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Abstract

Cardiovascular diseases claim approximately 17.9 million lives annually, with heart attacks and strokes accounting for over
80% of these deaths. Key risk factors, including hypertension, hyperglycemia, dyslipidemia, and obesity, are identifiable,
offering opportunities for timely intervention and reduced mortality. Early detection of heart disease enables individuals
to adopt lifestyle changes or seek medical treatment. However, conventional diagnostic methods, such as electrocardio-
grams—commonly used in clinics and hospitals to detect abnormal heart rhythms—are not effective in identifying actual
heart attacks. Additionally, angiography, while more precise, is an invasive method, financial strain on patients, and high
chances of incorrect diagnosis, highlighting the need for alternative approaches. The main goal of this study was to assess
the accuracy of machine learning techniques, including both individual and combined classifiers, in early detection of heart
diseases. Furthermore, the study aims to highlight areas where additional research is necessary. Our investigation covers a
decade period from 2014 to 2024, including a thorough review of pertinent literature from international conferences and top
journals from the databases like Springer, ScienceDirect, IEEEXplore, Web of Science, PubMed, MDPI, Hindawi and so
on. The following keywords were used to search the articles: heart disease risk, heart disease prediction, data mining, data
preprocessing, machine learning algorithms, ensemble classifiers, deep learning algorithms, feature selection, hyperparameter
optimization techniques. We examine the methodologies used and evaluate their effectiveness in predicting cardiovascular
conditions. Our findings reveal notable progress in applying machine learning and deep learning in cardiology. The study con-
cludes by proposing a framework that incorporates current machine learning techniques to enhance heart disease prediction.

1 Introduction the United States and worldwide [1]. World Health Organi-

zation (WHO) reported in 2019, approximately 17.9 million
Heart disease, also known as cardiovascular disease (CVD)  people died from CVD, representing 32% of global deaths.
or coronary artery disease (CAD), is the leading cause of = Recent figures indicate that around 20.5 million people die
death globally and a major concern in the medical field.  annually from CVD, with projections suggesting that this
CVDs have significant health and economic impacts bothin ~ number could rise to 24.2 million by 2030 [2, 3]. In the
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United States alone, 30.3 million adults were diagnosed with
heart disease in 2018, and it is responsible for over 647,000
deaths each year, making it the leading cause of death in
the country. From the observations, it is clear that one in
four deaths in the U.S. is due to heart diseases. According
to the American Heart Association (AHA), 26% of women
are at high risk and will die within a year of experiencing
heart attack when compared with 19% of the men. Despite of
having several advancements, mortality rates from coronary
heart disease in the U.S. have not significantly decreased
since 2011 [4, 5].

Timely and accurate diagnosis and prognosis of cardiac
disease are crucial for improving patient survival rates. Sev-
eral risk factors contribute to cardiovascular disease (CVD),
including obesity, lack of exercise, genetic mutations, high
blood pressure, elevated cholesterol levels, alcohol con-
sumption, and smoking [6-9]. Mortality rates can be reduced
through early symptom identification and lifestyle changes,
such as increasing physical activity, quitting smoking, and
undergoing regular medical checkups. Common diagnos-
tic methods for heart disease include electrocardiography
(ECGQ), blood tests, stress tests, echocardiograms, and coro-
nary angiography [10—-13]. Currently, coronary angiograms
are widely used by clinicians for precise coronary artery
disease diagnosis [14].

However, angiograms are expensive and carry significant
risks of complications, making heart disease diagnosis more
challenging [15, 16]. Cardiovascular specialists face the dif-
ficult task of evaluating numerous factors to make an accu-
rate prognosis. This challenge has driven the development
of non-invasive methods for detecting cardiac failure. Pres-
ently, heart disease diagnosis often relies on doctors analys-
ing a patient’s medical history, symptoms, and test results.
With this approach, clinicians can diagnose cardiovascular
disease with approximately 67% accuracy by comparing cur-
rent symptoms with those observed in previously diagnosed
cases [17-19].

Machine learning has diverse applications, from diagnos-
ing illness risk factors to enhancing vehicle safety systems.
It provides advanced predictive modelling techniques that
address current limitations by leveraging large datasets to
develop prediction algorithms. This process involves mini-
mizing the error between predicted and actual results, requir-
ing the computer to discern complex, non-linear relation-
ships between features [20]. By analysing patterns from a
given dataset, machine learning can make predictions about
new, unfamiliar data. Classification is a powerful machine
learning technique used for prediction [21]. As a type of
supervised learning, classification is particularly effective
in accurately diagnosing diseases when trained with appro-
priate data.

According to the World Health Organization (WHO),
heart attacks and strokes account for over 80% of deaths

@ Springer

caused by cardiovascular disease (CVD). Additionally, about
one-third of CVD-related deaths occur before the age of 70.
Low- and middle-income countries are responsible for more
than 75% of CVD fatalities [2]. Timely and accurate predic-
tion of heart disease risk is crucial for enhancing patient
survival rates and longevity. Consequently, there is a strong
motivation among researchers and academics to develop
frameworks or decision support systems that facilitate early
disease detection and extend affordable healthcare solutions
to low-income regions.

