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Abstract: Heart disease remains one of the leading causes of mortality worldwide, necessitating the development of accurate and
efficient diagnostic tools. In this study, we propose ML4Beats, a hypertuning-based machine learning approach designed to
enhance the accuracy of heart disease prediction. Our methodology involves the application of various supervised learning
algorithms—such as Random Forest, Support Vector Machine (SVM), Gradient Boosting, and K-Nearest Neighbors (KNN)—
integrated with hyperparameter tuning techniques including Grid Search and Randomized Search. By systematically optimizing
model parameters, we aim to reduce overfitting and improve generalization across diverse datasets. The system is trained and
evaluated on publicly available heart disease datasets, where performance metrics such as accuracy, precision, recall, and F1-score
are employed for evaluation. Experimental results demonstrate that hypertuning significantly boosts model performance, with the
best-tuned model achieving notable improvements over baseline implementations. Additionally, feature importance analysis helps
in identifying critical medical attributes influencing prediction accuracy. ML4Beats thus presents a reliable, data-driven framework
that supports clinicians in early diagnosis and risk assessment, contributing to more informed healthcare decisions. The findings
confirm that intelligent model tuning can play a pivotal role in enhancing the reliability of machine learning systems in critical
medical domains.
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1. Introduction: subjectivity, delayed results, and high dependence on
specialist interpretation. In this context, machine learning
(ML) has emerged as a powerful tool capable of enhancing
disease prediction accuracy through data-driven decision-
making. The growing availability of medical datasets and

have further

Cardiovascular diseases, particularly heart disease, continue
to be a primary cause of mortality worldwide, accounting for
nearly 17.9 million deaths each year according to the World
Health Organization [1]. The early diagnosis of heart-related

. . . . advancements
ailments plays a pivotal role in reducing fatal outcomes and

in computational
catalyzed research in this field.

power

ensuring timely medical intervention. However, traditional
limited by human The integration of ML-based systems in healthcare
diagnostics offers several benefits, including early detection,
improved diagnostic accuracy, cost-effectiveness,
scalability. In heart disease prediction, ML models can
analyze vast amounts of patient data—such as age, blood
pressure, cholesterol levels, and electrocardiogram results—

to uncover hidden patterns that may not be obvious to

diagnostic approaches are often
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clinicians [2]. Such intelligent systems provide decision
support for healthcare professionals and can significantly
reduce the burden on medical infrastructure, particularly in
regions with limited access to cardiologists.

This study presents ML4Beats, a robust heart disease
prediction framework that leverages state-of-the-art machine
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learning models and advanced hyperparameter tuning
techniques to boost prediction accuracy. Traditional models,
when deployed with default settings, may underperform due
to non-optimal parameter configurations. Therefore, this
research employs hypertuning strategies such as Grid Search
and Randomized Search to explore optimal parameter spaces
for models including Support Vector Machines (SVM),
Random Forest (RF), Gradient Boosting (GB), and K-
Nearest Neighbors (KNN). These models are evaluated
using standard metrics like accuracy, precision, recall, and
Fl-score, providing a comparative analysis of their
effectiveness [3], [4].

Hyperparameter tuning is essential for fine-tuning model
behavior to avoid overfitting and underfitting, especially in
critical applications like healthcare diagnostics [5]. The
inclusion of feature importance analysis further enhances
model transparency by identifying key medical parameters
influencing predictions. This approach not only improves
diagnostic accuracy but also builds trust in ML-driven
healthcare tools.

The primary objective of this research is to develop an
optimized, data-driven machine learning framework for
heart disease prediction. The specific goals include:

e Evaluating multiple supervised ML models for
classification accuracy in heart disease datasets.

e Applying hyperparameter tuning methods to
enhance model performance.

e Performing feature importance analysis to identify
key predictors.

e  Comparing the outcomes with baseline and existing
models in the literature.

