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Abstract: Heart disease remains one of the major causes of death worldwide, making early prediction and prevention
extremely important. This study presents an ai-powered heart disease prediction system that uses machine learning
techniques to estimate a patient's risk of developing heart disease based on clinical parameters such as age, blood pressure,
cholesterol level, heart rate, and other medical factors. multiple machine learning models were trained and evaluated
using the cleveland heart disease dataset, and the best performing model was integrated into a flask based web application
for real time prediction. To improve transparency and user trust, shap (shapley additive explanations) is used to explain
how different features influence the prediction results, The proposed system demonstrates how explainable artificial
intelligence can assist healthcare professionals and patients in understanding prediction outcomes, promoting preventive
healthcare, and supporting informed clinical decision making.
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I INTRODUCTION

Heart disease is one of the leading causes of death worldwide and poses a serious challenge to healthcare systems. Early
detection of heart disease is important because it can help patients receive timely treatment and reduce the risk of severe
complications. Recent advances in Artificial Intelligence (Al) and Machine Learning (ML) have made it possible to
analyze medical data and predict diseases with high accuracy. Machine learning models can identify patterns in patient
health records and assist doctors in making better decisions. In addition to prediction, the system incorporates Explainable
Artificial Intelligence (XAIl) using SHAP to explain the factors influencing each prediction. A Flask based web
application provides a user-friendly interface for patient data entry, risk prediction, visualization of explanations, and
personalized health recommendations. The proposed system aims to provide an accurate, transparent, and practical
solution for heart disease risk assessment.

1. LITERATURE REVIEW

The literature review shows that many researchers have worked on heart disease prediction using machine learning
techniques. Algorithms like Logistic Regression, Decision Tree, Random Forest, and XGBoost are commonly used to
predict disease risk with good accuracy. Most studies focus on improving prediction performance using feature selection
and data preprocessing methods. Recently, Explainable Al techniques such as SHAP and LIME are also used to
understand how the model makes decisions. However, many existing systems do not provide a user-friendly interface or
clear visualization for users. This project improves upon previous work by combining accurate prediction with clear
explanations and an interactive web application.

Navita et al. (2025) proposed an advanced hybrid machine learning model for the early detection of cardiovascular disease
by combining multiple preprocessing and classification techniques. The proposed model addresses the problem of
imbalanced medical data using the SMOTE-ENN sampling method and selects the most relevant clinical features through
the Chi-square feature selection technique [1]. A stacking ensemble classifier consisting of Random Forest, K-Nearest
Neighbors (KNN), and AdaBoost with Logistic Regression as the meta learner was developed and optimized using Grid
Search Cross Validation. The model was evaluated on a combined dataset of 1,190 patient records with 11 clinical
features and achieved an accuracy of 97.8%, sensitivity of 96.15%, specificity of 96.75%, and ROC-AUC score of 98.6%.
The study also demonstrated that applying SMOTE-ENN and Chi-square feature selection significantly improved
prediction performance compared to using the classifier alone, making the proposed approach suitable for early
cardiovascular disease detection and clinical decision support.
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S. Venkatesh Babu et al. (2024) explores the use of Quantum Enhanced Machine Learning (QUEML) for heart disease
prediction and compares its performance with traditional machine learning techniques using the Kaggle heart disease
dataset. The proposed quantum approach was evaluated using accuracy, precision, recall, specificity, F1 score, and
training time, and the results showed that QUEML achieved slightly higher prediction accuracy while requiring less
training time than conventional machine learning models [2]. The study reported that QUEML improved the overall
accuracy by approximately 0.6% and reduced the average training time by 192.5 us, demonstrating its potential for faster
and more efficient heart disease diagnosis. However, the authors also discussed practical challenges such as quantum
decoherence and incorrect qubit rotations, suggesting that future research could further enhance performance by
integrating deep learning techniques with quantum machine learning approaches.

Y. Bao (2024) investigated the use of machine learning techniques for early heart disease prediction using patient health
data. The dataset was preprocessed and several models, including Logistic Regression, Random Forest, Support Vector
Machine (SVM), and K-Nearest Neighbors (KNN), were evaluated based on accuracy, precision, recall, and F1-score.
The authors found that Logistic Regression and Random Forest achieved better prediction performance than the other
models, making them suitable for medical decision support [3]. The study also highlighted that machine learning can
help hospitals identify high risk patients at an early stage and improve healthcare efficiency. The authors suggested that
future work should focus on combining multiple models and using larger and more diverse datasets to further improve
prediction accuracy and real world applicability.

A. Singh et al. (2024) explored the use of supervised machine learning algorithms, including Decision Tree (DT), Random
Forest (RF), and Support Vector Machine (SVM), for early heart disease detection. The authors highlighted that early
diagnosis can reduce medical costs and improve patient survival by identifying high risk patients at an early stage [4].
The proposed learning system achieved better performance than several existing heart failure prediction methods while
reducing the number of features, which helped improve model efficiency and minimize overfitting. The study concluded
that machine learning can support clinicians in making more accurate diagnoses and contribute to better healthcare
outcomes.

