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Abstract 

Cardiovascular diseases remain a leading cause of mortality and disability worldwide, creating an urgent need for effective 

risk prediction and preventive healthcare strategies. Artificial intelligence (AI) has emerged as a promising approach for 

analyzing complex medical data, identifying cardiovascular risk factors, and supporting early intervention. This article 

examines the application of AI and machine learning in intelligent cardiovascular risk prediction and prevention, emphasizing 

predictive algorithms, clinical applications, and implementation challenges. Techniques such as random forests, support vector 

machines, gradient boosting, and artificial neural networks can identify patterns within demographic information, clinical 

measurements, laboratory results, and lifestyle data. These capabilities may support the identification of high-risk individuals 

and improve the personalization of preventive interventions. Existing research also demonstrates the potential of combining 

machine learning with explainable artificial intelligence techniques, including Shapley Additive Explanations (SHAP) and 

Local Interpretable Model-Agnostic Explanations (LIME), to improve the transparency of cardiovascular predictions 

(Lundberg & Lee, 2017; Ribeiro et al., 2016).[5, 9] The article adopts a structured literature review methodology to examine 

published research on cardiovascular prediction models, risk factors, prevention strategies, and clinical decision support. The 

reviewed evidence highlights opportunities for improving risk stratification, identifying previously unrecognized patterns, and 

supporting timely preventive care. However, challenges involving data quality, algorithmic bias, model interpretability, 

privacy, and generalizability remain significant. Furthermore, predictive performance alone does not establish clinical 

usefulness, and AI-generated estimates require appropriate validation and professional oversight. The article concludes that 

responsible integration of artificial intelligence into cardiovascular healthcare may strengthen early risk identification and 

personalized prevention when supported by representative datasets, rigorous evaluation, and evidence-based clinical practice. 

AI should complement established medical assessment rather than replace healthcare professionals' judgment. 
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Introduction 

India's tribunal system has repeatedly generated the same 

constitutional anxiety: bodies created to exercise judicial or 

quasi-judicial power have often remained administratively 

dependent on the executive departments whose decisions 

Cardiovascular diseases (CVDs) constitute a major global 

public health challenge because of their contribution to 

premature mortality, disability, and healthcare expenditure. 

These conditions include coronary heart disease, stroke, 

heart failure, and other disorders affecting the heart and 

blood vessels. The World Health Organization (WHO, 

2025) [11] estimates that approximately 19.8 million people 

died from cardiovascular diseases in 2022, representing 

about 32% of all global deaths. Many cardiovascular events 

are associated with modifiable risk factors, including 

tobacco use, unhealthy diets, physical inactivity, 

hypertension, elevated blood glucose, and abnormal blood 

lipid levels. Early identification of individuals at increased 

risk is therefore essential for effective prevention and timely 

clinical intervention. Traditional cardiovascular risk 

assessment approaches use clinical measurements, patient 

histories, demographic characteristics, and established 

statistical models to estimate the likelihood of future 

cardiovascular events. Tools such as the Framingham risk 

score have contributed to cardiovascular prevention by 

helping clinicians assess risk and identify individuals who 

may benefit from preventive interventions (Detrano et al., 

1989) [2]. However, risk prediction can be complicated by 

interactions among numerous biological, behavioral, and 

environmental factors. Differences in population 

characteristics, data availability, and clinical settings may 

also influence the performance of established prediction 

methods. These limitations have encouraged researchers to 

investigate additional analytical techniques that can support 

more comprehensive cardiovascular assessment. Artificial 

intelligence (AI) offers opportunities to analyze large 

volumes of healthcare data and identify patterns associated 

with cardiovascular disease. Machine learning, a major 

branch of AI, enables computational systems to learn 

relationships from existing data and use these relationships 

to generate predictions for new observations. Algorithms 

such as random forests, support vector machines, gradient 

boosting, and artificial neural networks can analyze 

combinations of clinical measurements, laboratory results, 

medical histories, and lifestyle characteristics. Mohan et al. 

(2019) [6] demonstrated the potential of hybrid machine 

learning techniques for heart disease prediction, illustrating 

the relevance of computational methods to cardiovascular 

assessment. AI-based cardiovascular risk prediction may 

support preventive healthcare by identifying individuals 

who require closer monitoring or further clinical evaluation. 

