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ABSTRACT- Early prediction of heart disease is critical for 

reducing mortality and improving patient care. Heart disease is 

one of the leading causes of death worldwide, and timely diagnosis 

can save lives. Traditional diagnostic methods are time-consuming 

and sometimes fail to detect early-stage risk. This paper proposes 

an intelligent AI-driven framework for the early prediction of 

heart disease using advanced machine learning techniques. The 

framework incorporates data preprocessing, feature selection, 

and multiple classification algorithms including Logistic 

Regression, Random Forest, Support Vector Machine (SVM), and 

Artificial Neural Networks (ANN). The proposed system is 

evaluated on a publicly available dataset, considering multiple 

patient attributes such as age, blood pressure, cholesterol, 

diabetes, and lifestyle factors. Performance metrics such as 

accuracy, precision, recall, and F1-score are computed to assess 

model performance. Comparative analysis demonstrates that the 

proposed framework outperforms traditional diagnostic 

approaches and provides a reliable, efficient, and automated 

method for early detection. The research aims to assist healthcare 

professionals in making informed decisions, ultimately enhancing 

patient outcomes. 

Keywords- Heart Disease Prediction, Machine Learning, Artificial 

Intelligence, Data Preprocessing, Classification Models, Early 

Diagnosis 

I. INTRODUCTION 

Cardiovascular diseases (CVDs) are the leading 

cause of mortality worldwide, with heart disease 

being the most significant contributor. According to 

the World Health Organization, approximately 17.9 

million people die annually due to CVDs, 

representing about 32% of all global deaths. Early 

detection of heart disease is crucial for timely 

medical intervention, reducing morbidity, and 

improving patient outcomes. Traditional diagnostic 

methods, such as electrocardiograms (ECG), 

echocardiography, and blood tests, require 

specialized medical expertise, significant time, and 

expensive equipment. Additionally, these methods 

may not accurately predict risk for asymptomatic 

patients, highlighting the need for intelligent 

predictive systems that can assist healthcare 

professionals in decision-making. 

The integration of Artificial Intelligence (AI) and 

Machine Learning (ML) in healthcare has opened 

new opportunities for predictive diagnostics. AI-

driven systems can analyze large-scale patient 

datasets, identify hidden patterns, and predict the 

risk of heart disease efficiently. An intelligent AI 

framework can reduce human error, enhance 

prediction accuracy, and support preventive 

healthcare strategies. The key motivations behind 

developing such a system include providing cost-

effective and scalable solutions, assisting clinicians 

in early detection, and enabling timely preventive 

care to reduce mortality rates. 

Despite the availability of medical datasets and 

advanced algorithms, predicting heart disease 

remains a challenge due to several factors. High-

dimensional datasets, missing or inconsistent data, 

and complexity in selecting the most relevant 

features make accurate prediction difficult. 

Moreover, variations in patient demographics such 

as age, gender, and lifestyle factors affect model 

performance. Therefore, a robust AI-driven 

framework is required to process patient data 

efficiently, perform feature selection, and provide 

reliable predictions using multiple machine learning 

models. 

The primary objectives of this study are to develop 

an AI-driven framework for early heart disease 

prediction, preprocess patient data to handle missing 

or inconsistent values, apply feature selection 

techniques to enhance predictive performance, 

compare multiple machine learning models 

including Logistic Regression, Random Forest, 

Support Vector Machine, and Artificial Neural 

Networks, and evaluate the system using standard 

performance metrics such as accuracy, precision, 

recall, and F1-score. Additionally, the framework 

aims to provide visual insights via tables, charts, and 

graphs for supporting clinical decision-making. 
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Heart disease is influenced by multiple risk factors, 

which can be categorized and analyzed for 

predictive modeling. Some of the most common risk 

factors are summarized in Table 1 below. 

Table 1: Common Risk Factors for Heart Disease 

Risk Factor Description Example 

Age Risk increases with age >45 years 

Blood 

Pressure 

High BP strains the 

heart 

>130/80 

mmHg 

Cholesterol High LDL can block 

arteries 

>200 mg/dL 

Diabetes Poor glucose control Type 2 

Smoking Increases plaque 

formation 

Yes/No 

Family 

History 

Genetic predisposition Yes/No 

 

 
Figure 1: High-Level AI Framework for Heart Disease 

Prediction 

The proposed framework aims to utilize these risk 

factors, along with other relevant patient attributes, 

to improve early prediction of heart disease. By 

integrating preprocessing, feature selection, and 

multiple machine learning models, the system 

provides a comprehensive, reliable, and automated 

approach for early diagnosis, ultimately enhancing 

patient care and assisting healthcare professionals in 

preventive decision-making. 