R. Kumar et al. (2025) examined the use of machine learning and artificial intelligence techniques for heart disease
prediction by analyzing recent studies in five major areas, including disease detection, machine learning algorithms,
feature engineering, emerging healthcare technologies, and Al applications across different diseases. The review found
that hybrid deep learning models, such as CNN-LSTM, generally achieve better prediction performance than traditional
machine learning methods [5]. It also highlighted the growing use of Explainable Al (XAl), federated learning, and
wearable health monitoring systems to improve clinical decision making and patient care. The authors concluded that
future research should focus on developing transparent, clinically validated, and patient centered Al systems that can be
safely integrated into real world healthcare environments.

Y. Chen et al. (2025) proposed a stacking-based machine learning model for heart disease prediction by combining
Decision Tree (DT), Naive Bayes (NB), CatBoost, and Gradient Boosting (GB) classifiers. The authors used Borderline
SMOTE to handle class imbalance and applied SHAP for both global and local model interpretation to identify the most
important risk factors [6]. The proposed model achieved 86.69% accuracy, 86.91% F1-score, and 97% AUC-ROC,
outperforming the individual base classifiers. The study also showed that features such as age, sleep duration, body mass
index (BMI), and self rated health status significantly influence heart disease prediction, demonstrating the usefulness of
explainable Al in supporting clinical decision making.

P. Shinde et al. (2025) analyzed 68 research studies published between 2018 and 2023 to evaluate the use of machine
learning techniques for heart disease prediction and classification. The study found that algorithms such as Random
Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Decision Tree (DT), Logistic Regression
(LR), and Naive Bayes (NB) have been widely applied for early heart disease detection [7]. Among these, Random Forest
and Logistic Regression achieved the best overall performance and prediction accuracy. The authors concluded that
machine learning can significantly support cardiologists in making faster and more accurate diagnoses and recommended
further research using larger datasets and advanced prediction models.

P. H. Hutagalung and A. Andrianingsih (2026) evaluated Random Forest and XGBoost models for heart disease
prediction using different hyperparameter optimization methods, including Random Search, Bayesian Optimization, and
Particle Swarm Optimization (PSO). The study showed that Random Forest with PSO achieved the highest prediction
performance, while XGBoost produced comparable results [8]. SHAP was used to explain the model predictions and
consistently identified oldpeak, ca, thal, cp, thalach, and exang as the most important features influencing heart disease
risk. The authors concluded that combining optimized machine learning models with SHAP based explainability
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improves both prediction accuracy and model transparency, while recommending validation on larger and more recent
clinical datasets for better clinical applicability.

T. S. Baskaran and B. Madhuvanthi (2023) reviewed several machine learning algorithms for heart disease prediction,
including Support Vector Machine (SVM), Logistic Regression (LR), K-Nearest Neighbors (KNN), Naive Bayes (NB),
Neural Network (NN), and Decision Tree (DT). The authors compared these algorithms based on their features and
prediction performance and found that machine learning can assist doctors in the early detection of heart disease [9]. The
study also concluded that existing models achieve only moderate prediction accuracy and suggested that more advanced
and efficient machine learning models are needed to improve early diagnosis while reducing cost and computational
complexity.

M. Einollahi Asgarabad (2026) evaluated 13 machine learning algorithms for heart disease prediction using a balanced
dataset containing 14 clinical features. The results showed that tree based models, especially Random Forest, achieved
the highest accuracy and reliability, while XGBoost, LightGBM, Extra Trees, and Decision Tree also performed well
[10]. The study highlighted that feature analysis and ensemble learning improve both prediction accuracy and model
interpretability, making these approaches useful for early heart disease detection and clinical decision support. However,
the authors noted that the relatively small integrated dataset may limit the generalizability of the results.

Walia et al. (2026) proposed a soft voting ensemble model using Random Forest, Decision Tree, and Support Vector
Machine for heart disease prediction and improved both accuracy and interpretability [11]. The model achieved high
prediction performance by combining multiple classifiers, while SHAP and LIME explained how important features such
as chest pain type (cp), thal, ca, and oldpeak influenced the prediction. The study concluded that combining ensemble
learning with explainable Al can provide reliable and clinically meaningful heart disease prediction, making the system
more transparent and useful for healthcare applications.

C. Legeret et al. (2021) explained how machine learning can be used to predict heart disease by analyzing the importance
of different patient features and their relationship with disease risk [12]. The authors used tree diagrams, confusion
matrices, ROC curves, and SHAP explanations to make the prediction process more understandable, including analyzing
how different features affect heart disease risk in men and women. The study concluded that combining machine learning
with SHAP based explanations improves prediction transparency and can support early diagnosis and better clinical
decision making.

