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ABSTRACT 
 

Background: Cardiovascular diseases present a significant global health challenge and remain the leading cause of death 
worldwide. However, traditional approaches to prevention, diagnosis, and treatment struggle to keep up with the increasing 
prevalence of these diseases.  
Aim: To enhance patient outcomes and optimize healthcare resource utilization. Artificial intelligence (AI), specifically machine 
learning and deep learning, has rapidly emerged as a promising tool with the potential to revolutionize various aspects of 
cardiovascular disease management, including detection, diagnosis, and treatment.  
Method: Reviewed the current literature surrounding AI techniques using PubMed, Science Direct, NCBI and Google Scholar, 
specifically exploring machine learning and deep learning, and their application in diagnosing heart disease. The focus was on 
AI's role in improving diagnostic techniques such as echocardiography, cardiac magnetic resonance imaging, computed 
tomography angiography, and electrocardiogram analysis. 
Results: AI has promising applications in various aspects of cardiovascular disease management. Its application in diagnostic 
techniques can help detect, diagnose, and treat heart disease, ultimately leading to more accurate and personalized treatments. 
Practical Implication: By integrating these advanced technologies into clinical practice, we can transform the diagnosis and 
management of heart diseases, leading to more accurate and personalized diagnostics and treatments.  
Conclusion: AI presents a significant potential in transforming the global health landscape by enhancing cardiovascular disease 
management. By leveraging these advanced technologies, clinicians can improve patient care and overall outcomes while 
addressing the increasing prevalence of these diseases. 
Keywords: Heart Diseases, Diagnosis, Deep Learning, Machine Learning, Public Health. 

 

INTRODUCTION 
 

Cardiovascular diseases (CVDs) represent a significant global 
health challenge, accounting for approximately 17.9 million deaths 
annually, making them the leading cause of mortality and morbidity 
worldwide1. CVDs encompass a wide range of conditions, 
including heart failure, dysrhythmia, valvular heart disease and 
coronary artery disease. The increasing prevalence of CVDs is 
largely attributed to an ageing population, urbanization, physical 
inactivity and the rise in risk factors such as obesity,diabetes and 
hypertension2. 
 Despite advances in prevention, diagnosis, and treatment, 
CVDs continue to burden healthcare systems substantially. The 
complex and multifactorial nature of CVDs necessitates innovative 
approaches to improve patient outcomes and optimize healthcare 
resources. Artificial intelligence (AI) has evolved as a promising 
tool with the potential to transform various aspects of CVD 
management. It also enables the efficient utilization of resources, 
which is vital for healthcare systems worldwide3. Furthermore, 
cardiovascular medicine is an increasingly complex field involving 
a multitude of diagnostic tests, biomarkers, and therapeutic 
options, making the traditional statistical methods insufficient for 
capturing the full spectrum of underlying patterns and correlations. 
 Artificial intelligence encompasses the field of research and 
development focused on creating systems endowed with the 
capability to execute tasks that conventionally demand human 
intelligence4. AI endeavors to emulate human cognitive functions, 
such as decision-making, problem-solving and learning, through 
the employment of computational algorithms and models. In recent 
years, AI has made significant strides in healthcare, demonstrating 
potential in areas such as medical imaging, electronic health 
records analysis, and drug discovery.  Machine Learning (ML), 
which falls under the umbrella of AI, revolves around the creation 
and refinement of algorithms capable of acquiring knowledge from 
data and subsequently utilizing it to formulate predictions or  
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decisions, all without relying on explicit programming instructions. 
In the context of heart disease diagnosis, ML can be employed to 
analyze various health indicators of patients, such as gender, age, 
family history, cholesterol levels, blood pressure and lifestyle 
factors5. This analysis helps to develop predictive models that can 
estimate the risk of heart diseases in an individual, ultimately 
promoting early diagnosis and interventions6. 
 Deep learning (DL), a subset of ML, has drawn immense 
attention in the recent past due to its ability to process large 
datasets effectively and efficiently7. DL algorithms leverage 
artificial neural networks to create hierarchical representations of 
input data, essentially mimicking the human brain's structure and 
functionality8. In heart disease diagnosis, DL can analyze medical 
images like echocardiograms, electrocardiograms, and 
angiograms to detect abnormalities in patients' hearts, such as 
coronary artery narrowing, heart valve dysfunction, or 
arrhythmias9. Figure 1 represents the AI role in CVD diseases. 
 
