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Abstract: Heart disease remains one of the leading causes of mortality worldwide, emphasizing the need for early diagnosis
and effective predictive models to improve patient outcomes. This research focuses on developing a machine learning-based
predictive model for heart disease detection by integrating Recursive Feature Elimination (RFE) as a feature selection
technique. The primary objective is to enhance model performance, interpretability, and computational efficiency by
eliminating irrelevant and redundant features while retaining the most significant predictors. The study evaluates three
machine learning algorithms—Logistic Regression, Random Forest, and Support Vector Machine (SVM)—with and without
RFE to assess the impact of feature selection on performance. The methodology involves data preprocessing, including
normalization and scaling, followed by RFE-based feature selection and model evaluation using key metrics such as
accuracy, precision, recall, F1-score, and ROC-AUC. Experimental results reveal that the Random Forest model achieves
the highest performance, with 99% accuracy and a 1.00 ROC-AUC, making it the most reliable model for predictive tasks.
However, the RFE-based Logistic Regression model provides better interpretability and reduced complexity, albeit with
slightly lower performance metrics. The findings highlight the effectiveness of RFE in optimizing feature selection while
validating the trade-offs between accuracy and model transparency. This research contributes to the growing field of
healthcare analytics by demonstrating the feasibility of using feature selection techniques for building interpretable, scalable,
and accurate models for heart disease prediction. Future work will focus on expanding the dataset, incorporating temporal
data, and exploring hybrid models to further improve predictive performance and clinical applicability.

Keywords: Heart disease prediction, machine learning, feature selection, Recursive Feature Elimination (RFE), model
interpretability, performance evaluation

1. Introduction accuracy, and scalability, particularly in cases where

symptoms are subtle or atypical [2].
Heart disease continues to be one of the most prevalent

and life-threatening conditions worldwide, accounting for a Advancements in machine learning (ML) and artificial
significant percentage of deaths each year. According to the ~ intelligence (AI) have shown great potential in addressing
World Health Organization (WHO), cardiovascular diseases ~ these challenges by enabling the development of data-
(CVDs) are the leading cause of mortality, responsible for driven predictive models [3]. These models can
approximately 17.9 million deaths annually, which automatically analyze patterns in clinical data, identify risk
represents about 31% of global deaths [1]. Early detection factors, and predict the likelihood of heart disease with high
and timely intervention are critical to reducing mortality accuracy [4]. Nevertheless, building a reliable predictive

rates and improving patient outcomes. Traditional model requires careful handling of high-dimensional
diagnostic approaches, including physical examinations, datasets, which often include irrelevant or redundant
electrocardiograms (ECG), and laboratory tests, often rely ~ features that may degrade model performance [5].
heavily on clinical expertise and manual analysis of patient ~ Therefore, feature selection techniques are crucial to
data. However, these approaches may lack consistency, improve predictive accuracy, reduce computational

complexity, and enhance model interpretability [6]. This

—G)@@
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/) 61



http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.22362/ijcert/2024/v11/i1/v11i1s09
mailto:kollargayatri@gmail.com

S. Mounika et al. / Int. J. Comput. Eng. Res. Trends, 11(1s), 61-67, 2024

research integrates Recursive Feature Elimination (RFE) as
a feature selection method to optimize model performance
while preserving meaningful predictors, addressing the
limitations posed by high-dimensional datasets in heart
disease prediction [5].

Despite the advancements in machine learning for
predictive healthcare applications, the performance of
predictive models often suffers due to the high
dimensionality of medical datasets [7]. Not all features in
such datasets contribute equally to prediction accuracy;
many may introduce noise, leading to overfitting and
reduced interpretability [8]. Additionally, models trained
with a large number of features often incur higher
computational costs, making them less suitable for real-time
applications in clinical environments [9].

Existing models, such as Logistic Regression, Random
Forest, and Support Vector Machines (SVM), can achieve
high prediction accuracy, but their performance heavily
depends on the quality of features fed into them [6].
Traditional feature selection methods, however, do not
always account for inter-feature dependencies, which may
lead to the exclusion of important predictors [5]. Therefore,
a systematic approach that eliminates irrelevant and
redundant features while retaining the most predictive ones
is necessary to address these challenges. The need to
optimize predictive accuracy, improve computational
efficiency, and enhance interpretability in predictive models
for heart disease diagnosis forms the core problem
addressed in this research [9].