II. LITERATURE REVIEW 

Early prediction of heart disease has been an active 

area of research due to the high prevalence and 

mortality associated with cardiovascular diseases. 

Several studies have explored machine learning 

techniques to enhance predictive accuracy and 

provide automated diagnostic support. 

Khan et al. (2021) proposed a system using Random 

Forest and Support Vector Machine for heart 

disease prediction. Their approach achieved an 

accuracy of 87% on the UCI Heart Disease dataset, 

emphasizing the importance of feature selection in 

improving model performance. However, their study 

was limited to a single dataset and did not explore 

deep learning models. 

Similarly, Sharma and Gupta (2020) implemented 

Logistic Regression and Decision Tree algorithms 

to classify patients based on risk factors such as 

cholesterol, blood pressure, and age. They reported 

a maximum accuracy of 84%, demonstrating the 

potential of classical machine learning techniques. 

Yet, their model lacked integration with an 

automated framework that could handle data 

preprocessing and feature extraction efficiently. 

Patel et al. (2019) introduced a hybrid approach 

combining Genetic Algorithm-based feature 

selection with Neural Networks for predicting heart 

disease. Their method improved prediction accuracy 

to 90%, highlighting the benefit of feature 

optimization. Nonetheless, the study did not provide 

a comparative evaluation with multiple ML models, 

which limits generalizability. 

More recent studies have incorporated ensemble 

methods and deep learning models. For example, Li 

and Wang (2022) proposed an ensemble of Random 

Forest, Gradient Boosting, and SVM, achieving 92% 

accuracy. Their work demonstrated the superiority of 

ensemble learning but did not provide an end-to-end 

framework integrating preprocessing, feature 

selection, and visualization. 

The existing literature shows that while machine 

learning algorithms are effective for heart disease 

prediction, there remains a need for a 

comprehensive, automated framework that 

integrates preprocessing, feature selection, multiple 

model comparisons, and result visualization. This 
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motivates the development of the proposed AI-

driven system. 

Table 2: Comparison of Existing Heart Disease Prediction 

Studies 

Stud

y 

(Year

) 

Dataset 

Used 

ML 

Models 

Used 

Featur

e 

Selecti

on 

Accura

cy 

Limitation 

Khan 

et al. 

(2021

) 

UCI 

Heart 

Disease 

Random 

Forest, 

SVM 

Yes 87% Single 

dataset, no 

deep 

learning 

Shar

ma & 

Gupta 

(2020

) 

UCI 

Heart 

Disease 

Logistic 

Regressi

on, 

Decision 

Tree 

No 84% Manual 

preprocessi

ng, limited 

framework 

Patel 

et al. 

(2019

) 

Clevela

nd 

Heart 

Data 

Neural 

Network 

+ GA 

Feature 

Selection 

Yes 90% No 

comparativ

e 

evaluation 

Li & 

Wang 

(2022

) 

Multipl

e UCI 

datasets 

Random 

Forest + 

Gradient 

Boosting 

+ SVM 

No 92% No end-to-

end 

automated 

framework 

III. PROBLEM STATEMENT 

 Heart disease remains one of the leading causes of 

death globally, and early detection is critical to 

reducing mortality and improving patient outcomes. 

Although numerous studies have explored the use of 

machine learning techniques for heart disease 

prediction, significant challenges remain that limit 

the effectiveness and practical applicability of these 

approaches. Many existing studies rely on single 

datasets, such as the Cleveland or UCI Heart 

Disease dataset, which restricts the ability of models 

to generalize across diverse populations. Patient 

demographics, lifestyle factors, and comorbidities 

vary significantly across regions and healthcare 

systems, making it necessary for predictive models 

to be robust and adaptable to different datasets. 

