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Abstract

Delayed diagnosis, limited access to specialist care and variability in ECG interpretation contribute to
suboptimal cardiovascular risk assessment and preventable adverse outcomes. Tele-ECG has helped
address some of these barriers by enabling remote ECG acquisition and transmission. However, its
clinical potential is substantially enhanced when integrated with Artificial Intelligence (AI). This review
highlights the manner in which Al-assisted tele-ECG can revolutionize the cardiovascular sector by early
risk stratification, real-time monitoring and personalized clinical decision support. Al technologies such
as deep learning-based ECG interpretation, predictive risk models and wearable ECG devices contribute
to the precision of the diagnosis, reducing the variability between different readers and enabling the
medical intervention to be timely even in places that are not traditionally covered by the healthcare
services. At the same time, challenges such as model interpretability, data privacy, algorithmic bias,
infrastructure limitations and the need for clinician oversight remain significant. Overcoming these
challenges will demand joint efforts that include the creation of regulatory frameworks, standardized
validation, clinician training and the devising of ethical deployment strategies. Ultimately, Al-enabled
tele-ECG represents more than a technological advancement. It is a critical approach to improving early
cardiovascular risk detection, optimizing preventive care and reducing disparities in access to high-
quality cardiovascular services.
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Introduction

Cardiovascular Diseases (CVDs) continue to be the primary cause of illness and death
globally, with more than 17.9 million people dying each year and as a result, leaving a
significant impact on the economy and healthcare [1]. However, the timely detection
and accurate risk stratification of patients is crucial for good prognosis and prevention of
unfavourable outcomes. Nevertheless, conventional diagnostic techniques such as clinician-
interpreted ECGs and standard risk scores are usually factored on subjectivity, observer
variation and insensitivity to the early stages or subclinical disease [1]. Artificial Intelligence
(AI) has been recognized as a revolutionary tool in the field of cardiology, granting diagnostic
accuracy, risk prediction, and patient care personalization that were previously impossible. Al
approaches such as machine learning, deep learning, Convolutional Neural Networks (CNNs)
and hybrid models help identify very subtle and difficult to spot patterns in ECG signals which
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are sometimes even beyond the capability of human evaluators [1-
3]. So, the capacity of Al-assisted systems to detect the presence of
structural heart defects, arrhythmias, myocardial infarction, atrial
fibrillation and Heart Failure (HF) with precision is undoubtedly a
great advantage.

Systematic reviews and meta-analyses give a lot of evidence
that Al performs very well in ECG interpretation where the
diagnosis is concerned, particularly in the case of HF detection
which has pooled sensitivities of 0.93 to 0.95, specificities of 0.95
to 0.98 and diagnostic odds ratios of more than 300-800, thus,
showing the consistency of Al models across different population
groups and study settings [3]. Ectopic heartbeats done using Al
techniques have already shown their performance in detecting
subclinical cardiovascular conditions, so, in the future, they will
be able to pick up such cases or provide better detection through
real-time monitoring with the help of smart wearables and remote
patient management support [1]. Al-infused ECG algorithms have
the ability to collate minute ECG changes that could be associated
with left ventricular systolic dysfunction in patients admitted
to a cardiac intensive care unit and assign them a mortality risk,
independent of the findings from echocardiographic tests. This
shows how much AI-ECG can play in the early cardiovascular risk
stratification over and above the laboratory tests [4].

Moreover, the use of Al in cardiovascular imaging and
telehealth systems has impressed us to change the old way of
doing something by introducing the new method which is dynamic,
individualized and data-driven, instead of the old way which was
static and centered on population-based risk scoring. The use of
explainable Al models has been facilitating the transparency of the
clinicians and making clinical decision-making more interpretable
[1,3]. Collectively, these developments highlight the transformative
potential of Al-assisted tele-ECG, offering a pathway toward
precision cardiovascular medicine and improved patient outcomes.