The objective of this study is to develop a predictive
model for heart disease detection using machine learning
algorithms, focusing on improving performance through
feature selection. Specifically, this research aims to
investigate the impact of Recursive Feature Elimination
(RFE) on model efficiency, evaluate its effectiveness across
multiple classifiers, and determine whether RFE enhances
predictive accuracy and interpretability when compared to
models trained with full feature sets [10]

Key Contributions: This research offers several significant
contributions to the field of machine learning and predictive
modelling, particularly for heart disease prediction. The key
contributions include.

e A systematic methodology integrating Recursive
Feature Elimination (RFE) for feature selection,
reducing dimensionality while retaining the most
predictive features.

e Evaluation of multiple machine learning models,
including Logistic Regression, Random Forest,
and Support Vector Machine (SVM), with and
without RFE, to demonstrate the trade-offs
between performance and interpretability.

e Comprehensive performance analysis based on
metrics such as accuracy, precision, recall, F1-
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score, and ROC-AUC to provide a detailed
comparison of model capabilities.

o Empirical validation of the hypothesis that feature
selection can improve model efficiency, reduce
computational complexity, and preserve predictive
accuracy

2. Literature Review

The integration of machine learning techniques in heart
disease prediction has garnered significant attention in
recent years due to the increasing availability of medical
data and advancements in computational technologies. This
section reviews prior studies focused on predictive
modeling for heart disease diagnosis, highlighting key
methodologies, feature selection techniques, and
performance evaluation metrics. The limitations of existing
approaches and gaps in the literature are also identified,
providing the foundation for the current study.

2.1 Machine Learning Models for Heart Disease
Prediction

Several studies have explored the application of
machine learning algorithms for predicting heart disease,
leveraging structured datasets containing clinical and
demographic attributes. Logistic Regression has been
widely employed as a baseline model due to its simplicity
and interpretability. For instance, Authors utilized the
Cleveland Heart Disease Dataset to train a logistic
regression model, achieving satisfactory accuracy but
highlighting the limitations caused by high-dimensional
data and correlated features [11]. Similarly, the Authors
examined the performance of ensemble models, including
Random Forest and Gradient Boosting, demonstrating
improved accuracy over traditional classifiers by addressing
non-linear relationships in the data [12]. However, the
ensemble methods were criticized for their lack of
transparency, limiting their application in clinical decision-
making systems.

Recent advancements have introduced Support Vector
Machines (SVM) as an effective technique for binary
classification tasks. Research paper demonstrated that SVM
provides high accuracy in medical diagnosis when coupled
with optimized hyperparameters and kernel functions [13].
Despite its robustness, SVM requires extensive
computational resources and fine-tuning, posing challenges
in scalability for real-time clinical applications. These
studies emphasize the need for models that balance
predictive performance and interpretability, a gap that the
current research seeks to address.

2.2 Feature Selection Techniques

Feature selection has emerged as a critical step in
improving model performance and computational
efficiency, particularly in medical datasets characterized by
high dimensionality. Traditional methods such as Principal
Component Analysis (PCA) and Correlation-Based Feature
Selection (CBFS) have been widely employed to reduce
redundancy. However, PCA, as demonstrated by Chaurasia
and Pal (2014), focuses on transforming features rather than
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selecting original variables, which can lead to a loss of
clinical interpretability [14].

Wrapper-based approaches, such as Recursive Feature
Elimination (RFE), have shown significant promise in
retaining relevant predictors while discarding irrelevant
features. Studies highlighted the efficacy of RFE in
improving model performance by recursively eliminating
the weakest features based on model coefficients [15]. Paul
and Kumar (2020) further demonstrated that integrating
RFE with logistic regression improved the F1-score and
recall, particularly in medical diagnostics, where sensitivity
is a critical metric [16]. However, their study lacked a
comparative analysis of RFE with ensemble models and
non-linear  classifiers, leaving scope for further
investigation—a gap addressed in the current research.

2.3 Performance Evaluation Metrics

Evaluating the performance of predictive models in
healthcare analytics requires metrics that account for both
accuracy and error costs. Several studies have emphasized
the importance of metrics such as Precision, Recall, F1-
score, and ROC-AUC to assess the sensitivity and
specificity of models [16]. A study demonstrated that
models focusing solely on accuracy often overlook cases of
false negatives, which are critical in heart disease prediction
[17]. Chen et al. (2018) recommended the use of ROC-AUC
to evaluate the discriminatory power of models, ensuring
robustness across different thresholds [18].

