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Heart disease remains one of the leading causes of mortality worldwide,
highlighting the need for accurate and reliable early diagnosis. This study
presents a machine learning framework for heart disease prediction using
both individual machine learning algorithms and ensemble learning
techniques. The proposed methodology includes exploratory data analysis,
data preprocessing, feature scaling, model training, and performance
evaluation using multiple classification metrics. Six prediction models were
implemented, including Logistic Regression, Support Vector Machine,
Random Forest, XGBoost, Voting Ensemble, and Stacking Ensemble.
Experimental results demonstrated that ensemble learning techniques
consistently outperformed individual classifiers. The Stacking Ensemble
achieved the highest overall classification accuracy of 93.28%, while the
Random Forest model obtained the highest ROC-AUC value of 0.9731. These
findings demonstrate that ensemble learning can significantly improve the
predictive performance of heart disease diagnosis and provide a reliable
decision-support framework for clinical applications.

Keywords: heart disease prediction, Machine Learning, ensemble learning,
stacking ensemble, Random Forest, XGBoost, cardiovascular disease

volumes of clinical data, identify hidden
I. INTRODUCTION patterns, and assist physicians in predicting
diseases with high accuracy. Unlike traditional
Heart disease is a leading cause of death statistical approaches, ML models learn

worldwide and a major challenge for complex relationships among clinical features,

healthcare systems. Early identification of
high-risk patients is essential, as timely medical
intervention can  significantly improve
outcomes and reduce mortality. However,
diagnosing heart disease requires analysing
multiple  clinical  factors and medical
examinations, which can be timeconsuming
and complex. Therefore, there is a growing
need for intelligent decision-support systems
that assist physicians in making accurate, and
timely diagnoses. Recent advances in Artificial
Intelligence  (Al), particularly Machine
Learning (ML), have created new
opportunities for supporting decision-making
e.g. in the fields of education' and medical
science’. ML algorithms can analyze large

! See, for example: A. AZz1— R. NEMETH — F. ERDOS:
Comparative analysis of NLP-driven MCQ generators

from text sources, Computers and Education:
Artificial Intelligence, vol. 9, p. 100440, 2025.

making them suitable for disease prediction
tasks like heart disease diagnosis. Although
many previous studies report promising
results using individual ML algorithms, a
single classifier’s performance often depends
on dataset characteristics and may not
consistently  provide

Furthermore, many studies emphasize overall

optimal  results.

accuracy while giving less attention to
clinically important metrics such as recall,
which is essential for reducing false negative
diagnoses. These limitations suggest that
combining multiple machine learning models
through ensemble learning may provide a
more robust and reliable prediction system.

% See: S. WAN — F. WAN — X. JIAN DAL Machine
learning approaches for cardiovascular disease
prediction: A review, Archives of Cardiovascular
Diseases, vol. 118, pp. 554562, 2025.

SmartLaw Research Group



SmartLaw Research Group Working Paper — Nr. 2026/4.

The primary objective of this study is to
develop an intelligent heart disease prediction
system based on machine learning and
ensemble learning techniques. Several widely
used machine learning algorithms, including
Logistic Regression, Support Vector Machine
(SVM), Random Forest, and XGBoost, are
compared with ensemble methods such as
Voting The
framework aims to identify the most effective

and  Stacking. proposed
prediction model for early heart disease
while reliable
decisionsupport healthcare
professionals. The main contributions of this

diagnosis providing

for

a
tool

study can be summarized as follows. First,
four widely used machine

learning  algorithms  are
implemented and evaluated

using the same heart disease

=3 =

.,Ensemble learning has
emerged as one of the most
successful approaches for

Finally, Section 5 concludes the paper and
outlines directions for future work.

II. RELATED WORK

I1.1. MACHINE LEARNING-BASED HEART
DISEASE PREDICTION

Heart disease prediction has been extensively
investigated using traditional machine learning
algorithms such as Logistic Regression (LR),
Support Vector Machine (SVM), Decision Tree
(DT), Random Forest (RF), Na"tve Bayes (NB),
KNearest Neighbors (IKNN). These
algorithms demonstrated  promising

and
have
predictive capabilities when applied to clinical
datasets such as the UCI Heart
Disease dataset.