Tele-ECG & Cardiovascular Risk Prediction

Tele-ECG, which is Al-assisted, is quickly changing the way
cardiovascular risk is predicted. It can detect accurately and from
a distance the biggest group likely to suffer from cardiac problems.
Conventional models for risk prediction are deeply dependent on
clinical scrutiny and conventional scoring systems, which may
be limited due to the different interpretations and access issues.
Al-fortified ECG is about to break these limitations by revealing
subtle electrical patterns that can predict the disease risk from
ECG recordings even before clinical symptoms show up. In the
risk assessment process, AI-ECG has become the main player. For
instance, prediction of coronary artery disease and Athero Sclerotic
Cardio Vascular Disease (ASCVD) outcomes. In a large retrospective
cohort, Al models analyzing standard 12-lead ECG data exhibited
a strong ability to distinguish between groups with high and
low coronary artery calcium scores and obstructive disease.
Furthermore, Al-guided stratification rendered incremental
prognostic value beyond the traditional pooled cohort equations,
with significantly raised hazard ratios for acute coronary events
and all-cause mortality in individuals with positive ECG-AI profiles

[5]. These results point out the capacity of AI-ECG to sharpen risk
assessments for ASCVD and to direct early preventive measures.

Besides the risk posed to the heart by coronary arteries, the
AI-ECG techniques have successfully predicted Heart Failure (HF),
which is one of the main causes of cardiovascular morbidity and
mortality. An ECG-AI model that used deep learning and various
clinical variables got a predictive accuracy similar to those of the
established risk calculators such as the ARIC and Framingham
models. The output of the Al was seen as the most influential
predictor of future HF events. This was the case because not only
was the ECG-AI output considered the most significant predictor
but also combining it with conventional risk factors in machine
learning frameworks yielded excellent predictive performance. The
integration of ECG-derived signals and clinical data was, therefore,
essential for robust risk modeling. A multinational research project
has also confirmed that AI-ECG can be used for HF risk stratification
in a variety of populations in the US, UK and Brazil. The results
indicated that an AI-ECG screen that yielded positive results came
with significantly higher hazard ratios for new HF right from the
start. The method also revealed better discrimination when applied
to the traditional PCP-HF equations. This implies that tele-ECG
Al models could potentially function as easily accessible digital
biomarkers for HF risk in patients and also in the community
settings. These studies validate that Al-assisted tele-ECG can
enhance risk prediction for significant cardiovascular events by
allowing early, accessible and precise stratification.

AI-ECG for Targeted Cardiovascular Condition
Prediction

Al applied to Electro-Cardio-Graphy (AI-ECG) is not only being
used for general cardiovascular risk assessment but also for precise
forecasting and diagnosis specific to the condition, which has proven
to be very accurate for different heart and related body system
diseases. An important example of this is predicting postoperative
Atrial Fibrillation (AF), which is a common complication after
heart surgeries accompanied by considerable patient suffering.
A vast retrospective cohort investigation revealed that an AI-ECG
model which was exposed to an enormous number of non-AF ECGs
received an area Under the Receiver Operating Characteristic Curve
(AUROC) of 0.901 for identifying very faint electrophysiologic signs
linked to AF risk. Moreover, the Al score predicted postoperative AF
independently and added to the risk assessment when combined
with the conventional clinical risk scores, thus suggesting its
noninvasive nature as a preoperative risk assessment biomarker

(6]-

Not only in the case of arrhythmia prediction, but also in the
case of AI-ECG, its role in Heart Failure (HF) management has
stretched from monitoring the patient’s condition to the use of
AI-ECG in stratification of patients with acute and chronic heart
failure. Al ECG proved to be a good indicator in predicting hospital
death and long-term survival of patients with acute HF even
when clinical and echocardiographic variables were controlled.
Thus, patients with higher Al-derived risk scores had a strong
correlation with death. These results signify that AI-ECG could
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be an innovative prognostic marker in acute cardiovascular
syndromes thereby standing alongside the traditional clinical
indicators [7]. As illustrated in Figure 1, Al-enhanced ECG analysis
enables the detection and risk stratification of a broad spectrum of
cardiovascular conditions, including heart failure, atrial fibrillation,
coronary artery disease, pulmonary hypertension, mortality risk,
and future pacemaker requirement. AI-ECG approaches are also
put into practice to predict future negative incidents in purely