Figure 1:Potential of Artificial intelligence in Cardiovascular Diseases 
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 By employing complex algorithms to analyze data, AI can 
draw insights, identify patterns, and make decisions, providing 
substantial benefits to the healthcare industry10. The rapid 
evolution of AI presents new opportunities for revolutionizing the 
diagnosis and management of heart diseases, something that is 
especially relevant given the current challenges faced by the 
healthcare landscape, which include increasing costs, and a need 
for improved patient care and outcomes. One of the crucial 
aspects where AI can drive a transformative change is in the 
improvement of established diagnostic modalities, such as cardiac 
imaging and ECG analysis. Given that manual interpretation of 
such tests is subjective and time-consuming, the implementation of 
AI can significantly reduce manual input, increase reproducibility, 
and ensure precision11. 
 This review paper aims to explore the various applications of 
AI in the diagnosis of heart diseases, discussing the progress 
made thus far in the last five years. The paper will delve into the 
roles played by ML and DL approaches, showcasing their potential 
to enable precision cardiology an area that could greatly impact 
healthcare by providing personalized diagnostics and treatments. 
By embracing these cutting-edge technologies, we move one step 
closer to realizing the promise of precision cardiology and 
revolutionizing the diagnosis and management of heart diseases. 
 

METHODS 
 

This literature review aimed to screened last 5-year work impacting 
AI potential in the diagnosis of cardiovascular diseases. Different 
sources like Google Scholar, Science Direct, NCBI, PubMed and 
Medline were explored using keywords like Artificial intelligence in 
cardiovascular diseases, machine learning in cardiovascular and 
deep learning in cardiovascular and then narrowing the literature 
by searching machine learning and deep learning in 
echocardiography, cardiacmagnetic resonance imagining, 
computed tomography angiography, electrocardiogram analysis. 
Researchers were accessed for the quality as well as the 
applicability of the findings. Those articles were excluded where 
clear results, like accuracy, AUC and F1 score, were not 
mentioned. 
 

RESULTS AND DISCUSSION 
 

A total of 20-plus studies were found eligible for our study in the 
past 5 years which were described below in detail. The utilization 
of AI is of significant importance when it comes to the diagnosis 
and detection of cardiovascular diseases. Table 1 summarizes the 
studies for the diagnosis and detection of CVD using AI.

Table 1: Results and techniques used in the studies for the diagnosis of cardiovascular diseases using artificial intelligence 

Author Diagnosis AI Technique Results 

Echocardiography 

Edward et al., 2023 MR CNN Accuracy 86%AUC 0.91 

Truong et al., 2022 CHD presence Random Forest AUC 0.94 

Jian et al., 2022 Grading left ventricular diastolic function DT &XGBoost Accuracy 100% 

Laumer et al., 2022 Differentiating AMI and Takotsubo Syndrome DL Accuracy 78.6&AUC 0.84 

Cardiac Magnetic Resonance Imaging 

Avard et al., 2022 MI SVM, logistic regression F1 90%AUC 0.92, 0.93 

Lossnitzer et al., 2022 Coronary Artery Stenoses CT-FFRML Accuracy 90% 

Computed Tomography Angiography 

Czap et al., 2022 Large Vessel Occlusion deep symnet-v2 AUC 0.84 

Baumann et al., 2020 Coronary Stenosis CT-FFRML AUC 0.90 

Electrocardiogram Analysis 

Attia et al., 2019 Atrial Fibrillation CNN Accuracy 79.4%,AUC 0.87 

Hannun et al., 2019 ECG Analysis Deep Neural Network AUC 0.97,F1 83.7% 

Celin& Vasanth, 2018 Classification of ECG signals Naïve Bayes,ANN Accuracy 99.7%,94% 

