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Abstract—Cardiovascular disease remains one of the leading 
causes of mortality worldwide, and early prediction is essential 
for reducing clinical risk and improving patient outcomes. This 
paper presents a comparative evaluation of three supervised 
machine learning algorithms: Logistic Regression, Decision Tree, 
and Random Forest for heart disease prediction using structured 
clinical data. The study follows a standard machine learning 
workflow consisting of data preprocessing, exploratory data 
analysis, model training, and performance evaluation. The models 
are assessed using accuracy, precision, recall, and F1-score. 
Experimental results indicate that Random Forest achieves the 
best overall predictive performance due to its ensemble learn-
ing capability and robustness against overfitting. The findings 
demonstrate the potential of machine learning models as decision-
support tools for early heart disease risk prediction. 

Index Terms—Heart disease prediction, machine learning, 
Logistic Regression, Decision Tree, Random Forest, clinical data, 
healthcare analytics. 

 

I. INTRODUCTION 

Cardiovascular diseases (CVDs) remain one of the leading 

causes of mortality worldwide and represent a major burden 

on public health systems. According to the World Health 

Organization, CVDs account for approximately 17.9 million 

deaths annually, making them a critical global health concern 

[?]. Heart disease is particularly challenging because it may 

develop gradually and remain asymptomatic during its early 

stages. As a result, many patients are diagnosed only after the 

disease has progressed to a severe condition, increasing the 

risk of complications, treatment cost, and mortality. 

Early prediction of heart disease is therefore essential for 

preventive healthcare and timely clinical intervention. Con-

ventional diagnostic approaches such as electrocardiography, 

echocardiography, stress testing, angiography, and laboratory-

based examinations are widely used in clinical practice. 

However, these methods often require specialized equipment, 

expert interpretation, and sufficient healthcare infrastructure. 

In rural or resource-limited settings, such facilities may not 

always be available, which can delay diagnosis and treatment 

[2], [3]. 

Machine learning has emerged as a promising approach for 

improving disease prediction by identifying hidden patterns 

in clinical data. In healthcare analytics, machine learning 

algorithms can process multidimensional patient records, learn 

relationships among risk factors, and generate predictive out-

puts that support clinical decision-making [?]. Several studies 

have reported that supervised learning algorithms such as 

Logistic Regression, Decision Tree, Support Vector Machine, 

K-Nearest Neighbors, and Random Forest can be effectively 

applied to heart disease prediction tasks [5], [6]. Among these, 

ensemble-based methods such as Random Forest often show 

strong predictive performance because they combine multiple 

decision trees and reduce overfitting [4]. 

The objective of this paper is to comparatively evaluate three 

supervised machine learning algorithms: Logistic Regression, 

Decision Tree, and Random Forest for heart disease prediction 

using structured clinical data. The study focuses on dataset 

preparation, exploratory data analysis, model development, 

and performance comparison using standard evaluation metrics 

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

II. RELATED WORK 

Machine learning has become an important research di-

rection for predictive healthcare because of its ability to 

identify complex and nonlinear patterns from structured and 

unstructured data. In the context of cardiovascular disease pre-

diction, several researchers have applied supervised learning 

algorithms such as Logistic Regression, Decision Tree, Ran-

dom Forest, Support Vector Machine, K-Nearest Neighbors, 

Naive Bayes, and ensemble classifiers to improve diagnostic 

accuracy and support early clinical decision-making [2]–[6]. 

These studies generally show that machine learning models 

can support risk prediction when appropriate preprocessing, 

feature selection, and evaluation methods are applied. 

Shah et al. [2] investigated machine learning techniques 

for heart disease prediction and highlighted the importance 

of preprocessing and model comparison. Jindal et al. [3] 

compared supervised learning models and emphasized the role 

of normalization and visualization in improving prediction 

performance. Katarya and Meena [5] reported that ensemble-

based models such as Random Forest and Gradient Boosting 

often perform better than single classifiers due to their ability 
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to reduce variance and handle nonlinear feature interactions. 

Similarly, Ali et al. [4] demonstrated that automated diagnostic 

systems using machine learning can improve heart disease 

classification performance and provide useful support for 

clinical decision-making. 

Recent research has also expanded beyond traditional 

healthcare prediction toward intelligent, distributed, and secure 

AI systems. Singh et al. [7] proposed a federated learning 

approach for information retrieval in robotic edge devices, 

showing the potential of decentralized learning where data 

privacy and edge computation are important. This concept 

is relevant to healthcare because patient data are sensitive 

and often distributed across hospitals, clinics, and monitoring 

devices. Similarly, Singh et al. [11] explored adaptive task 

offloading using fog computing, which is useful for real-time 

health monitoring systems where computational tasks must be 

processed efficiently near the data source. 