For example, a predictive model may analyze blood 

pressure, cholesterol levels, age, smoking status, and 

diabetes history to estimate an individual's cardiovascular  
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risk. Such predictions could assist healthcare professionals 

in prioritizing assessment, discussing lifestyle 

modifications, and determining whether additional 

investigations are appropriate. When integrated into clinical 

workflows, predictive systems may also help organize 

information from electronic health records and support the 

identification of patients whose risk factors require 

attention. Nevertheless, the use of AI in healthcare presents 

important challenges. Complex algorithms may produce 

predictions that are difficult to interpret, making it 

challenging for clinicians to understand the reasons behind a 

particular risk estimate. Van Smeden et al. (2022) [10] 

emphasize that AI-based cardiovascular prediction models 

require critical evaluation to determine whether they offer 

meaningful benefits beyond existing clinical approaches. 

Predictive accuracy alone is insufficient because models 

must also demonstrate appropriate calibration, 

generalizability, and relevance to the intended patient 

population. Explainable artificial intelligence (XAI) 

provides techniques for improving the transparency of 

predictive systems. SHapley Additive exPlanations (SHAP) 

estimates the contributions of input features to model 

predictions, while Local Interpretable Model-Agnostic 

Explanations (LIME) approximates individual predictions 

using interpretable representations (Lundberg & Lee, 2017; 

Ribeiro et al., 2016) [5, 9]. In cardiovascular applications, 

these methods may help clinicians understand which 

recorded characteristics influence a model's estimate. 

However, explanations do not automatically demonstrate 

that a prediction is correct or that a particular factor causes 

cardiovascular disease. AI can also contribute to 

cardiovascular prevention by supporting the identification 

and monitoring of modifiable risk factors. Predictive 

analytics may help healthcare professionals recognize 

patterns that indicate a need for further assessment, while 

longitudinal data may reveal changes in risk over time. 

However, the effectiveness of these applications depends on 

data quality, access to healthcare, appropriate intervention 

strategies, and continuing clinical oversight. An algorithm 

cannot independently ensure that patients receive 

appropriate preventive treatment. Against this background, 

this article examines the role of artificial intelligence in 

intelligent cardiovascular risk prediction and prevention. It 

reviews machine learning techniques, clinical applications, 

preventive opportunities, and implementation challenges. 

The article also considers how explainability, validation, 

and responsible data use influence the reliability of AI-

supported cardiovascular care. Its central objective is to 

evaluate how AI can support earlier risk identification and 

more personalized prevention while complementing 

established clinical knowledge and professional judgment. 

 

Background of the Study  

Cardiovascular disease prevention depends on identifying 

risk factors before serious complications develop. 

Conventional risk assessment methods rely on clinical 

examinations, patient histories, laboratory investigations, 

and established prediction scores. Although these methods 

support preventive care, the complex interactions among 

demographic, clinical, behavioral, and environmental 

variables create opportunities for more advanced analytical 

approaches. The continuing burden of cardiovascular 

disease reinforces the need for reliable methods of early 

identification and risk management (WHO, 2025). Artificial 

intelligence has gained attention because it can analyze 

large healthcare datasets and identify patterns that may not 

be readily apparent through conventional analysis. Machine 

learning algorithms can combine information such as age, 

blood pressure, cholesterol, glucose levels, smoking status, 

and medical history to estimate cardiovascular risk. 

Previous research has explored hybrid machine learning 

methods for heart disease prediction, demonstrating the 

relevance of computational approaches to cardiovascular 

assessment (Mohan et al., 2019) [6]. However, the 

application of AI requires careful evaluation. Models may 

generate unreliable predictions when trained on incomplete 

or unrepresentative data, and their performance may decline 

when applied to different patient populations. Complex 

systems can also be difficult to interpret, creating concerns 

about transparency and clinical trust. Van Smeden et al. 

(2022) [10] emphasize the importance of critically evaluating 

AI-based cardiovascular prediction models before 

introducing them into healthcare practice. Consequently, 

intelligent cardiovascular risk prediction should combine 

predictive capability with appropriate validation, 

interpretability, fairness, and clinical relevance. AI may help 

healthcare professionals identify high-risk individuals and 

support preventive decisions, but its effectiveness depends 

on the quality of available evidence and the suitability of the 

resulting interventions. This study therefore examines how 

AI can contribute to cardiovascular risk prediction and 

prevention while addressing the limitations that may affect 

responsible clinical implementation. 

 

Literature Review  

Research into artificial intelligence for cardiovascular risk 

prediction has expanded alongside the availability of clinical 

datasets and improvements in computational methods. 

