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Abstract:  Heart-related illnesses continue to be one of the foremost causes of death across the globe. Although hospitals and 

research centers collect enormous amounts of clinical data, not all of it is directly useful for accurate diagnostic decision-making. 

Early identification of cardiac disorders is particularly difficult because it requires expertise in recognizing symptoms that may be 

subtle or inconsistent. Moreover, medical datasets are usually heterogeneous, incomplete, and scattered across different sources, 

which adds complexity to the analysis. Data mining and machine learning provide powerful tools to extract hidden, actionable 

insights from such large-scale data. In this paper, we apply an information gain-based feature selection approach to filter out non-

essential attributes and enhance prediction accuracy. Various supervised learning techniques—including K-Nearest Neighbors 

(KNN), Decision Tree (ID3), Logistic Regression, Gaussian Naïve Bayes, and Random Forest—are implemented on a heart 

disease dataset. The models are assessed using evaluation metrics such as accuracy, precision, recall, sensitivity, specificity, F1-

score, and ROC curves. Experimental results highlight that the Decision Tree classifier yields superior results, achieving nearly 

97% accuracy, thus outperforming other tested methods in predicting the likelihood of heart disease. 

 

Index Terms - Heart Disease Prediction, Machine Learning, Feature Selection, Classification Algorithms, Decision Tree. 

I. INTRODUCTION 

The rapid expansion of digital data in today’s world has unlocked unprecedented opportunities for deriving meaningful 

knowledge through data mining techniques. Data mining serves as a bridge between raw, unorganized data and actionable insights 

by uncovering hidden correlations, trends, and predictive patterns that would otherwise remain unnoticed [1], [2]. The process 

typically involves multiple sequential steps such as data preprocessing—which includes cleaning inconsistencies, integrating 

heterogeneous sources, and handling missing values—followed by attribute selection, transformation into suitable formats, 

mining of patterns, analytical interpretation, and ultimately, knowledge representation in a form that supports decision-making 

[3], [4]. This structured workflow enables organizations to convert massive data repositories into valuable information assets. 

 

In the domain of healthcare, however, applying these techniques poses greater challenges due to the complexity and diversity of 

clinical datasets. Medical data often contains ambiguities, incomplete records, and multidimensional variables influenced by 

patient history, lifestyle factors, diagnostic tests, and environmental conditions [5]. Traditionally, clinical judgments have largely 

relied on the intuition and expertise of physicians. Although clinical experience remains critical, over-dependence on human 

judgment may sometimes result in misdiagnosis, delayed treatment, or inconsistent decision-making [6]. These issues not only 

impact patient health but also contribute to escalating healthcare costs and resource inefficiencies. 

 

To address such limitations, healthcare institutions are increasingly adopting computational approaches and predictive analytics 

for clinical decision support. Serialization methods are employed to organize medical data into structured formats, ensuring that 

information is systematically stored and readily retrievable for further processing [7]. Building on this foundation, machine 

learning techniques are applied to detect complex, non-linear patterns within patient datasets. By leveraging algorithms capable of 

learning from past data, machine learning enhances both the reliability and the speed of medical decision-making [8]. It assists in 

identifying early warning signs of diseases, predicting health risks with greater accuracy, and supporting clinicians with evidence-

based insights, ultimately improving diagnostic precision, prognosis, and overall patient care [9], [10]. 

II. LITERATURE REVIEW 

Recent studies continue to highlight the role of machine learning (ML) and data mining in enhancing the accuracy of 

cardiovascular disease prediction. Traditional supervised learning approaches applied to benchmark datasets such as the UCI 

Cleveland database have demonstrated the importance of effective feature selection. Works employing wrapper and embedded 

methods in conjunction with decision tree–based models such as Random Forests and XGBoost emphasize that optimized feature 

http://www.jetir.org/


© 2025 JETIR August 2025, Volume 12, Issue 8                                                        www.jetir.org (ISSN-2349-5162) 

 

JETIR2508538 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org f283 
 

subsets significantly improve stability and predictive performance [1], [2]. Notably, research has shown that decision tree variants 

maintain competitive accuracy compared to more complex models, though overfitting remains a challenge when using small or 

homogeneous datasets [3]. 

 

Beyond single-model approaches, ensemble and hybrid methods are increasingly adopted to improve generalization. Stacking-

based models and pipelines integrating neural networks with classical classifiers have reported superior accuracy compared to 

standalone models [4], [5]. These findings align with recent review articles that categorize ensemble learning as a leading strategy 

for addressing limitations such as class imbalance and improving robustness [6]. 

 

In parallel, explainable artificial intelligence (XAI) has become a critical component of medical ML applications. Techniques such 

as SHAP and LIME are frequently employed to provide interpretable explanations for model decisions, highlighting clinically 

relevant features like chest pain type, cholesterol levels, and blood pressure [7], [8]. Studies confirm that interpretability fosters 

clinician trust and exposes potential spurious correlations in predictive modeling. 