S. D. Dhandapani et al. (2025) focuses on improving heart disease detection using ECG signals and deep learning
techniques. It explains that cardiovascular diseases are a major cause of death worldwide, and early diagnosis is very
important for better treatment and lower healthcare costs. Since ECG interpretation is usually done by medical experts,
it can sometimes lead to human errors and variability. To overcome this, the authors propose a hybrid deep learning
approach based on artificial neural networks (ANN) that can automatically detect heart disorders with reduced
computational complexity. The model is trained using an ECG heartbeat dataset from Kaggle and shows better
performance compared to existing methods. [13] The results demonstrate high accuracy and strong performance metrics,
including 93.6% accuracy and good sensitivity and scalability. Overall, the study concludes that ANN based systems can
provide reliable and efficient heart disease prediction and can be useful in real medical applications

H. El-Sofany et al. (2024) focuses on improving early prediction of heart disease using machine learning techniques on
medical datasets. It highlights that accurate detection of heart disease is very important for timely treatment, but
continuous monitoring by doctors is not always possible. To solve this problem, the authors use machine learning models
to support medical decisionmaking based on patient data. [14] They apply different feature selection methods such as
chi-square, ANOVA, and mutual information to identify the most useful features for prediction. Multiple algorithms
including SVM, XGBoost, decision trees, bagging, and random forest are tested using both public and private datasets,
along with SMOTE to balance the data. The results show that XGBoost performs best with high accuracy and strong
evaluation scores. The study also integrates SHAP based explainable Al to help understand model predictions and
improve trust in the system. Overall, the proposed approach provides an effective and interpretable solution for early
heart disease detection and can support mobile based healthcare applications

R. Agrawal et al. (2025) focuses on improving disease prediction in healthcare by using machine learning models along
with explainable Al techniques. It highlights that many Al systems are not widely trusted in medical practice because
their decision making process is not clear, which creates a “black box” problem.[15] To solve this, the authors propose a
hybrid framework that combines multiple machine learning algorithms such as Decision Trees, Naive Bayes, Random
Forest, and XGBoost for predicting diseases including heart disease and other conditions. The system also uses
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explainable Al methods like SHAP and LIME to show which features influence the predictions, making the results easier
for doctors to understand. The model achieves very high accuracy of about 99.2% and improves transparency and trust
in Al based healthcare systems. Overall, the study shows that combining prediction models with explanation tools can
help doctors make better and more reliable clinical decisions

Md. M. Ali et al. (2021) focuses on using machine learning methods to improve early detection of heart disease, which
is often difficult due to limited medical expertise and misdiagnosis in many regions. The authors explain that clinical
decision making can be supported by analyzing digital patient records using different machine learning models. Several
supervised algorithms such as K-Nearest Neighbors (KNN), Decision Tree (DT), and Random Forest (RF) were tested
and compared for performance. Feature importance was also analyzed to identify the most useful factors for
prediction.[16] The results show that the Random Forest model performed the best, achieving very high accuracy along
with perfect sensitivity and specificity on the dataset. Overall, the study concludes that simple machine learning models
can effectively support accurate and early heart disease prediction in healthcare systems.

C.-Y. Ma et al. (2024) focuses on predicting the risk of coronary heart disease (CHD) in patients with diabetes using
artificial intelligence and machine learning techniques. It explains that diabetes can lead to serious complications like
CHD, which is a major cause of death worldwide, so early risk detection is very important. The researchers analyzed data
from more than 300,000 diabetes patients in southwest China and studied different types of health information, including
demographic data, medical test results, and lifestyle factors [17]. They applied machine learning models such as
XGBoost, Random Forest, and Logistic Regression to predict disease risk and identified key important features like age,
BMI, smoking, and drinking habits. The results showed moderate predictive performance with an AUC of 0.701,
indicating that the model can help in early warning and prevention of CHD in diabetic patients.

D. Bertsimas et al. (2021) highlighted that heart disease often goes unnoticed until severe events occur, making early
detection critical. Recent advances show that machine learning can analyze digital ECGs to spot anomalies quickly. In
this study, researchers used nearly 40,000 ECGs labeled by cardiologists from multiple hospitals and countries to train
models with the XGBoost algorithm. The system can classify seven types of signals (Normal, AF, Tachycardia,
Bradycardia, Arrhythmia, Other, or Noisy) in under 30 milliseconds, achieving very high F1 scores (0.93-0.99) [18].
This work is notable because it demonstrates consistent performance across diverse hospitals, countries, and recording
standards, highlighting the potential of machine learning for real time heart anomaly detection.