 
AI in Echocardiography:  Echocardiography is a widely 
utilized imaging technique that plays a crucial role in evaluating 
both the structure and function of the heart12. AI algorithms can 
automate the measurement of cardiac chamber dimensions, wall 
thickness, and ejection fraction, enabling faster and more reliable 
assessments13. AI can also aid in the detection of subtle 
abnormalities, such as regional wall motion abnormalities, that may 
be overlooked by human observers. 
 In a recent study on coronary artery disease, researchers 
employed a machine learning algorithm to develop a novel 
diagnostic mechanism using echocardiography. They utilized data 
from coronary angiography procedures of 818 patients, divided into 
training i.e., 80% and testing i.e., 20% groups, and further 
incorporated a separate validation group of 115 patients. 
Thecoronary artery disease (CAD) diagnostic model, deployed 
using a gradient-boosting classifier, was optimized for 59 
echocardiographic features. The model demonstrated a high 
sensitivity (0.952) for CAD detection despite a lower specificity 
(0.691), indicating a potential for higher false-positive rates. 
Interestingly, false-positive cases were found to be more 
predisposed to cardiac events compared to true-negative cases, 
further highlighting the need for improved specificity in such 
diagnostic models14. 
 To facilitate early identification and broader screening of 
asymptomatic children at risk, researchers aimed to develop an ML 
model capable of detecting mitral regurgitation (MR) using 
echocardiography. For this purpose, two convolutional neural 
networks (CNNs) were created to perform sequential tasks. The 
first CNN was designed to classify clips based on the view, while 