1.1 Informatics of Healthcare

A healthcare system consists of organizations, individuals,
and resources designed to deliver high-quality medical care
that meets people's health needs. According to the WHO, the
goals of a healthcare system are to improve health and medi-
cal equity in ways that are responsive and cost-effective,
while also using resources efficiently. Advances in tech-
nology, particularly in computer networks, have enhanced
healthcare services in many countries. As individuals use
these services, vast amounts of health data are generated.
Collecting this data helps build a comprehensive view of
patients, enables personalized treatment, supports current
care methods, enhances patient-provider interactions, and
improves health outcomes. Health records include personal
information (such as name, age, gender, and birthdate), med-
ical details (like diagnoses, treatments, and medications),
and clinicians' notes on patients' conditions. These records
are essential for delivering quality care. Although medical
records are primarily intended to facilitate patient care and
assist practitioners in managing their patients, handling them
on a large scale is challenging, time-consuming, and prone
to errors [22].

In today's healthcare industry, patient medical records are
stored in increasingly expansive databases. This data often
contains significant repetition and lacks balance. To address
these issues, pre-processing is essential for extracting impor-
tant features, reducing the training algorithm's execution
time, and improving classification efficiency. Advances in
computing power and the ability to adapt machine learning
algorithms have greatly enhanced their capabilities, open-
ing up new research opportunities in healthcare [23]. Early
disease prediction is particularly vital for increasing sur-
vival rates in conditions such as cancer and cardiovascular
diseases. Data mining, which involves cleaning raw data,
identifying patterns, building models, and evaluating these
models, is crucial for extracting valuable insights from large
datasets. This process integrates statistics, machine learning,
and database systems and has become increasingly impor-
tant in predicting disease risk within the healthcare sector
[24].
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1.2 Background of Cardiovascular Disease

Heart disease is widely recognized as one of the most peril-
ous and life-threatening chronic conditions globally [25].
Heart failure primarily arises from the narrowing and block-
age of coronary arteries. These arteries, depicted in Fig. 1,
supply oxygen and blood to the heart. Coronary artery dis-
ease (CAD) is the most prevalent form of heart disease, lead-
ing to symptoms such as chest pain, stroke, or heart attack.
A heart attack occurs when blood flow to the cardiac muscle
is significantly reduced or completely blocked. This block-
age is typically due to the gradual buildup and hardening
of plaque—a mixture of cholesterol, lipids, and other sub-
stances in the coronary arteries. This condition, known as
atherosclerosis, becomes critical when the plaque ruptures,
leading to the formation of a blood clot that obstructs blood
flow [26, 27]. If the plaque rupture triggers clotting within
the artery, a process called thrombosis, it further impairs
blood flow to the heart muscle. As a result, the affected
muscle tissue may start to die, and if the clot completely
obstructs the artery, the entire area of muscle tissue below
the blockage can be damaged or destroyed.

Figure 2 illustrates both a healthy and an impaired heart.
When cells receive adequate nourishment, the body func-
tions normally. However, a weakened heart fails to supply
sufficient blood, leading to heart failure. This condition can
cause symptoms such as fatigue, difficulty breathing, and
coughing. Everyday activities, such as walking, climbing
stairs, and carrying groceries, may become extremely chal-
lenging for individuals with heart failure.

Atherosclerotic plaque can reduce blood flow within the
carotid artery. If this plaque ruptures, microscopic fragments
and clotted blood may travel to the brain through the blood-
stream. An embolus is a foreign mass that moves through
the circulatory system. If it becomes lodged in a small artery
in the brain, it can obstruct blood supply to a portion of the
brain, leading to a condition known as atherosclerosis, as
illustrated in Fig. 3.

Left main
coronary artery

Left circumflex artery

Marginal branch of left

Thoracic aorta 4
circumfiex artery

behind the heart

Left anterior
descending artery

Posterior "
descending artery Coronary arteries
supply blood and
oxygen to the

muscles of the heart.

Marginal branch of
right coronary artery

Fig. 1 Heart muscles are supplied with blood and oxygen through the
coronary arteries [28]

Weakened

heart muscle
Heart muscle cannot pump
pumps blood §
out of the left |§
ventricle.

Normal Heart Heart Failure

Fig.2 Normal heart vs abnormal heart [28]

Identifying individuals at risk for cardiovascular diseases
(CVDs) and providing them with timely and appropriate
treatment can significantly reduce early mortality. To achieve
this, it is essential for all public healthcare institutions to
have access to medications for noncommunicable diseases
and primary healthcare technologies, ensuring that those in
need receive the necessary medical care and consultations.