Existing studies examine the use of machine learning 

algorithms to identify cardiovascular disease patterns, 

classify patients according to risk, and support clinical 

assessment. Mohan et al. (2019) [6] investigated hybrid 

machine learning techniques for heart disease prediction, 

illustrating how combining computational approaches may 

improve the analysis of cardiovascular data. Nevertheless, 

model performance depends on the dataset, prediction 

objective, and evaluation procedure. Traditional 

cardiovascular prediction models remain important because 

they provide established approaches for estimating risk. 

Detrano et al. (1989) [2] investigated a probability algorithm 

for diagnosing coronary artery disease, contributing to the 

development of computational cardiovascular assessment. 

Contemporary AI approaches extend this research by 

learning patterns from multiple clinical variables. However, 

more complex models do not necessarily outperform 

conventional approaches in every setting. Van Smeden et al. 

(2022) [10] emphasize the importance of evaluating the 

clinical value, calibration, representativeness, and validation 
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of AI-based cardiovascular prediction models. Different 

machine learning algorithms provides complementary  

capabilities. Random forests combine predictions from 

multiple decision trees, while support vector machines 

identify decision boundaries between classes. Gradient 

boosting builds successive models to improve prediction, 

and artificial neural networks can learn complex nonlinear 

relationships. The choice of algorithm should reflect the 

available data, the intended clinical use, and the need for 

interpretable outputs. Mohan et al. (2019) [6] provide an 

example of research investigating hybrid computational 

techniques for heart disease prediction. Explainability has 

become an important consideration in the deployment of AI 

systems. Lundberg and Lee (2017) [5] introduced SHAP, a 

framework for explaining predictions through feature 

contributions. Ribeiro et al. (2016) [9] developed LIME to 

explain individual predictions through local approximations 

of complex models. In cardiovascular prediction, these 

techniques may help clinicians understand the influence of 

recorded variables on risk estimates. However, the 

explanations depend on the model and data, and they should 

not be interpreted as proof of causal relationships. Recent 

studies have investigated the integration of explainable AI 

into cardiovascular prediction frameworks. Kiran et al. 

(2025) [11] proposed a framework combining machine 

learning with SHAP and LIME to provide global and 

individual explanations. Shah et al. (2025) examined hybrid 

ensemble learning and explainable AI for cardiovascular 

risk prediction. Their research illustrates the potential of 

combining predictive models with interpretation methods, 

although findings must be assessed in relation to the datasets 

and experimental conditions used. Beyond prediction, AI 

may support prevention through risk stratification, 

monitoring, and the identification of patients who could 

benefit from further assessment. Nevertheless, the 

translation of these capabilities into improved health 

outcomes requires appropriate clinical workflows and 

validated interventions. Models may also reproduce bias 

when training datasets inadequately represent certain 

populations. The literature therefore suggests that AI can 

contribute to cardiovascular prediction, but important 

research gaps remain. These include external validation, 

fairness, calibration, explanation stability, and evidence of 

clinical benefit. Future research should evaluate whether AI 

systems offer meaningful improvements over existing risk 

scores and whether their predictions lead to better 

preventive decisions. A responsible approach must consider 

predictive performance and practical clinical usefulness 

together. 

 

Methodology  

Research Design 

This study adopts a structured literature review 

methodology to examine the application of artificial 

intelligence in cardiovascular risk prediction and prevention. 

The design focuses on identifying, evaluating, and 

synthesizing published research concerning machine 

learning algorithms, cardiovascular risk factors, predictive 

performance, preventive applications, and clinical decision 

support. No new patient data are collected, and no original 

clinical experiment is conducted. 

 

Data Sources and Search Strategy 

Relevant studies are sought from academic databases and 

scholarly platforms, including PubMed, Scopus, Web of 

Science, IEEE Xplore, and Google Scholar. Search terms 

include “artificial intelligence in cardiovascular disease,” 

“machine learning for cardiovascular risk prediction,” “heart 

disease prevention,” “predictive analytics in cardiology,” 

and “explainable artificial intelligence in healthcare.” 

Boolean operators such as AND and OR can be used to 

combine search terms and identify relevant publications. 

 

Inclusion and Exclusion Criteria 

The review prioritizes peer-reviewed journal articles and 

conference papers that investigate AI-based cardiovascular 

prediction, risk assessment, or preventive applications. 

Studies describing algorithms, datasets, evaluation methods, 

clinical applications, and model limitations are considered 

relevant. Publications unrelated to cardiovascular health, 

lacking sufficient methodological detail, or providing no 

meaningful contribution to the research objectives are 

excluded. The actual search dates, publication-period limits, 

and screening criteria should be documented when the 

review is conducted. 

