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Abstract—Cardiovascular disease is a widespread and
potentially fatal condition that requires proactive preventive
measures and efficient screening approaches on a global scale.
To tackle this issue, recent studies have investigated novel
machine-learning frameworks that propose to diagnose and
forecast cardiovascular disease by capitalizing on enormous
datasets and predictive patterns linked to this condition. The
research contribution is a thorough examination and
implementation of ensemble learning and other hybrid
machine-learning techniques for heart disease prediction. By
employing ensemble learning on datasets including The
Cleveland heart disease dataset and The IEEE Dataport heart
diseases dataset such as age, chest pain type, blood pressure,
blood glucose level, ECG in rest, heart rate, and four types of
chestpain. To predict heart disease, our methodology integrates
numerous machine learning models. By capitalising on the
merits of specific algorithms while addressing their drawbacks,
this approach yields a predictive model that is more resilient.
The findings of our research exhibit encouraging outcomes in
the realm of heart disease prediction, attaining enhanced
precision and dependability in contrast to discrete algorithms.
Through the utilisation of ensemble learning, we successfully
discerned predictive patterns that are linked to heart disease,
thereby augmenting the capabilities of diagnostics. In summary,
the findings of our study emphasise the considerable potential
of ensemble techniques within the realm of machine learning for
the advancement of cardiac disease prediction. By providing a
more dependable method for rapid diagnosis and prognosis of
cardiac disease, this strategy has substantial ramifications for
healthcare practices.

Keywords—Heart Disease; Hybrid Machine; Machine
Learning; Supervised; Unsupervised.

L INTRODUCTION

Health data must be transformed to account for behavior
and can be monitored globally. A considerable number of
individuals encounter difficulties when searching for health
information about maladies online, and diagnosing various
medications, which can be time-consuming, and wasting
money [1].

It is the vital function of the heart to circulate oxygen-rich
blood throughout the body via the capillaries and arteries.
Anything that impacts the heart is referred to as cardiac
disease [2]. A World Health Organization report estimates
that cardiac disease is responsible for the demise of around
17 million individuals annually on a global scale [3]. A
multitude of heart diseases exist, including but not limited to
coronary artery disease, congenital heart disease, and
arrhythmia. Manifestations of heart disease in patients
include chest discomfort, vertigo, and excessive perspiration.

Diabetes, obesity, smoking, and hypertension, among
others, are the leading causes of cardiovascular disease [4].
Early detection of cardiac disease is not adequately addressed
by current diagnostic methods for many reasons, including
execution time and accuracy. Consequently, scientists are
striving to develop a methodology that effectively identifies
cardiovascular diseases at an early stage. In the modern era,
diagnosing and treating cardiac disease is extraordinarily
challenging—the absence of technology and medical
specialists [5]. Heart disease is a specific pathological state
characterized by irregularities affecting the circulatory
system and originating in the heart. It can range from
complications with the heart rhythm to blood vessel disease
[6]. Medical specialists ascertain heart disease via a
comprehensive evaluation of the patient's medical history and
physical symptoms, which may involve blood pressure,
glucose, and cholesterol readings. Furthermore, to ascertain
the presence of coronary angiography, advanced medical
examinations including the utilization of X-rays,
echocardiograms, electrocardiograms (ECGs), exercise stress
tests, radionuclide assessments, MRI scans, and CT scans
may be employed [7].