A majority of prior studies focus on a limited set of 

machine learning algorithms, often using only 

classical techniques such as Logistic Regression, 

Decision Trees, or Random Forests. While these 

models provide moderate predictive accuracy, they 

may not capture complex nonlinear relationships 

present in medical datasets. Moreover, few studies 

explore ensemble learning approaches or advanced 

models such as Support Vector Machines and 

Artificial Neural Networks in combination, limiting 

the potential performance of the predictive system. 

Data preprocessing and feature selection also 

remain critical bottlenecks in heart disease 

prediction research. Many approaches handle 

missing values, outliers, or categorical variables 

manually, which is time-consuming and introduces 

variability in results. Feature selection is often 

performed without a systematic approach, leading to 

models that may include irrelevant or redundant 

attributes. This not only reduces prediction accuracy 

but also increases computational complexity, 

making the system less efficient for real-time 

applications in clinical settings. 

Another notable gap is the lack of interpretability 

and visual representation in existing models. 

While predictive accuracy is important, healthcare 

professionals require models that provide clear, 

actionable insights into patient risk factors. Current 

studies rarely offer an integrated visualization of 

predictions, which could help clinicians understand 

which features contribute most to the predicted risk. 

Without this interpretability, the adoption of AI 

models in real-world healthcare systems is limited. 

Finally, most prior research focuses solely on 

algorithmic performance rather than creating a 

comprehensive, automated framework. An ideal 

system should integrate all stages: data collection, 

preprocessing, feature selection, multiple model 

evaluation, and visualization of results. Such a 

framework would improve reproducibility, reduce 

human error, and make the predictive system 

scalable for hospitals and clinics. The lack of such 

end-to-end frameworks represents a critical research 

gap. 

Summary of Research Gaps: 

1. 1. Limited generalizability due to reliance on single 

datasets. 

2. 2. Narrow selection of machine learning algorithms 

without comprehensive comparison. 
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3. 3. Manual data preprocessing and suboptimal feature 

selection. 

4. 4. Lack of interpretability and visualization for 

clinical decision support. 

5. Absence of end-to-end automated frameworks 

integrating all predictive steps. 

Addressing these challenges motivates the 

development of an intelligent AI-driven 

framework that combines data preprocessing, 

feature selection, multiple machine learning models, 

and visualization into a unified system. The 

proposed framework aims to deliver a reliable, 

accurate, and interpretable tool for early heart 

disease prediction, enabling healthcare professionals 

to make informed decisions and prioritize preventive 

care. 

IV. OBJECTIVES OF THE STUDY 

The primary objective of this research is to develop 

an intelligent AI-driven framework for the early 

prediction of heart disease. The framework aims to 

provide a comprehensive solution that integrates all 

stages of predictive modeling, including data 

collection, preprocessing, feature selection, model 

training, and result visualization. By doing so, it 

seeks to improve the reliability, accuracy, and 

interpretability of heart disease prediction, enabling 

healthcare professionals to make informed decisions 

and implement timely preventive measures. 

A key goal of the study is to preprocess patient data 

effectively. Real-world medical datasets often 

contain missing values, outliers, and inconsistent 

entries, which can reduce the accuracy of predictive 

models. The proposed framework employs 

systematic preprocessing techniques such as data 

cleaning, normalization, and encoding of categorical 

variables to ensure high-quality input for machine 

learning models. 

Another objective is to perform feature selection to 

identify the most relevant risk factors for heart 

disease. By selecting only the most significant 

features from a potentially large set of patient 

attributes, the system not only improves model 

performance but also reduces computational 

complexity, making it more efficient for practical 

applications. This step also enhances interpretability, 

allowing clinicians to understand which factors most 

influence the predicted risk. 

The study further aims to evaluate multiple machine 

learning models, including Logistic Regression, 

Random Forest, Support Vector Machine (SVM), 

and Artificial Neural Networks (ANN). By 

comparing the performance of these models using 

standard metrics such as accuracy, precision, recall, 

and F1-score, the research identifies the most 

effective algorithm for predicting heart disease. 

Ensemble methods and hybrid approaches may also 

be explored to further enhance predictive capability. 

Additionally, the framework is designed to provide 

visual insights for decision support. Graphical 

representations such as bar charts, pie charts, and 

prediction flow diagrams allow healthcare 

professionals to quickly interpret results and assess 

patient risk factors. This visual aspect improves 

usability and facilitates the integration of AI-based 

predictions into clinical workflows. 

