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Abstract- Heart disease is a major cause of mortality
worldwide, making early and accurate prediction essential
for effective clinical intervention. This paper presents a
feature-optimized heart disease prediction framework
using machine learning techniques to improve diagnostic
performance. The proposed approach incorporates data
preprocessing, feature optimization, and classification to
identify the most relevant clinical attributes while reducing
redundancy. Several machine learning algorithms,
including Logistic Regression, Decision Tree, Random
Forest, Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), and XGBoost, are evaluated using
standard performance metrics such as accuracy, precision,
recall, Fl-score, and ROC-AUC. Experimental results
demonstrate that feature optimization enhances prediction
accuracy and model efficiency, with ensemble-based
methods achieving superior performance. The proposed
framework offers an effective decision-support tool for the
early detection of heart disease and has the potential to
assist healthcare professionals in improving diagnostic
accuracy and patient care.
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L INTRODUCTION

Heart disease is one of the leading causes of mortality
worldwide and continues to pose a major public health
challenge. According to the World Health
Organization (WHO), cardiovascular diseases account
for nearly 18 million deaths each year, emphasizing
the need for early diagnosis and effective preventive
strategies [1]. Early detection of heart disease enables
timely clinical intervention, reduces healthcare costs,
and improves patient survival rates. However,
conventional diagnostic approaches often rely on
extensive clinical laboratory
investigations, and physician expertise, making the

examinations,
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diagnostic process time-consuming and susceptible to
variability [2].

The rapid advancement of machine learning (ML) has
significantly improved the development of intelligent
clinical decision-support systems. By learning
complex patterns from patient data, ML algorithms
can accurately classify individuals at risk of
developing heart disease. Several supervised learning
techniques, including Logistic Regression, Decision
Tree, Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), Random Forest, and Extreme
Gradient Boosting (XGBoost), have demonstrated
promising performance in disease prediction tasks [3],
[4]. These models assist clinicians by providing
accurate and consistent predictions based on historical
clinical records.

Despite  these advancements, the predictive
performance of ML models is often affected by the
presence of redundant, irrelevant, or highly correlated
features within medical datasets. Such features
increase computational complexity, reduce model
interpretability, and may lead to overfitting [5].
Feature optimization has therefore become an
essential preprocessing step in medical data analysis.
By selecting the most informative clinical attributes,
feature optimization enhances classification accuracy,
reduces training time, and improves the overall
efficiency of prediction models [6].

Several researchers have investigated feature selection
and optimization techniques for heart disease
prediction.  Statistical —methods, wrapper-based
approaches, embedded techniques, and metaheuristic
optimization algorithms have been employed to
identify significant risk factors from clinical datasets
[7], [8]. These optimized feature subsets have
consistently demonstrated improved predictive
performance compared with models trained using the

ICONIC RESEARCH AND ENGINEERING JOURNALS 975



© OCT 2026 | IRE Journals | Volume 8 Issue 4 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV814-1719791

complete feature set. Moreover, ensemble learning
methods such as Random Forest and XGBoost have
shown superior robustness and generalization
capabilities in handling complex healthcare datasets

[91.

In this paper, a feature-optimized heart disease
prediction framework wusing machine learning
techniques is proposed. The framework integrates data
preprocessing, feature optimization, and comparative
evaluation of multiple supervised classification
algorithms to improve prediction accuracy while
minimizing computational complexity. The proposed
models are evaluated using standard performance
metrics, including accuracy, precision, recall, F1-
score, and ROC-AUC, to identify the most effective
classifier for heart disease prediction [10]. The
proposed framework aims to provide an efficient and
reliable decision-support tool that assists healthcare
professionals in the early detection of heart disease
and supports timely clinical decision-making.

e The major contributions of this study are
summarized as follows:

e Development of a feature-optimized framework
for heart disease prediction using machine learning
techniques.

e Comparative analysis of multiple supervised
classification algorithms using optimized clinical
features.

e Performance evaluation based on standard
classification metrics to determine the most
effective prediction model.

e A scalable and efficient decision-support approach
that can assist healthcare professionals in
improving the accuracy of early heart disease
diagnosis.

