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Abstract O

are among the leading causes of
mortality worldwide, The {nereasing volume of complex data generated
by diagnostic tools, as electrocardiograms (ECG), poses
significant challenges\ for clinicians, impacting both diagnostic
accuracy and treatmentSpeed. Ensemble Learning (EL), by integrating
multiple models, offers enhanced performance in CVD management;
however, few studies have systematically compared its techniques or
provided a comprehensive classification of EL applications in this
domain. Therefore, this study aims to categorize EL models in CVD
management, evaluate their performance and efficiency within each
category, identify the advantages and limitations of each model, and
analyze the role of feature engineering in their application. To achieve
these objectives, a meta-synthesis approach was employed, examining
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the use of EL models in combination with Machine Learning (ML) and
Deep Learning (DL) techniques for CVD management. The seven-step
method proposed by Sandelowski and Barroso (Y + + V) was applied for
the meta-synthesis. Initially, relevant articles were retrieved from the
Web of Science using predefined keywords. Subsequently, articles
were screened based on title, abstract, accessibility, full content, and
research methodology, and the final selection was made for detailed
analysis. Findings from the meta-synthesis indicate that EL applications
in CVD management can be classified into four main domains:
prediction (Ve articles), diagnosis (¥ articles), identification (YA
articles), and classification (2 articles). The results confirm that EL
models are dominant across all four domains, with their effectiveness
significantly enhanced when integrated wiﬂ/ L and DL techniques.
Among various approaches, Random Forest (r\%ﬂd gradient boosting
algorithms such as XGBoost were the,_madsSt, frequently used and
identified as the most efficient and accur’\&s. This study provides
a structured overview, offering valuable Ansights for researchers in
designing intelligent CVD prediction lagnostic systems, as well as
for clinicians in utilizing thg?e ems, and establishes a framework
for applying hybrid models' ve more precise and effective CVD
management. ©

C

V. Introduction

Effective managema of cardiovascular diseases (CVDs) is
increasingly challenged by the complexity and increasing volume of
data generated by modern diagnostic technologies. This data-rich
environment complicates clinical interpretation and timely diagnosis.
Therefore, artificial intelligence (Al) and machine learning (ML) have
become essential tools, and ensemble learning (EL) techniques—such
as boosting, bagging, and stacking —have emerged as particularly
powerful for building robust predictive models by integrating diverse
data sources. Despite significant advances in this field, there is still a
gap in the systematic and comprehensive review of the literature on the
effectiveness, strengths, and limitations of EL techniques across all
areas of CVVDs management. This study aims to address this gap by
providing a comprehensive review and providing insights that will
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enable researchers and practitioners to apply these models with greater
accuracy and interpretability.

Research Questions:

. How can EL models used in CVD management be categorized?
Y. Which EL models achieve the highest accuracy within each
CVD management category?
Y. What limitations and challenges exist in applying EL models to
CVD management?
. How are EL models typically validated and evaluated?
©. What preprocessing and feature engineering methods are used
in datasets designed for EL-based CVVD management?

Y. Literature Review \

Al covers a wide range of methods that tr Imic how people think
and solve problems. At the heart of it all) you’ve got ML and deep
learning (DL). ML uses stats and a% s to learn from organized
data, while DL leans on artificial _neural networks to pull out deeper
patterns from tricky stuff liR al images or signals. Now, when
we want to boost how well theSesmodels predict things and make them
more reliable, you\turn %o El* EL pulls together predictions from a
bunch of different medels*and blends them into one answer that’s
usually more accura e real point of EL is to cut down on errors by
mixing up diﬁerentaels—so if one misses something, another can
catch it. It will often approaches like bagging, boosting, stacking,
and voting used here. Ensemble methods are valuable in healthcare,
where model reliability and accuracy across diverse patient datasets are
crucial.

¥. Methodology

A meta-synthesis method was employed in this research to
comprehensively analyze and interpret literature results on EL and
ML/DL models in CVD management. It conforms to a seven-step
guideline process by Sandelowski and Barroso in Y« +V, which is most
appropriate for meta-synthesis, especially for incorporating qualitative
studies with their quantitative counterparts. Intensive literature searches
were undertaken on Web of Science with its publication years ranging
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from Y«).-Y.Y¢ and with flexible searching keywords such as
“Cardiovascular Diseases,” “Machine Learning,” “Deep Learning.”
Starting with Y,YYY articles, a rigorous staged process of screening
was undertaken, with consideration for title, abstract, availability, and
final relevance. Finally, YY¢ articles met all criteria to be included in
final meta-synthesis for consideration in their synthesis. Data from
these articles was employed for analysis in meta-synthesis to finally
group models for EL into four groups regarding management for CVDs.

¢ Results

The synthesis of YY¥¢ studies shows that EL models in CVD
management fall into four primary categories: prediction, diagnosis,
classification, and identification. Prediction is the most extensively
studied domain, represented by Ve articles focusing on forecasting
disease onset, stratifying patient risk, optimizing healthcare resources,
and predicting survival outcomes. Diagnosis (Y studies) and
classification (YA studies) are also significant areas where EL and
ML/DL models are used to detect CVDs from biomedical signals such
as ECG and PCG, as well as to differentiate between different types of
heart diseases. Identification (% studies), though less common, focuses
on recognizing key risk factors to support preventive interventions.

In terms of model adoption, EL methods have exceptionally high
popularity in the literature. Random Forest is noticed to be adopted
most in its individual capacity as an algorithm, representing )
occurrences. Amongst popular boosting algorithms, XGBoost leads,
with Gradient Boosting not too far behind in second place, while
AdaBoost follows. Amongst traditional ML algorithms, Support VVector
Machines and Logistic Regression algorithm remain ever popular in
their respective applications in classification problems. On the other
hand, the DL landscape is diverse, with ANNSs and their variants like
MLPs being the most common, while Convolutional Neural Networks
are pivotal for image and signal analysis, and Recurrent Neural
Networks like LSTMs are typically applied to sequential data.

¢. Discussion and Conclusion
EL models, especially RF and XGBoost, play a crucial role in managing
CVD:s in the primary areas of prediction, diagnosis, classification, and
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identification. One major upcoming trend involves the synergy between
EL and DL models such as CNNs, which perform exceptionally on
complex biomedical patterns inherent in classification and
identification problems. Notably, these models require critical
preprocessing steps in data, with techniques for noise reduction,
dimensionality reduction, or correction for class imbalance, such as
SMOTE, being necessary for improving model accuracy, consistency,
and generalizability. Nevertheless, there are numerous challenges in
clinical practice, especially due to their dependency on small-scale
studies, computational complexity, or Bl proprieties, signifying critical
importance for model validation via rigorous testing for accuracy,
sensitivity, specificity, and AUC-ROC, while SHAP analysis or XAl
analysis is being increasingly called for in oyercoming proprieties in

model interpretability.
Keywords: Cardiovascular Diseases WMan \ént, Meta-synthesis
Approach, Ensemble Learning (EL), Macking Learning (ML), Deep
Learning (DL).
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*. Fast Fourier Transform (FFT)
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