L. Kanisettypalli et al. (2026) shows that combining traditional statistical tests with machine learning can make heart
disease prediction both more accurate and easier to understand. Researchers used two datasets the Framingham Heart
Study (4,240 samples) and Heart Failure Clinical Records (299 samples)and applied t-tests, chi-square tests, and
correlation analysis to pick out the most important features. [19]. This improved the accuracy of Support Vector Machines
from 0.58 to 0.72 in the Heart Failure dataset, while keeping accuracy at 0.84 in the Framingham dataset. They also found
gender specific effects of BMI and education on heart disease risk, confirming or challenging existing clinical beliefs.
To make the results practical, they built an interactive tool for real world use, showing that hypothesis driven feature
selection can highlight meaningful medical insights while keeping models simple and effective.

Gopalakrishnan et al. (2023) introduces a deep learning based heart disease prediction system using Convolutional Neural
Networks (CNNs) to enhance diagnostic accuracy compared to traditional machine learning methods [20]. The proposed
approach integrates preprocessing, segmentation, feature extraction, and CNN classification to analyze patient medical
data, enabling precise detection of cardiovascular conditions. Experiments using datasets from Kaggle and other
healthcare sources demonstrated that the CNN model significantly outperforms Support Vector Machine (SVM) and
Recurrent Neural Network (RNN) algorithms, achieving up to 96% prediction accuracy with lower error rates. Although
CNNs required higher computational time than other models, their predictive performance proved superior, highlighting
their potential for early detection and intervention in heart disease. The study concludes that deep learning techniques,
particularly CNNs, can provide reliable decision support systems in healthcare, aiding physicians in timely and accurate
diagnosis of cardiac conditions.

I1l. DATASET
The UCI Cleveland Heart Disease Dataset is a widely used medical dataset for heart disease prediction. It contains patient
information such as age, sex, chest pain type, blood pressure, cholesterol level, ECG results, maximum heart rate, and

other clinical features. The dataset includes 303 patient records with 13 input attributes and one target variable indicating
the presence or absence of heart disease. It is commonly used for machine learning classification tasks and helps
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researchers develop and evaluate predictive models for early heart disease detection. In this project, the dataset is used
to train and compare different machine learning algorithms for accurate risk prediction.[21]

IV.METHODOLOGY

The proposed Al-Powered Heart Disease Prediction System follows a structured machine learning and Explainable Al
(XAI) pipeline designed to support accurate, transparent, and clinically interpretable decision-making. The methodology
integrates data preprocessing, model development, evaluation, and deployment through a web-based interface, ensuring
an end-to-end healthcare decision support system. The complete workflow is divided into several stages as described
below.

Dataset Preparation
Cleveland Heart Dataset
Binary Classification
Train-Test Split

SO Train | 20% Test
Stratified Sampling
Data Balancang (SMOTE)
Minority Class Oversampling
Model Development
Random Forest Classifier
Ensembile Learning
Model Evaluation
Accuracy, F1-Score, ROC-ALC

*

Web Application
Flask Framework

User Interface
4
Explainable Al (SHAP)

SHAP Value Analysis

Feature Importance
Report Generation

Risk Report & Recommendations

Figure 1: End-to-End Workflow of the System

A. Dataset Preparation

The system uses the Cleveland Heart Disease dataset, a widely accepted benchmark in cardiovascular research. The
dataset was carefully analyzed and preprocessed to ensure consistency and reliability. The target variable was converted
into a binary classification format, where “0” represents the absence of heart disease and “1” represents the presence of
heart disease. All relevant clinical attributes, including age, sex, chest pain type, resting blood pressure, cholesterol level,
maximum heart rate, and other diagnostic indicators, were retained as input features. This transformation framed the
problem as a binary classification task suitable for machine learning models.

B. Train-Test Split

To evaluate model generalization, the dataset was divided into training and testing subsets using an 80:20 ratio. Stratified
sampling was applied to preserve the original class distribution across both sets. This ensures that both positive (heart
disease) and negative (no heart disease) cases are proportionally represented, reducing bias and improving the reliability
of performance evaluation.
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C. Data Balancing using SMOTE

Medical datasets are often imbalanced, which can negatively impact model learning. To address this issue, Synthetic
Minority Oversampling Technique (SMOTE) was applied to the training dataset. SMOTE generates synthetic samples
for the minority class instead of duplicating existing data, thereby improving class balance. This step enhances the
model’s ability to correctly identify heart disease cases and reduces bias toward the majority class.[22]

D. Model Development

The prediction model is built using the Random Forest Classifier, an ensemble learning technique that combines multiple
decision trees and uses majority voting for final prediction. Random Forest is selected due to its ability to handle nonlinear
relationships, robustness to overfitting, and strong performance in medical classification tasks. The model learns patterns
from patient clinical attributes such as cholesterol level, blood pressure, chest pain type, and maximum heart rate to
predict heart disease risk effectively.