Ensemble methods, as evidenced by Breiman (2001) in
the development of Random Forest, were found to
outperform simpler models in terms of ROC-AUC, but their
complexity reduced interpretability. On the other hand,
linear models such as Logistic Regression provided greater
transparency but were often outperformed by non-linear
approaches in terms of accuracy. These observations
underscore the need for a balanced approach, where feature
selection techniques like RFE can simplify models without
significantly compromising predictive accuracy—a central
focus of the present study [19].

2.4 Gaps in Existing Literature

Despite extensive research on machine learning-based
heart disease prediction, several gaps persist in the
literature. Firstly, many studies lack a systematic approach
to feature selection, relying on manual feature engineering
or dimensionality reduction techniques like PCA that
sacrifice interpretability. Secondly, there is limited focus on
the trade-offs between model complexity and
interpretability, particularly in ensemble methods that,
while accurate, are often viewed as black-box models.
Thirdly, prior studies often overlook the comparative
evaluation of models using both all features and selected
features, failing to quantify the impact of feature selection
techniques like RFE on model efficiency [20].

Furthermore, most studies do not consider the
computational efficiency required for real-time clinical
applications, where models must provide quick predictions
without sacrificing accuracy. The current research aims to
fill these gaps by systematically evaluating Recursive
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Feature Elimination (RFE) in combination with multiple
classifiers, providing empirical evidence to support its use
as a tool for dimensionality reduction and improved
interpretability ~ without  significantly —compromising
predictive performance.

3. Methodology

This section outlines the methodological framework
employed to develop and evaluate a machine learning-based
system for predicting heart disease. The process consists of
data preprocessing, feature selection, model development,
and performance evaluation, culminating in a comparative
analysis to demonstrate the effectiveness of the proposed
approach.

3.1 Dataset Description

This study utilizes the Heart Disease Dataset obtained
from the UCI Machine Learning Repository, which is
widely used for cardiovascular disease prediction tasks. The
dataset contains clinical and demographic attributes
collected from patients, making it suitable for binary
classification tasks to predict the presence or absence of
heart disease. The dataset comprises 303 instances with 14
attributes, including one target variable. Each attribute
represents either a clinical measurement, a symptom, or a
demographic factor contributing to heart disease risk
assessment.

3.2. Data Preprocessing

Data preprocessing is a fundamental step to ensure data
quality and compatibility with machine learning algorithms.
The dataset is first examined for missing or inconsistent
values, which are either imputed using statistical techniques
(mean, median, or mode) or removed to avoid inaccuracies.
Following this, all continuous features are standardized
using z-score normalization to bring them to a common
scale. This transformation ensures that features with larger
ranges do not disproportionately influence the model during
training. The normalization process is mathematically
represented as shown in Eq(1)

x—u

=— @

Where x represents the original feature value, u is the
mean, and o is the standard deviation. Finally, the dataset is
split into training (80%) and testing (20%) subsets. The
training data is used to build the models, while the testing
data evaluates their generalizability to unseen instances.
This structured preprocessing ensures the integrity and
reliability of the data, which is critical for model
performance.

3.3 Feature Selection

Feature selection is an essential process aimed at
identifying the most informative attributes to reduce model
complexity and improve performance. In this study,
Recursive Feature Elimination (RFE) is employed as the
primary feature selection technique. RFE is a wrapper-
based method that eliminates less significant features in a
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recursive manner based on their contribution to prediction
accuracy. It starts with the entire feature set and uses a base
model, such as Logistic Regression, to rank features by
importance. At each iteration, the least important feature is
removed, and the model is retrained until the desired
number of features remains.

The mathematical representation of feature ranking in
RFE involves computing weights ( w ) derived from model
coefficients ( 8 ): w; = |B;]

Features with the smallest weights are iteratively removed
until a final subset ( F' ) of size k is obtained:

F'={fi.fo - fih k<n

The application of RFE not only reduces dimensionality
but also mitigates overfitting, enhances computational
efficiency, and improves model interpretability. The
selected features are subsequently used to train and test
machine learning models, ensuring that only the most
relevant predictors are included in the analysis.
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Fig 1. Flowchart of Recursive Feature Elimination (RFE)-Based Feature
Selection and Model Evaluation Process
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3.4 Model Development

To evaluate the impact of feature selection, three
machine learning models are implemented—Logistic
Regression, Random Forest Classifier, and Support Vector
Machine (SVM). These models represent diverse
approaches, including linear modeling, ensemble learning,
and non-linear classification, enabling a comprehensive
performance assessment.