Heart Failure: Detection of
subclinical ventricular dysfunction
and future heart failure risk

Atrial Fibrillation:
Identification of latent
electrophysiologic signatures

predictive of atrial fibrillation '

Coronary Artery Disease:
Prediction of ischemic patterns
associated with obstructive
coronary disease

Targeted Conditions
Detected by AI-ECG

structural and conduction disease. For example, the AUCs of the
trained models were more than 0.87 for predicting the risk of
pacemaker implantation within 30-90 days and they were able to
predict future pacemaker implantation with utmost precision. The
patients identified by the Al model not only had significantly higher
risks of pacemaker insertion butalso of all-cause and cardiovascular
mortality and new adverse events highlighted by ECG-based Al as a
tool for disease prediction and intervention needs [8].

Pulmonary
Hypertension: Early
recognition of ECG
changes linked to elevated
pulmonary pressures

Mortality Risk: Stratification of
short and long-term
cardiovascular mortality risk

Pacemaker Need: Prediction of
conduction abnormalities
requiring future pacemaker
implantation

Figure 1. Spectrum of cardiovascular conditions
detectable using Al-enhanced ECG analysis.

Figure 1: Spectrum of cardiovascular conditions detectable using Al-enhanced ECG analysis.

AI-ECG prediction runs side by side with some particular
structural cardiac problems. The detection of pulmonary
hypertension has been the subject of Al algorithms development
and validation. These algorithms exhibit remarkable diagnostic
performance during and even up to years before the manifestation
of the clinical condition. The ability to recognize the early signs
promotes the preemptive identification and management of
pulmonary vascular disease [9]. Moreover, the ECG-AI systems are
being created for the prediction of the Implantable Cardioverter-
Defibrillator (ICD) needed for forecasting and electrolyte imbalance
risk assessment. The early evidence, however, suggests that such
interpretations might be coming up with the traditional diagnostic
methods in terms of revealing subtle ECG abnormalities associated
with these outcomes [10].

RiskPrediction Models & Comparative Performance

Riskpredictionmodelsfor Electro-Cardio-Grams (ECGs) enabled
by Artificial Intelligence (AI) are developing at a fast pace and are
already regarded as powerful tools that might either surpass or
work alongside the traditional clinical risk calculators. The possible
future cardiovascular outcomes are being estimated straight from
the ECG signals through the application of deep learning as well

as the use of advanced analytics. The clinical variables are often
incorporated to further improve the prognostic accuracy of the
models. In direct comparisons with traditional diagnostic evidence,
the AI-ECG risk prediction models often provide the same or better
prognostic performance. For instance, when predicting long-term
Heart Failure (HF), the models using the ECG-AI outputs along with
demographic and clinical risk factors are superior to the clinical
calculators such as the ARIC and Framingham risk scores. In this
scenario, the combined AI-ECG models were able to reach AUCs of
up to ~0.84 in some groups, thus revealing a higher discrimination
capability when the ECG-derived features are integrated with the
conventional predictors. Furthermore, AI-ECG outputs frequently
rank as the toughestindividual predictors within composite models,
which highlights their importance in detecting electrophysiological
signals that are indicative of the underlying disease processes.

These results make it clear that the AI-ECG risk prediction
models give clinical models of the traditional kind, which are
sound and possibly superior to performance, especially when
used together with the established risk scores. This affirms their
increasing significance in assessing cardiovascular risk and the
possibility of their informing personalized preventive strategies.
The analysis of ECG with the help of artificial intelligence
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significantly improves the early detection of cardiovascular risk by
finding subtle arrhythmias and patterns that are not recognized
by the conventional interpretation [11]. The combination of deep
neural networks and engineered features have shown a very high
level of accuracy in the detection of cardiac arrhythmias through
ECG recording [12]. The hybrid ECG-based deep learning models
can point out the patients who are at an increased risk of major
cardiovascular events, especially among the hypertensive people
[13].