1.3 Cardiovascular Disease Signs and Risk Factors

Pain or discomfort in the center of the chest, arms, left
shoulder, elbows, jaw, or back can be indicative of a cardio-
vascular issue. Additional symptoms may include difficulty
breathing or chest tightness, nausea or vomiting, light-head-
edness or faintness, cold sweat, and paleness. Women are
more likely to experience shortness of breath, nausea, vom-
iting, and discomfort in the back or jaw compared to men.
A common sign of a stroke is acute paralysis on one side of
the face, arm, or leg. Anyone experiencing these symptoms
should seek immediate medical attention.

Key behavioural risk factors for heart disease and stroke
include unhealthy eating habits, physical inactivity, smok-
ing, and excessive alcohol consumption. These behaviours
can lead to elevated blood pressure, high blood glucose lev-
els, high blood lipids, and obesity—known as "intermediate

Atherosclerotic plaque
reduces blood flow

in the internal carotid
artery.

Right Internal

carotid artery H

\
Right vertebral
artery ——»

Right common
carotid artery

Fig. 3 Heart stroke by atherosclerosis [28]
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risk factors." Such factors can be identified in outpatient
settings and are associated with a higher risk of stroke,
heart attack, heart failure, and other related conditions [29].
Research indicates that measures such as quitting smoking,
reducing dietary salt, increasing fruit and vegetable intake,
engaging in regular physical activity, and limiting alcohol
consumption can effectively lower the risk of heart disease.
Promoting health initiatives that provide affordable and
accessible healthy options is essential for encouraging and
maintaining healthy behaviours. Since many cardiovascular
risk factors stem from lifestyle and behaviour, they are often
modifiable and preventable.

Traditionally, diagnosing heart disease involved assess-
ing medical history, laboratory test results, and a doctor's
evaluation of symptoms. Among conventional methods,
angiography is often regarded as one of the most accurate
techniques for detecting cardiac issues. However, angiogra-
phy has several drawbacks, including its high cost, potential
side effects, and the requirement for specialized expertise
in advanced technology. Moreover, conventional methods
can lead to diagnostic errors and are time-consuming due
to user-related issues. These techniques are also computa-
tionally intensive and take longer to analyze. To review the
literature on heart disease risk prediction, databases such
as Springer, ScienceDirect, [IEEEXplore, Web of Science,
PubMed, MDPI, Hindawi were searched using keywords like
heart disease risk, heart disease prediction, data mining, data
preprocessing, machine learning algorithms, ensemble clas-
sifiers, deep learning algorithms, feature selection, hyperpa-
rameter optimization techniques. This review encompasses
peer-reviewed academic journals, conference papers, and
reviews published from 2014 to 2024, written in English,
and includes both qualitative and quantitative data. The
number and percentage of publications per year included in
this review are illustrated in Fig. 4.

2 Related Work

This section provides state-of-the-art works on heart disease
risk prediction using machine learning and deep learning
algorithms. It includes utilization of machine learning algo-
rithms, utilization of deep learning algorithms, utilization
of pre-processing methods, utilization of feature selection
techniques, utilization of hyperparameter tuning in HD
prediction.

2.1 Utilization of Machine Learning Algorithms
The summary of machine learning algorithms (single and

ensemble) utilized in predicting heart disease are provided
in Table 1 along with their performance metrics, validation

@ Springer

Number of publications

2024 (6) 2014 (4)
2023(6)  57%  3.8% 2016 (5)
57%) ~ 4.8%

L

2022 (6)
5.7%

2017 (7)
6.7%

2021 (11)

iy 2018 (11)

10.5%

2020 (22)

i 2019 (24)

22.9%

Fig.4 Year wise number of publications included in this review

method and feature selection methods and the number of
features selected from the heart dataset.