The field of machine learning is crucial for early disease
detection, aiming to conclude new data by revealing hidden
patterns in observations [8]. Early detection of cardiac
disease has the potential to reduce mortality rates, leading
researchers from diverse backgrounds to employ machine
learning in examining this matter. Recent advancements in
machine learning have sparked renewed interest in predicting
heart disease diagnosis for individual patients [9]. Decision
trees are commonly used in the early detection of heart
disease, offering advantages in clinical contexts for
classifying unseen data and ease of comprehension by
decision-makers [10][11]. The increasing volume of newly
generated data leads to a rise in effective implementations of
decision tree variants in this field [12][13]. Although
numerous studies in various application domains primarily
concentrate on prediction through the utilization of decision
trees, The sub-domain of cardiac disease has seen a paucity
of graphical representations for modeling and extracting rule
sets; this could aid in the making of decisions. To compensate
for the aforementioned deficiencies, the purpose of this
research is to model and forecast cardiac disease. A
comprehensive data set comprising five data sets, comprising
1190 observations and eleven features, was utilized for this
investigation. To enhance the precision and efficiency of the
model's execution, the data underwent pre-processing.
Furthermore, an analysis was conducted on the Classification
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and Regression Tree (CART) algorithm, which was
suggested and evaluated for its ability to accurately detect
cardiac disease and generate a graphical representation of the
model's rule inferences. In contrast to the majority of studies,
the implications and outcomes of this investigation can be
readily integrated into future clinical decision support
systems by utilizing the provided rule sets and modeling
outcomes. Ensemble methods, including gradient boosting
and random forests, enhance the robustness and
dependability of cancer classification models [14]. By
combining diverse models, each with its advantages,
ensemble methods address these shortcomings by leveraging
the collective intelligence of multiple algorithms. This
collaborative approach reduces the risk of overfitting and
enhances the generalization ability, resulting in more resilient
and robust predictions. Ensemble learning proves effective in
cancer classification systems, improving overall precision
and consistency. Machine learning algorithms play a crucial
role in rapid analysis and decision support for cancer
diagnosis and treatment when integrated into real-time
systems. Capable of processing large amounts of data in real-
time, these algorithms extract relevant information
efficiently, providing clinicians with evidence-based insights.
The timely and accurate dissemination of information
empowers medical professionals to utilize this technology to
enhance patient outcomes, customize treatment strategies,
and make informed decisions [15].

Classification is employed to train a model, known as a
classifier, by utilizing a substantial quantity of labeled data
and instances. Additionally, it is utilized to classify a test
example into one of the classes by employing an informed
ideal termed analysis—classification-based techniques for
variance discovery function in a similar fashion across two
phases. Instructing a classifier to utilize the accessible
characterized training statistics [16] will comprise this course
segment. By employing classification—variance detection
techniques for classification functions, the test segment
categorizes a test instance as normal or aberrant into one or
more classes. One-class-specific variance recognition
performances are predicated on the premise that every
training instance includes a solitary class identifier. Both
approaches utilize a one-gender classification algorithm to
establish a biased boundary between standard cases. A test
instance is considered "anomalous" if it deviates from the
examined limits during a procedure that identifies anomalies
across multiple classes. The training data demonstrates the
classification of instances into numerous common classes
[17]. The categorization is intended to differ between each
typical course and the remaining courses, including anomaly
detection methods. An instance of a test is deemed abnormal
if any of the classifiers fail to identify it as natural. Certain
techniques within this subdivision establish a connection
between trust and classification prediction. An anomaly
exists when neither of the classifiers is certain that the test
instance has been labeled as natural.

The clustering algorithm is a process of unsupervised
learning that has numerous industrial and academic
applications. Partitioned clustering is a prevalent technique
among the many available [18] clustering methods due to its
minimal computational demands. The process of partition

clustering may be conceptualized as an optimization problem
in which locating the optimal clustering center is the
objective. A solitary objective function is employed by
McDowell to assess the grade of clustering. The majority of
these clustering methods evaluate the clustering results using
a singular objective function [19]. By reading previous
studies, the researchers’ goals and my goal are to identify the
main risk factors associated with heart disease.

Developing predictive models for early detection of heart
disease. Evaluating the effectiveness of different machine
learning algorithms in predicting heart disease. Evaluate the
influence of lifestyle factors on the development of heart
disease. Investigate potential interventions or treatments to
reduce the risk of heart disease.

The remainder of the paper is arranged as follows. The
most popular dataset for heart disease utilized by researchers
in this area is presented in Section 2, along with background
information on machine learning and classification methods.
Section 3 offers a tabular comparison and a study of the
literature on the projected research effort currently being
done in this field.

1L BACKGROUND

This section provides concise explanations of the subjects
that are pertinent to the paper, including machine learning and
hybrid machine learning and its supervised and unsupervised
techniques.