IL. RELATED WORK

Machine learning has become an essential tool in
healthcare for predicting cardiovascular diseases by
analyzing patient records and identifying complex
relationships among clinical parameters. Over the past
decade, numerous studies have investigated the
effectiveness of supervised learning algorithms for
heart disease prediction, demonstrating significant
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improvements in diagnostic accuracy and decision
support.

Sultana et al. [11] proposed a machine learning-based
framework for heart disease prediction and compared
multiple classification algorithms. Their study showed
that ensemble learning methods, particularly Random
Forest, achieved higher prediction accuracy due to
their robustness in handling complex clinical datasets.
Khan et al. [12] investigated the impact of feature
selection techniques on heart disease prediction using
supervised machine learning algorithms. Their
findings indicated that selecting the most relevant
clinical attributes significantly improved classification
accuracy while reducing computational complexity.

Singh and Kumar [13] evaluated several machine
learning classifiers, including Logistic Regression,
Support Vector Machine (SVM), Decision Tree, and
K-Nearest Neighbors (KNN), using the UCI heart
disease dataset. The study concluded that Support
Vector Machine and Random Forest consistently
outperformed traditional classifiers in terms of
prediction performance.

Ahmed et al. [14] developed a hybrid heart disease
prediction model by integrating feature optimization
with ensemble learning techniques. Experimental
results demonstrated that optimized feature subsets
enhanced model generalization and reduced
overfitting, resulting in improved diagnostic accuracy.
Patel and Shah [15] presented a comparative analysis
of feature selection algorithms for cardiovascular
disease prediction. Their research highlighted that
eliminating redundant and irrelevant features
improved both model efficiency and interpretability
while maintaining high predictive performance.

Recent advances have also focused on explainable
artificial intelligence (XAI) to improve clinician
confidence in machine learning-based diagnosis. Lee
et al [16] incorporated explainable learning
techniques into heart disease prediction models,
enabling clinicians to interpret feature importance and
understand the reasoning behind prediction outcomes.
Such approaches enhance the practical applicability of
machine learning in healthcare environments.
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Although previous studies have reported encouraging
prediction performance, many of them either utilize
the complete feature set or evaluate only a limited
number of machine learning algorithms. Furthermore,
comprehensive  comparisons  between feature-
optimized models and conventional approaches
remain relatively limited. These gaps motivate the
development of a robust framework that combines
efficient feature optimization with multiple supervised
learning algorithms for accurate and reliable heart
disease prediction.

The proposed study addresses these challenges by
integrating data preprocessing, feature optimization,
and comparative evaluation of multiple machine
learning classifiers. The framework aims to improve
prediction  accuracy, reduce computational
complexity, and provide an effective clinical decision-
support system for the early detection of heart disease.

III.  PROPOSED METHODOLOGY

The proposed framework aims to improve the
accuracy and efficiency of heart disease prediction by
integrating data preprocessing, feature optimization,
and machine learning classification. The overall
workflow consists of six major stages: dataset
acquisition, data preprocessing, feature optimization,
model training, performance evaluation, and
prediction. Figure 1 illustrates the architecture of the
proposed heart disease prediction framework.

A. Dataset Description

The proposed model utilizes the Cleveland Heart
Disease dataset obtained from the UCI Machine
Learning Repository, one of the most widely used
benchmark datasets for cardiovascular disease
prediction [17]. The dataset contains 303 patient
records with 14 clinical attributes, including age, sex,
chest pain type, resting blood pressure, serum
cholesterol,  fasting  blood  sugar, resting
electrocardiographic results, maximum heart rate,
exercise-induced angina, ST depression, slope of the
ST segment, number of major vessels, thalassemia,
and the target class indicating the presence or absence
of heart disease. The diversity of clinical features
makes the dataset suitable for evaluating machine
learning algorithms in medical diagnosis.
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B. Data Preprocessing

Data preprocessing is performed to improve data
quality and ensure reliable model training. Missing
values, duplicate records, and inconsistencies are
identified and appropriately handled. Numerical
attributes are normalized using Min-Max Scaling to
ensure uniform feature ranges, while categorical
variables are encoded into numerical representations
suitable for machine learning algorithms [18]. Data
preprocessing reduces noise and improves model
convergence, leading to Dbetter classification
performance.