E. Model Evaluation

The performance of the trained model is evaluated using multiple metrics, including Accuracy, F1-score, and ROC-AUC.
Accuracy measures overall correctness, F1-score balances precision and recall, and ROC-AUC evaluates the model’s
ability to distinguish between classes across different thresholds. The combined evaluation ensures a comprehensive
assessment of model performance in a clinical context.

F. Web Application Development

The trained machine learning model is deployed using the Flask web framework to create an interactive healthcare
application. The system provides user authentication, patient registration, medical data input, prediction generation, and
report visualization. The workflow begins with secure user login, followed by patient detail entry. Clinical parameters
are then submitted to the prediction engine, where the trained model computes the probability of heart disease and
classifies the patient into Low, Moderate, or High risk categories. The results are displayed on a dedicated result page
along with visual explanations.

G. Explainable Al Integration using SHAP

To enhance transparency and interpretability, SHAP (SHapley Additive exPlanations) is integrated into the system.
SHAP values are computed using TreeExplainer for the trained Random Forest model to quantify the contribution of
each feature toward the final prediction. Positive SHAP values indicate increased risk, while negative values indicate
reduced risk. A waterfall plot is generated for each patient, providing a local explanation of how individual features
influence the prediction outcome. Additionally, SHAP outputs are converted into simple English explanations, making
the system more understandable for both patients and healthcare professionals.

H. Report Generation

The final stage of the system is report generation, which provides a comprehensive and patient-friendly summary of the
prediction. The report includes patient details, predicted risk percentage, risk category, a plain English SHAP explanation
with appropriate feature selection that highlights only modifiable features such as cholesterol, blood pressure, or lifestyle
factors. Based on the predicted risk level, personalized recommendations and a clinical advisory note are generated to
support informed decision-making and encourage medical consultation.

V1. EXPERIMENTAL RESULTS
A. Model Performance

TABLE I: Model Performance on Test Set

Model Acc Precision Recall F1Score ROC-AUC
RF 96.10 95.33 97.14 96.23 98.50

Table | show the Random Forest model demonstrated excellent predictive performance for heart disease risk assessment.
It achieved an accuracy of 96.10%, meaning it correctly classified most patients. Precision was 95.33%, showing that
when the model predicted heart disease, it was almost always correct. Recall reached 97.14%, indicating its strong ability
to detect actual cases of heart disease. The F1-Score of 96.23% reflects a balanced trade off between precision and recall.
Finally, the ROC-AUC score of 98.50% confirms the model’s outstanding capability to distinguish between patients with
and without heart disease, making it highly reliable for clinical decision support.
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B. AUC-ROC Curve
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Figure 2:ROC-AUC Curve

Figure 3 Show the Receiver Operating Characteristic (ROC) curve for Random Forest model. By plotting the True
Positive Rate against the False Positive Rate, the graph visually represents the model’s ability to detect heart disease
accurately. The curve’s aggressive arch toward the upper left corner signifies highly efficient classification thresholds.
With an outstanding Area Under the Curve (AUC) score of 98.50%, the Random Forest model minimizes dangerous
false negatives while keeping false alarms exceptionally low, proving its reliability as a diagnostic screening tool.

D. SHAP Explainability Graph

HeartPredict Al Prediction m

_" Heart Disease
; _— Prediction Report
-ﬂ
% o HIGH RISK
{

| Risk Probability

98.42%

Figure 4: After Prediction SHAP Graph

Figure 4 shows a sample SHAP output for a patient predicted as HIGH RISK. Unlike a simple graph, the waterfall chart
explains how each individual feature contributes to the prediction for a single patient.

In this figure, red bars represent features that increase the probability of heart disease, while blue bars represent features
that decrease the predicted risk. The length of each bar indicates the strength of that feature's contribution.

Features such as number of major vessels (ca), resting blood pressure (restbps), and thalassemia type (thal) have strong
positive SHAP values, meaning they increase the predicted risk. In contrast, features like maximum heart rate (thalach)
and cholesterol level (chol) have negative SHAP values, indicating they reduce the risk. The right side displays the Heart
Disease Prediction Report, where the patient is classified as High Risk with a 98.42% probability.

Overall, the waterfall chart clearly demonstrates how the model arrives at its prediction by combining the influence of
patient features. Instead of providing only a risk percentage, the SHAP explanation enables doctors and patients to
understand which clinical factors are primarily responsible for the High Risk prediction, making the Al system more
transparent, interpretable, and suitable for clinical decision support.
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VII. LIMITATIONS AND FUTURE WORK

The proposed system was developed using the Cleveland Heart Disease dataset, which contains a limited number of
patient records. As a result, the model may not fully represent all patient populations. The prediction results also depend
on the accuracy of the medical information entered by the user, and incorrect inputs may affect the outcome. The system
is intended to support decision making and should not replace professional medical diagnosis. Although SHAP improve
transparency. In addition, the system uses only the features available in the dataset and focuses solely on heart disease
prediction.