the second CNN aimed to detect the presence of MR in 
parasternal long-axis color Doppler views. During the development 
of the view classification model, a total of 66,330 frames were 
utilized. Subsequently, the model was tested on 11,730 frames 
extracted from 45 echocardiograms. The evaluation of the model 
yielded an impressive F1 score of 97.0%. For the MR detection 
model, 938 frames were employed during the development phase. 
The model's performance was then assessed using 182 frames 
from 42 echocardiograms. The results indicated an area under the 
receiver operating characteristic curve (AUC) of 0.91 and an 
accuracy of 86%15. 
 The potential benefits of adopting a ML framework for 
predicting the occurrence or absence of congenital heart disease 
(CHD) using fetal echocardiography were examined. This analysis 
involved assessing valvar measurements, blood flow 
measurements obtained through Doppler imaging, analyzing the 
morphology of major vessels, and quantifying cardiac chamber 
dimensions in two-dimensional imaging. A total of 3,910 individual 
fetuses were included in the research, and the prevalence of CHD 
was determined to be 14.1% based on postnatal echocardiograms. 
The researchers employed a random forest algorithm and applied 
tenfold cross-validation to develop the model for assessing the 
presence of CHD. The proposed random forest-based framework 
exhibited high specificity (0.88), sensitivity (0.85), positive 
predictive value (0.55), and negative predictive value (0.97) in 
detecting CHD. The average AUC and precision-recall curve 
values were found to be 0.94 and 0.84, respectively. Notably, six 
key features were identified as essential for improving the model's 
predictive performance: pulmonary valvar annulus diameter, aortic 
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valvar annulus diameter, peak velocity of blood flow across the 
pulmonic valve, cardiac axis, cardiothoracic ratio and right 
ventricular end-diastolic volume16. 
 Jiang et al. (2022) sought to create a continuous scoring 
system for assessing left ventricular diastolic function by employing 
ML techniques to analyze echocardiographic data. The research 
team utilized several ML methods, including XGBoost, decision 
tree (DT), dense neural network and support vector machine 
(SVM), to categorize the study samples according to the severity of 
diastolic dysfunction. The outcomes revealed a strong concurrence 
between the 2016 American Society of Echocardiography 
(ASE)/European Association of Cardiovascular Imaging (EACVI) 
algorithm and ML models. Specifically, the SVM model achieved 
an accuracy of 83%, while both DT and XGBoost resulted in 100% 
accuracy, and the dense neural network model reached 98%17. 
 In a cohort study by Laumeret al(2022), the efficacy of ML 
systems in differentiating between acute myocardial infarction 
(AMI) and takotsubo syndrome was investigated using 
transthoracic echocardiograms. The research involved an 
examination of echocardiograms from 224 patients diagnosed with 
AMI and another 224 with takotsubo syndrome. A DL model was 
established and trained on 228 patients' echocardiography videos. 
The process of constructing the DL model initially entailed the 
creation of a neural network model to segment the 
echocardiograms. Subsequently, a convolutional autoencoder was 
trained to reconstruct the segmented frames. To evaluate the 
efficacy of the automated echocardiogram video analysis 
approach, an independent dataset consisting of 220 patients was 
utilized. The outcomes obtained were compared with the 
interpretations supplied by four practicing cardiologists. The results 
demonstrated that the DL method attained an overall accuracy of 
74.8% and an AUC of 0.79, surpassing the cardiologists, who 
achieved anaccuracy of 64.4% and a mean AUC of 0.71. In a sub-
analysis focusing on individuals with apical takotsubo syndrome or 
AMI resulting from left anterior descending coronary artery 
occlusion, the model further exhibited superior performance, 
achieving an accuracy of 78.6% and a mean AUC of 0.84. The 
study provided evidence that the developed DL system offers the 
potential in distinguishing takotsubo syndrome from AMI, 
outperforming cardiologists in echocardiography-based disease 
identification18. 
 In an investigation designed to address the shortcomings of 
the 2016 American Society of Echocardiography guidelines for the 
evaluation of left ventricular diastolic function, investigators 
devised an unsupervised ML method for categorization and risk 
assessment, employing nine diastolic performance variables. The 
investigation examined data from 24,414 adult patients who had 
undergone transthoracic echocardiography, excluding individuals 
with previous mitral valve intervention, cardiac transplantation, 
congenital heart disorders, or cardiac assist device implantation. 
The ML algorithm discerned three unique phenotype clusters 
related to normal diastolic function, elevated filling pressure, and 
impaired relaxation, each exhibiting varying 3-year cumulative 
mortality rates. Significantly, the algorithm reassigned 43.8% of 
patients initially classified as indeterminate to one of the three 
identified clusters, offering enhanced prognostication in 
comparison to the guideline-based grading. This data-driven 
methodology presents a potential enhancement for 
echocardiography laboratory practices and future clinical trials 
concerning risk stratification associated with diastolic function19. 
 An investigation was conducted to identify consistent 
echocardiographic patterns among cohorts from the community 
and explore their association with clinical outcomes. The study 
utilized K-means clustering in the STANISLAS cohort (N = 827) 
and then validated the findings in the Malmö Preventive Project 
cohort (n=1,394). Three distinct echocardiographic patterns were 
discovered, namely "predominantly normal," "diastolic alterations 
(D)," and "diastolic alterations accompanied by structural 
remodeling (D/S)." The D/S and D patterns shared similar 
characteristics, including age, cardiovascular risk factors, body 