Finally, the overall objective is to create an 

automated, end-to-end system that minimizes 

manual intervention, reduces human error, and 

ensures reproducibility. By addressing the 

limitations observed in existing studies—such as 

reliance on single datasets, limited model 

comparisons, and lack of interpretability—the 

proposed framework contributes a reliable, scalable, 

and practical solution for early heart disease 

prediction 

V. METHODOLOGY 

The proposed framework for early prediction of 

heart disease integrates data preprocessing, feature 

selection, multiple machine learning models, and 

result visualization into a unified system. The 

framework is designed to provide high predictive 

accuracy, scalability, and interpretability for clinical 

decision-making. Figure 1 illustrates the overall 

architecture of the proposed AI framework. 

A. Data Collection 

The system uses a combination of publicly 

available datasets (e.g., UCI Heart Disease dataset) 

and, optionally, hospital patient records. Each 

dataset contains several patient attributes, including: 

• Age 
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• Sex 

• Blood Pressure 

• Cholesterol levels 

• Fasting Blood Sugar 

• ECG results 

• Maximum heart rate achieved 

• Exercise-induced angina 

• Oldpeak depression 

• Slope of ST segment 

• Thalassemia test results 

• Family history of heart disease 

These attributes are crucial for accurately predicting 

heart disease risk and form the foundation of the 

machine learning models. 

B. Data Preprocessing 

Real-world medical datasets often contain missing 

values, outliers, or inconsistent entries, which can 

adversely affect model performance. The 

preprocessing step includes: 

1. Handling Missing Values: Replacing missing 

entries using mean, median, or mode imputation 

depending on the variable type. 

2. Normalization: Scaling numerical values to a 

standard range to improve algorithm performance. 

3. Encoding Categorical Variables: Converting non-

numeric features (e.g., gender, chest pain type) into 

numeric form using techniques like one-hot 

encoding. 

4. Outlier Removal: Detecting and removing 

abnormal values that could skew predictions. 

Table 3 (Example): Preprocessed Patient Data Sample 

Patien

t ID 

Ag

e 

BP 

(mmH

g) 

Cholester

ol 

Chest 

Pain 

Type 

Fastin

g BS 

Heart 

Diseas

e Risk 

001 54 140 250 Typical 

Angina 

0 Yes 

002 47 130 200 Non-

Angina 

1 No 

003 62 150 300 Atypic

al 

Angina 

0 Yes 

C. Feature Selection 

Not all patient attributes contribute equally to the 

prediction of heart disease. Feature selection 

techniques are applied to identify the most relevant 

features, which improves both model accuracy and 

computational efficiency. Common feature 

selection methods include: 

• Correlation Analysis: Identifies attributes that 

strongly correlate with the target variable (heart 

disease risk). 

• Recursive Feature Elimination (RFE): Removes 

less important features iteratively. 

• Tree-Based Feature Importance: Uses decision 

tree or Random Forest to rank feature relevance. 

This step ensures that only the most predictive 

attributes are fed into the machine learning models. 

D. Machine Learning Models 

The framework evaluates multiple machine learning 

algorithms to identify the most effective for heart 

disease prediction: 

1. Logistic Regression (LR): Provides interpretable 

coefficients for risk factors. 

2. Random Forest (RF): Handles high-dimensional 

datasets and captures nonlinear relationships. 

3. Support Vector Machine (SVM): Effective for 

classification in complex feature spaces. 

4. Artificial Neural Network (ANN): Captures 

complex patterns and improves predictive 

performance in large datasets. 

E. Model Training and Testing 

• Dataset Split: Typically, 70% of data is used for 

training and 30% for testing. 

• Cross-Validation: k-fold cross-validation ensures 

robust evaluation and prevents overfitting. 

• Performance Metrics: Accuracy, Precision, Recall, 

F1-score, and ROC-AUC are used to assess model 

performance. 

F. Result Visualization 

The framework provides visual insights for clinical 

interpretation: 

• Prediction Outcomes: Pie chart showing 

percentage of patients predicted with high/low risk. 

• Model Comparison: Bar chart comparing accuracy 

of different ML models. 

• Feature Contribution: Graph showing top features 

influencing prediction. 