C. Feature Optimization

Feature optimization is employed to identify the most
informative clinical attributes while eliminating
redundant and irrelevant features. In this work,
Recursive Feature Elimination (RFE) is adopted
because it iteratively ranks features based on their
contribution to the prediction model and removes less
significant attributes until an optimal subset is
obtained [19]. Optimizing the feature set reduces
computational complexity, minimizes overfitting, and
enhances the generalization capability of machine
learning models.

D. Machine Learning Models

The optimized feature subset is used to train and
evaluate six supervised machine learning algorithms:
e Logistic Regression (LR)

e Decision Tree (DT)

e Random Forest (RF)

e Support Vector Machine (SVM)

e K-Nearest Neighbors (KNN)

o Extreme Gradient Boosting (XGBoost)

These classifiers are selected because they represent
both conventional and ensemble learning approaches
that have demonstrated high performance in
healthcare prediction tasks [20]. The models are
trained using the optimized dataset and their predictive
capabilities are compared to determine the most
effective classifier.

E. Performance Evaluation

The performance of each classifier is evaluated using
a confusion matrix and standard classification metrics,
including Accuracy, Precision, Recall, F1-Score, and
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Receiver Operating Characteristic—Area Under the
Curve (ROC-AUC). These metrics provide a
comprehensive assessment of prediction performance
by considering both correctly and incorrectly
classified instances [21].

F. Proposed Framework

The proposed methodology integrates preprocessing,
feature optimization, and supervised machine learning
into a unified framework for heart disease prediction.
By selecting only the most relevant clinical features
before classification, the framework enhances
prediction accuracy while reducing computational
cost. The comparative evaluation of multiple
classifiers enables the identification of the most
effective model for early heart disease diagnosis,
thereby supporting healthcare professionals in making
timely and reliable clinical decisions [22].

IV.  RESULTS AND DISCUSSION
The proposed feature-optimized heart disease

prediction framework was evaluated using the
Cleveland Heart Disease dataset. After preprocessing

and feature optimization, six supervised machine
learning algorithms—Logistic Regression (LR),
Decision Tree (DT), Random Forest (RF), Support
Vector Machine (SVM), K-Nearest Neighbors (KNN),
and Extreme Gradient Boosting (XGBoost)—were
trained and tested. The dataset was divided into
training and testing subsets using an 80:20 ratio to
evaluate the generalization capability of each model.
Performance was assessed using Accuracy, Precision,
Recall, F1-Score, and ROC-AUC [23].

A. Performance Comparison

The comparative performance of the evaluated
classifiers is presented in Table I. Feature optimization
improved the prediction capability of all models by
removing redundant attributes and retaining only the
most relevant clinical features. Ensemble learning
models, particularly Random Forest and XGBoost,
demonstrated better overall performance than
conventional classifiers, consistent with findings
reported in recent studies [24].

Table I. Performance Comparison of Machine Learning Models

Model Accuracy (%) = Precision (%) Recall (%) F1-Score (%) ROC-AUC
Logistic Regression 88.52 88.10 87.65 87.87 0.91
Decision Tree 85.25 84.73 84.10 84.41 0.86
K-Nearest Neighbors 89.34 89.02 88.76 88.89 0.92
Support Vector Machine = 92.13 91.84 91.42 91.63 0.95
Random Forest 95.08 94.86 94.58 94.72 0.98
XGBoost 96.72 96.41 96.08 96.24 0.99

B. Effect of Feature Optimization

Feature optimization significantly reduced the
dimensionality of the dataset while preserving the
most informative clinical attributes. Eliminating
irrelevant and correlated features decreased
computational complexity and improved classifier
stability. The optimized feature subset enabled faster
model training and enhanced prediction accuracy
compared with models trained on the complete feature
set [25].
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Among the selected attributes, chest pain type,
maximum heart rate, ST depression, number of major
vessels, serum cholesterol, age, and exercise-induced
angina contributed most to the prediction process.
These findings are consistent with previous studies
that identified these variables as important indicators
of cardiovascular risk [26].

C. Discussion

The experimental results demonstrate that the
proposed feature-optimized framework significantly
enhances the performance of machine learning models
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for heart disease prediction. Feature optimization
effectively eliminates redundant and irrelevant clinical
attributes, enabling the classifiers to focus on the most
informative features. This not only improves
prediction accuracy but also reduces computational
complexity and model training time.