The Al-assisted ECG algorithms can classify patients according
to their risk of death and can also back up the plan of the early
intervention that goes beyond the regular clinical assessment
[14]. Besides, the application of the deep learning methods for
the detection of heartbeats and ECG signal analysis are seen as
potential for the implementation of tele-ECG monitoring on a large
scale [15]. In short single-lead ECG recordings, the most reliable
beat morphology and heart rate variability features were ranked
for detecting atrial fibrillation. This showed that the specific time-
domain and morphological ECG parameters could significantly
improve the classification performance in single-lead arrhythmia
analysis [16]. If these Al-assisted analyses could be incorporated
into remote ECG systems, it would enable the doctors to easily
screen large groups of people and give them the necessary timely
interventions. The tele-ECG platforms that use Al, support the direct
monitoring, risk assessment and the creation of individualized
management plans, which can lead to a reduction of cardiovascular
diseases and deaths. This method is a major breakthrough in
cardiovascular care and the management of population health.

AI-ECG in Prognosis & Outcomes

Besides the accuracy in diagnosis and the prediction of risks,
the Al-Electrocardiogram (AI-ECG) has been found to have a
great deal of prognostic value revealing the patients who are at a
higher risk of experiencing adverse outcomes before and that too,
through the use of traditional methods. The AI-ECG risk scores
represent not only the current disease states but also point out the
future clinical deterioration and the risk of death, thus providing
clinicians with practical insights for intervention and follow-up
care. Most importantly, the output generated by AI-ECG could be
used as a clinical decision support tool that brings about changes in
real-world outcomes. In a pragmatic randomized clinical trial, the
use of AI-ECG alerts for hospital patients caused the identification
of high-risk patients, where the clinical intervention resulted in
increased medical attention, making the care more aggressive
and thus leading to a considerable decrease in both all-cause and
cardiac mortality over a 90-day period as compared to standard
care. Such a trial demonstrates that the AI-ECG not only forecasts
the prognosis but, when inserted into the workflow, can lead to
better clinical outcomes that are measurable [17]. On the whole,
the above research work and the studies argue that AI-ECG is a
cool tool to prognosticate beyond the existing clinical methods. It
is a dynamic and sensitive tool that can detect latent risk, thereby
support targeted intervention and eventually facilitate better
patient outcomes in the field of cardiovascular care.

AI-ECG Implementation & Guideline Context

The clinical admission of AI-ECG for the early identification
of cardiovascular risk factors will not solely depend on the
availability of advanced technology but also on the concurrence of
the aforementioned innovation with clinical practice guidelines,
evidence reviews and real-world applicability frameworks. One of
the critical elements to the adoption of AI-ECG in the established
care pathways is the reproducible benefit backed by clinicians’
acceptability, clear regulations and endorsement by guidelines.
The management of Atrial Fibrillation (AF) has already been
influenced by guidelines that begin to admit the role that Al and
digital tools are likely to play in clinical practice. Nevertheless, the
traditional guidelines such as the ACC/AHA/HRS recommendation
frameworks continue to be based on evidence-based risk scoring
(e.g, CHA2DS2-VASc), but recent systematic reviews have shown
that Al-enhanced ECG algorithms outperform the conventional risk
models in terms of AF prediction and monitoring accuracy [18].
Al algorithms, which can be based on deep learning and machine
learning among other techniques, have been proven to be more
sensitive and specific in the prediction of AF onset or burden, and
may complement the existing clinical tools by detecting the high-
risk patients through the conventional screening methods before
the latter are due. Nonetheless, those who write the guidelines have
pointed out that standardization of the validation, openness of the
model’s behavior and clinical trials with future patients are strictly
needed before the formal merger of the routine AF management
approach and creaming off of the best patients [18]. These factors
illustrate that the use of AI-ECG for the evaluation of AF risk is
valuable but will require a solid clinical trials base and a standard
evaluation framework to determine the direction of the future
guideline recommendations.