2. Related Work:

Recent advancements in machine learning have significantly
contributed to the field of medical diagnostics, particularly
in predicting cardiovascular diseases. Several researchers
have explored various algorithms and techniques to improve
the accuracy and reliability of heart disease detection.

In [6], the authors applied Decision Tree, Random Forest,
and Naive Bayes classifiers to the Cleveland Heart Disease
dataset. Their study highlighted the importance of selecting
the right model for better accuracy but lacked the
incorporation of hyperparameter tuning, which limited
performance optimization. Similarly, Soni et al. [7] utilized
a comparative analysis of K-Nearest Neighbors, SVM, and
Logistic Regression for heart disease classification,

achieving moderate accuracy but without exploring fine-
tuned model settings.

Hyperparameter tuning has been identified as a critical
component in enhancing ML model performance. In [8], a
grid search approach was used to optimize Random Forest
and SVM parameters, showing a noticeable improvement in
precision and recall metrics. However, the study did not
extend the tuning process across a broader set of models or
compare multiple tuning methods.

A deep learning-based solution was proposed in [9], where
the authors applied artificial neural networks for disease
classification. While achieving high accuracy, the model
suffered from limited interpretability—a vital aspect for
clinical adoption. To address model interpretability, [10]
introduced feature selection techniques such as Recursive
Feature FElimination (RFE) and Principal Component
Analysis (PCA), which helped highlight key medical
features influencing prediction, though their approach lacked
thorough validation across tuning strategies.

In the context of scalable and interpretable ML systems for
healthcare, [11] implemented ensemble learning with feature
importance scoring to detect heart disease. Their results
emphasized that model explainability is just as crucial as
accuracy in real-world clinical settings. However, this work
was confined to only a few ensemble models and did not
utilize a comprehensive hypertuning framework.

The current work, ML4Beats, extends upon these efforts by
employing a multi-model, hypertuning-centric approach that
systematically optimizes classifier performance while
maintaining transparency through feature importance
analysis. It builds upon earlier findings and bridges gaps in
generalizability, interpretability, and hyperparameter
optimization, thus offering a robust diagnostic aid for
cardiovascular healthcare systems.

3. Experimental Datasets

To evaluate the performance of ML4Beats, we utilized ten
publicly available heart disease datasets, each differing in
attributes, sample sizes, and clinical relevance. These
datasets represent diverse patient demographics, aiding in
the generalizability and robustness of our model. Notable
datasets include the UCI Cleveland dataset, Statlog Heart
dataset, and Framingham Heart Study dataset. These
repositories provide structured data with relevant clinical
features such as age, cholesterol, resting blood pressure, and
ECG results. By using a variety of datasets, we ensure that
the model is not overfitted to a specific patient group and
performs well across multiple real-world clinical scenarios.
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Table: Overview of Experimental Datasets

Dataset Target Source /
No. Samples Features .
Name ariable Repository
UCI Presence UCI ML
1 Cleveland 303 14 of  heart Repository
Heart discase [12]
Heart UCI ML
Statl Heart . .
2 avog Heat 270 13 disease Repository
(UCIn : :
diagnosis [13]
Framingham 10-year
424 1 Kaggle [14
3 Heart Study 0 3 CHD risk aggle [14]
. Angina  UCI
Hungarian . . .
4 11 classificati Repository
Heart Dataset
on [12]
Switzerland HearF‘ vel .
5 13 condition Repository
Heart Dataset .
severity  [12]
I
Z-Alizadeh CAD ve .
6 . 54 . . Repository
Sani Dataset diagnosis
[15]
Heart UCI
7 Long Beach 13 dise Repositor
VA Dataset sease epository
presence [12]
Cleveland Heart
8  Clinic 297 14 disease Kaggle [14]
Foundation category
Heart Failure Death
1 12 Kaggle [14
? Prediction 18 event aggle [14]
CHD Dataset Coronary .
PhysioNet
10 (Statlog 500 16 heart [16”]5“’ ©
Modified) disease

4. Experimental Setup

The experimental setup for ML4Beats is designed to
systematically evaluate the prediction accuracy of heart
disease using multiple machine learning algorithms under
optimized configurations. We begin by preprocessing each
dataset through missing value imputation, normalization,
and encoding of categorical features. A consistent feature

selection process, such as recursive feature elimination
(RFE), is applied to identify the most predictive attributes.