Machine learning (ML), which falls under the umbrella of
artificial intelligence, utilizes mathematical models of
varying complexity to facilitate uninstructional learning in
computers. ML has gained much traction in healthcare
research, primarily due to its adaptability and capacity to
assist in making sense of the ever-growing quantity of
electronic data. To date, however, clinically applicable
applications appear to be restricted to fields that utilize
imaging [20][21][22] and high-frequency time-series data
[23][24]. ML models, despite their considerable strength,
possess certain limitations that may impede their applicability
in pharmacovigilance. One such vulnerability is their black-
box structure [25][26], which currently precludes them from
being compatible with certain branches of causal inference
[27]. However, to be effective, they require sizable (or
information-rich) datasets when applicable [28]. Machine
learning utilizes algorithms to extract valuable insights from
data, a rapidly expanding discipline. Various fields, including
medicine, benefit from informed predictions and decisions
drawn from this data. Machine learning encompasses
surveillance-based, unsupervised, and other algorithms,
including learning ensembles [29] used to assess dataset
precision and categorization. Numerous methodologies, such
as Naive Bayes classification, decision trees, and artificial
neural networks, are applied in cardiac disease diagnosis.
These algorithms facilitate the creation of predictive models
for effectively identifying cardiac disease prevalence from
patient data, particularly valuable in medical diagnosis.
Moreover, machine learning extends to forecasting other
conditions like liver disease, diabetes, and tumors [30] .The
term "hybrid" generally refers to a composite of two or more
elements possessing characteristics that are either dissimilar
or similar. Various constituents possess while they possess
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different qualities; however, upon joining, the final element
may possess both qualities. A hybrid strategy integrates two
or more algorithms, each possessing its own unique set of
advantages. When algorithms are combined, novel outcomes
are generated that may be more precise and accurate than
when the techniques are used in isolation [31]. It is used in
many fields, including diagnosing hepatitis [32]. heart
disease, and others. Fig. 1 shows the percentage of use of
machine learning during the previous four years.

2019 2022

25.9% 27 8%

28,1 % 22 7%

2020 2021

Fig. 1. Shows the percentage of use of machine learning during the previous
four years

The principal ML techniques fall into the following
categories:

A. Supervised Machine Learning

This method utilizes a dataset containing instances and
their corresponding responses (the output). The algorithm is
capable of acquiring knowledge from the dataset via a
training procedure, and subsequently applying that
knowledge to any novel input. The supervised learning
technique is illustrated by classification and regression [32].
This section provides concise definitions of the classification
techniques that are most frequently employed in the
prediction of cardiac disease.

1) Support Vector Machine

Supervised learning models are employed in
classification and regression analysis to examine data and
identify patterns. SVM is specifically engineered to identify
hyperplanes that partition data in N-dimensional regions (N-
features). There are two possible interpretations regarding the
linear distinction of data within a given dataset. However, if
the data are not linearly separable, the linear kernel is
ineffective.

When data are linearly distinct, they are challenging to
separate. For classification, samples from one class are
positioned on one side of a hyperplane, and samples from
another class are positioned on the opposite side. The
hyperplane is optimized to ensure the maximum possible
separation between the two classes. [34] Support vectors
consist of class data elements that are in closest proximity to
the hyperplane. Fig. 2.

Example-SVM was used to predict cardiac illness in a
research that was published in the Journal of Medical Internet
Research. Researchers gathered information on a range of
patient characteristics, including age, gender, blood pressure,
cholesterol, and heart disease in the family history. Using this

dataset, they trained an SVM model to categorize individuals
into heart disease risk groups: high-risk and low-risk. The
SVM model demonstrated a high degree of accuracy in
predicting the risk of heart disease, enabling medical
professionals to identify patients who could benefit from

medication or lifestyle modifications as preventative
measures.
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Fig. 2. Support Vector Machine

2) K-Nearest Neighbour

One of the most extensively used machine learning
procedures for classification problems, pattern recognition,
and regression, KNN is a straightforward model. KNN
obtains neighbors from data. by utilizing the Euclidean
distance between data locations [35]. This algorithm is
implemented to solve classification and regression issues.
When k is a user-defined constant, it will locate all existing
feature cases that are similar to the new case and encircle all
cases to locate the new case for a similar category.
Consequently, the K value is crucial and must be selected
with care, as an extremely small K may result in overfitting
of the system. A few limitations exist, including subpar
performance when confronted with a large training dataset.

Example-KNN was used by researchers to predict cardiac
illness in a study that was published in the International
Journal of Medical Informatics. They obtained information
from individuals having heart evaluations, such as age, BMI,
blood pressure, and ECG readings. They created a prediction
model that could categorize individuals into various heart
disease risk groups by using the KNN algorithm on this
dataset. Promising outcomes were shown by the KNN model
in correctly identifying those who are susceptible to heart-
related problems, allowing for early intervention and
individualized treatment plans.