Expanded Evidence Base: Key AI-ECG Studies
Supporting Diagnostic and Prognostic Utility

Over the past few years there has been a very quick increase
in the evidence supporting the use of Artificial Intelligence (AI)
in the areas of ECG interpretation, prediction and cardiac risk
stratification in various clinical contexts. A number of systematic
reviews and meta-analyses have concluded that Al-based tools
exceed the traditional methods with regard to ECG diagnostics
and prognostics. For instance, a thorough review that considered
46 studies revealed that Al models, especially Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs) and
hybrid architectures, have considerably increased the diagnosis
of arrhythmia, myocardial infarction and heart failure detection
when compared to the conventional ECG interpretation, and have
also reduced the time to diagnosis, thus allowing for personalized
treatment planning in cardiology [19]. Al-enhanced ECG (AI-ECG)
techniques utilize advanced computational models on the raw
ECG waveforms and therefore provide scalable and objective
insights that go beyond the conventional criteria, with the possible
applications spanning from screening asymptomatic dysfunction to
estimating prognostic mortality [20].
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Detection of left ventricular dysfunction is the biggest
area where Al has successfully impressed the world. Regular
electrocardiograms have been very poor in diagnosing ALVD,
which is the silent form of left ventricular dysfunction, and that is a
condition with great risk of developing heart failure if treated late.
Al models learning from very large matched pairs datasets of ECG
and echocardiography have determined the presence of ALVD by at
least 97% correct; this is because they can detect ECG patterns that
are almost invisible but run parallel to poor ventricular function
[20]. Such ability to unmask subclinical systolic irregularities is a
signal that Al can be used to raise ECG from a primitive diagnostic
method to a predictive screening one for the high-risk people
suffering from adverse outcomes in the future [21].

AI-ECG algorithms are also being applied in the comprehensive
screening and risk stratification of larger populations. Retrospective
cohort studies have shown that AI-ECG probability estimates for
left ventricular systolic dysfunction have a separate association
with in-hospital mortality in critically-ill patients, which proves the
ECG-derived Al risk scores have prognostic value that goes beyond
the standard imaging-based metrics [22]. In a huge, multi-centered
study, it was found that the deep learning-based ECG interpretation
did not only predict that coronary artery disease would be the
next cause of a heart attack but also stratified the risk of the event
and mortality in the old heart attack patients by independent
and additive ways to the traditional pooled cohort equations,
which suggested a place of ECG-AI in the already established
cardiovascular risk prediction frameworks [23].

AI-ECG has numerous applications, including preventative
heart failure and cardiovascular events statutory modeling. Large-
scale multinational research that utilized Al and trained models
on ECG patterns found a relationship between Al features and
long-term patient hospitalizations due to heart failures which in
turn suggested that Al could trace even those risk paths coming
from standard ECGs which humans could not see [24]. In addition,
machine learning models based on the ECG have not only been able
to identify those patients who are more likely to die from heart
diseases but also provided predictive insights which can now be
used in deciding the treatment priority in emergency departments
[25]. The systematic reviews show us how deep neural networks can
perform detection of diseases like arrhythmias, cardiomyopathies
and valvular diseases plus much more with ECG signals correctly
almostall the time if not better than that of the traditional automated
interpretation algorithms [26]. An instance could be the application
of Al models for recognizing diastolic dysfunction and heightening
supply pressure parameters that normally need echocardiography
for analysis, using only ECG data, thereby enlarging the capacity of
ECG in noninvasive risk assessment [27].

