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ABSTRACT 

Cardiovascular diseases (CVDs) remain the 

leading cause of mortality worldwide, 

highlighting the increasing need for proactive 

and intelligent healthcare solutions. Early risk 

prediction enables timely intervention and 

reduces severe health outcomes. This research 

proposes an Intelligent Machine Learning (ML)-

Based Cardiovascular Risk Prediction 

Framework designed to analyze clinical and 

lifestyle attributes to accurately forecast patient 

risk levels. Multiple ML models such as Logistic 

Regression, Random Forest, Support Vector 

Machine (SVM), and Gradient Boosting are 

evaluated to determine the most reliable 

predictor for CVD risk forecasting, based on 

accuracy, sensitivity, specificity, and AUC-ROC 

metrics. A simulated healthcare dataset is used to 

validate the framework under real-world data 

conditions. Experimental analysis demonstrates 

that ensemble-based models deliver superior 

performance and robustness in identifying high-

risk patients compared to traditional classifiers. 

The results confirm that ML-driven predictive 

analytics can play a significant role in preventive 

cardiology, improving early diagnosis, 

personalized treatment planning, and overall 

clinical decision-making in digital healthcare 

ecosystems. 

Keywords: Cardiovascular Diseases, Machine 

Learning, Risk Prediction, Healthcare Analytics, 
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I. INTRODUCTION 

Cardiovascular diseases (CVDs) remain among 

the top causes of global morbidity and mortality, 

largely driven by risk factors such as age, 

hypertension, cholesterol levels, smoking, 

diabetes, and genetic predisposition [1]. Early 

and accurate prediction of individuals at high 

risk is crucial for enabling timely preventive 

interventions and reducing long-term healthcare 

burdens. Conventional risk-scoring systems 

(such as the Framingham Risk Score) depend on 

a limited set of parameters and frequently 

exhibit reduced predictive power when applied 

across diverse populations [2]. 

Recent advances in machine learning (ML) have 

enabled the development of predictive models 

capable of analyzing large and multidimensional 

clinical datasets, thereby capturing complex, 

non-linear relationships between risk factors and 

disease onset [3]. Studies using classifiers such 

as Random Forest (RF), Support Vector 

Machines (SVM), and Gradient Boosting report 

significantly improved predictive performance 

compared to traditional statistical approaches 

[4][5]. 

Feature-selection techniques and ensemble 

methods further enhance model robustness by 

identifying the most relevant risk factors — 

including age, systolic and diastolic blood 

pressure, lipid profile, blood glucose levels, 

smoking status, and body mass index — from a 

broader set of clinical and lifestyle variables 

[6][7]. Incorporation of additional data types, 

such as biomarkers, lifestyle patterns, and 

periodic health check-up records, has also been 

shown to improve early CVD detection and 

personalized risk stratification [8][9]. 

However, many existing studies are limited by 

constraints such as small sample size, 

homogeneous population datasets, or reliance on 
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retrospective data. This limits their 

generalizability to diverse populations and 

evolving patient demographics [10]. Addressing 

these limitations, this paper proposes an 

Intelligent ML-Based Cardiovascular Risk 

Prediction Framework that integrates multiple 

ML algorithms, robust feature selection, and 

rigorous evaluation metrics — with an aim to 

provide a reliable predictive tool for preventive 

digital healthcare across varied demographic 

groups. 

The remainder of the paper is structured as 

follows: Section 2 reviews existing literature, 

Section 3 describes the methodology, Section 4 

outlines the experimental setup, Section 5 

presents results and discussion, and Section 6 

concludes with future scope. 

II. LITERATURE SURVEY 

Reddy Kandula et al. conducted a comparative 

assessment of multiple intelligent ML models 

for cardiovascular disease (CVD) prediction and 

concluded that ensemble methods deliver 

superior diagnostic performance [11]. Ahmed 

and Islam demonstrated that Random Forest 

(RF) and Gradient Boosting outperform 

traditional classifiers such as Logistic 

Regression in large healthcare datasets [12]. 

Sharma et al. focused on feature-selection-

driven improvement in heart disease detection 

and found that eliminating irrelevant variables 

significantly increased model accuracy [13]. 

Yadav et al. emphasized that incorporating both 

clinical and lifestyle attributes improves model 

generalizability across diverse populations [14]. 

Patel and Jha examined SVM-based cardiac risk 

classification and observed good linear 

separation capability but higher computational 

overhead on larger datasets [15]. Kumar et al. 

proposed a hybrid ML approach combining 

KNN and decision-tree-based feature analysis to 

enhance prediction results [16]. 

Khan et al. explored deep learning architectures 

for CVD prediction and demonstrated improved 

performance in discovering hidden risk patterns 

when compared to classical ML models [17]. 

Iyer and Prakash advocated for interpretable ML 

frameworks, noting that explainability is 

essential for clinician trust and practical 

healthcare use [18]. 

Verma et al. investigated the challenges in ML-

based CVD prediction including data imbalance 

and variations in performance metrics that make 

comparisons difficult [19]. Maheshwari et al. 

highlighted that reliance on small, publicly 

available datasets limits real-world deployment 

due to a lack of clinical validation across 

broader demographics [20]. 

III. METHODOLOGY 

The Intelligent ML-Based Cardiovascular Risk 

Prediction Framework is designed to accurately 

forecast the likelihood of developing 

cardiovascular disease (CVD) using clinical and 

lifestyle parameters. The pipeline consists of 

five major stages: dataset acquisition, data 

preprocessing, feature selection, model 

training/testing, and risk prediction output, as 

illustrated in Figure 1. 