3) Decision Tree

At present, decision trees (DTs) are among the most
potent and extensively implemented predictive and
classification techniques in machine learning. Numerous
scholars have employed it as a classifier within the healthcare
domain to evaluate data and arrive at conclusions. By
learning, DT generates a model that anticipates the value of a
target variable. By generating fundamental decision rules
from data properties and segmenting data into branch-like
units. Input values can be classified as either continuous or
discontinuous. Probability scores or class designations are
returned by the leaf nodes. The tree can be transformed into
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a collection of decision principles [36]. Fig. 3 The figure
illustrates the idea of a decision tree.

Example-Decision trees were used in a study by a group
of cardiologists and data scientists to estimate the risk of heart
disease. From electronic health records, they collected
information on the patient's demographics, medical history,
and results of diagnostic tests. They were able to determine
important risk variables and create a prediction tool for
determining each patient's chance of developing heart disease
by using a decision tree model. Through focused treatments
and optimized patient care pathways, the decision tree model
gave doctors practical insights.

4) Gradient Boosting (GB)

An ML algorithm utilized for regression and
classification is GB. It is an ensemble method in which a
robust predictor is generated by combining numerous poor
learners. To minimize the loss function, the algorithm
operates by applying decision trees to the residuals of the
current model iteratively. With each iteration, the by directing
attention toward the blunders that occurred during the
preceding iteration. By summing the predictions generated by
each tree in the model, the final forecast is ascertained [37].
Hyperparameters, namely the number of trees, learning rate,
and complexity of the trees, are modifiable to optimize the
algorithm's efficacy [38].

Example-Using patient data gathered from wearable
technology and health monitoring applications, a healthcare
organization used gradient boosting in the real world to
forecast heart disease. Features including sleep patterns,
physical activity levels, and heart rate variability were
included in the dataset. They developed a prediction model
that might identify early indicators of heart illness and notify
users to seek medical assistance by using the gradient
boosting technique. By enabling people to actively track their
cardiovascular health and schedule timely physician visits,
the GB model improved preventive healthcare.

5) Random Forest

Random Forest is a strategy for classifying data that
makes use of an extensive collection of decision trees. By
combining bagging and feature randomization, an
uncorrelated forest of trees is generated, where the accuracy
of the committee prediction surpasses that of any individual
tree frequently employed in classification and regression
tasks. To attain the most favorable result, this classification
methodology generates and merges numerous decision trees.
For tree learning, it primarily employs bootstrap aggregation
or bagging [39]. Fig. 3, The figure illustrates the idea of a
Random Forest.

Example-The random forest algorithm was used in
retrospective research at a cardiology clinic to predict the
course of heart disease in patients with coronary artery
disease. Clinical characteristics including medication history,
imaging results, and cardiac biomarkers were included in the
dataset. Researchers created a prognostic tool for evaluating
the likelihood of adverse cardiac events, such as heart attack
or stroke, by training a random forest model on this dataset.
When it came to risk stratification, the random forest model
performed better than other models, which helped doctors

better customize treatment programs and improve patient

outcomes.
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Fig. 3. Random Forest

B. Unsupervised Machine Learning

Unsupervised learning systems can identify distinctive
features like retractable talons, whiskers, and long tails,
revealing concealed patterns within data for forecasting.
Employing principal component analysis (PCA) and cluster
analysis, unsupervised ML removes associated features using
covariance matrices, eigenvalues, and eigenvectors.
Recognized algorithms include the Self-Organized Model
(SOM), K-Mean, PCA, and LDA. The K-means clustering
algorithm, incorporating preprocessing and outlier detection,
initially identifies anomalies in the diabetes dataset [40].
Subsequently, the SVM classification algorithm is applied.
Using K-means, patients are categorized as healthy or
diabetic in a healthcare dataset for expectant women. The
study achieves 78% accuracy with the K-Means algorithm
[41]. Given the extensive scale of the diabetes dataset,
understanding the fundamental components of diabetes
detection and prognosis is crucial.

This section briefly defines unsupervised techniques used
in heart disease prediction, spanning various fields such as
botnet detection [42].