Deep learning methods, to some extent, involving convolutional
neural networks and hybrid models, alongside the state-of-the-
art performance the latter have demonstrated with regards to
extracting clinically relevant features from high-dimensional ECG
traces compared to rule-based or traditional machine learning
methods has been the major reason for their wider adoption in the

field [25]. According to meta-analyses evaluating the Al detection
of heart failure, the report about the pooled sensitivities and
specificities of AI-ECG diagnostic tools surpassed 0.90 in large
patient cohorts, thereby establishing the credibility of these tools
in diagnosing HF by [28]. The AI-ECG models are getting stronger
and stronger thanks to better generalization and larger training
datasets, which also include multimodal and temporal frameworks
that show both the local and the global ECG features [26].

Major systematic reviews of AI-ECG technologies stress that
even though the performance in terms of diagnosis and prediction
is very convincing, the non-biased reporting, external validation
in different population groups, and openness in model design are
the aspects that are vital to guaranteeing reproducibility and equal
supply of care [21]. Furthermore, integration into clinical workflows
has to make clear how the Al outputs will be interacting with
clinician decision-making since this interaction might lead to either
too much or too little reliance on the algorithmic predictions [22].
The future of Al in reshaping the cardiovascular care industry will
be greatly influenced by factors like continuous improvements in
the model reliability, clinical trials and strategies for implementing
Al in clinical settings [20].

Technological advancement of Al-enabled tele-
ECG.

The fast pace of Artificial Intelligence (AI) development has
radically changed tele-Electro-Cardio-Graphy (tele-ECG) for the
better, turning it from a simple remote rhythm-monitoring tool
into a highly predictive and diagnostic platform that can even
support full-scale decentralized cardiology. The modern AI-ECG
systems use the deep learning architectures that are the result
of training on millions of digital ECG sweeps, which leads to an
extraction of features that goes beyond the traditional intervals and
morphologies, thus improving the sensitivity of diagnostics while
at the same time decreasing the variability between the different
observers in remote settings [29]. The connection between Al
and tele-ECG has increased the latter’s capabilities by not only
supporting transmission but also interpretation, risk stratification,
and early detection; thus, making the technology invaluable for the
whole humankind especially for the areas with limited physicians
and rough access. Furthermore, the recent breakthroughs have led
to the incorporation of AI-ECG algorithms into smart and portable
wearable devices, allowing for uninterrupted monitoring together
with effortless data transfer to internet-based platforms for
professional assessment [30].

The systems in question are capable of detecting very faint
electrical signals that are linked to ischemia, conduction disease
and cardiomyopathies, thus preventing cardiology via telemedicine
frameworks [30]. Moreover, Al-based remote ECG yielded very
strong results in the automated detection of arrhythmias, such
as atrial fibrillation, ventricular ectopy and conduction blocks,
with a significant reduction of the time to arrive at a diagnosis
in outpatient and home-based care models [31]. More than just
rhythm analysis, innovation in the field made it possible to predict
hidden or subclinical cardiovascular diseases like asymptomatic
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left ventricular dysfunction by employing standard 12-lead ECGs
that are captured remotely, stressing the growth in tele-ECG
diagnostics [31].

Al-influenced ECG models have been proven to have very
good predictive power for left ventricular systolic dysfunction
even in patients who do not show signs of heart failure, thus
indicating that a change in the paradigm has taken place where
tele-ECG can be viewed as a low-cost, large-scale screening tool for
structural heart disease [32]. Such developments are more so felt
in telehealth environments where the early detection of ventricular
dysfunction can receive a referral for echocardiography and
expert care, therefore, the optimized resources [32]. In addition,
recent literature reviews reveal that the use of Al-assisted ECG
interpretation for outpatient and telemedicine purposes has the
same effect as improving the accuracy of diagnosis, reducing the
waiting time and the physician’s load, making the process more
efficient [33]. Besides, the use of artificial intelligence in tele-ECG
platforms not only provides ongoing monitoring of patients but
also gives the physician dynamic risk assessment and personalized
treatment decision-making over time.