 

Additionally, deep learning applications in cardiovascular analysis, particularly electrocardiogram (ECG) interpretation, have 

shown remarkable progress. Convolutional neural networks (CNNs), recurrent models, and Transformers trained on large-scale 

datasets such as PTB-XL have demonstrated state-of-the-art performance in arrhythmia and anomaly detection [9], [10]. Research 

initiatives such as PhysioNet Challenges (2023–2024) further underline the emphasis on real-world robustness, including noisy or 

incomplete ECG signals [11]. 

 

Finally, privacy-preserving machine learning through Federated Learning (FL) has emerged as an innovative solution for multi-

institutional health data modeling. By training models collaboratively across distributed healthcare centers without centralizing 

patient records, FL enhances scalability while ensuring compliance with data privacy requirements [12], [13]. Studies conducted in 

2024–2025 highlight that FL frameworks can achieve competitive accuracy while reducing communication overheads and 

addressing heterogeneous, non-IID medical data [14]. 

 

In summary, recent literature reinforces the relevance of information gain–based feature selection, multi-classifier evaluation, and 

decision tree effectiveness as presented in this work. Incorporating ensemble learning strategies, explainability frameworks, and 

privacy-aware architectures aligns predictive modeling with cutting-edge research trends, strengthening claims around the high 

accuracy achieved by decision tree classifiers. 

III. PROPOSED MODEL 

3.1 Architecture overview 

The system ingests multi-source clinical data (EHR fields, lab results, wearable streams) and passes it through a standardized ML 

pipeline: pre-processing → feature engineering & information-gain selection → train/test split → model training (Decision Tree, 

Random Forest, Logistic Regression) → evaluation → deployment to a lightweight API/dashboard for clinician support. 

 

Figure 1. Proposed system architecture for heart disease prediction. 

3.2 Data preprocessing & feature engineering 

Data cleaning. Remove duplicate encounters; unify units (e.g., mg/dL for cholesterol); winsorize extreme outliers; impute 

missing values (median/indicator for continuous, most-frequent for categorical). 

Normalization/encoding. Standardize continuous features for LR; one-hot encode multi-category fields (e.g., chest-pain type). 

Derived features (examples). 

 Pulse pressure = systolic − diastolic 

 BMI from height/weight (if available) 

 Lipid ratios (TC/HDL) 

 Exercise-induced delta metrics (e.g., ΔHR from rest to peak) 

 Age bands (50–59, 60–69, ≥70) to capture non-linear risk 
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3.3 Information-gain feature selection (filter stage) 

We rank features using information gain (IG) with respect to the binary outcome YY (disease vs. no disease). 

IG(X;Y)=H(Y)−H(Y∣X),H(Y)=−∑yp(y)log⁡p(y)\text{IG}(X;Y)=H(Y)-H(Y\mid X),\quad H(Y)=-\sum_y p(y)\log p(y)  

For discrete XX, H(Y∣X)=∑xp(x)H(Y∣X=x)H(Y\mid X)=\sum_x p(x)H(Y\mid X=x). 

Procedure. 

1. Discretize continuous variables into quantile bins (or use entropy estimators). 

2. Compute IG for each feature XiX_i. 

3. Keep top-k (or those exceeding a data-driven elbow threshold). 

4. Feed the reduced set into downstream models. 

 
Figure 2. Illustrative information-gain ranking  

3.4 Model suite & training strategy 

We train three complementary classifiers on the IG-filtered feature set. 

Decision Tree (ID3/CART). 

 Max depth, min_samples_split, and min_samples_leaf tuned via grid/random search. 

 Strengths: handles non-linearities & interactions; white-box rules. 

Random Forest. 

 n_estimators, max_features, and max_depth tuned; out-of-bag score for quick validation. 

 Strengths: lower variance than a single tree; robust to noise. 

Logistic Regression. 

 L2-regularized; C (inverse regularization) tuned; class_weight='balanced' if needed. 

 Strengths: well-calibrated probabilities; straightforward clinical interpretation via odds ratios. 

Training & validation. 

 Stratified K-fold CV (e.g., K=5) to preserve prevalence. 

 Class imbalance handling: class weights or SMOTE within CV folds (to avoid leakage). 

 Calibration: if probabilities are used for triage, apply Platt scaling or isotonic calibration on a held-out set. 

 Threshold tuning: select decision threshold maximizing F1 or balancing sensitivity/specificity to your clinical target. 
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Figure 3. Training, validation & monitoring workflow 

3.5 Evaluation protocol 

Report mean±SD across CV folds for: 

 Discrimination: Accuracy, ROC-AUC, PR-AUC (important if class imbalance). 

 Error counts: Confusion matrix, sensitivity/recall (TPR), specificity (TNR), precision (PPV), F1-score. 

 Calibration: Brier score, reliability curves. 

 Clinical utility: Decision-curve analysis (net benefit) at plausible thresholds. 

3.6 Older-adult focus (preventive care) 

Because risk rises steeply with age: 

 Train with age-aware features (age bands, interactions like age×cholesterol). 