 

Data Extraction and Analysis 

Information extracted from eligible studies includes 

publication details, research objectives, dataset 

characteristics, algorithms, input variables, evaluation 

metrics, major findings, and reported limitations. The 

information is organized thematically to compare 

conventional prediction approaches with machine learning-

based methods and to examine their potential applications in 

prevention. Where reported, measures such as accuracy, 

sensitivity, specificity, precision, F1-score, area under the 

receiver operating characteristic curve (AUC-ROC), and 

calibration are considered. These measures are interpreted 

according to each study's population, outcome definition, 

and validation design. Performance figures from different 

datasets are not treated as directly comparable without 

appropriate justification. 

 

Ethical Considerations and Limitations 

Because the review examines published research, it does not 

require direct recruitment of patients or primary collection 

of identifiable health information. Academic integrity is 

maintained through appropriate citation and accurate 

reporting of source findings. Ethical considerations include 

privacy, fairness, transparency, and the potential 

consequences of inaccurate predictions. The review's 

conclusions are limited by differences among the included 

studies, the quality of published evidence, and the 

completeness of reported methods. The methodology should 

be finalized using the actual search and screening results 

rather than presented as a completed systematic review 

before those steps occur. 
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Results  

The literature synthesis indicates that artificial intelligence 

offers several opportunities for improving cardiovascular 

risk prediction and supporting preventive healthcare. The 

main findings concern predictive modeling, identification of 

risk factors, explainability, preventive applications, and the 

limitations affecting clinical implementation. These findings 

are based on published studies and represent a qualitative 

synthesis rather than results from a new experimental 

investigation. 

 

Application of AI Algorithms in Cardiovascular Risk 

Prediction 

The reviewed research identifies random forests, support 

vector machines, gradient boosting, artificial neural 

networks, and hybrid ensemble methods as important 

approaches to cardiovascular prediction. These algorithms 

can analyze combinations of demographic, clinical, and 

lifestyle variables to estimate cardiovascular risk. Mohan et 

al. (2019) [6] investigated hybrid machine learning 

techniques for heart disease prediction, illustrating the 

potential of combining computational approaches to analyze 

clinical information. The findings suggest that algorithm 

selection should depend on the intended prediction task, the 

characteristics of the dataset, and the evaluation procedure. 

Random forests can model nonlinear relationships and 

interactions, while support vector machines can classify 

observations using learned decision boundaries. Gradient 

boosting and neural networks can capture complex patterns 

but may require careful tuning and sufficient training data. 

No single algorithm should be assumed to provide the best 

performance across all cardiovascular populations. 

 

Identification of Cardiovascular Risk Factors 

The reviewed literature emphasizes the importance of 

demographic, clinical, and behavioral information in 

cardiovascular risk prediction. Commonly examined 

variables include age, blood pressure, cholesterol levels, 

glucose measurements, smoking status, obesity, diabetes, 

and medical history. These factors provide information 

relevant to estimating risk and identifying individuals who 

may benefit from further assessment. Machine learning can 

analyze combinations of variables rather than considering 

each factor independently. This capability may help identify 

patterns associated with elevated predicted risk. However, 

the importance assigned to a variable depends on the model, 

dataset, and outcome being predicted. An association 

identified by a predictive algorithm does not automatically 

establish a causal relationship or determine which 

intervention will produce the greatest clinical benefit. 

 

Predictive Performance and Model Evaluation 

The reviewed studies demonstrate that machine learning 

performance is commonly evaluated using accuracy, 

sensitivity, specificity, precision, F1-score, and AUC-ROC. 

These metrics describe different aspects of model 

performance. For example, sensitivity measures the 

proportion of positive cases correctly identified, while 

specificity measures the proportion of negative cases 

correctly classified. AUC-ROC assesses the model's ability 

to distinguish between outcome groups across classification 

thresholds. However, performance metrics must be 

interpreted in context. Accuracy may be misleading when 

the dataset contains substantially more low-risk than high-

risk cases. Furthermore, a model can discriminate between 

patients while producing poorly calibrated probability 

estimates. Van Smeden et al. (2022) [10] emphasize that AI-

based cardiovascular prediction systems require critical 

appraisal, appropriate validation, and assessment of their 

clinical value. Therefore, the literature supports evaluating 

several complementary measures rather than relying on a 

single accuracy figure. 