Future work can focus on training the system with larger and more diverse medical datasets to improve prediction
performance and reliability. Additional explainable Al techniques can also be integrated to provide deeper insights into
prediction results. An Al-powered chatbot may be added to explain risk factors, SHAP results, and recommendations in
simple language. The system can also be enhanced through real time health monitoring using wearable devices, more
personalized recommendations, and integration with hospital information systems. Furthermore, the platform can be
expanded to predict other diseases such as diabetes, stroke, and hypertension, making it a more comprehensive healthcare
decision support system.

VIIl. CONCLUSION

This research proposed an ai-powered heart disease prediction framework that integrates machine learning and
explainable artificial intelligence for accurate and transparent clinical decision support. the uci cleveland heart disease
dataset was preprocessed using train-test splitting, smote, and machine learning models were evaluated using accuracy,
precision, recall, fl-score, and roc-auc metrics. among the evaluated models, random forest achieved the best
performance with an accuracy of 96.10% and a roc-auc score of 98.50%, making it the selected prediction model. to
address the black box problem, shap Explainability was incorporated to provide patient specific feature contributions
through waterfall visualizations and simple English explanations. the integration of explainable predictions, probability
based risk assessment, and personalized recommendations makes the proposed framework a reliable and interpretable
tool for early heart disease risk prediction and clinical decision support.

REFERENCES

[1]. N. Navita, "Advanced Hybrid Machine Learning Model for Accurate Detection of Cardiovascular Disease,” SN
Computer Science, 2025.

[2]. S.Venkatesh Babu, P. Ramya, and J. Gracewell, “Revolutionizing heart disease prediction with quantum enhanced
machine learning,” Scientific Reports, vol. 14, no. 1, Art. no. 7062, 2024, doi: 10.1038/s41598-024-57894-z.

[3]. Y.Bao, "Research and Application of Heart Disease Prediction Model Based on Machine Learning," EPJ Web of
Conferences, vol. , no. , pp. , 2024.

[4]. A. Singh, H. Mahapatra, A. K. Biswal, M. Mahapatra, D. Singh, and M. Samantaray, “Heart Disease Detection
Using Machine Learning Models,” Procedia Computer Science, vol. 235, pp. 937-947, 2024, presented at the
International Conference on Machine Learning and Data Engineering (ICMLDE 2023), doi:
10.1016/j.procs.2024.04.089.

[5]. Kumar, R, Garg, S., Kaur, R., Johar, M. G. M., Singh, S., Menon, S. V., Kumar, P., Hadi, A. M., Hasson, S. A,
& Lozanovié, J. (2025). A comprehensive review of machine learning for heart disease prediction: challenges,
trends, ethical considerations, and future directions. Frontiers in Artificial Intelligence, 8, 1583459.

[6]. Y.Chen, L. Chong, Z. Bao, S. Wang, Y. Wang, and Y. Feng, “An Interpretability Heart Disease Prediction Model
Based on Stacking Ensemble with SHAP,” Frontiers in Molecular Biosciences, vol. 12, Art. no. 1763157, 2025,
doi: 10.3389/fmolb.2025.1763157.

[7]. P. Shinde, M. Sanghavi, and T. A. Tran, “A Survey on Machine Learning Techniques for Heart Disease
Prediction,” 2025, doi: 10.1007/s00521 025 08123 1.

[8]. P. H. Hutagalung and A. Andrianingsih, “Heart Disease Classification Using Optimised XGBoost and Random
Forest with SHAP Explanations,” Sinkron: Jurnal dan Penelitian Teknik Informatika, vol. 10, no. 1, pp. 330-341,
Jan. 2026, doi: 10.33395/sinkron.v10i1.15544.

[9]. T.S.Baskaran and B. Madhuvanthi, “A Survey of Machine Learning Techniques for Prediction of Heart Disease,”
International Journal of Creative Research Thoughts (IJCRT), vol. 11, no. 8, pp. f891-f899, Aug. 2023, ISSN:
2320-2882.

[10]. M. Einollahi Asgarabad, “A Comprehensive Comparative Analysis of Machine Learning Algorithms in Heart
Disease Prediction,” Discover Artificial Intelligence, vol. 6, Art. no. 331, 2026, doi: 10.1007/s44163-026-01048

y.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 553


https://ijarcce.com/
https://ijarcce.com/

IJARCCE ISSN (0) 2278-1021, ISSN (P) 2319-5940

m International Journal of Advanced Research in Computer and Communication Engineering

[11].

[12].

[13].

[14].

[15].

[16].

[17].

[18].

[19].

[20].

[21].
[22].
[23].
[24].
[25].
[26].
[27].
[28].
[29].
[30].
[31].
[32].
[33].