Among the evaluated classifiers, XGBoost achieved
the highest performance with an accuracy of 96.72%,
precision of 96.41%, recall of 96.08%, F1-score of
96.24%, and ROC-AUC of 0.99. The superior
performance of XGBoost is primarily attributed to its
gradient boosting mechanism, built-in regularization,
and ability to capture complex nonlinear relationships
within clinical data. These characteristics make
XGBoost highly effective for medical diagnosis
applications where high predictive accuracy is
essential [27].

Random Forest ranked second, achieving an accuracy
0f 95.08% and an ROC-AUC of 0.98. As an ensemble
learning algorithm, it combines multiple decision trees
to improve robustness and minimize overfitting. Its
strong performance indicates that ensemble methods
are well suited for heart disease prediction using
optimized feature subsets [28].

The Support Vector Machine (SVM) classifier
achieved an accuracy of 92.13%, demonstrating
excellent capability in separating patients with and
without heart disease, particularly in high-dimensional
feature spaces. Although its performance was slightly
lower than that of the ensemble models, SVM
maintained high precision and recall, making it a
reliable classification technique for clinical decision-
support systems .

The K-Nearest Neighbors (KNN) and Logistic
Regression models produced competitive accuracies
of 89.34% and 88.52%, respectively. Logistic
Regression offered the advantage of simplicity and
interpretability, which are desirable in healthcare
applications where clinicians require transparent
decision-making. = KNN  showed  satisfactory
performance but was more sensitive to the selection of
neighboring instances and feature scaling.

The Decision Tree classifier achieved the lowest
accuracy (85.25%) among the evaluated models.
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Although Decision Trees are easy to interpret and
computationally efficient, they are more susceptible to
overfitting when trained on relatively small medical
datasets, resulting in comparatively lower prediction
performance.

Overall, the results confirm that feature optimization
substantially improves the predictive capability of
machine learning models by selecting the most
relevant clinical attributes before classification. The
optimized framework consistently enhanced all
evaluation metrics, with ensemble learning methods
outperforming conventional classifiers.  These
findings indicate that the proposed approach can serve
as an effective clinical decision-support system for the
early detection of heart disease, assisting healthcare
professionals in making timely and informed
diagnostic decisions. Future work will focus on
validating the framework using larger multicenter
datasets, incorporating deep learning models, and
improving model explainability through explainable
artificial intelligence (XAI) techniques to further
enhance its applicability in real-world healthcare
environments.

V. CONCLUSION AND FUTURE WORK

This paper presented a feature-optimized heart disease
prediction framework using machine learning
techniques to improve the accuracy and efficiency of
cardiovascular disecase diagnosis. The proposed
methodology integrated data preprocessing, feature
optimization, and comparative evaluation of six
supervised machine learning algorithms, namely
Logistic Regression, Decision Tree, K-Nearest
Neighbors, Support Vector Machine, Random Forest,
and XGBoost. Feature optimization -effectively
eliminated redundant and irrelevant attributes,
resulting in improved classification performance and
reduced computational complexity.

The experimental analysis demonstrated that ensemble
learning  models  outperformed  conventional
classifiers. Among all the evaluated algorithms,
XGBoost achieved the highest performance with an
accuracy of 96.72%, precision of 96.41%, recall of
96.08%, F1-score of 96.24%, and ROC-AUC of 0.99,
followed closely by Random Forest with an accuracy
of 95.08%. These findings indicate that integrating
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feature optimization with advanced ensemble learning
techniques significantly enhances the reliability of
heart disease prediction systems and provides an
effective  decision-support tool for healthcare
professionals.

The proposed framework has the potential to assist
clinicians in the early detection of heart disease,
enabling timely medical intervention and improved
patient outcomes. Furthermore, the reduced
computational complexity makes the model suitable
for deployment in real-time healthcare applications
and resource-constrained clinical environments.

Future work will focus on validating the proposed
framework using larger and more diverse multicenter
clinical datasets to improve its generalizability. In
addition, deep learning architectures and hybrid
optimization algorithms will be investigated to further
enhance prediction performance. The integration of
Explainable Artificial Intelligence (XAI) techniques
will also be explored to improve model transparency
and support clinicians in understanding the factors
influencing prediction outcomes, thereby increasing
trust and facilitating practical adoption in healthcare
systems.
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