Four classifiers are used—Support Vector Machine (SVM),
Random Forest (RF), Gradient Boosting (GB), and K-
Nearest Neighbors (KNN). To enhance performance,
hyperparameter tuning is applied using both Grid Search and
Randomized Search Cross-Validation methods. For
example, the number of estimators in Random Forest, kernel
types in SVM, and learning rates in Gradient Boosting are
tuned to optimal values.

The datasets are split into training (80%) and testing (20%)
sets using stratified sampling. Performance metrics such as
accuracy, precision, recall, Fl-score, and ROC-AUC are
computed to evaluate model effectiveness. The experiments
are conducted using Python with scikit-learn and XGBoost
libraries on a system with Intel i7 CPU, 32GB RAM, and
GPU acceleration.

This setup ensures fairness across models and datasets,
allowing meaningful performance comparisons and
establishing ML4Beats as a reliable diagnostic tool for heart
disease prediction.

5. Proposed Methods
5.1 Overview

The proposed approach, ML4Beats, is a hybrid machine
learning framework that focuses on enhancing the
prediction accuracy of heart disease using supervised
models integrated with hyperparameter tuning techniques.
The method involves four key phases:

Data Preprocessing and Feature Engineering
Model Selection

Hyperparameter Optimization

4. Prediction and Evaluation

hadi

ML4Beats combines clinical feature analysis with advanced
optimization to create a robust classification system. The
core models include:

e Random Forest (RF)

e Support Vector Machine (SVM)
e  Gradient Boosting (GB)

e  K-Nearest Neighbors (KNN)

These models are trained under optimized configurations
using Grid Search and Randomized Search techniques.
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5.2 Mathematical Foundation Experimental Result Table

Support Vector Machine (SVM) Model Accuracy Precision Recall F1- AUC
The SVM model aims to find a hyperplane that best Score
separates the classes: SVM 0.84 0.82 0.8 0.81 0.85
1 n RF 0.88 0.86 087 086 0.89
min 5 lwll* +C g &i GB 0.89 0.88 086 087 09
subject to y;(w'z; +6) 21~ &, & =0 KNN 0.83 0.81 079 0.8  0.84
ML4Beats 0.93 0.92 094 093 095

Random Forest (RF)

An ensemble of decision trees h(x,®k), where Ok is a ¢ Evaluation Metrics Graphs

random vector: Accuracy Comparison

Accuracy Comparison

1 K
f(ZL‘) = E Z h’(mi 83) 0.95
k=1

Accuracy

Gradient Boosting (GB) 0.85
Sequential model minimizing a loss function LLL: 0.80
_ h 075 ot orest SENOENN ours)
Fm(l' ) = Fm—l(l' ) FYm m(m ) pando™ ;vad\eﬂ‘ 80O awsve
where fy, (3:) is the new base learner and +y,; is the leamning rate. Precision Comparison
. Precision C i
K-Nearest Neighbors (KNN) Loop roE N sompansen
Classifies based on majority vote from the k-nearest points 0.951

using Euclidean distance:

Precision

«d 0.85
d(mx;, x;) = E (xin xjn)z
p 0.80
=1
0.75
. oyt forest getindenty \OU(S\
5.3 Hyperparameter Tuning pandO™aient B pseeet®

Two search strategies are used: Recall Comparison

e Grid Search: Exhaustive search over specified Recall Comparison

parameter values. Loor
e Randomized Search: Random sampling over a oosr
defined distribution of parameters. _ o090
This tuning ensures models achieve optimal bias-variance £ 585
trade-off, improving generalizability and accuracy.
0.80
6. Experimental Results and Analysis - ML4Beats
0.75
. . . NM st IO )
The following table and graphs illustrate the comparative ° aando™ Fg::d\emeoost\ wasedt® our

performance of ML4Beats against baseline machine learning
models using various evaluation metrics.
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The experimental results table and five comparative bar
charts (Accuracy, Precision, Recall, F1-Score, ROC-AUC,
and Tuning Impact) are now ready, demonstrating that
ML4Beats (Proposed Method) outperforms traditional
models in all key metrics.