However, no

single  classifier  consistently

outperforms all others across

dataset to ensure a fair s o different datasets and evaluation
comparison. Second, two heart disease prediction. metrics. Consequently,
ensemble learning ("')_enseml?le methods researchers have focused on
techniques, namely Voting combine multiple models t0  identifying the most suitable

and Stacking, are investigated

to determine whether

combining multiple classifiers

improve robustness, reduce
prediction errors, and
increase generalization

algorithms for medical diagnosis
while
accuracy

improving
and

predictive
reducing false

. o " negatives.’

improves prediction performance. &

performance.  Third, the Several recent studies compared
proposed  framework  is multiple  traditional classifiers
evaluated using multiple performance metrics, before  proposing  enhanced  prediction

including accuracy, precision, recall, F1-score,
ROC-AUC, and cross-validation, providing a
comprehensive assessment of its reliability in
medical diagnosis. The remainder of this
paper is organized as follows. Section 2
reviews the related work on heart disease
prediction using machine learning techniques.
3 the

methodology, the
preprocessing steps, machine learning models,

Section describes proposed

including dataset,
and ensemble techniques. Section 4 presents

the experimental results and discussion.

3 8. WAN — F. WAN — X. JIAN DA, op.cit.

+ A. TIWARI — A. CHUGH — A. SHARMA: Ensemble
framework for cardiovascular disease prediction,
Computers in Biology and Medicine, vol. 146, p.
105624, 2022.

[
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frameworks.

These investigations consistently showed that
ensemble  methods outperform
individual machine learning models by combining
the strengths of multiple classifiers. >

generally

I1.2. ENSEMBLE LEARNING

Ensemble learning has emerged as one of the most
successful approaches for heart disease prediction.
Instead of relying on a single classifier, ensemble
methods combine multiple models to improve

5Y. WU —Z.X1A—Z. FENG — M. HUANG - H. LU - Y.
ZHANG: Forecasting heart disease risk with a stacking-
based ensemble machine learning method, Electronics,
vol. 13, no. 20, p. 3996, 2024.
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robustness, reduce prediction errors, and increase
generalization performance.

Different ensemble strategies have been proposed
in the literature, including Voting, Bagging,
Boosting, and Stacking.® Among these methods,
Stacking has received considerable attention
because it enables a meta-classifier to learn how to
combine predictions generated by multiple base
learners. Tiwari et al. proposed a stacked ensemble
framework using multiple cardiovascular datasets
and demonstrated that stacking improved
predictive performance compared with individual
classifiers.” Similarly, Wu et al. introduced the
SDKABL architecture, which integrates KNN,
Decision Tree, and SVM with an attention-based
BiLSTM meta-learner, demonstrating the benefits
of combining traditional machine learning and
deep learning within a stacking framework.?

I1.3. VOTING ENSEMBLE

Voting-based ensemble methods have also
demonstrated strong predictive performance.
Instead of training a metamodel, voting
determines the final prediction through majority
agreement among several classifiers. Korial et al.
combined Majority Voting with Chi-Square
feature selection and reported improved
prediction accuracy while significantly reducing
computational complexity through dimensionality
reduction.” Although voting methods are
computationally efficient and easy to implement,
relatively few studies have directly compared their
performance with stacking methods under
identical experimental settings.

I1.4. FEATURE SELECTION

Feature selection has become an essential
preprocessing step in medical prediction systems
because irrelevant or redundant clinical variables
may reduce prediction accuracy and increase
computational cost.

6S. WAN — F. WAN — X. JIAN DAL, op.cit.

7 A. TIWART — A. CHUGH — A. SHARMA, op.cit.

8Y. WU - Z. XIA—Z.FENG — M. HUANG - H. Liu - Y.
ZHANG, op. cit.

% A. E. KORIAL — LI. GORIAL — A.J. HUMAIDI: An
improved ensemblebased cardiovascular  disease
detection system with chi-square feature selection,
Computers, vol. 13, no. 6, p. 126, 2024.

Several researchers have employed feature
selection techniques such as Chi-Square and
Principal Component Analysis (PCA) to identify
the most informative clinical features. These
approaches  reduce  dimensionality — while
preserving predictive performance.