Bashir et al. [30] introduced the majority-vote based
ensemble framework (MVS5), which employs five classifi-
ers: Naive Bayes (NB), Decision Tree based on Gini Index
(DT-GI), Decision Tree based on Information Gain (DT-
1G), Memory-Based Learner (MBL), and Support Vector
Machine (SVM). They applied this framework to five data-
sets from the ML repository, including Single Proton Emis-
sion Computed Tomography (SPECT), SPECTF, Statlog,
Cleveland, and Eric datasets. Missing values were addressed
by replacing them with mean and mode values, noise was
eliminated using a binning method, and outliers were
removed based on + 1.5 IQR. The MV5 algorithm achieved
an average accuracy of 88.52%. Tomar and Agarwal [31]
used the Least Square Twin Support Vector Machine (LST-
SVM) for diagnosing heart disease. They employed the
F-score to compute the weight of each attribute and selected
significant attributes from the Statlog dataset, which con-
tains 270 observations and 13 predictors. The dataset was
divided into training and test sets in ratios of 50:50, 70:30,
and 80:20, and GridSearch was used to enhance perfor-
mance. By selecting 11 attributes, they achieved the best
accuracy of 85.80%. El-Bialy et al. [32] focused on the
Cleveland, Hungarian, Long Beach VA, and Statlog heart
disease datasets, comprising 303, 294, 200, and 270 obser-
vations, respectively. They utilized the Fast Decision Tree
(FDT) and pruned C4.5 tree models, training them with ten-
fold cross-validation. The classification accuracy achieved
on the Hungarian dataset using the C4.5 Decision Tree was
78.57%.
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Long et al. [33] developed interval type-2 fuzzy logic
system (IT2FLS) for diagnosing heart disease using Statlog
and SPECTF datasets. The Statlog dataset consists of 270
instances with 13 attributes and 1 class variable whereas
SPECTF consists of 267 images with 44 attributes and 1
class variable. Min—max data normalization has been per-
formed on datasets for translating the data in to [0, 1] range.
Chaos Firefly and Rough Set algorithms have been applied
to reduce the no. of attributes and trained NB, SVM, ANN,
and proposed methods. On Statlog dataset achieved 88.3%
of accuracy by reducing the no. of attributes to 4, whereas
on SPECTF dataset achieved 87.2% of classification accu-
racy. Verma et al. [34] collected 335 CAD patient’s non-
invasive clinical data from Indira Gandhi Medical College
(IGMC), India which consists of 25 features and 1 class
variable. Dimensionality reduction has been performed
using correlation-based feature selection (CFS) and parti-
cle swarm optimization (PSO) and selected 5 risk factors.
Four ML models multilayer perceptron (MLP), multinomial
logistic regression (MLR), fuzzy unordered rule induction
algorithm, (FURIA), C4.5 DT, were trained. Achieved an
accuracy of 84.17% using MLR. The proposed framework
also employed on Cleveland dataset and achieved 88.4% of
accuracy using MLR with tenfold CV. The study conducted
by Masetic and Subasi [35] collected the ECG signals from
the PhysioNet database and extracted the features using
autoregressive (AR) Burg method. These features have been
applied to 5 ML algorithms, C4.5 DT, KNN, SVM, ANN
and REF, to classify heart failure patients. The performance
of classifiers has been evaluated using accuracy, sensitivity,
specificity, F-measure, and ROC area. Experimental results
shown that RF outperformed with an accuracy of 100% and
ROC area of 1.0.

Pouriyeh et al. [36] considered Cleveland data and trained
both single (DT, NB, MLP. KNN, single conjugative rule
learner, radial basis function and SVM) and ensemble (bag-
ging, boosting, and stacking) classifiers with tenfold CV.
SVM with boosting outperformed other classifiers with an
accuracy of 84.15%, precision of 82.7%, recall of 8§9.7%,
F-measure of 86%, and ROC area of 0.836. The study also
performed tuning K value (1, 3, 9, 15) in KNN. Liu et al.
[37] deployed hybrid system for heart disease classification.
Data discretization has been performed on Statlog dataset
using equal interval binning technique. ReliefF algorithm
is used to extract the features and Rough Set algorithm is
used for feature reduction. Ensemble classifier with C4.5
DT as base classifier has been trained and achieved 92.59%
accuracy. Haq et al. [38] checked the performance of vari-
ous machine learning algorithms; logistic regression, KNN,
ANN, SVM, NB, DT, and RF on full features of the Cleve-
land dataset. Then selected 6 important features based on
the feature weights using Relief, Minimal-Redundancy-
Maximal-Relevance (mMRMR), and least absolute shrinkage

and selection operator (LASSO) feature selection (FS) algo-
rithms. Noticed that the logistic regression and SVM are the
best classifiers with accuracies 84% and 86% respectively
before the feature selection, and 89% and 88% respectively
after the feature selection. Kale et al. [39] proposed a PCA-
based approach to pick the ideal subset of features for a
fuzzy extreme learning machine (PFFELM) to address the
weighted classification problem. The entire system is parti-
tioned into four components: Principal Component Analysis
(PCA), Feature Selection and Scaling (FSS), fuzzification,
and classification. Performed simulations on clinical data-
sets, including Statlog cardiac data, using a 70% training and
30% testing split. By using the suggested procedure achieved
an accuracy of 87.65%.