Security and privacy are also critical in medical AI sys-

tems. Rakheja et al. [8] presented a hybrid encryption and 

biometric authentication approach for secure greyscale image 

transmission. Although their work focuses on secure image 

communication, the underlying concern of protecting sensitive 

information is directly applicable to medical data transmission 

and AI-based healthcare platforms. In addition, Singh et al. 

[9] and Singh and Kumar [14] investigated ontology construc-

tion, semantic embeddings, and hybrid semantic inference. 

Such semantic and ontology-driven methods can be useful in 

healthcare decision-support systems where clinical knowledge 

representation and explainable reasoning are required. 

AI-based prediction and monitoring have also been explored 

in other biomedical and public safety domains. Singh et al. 

[16] proposed a hybrid machine learning model for early 

detection and monitoring of Alzheimer’s disease using behav-

ioral and activity-based data. Their study supports the broader 

role of hybrid machine learning in early disease detection. 

Prasad et al. [12] investigated real-time vision models for 

public safety and accessibility on low-resource devices, while 

Sharma et al. [13] proposed a hybrid machine learning system 

for number plate recognition in hazy environments. These 

works demonstrate the increasing use of lightweight and robust 

AI systems in practical, resource-constrained environments, 

which is also relevant for deploying heart disease prediction 

models in rural or low-resource healthcare settings. 

Several related works have focused on intelligent automa-

tion, pattern recognition, and applied AI systems. Jee et al. 

[19] studied speech recognition and emotional intelligence in 

voice assistants, and Singh et al. [20] discussed advanced AI 

and NLP techniques for improving voice assistant systems. 

Such systems can support healthcare interfaces by enabling 

patient interaction, symptom collection, and remote assistance. 

Kumar et al. [17] examined action recognition for accident de-

tection in smart city transport systems, showing the usefulness 

of machine learning for real-time event detection. Vardhan et 

al. [10] studied AI-driven algorithmic trading, while Singh 

et al. [18] discussed automation in sales support and supply 

chain management. Although these works are outside direct 

medical diagnosis, they demonstrate the adaptability of AI 

models across predictive, automated, and decision-support 

applications. 

Educational and human-centered technology research also 

contributes to understanding how AI-based systems can be 

adopted effectively. Kumari and Chaudhary [15] proposed 

an integrated model of blended learning effectiveness, high-

lighting the importance of usability, integration, and system 

effectiveness. These considerations are relevant for healthcare 

AI adoption because clinical decision-support systems must 

be interpretable, usable, and acceptable to healthcare profes-

sionals. 

Overall, the literature indicates that machine learning has 

significant potential for heart disease prediction. Existing stud-

ies show that traditional models such as Logistic Regression 

and Decision Tree are useful because of their interpretability, 

while ensemble models such as Random Forest often provide 

higher predictive accuracy and robustness. However, there 

remains a need for comparative studies that evaluate multiple 

algorithms under a common preprocessing and evaluation 

framework. Therefore, this paper compares Logistic Regres-

sion, Decision Tree, and Random Forest using standard metrics 

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

III. DATASET AND PREPROCESSING 

A. Dataset Description 

The dataset consists of structured clinical attributes used 

to predict whether a patient has heart disease. Common 

features include age, gender, chest pain type, resting blood 

pressure, cholesterol level, fasting blood sugar, resting elec-

trocardiographic result, maximum heart rate, exercise-induced 

angina, ST depression, slope, number of major vessels, and 

thalassemia status. The target variable represents the presence 

or absence of heart disease. 

TABLE I: Clinical Features Used for Heart Disease Prediction 
   

Feature Description 
 

 

Age Patient age in years 
Sex Gender of patient 
CP Chest pain type 
Trestbps Resting blood pressure 
Chol Serum cholesterol 
FBS Fasting blood sugar 
RestECG Resting ECG result 
Thalach Maximum heart rate achieved 
Exang Exercise-induced angina 
Oldpeak ST depression value 
Slope Slope of peak exercise ST segment 
CA Number of major vessels 
Thal Thalassemia category 
Target Heart disease class 

 
 

 

B. Data Cleaning 

Data preprocessing was performed before model training. 