I1.5. EXPLAINABLE ARTIFICIAL

INTELLIGENCE

While ensemble learning significantly improves
predictive performance, its decisions ate often
difficult for clinicians to interpret.

Recent studies have therefore integrated
Explainable  Artificial — Intelligence  (XAI)
techniques into heart disease prediction systems.
Ganie et al. employed SHAP explanations
together with stacking and voting ensembles,
enabling physicians to understand how each
clinical feature influenced model predictions.
Their study also included statistical validation
using Friedman and Holm tests to verify the
significance of the reported improvements. 10

Other researchers also demonstrated that
explainability increases clinicians’ trust in Al-
assisted diagnosis by providing transparent
reasoning behind model predictions.!!

I1.6. RESEARCH GAP

Although previous studies have achieved
encouraging results in heart disease prediction,
several research gaps remain.

First, many studies focus on evaluating a single
ensemble  strategy  without providing a
comprehensive comparison between Voting and
Stacking under the same experimental conditions.
Second, several investigations rely on a single
dataset, limiting the assessment of model
generalizability. Third, while recent work has
introduced explainable Al techniques, these

10°SM. GANIE — P.K.D. PRAMANIK — Z. ZHAO:
Ensemble learning with explainable ai for improved
heart disease prediction based on multiple datasets,
Scientific Reports, vol. 15, p. 13912, 2025.

1I'H. EL-SOFANY — B. BOUALLEGUE — 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, p.
23277, 2024.
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approaches are not yet consistently integrated with
comparative ensemble learning frameworks.

Therefore, this research aims to compare
individual machine learning models with Voting
and Stacking ensemble techniques using a unified
experimental setup. The proposed framework
evaluates model performance through multiple
evaluation metrics, including Accuracy, Precision,
Recall, Flscore, ROC-AUC, and Cross Validation,
with the objective of identifying the most reliable
approach for eatly heart disease prediction.

III. PROPOSED
METHODOLOGY

IT1.1. OVERALL FRAMEWORK

The proposed heart disease prediction framework
consists of several sequential stages designed to
ensure reliable model development and evaluation.
The workflow begins with dataset acquisition,
followed by exploratory data analysis, data
preprocessing, feature scaling, model training,
ensemble model construction, and performance
evaluation. This systematic pipeline ensures that all
machine learning models are trained and evaluated
under identical experimental conditions, allowing
a fair comparison between individual classifiers
and ensemble learning techniques.
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Fig. 1. Overall workflow of the proposed heart disease

prediction framework.
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12 A. JANOSI — W. STEINBRUNN — M. PFISTERER — R.
DETRANO: Heart disease data set, 1988, uCI Machine
Learning Repository.

I1I1.2. DATASET DESCRIPTION

This study utilizes a publicly available heart disease
dataset containing 1,191 patient records and 12
clinical ~attributes.”> The dataset includes
demographic and physiological variables that are
commonly used in cardiovascular disease
diagnosis, including age, sex, chest pain type,
resting blood pressure, cholesterol level, fasting
blood sugar, resting electrocardiographic results,
maximum heart rate, exercise-induced angina,
oldpeak, ST slope, and the target class.

The target variable represents the presence or
absence of heart disease, making the problem a
binary classification task. The selected dataset has
been extensively used in previous machine
learning studies because it provides reliable clinical
information suitable for evaluating predictive
models.!3

I11.3. EXPLORATORY DATA ANALYSIS

Before model development, exploratory data
analysis (EDA) was conducted to understand the
characteristics of the dataset and identify potential
data quality issues. Statistical summaries together
with graphical visualizations were generated to
analyze feature distributions, detect outliers, and
investigate relationships among variables.

Histograms were used to examine the distributions
of numerical attributes, while boxplots were
employed to identify potential outliers. In
addition, a correlation matrix was generated to
investigate the relationships between clinical
features and the target variable. These analyses
provided valuable insights that guided the
subsequent preprocessing and model
development stages.