A method was developed by Saqlain et al. [40] to enhance
the prediction of heart disease risk by selecting a subset of
features. This was achieved by using two feature selection
algorithms: the mean Fisher score-based feature selection
algorithm (MFSFSA), the forward feature selection algo-
rithm (FFSA), and the reverse feature selection algorithm
(RFSA). The four UCI heart datasets, namely Cleveland,
Hungarian, Switzerland, and SPECTF, were used to extract
feature subsets. These subsets were then inputted into an
SVM classifier based on the RBF kernel. The performance
of the classifier was evaluated in terms of accuracy, specific-
ity, and sensitivity. Ma et al. [41] devised a semi-supervised
rough fuzzy Laplacian eigenmaps (SSRFLE) technique to
reduce the dimensionality of extensive datasets. Constructed
a collection of partially guided fuzzy similarity clusters to
assess the similarity between the samples. Next, by building
a neighbourhood rough fuzzy set model of the granules, the
degrees of both samples of similar classes were assessed.
Attained an accuracy of 78.68% from the SSRFLE feature
reduction technique on Statlog dataset with tenfold cross-
validation. Takci [41] proposed support vector machine
linear kernel (SVML) with relief feature selection method
to predict the heart attack using the Statlog heart dataset.
Applied 12 machine learning classifiers and 4 feature selec-
tions method on Statlog dataset in TANGARA machine
learning tool. The dataset was split into training (90%) and
testing (10%) sets and validated the experiments with ten-
fold cross-validation. The performance of the classifiers has
measured based on accuracy, processing time, and ROC
curve. An accuracy of 84.81% was achieved using Support
Vector Machine with ReliefF feature selection, which uti-
lised 6 features. The K-nearest neighbours (KNN) algorithm
achieved the highest Area Under the Curve (AUC) value of
0.951 when applied to the fisher filtering features.

Dulhare [43] proposed NB classifier and particle swam
optimization (PSO) feature selection technique to predict
the heart disease risk on Statlog dataset of 270 observa-
tions. Based on the PSO value selected 7 features (cp, rest-
ecg, thalach, oldpeak, ca, thal, target) from the dataset and

@ Springer
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trained the NB classifier. Concluded that the NB +PSO
achieved an accuracy of 87.91% that is accounting to 8.79%
of improvement comparatively without feature selection
(on full features). Javeed et al. [44] developed a streamlined
and less intricate model to enhance the accuracy of heart
disease prediction on the Cleveland dataset. They achieved
this by employing the random search algorithm (RSA) in
conjunction with the random forest (RF) model. 70% of the
dataset is used for training, while the remaining 30% is used
to test the suggested strategy. Attained a precision rate of
93.33% by utilising a subset of 7 characteristics, resulting
in a 3.3% enhancement compared to the normal random for-
est. The enhanced version of the RSARF model has an AUC
of 0.947. Reddy et al. [45] introduced an adaptive genetic
algorithm with fuzzy logic (AGAFL) model for early diag-
nosis of heart disease. Selected significant features using
rough set theory and applied adaptive genetic algorithm
to optimize the rules generated from fuzzy classifiers for
better accuracy on Cleveland, Hungarian, and Switzerland
datasets. Acquired 90% accuracy, 91% sensitivity, and 90%
specificity with Cleveland dataset.

Ed-daoudy et al. [46] conducted research on a dataset
consisting of 303 records obtained from the UCI reposi-
tory, each including 14 attributes. Assessed the effective-
ness of the four primary classifiers, namely SVM, DT, RF,
and LR, by utilising Apache Spark together with its MLIlib
machine learning framework. Evaluated the classifiers by
considering their accuracy, specificity, sensitivity, and the
time required to build and evaluate the models. With an
accuracy rate of 87.5%, the random forest approach out-
performs the others, according to the results. Mohan et al.
[47] used the Cleveland dataset to create an efficient hybrid
random forest with a linear model (HRFLM) that improved
the accuracy of heart disease prediction. Utilised machine
learning classifiers including Naive Bayes (NB), generalised
linear model (GLM), logistic regression (LR), deep learn-
ing (DL), decision tree (DT), random forest (RF), gradi-
ent boosting tree (GBT), support vector machine (SVM),
and voting ensemble (VOTE) to train on all 13 attributes
of the dataset. The hybrid model is constructed using only
three existing models: DT, RF, and LM, along with their
respective classification rules. The analysis determined
that the RF and LM methods yielded the most favourable
error rate. The proposed HRFLM technique achieved a
peak accuracy of 88.4%. Alam et al. [48] developed a fea-
ture selection technique for classifying medical data using a
ranking-based approach. Next, we utilised an RF classifier to
analyse the selected features of 10 different illness datasets,
which included the Statlog heart data. We performed a ten-
fold cross-validation to ensure accurate results. The feature
ranking algorithms utilised in the Weka tool include Info-
GainAttributeEval, GainRatioAttributeEval, CorrelationAt-
tributeEval, OneR AtrributeEval, and ReliefFAttributeEval.

@ Springer

Three models were created based on the rankings acquired
from the attribute evaluators. It was determined that the RF
algorithm, when combined with the ReliefFAttributeEval
method (excluding feature 5), outperformed other strategies
with an accuracy rate of approximately 85.5% and an Area
Under the Curve (AUC) value of 0.915.

