elsevier BV.

Okolo, G. L., Katsigiannis, S., & Ramzan,
N. (2022). IEViT: An enhanced
vision transformer architecture for
chest X-ray image
classification. Computer Methods
and Programs in Biomedicine, 226,

107141.

Sattar,

Pokharel, A., Dahal, S., Sapkota, P., &
Chbhetri, B. B. (2024).
Electrocardiogram (ECG) Based
Cardiac  Arrhythmia Detection
and Classification using Machine
Learning Algorithms. arXiv

(Cornell University).

Safdar, M. F., Nowak, R., & Palka, P.
(2023). Pre-Processing techniques
and artificial intelligence
algorithms for electrocardiogram
(ECG) signals  analysis: A
comprehensive review [Review
of Pre-Processing techniques and
artificial intelligence algorithms for
electrocardiogram (ECG) signals Singh,

analysis: A comprehensive

review|. Computers in Biology and

Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0)
ELEVATE EDUCATIONAL & RESEARCH INSTITUTE (SMC-PRIVATE) LIMITED

Medicine, 170, 107908. Elsevier
BV.

Saglietto, A., Baccega, D., Esposito, R.,

Anselmino, M., Dusi, V.,
Fiandrotti, A., & Ferrari, G. M. D.
(2024).  Convolutional  neural
network (CNN)-enabled
electrocardiogram (ECG) analysis:
a comparison between standard
twelve-lead and single-lead
setups. Frontiers in Cardiovascular

Medicine, 11.

S., Mumtaz, R., Qadir, M. U.,
Mumtaz, S., Khan, M. A., Waele, T.
D., Poorter, E. D., Moerman, 1., &
Shahid, A. (2024). Cardiac
Arrhythmia Classification Using
Advanced Deep Learning
Techniques on Digitized ECG
Datasets. Sensors, 24(8), 2484.

Shankar, S. V., Oikonomou, E. K., &

Khera, R. (2023). CarDS-Plus ECG
Platform: Development and
Feasibility = Evaluation of a
Multiplatform Artificial
Intelligence Toolkit for Portable
and Wearable Device
Electrocardiograms. arXiv (Cornell

University).

S., Kumar, M., Kumar, A., Verma,
B. K., Abhishek, K., & Selvarajan,
S. (2024). Efficient pneumonia

119



https://crbls.com/index.php/CRBLS/index

CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES |

detection using Vision Uma, S., Vanitha, V., Igbal, Md., Dumka,

Transformers on chest X-

rays. Scientific Reports, 14(1).

Siontis, K. C., Noseworthy, P. A., Attia, Z.
I., & Friedman, P. A. (2021).
Artificial intelligence-enhanced
electrocardiography in
cardiovascular disease management

[Review of Artificial intelligence-

A., Singh, R., Gehlot, A., & Thakur,
A. K. (2025). A hybrid deep
learning approach using
XceptionNet and vision transformer
for accurate chest disease detection
from X-ray images. Biomedical
Signal Processing and

Control, 110, 108118.

enhanced electrocardiography in Utku, A., & Can, U. (2022). Deep Learning
cardiovascular disease Based Air Quality Prediction: A
management). Nature Reviews Case Study for London. Tiirk Doga
Cardiology, 18(7), 465. Nature ve Fen Dergisi :/Tiirk Doga ve Fen
Portfolio. Dergisi, 11(4), 126.

Sun, X., Yin, Y., Yang, Q., & Huo, T. Xiang, E., Wang, T. J., & Poddar, V.

(2023). Artificial intelligence in
cardiovascular diseases: diagnostic
and  therapeutic  perspectives
[Review of Artificial intelligence in
cardiovascular diseases: diagnostic
and therapeutic
perspectives|. European Journal of
Medical Research, 28(1). BioMed

Central.

Tse, G., Liu, H., Aranda, A., Wong, W. T.,
Sharen, L., Liu, T., Roy, V. A. L.,
Milovanovi¢, B., & Beni, M. S.
(2025). Development of an open-
source artificial intelligence (AI)
anonymizer for electrocardiogram
scans. bioRxiv (Cold Spring Harbor
Laboratory).

Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0)
ELEVATE EDUCATIONAL & RESEARCH INSTITUTE (SMC-PRIVATE) LIMITED

(2024). High-Throughput Detection
of Risk Factors to Sudden Cardiac
Arrest in  Youth Athletes: A

Smartwatch-Based Screening
Platform. arXiv (Cornell
University).

Younis, S. M. A., Hadjileontiadis, L. J.,

Khandoker, A. H., Stefanini, C.,
Soulaidopoulos, S., Apcévog, II.,
Doundoulakis, I., Gatzoulis, K., &
Tsioufis, K. (2024). Prediction of
heart failure patients with distinct
left ventricular ejection fraction
levels using circadian ECG features

and  machine  learning. PLoS

ONE, 19(5).

120



https://crbls.com/index.php/CRBLS/index

| CRITICAL REVIEWS IN BIOTECHNOLOGY AND LIFE SCIENCES

Yu, D., Yang, S., Wang, R., Wang, K., Han,
W., Wu, H., Wang, W., & Wang, X.
(2023). Machine Learning in Heart
Failure Research: A Bibliometric
Analysis from 2003 to
2023. Research Square (Research
Square).

Zhang, J., Zhang, J., Jin, J., Jiang, X., Yang,
L., Fan, S., Zhang, Q., & Chi, M.
(2024).  Artificial  intelligence
applied in cardiovascular disease: a
bibliometric and visual
analysis. Frontiers in

Cardiovascular Medicine, 11.

Copyright©2025. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0)
ELEVATE EDUCATIONAL & RESEARCH INSTITUTE (SMC-PRIVATE) LIMITED

121



https://crbls.com/index.php/CRBLS/index