II1.4. DATA PREPROCESSING

Data preprocessing was performed to improve
data quality before model training. Initially, the
dataset was inspected for missing values and
inconsistencies. Numerical features were prepared
using an appropriate preprocessing pipeline that

13 A. JANOSI — W. STEINBRUNN — M. PFISTERER — R.
DETRANO, op. cit.
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included missing value handling and feature
scaling.

Feature normalization was carried out using the
StandardScaler technique to eliminate differences
in numerical ranges among variables. The
prepared dataset was then divided into training
and testing subsets using an 80:20 ratio.!# This
strategy provided sufficient training samples while
preserving an independent testing dataset for
evaluating model generalization.

To improve reproducibility and minimize data
leakage, preprocessing operations were integrated
into the machine learning workflow.

IT1.5. MACHINE LEARNING MODELS

Four supervised machine learning algorithms were
evaluated: Logistic Regression (LR), Support
Vector Machine (SVM), Random Forest (RF), and
XGBoost (XGB).

* Logistic Regression (LR)

. Support Vector Machine

The first approach is the Voting Ensemble,'s
which combines the predictions of multiple base
classifiers using probability aggregation to produce
the final prediction.

The second approach is the Stacking Ensemble,!®
where several base classifiers are trained

independently and their outputs are used as inputs
for a meta-classifier responsible for generating the
final prediction.

Both ensemble models were constructed using the
same base classifiers employed in the individual
experiments to ensure a fair and consistent
comparison.

I11.7. EXPERIMENTAL SETUP

The proposed framework was implemented using
Python  within  the  Jupyter = Notebook
environment.

»The implementation utilized e  implementation  utilized

several scientific computing  several scientific computing and
and machine learning

machine  learning  libraties,

SVM)!5 libraries, including Pandas,  including Pandas, NumPy, Scikit-

* Random Forest (RF)t¢

* Extreme Gradient Boosting
(XGBoost)!7

These algorithms were selected because they
represent different learning paradigms. Logistic
Regression provides a simple and interpretable
baseline model, Support Vector Machine is
effective for complex decision boundaries,
Random  Forest represents bagging-based
ensemble learning, and XGBoost represents
gradient boosting methods with strong predictive
capability.

IT1.6. ENSEMBLE LEARNING MODELS

To improve predictive performance, two
ensemble learning approaches were implemented
in this study.

4 F. PEDREGOSA ET AL..: Scikit-learn: Machine learning
in python, Journal of Machine Learning Research, vol.
12, pp. 2825-2830, 2011.

15 C. CORTES — V. VAPNIK: Support-vector networks,
Machine Learning, vol. 20, pp. 273-297, 1995.

16 .. BREIMAN: Random forests, Machine Learning, vol.
45, pp. 5-32, 2001

NumPy, Scikit-learn, learn, 2
Matplotlib, and XGBoost.”

Matplotlib, and
XGBoost.2!

To obtain reliable performance
estimates, model evaluation employed Stratified 5-
Fold Cross Validation while preserving class
distribution within each fold. This strategy
reduced evaluation bias and improved the
reliability of the reported results.

I11.8. EVALUATION METRICS

Model performance was evaluated using multiple
classification metrics to provide a comprehensive
assessment.

* Accuracy
¢ Precision

¢ Recall

17 T. CHEN — C. GUESTRIN: XGBoost: A scalable tree
boosting system, in KDD, 2016.

18 F. PEDREGOSA et al, op. cit.

19 D.H. WOLPERT: Stacked generalization, Neural
Networks, vol. 5, no. 2, pp. 241-259, 1992.

20 F.PEDREGOSA ET AL., op. cit.

21'T. CHEN — C. GUESTRIN, op. cit.
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e Fl-score
¢ ROC-AUC2
¢ Confusion Matrix.23

Among these metrics, Recall is particularly
important because minimizing false negative
predictions is essential in medical diagnosis. In
addition, ROC-AUC was employed to evaluate the
discriminative capability of each prediction model
independently of the selected decision threshold.