Raza [49] developed an ensemble classifier by merging
Logistic Regression, Multilayer Perceptron, and Naive Bayes
algorithms. The classifier was trained using majority voting
to enhance the accuracy of predictions. Conducted explora-
tory data analysis by constructing a decision tree using the
chi-squared automated interaction detector (CHAID) on a
Statlog dataset consisting of 270 observations. Attained a
precision rate of 89% and an AUC (Area Under the Curve)
value of 0.88. Louridi et al. [49] suggested a method to
determine if cardiac disease is present or absent by pre-
processing the data and substituting the mean values for the
missing values. Trained 3 machine learning algorithms NB,
SVM (linear and radial basis function), and KNN by split-
ting the UCI heart disease dataset into 50:50, 70:30, 75:25,
80:20 training and testing ratios. SVM-linear provided an
accuracy of 86.8% with an 80:30 ratio, SVM-RBF postu-
lated that of 62.77% with 75:25 ratio, KNN provided that of
85.83% with 50:50 ratio, and NB offered that of 86.11% with
80:20 ratio. Latha and Jeeva [51] performed a comparative
analysis with NB, Bayes Net (BN), C4.5, Multilayer per-
ception (MLP), and Projective Adaptive Resonance Theory
(PART) classifications. C4.5, MLP, and PART are found to
be weaker than others. Later, ensemble techniques such as
boosting, bagging, stacking, and majority vote are applied
to improve the performance compared to individual classi-
fiers. The ensemble technique resulted in a maximum gain
in accuracy of 7.26% for a weak classifier. This was achieved
by employing a majority vote with the NB, BN, RF, and
MLP classifiers, which had an overall accuracy of 85.48%.

Amin et al. [52] aimed to identify the essential attributes
to improve the performance of machine learning models in
predicting the cardiovascular disease. Applied brute force
method to test each possible combination of attributes using
seven ML classifiers KNN, DT, NB, LR, SVM, Neural Net-
work, and Vote (NB + LR). Collected the Cleveland heart
dataset, removed 6 instances with missing values and con-
verted multiclass ‘target’ attribute into binary during pre-
processing. Trained the 7 algorithms by exploiting a total of
8100 combination of the attributes with tenfold cross-vali-
dation. Concluded that sex, cp, fbs, restecg, exang, oldpeak,
slope, ca, and thal are the 9 most important features based on
the number of times occurred and Vote, NB, and SVM are
the top three ML classifiers. Finally conducted evaluation
test using Statlog dataset. Achieved an accuracy of 86.3%,
and 87.41% with 13 and 9 attributes respectively, using
Vote. Mienye et al. [53] created an ensemble method from
the CART models using an accuracy based weighted aging
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classifier ensemble (AB-WAE) on Cleveland (303 instances)
and Framingham (4238 instances) datasets. Implemented
and assessed the performance of various machine learning
algorithms including K-Nearest Neighbours (KNN), Logis-
tic Regression (LR), Linear Discriminant Analysis (LDA),
Support Vector Machines (SVM), Classification and Regres-
sion Tree (CART), Gradient Boosting (GB), and Random
Forest (RF). The evaluation was based on metrics such as
accuracy, sensitivity, precision, and F1 score. The proposed
approach yielded an accuracy of 93% and 91% for the Cleve-
land and Framingham datasets, respectively. Ahmed et al.
[54] performed two feature selection techniques Univari-
ate, and Relief to select best features from Cleveland heart
dataset 2016 and trained DT, SVM, RF, and LR classifiers
with full features and selected features. Developed an online
heart disease predictive system using Twitter by collect-
ing the real-time data from the user tweets. Seven features
thalach, oldpeak, ca, cp, exang, age, chol are selected from
Univariate, and thal, exang, cp, ca, slope, thalach, oldpeak
are selected from Relief methods. Computed accuracy for
each case by performing hyperparameter tuning and ten-
fold cross-validation. Unfortunately, claimed best accuracy
of 94.9% using full features with RF method rather feature
selection methods.

Budholiya et al. [55] projected XGBoost classifier with
Bayesian optimization for heart disease prediction. Uti-
lised one-hot (OH) encoding to transform the categorical
attributes of the Cleveland dataset in order to enhance the
accuracy of predictions. The expected model was compared
to random forest and additional tree classifiers using mul-
tiple assessment measures including specificity, accuracy,
F1-score, sensitivity, and AUC. Concluded that the experi-
mental results of the proposed method proved to be reliable
in heart disease risk prediction with the accuracy of 91.8%
and AUC of 0.9134. The one-hot encoding increases the
number of features, missing valued instances maintained
as a separate feature column. Gazeloglu et al. [56] utilised
18 machine learning models and 3 feature selection strate-
gies (Correlation-based FS, Chi-Square, and Fuzzy Rough
Set) to determine the optimal combination for predicting
heart disease diagnosis on the Cleveland dataset. The SVM
model with a polynomial kernel achieved an accuracy of
85.148% without any feature selection. The Naive Bayes
model achieved an accuracy of 84.818% with feature selec-
tion using the CFS algorithm, selecting 6 features. The
radial basis function (RBF) network achieved an accuracy
of 81.188% with feature selection using the Fuzzy Rough
Set and Chi-Square algorithms, selecting 7 features. Gupta
et al. [57] assessed the effectiveness of different machine
learning algorithms, including LR, KNN, SVM, DT, and
RF, using factor analysis of mixed data (FAMD) technique.
Obtained 28 characteristics by calculating the Pearson cor-
relation coefficient from the Cleveland dataset. Based on

the weight matrix, the RF model has attained the highest
accuracy of 93.44%, with sensitivity and specificity values
of 89.28% and 96.96% respectively. It is recommended to
take into account class unbalanced datasets when addressing
real-life situations.