Missing values were checked and handled appropriately. Cat-

egorical attributes were encoded into numerical form. Nu-

merical features were normalized where required to ensure 

stable model learning. Duplicate and inconsistent records were 

removed to improve data quality. 
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C. Exploratory Data Analysis 

Exploratory data analysis was conducted to understand 

class distribution, gender distribution, age patterns, chest pain 

categories, and relationships among clinical features. Fig. 1 

shows the heart disease class distribution. 

 

 

150 

 
100 

 
50 

 
0 

No Disease Disease 

Fig. 1: Distribution of heart disease classes. 

Fig. 2 presents gender-wise distribution. 
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sensitivity to noise, and inability to fully capture complex 

feature interactions. To address these challenges, a Hybrid 

Feature-Weighted Ensemble (HFWE) framework is proposed. 

The proposed approach combines feature importance anal-

ysis with ensemble decision making to improve predictive 

reliability. The framework consists of four major stages: 

1) Data Preprocessing 

• Missing value treatment 

• Categorical feature encoding 

• Feature normalization 

2) Feature Importance Ranking 

• Correlation-based feature analysis 

• Random Forest feature importance estimation 

• Selection of high-impact clinical attributes 

3) Base Model Training 

• Logistic Regression 

• Decision Tree 

• Random Forest 

4) Weighted Ensemble Prediction 

• Assign weights according to validation accuracy 

• Aggregate model outputs using weighted voting 

• Generate final prediction 

The final prediction score is computed as: 

Female Male 

Fig. 2: Gender distribution in the dataset. 

 

IV. MACHINE LEARNING MODELS 

A. Logistic Regression 

Logistic Regression is a linear classification algorithm that 

 

P 
 

 
where: 

 

 

 

final 

 

 

= 
wLRPLR + wDT PDT + wRF PRF 

wLR + wDT + wRF 

 
(1) 

estimates the probability of heart disease using a sigmoid 

function. It is interpretable and suitable for baseline medical 

prediction tasks. 

B. Decision Tree 

Decision Tree classifies patients using hierarchical decision 

rules. It is easy to interpret and can capture nonlinear relation-

ships, but it may overfit if not properly controlled. 

C. Random Forest 

Random Forest is an ensemble model that combines multi-

ple decision trees. It improves predictive stability by averaging 

results from several trees and reducing model variance. 

D. Proposed Hybrid Feature-Weighted Ensemble Algorithm 

(HFWE) 

Although traditional machine learning algorithms provide 

satisfactory performance for heart disease prediction, individ-

ual models may suffer from limitations such as overfitting, 

• PLR = Logistic Regression prediction probability 

• PDT = Decision Tree prediction probability 

• PRF = Random Forest prediction probability 

• wLR, wDT , wRF = corresponding model weights 

The patient is classified as heart disease positive when: 

 

 

Pfinal ≥ 0.5 (2) 

 

 

otherwise the patient is classified as heart disease negative. 

The proposed HFWE framework aims to leverage the in-

terpretability of Logistic Regression, the rule-based learning 

capability of Decision Trees, and the robustness of Random 

Forests to improve overall prediction stability and reduce 

classification errors. 
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Algorithm 1 Hybrid Feature-Weighted Ensemble (HFWE)  

1: Input Clinical Dataset D 
2: Perform preprocessing on D 
3: Handle missing values 

4: Encode categorical variables 

5: Normalize numerical features 

6: Compute feature importance scores 

7: Select top-ranked features 

8: Train Logistic Regression model 

9: Train Decision Tree model 

10: Train Random Forest model 

11: Compute validation accuracies 

12: Assign weights: 
Acci 

wi = Σ 
Acc 

13: for each test sample do 

14: Obtain prediction probabilities: 

PLR, PDT , PRF 

15: Compute ensemble score: 

P = 
wLRPLR + wDT PDT + wRF PRF 

final 
wLR + wDT + wRF 

16: if Pfinal ≥ 0.5 then 

17: Predict Heart Disease 

18: else 

19: Predict No Heart Disease 

20: end if 

21: end for 

22: Return Final Predictions 
 

 

 

E. Experimental Setup 

 

The dataset was divided into training and testing subsets. 

Models were trained on the training data and evaluated on 

unseen test data. The following metrics were used: 

 

Fig. 3: Workflow of the proposed heart disease prediction 

framework. 

 

V. RESULTS AND DISCUSSION 
 

This section presents the experimental findings obtained 

from the implementation of Logistic Regression (LR), Deci-

sion Tree (DT), Random Forest (RF), and the proposed Hybrid 

Feature-Weighted Ensemble (HFWE) framework. The analysis 

includes exploratory data insights, feature relationships, model 

performance evaluation, and clinical interpretation. 