Model Category Purpose

Logistic Linear classifier Baseline model

Regression

Suppott  Vector | Kernel-based Nonlinear classification

Machine classifier

Random Forest Bagging Robust prediction
ensemble

XGBoost Boosting Gradient boosting
ensemble

Voting Ensemble Ensemble Prediction aggregation
learning

Stacking Ensemble Meta-learning

Ensemble learning

Table 1. Summary of the Implemented Prediciton Models

IV. EXPERIMENTAL
RESULTS AND
DISCUSSION

IV.1. EXPERIMENTAL ENVIRONMENT

All experiments were conducted using Python
within the Jupyter Notebook environment.
The implementation employed widely used
machine learning libraries, including Scikit-
learn, XGBoost, Pandas, NumPy, and
Matplotlib. The experiments were performed
using an 80:20 train-test split together with
Stratified 5-Fold Cross Validation to obtain
reliable and unbiased performance estimates.
All prediction models were evaluated under
identical experimental settings to ensure a fair
comparison.

IV.2. PERFORMANCE COMPARISON

Six prediction models were evaluated using
Accuracy, Precision, Recall, Fl-score, and
ROC-AUC. These
comprehensive assessment of classification

metrics provide a
performance from different perspectives.
Table II summarizes the overall results
obtained by the implemented machine
learning and ensemble learning models.

ROC
Accur F1-
Model Precision Recall -
cy Score
AUC
Stacking 0.936 0.969
0.9328 0.9365 0.9365
Ensemble 5 7
Random 0.932 | 0.973
0.9286 0.9291 0.9365
Forest 8 1
0.920 | 0.960
XGBoost 0.9160 0.9206 0.9206 6 8
Voting 0.916 0.959
0.9118 0.9260 0.9127
Ensemble 3 0
0.888 0.935
SVM 0.8782 0.8647 0.9127
0 2
Logistic 0.850 | 0.904
0.8403 0.8438 0.8571
Regression 4 1

Table 2. Performance Comparison of the
Implemented Models

22'T. FAWCETT: An introduction to roc analysis, Pattern
Recognition Letters, vol. 27, no. 8, pp. 861-874, 2006

2 D.M.W. POWERS: Evaluation: From precision, recall
and f-measure to roc, informedness, markedness and

Best Main
Study Models Dataset Accuracy | Conttibution
Tiwari et Ensemble Heart Reported Ensemble
al. (2022) Learning Disease | POT¢ framework
Wu et al. Stacking Heart . . Stacking
(2024) Ensemble Disease Reported framework
Korial et Heart Chi-square
A 3 + < 51 >
al, (2024) | Brsemble T ES | by ccase | RPO™d | | priemble
Ganie et Ensemble + | Multiple Reported Explainable
al. (2025) XAI datasets | - POTe Al
LR, SVM, RF, Compatison
- (3 [§
Proposed }s()Bf)()st, 1191 03.28% | of ML and
Method Voting, records
. Ensemble
Stacking

Table 3. Comparison of the Proposed Framework
with Recent Studies

correlation, Journal of Machine Learning Technologies,
vol. 2, no. 1, pp. 37-63, 2011.
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IV.3. DISCUSSION

=8 =

IvV.4.
STUDIES

The experimental results demonstrate that

ensemble learning techniques consistently

individual
heart

outperform
algorithms  for

Among all evaluated models, the Stacking
highest
accuracy of 93.28%, indicating that combining

Ensemble achieved the

multiple base learners through a meta-
classifier improves prediction performance

and model generalization.

Although the Random Forest
classifier achieved a slightly

lower classification accuracy,

it obtained the highest
ROCAUC  value (0.9731),
demonstrating superior
discriminative capability

across different classification
thresholds.

Logistic Regression produced
predictive
performance because of its

the lowest

linear decision boundary,
Support  Vector

Machine achieved noticeable

whereas

improvement by modeling

more  complex  decision
boundaries. Random Forest

and XGBoost further

improved prediction accuracy through.

ensemble

Voting and Stacking ensembles demonstrated

the advantages of
classifiers.

Overall, the obtained results confirm that

ensemble

framework for early heart disease prediction
and can improve clinical decision support

systems.

machine
disease prediction.

tree-based learning, while the

combining multiple

learning  provides

COMPARISON WITH PREVIOUS

Table III compares the proposed framework

with several recent studies on heart disease

learning

overall 1
providing

between

,Unlike previous studies that
mainly focused on a single

ensemble strategy, the
proposed framework
evaluates four individual

machine learning algorithms
together with two ensemble

learning techniques under
identical experimental
conditions. This

comprehensive evaluation

provides a fair comparison

and demonstrates that the
Stacking Ensemble achieved
the highest overall predictive

performance, whereas

Random Forest obtained the

individual

prediction. Compared with previous research,
the  proposed
competitive predictive performance while

approach  demonstrates

comprehensive  comparison

machine  learning

algorithms and ensemble learning techniques
under identical experimental conditions.