mass indices, diastolic function modifications, and vascular 
complications. Notably, the D pattern mainly consisted of females 
and exhibited elevated levels of inflammatory biomarkers. On the 
other hand, the D/S pattern, primarily observed in males, 
demonstrated the highest measurements of left ventricular mass, 
volume, and remodeling biomarkers. To predict these patterns, the 
researchers developed a simplified algorithm called the e′VM 
algorithm, which relied on e′, left ventricular mass, and volume. 
Subgroups generated from the e′VM algorithm in the Malmö cohort 
showed a significant correlation with an increased risk of 
cardiovascular mortality and hospitalization due to heart failure. 
The adjusted hazard ratios for the D pattern were 1.87 (95% 
confidence interval), and for the D/S pattern, they were 3.02 (95% 
confidence interval). This study highlights the significance of 
echocardiographic pattern recognition in asymptomatic individuals 
and its potential to enhance risk assessment and treatment of 
cardiovascular diseases20. 
 In a recent study examining left ventricular remodeling 
mechanics, and diastolic and systolic function in children with, 
genetic, idiopathic and familial dilated cardiomyopathy (DCM), 
researchers used ML to analyze echocardiographic and clinical 
data from pediatric DCM patients and healthy individuals. The 
study aimed to determine connections between clinical traits, heart 
failure treatment, and the likelihood of death or heart 
transplantation (DoT) in children with DCM. By employing k-means 
clustering and unsupervised multiple kernel learning to reduce data 
dimensions, the researchers discovered five distinct clinical groups 
with varying levels of DoT risk. Notably, all healthy subjects were 
found in groups 1 and 2, while the majority of DCM patients were 
in groups 3 to 5. The study showed that ML, using complete 
cardiac-cycle diastolic and systolic information, mechanics, and 
clinical factors, can potentially identify children with DCM at high 
risk for DoT and clarify risk-associated mechanisms. This method 
could help improve the accuracy of prognosis and treatment for 
pediatric DCM patients, ultimately leading to better patient 
outcomes21. 
AI in Cardiac Magnetic Resonance Imaging:  Cardiac magnetic 
resonance imaging (MRI) is a valuable tool for assessing cardiac 
function, tissue characterization, and the presence of myocardial 
ischemia or scar22. AI algorithms can improve the segmentation of 
cardiac structures and quantification of myocardial strain, providing 
more accurate and reproducible results. AI can also assist in the 
identification of patterns suggestive of specific cardiomyopathies or 
infiltration diseases. 
 Researchers explored the potential of radiomic features and 
ML techniques to distinguish between MI and viable or healthy 
tissues in the left ventricular myocardium using non-contrast Cine 
Cardiac Magnetic Resonance images. The study involved 72 
participants, including 20 healthy individuals and 52 with MI, and 
employed a 1.5 T MRI for imaging purposes. Radiomic features 
were extracted from the entire left ventricular myocardium, 
normalized, and then subjected to statistical examination. In a 
univariate analysis, the Maximum two-dimensional diameter slice 
shape feature achieved an AUC of 0.88 with an average univariate 
AUC of 0.62. In a multivariate analysis, SVM and logistic 
regression emerged as the top-performing ML algorithms for this 
radiomics assessment. The logistic regression model had an AUC 
of 0.93, an accuracy of 86%, and an F1 score of 90%. Meanwhile, 
for the SVM model, the AUC was 0.92, the accuracy stood at 85%, 
and the F1 score reached 90%23. 
 Researchers assessed the effectiveness of ML-based 
computed tomography fractional flow reserve (CT-FFRML) in 
determining the hemodynamic significance of coronary artery 
obstructions, as compared to stress perfusion cardiovascular 
magnetic resonance (CMR). The analysis included 141 patients 
who go throughclinically required coronary computed tomography 
angiography (CCTA) followed by stress perfusion CMR within a 
two-month timeframe, covering a total of 269 vessels. The findings 
of the study revealed that CT-FFRML accurately identified the 
absence of significant obstructions in 79% of patients with CCTA-