 Audit fairness/stratified performance across age/sex subgroups (e.g., ≥65 vs. <65). 

 Use cost-sensitive thresholds prioritizing sensitivity for older cohorts to reduce missed cases. 

3.7 Inference & clinical integration 

 API endpoint receives a patient feature vector → returns calibrated risk score + explanation. 

 Explainability: show top contributing factors per prediction (e.g., SHAP summary). 

 Risk tiers: Green (<10%), Amber (10–20%), Red (>20%) configurable to your service line. 

 Human-in-the-loop: clinicians confirm/override; feedback stored for QA and model re-training. 

3.8 Scalability, security & MLOps 

 Pipelines with scikit-learn Pipeline ensure identical train/inference transforms. 

 Batch & real-time scoring supported; parallel RF training for large datasets. 

 Monitoring: drift detection on feature distributions and output probabilities, alerting when shifts exceed control limits. 

 Governance: PHI minimization, audit logging, versioned models, reproducible training artifacts. 

 

 

IV. RESULTS AND ANALYSIS 

The proposed heart disease prediction system was evaluated using a benchmark clinical dataset consisting of heterogeneous 

patient records with attributes such as age, chest pain type, blood pressure, cholesterol level, fasting blood sugar, 

electrocardiogram results, and exercise-induced angina. Information gain-based feature selection was applied to eliminate less 

relevant attributes, ensuring that the classification algorithms operated on the most influential features. The selected models—

Decision Tree (ID3), Random Forest, Logistic Regression, Gaussian Naïve Bayes, and K-Nearest Neighbors—were trained and 

validated using stratified cross-validation to avoid bias due to class imbalance. 
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Table 1: Evaluation Results Table 

 

 
Figure 4: Model Accuracy Comparison 

The performance of each model was measured using widely accepted metrics, including accuracy, precision, recall, specificity, 

F1-score, and ROC-AUC. Among the tested classifiers, the Decision Tree algorithm consistently delivered superior results, 

achieving nearly 97% accuracy, along with high precision and recall values. This indicates its strong ability to minimize both 

false positives and false negatives. Random Forest, as an ensemble method, also achieved competitive accuracy (around 94–95%) 

with improved generalization capabilities, though slightly less interpretable than a single decision tree. Logistic Regression and 

Gaussian Naïve Bayes achieved moderate accuracy (85–90%), while KNN showed acceptable but lower performance due to 

sensitivity to feature scaling and noise. 

 
Figure 5: ROC-AUC Comparison of Models 

The ROC curves further confirmed the discriminative power of the models, with the Decision Tree exhibiting the largest area 

under the curve (AUC), closely followed by Random Forest. Sensitivity and specificity analysis revealed that the proposed system 

is particularly effective in identifying high-risk patients at early stages, thereby reducing potential misdiagnosis. These findings 

underscore the potential of machine learning-driven approaches in augmenting clinical decision-making, providing both accuracy 

and efficiency in heart disease prediction. 

V. FUTURE ENHANCEMENTS 

Although the proposed machine learning-based heart disease prediction framework demonstrates high accuracy and clinical 

applicability, several directions for future enhancements can further improve its robustness, scalability, and real-world impact. 

First, incorporating deep learning models such as convolutional and recurrent neural networks may enable the integration of 

multimodal data, including ECG signals, imaging, and clinical text, thereby improving predictive precision. Second, deploying 
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federated learning techniques can facilitate privacy-preserving collaboration across hospitals and research centers, ensuring model 

generalization without the need to centralize sensitive patient data. Third, explainable AI (XAI) techniques such as SHAP or LIME 

can be more deeply integrated to provide interpretable outcomes, enhancing trust and adoption among physicians. Furthermore, 

real-time data from wearable devices and Internet of Things (IoT) platforms can be continuously ingested, supporting dynamic 

monitoring and early intervention for at-risk patients. Finally, future work can explore adaptive models capable of handling concept 

drift, ensuring long-term reliability as population health trends and medical practices evolve. Collectively, these advancements can 

transform the system into a more comprehensive, intelligent, and reliable clinical decision-support tool for preventive cardiology. 

 

 

VI. CONCLUSION 

The rapid increase in cardiovascular diseases underscores the need for accurate and efficient predictive models in healthcare. 

Traditional diagnostic methods, while valuable, often fall short in handling the scale and complexity of modern clinical datasets. 

This study demonstrates that machine learning, coupled with effective feature selection, can significantly enhance the prediction 

of heart disease. Among the implemented models, the Decision Tree classifier outperformed others, achieving nearly 97% 

accuracy, proving its robustness in medical prediction tasks. By enabling early detection and reliable diagnosis, this system can 

help reduce mortality rates and healthcare costs associated with heart diseases. Future work should focus on integrating genomic 

data, wearable devices, and explainable AI frameworks to make predictions more personalized, dynamic, and interpretable for 

clinical adoption. 
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