Al in the Remote ECG Analysis

Artificial Intelligence (AI) has made a great impact on the
practice of electrocardiography, the development of automated,

accurate and scaled interpretation of ECGs is one of the major shifts
that Al has brought to this area. The state-of-the-art reviews speak
of the ability of Al algorithms, especially deep learning models,
to not only classify Cardiac rhythms but also to detect structural
heart disease and, most importantly, pinpoint subtle abnormalities
that traditional interpretation often misses [34]. Al's potential is
not limited to mere interpretation; the narrative analyses indicate
that the Al-driven ECG tools have the ability to provide predictive
insights and to take part in continuous monitoring, thus preparing
the ground for becoming a part of telemedicine and remote
patient management [35]. Figure 2 summarizes emerging Al-
enabled strategies in tele-ECG systems, including wearable-based
continuous monitoring, real-time alert generation, multimodal data
integration, and personalized precision cardiology approaches.
Research highlights that the Al-enabled ECG systems can even
pick up early signals of cardiac abnormalities in patients that
are not necessarily symptomatic, hence preventing the situation
where high-risk populations are not treated early even when
they are outside the conventional clinical settings [36]. AI-ECG
programs have undergone validation against the interpretations of
cardiologists, having gained a high level of conformity and proving
their practicability for broad adoption in both hospital and remote
monitoring scenarios, which centers on tele-ECG applications [37].

Al-Enabled Strategies

Wearables

Continuous remote ECG
monitoring

Precision
cardiology

Personalized cardiovascular

risk management

Real-time
alerts

Immediate detection of high-
risk ECG patterns

Multimodal AI

Integrated ECG and clinical data
analysis

Figure 2. Future directions and clinical potential
of Al-assisted tele-ECG technologies.

Figure 2: Future directions and clinical potential of Al-assisted tele-ECG technologies.

Conclusion

Artificial intelligence assisted tele-Electro-Cardio-Graphy
(Al-Tele-ECG) is a revolution in cardiovascular care to be more
precise. Traditional electrocardiography interpretation methods,
although widely used, still present the downsides of human error

among different observers, low sensitivity regarding the cases

of silent disease and late detection of high-risk patients. The
algorithms strengthened by Al can eliminate these restrictions
by uncovering minute electrophysiological patterns that may
precede overt clinical manifestations, thus allowing timely risk
identification for heart failure, arrhythmias, or other cardiovascular
events [5,37]. Tele-ECG combined with Al not only expands the area
of cardiovascular assessment but also provides a huge advantage of
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accessibility outside the hospital. Remote monitoring systems that
come with Al installed may decode ECG signals instantly, giving
doctors the chance to act upon and, in a way, even intervene at the
very first possible moment, especially in communities where people
are denied care due to various reasons or among populations of
high-risk individuals [5,37]. Research has shown that Al-Tele-
ECG models not only result in higher diagnostic accuracy but also
allow patients to have better prognostic assessments, where the
prediction of future cardiovascular events and mortality is done
with higher precision than only using the standard risk scores
[6,13].

The combination of AI-ECG with standard medical care
guidelines is an indication of its clinical adoption. Through
comparative studies, it has been concluded that Al-supported ECG
interpretation lessens the differences in results among different
observers, provides similar performance in various population
groups, and develops huge patient cohorts at low cost [18].
However, there are still some unresolved issues. The discussion
about the shortcomings is focused on the different Al models used,
the possible demographic influences in the training datasets, and
the requirement for external validation to prove that the method
works in different populations and healthcare settings. Only
through the process of rigorous multicenter trials, establishing
standard reporting protocols and integrating into clinical decision-
making will it be possible to fully utilize the potential of Al-Tele-
ECG [5,38-40]. To sum up, Al-based Tele-ECG is a game-changing
device for the quick identification of patients with cardiovascular
risk. It provides early detection of at-risk patients, increases the
accuracy of prognosis, and facilitates timely clinical interventions
by combining remote monitoring with advanced Al interpretation.
The continuous improvement, validation, and implementation of
Al-Tele-ECG in accordance with the guidelines will be pivotal in
converting this technology into a better cardiovascular outcome for
the whole population.
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