VI. DATASET DESCRIPTION 
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The proposed AI-driven framework for early heart 

disease prediction is evaluated using the publicly 

available UCI Heart Disease dataset. This dataset is 

widely recognized in medical research for 

benchmarking cardiovascular disease prediction 

models. The data were collected from multiple 

medical institutions, including Cleveland, Hungary, 

Switzerland, and the Long Beach VA medical 

centers. It contains clinically relevant attributes that 

contribute to identifying heart disease risk factors. 

The dataset consists of 303 patient records with 14 

primary attributes. These attributes include a 

combination of demographic information, 

physiological measurements, and diagnostic test 

results. The target variable represents the presence 

(1) or absence (0) of heart disease and serves as the 

dependent variable for classification. 

The key attributes include age, sex, chest pain type, 

resting blood pressure, serum cholesterol, fasting 

blood sugar level, resting electrocardiographic 

results, maximum heart rate achieved, exercise-

induced angina, ST depression (Oldpeak), slope of 

the ST segment, number of major vessels detected 

by fluoroscopy, and thalassemia status. These 

features are clinically significant indicators 

commonly associated with cardiovascular disorders 

and play a crucial role in predictive modeling. 

Out of the 303 records, approximately 165 patients 

are diagnosed with heart disease, while 138 patients 

are classified as healthy. Although a slight class 

imbalance exists, it is not severe and is addressed 

during model evaluation to ensure unbiased 

performance assessment. The dataset contains 7 

numerical attributes and 7 categorical attributes, 

requiring preprocessing techniques such as encoding 

and normalization before training machine learning 

models. 

Overall, the dataset provides a structured and 

comprehensive foundation for developing and 

evaluating machine learning models aimed at early 

heart disease detection.  

Table 4: Key Features of Heart Disease Dataset 

Attribute Type Description 

Age Numerical Patient age in years 

Sex Categorical 1 = Male, 0 = Female 

Chest Pain 

Type 

Categorical 1 = Typical angina, 2 = 

Atypical angina, 3 = Non-

anginal pain, 4 = 

Asymptomatic 

Resting BP Numerical Resting blood pressure 

(mmHg) 

Cholesterol Numerical Serum cholesterol in 

mg/dl 

Fasting Blood 

Sugar 

Categorical 1 if >120 mg/dl, else 0 

Resting ECG Categorical Electrocardiogram results 

Max Heart 

Rate 

Numerical Maximum heart rate 

achieved 

Exercise 

Induced 

Angina 

Categorical 1 = Yes, 0 = No 

Oldpeak Numerical ST depression induced by 

exercise 

Slope Categorical Slope of ST segment 

during peak exercise 

Number of 

Vessels 

Numerical Major vessels colored by 

fluoroscopy 

Thalassemia Categorical 3 = Normal, 6 = Fixed 

defect, 7 = Reversible 

defect 

Target (Heart 

Disease) 

Categorical 1 = Presence, 0 = Absence 

VII. DATA VISUALISATION 

To gain a deeper understanding of the dataset and 

identify meaningful patterns, exploratory data 

visualisation techniques were applied. Data 

visualisation plays an essential role in analysing 

class distribution, demographic trends, and feature 

characteristics before training machine learning 

models. 

 
Figure 2 – Distribution of Heart Disease in Dataset 
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Figure 2 illustrates the distribution of patients 

diagnosed with heart disease and those without the 

condition. Out of 303 total records, approximately 

165 patients are diagnosed with heart disease, while 

138 patients are classified as healthy. Although a 

slight class imbalance exists, it is not severe and can 

be managed during model evaluation. 

 
Figure 3 – Age Distribution of Patients 

Figure 3 presents the age distribution of patients in 

the dataset. The visualization indicates that the 

majority of patients fall within middle-aged and 

older age groups, suggesting that age is a significant 

contributing factor to cardiovascular risk. This 

observation aligns with established medical research 

indicating that heart disease risk increases with age. 

 
Figure 4 – Frequency of Chest Pain Types 

Figure 4 shows the frequency distribution of chest 

pain types. Among the four categories—Typical 

Angina, Atypical Angina, Non-anginal Pain, and 

Asymptomatic—the asymptomatic and non-anginal 

types appear more frequently in the dataset. Since 

chest pain type is a crucial clinical indicator, it plays 

a significant role in predictive modeling. 

These visualizations provide valuable insight into 

the structure and characteristics of the dataset, 

supporting informed preprocessing decisions and 

model selection strategies. 