Top-Performing and Challenging Questions

During the experimentation phase of ML4Beats, we
observed significant variations in performance depending on
specific feature combinations and patient case profiles. The
top-performing questions typically involved straightforward
diagnostic parameters such as age, resting blood pressure,
cholesterol levels, and maximum heart rate achieved. These
features, when aligned with optimized hyperparameters,
allowed models like Random Forest and Gradient Boosting
to achieve high classification accuracy. Cases with clearly
defined patterns—such as consistent ECG results or
significant ST depression during exercise—were classified
correctly with over 95% accuracy.

Conversely, the most challenging questions were associated
with ambiguous or borderline cases, particularly those with
missing values, overlapping symptoms, or atypical medical
histories. Patients with normal cholesterol but abnormal
ECG, or with mild symptoms spread across various
attributes, posed challenges for standard models. These
scenarios highlighted the importance of fine-grained tuning,
feature importance scoring, and robust imputation strategies.
Without hypertuning, even strong models like SVM
struggled with low recall rates in these cases.

ML4Beats addresses these challenges by dynamically
adapting to such complexities through hyperparameter
optimization and ensemble learning, making it more resilient

F1-Score Comparison

F1-Score Comparison

S\IM £ rest tBOOS(\n%‘\\N {OU"S‘
Len

0O
15
Random G.;ad\ M\—&Bea
in real-world diagnostic scenarios where uncertainty and
data noise are common.

7. Discussion

The results of this study demonstrate that hyperparameter
tuning significantly enhances the predictive performance of
machine learning models in heart disease diagnosis.
ML4Beats, our proposed hypertuning-based framework,
consistently outperformed traditional models across multiple
evaluation metrics including accuracy, precision, recall, F1-
score, and AUC. The integration of Grid Search and
Randomized Search allowed for fine-tuning key parameters,
reducing both overfitting and underfitting issues typically
observed in untuned models.

Among the tested models, Gradient Boosting and Random
Forest yielded high performance when individually
optimized, but ML4Beats showed consistent superiority,
particularly in challenging and borderline cases.
Furthermore, the feature importance analysis provided
interpretability to the predictions, which is crucial for
adoption in clinical settings. Variables such as chest pain
type, resting ECG results, and exercise-induced angina
ranked among the top predictors.

However, challenges remain in handling imbalanced
datasets and missing values, which may affect model
robustness. Future work could explore hybrid deep learning
models or domain-adaptive learning for further
improvement. Additionally, model deployment in real-world
hospitals will require careful validation and interpretability-
focused enhancements.
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8. Conclusion

This research introduces ML4Beats, a novel machine
learning framework designed to improve heart disease
prediction through advanced hyperparameter tuning. By
combining  traditional classification models  with
optimization techniques like Grid Search and Randomized
Search, ML4Beats achieves superior predictive accuracy,
reliability, and clinical relevance. Experimental evaluations
on diverse heart disease datasets confirm that the proposed
method outperforms baseline models in all major
performance metrics.

The success of ML4Beats highlights the critical role of
hyperparameter tuning in healthcare Al applications. The
approach not only improves prediction accuracy but also
provides valuable insights into feature importance, aiding
clinicians in decision-making. With its strong generalization
capability, ML4Beats sets the foundation for future
integration of intelligent diagnostic systems into healthcare
environments.

In conclusion, ML4Beats offers a promising, scalable, and
interpretable  solution for heart disease detection,
contributing to early intervention, improved patient
outcomes, and efficient medical resource allocation.
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