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detected stenosis of 50% or more, and exhibited a strong statistical 
correlation with stress perfusion CMR (p < 0.0001). The diagnostic 
performance of CT-FFRML was exceptional, demonstrating 90% 
accuracy, 88% sensitivity, and 90% specificity in comparison to 
stress perfusion CMR. These results suggest that CT-FFRML 
possesses a high diagnostic capability for detecting patients with 
clinically meaningful coronary artery stenosis, utilizing stress 
perfusion CMR as the reference standard. Consequently, this has 
the potential to enhance the role of CCTA as the primary tool for 
further assessments, thereby reducing the necessity for 
unnecessary invasive procedures in patients24. 
 In 2018, research was conducted to develop improved ML 
techniques for automatically segmenting late gadolinium-enhanced 
magnetic resonance imaging. This imaging technique is commonly 
used to visualize abnormal atrial structures. The findings of the 
study revealed that CNNs, specifically the utilization of double-
sequentially employed CNNs, displayed a significant advantage 
over traditional methods and single CNNs in achieving cutting-
edge left atrium segmentation. Double-sequentially employed 
CNNs involve the use of two CNNs consecutively: the first CNN for 
automatically localizing the region of interest, and the second CNN 
for refining the regional segmentation. Through this approach, the 
researchers achieved a mean surface-to-surface distance of 0.7 
mm and a Dice score of 93.2%, demonstrating remarkable 
performance25. 
AI in Computed Tomography Angiography: Computed 
tomography (CT) angiography is a non-invasive imaging technique 
for evaluating coronary artery disease26. AI algorithms can 
automatically detect and quantify coronary artery stenosis, 
reducing inter-observer variability and increasing diagnostic 
accuracy. AI can also assist in plaque characterization and 
predicting the risk of future cardiovascular events. 
 A research study aimed to evaluate the effectiveness of ML 
models in identifying large vessel occlusion within mobile stroke 
units (MSUs) by utilizing computed tomography angiograms 
(CTAs). The model underwent training and evaluation on separate 
datasets, which included both in-hospital CTAs and MSU CTA 
images. In this research, 68 patients received out-of-hospital MSU 
CTAs, of which 40% demonstrated a large vessel occlusion. The 
most common site of occlusion was the middle cerebral artery M1 
segment i.e., 59%, followed by the internal carotid artery i.e., 30% 
and the middle cerebral artery M2 is 11%. The median duration 
between the last known well time and CTA imaging was 88.0 
minutes. The ML model, deep symnet-v2, displayed a strong 
performance in detecting large vessel occlusion in a separate in-
hospital dataset consisting of 441 images, achieving an AUC of 
0.84. Notably, the analysis time for the ML algorithm was less than 
one minute. The performance of the ML model when applied to the 
MSU CTA images was observed to be comparable, yielding an 
AUC of 0.8027. 
 The authors determined the effectiveness of using computed 
tomography-derived fractionalflow reserve (CT-FFR) for 
differentiating between hemodynamically significant and non-
significant coronary stenosis in patients being evaluated for liver 
transplantation. A total of 201 participants were involved, as it is 
crucial to detect and exclude coronary artery disease during the 
screening process due to the increased strain on the 
cardiovascular system that occurs during a liver transplant.  The 
research employed both CCTA and invasive coronary angiography 
(ICA) to assess suspected significant stenosis. ML algorithm was 
utilized to compute CT-FFR from CCTA data, using ICA as a 
reference benchmark. Results revealed that CCTA effectively ruled 
out obstructive coronary artery disease in 63% of participants. In 
the remaining 37% of patients, CCTA suggested at least one 
significant stenosis.  Comparing the CT-FFR measurements with 
ICA, the study demonstrated a diagnostic accuracy of 85%, 
positive predictive value of 67%,negative predictive value of 91%, 
specificity of 90% and sensitivity of 71%. Notably, in 69% of 
instances, CT-FFR examination accurately resolved the 
hemodynamic significance of the stenosis. This study highlights 