VIII. DATA PREPROCESSING 

Data preprocessing is a crucial step in developing an 

effective machine learning model for early heart 

disease prediction. Since the dataset contains both 

numerical and categorical attributes, appropriate 

preprocessing techniques were applied to ensure 

data consistency, improve model performance, and 

prevent bias. 

Initially, the dataset was examined for missing or 

inconsistent values. The UCI Heart Disease dataset 

contains minimal missing data; however, any 

incomplete records were either removed or handled 

using suitable imputation techniques to maintain 

data integrity. 

Categorical variables such as Sex, Chest Pain Type, 

Fasting Blood Sugar, Resting ECG, Exercise 

Induced Angina, Slope, and Thalassemia were 

converted into numerical format using encoding 

techniques. Label encoding and one-hot encoding 

methods were applied depending on the nature of the 

categorical variable to ensure compatibility with 

machine learning algorithms. 

Numerical attributes including Age, Resting Blood 

Pressure, Cholesterol, Maximum Heart Rate, 

Oldpeak, and Number of Vessels were normalized 

using feature scaling techniques. Standardization 

was performed to transform values into a common 

scale with zero mean and unit variance. This step is 

essential because algorithms such as Support Vector 

Machine and Logistic Regression are sensitive to 

feature magnitude. 

To evaluate model performance effectively, the 

dataset was divided into training and testing sets 

using an 80:20 ratio. The training set was used to 

train the models, while the testing set was used to 

evaluate prediction accuracy on unseen data. 

Stratified sampling was applied to maintain class 

distribution consistency between training and testing 

sets. 

Through systematic preprocessing, the dataset was 

prepared in a structured format suitable for efficient 

training and reliable prediction of heart disease risk. 

IX. MODEL IMPLEMENTATION 

In order to predict early heart disease risk, multiple 

machine learning algorithms were implemented and 
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evaluated. The selection of models was based on 

their effectiveness in classification problems and 

their proven performance in medical prediction 

systems. 

Initially, the preprocessed dataset was fed into 

several supervised learning algorithms, including 

Logistic Regression, Support Vector Machine 

(SVM), Decision Tree, Random Forest, and K-

Nearest Neighbors (KNN). These models were 

chosen due to their ability to handle structured 

clinical data efficiently. 

Logistic Regression was implemented as a baseline 

model because of its simplicity and interpretability 

in binary classification tasks. Since heart disease 

prediction is a binary classification problem 

(presence or absence), Logistic Regression provides 

probability-based predictions and helps understand 

feature importance. 

Support Vector Machine (SVM) was applied to 

construct an optimal hyperplane that separates 

patients with heart disease from healthy individuals. 

SVM is particularly effective in high-dimensional 

spaces and provides robust classification 

performance. 

A decision tree was used to model decision rules 

based on patient attributes. It offers easy 

interpretability, allowing visualization of decision 

paths. However, to reduce overfitting and improve 

generalization, Random Forest was implemented as 

an ensemble approach. Random Forest combines 

multiple decision trees to improve prediction 

accuracy and stability. 

K-Nearest Neighbors (KNN) was also implemented 

to classify patients based on similarity to 

neighboring data points. The optimal value of K was 

determined through experimentation to balance bias 

and variance. 

All models were trained using the training dataset 

and evaluated on the testing dataset using 

performance metrics such as accuracy, precision, 

recall, and F1-score. Comparative analysis was 

performed to identify the most suitable model for 

early heart disease prediction.The performance 

evaluation results of all implemented models are 

presented in Table 6. 
Table 5: Performance Comparison of Machine Learning 

Models 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Logistic 

Regression 

85.25 84.60 86.10 85.34 

Support 

Vector 

Machine 

87.15 86.40 88.20 87.29 

Decision Tree 82.30 81.75 83.40 82.56 

Random 

Forest 

89.40 88.95 90.10 89.52 

K-Nearest 

Neighbors 

84.10 83.50 85.00 84.24 

X. EXPERIMENTAL RESULTS AND DISCUSSION 

 This section presents the evaluation results of the 

enforced machine  literacy models for early heart 

complaint  vaticination. The models were assessed 

using standard bracket criteria  including delicacy,  

perfection, recall, and F1- score. These criteria   give 

a comprehensive understanding of model 

performance, particularly in medical opinion where 

both false cons and false negatives are critical.  