 

Role of Explainable Artificial Intelligence 

The reviewed literature identifies explainability as an 

important consideration for clinical implementation. SHAP 

can estimate the contributions of individual features to a 

prediction, while LIME can provide local approximations of 
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individual model decisions (Lundberg & Lee, 2017; Ribeiro 

et al., 2016) [5, 9]. These approaches may help healthcare 

professionals understand why a model produces a particular 

cardiovascular risk estimate. Research by Kiran et al. (2025) 

and Shah et al. (2025) illustrates the growing interest in 

combining machine learning with explanation techniques. 

Such systems may support clinical review and improve 

transparency. Nevertheless, explanations can be unstable or 

incomplete, and an understandable output does not 

necessarily mean that the underlying prediction is correct. 

Explanation quality must therefore be evaluated alongside 

predictive performance. 

 

AI-Supported Cardiovascular Prevention 

The findings suggest that AI may support prevention by 

identifying individuals who require additional assessment, 

helping prioritize clinical review, and assisting with the 

monitoring of risk factors over time. Predictive systems may 

also help healthcare teams organize information from 

electronic health records and identify patients whose 

recorded measurements indicate a need for follow-up. These 

applications depend on whether predictions are linked to 

appropriate preventive actions. Identifying a high-risk 

patient does not itself prevent a cardiovascular event. 

Effective prevention requires clinical evaluation, patient 

engagement, appropriate lifestyle guidance, and evidence-

based treatment when indicated. AI should therefore 

function as a decision-support resource within a broader 

preventive healthcare strategy. 

 

Data Quality, Fairness, and Generalizability 

The literature highlights several barriers to reliable 

implementation, including missing data, measurement 

inconsistencies, class imbalance, demographic bias, and 

limited external validation. Models trained in one healthcare 

setting may not perform equally well in another because 

patient characteristics, disease prevalence, clinical practices, 

and data collection procedures differ. These concerns are 

especially important when models are intended for diverse 

populations. Independent validation and subgroup 

evaluation are needed to determine whether performance 

remains acceptable across relevant patient groups. Privacy 

protection and responsible data governance are also 

necessary when sensitive medical information is processed. 

 

Summary of Results 

Overall, the literature suggests that AI can support 

cardiovascular risk prediction through complex pattern 

recognition, risk stratification, and integration of multiple 

data sources. Explainability techniques may improve the 

transparency of model outputs, while predictive analytics 

may help healthcare professionals identify opportunities for 

preventive intervention. However, the evidence does not 

establish that every AI model outperforms conventional risk 

scores or consistently improves patient outcomes. Reliable 

implementation requires validation, calibration, fairness 

assessment, clinical oversight, and evidence that predictions 

contribute to meaningful preventive decisions. 

 

Discussion  

The literature synthesis highlights the potential of artificial 

intelligence to strengthen cardiovascular risk prediction and 

prevention. By analyzing multiple patient characteristics 

simultaneously, machine learning algorithms may identify 

patterns that are difficult to capture through simpler 

analytical methods. However, the clinical value of these 

systems depends on whether they provide reliable 

information that improves decisions rather than merely 

producing technically sophisticated predictions. One 

important finding is the need to evaluate machine learning 

models against established cardiovascular risk assessment 

approaches. Traditional risk scores remain useful in clinical 

practice, and introducing a more complex algorithm does 

not automatically produce better results. Van Smeden et al. 

(2022) [10] emphasize that AI-based prediction models 

should be evaluated critically, including whether they 

address a meaningful clinical problem and provide 

additional value over existing methods. Consequently, 

future research should compare AI systems with appropriate 

baseline models using representative datasets and clearly 

defined outcomes. A second issue concerns the 

identification of risk factors. Machine learning can analyze 

variables such as age, blood pressure, cholesterol levels, 

diabetes, and smoking history in combination. These 

patterns may help identify patients requiring further 

assessment. Nevertheless, feature importance must be 

interpreted carefully. A variable that contributes strongly to 

a prediction is not necessarily a cause of disease, and 

changing that variable may not produce the predicted 

reduction in risk. Clinical decisions should therefore 

combine model outputs with established evidence, patient 

circumstances, and professional judgment. Explainability is 

another important consideration. SHAP and LIME provide 

ways to investigate the contributions of features to model 

predictions (Lundberg & Lee, 2017; Ribeiro et al., 2016) [5, 

9]. These explanations may help clinicians assess the 

plausibility of predictions and communicate risk estimates 

to patients. However, explanations can be affected by model 

assumptions, feature dependence, and sampling procedures. 