Logistic Regression is employed as the baseline model
due to its simplicity and suitability for binary classification
problems. It computes probabilities using the sigmoid
activation function, defined as shown in Eq(2).

1
1+e~ 2

PY=11X)= (2)
Where z represents the linear combination of input features
and their respective weights. Random Forest, on the other
hand, leverages ensemble learning to construct multiple
decision trees and predicts outcomes based on majority
voting. It is highly robust to noise and automatically
evaluates feature importance through impurity reduction
metrics. Lastly, SVM identifies the optimal hyperplane that
maximizes the margin between data classes. Its decision
function can be expressed as shown in Eq(3)
f(x) =sign(w-x+ b) 3)
Together, these models are evaluated both with and without
feature selection to demonstrate the added value of the RFE
technique in improving performance and efficiency.

3.5 Model Evaluation

The performance of the machine learning models is
assessed using multiple evaluation metrics to provide a
comprehensive analysis of their predictive accuracy.
Accuracy measures the proportion of correctly classified
instances, while precision evaluates the proportion of true
positives among predicted positives. Recall (sensitivity)
assesses the model’s ability to identify positive cases, and
F1-score combines precision and recall into a single metric
to address imbalanced datasets. The performance of models
is evaluated using the following metrics.

1. Accuracy: Proportion of correct predictions is
calculated as shown in Eq(4)

TP+TN

Accuracy = ———
y TP+TN+FP+FN

4
2.Precision: Measure of relevance among positive
predictions is done by method shown in Eq(5)

TP
TP+FP

Precision =

&)
3.Recall (Sensitivity): Measures the model's ability to
identify positives using Eq(6)

TP
TP+FN

Recall = (6)

4.F1-Score: Harmonic mean of precision and recall is
measured by Eq(7)
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Precision - Recall

F1=2 (7

Precision + Recall

In addition, the ROC-AUC score is used to evaluate the
model's ability to distinguish between positive and negative
classes by measuring the area under the Receiver Operating
Characteristic curve. Higher ROC-AUC values indicate
better  classification  performance. These metrics
collectively ensure a balanced assessment of accuracy,
sensitivity, and robustness, providing deeper insights into
model effectiveness.

3.6 Proposed Workflow

The proposed workflow follows a systematic approach
to ensure consistency and reproducibility of results. First,
the dataset is preprocessed to handle missing values,
normalize features, and split data into training and testing

e Support Vector Machine (SVM): A non-linear
classifier optimized for maximum margin
separation.

e Logistic Regression with Recursive Feature
Elimination (RFE): Combines feature selection
with logistic regression to reduce dimensionality
and improve interpretability.

All models were evaluated based on five performance
metrics - Accuracy, Precision, Recall, F1-Score, and ROC-
AUC.

4.2 Comparative Analysis

Table 1 presents the comparative performance of the
models, including those trained with and without RFE-
based feature selection.

Table 1: Model Performance Comparison

sets. The Recursive Feature Elimination (RFE) technique is Model Accuracy | Precision | Recall | F1- | ROC-
then applied to select the most relevant features, reducing Score | AUC
dimensionality Wlthoqt compromising pre(’hctlon quality. Cogistic 380 376 557 0L 088
After feature selection, machine learning models— Regression [21]
including Logistic Regression, Random Forest, and SVM— Random Forest 0.99 1.00 0.97 099 1.00
are trained and evaluated using both full feature sets and [22]
RFE-selected features. SVM [23] 0.89 0.85 0.94 | 089 | 096

Finally, the .performgnce of the moc.lels is compared Iﬁgg:ztslgion (RFE) 0.78 0.74 086 080 083
based on evaluation metrics to assess the impact of feature [24]
selection. This comparison provides empirical evidence of
whether RFE improves model performance and efficiency, ) ‘ . ‘

. . . . A A | L. erformance Comparison of Machine Learning Models
thereby validating its application in heart disease prediction. Lol sy
B Precision

4 Results And Discussion = o

This section presents the experimental results and
analysis conducted using the Heart Disease Dataset. It
evaluates the performance of machine learning models
based on the proposed Recursive Feature Elimination (RFE)
technique and compares it with baseline models trained on
the full feature set. The analysis includes details about the
experimental setup, comparative analysis, and performance
metrics supported by tabular and graphical representations.

4.1. Experimental Setup

The experiments were conducted on the Heart Disease
Dataset comprising 303 samples and 13 features along with
a binary target variable. The dataset was divided into 80%
training data and 20% testing data to train and validate the
models. Preprocessing steps involved handling missing
values, z-score normalization, and standardization of
features to ensure data consistency.