 

A. Dataset Distribution Analysis 

Understanding the class distribution is essential before train-

ing predictive models. Fig. 4 illustrates the distribution of 

patients with and without heart disease. 
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Fig. 4: Distribution of heart disease classes. 

 

 
TP 

Recall = (5) 
TP + FN 

 

 

F 1 = 2 × 
Precision × Recall 

(6) 
Precision + Recall 

The dataset exhibits a relatively balanced class distribution, 

reducing the likelihood of severe classification bias during 

model training. 

 

B. Age-Based Heart Disease Analysis 

Age is one of the most influential cardiovascular risk factors. 

Fig. 5 presents the age-wise distribution of heart disease cases. 
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E. Performance Comparison of Models 

The predictive performance of all models was evaluated 

using Accuracy, Precision, Recall, and F1-score. 

TABLE II: Performance Comparison of Models 

Fig. 5: Age distribution of patients with heart disease. 

 

The results indicate that the prevalence of heart disease 

increases significantly after the age of 45 years and reaches 

its peak between 50 and 60 years. 

 

C. Feature Correlation Analysis 

Understanding relationships among clinical variables is 

important for feature selection. Fig. 6 presents a simplified 

correlation visualization. 

 

F. Accuracy Comparison 
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Fig. 6: Simplified feature relationship visualization. 

 

The analysis reveals strong relationships between chest pain 

type, maximum heart rate, ST depression, and heart disease 

occurrence. 

 

D. Feature Importance Analysis 

Random Forest feature importance scores were analyzed to 

identify influential predictors. 

70 
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Fig. 8: Accuracy comparison of evaluated models. 

 

The proposed HFWE framework achieved the highest pre-

diction accuracy of 92%. 

G. ROC Curve Comparison 

Receiver Operating Characteristic (ROC) analysis was per-

formed to evaluate classification effectiveness. 
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Fig. 7: Feature importance obtained from Random Forest. 

 

Chest pain type emerged as the most influential predictor 

followed by maximum heart rate and ST depression. 
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Fig. 9: ROC curve comparison of machine learning models. 

 

The proposed HFWE model achieved the highest Area 

Under Curve (AUC), indicating superior discrimination capa-

bility. 
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Age BP Chol HR Target 

 

Model Accuracy Precision Recall F1-score 

Logistic Regression 85.0 84.0 86.0 85.0 
Decision Tree 81.0 80.0 82.0 81.0 
Random Forest 90.0 89.0 91.0 90.0 

HFWE (Proposed) 92.0 91.0 93.0 92.0 
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H. Confusion Matrix Analysis 

A confusion matrix was generated to analyze classification 

outcomes. 

 

Pred 0 Pred 1 

 

Actual 0 

 

Actual 1 

 

Fig. 10: Confusion matrix of the proposed HFWE model. 

 

The confusion matrix indicates a low number of false 

negatives, which is particularly important in healthcare ap-

plications where missing a high-risk patient can have severe 

consequences. 

I. Discussion 

The experimental results demonstrate that ensemble-based 

approaches consistently outperform individual classifiers. Lo-

gistic Regression provides good interpretability and com-

petitive baseline performance, whereas Decision Tree offers 

transparent rule-based predictions. Random Forest improves 

predictive capability through ensemble learning and reduced 

overfitting. 

The proposed HFWE framework further enhances predic-

tion accuracy by integrating feature importance analysis and 

weighted ensemble voting. The model achieved the highest 

performance across all evaluation metrics and demonstrated 

improved robustness. From a clinical perspective, the frame-

work can assist healthcare professionals in identifying high-

risk patients at an earlier stage, enabling timely intervention 

and potentially reducing cardiovascular complications and 

mortality. 

VI. CONCLUSION AND FUTURE WORK 

This paper presented a comparative evaluation of Logistic 

Regression, Decision Tree, and Random Forest for heart 

disease prediction using clinical data. The experimental re-

sults indicate that Random Forest provides the best overall 

performance among the evaluated models. The study confirms 

that machine learning can support early cardiovascular risk 

prediction and assist clinical decision-making. 

Future work may include testing additional algorithms such 

as Support Vector Machine, Gradient Boosting, XGBoost, and 

deep learning models. External validation using larger and 

more diverse clinical datasets is also required. Integration with 

electronic health records and explainable AI techniques can 

further improve clinical usability. 
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