1) K-means

The k-means algorithm is frequently applied in data
science across multiple iterations. Based on their similarity,
the k-means clustering algorithm divides components into
groups. Fig. 4 illustrates a graphical representation of the K-
mean clustering workflow. K represents the number of
groups. Consequently, three groupings will result if k equals
three: [43], [44], [45]. For each data point, this clustering
algorithm divides the unlabeled dataset into distinct clusters
that share similar characteristics. The challenge lies in
identifying cluster centroids, which are K-shaped centers.
There will be a cluster centroid for each group. Once a new
data point is introduced, the algorithm will employ metrics
such as Euclidean distance to determine to which cluster the
data point is associated. Utilizing the K-mean clustering
method, which is iterated until the optimal centroid is
obtained, the centroids are computed. Most likely, the
number of groupings is known. It is also referred to as the flat
clustering algorithm.
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"K" represents the quantity of groups identified by the
algorithm in K-means [46]. Implementations in Market
segmentation, Grouping of documents and images,
Algorithm for dynamic data trend analysis, Customer
segmentation, and Image compression.

Example-Using k-means clustering, researchers were
able to distinguish between different patient groupings
according to their heart disease risk factors in a study that was
published in the Journal of Healthcare Informatics Research.
They gathered information on the demographics of the
patients, their lifestyle choices, and clinical parameters
including blood pressure, cholesterol, and glucose levels.
They discovered common patterns of heart disease risk
variables inside each cluster by utilising the k-means
algorithm to cluster individuals into groups with comparable
risk profiles. In the end, this data improved cardiovascular
health outcomes by enabling tailored risk management plans
and targeted therapies for various patient groups.
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Fig. 4. Workflow of K-mean Clustering

2) Principal Components Analysis (PCA)

Principle Component Analysis (PCA) is a method for
reducing the dimensionality of large data sets. It
accomplishes this by converting numerous variables into a
smaller group while preserving the majority of the data
information present in the "large set." The depletion of
accuracy Although it is inevitable to reduce the number of
variables in a dataset, doing so in exchange for simplification
compromises some accuracy when attempting to reduce
dimensionality. machine learning algorithms find data
analysis simpler and more efficient due to the absence of
superfluous variables to examine and the ease of studying and
visualizing smaller datasets [47]. PCA, in summary, aims to
reduce the number of variables in a given dataset while
preserving the maximum amount of information possible.

Example-PCA was used in a research study at a cardiac
rehabilitation center to analyze multidimensional data from
echocardiograms, stress tests, and blood assays, among other
heart assessment tests. Numerous associated variables about
heart function and health markers were included in the
dataset. Latent wvariables, or principal components, that
describe underlying patterns in heart health were found by
researchers using principle component analysis (PCA) to
minimize the dimensionality of the data while maintaining its
essential information. These key elements were useful
markers for determining patients' heart disease risk and
tracking their progress via rehabilitation treatments.

3) Frequent Pattern Growth Algorithm

The Frequent Pattern (FP) Growth algorithm has been
implemented as an enhancement to the Apriori algorithm.

The database is represented by this algorithm as a pattern or
frequent occurrence. tree structure (FT). By utilizing this
regular tree, the most prevalent patterns are identified. The
Apriori method requires n + 1 database scans (where n is the
length of the most extended model), whereas the FP growth
method only requires two scans [48]. Uses Application A
Frequent pattern (FP) growth algorithm can resolve a variety
of issues, including clustering, classification, software issue
identification, and recommendations.

C. Reinforcement Learning

This method strikes a balance between supervised and
unsupervised learning in that the performance of the model is
enhanced through its interactions with the environment.
Understand how to rectify its errors as a result. It should
achieve the desired outcome by conducting analysis and
exploring various potential solutions [36]. Example-Using
the Frequent Pattern Growth (FP-Growth) algorithm,
researchers analysed electronic health data in a clinical trial
at a cardiology clinic to find recurrent patterns in the
symptoms, test findings, and treatment outcomes of patients
with heart disease. Through the use of FP-Growth to mine
common patterns from the dataset, they were able to identify
correlations between certain clinical variables and the course
of the illness or the effectiveness of therapy. By forecasting
patients' risk of suffering from unfavorable cardiac events
and creating customized care plans, these insights assisted
healthcare practitioners in improving patient outcomes and
treatment tactics.