The following machine
implemented:

learning models were

e Logistic Regression: Serves as the baseline model
for binary classification tasks.

e Random Forest Classifier: An ensemble learning
method capable of handling complex patterns
through multiple decision trees.
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Fig 2. Comparative Performance of Machine Learning Models

The Fig 2 effectively visualizes the performance
metrics—Accuracy, Precision, Recall, F1-Score, and ROC-
AUC—for all evaluated machine learning models,
providing a clear comparative analysis. It highlights that the
Random Forest model achieves the highest performance
across all metrics, with near-perfect accuracy (0.99) and
ROC-AUC (1.00), demonstrating its robustness and ability
to handle complex patterns. The SVM model also performs
well, particularly excelling in recall (0.94), making it
suitable for scenarios requiring high sensitivity. In contrast,
Logistic Regression (Baseline Model) shows reliable but
slightly lower performance, indicating its limitations when
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using all features. The RFE-based Logistic Regression
model exhibits a slight drop in performance compared to the
baseline model, suggesting that feature elimination may
have excluded some relevant predictors. However, it offers
better interpretability and reduced complexity, making it a
viable choice for applications prioritizing simplicity over
marginal improvements in accuracy. Overall, the graph
supports the hypothesis that Recursive Feature Elimination
(RFE) enhances model efficiency and interpretability while
showing a trade-off in performance when compared to
ensemble models like Random Forest.

5 Limitations and Findings

While the study demonstrates promising results, certain
limitations must be acknowledged. The relatively small
dataset size (303 instances) may affect the generalizability
of the findings to larger and more diverse populations,
necessitating further validation with bigger datasets.
Additionally, although the Recursive Feature Elimination
(RFE) technique effectively reduces dimensionality and
enhances interpretability, it led to a slight drop in
performance compared to models utilizing the full feature
set, indicating that some eliminated features may still carry
predictive value. The study also focuses solely on static
features, overlooking temporal or sequential data, which
may provide deeper insights into heart disease progression.
Furthermore, the Random Forest model, despite achieving
near-perfect performance with accuracy (0.99) and ROC-
AUC (1.00), lacks interpretability, limiting its practical
utility in clinical applications where decision transparency
is vital. Nonetheless, the findings validate the effectiveness
of RFE as a dimensionality reduction method, particularly
in improving computational efficiency and interpretability
for simpler models. The Random Forest algorithm stands
out as the best-performing model, making it ideal for tasks
requiring high accuracy, while the RFE-based Logistic
Regression offers a simpler, interpretable alternative with
slightly lower performance. The SVM model strikes a
balance between accuracy and complexity, serving as a
viable alternative when both aspects are prioritized. Overall,
the results emphasize the need for further refinements to
feature selection techniques to maintain high predictive
performance while minimizing complexity, ensuring
applicability to real-world healthcare scenarios.

6 Conclusion and Future work

This research paper explored the application of
machine learning techniques for heart disease prediction,
focusing on the integration of Recursive Feature
Elimination (RFE) to enhance model performance through
dimensionality reduction and feature selection. The study
evaluated multiple machine learning models, including
Logistic Regression, Random Forest, and Support Vector
Machine (SVM), comparing their performance on both full
feature sets and RFE-selected features. The findings
demonstrate that Random Forest emerged as the best-
performing model, achieving near-perfect accuracy and
ROC-AUC scores, making it highly reliable for predictive
tasks requiring precision. However, it also highlighted the
trade-off between performance and interpretability, as the
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ensemble nature of Random Forest limits its transparency in
practical applications. The RFE-based Logistic Regression
model, while slightly underperforming compared to
Random Forest, proved to be computationally efficient and
interpretable, showcasing the advantages of feature
selection for simplifying model structures without
significant performance degradation. The SVM model
provided a balanced approach, offering a combination of
robust performance and moderate interpretability, making it
a viable option for scenarios requiring both. Despite these
promising results, the study acknowledges certain
limitations, including the small dataset size, potential loss
of important features during feature elimination, and the
absence of temporal data analysis for more comprehensive
insights. Future work can address these limitations by
exploring larger and more diverse datasets, integrating time-
series data to capture disease progression, and investigating
advanced feature selection methods that preserve
performance while enhancing interpretability. Additionally,
hybrid modelling approaches that combine the strengths of
ensemble methods and linear classifiers can be explored to
achieve a balance between accuracy and transparency,
ensuring broader applicability in clinical decision-making
systems.
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