the potential utility of CT-FFR in distinguishing between 
hemodynamically significant and non-significant coronary stenosis 
among patients undergoing evaluation for liver transplantation28. 
 Researchers explored the ability of CT-FFRML to decrease 
the prevalence of ICA with no obstructive lesions in patients 
suffering from chronic coronary syndrome. This retrospective 
analysis involved 88 patients who underwent both clinically 
recommended CCTA and ICA. The CCTA image data were 
analyzed using a prototype CT-FFRML, which generated a 
hemodynamic index for coronary arteries. The research found that 
for 48 patients, the CT-FFRML identified an index of >0.80 in their 
coronary vessels, which was confirmed by ICA in 45 patients, while 
only three required revascularizations. Moreover, among patients 
with an index ≤0.80, three were recognized as false positives. 
Consequently, 48 patients could have avoided ICA, signifying the 
potential for CT-FFRML to minimize unnecessary coronary 
interventions. Additionally, CT-FFRML exhibited a greater 
diagnostic accuracy compared to pretest probability or CT-derived 
scores, featuring an outstanding specificity of 94%, the sensitivity 
of 93%, a positive predictive value of 93%, and a negative 
predictive value of 94% at p ≤ 0.0001 and AUC of 0.9629. 
 A study compared CT-FFRML and coronary-computed 
tomographic morphological plaque characteristics using the resting 
full-cycle ratio as a reference standard. The results revealed that 
CT-FFRML exhibited the highest discriminatory power in detecting 
hemodynamically significant coronary stenosis, as indicated by its 
AUC of 0.90, which represents excellent diagnostic performance. 
Among the specific computed tomography morphological plaque 
characteristics, LL/MLD4 demonstrated the most reliable 
diagnostic capability with an AUC of 0.80. Additional noteworthy 
morphological plaque characteristics included the remodeling 
index (AUC: 0.76), minimal luminal diameter (AUC: 0.77), minimal 
luminal area (AUC: 0.75), and degree of luminal diameter stenosis 
(AUC: 0.75). These values indicate moderate to strong 
discriminatory power in identifying hemodynamically significant 
coronary artery stenoses. The findings of the research support the 
potential use of CT-FFRML as a non-invasive assessment method 
for suspected coronary artery stenosis while demonstrating its 
superiority over certain morphological plaque characteristics 
derived from regular anatomical CCTA in terms of discriminatory 
power and AUC values30. 
AI in Electrocardiogram Analysis: Electrocardiogram (ECG) is 
an essential tool for the detection and diagnosis of arrhythmias, 
myocardial ischemia, and other cardiac conditions31.  AI algorithms 
can enhance the accuracy of ECG interpretation, particularly in 
detecting subtle or complex abnormalities32. For example, AI has 
demonstrated potential in detecting atrial fibrillation from single-
lead ECG recordings, which can facilitate early diagnosis and 
management. 
 A recent study explored the efficiency of ML models in 
predicting atrial fibrillation (AF) risk using 12-lead ECG data in 
comparison to traditional clinical trial models based on age and 
clinical features. This retrospective study assessed both groups' 
ability to identify high-risk populations for AF screening and 
intervention to potentially prevent AF-related stroke. The ML model 
demonstrated higher efficiency in the number needed to screen for 
AF and AF-associated stroke compared to the clinical trial models. 
Results suggest that the ECG-based ML model may lead to 
improved patient selection and better screening programs, which 
could subsequently reduce the impact of AF-related stroke33. 
 Researchers constructed an AI-powered ECG utilizing a 
CNN to recognize the ECG indicators of atrial fibrillation while in 
normal sinus rhythm. The study encompassed patients aged 18 
and above, whose ECG data met the inclusion criteria. Their ECGs 
were categorized into training, internal validation, and testing data 
subsets. The AI-ECG exhibited an overall accuracy of 79.4%, an 
AUC of 0.87, a specificity of 79.5%, and a sensitivity of 79.0%. 
Upon incorporating all ECGs obtained throughout the initial month 
of each patient's observation period, these measures were further 
enhanced with an AUC of 0.90 and an accuracy rate of 83.3%. 
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These findings suggest that the AI-empowered ECG effectively 
identifies individuals experiencing atrial fibrillation during normal 
sinus rhythm, thus providing a prompt, economical, and proficient 
point-of-care solution34. 
 Hannun et al., (2019) explored the potential of DL algorithms 
in the context of ECG data analysis. They developed a deep neural 
network model for the classification of 12 rhythm classes, utilizing 
an extensive dataset comprising 91,232 single-lead ECGs 
obtained from 53,549 patients. Their findings indicated that the 
deep neural network outperformed average cardiologists in terms 
of diagnostic accuracy. Specifically, the deep neural network 
achieved an average AUC of 0.97, while boasting a F1 score of 
83.7%, as opposed to the 78.0% score observed for 
cardiologists35. 
 Classification of ECG signals was performed by utilizing 
several signal-processing techniques and ML algorithms. Firstly, 
the input signal was subjected to filtering methods, including a low-
pass filter, a high-pass filter, and a Butterworth filter to eliminate 
high-frequency noise. Then, peak points were detected using a 
peak detection algorithm, and statistical parameters were extracted 
as features from the signal. Finally, the extracted features were 
passed through ML classifiers and achieved an accuracy of 87.5%, 
93%, 94%, and 99.7% for SVM, Adaboost, ANN, and Naïve Bayes, 
respectively36. 
 A study presented an automated approach to identify MI 
using ECG signals. Instead of relying on traditional visual 
examination of ECG signals, the researchers employed a CNN 
algorithm to discriminate between normal and MI ECG beats while 
considering the presence or absence of noise. Notably, the study 
did not necessitate feature extraction or selection, yielding 
promising outcomes with an average accuracy of 93.53% and 
95.22% for ECG beats with and without noise elimination, 
respectively. The proposed algorithm's demonstrated capability to 
accurately detect unknown ECG signals, even amidst the presence 
of noise, signifies its significant potential for clinical application. 
The integration of such a system within clinical settings could aid 
healthcare professionals in diagnosing MI with enhanced 
effectiveness and efficiency32. 
 