I1I. PERFORMANCE EVALUATION

The performance metrics employed in this study were
pivotal in assessing the classifiers' efficacy and precision.
Several metrics were utilized in the analysis, such as AUC-
ROC, F1-score, Cohen's kappa (), recall, precision and mean
squared error (MSE). The aforementioned metrics
contributed significant insights regarding various facets of
the classifiers' efficacy. The assessment was conducted
utilizing the confusion matrix presented in Table I, which
illustrates the outcomes of the classification process
concerning false positives (FN), true negatives (TP), true
positives (TN), and false positives (FP). TN denotes instances
that were accurately forecasted as belonging to the negative
class, whereas TP signifies instances that were accurately
predicted as belonging to the positive class. Positive-class
inaccurate predictions (FP) and negative-class incorrect
predictions (FN) are denoted as FP and FN, respectively. The
MSE and the errors table comprise the additional
performance evaluators in the predictive models. Frequently,
these relationships are employed to quantify the

TABLE I. THE CONFUSION MATRIX

Predicted Positive
Actual Positive True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

Accuracy = (TN + TP) /(TN + FP + TP + FN ) * 100%
Precision =(TP/) / (TP + FP) X 100%)
Recall = (TP) / ((TP_+ FN) x 100%)
Kk=2X
(TP-TN — FP - FN)/TP + FP) - (FP + TN) + (TP + FN) - (FN + TN
F1-score = 2x Precision X Recall/Precision + Recall
MSE =% L — x)?

Predict Negative
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IV. PREVIOUS SURVEYS

Heart disease datasets have undergone extensive
experimentation and investigation. The compilation of past
research includes datasets that scientists have worked on,
amalgamated based on shared attributes. The present study
focuses on the analysis of this combined dataset.

In terms of global mortality, fatalities related to cardiac
disease remain the most prevalent. Throughout the years, a
multitude of traditional approaches have been utilized to
detect cardiac disease. Conversely, traditional methodologies
for evaluating risk are often implemented, such as the Hazard
Ratio, Framingham Risk Score, Thrombolysis in Myocardial
Infarction, Systematic Coronary Risk Evaluation, Global
Registry of Acute Coronary Events, and QResearch Risk.
However, these techniques possess specific limitations in
comparison to approaches based on machine learning [49]
[50].

These limitations include the need for additional
assumptions, dealing with low-dimensional data, and
increased time consumption, especially with larger datasets .
Moreover, it is possible that the statistical methods mentioned
above may not be adequate when it comes to analyzing
unstructured or semi-structured data. Therefore, it can be
argued that the emerging risk factors incorporated into
machine learning methodologies offer a more comprehensive
assessment than those utilized in conventional risk-scoring
techniques. Notwithstanding this, it is crucial to note that
machine learning is employed to uncover latent patterns and
correlations among parameters in a dataset, thereby
forecasting the probability of future occurrences, as opposed
to statistical methods being utilized to conclude from samples
[51].

A substantial body of literature exists that delineates the
risk factors associated with cardiovascular disease.
Emerging risk factors associated with heart-related mortality
were investigated [52]. They proposed associations between
heart-related fatalities and various factors such as sex, age,
race, socioeconomic status, diabetes diagnosis, obesity, and
diabetes.

Moreover, machine-learning approaches have suggested
biomarkers like electrocardiograms (ECGs), serum markers,
and imaging parameters as reliable predictors across diverse
and integrated cases. In the prediction of heart disease using
machine learning, a review of papers from the last three
decades identified age, sex, blood pressure, hypertension, ST
depression, chest pain type, and cholesterol as the primary
determinants [53]. Another investigation delved into the
social determinants of heart disease predicted by machine
learning algorithms [54]. Their findings imply that social
determinants, including gender and ethnicity, could be
considered alongside medical inputs when predicting the risk
of cardiac disease in patients.

This study predicts cardiac disease through the use of
machine learning, utilizing six algorithms and the Cleveland
and IEEE Dataport datasets. To optimize, GridsearchCV and
five-fold  cross-validation are utilized. = AdaBoost
outperformed logistic regression in IEEE Dataport, whereas
the former dominated the Cleveland dataset. A flexible voting

ensemble outperformed logistic regression and AdaBoost,
attaining 93.44 percent (Cleveland) and 95 percent (IEEE
Dataport). Innovatively, the study optimizes hyperparameters
utilizing GridSearchCV in conjunction with five-fold cross-
validation, evaluating the accuracy and negative log loss
metrics. The ensemble method significantly outperforms
previous studies on the prediction of cardiac disease. Based
on ML algorithms, [58] developed an intelligent
computational model for the early and accurate detection and
diagnosis of cardiac disease. They applied a variety of ML
algorithms to the UCI repository's Cleveland and Hungarian
heart disease datasets.