[34].

Impact Factor 8.471 :¢ Peer-reviewed & Refereed journal :<¢ Vol. 15, Issue 6, June 2026
DOI: 10.17148/IJARCCE.2026.15663

Walia, S., Bhardwaj, A., Arora, S., Aggarwal, S., & Siwach, P. (2026). Explainable soft-voting classifier for heart
disease prediction using SHAP and LIME. Discover Computing, 29, Article 83. https://doi.org/10.1007/s10791-
026-09972-4

C. Legeret, C. Dutkiewicz, C. Grant, and D. Yang, “Heart Disease Prediction Using the SHAP Algorithm,” in
Proc. 2021 World Congress in Computer Science, Computer Engineering, and Applied Computing (CSCE), Las
Vegas, NV, USA, Jul. 2021.

S. D. Dhandapani, H. Somasundaram, and T. Angamuthu, “Hybrid deep learning framework for heart disease
prediction using ECG signal images,” Scientific Reports, vol. 15, Art. no. 33922, Sep. 2025.

H. El-Sofany, B. Bouallegue, and Y. M. A. El-Latif, “A proposed technique for predicting heart disease using
machine learning algorithms and an explainable Al method,” Scientific Reports, vol. 14, Art. no. 23277, Oct.
2024.

R. Agrawal, T. Gupta, S. Gupta, S. Chauhan, P. Patel, and S. Hamdare, “Fostering trust and interpretability:
integrating explainable Al (XAI) with machine learning for enhanced disease prediction and decision
transparency,” Diagnostic Pathology, vol. 20, Art. no. 105, Sep. 2025.

Md. M. Ali, B. K. Paul, K. Ahmed, F. M. Bui, J. M. W. Quinn, and M. A. Moni, “Heart disease prediction using
supervised machine learning algorithms: performance analysis and comparison,” Computers in Biology and
Medicine, vol. 136, Art. no. 104672, Sep. 2021, doi: 10.1016/j.compbiomed.2021.104672.

C.-Y. Ma, Y.-M. Luo, T.-Y. Zhang, Y.-D. Hao, X.-Q. Xie, X.-W. Liu, X.-L. Ren, X.-L. He, Y.-M. Han, K.-J.
Deng, D. Yan, H. Yang, H. Tang, and H. Lin, “Predicting coronary heart disease in Chinese diabetics using
machine learning,” Computers in Biology and Medicine, vol. 169, Art. no. 107952, Feb. 2024, doi:
10.1016/j.compbiomed.2024.107952.

D. Bertsimas, L. Mingardi, and B. Stellato, "Machine Learning for Real-Time Heart Disease Prediction," IEEE
Journal of Biomedical and Health Informatics, vol. 25, no. 9, pp. 3627-3637, Sep. 2021, doi:
10.1109/JBHI.2021.3066347.

L. Kanisettypalli, H. Shrivastava, J. Borikar, and N. Srivastava, "Cardiovascular Disease Risk Prediction Using
Hypothesis-Based Feature Selection and Machine Learning," in Proc. Sixth Congress on Intelligent Systems (CIS
2025), Lecture Notes in Networks and Systems, vol. 1837, pp. 287-301, Apr. 2026.

S. Gopalakrishnan, M. S. Sheela, K. Saranya, and J. J. Hephzipah, “A novel deep learning based heart disease
prediction system using convolutional neural networks (CNN) algorithm,” Int. J. Intell. Syst. Appl. Eng., vol. 11,
no. 3, pp. 321 330, Jul. 2023.

D. Detrano et al.,"Heart Disease Dataset,” UCI Machine Learning Repository,University of California, Irvine.
https://archive.ics.uci.edu/dataset/45/heart+disease.

N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, "SMOTE: Synthetic Minority Over-sampling
Technique,” Journal of Artificial Intelligence Research, vol. 16, pp. 321-357, 2002.

A. Janosi, W. Steinbrunn, M. Pfisterer, and R. Detrano, "Heart Disease," UCI Machine Learning Repository, 1989,
doi: 10.24432/C52P4X.

S. M. Lundberg and S. I. Lee, "A unified approach to interpreting model predictions,” in Advances in Neural
Information Processing Systems (NeurlIPS), vol. 30, 2017.

R. K. Mothilal, A. Sharma, and C. Tan, "Explaining machine learning classifiers through diverse counterfactual
explanations,” in Proc. ACM FAccT, 2020, pp. 607-617.

N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer, "SMOTE: Synthetic minority over-sampling
technique,” J. Artif. Intell. Res., vol. 16, pp. 321-357, 2002.

K. Karthick, K. Deeba, and M. Saravanan, "Prediction of heart disease using the Cleveland dataset," J. Healthcare
Eng., vol. 2023, pp. 1-10, 2023.