The comparative analysis
demonstrates  that  recent
studies  have  increasingly

focused on ensemble learning
techniques to improve heart
disease prediction. Tiwari et al.
[2] proposed
framework  that

an ensemble
improved
predictive performance over
individual classifiers. Wu et al.
[3] employed a stackingbased
ensemble strategy and reported
highly competitive prediction
Korial et al. [4]
integrated  feature

accuracy.
selection
with ensemble learning to
enhance classification

performance, while Ganie et al.

highest ROC-AUC value.”  [5] combined ensemble
learning  with  explainable
artificial intelligence to improve model

interpretability.

Unlike previous studies that mainly focused
on a single ensemble strategy, the proposed

framework evaluates four individual machine

learning

a reliable

algorithms

together with two

ensemble learning techniques under identical
experimental conditions. This comprehensive
evaluation provides a fair comparison and

demonstrates that the Stacking Ensemble

achieved

performance,

overall

highest
whereas

predictive
Random  Forest

obtained the highest ROC-AUC value.

|
i
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ROC Curves for All Models

True Positive Rate

a5 —— Logistic Regression (AUC=0.904)
—— Support Vector Machine (AUC=0.935)
== Random Forest (AUC=0.973)

—— XGBoost (AUC=0.961)

—— Voting Ensemble (AUC=0.959)

—— Stacking Ensemble (AUC=0.970)

0.0

0.0 0.2 0.4 0.6 08 10
False Positive Rate

Fig. 2. ROC curves of the evaluated prediction
m0dels.

Confusion Matrix - Stacking Ensemble

100

True label

Predicted label

Fig. 3. Confusion matrix of the Stacking Ensemble
710del.

The superior performance of the Stacking
Ensemble can be attributed to its ability to
integrate the strengths of multiple base
classifiers through a meta-classifier. Each base
model captures different characteristics of the
dataset, while the meta-classifier combines
their predictions to reduce individual model
errors and

improve  generalization

performance.

The Random Forest model achieved the
highest ROCAUC value because of its robust
decision-tree aggregation mechanism, which
effectively captures nonlinear relationships
among clinical features while reducing
overfitting.

V. CONCLUSION AND
FUTURE WORK

This paper presented a comprehensive
machine learning framework for heart disease
prediction based on both individual machine
learning algorithms and ensemble learning
techniques. The proposed methodology
included data preprocessing, exploratory data
analysis, feature scaling, model training,
ensemble model construction, and
performance evaluation wusing multiple
classification metrics.

Six prediction models were implemented and
evaluated, including Logistic Regression,
Support Vector Machine, Random Forest,
XGBoost, Voting Ensemble, and Stacking
Ensemble. Experimental results demonstrated
that ensemble learning techniques consistently
outperformed individual machine learning
models. Among all evaluated methods, the
Stacking Ensemble achieved the highest
overall classification accuracy of 93.28%,
while the Random Forest classifier obtained
the highest ROC-AUC value of 0.9731,
indicating excellent discriminative capability
for heart disease prediction.

The obtained results confirm that ensemble
learning provides a reliable and effective
approach for improving the early detection of
cardiovascular  diseases. The proposed
framework  offers a  comprehensive
comparison of individual and ensemble
learning methods under identical experimental
conditions, making it suitable for supporting

clinical decision-making systems.

Future work will focus on evaluating the
proposed framework using larger and more
diverse clinical datasets collected from
multiple healthcare centers. In addition, deep
learning  architectures and  Explainable
Artificial Intelligence (XAI) techniques will be
investigated to improve prediction accuracy,
model transparency, and clinical

SmartLaw Research Group
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interpretability. External validation on real-
world hospital data will also be considered to
further assess the robustness and practical
applicability of the proposed framework
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