Upon comparing the algorithms concerning performance
evaluation metrics, it was determined that Gradient Boosting
and Extra-Tree Classifier attained the highest values of
overall accuracy. To develop a more effective solution,
several ensembles and hybrid representations were suggested
by researchers to predict cardiovascular disease. The
accuracy of CVD obtained from the Mendeley Centre,
Cleveland datasets, and IEEE Port was attained by the
method proposed in [59]. The accuracy of the hybridized LR
and RF models for predicting heart disease was demonstrated
in reference [60]. These studies intend to examine the
relationship between coronary artery calcium and carotid
plaque in asymptomatic individuals, as well as its potential
correlation with the risk of developing cardiovascular disease
[61]. Presently, loT-integrated machine-learning techniques
are widely employed in the prediction and detection of
diseases.

The author of [62] illustrates how ML could be utilized to
resolve the issue, this was the aim. ML is employed to
examine instances linked to health conditions and maladies
through the analysis of numerous healthcare datasets [63].
The objective of one investigation [64] was to construct a
predictive model for cardiovascular disease by employing
machine learning methodologies. The information utilized
for this objective was acquired from the Cleveland heart
disease dataset, which was obtained from the UCI machine
learning repository. The dataset comprised 303 instances and
17 attributes. The research utilized various supervised
classification techniques, such as k-nearest neighbor (KKN),
decision tree, random forest, and naive Bayes. The findings
revealed that the KKN model demonstrated the greatest
degree of precision, measuring at 90.8%. The study
highlights the potential usefulness of machine learning
methods in forecasting cardiovascular disease and
emphasizes the criticality of choosing suitable models and
techniques to attain the most favorable outcomes. A proposed
enhancement to the k-means clustering algorithm for large
data was introduced in 2020 [65]. The proposed solution
sought to enhance the clustering of data in terms of both
efficiency and precision. In contrast, a private artificial
dataset containing up to 50,000 records was utilized in the
experiment to evaluate the efficacy of clustering in
comparison to basic k-means. The findings demonstrated a
potential 50% increase in the efficiency of clustering. In
reference [66], an innovative method was proposed for
improving the efficiency of k-means clustering on large data
sets through the utilization of the Hadoop parallel framework.
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The clustering procedure was enhanced through the
division and merging of clusters based on their distance from
one another. Non-clustered data points were partitioned into
clusters according to their proximity. This approach is
expected to increase the effectiveness of k-means clustering.
Utilizing the KDD99 dataset, the efficacy of the solution
utilizing a parallel Hadoop platform and shared memory
space was assessed. The simulation outcomes demonstrated
a 10% increase in precision. An improved iteration of the k-
means clustering algorithm specifically designed for large
datasets is presented in Reference [67]. By implementing this
enhanced iteration, processing demands are mitigated
without compromising precision levels. In the final two
iterations, the method makes use of the distance between
points and their variations, in addition to the cluster radius of
the research index. The findings demonstrate a substantial
enhancement in the efficacy of clustering, with gains of as
much as 41.8% observed in the baseline scenario. A variety
of real-world datasets were utilized in the experiment, such
as Concrete, Abalone, Facebook, and CASP. Additionally,
the solution necessitated significant computational power,
which was accomplished by utilizing a 12-GB of RAM and a
multi-core Core i7 processor.

To optimize the clustering of a dataset in 2021, Reference
[68] evaluated the performance of the simple k-means
algorithm and enhanced it using the parallel k-means
technique. The solution was specifically engineered to
optimize performance on multi-core devices—clustering
effectiveness. The investigation employed a dataset from the
education sector that underwent evaluation a maximum of ten
times to determine the elapsed time and the number of
clustering iterations. Up to three times speedier overall
performance improvement was achieved compared to the
straightforward K-means algorithm and utilized the K-means
clustering method to identify anomalies in their data set.
Following the elimination of anomalies through clustering,
they evaluated and discussed the performance of KNN,
Random Forest, and Support Vector. Various clusters are
analyzed using Logistic Regression, Naive Bayes, and
Machines [69]. Table II briefly reviews Cardiovascular
disease prediction studies conducted on large data sets, using
supervised, unsupervised, and hybrid machine-learning
technique.