Their presence should not be treated as proof that a system 

is transparent, fair, or trustworthy. Explanation stability and 

clinical usefulness require independent evaluation. The 

implications for prevention are particularly significant. 

Predictive systems may help healthcare teams identify 

individuals who could benefit from additional assessment, 

monitoring, or preventive counseling. Nevertheless, 

prediction is only one component of prevention. Effective 

action requires access to appropriate healthcare services, 

patient understanding, clinical follow-up, and interventions 

supported by evidence. The usefulness of an AI system 

should therefore be assessed partly by whether it improves 

preventive decisions and patient outcomes. Data quality and 

fairness also require attention. Incomplete records, 

inconsistent measurements, and underrepresentation of 

certain populations can reduce model reliability. A system 

developed using data from one setting may perform 

differently in another. These limitations may lead to unequal 

risk estimates or missed cases if they are not identified 

before deployment. Representative training data, external 

validation, subgroup analysis, and continuous monitoring 

are therefore essential. Finally, the review has 

methodological limitations. The synthesis does not report 

new experimental findings, and the included studies may 

differ in datasets, prediction targets, and evaluation 

procedures. Their results cannot be compared directly 

without accounting for these differences. Further research 

should use transparent review procedures and investigate 

whether AI-based risk assessment provides measurable 
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improvements over existing approaches. Overall, artificial 

intelligence offers promising tools for cardiovascular risk 

prediction, but responsible implementation requires more 

than algorithmic performance. Systems must be validated, 

clinically relevant, appropriately explained, and integrated 

into preventive care with professional oversight. Their 

success should ultimately be judged by their contribution to 

reliable decisions and improved cardiovascular health. 

 

Conclusion  

Artificial intelligence has considerable potential to 

strengthen cardiovascular risk prediction and prevention by 

enabling the analysis of complex clinical information and 

supporting the early identification of individuals at 

increased risk. This article examined the application of 

machine learning algorithms, predictive analytics, and 

explainable artificial intelligence in cardiovascular 

healthcare. The reviewed literature indicates that approaches 

such as random forests, support vector machines, gradient 

boosting, and artificial neural networks can support the 

identification of patterns associated with cardiovascular 

outcomes. However, their practical value depends on data 

quality, model selection, appropriate validation, and 

demonstrated clinical usefulness. One major conclusion is 

that AI may enhance conventional cardiovascular 

assessment by analyzing combinations of demographic, 

clinical, and behavioral variables. Information concerning 

age, blood pressure, cholesterol levels, diabetes, smoking, 

and other risk factors can help predictive models estimate 

cardiovascular risk and identify individuals requiring further 

evaluation. Nevertheless, machine learning systems should 

be compared with established risk assessment methods to 

determine whether they offer meaningful improvements. 

Greater computational complexity should not be assumed to 

guarantee superior clinical performance (Van Smeden et al., 

2022) [10]. The review also highlights the importance of 

transparency in AI-supported healthcare. Explainability 

techniques such as SHAP and LIME can provide 

information about the features influencing model 

predictions, potentially helping clinicians understand 

individual risk estimates (Lundberg & Lee, 2017; Ribeiro et 

al., 2016) [5, 9]. However, explanations do not independently 

establish the accuracy of a prediction or prove causal 

relationships. Consequently, interpretability must be 

accompanied by rigorous validation and appropriate clinical 

oversight. Several challenges remain, including incomplete 

medical records, algorithmic bias, privacy concerns, limited 

generalizability, and insufficient evidence of improved 

patient outcomes. Addressing these challenges requires 

representative datasets, external validation, calibration 

assessment, fairness evaluation, and responsible data 

governance. Future research should also examine whether 

AI-supported prediction improves preventive decisions, 

patient engagement, and long-term cardiovascular outcomes 

in real clinical environments. In conclusion, artificial 

intelligence represents a promising resource for intelligent 

cardiovascular risk prediction and prevention. Its effective 

application requires integration with established medical 

knowledge, evidence-based preventive strategies, and 

professional judgment. When appropriately developed, 

validated, and implemented, AI systems may support more 

personalized risk assessment, timely intervention, and 

efficient clinical decision-making. Ultimately, the success of 

AI in cardiovascular healthcare should be determined not 

only by predictive accuracy but also by its ability to support 

equitable, reliable, and clinically meaningful improvements 

in patient care. 
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