N. Sultana, M. Alzubaidi, and D. D. Das, "A proposed technique for predicting heart disease using machine
learning," Sci. Rep., vol. 14, no. 1, pp. 1-11, 2024.

K. Wang et al., "Interpretable prediction of 3-year all-cause mortality in heart failure using ML and SHAP,"
Comput. Biol. Med., vol. 137, p. 104813, 2021.

H. Lane, M. Valko, and S. Rath, "Harder to mend than to break? Counterfactual XAl for lifestyle medicine and
heart disease,” J. Med. Artif. Intell., vol. 8, article 3, 2025, doi: 10.21037/jmai-24-83.

L. Khedekar et al., "PREDICTCARE: An Al-powered disease risk prediction system," in Proc. IEEE GCWCN,
Lonawala, India, Nov. 2025, doi: 10.1109/GCWCNG66157.2025.11448368.

S. Vats, K. Sharma, and M. Revathi, "Al-powered early diagnosis for CAD using predictive analytics," in Proc.
IEEE ICCTDC, Hassan, India, Jul. 2025, doi: 10.1109/ICCTDC64446.2025.11158896.

P. J. Ragu et al., "Al-powered heart health: Predictive analytics for early disease detection," in Proc. IEEE IColCl,
2025, pp. 2074-2077, doi: 10.1109/1ColCI165217.2025.11253772.

V. Bakir et al., "DiCE-Extended: A robust approach to counterfactual explanations,” arXiv:2504.19027, Apr.
2025.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 554


https://ijarcce.com/
https://ijarcce.com/
https://archive.ics.uci.edu/dataset/45/heart+disease

IJARCCE ISSN (0) 2278-1021, ISSN (P) 2319-5940

m International Journal of Advanced Research in Computer and Communication Engineering

[35].

[36].

[37].

[38].

[39].

[40].

[41].

[42].

Impact Factor 8.471 :¢ Peer-reviewed & Refereed journal :<¢ Vol. 15, Issue 6, June 2026
DOI: 10.17148/IJARCCE.2026.15663

A. Johannssen and N. Chukhrova, "The crucial role of XAl in improving health care management," Health Care
Manag. Sci., 2025, doi: 10.1007/s10729-025-09720-y.

R. N. Wadibhasme, A. U. Chaudhari, P. Khobragade, H. D. Mehta, R. Agrawal and C. Dhule, "Detection And
Prevention of Malicious Activities In Vulnerable Network Security Using Deep Learning,” 2024 International
Conference on Innovations and Challenges in Emerging Technologies (ICICET), Nagpur, India, 2024, pp. 1-6,
doi: 10.1109/ICICET59348.2024.10616289.

A. U. Chaudhari and H. Shrivastava, "Hybrid Machine Learning Models for Accurate Fake News Identification
in Online Content,” 2024 2nd DMIHER International Conference on Artificial Intelligence in Healthcare,
Education and Industry (IDICAIEI), Wardha, India, 2024, pp. 1-6, doi: 10.1109/IDICAIEI61867.2024.10842717.
A. A. Dande, M. A. Pund and A. Deshmukh, "Feature Drift Aware Boosted Ensemble with Feature Set
Management in Concept Drift Analysis for Healthcare Data," 2025 3rd DMIHER International Conference on
Atrtificial Intelligence in Healthcare, Education and Industry (IDICAIHEI), Wardha, India, 2025, pp. 1-5, doi:
10.1109/IDICAIHEI65991.2025.11378116.

R. A. Gulhane, S. R. Gupta, and M. A. Pund, “Feature optimization using Hybrid Metaheuristic Red Deer and
Dragonfly Algorithms for Multi-disease prediction,” Multimedia Tools and Applications, vol. 84, pp. 11533—
11549, 2025.

A. R. Mune, A. U. Chaudhari, M. A. Pund, T. P. Adhau, S. P. Ingale, and A. O. Sable, “Optimization Strategies
for Cyber Threat Detection in Cloud Architectures Leveraging Deep Machine Learning for Advanced Malware
Identification,” in Proc. IEEE Conference, Nov. 2024.

A. Chaudhari, S. P. Ingale, A. A. Chaudhari, A. R. Mune, S. A. Kale, and A. O. Sable, “Deep Learning Framework
for Proactive Network Fault Diagnosis in Cloud Infrastructure,” in Proc. 2025 3rd DMIHER International
Conference on Atrtificial Intelligence in Healthcare, Education and Industry (IDICAIHEI), Nov. 2025, doi:
10.1109/IDICAIHEI65991.2025.11377644.

S. M. Lundberg and S.-1. Lee, "A Unified Approach to Interpreting Model Predictions," in Advances in Neural
Information Processing Systems (NeurlIPS), vol. 30, 2017, pp. 4765-477.

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 555


https://ijarcce.com/
https://ijarcce.com/