TABLE II. COMPARISON OF VARIOUS EXISTING ML METHODS

Papers/year Methods/Classifiers Datasets Key Findings Challenges and limitation Technique
LR, K-NN, ANN, SVM, Best result: NB . . . .
[55] 2020 NB, DT, FCMIM (Feature Cl'eveland Heart classifier, LASSO FS Enhancing accuracy, reducing Clasmﬁpatlon
. Disease Dataset processing time. Techniques
Selection) features.
Accurate heart
disease predictions . . . .
[56] 2021 KNN, DT, RF Kaggle Heart using simple Cardloyagcular gxpenlse shortage, Class1ﬁ_cat10n
Disease Dataset . misdiagnosis prevalence. Techniques
supervised
algorithms.
Data Prep, Real-time Integration, The
[57] 2021 RF, KNN, LR, NB, GB, UCI Kaggle Ensemble models feature selection strategy does not give Classification,
AB, SVE classifier Cleveland. improve accuracy priority to selecting the most relevant clustering
features of the data set.
Cleveland and Algorithmic Future research does not prioritize
LR, RF, XGB, SVM, DT, Hungarian heart & . . . fnotp Classification
[58]2020 . Performance: ETC exploring additional improvement .
KNN disease datasets . Techniques
. and GB Outperform techniques,
(UCI repository)
Improve the accuracy of existing
Cleveland Dataset . N algorithms for predicting heart disease .
[59] 2022 NB, RF, SVM (UClI repository, Achieved 96.75% by validating additional data sets, Strong Yotlng
accuracy B ; Classifier
Mendeley Data optimising parameters, and employing
advanced optimisation techniques.
UCl repository Achieved more . . .
[64] 2022 LR, MLP, RF heart disease accuracy compared CNN underperformed; RF, GBT’ and Clasmﬁ_c ation
. MLP excelled among classifiers Techniques
dataset to existing work
[65] 2020 Fast k-means clustering Using image Accuracy and Exploration of algorithm acceleration Clustering
algorithm dataset only performance. conditions and validation Techniques
k-means clustering Efficiency and Artificial and actual datasets (AT&T, Clustering
66] 2020 improvement with Hadoop KDD99 dataset execution time. Yale, COIL-20, CMD). Techniques
Multiple datasets e?f};i;z:rogs)lqszg erln ea};:g tsoslilarlael:rl gZaZZ?s Clusterin
[67] 2021 k-means improvement (Facebook, CASP, Execution time. YW PP 8 . oring
etc.) require hlgh—perfomance processing Techniques
) devices.
In order to address constraints and
[68] 2021 Parallel k-means Education sector Many iterations and expand the functionality of K-Means Clustering
clustering dataset time elapsed. clustering to encompass a wide range Techniques
of data types and duties.
UCI machine reti-'I Sf :ndlss?::seML Clustering &
[69] 2021 KNN, RF, SVM, NB, LR learning prediction using Handling anomalies through clustering ustering
. algorithms after K- Classification
repository .
means clustering
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V. CONCLUSION

In summary, this review analysis emphasizes the
significance and potential of hybrid machine learning in the
domain of heart disease prediction, specifically in the
development of personalized risk prediction models.
Incorporating diverse machine learning approaches enables a
more sophisticated and precise evaluation of the risk factors
linked to coronary heart disease. The ongoing development
of machine learning is anticipated to bring about a significant
paradigm shift in the healthcare industry regarding disease
prediction and prevention through the implementation of
these techniques.

In the future, healthcare professionals and researchers
should work together to implement and validate the hybrid
machine learning model proposed in actual clinical settings.
This may entail the implementation of prospective studies to
evaluate the performance of the model on a wide range of
patient populations, as well as the integration of ongoing
updates to augment its predictive capabilities. In essence, the
effective execution of these models has the potential to render
a substantial contribution to proactive healthcare
administration, thereby mitigating the strain that
cardiovascular disease places on both individuals and
healthcare systems.
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