Ramesh et al. [58] proposed information gain feature
selection (IGFS) algorithm to improve the machine learn-
ing classifiers performance on the Cleveland heart dataset
from UCI ML repository. Divided the collected dataset into
two part 80% for training and 20% for testing. IGFS has
applied on the training dataset to retrieve significant features.
Trained various ML algorithms such as KNN, DT, LR, NB,
SVM, and RF without and with feature selection. Concluded
that SVM and RF achieved 88.9823% and 88.9812% respec-
tively using IGFS, that shows an improvement of about 1.3%
compared to without feature selection. Pasha and Mohamed
[59] introduced a new model called the feature reduction
(NFR) model, which aims to improve the accuracy of heart
disease risk prediction on the Cleveland, Hungarian, Statlog,
and Switzerland datasets. The performance of LR, RF, BRT,
SGB, and SVM algorithms was assessed by lowering the
features using different subset combinations. The evaluation
was centred on achieving maximum accuracies, AUC val-
ues, and minimising the difference between them. The pro-
posed model, utilising logistic regression with 9 attributes,
achieved an accuracy of 92.53% and an AUC of 92.68%.
Mohamed et al. [60] proposed a meta-heuristic approach
known as parasitism-predation algorithms (PPA) to enhance
classification accuracy. This strategy combines cat swarm
optimisation (CSO), cuckoo search (CS), and crow search
algorithm (CSA) to pick a feature subset. Attained an accu-
racy of 86.17% within a time frame of 49.13 s using the
K-Nearest Neighbours (KNN) algorithm. This was accom-
plished by choosing 4 characteristics from the Statlog heart
dataset and employing tenfold cross-validation.

Tama et al. [61] developed a stacked architecture by
combining RF, gradient boosting, and extreme gradient
boosting with the CFS feature selection approach. They
used the particle swarm optimisation (PSO) search method
to optimise the architecture on different heart disease data-
sets. The suggested technique achieved an accuracy of
85.71%, an F1 score of 86.49%, and an AUC of 0.8586 on
the Cleveland dataset, which consists of 7 features. These
results were obtained using tenfold cross-validation. The
accuracy achieved on the Statlog dataset, which consists
of 8 features, was 91.18%. Muhammad et al. [62] have
developed an advanced computer model that can accurately
predict and diagnose cardiac disease at an early stage. Ten
different machine learning classifiers, including KNN, DT,
Extra Tree, RF, LR, NB, ANN, SVM, Adaboost, and Gra-
dient Boosting (GB), are trained to predict heart disease
early. This is done using both the entire and optimal fea-
tures of the Cleveland and Hungarian datasets, and tenfold
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cross-validation is used. Subsequently, four feature selection
techniques, including fast correlation-based filter (FCBF),
mRMR, LASSO, and relief, were employed to acquire the
crucial and highly correlated features. Using feature selec-
tion strategies such as FCBF, mRMR, LASSO, and relief,
we achieved accuracies of 94.14%, 93.42%, 89.36%, and
94.41%, respectively, while using the Extra Tree classifier.
Aslam et al. [63] introduced a new model that utilises Hier-
archical Random Forest Formation with Nonlinear Regres-
sion Model on the Cleveland dataset. The data has been pre-
processed and split the dataset into 70:30 for training and
testing, respectively. The bottom-up technique was employed
with Artificial Neural Networks (ANN) to extract notable
characteristics, while a mixture of Support Vector Machines
(SVM) and the Apriori algorithm was utilised for classifi-
cation. The HRFFNRM technique achieved an accuracy of
90.3%, precision of 91.4%, and a misclassification rate of
8.74%.

Rani et al. [64] developed a system for early prediction
heart disease based on hybrid feature selection (FS) with the
combination of GA and recursive feature elimination (RFE).
Considering Cleveland dataset, multivariate imputation by
chained equations (MICE) has been performed to replace
the missing values in the dataset, then applied SMOTE and
standard scaling method were used to pre-process the data.
Eight features were selected using hybrid FS method. Then,
SVM, NB, LR, RF and AdaBoost classifiers were trained
on the data and achieved 86.6% prediction accuracy through
RF. Katarya and Meena [65] provided a comparison analy-
sis on machine and deep learning techniques for heart dis-
ease. They’ve trained various ML (LR, KNN, SVM, NB,
DT, and RF)and DL (ANN, MLP, and DNN) algorithms
on pre-processed UCI dataset and the performance of these
algorithms has been evaluated using accuracy, root mean
squared error, mean absolute error, precision, and recall. RF
has reached best accuracy of 95.60%. Ansarullah et al. [66]
utilized various feature selection techniques (filter, wrapper
and embedded) for early-stage evaluation of heart disease.
The study collected heart dataset from various heterogene-
ous sources in Kashmir, that consist of 5776 patient records.
RF, NB, KNN, SVM and DT classifiers were trained on pre-
processed data. RF outperforms the others with an accuracy
of 84%.