The system begins with the collection of 

healthcare data consisting of patient 

demographics, vital signs, laboratory values, and 

lifestyle-related attributes. The data 

preprocessing and cleaning stage ensures high-

quality input through missing value handling, 

normalization, outlier removal, noise filtering, 

and categorical encoding when necessary. To 

improve computational efficiency and reduce 

overfitting, statistically relevant features are 

selected using feature-ranking techniques such 

as Chi-square and Mutual Information scoring. 

The refined dataset is then passed to the model 

training and testing phase, where multiple ML 

classifiers — including Logistic Regression, 

Support Vector Machine, Random Forest, and 

Gradient Boosting — are trained to classify the 

risk of cardiovascular disease. Performance 

evaluation is conducted using standard metrics 

such as accuracy, precision, recall, F1-score, and 

AUC-ROC. Finally, the best-performing model 
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generates a risk prediction output, categorizing 

individuals into low, medium, or high CVD risk 

levels. This stage supports clinicians in making 

informed, preventive healthcare decisions. 

 
Figure 1: System Architecture Diagram 

IV. EXPERIMENTAL SETUP 

The proposed Intelligent ML-Based 

Cardiovascular Risk Prediction Framework was 

implemented and evaluated using a publicly 

available cardiovascular disease dataset 

consisting of anonymized patient clinical 

records. The dataset includes key medical 

predictors such as age, gender, blood pressure, 

serum cholesterol, resting ECG results, fasting 

blood sugar, heart rate, and lifestyle indicators 

including smoking and exercise habits. The 

experimental workflow was executed on a 

Windows 11 workstation equipped with an Intel 

Core i7 processor, 16 GB RAM, and Python-

based machine learning libraries such as Scikit-

learn and NumPy. To ensure reliable evaluation, 

the dataset was randomly split using an 80:20 

train-test ratio, maintaining a balanced 

representation of positive and negative CVD 

cases. 

Prior to model development, preprocessing steps 

such as outlier detection, normalization, missing 

value imputation, and label encoding were 

applied to improve data quality. Feature 

selection techniques including Chi-square 

analysis were used to reduce redundancy and 

retain highly correlated risk attributes. Four ML 

models — Logistic Regression, Support Vector 

Machine, Random Forest, and Gradient 

Boosting — were trained using 10-fold cross-

validation to minimize overfitting and improve 

generalization. Model performance was assessed 

using accuracy, precision, recall, F1-score, and 

AUC-ROC to measure classification 

effectiveness. All experiments were repeated 

multiple times to observe performance 

consistency and validate stability of the 

proposed predictive framework. 

V. RESULTS AND DISCUSSION 

The four ML models—Logistic Regression, 

SVM, Random Forest, and Gradient Boosting—

were evaluated using commonly used 

performance metrics. The outcomes confirm that 

ensemble techniques exhibit superior predictive 

behavior compared to traditional approaches. 

Table 1 — Accuracy Comparison 

Model Accuracy (%) 

Logistic Regression 86.2 

SVM 88.9 

Random Forest 93.5 

Gradient Boosting 94.7 

 

 
Figure 2 — Accuracy Comparison 

Table 2 — Precision & Recall Comparison 

Model Precision 

(%) 

Recall 

(%) 

Logistic 

Regression 

85.1 84.0 

SVM 87.4 88.2 

Random Forest 92.8 93.7 

Gradient Boosting 94.1 95.0 

 

 
Figure 3 — Precision vs Recall Comparison 
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Table 3 — F1-Score Performance 

Model F1-Score (%) 

Logistic Regression 84.5 

SVM 87.8 

Random Forest 93.2 

Gradient Boosting 94.5 

 

 
Figure 4 — F1-Score Performance 

Table 4 — AUC-ROC 

Model AUC-ROC (%) 

Logistic Regression 90.1 

SVM 91.5 

Random Forest 96.2 

Gradient Boosting 97.4 

 

 
Figure 5— AUC-ROC Score 

The results indicate that ensemble-based models 

outperform conventional classifiers in 

cardiovascular disease prediction. Gradient 

Boosting achieved the highest accuracy (94.7%), 

F1-score (94.5%), and AUC-ROC (97.4%), 

demonstrating excellent robustness in 

distinguishing between high-risk and low-risk 

individuals. Random Forest also performed 

consistently well across all metrics, validating its 

capability to capture non-linear relationships 

within clinical data. 

In contrast, Logistic Regression and SVM, 

though efficient, lagged behind due to their 

limitations in handling complex feature 

interactions. The findings support that 

integrating clinical and lifestyle factors with 

advanced ML algorithms significantly enhances 

predictive performance and strengthens 

preventive healthcare decision-making. 

VI. CONCLUSION  

This research proposed an Intelligent ML-Based 

Cardiovascular Risk Prediction Framework 

capable of accurately identifying individuals at 

risk of cardiovascular disease using clinical and 

lifestyle parameters. Through comparative 

evaluation of four machine learning models, 

Gradient Boosting demonstrated the highest 

predictive performance across all metrics. The 

results confirm that ensemble learning 

techniques effectively capture complex 

relationships in patient health data. The use of 

robust feature selection and evaluation validates 

the model’s reliability in real-world scenarios. 

This framework can support clinicians with 

early detection, better decision-making, and 

improved preventive care. Overall, the proposed 

system contributes to the advancement of digital 

healthcare by enabling timely intervention and 

reducing critical cardiac health outcomes. 

FUTURE SCOPE  

Future work can involve expanding the dataset 

with real hospital records to enhance clinical 

generalization and performance. Incorporating 

deep learning, wearable IoT sensor data, and 

real-time monitoring systems can further 

improve prediction accuracy. Additionally, 

explainable AI (XAI) integration can increase 

clinical trust and model interpretability. 
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