 To address the need for more accurate classification of 
noise levels in various clinical settings, researchers developed a 
five-tier ECG signal quality categorization algorithm. This algorithm 
combines 13 signal quality metrics extracted from ECG waveform 
segments with an SVM for classification. The simulated dataset 
was generated by introducing three types of authentic ECG noise. 
The results showed that the algorithm achieved an accuracy rate 
of 80.26% and an overlap accuracy rate of 98.60% on the test set. 
For the validation data, the accuracy rate was 57.26%, with an 
overlap accuracy rate of 94.23%. Moreover, the algorithm 
underwent a fivefold cross-validation yielding an accuracy rate of 
88.07% and an overlap accuracy rate of 99.34%. These findings 
demonstrate the algorithm's effectiveness in accurately 
categorizing ECG signal quality into five distinct levels37. 
 

CONCLUSION 
 

Artificial intelligence has the potential to revolutionize the 
management of cardiovascular diseases by facilitating earlier 
detection and improving diagnostic accuracy. Despite its potential, 
several challenges must be addressed before AI can reach its full 
potential within cardiovascular medicine. These include data 
privacy regulations, ethical considerations, standardization, data 
quality, and skill development among healthcare providers. 
Acknowledging and addressing these challenges are essential to 
ensuring the successful integration of AI into clinical practice While 
challenges and limitations remain, AI's integration into 
cardiovascular medicine holds promise for improved patient 
outcomes and more efficient use of healthcare resources. As 
technology continues to advance, further research and 
collaboration between AI developers, clinicians, and policymakers 

will be crucial to fully harness the potential of AI in combating the 
global burden of cardiovascular diseases. The future of this 
discipline relies on promoting interdisciplinary collaboration 
between healthcare professionals, data scientists, engineers, and 
other stakeholders to effectively harness and apply the potential of 
AI in cardiovascular medicine. 
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