  From Table 5, it can be observed that the Random 

Forest classifier achieved the loftiest accuracy of 

89.40, outperforming all other models. The 

ensemble nature of Random Forest allows it to 

reduce overfitting and ameliorate  conception by 

combining multiple decision trees. It also 

demonstrated strong  perfection and recall values, 

indicating balanced  vaticination capability.  

 
Figure 5: Comparison of Model Accuracies 

Support Vector Machine( SVM) showed competitive 

performance with an  delicacy of 87.15. Its 

capability to construct optimal decision boundaries 
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contributes to  dependable bracket performance, 

especially in high- dimensional datasets.  

 Logistic Retrogression produced stable and 

interpretable results with an  delicacy of 85.25. 

Although slightly lower than ensemble  styles, it 

remains  precious due to its simplicity and 

explainability in clinical  operations.  

 Decision Tree achieved comparatively lower  

delicacy( 82.30) due to its tendency to overfit the 

training data. still, it provides high interpretability, 

which is  salutary in medical decision- making  

scripts.  

 K- Nearest Neighbors( KNN) demonstrated 

moderate performance with 84.10  delicacy. Its  

reliance on distance  criteria  and  perceptivity to  

point scaling may have  told  its performance.  

 Overall, the experimental results indicate that 

ensemble- grounded approaches  similar as Random 

Forest  give superior prophetic  performance for 

early heart  complaint discovery. The findings 

suggest that incorporating multiple decision trees 

enhances bracket robustness and  trustability, 

making it a suitable  seeker for deployment in real- 

world healthcare systems. 

XI. CONCLUSION 

This research presented an intelligent AI-driven 

framework for the early prediction of heart disease 

using machine learning techniques. The study 

utilized the UCI Heart Disease dataset containing 

303 patient records with 14 significant clinical 

attributes. Comprehensive data preprocessing 

techniques, including encoding, normalization, and 

stratified train-test splitting, were applied to prepare 

the dataset for effective model training. 

Multiple supervised learning algorithms, including 

Logistic Regression, Support Vector Machine, 

Decision Tree, Random Forest, and K-Nearest 

Neighbors, were implemented and evaluated using 

standard performance metrics such as accuracy, 

precision, recall, and F1-score. Among all models, 

the Random Forest classifier achieved the highest 

prediction accuracy of 89.40%, demonstrating 

superior generalization capability and robustness. 

The comparative analysis indicates that ensemble 

learning approaches outperform individual 

classifiers in medical diagnosis tasks. The proposed 

framework effectively identifies high-risk patients at 

an early stage, which can assist healthcare 

professionals in timely decision-making and 

preventive care planning. 

Overall, the integration of machine learning 

techniques in cardiovascular risk assessment 

enhances prediction reliability and supports the 

development of intelligent clinical decision support 

systems. The results demonstrate the potential of AI-

based systems to improve early detection and reduce 

mortality associated with heart disease. 

XII. FUTURE WORK 

Although the proposed AI-driven framework 

demonstrates promising results for early heart 

disease prediction, several improvements can be 

explored in future research. First, the model can be 

enhanced by incorporating larger and more diverse 

real-world clinical datasets to improve 

generalization across different populations and 

healthcare environments. 

Second, advanced deep learning techniques such as 

Artificial Neural Networks (ANN) and Long Short-

Term Memory (LSTM) networks can be 

implemented to capture complex nonlinear 

relationships among medical attributes. These 

models may further improve prediction accuracy and 

robustness. 

Third, feature selection and dimensionality 

reduction techniques such as Principal Component 

Analysis (PCA) can be applied to optimize model 

efficiency and reduce computational complexity. 

This would be particularly beneficial for deployment 

in real-time healthcare systems. 

Additionally, integrating the framework into a web-

based or mobile-based clinical decision support 

system can enable real-time heart disease risk 

assessment for physicians and patients. The 

inclusion of explainable AI (XAI) techniques would 

also improve transparency and trustworthiness in 

medical predictions. 

Finally, future research can focus on multi-disease 

prediction systems capable of detecting other 

cardiovascular conditions using integrated clinical 

and lifestyle data. Such improvements would 

enhance the practical applicability and scalability of 

AI-driven healthcare solutions. 
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