Kanagarathinam et al. [67] proposed Nb, KNN, SVM,
MLP, XGBoost, and CatBoost algorithms for predicting
heart disease. This study chosen a dataset named ‘Sathvi’
with 531 observations and 12 features. Applied Pearson
correlation coefficient method to select 10 significant fea-
tures based on the threshold value 0.5. After training ML
classifiers achieved 94.34% accuracy with tenfold CV using
CatBoost ensemble. Trigka et al. [68] collected a coronary
dataset from Kaggle that consists of 3655 observations, 15
features, and 1 binary target class. SMOTE technique has
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been employed to balance the dataset with respect to target
class. Gain Ratio and Random Forest method were utilized
for ranking the features of the dataset. Numerous single (NB,
LR, MLP, KNN. RF, J48) and ensemble (RotF, Stacking,
Voting, Bagging) ML models were trained on the pre-pro-
cessed dataset. The stacking ensemble reached best predic-
tion accuracy 90.9%, precision 96.7%, recall 87.6%, AUC
0.961. Chandrasekhar et al. [69] used six ML algorithms
(RF, KNN, LR, NB, gradient boosting, and AdaBoost) for
heart disease risk prediction. This study has been carried out
on Cleveland and IEEE Dataport datasets. To improve the
performance of the classifiers, the study also employed Grid-
SearchCV hyperparameter optimization with fivefold CV.
AdaBoost outperformed other classifiers with the prediction
accuracy of 90.16% and 90% on Cleveland and IEEE Data-
port, respectively. The results also shown that significant
improvement in classifiers performance by applying soft vot-
ing ensemble method with 93.44% accuracy on Cleveland
dataset, and 95% on IEEE Dataport dataset.

Torthi et al. [70] proposed hybrid method for early and
accurate prediction of heart disease using bat algorithm
(BA), particle swarm optimization (PSO) and RF methods.
This work utilized UCI heart dataset with 270 observa-
tions and 14 attributes. The data has been normalized using
min—max method. The study reached utmost accuracy of
98.71% using proposed BAPSO-RF method by employing
feature selection and GridSearchCV hyperparameter tuning.
Elsedimy et al. [71] implemented a novel model for heart
disease prediction using quantum-based particle swarm opti-
mization (QPSO) and SVM classifier. Min—max method for
scaling the data. The parameters of the QPSO-SVM model
were tuned using self-adaptive threshold techniques. The
model has been applied on Cleveland dataset after pre-pro-
cessing and reached the accuracy of 96.31%. Nissa et al. [72]
developed a framework for cardiovascular disease prediction
using CatBoost, RF, GradientBoost, Light GBM, and Ada-
Boost ensemble techniques. This study assessed on dataset
(with 8769 records and 26 features) collected from UCI
ML library. Different pre-processing steps such as removal
of noise, outlier, and normalization, were performed and
trained ensemble techniques using tenfold CV. They’ve
reached best accuracy of 95.2% with the AdaBoost.

Daza et al. [73] developed 4 stacking ensemble methods
for heart disease diagnosis based on optimal hyperparam-
eters. This study utilized UCI dataset that consists of 918
observations and 12 features. Hyperparameter tuning of 11
ML classifiers has been performed using GridSearchCV
with CV =5. Achieved prediction accuracy of 91.5% using
stacking 2 ensemble with oversampling. Naraynan et al. [74]
employed oversampling technique, SMOTE, to overcome
the data imbalance issues and implemented an efficient ML
technique for cardiac disease prediction. This study chosen
Cleveland dataset and trained RF, NB, DT, SVM, KNN,
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LR, and AdaBoost techniques. Eight most significant fea-
ture have been selected using RF feature ranking method
and reached an accuracy of 96.6% with SMOTE. Concluded
that he results have been improved with feature selection
and SMOTE.

2.2 Utilization of Deep Learning Algorithms

Artificial neural networks (ANNSs), particularly deep learn-
ing methods, are extensively employed for heart disease risk
prediction due to their ability to effectively capture complex
relationships within data. These models excel at analyzing
intricate patient information, which can lead to earlier diag-
noses and better management of cardiovascular conditions.
Deep learning algorithms are highly adaptable, enabling
them to learn from large datasets and evaluate multiple risk
factors associated with heart disease. Table 2 summarizes
cutting-edge research on deep learning algorithms for heart
disease risk prediction. Samuel et al. [75] utilized a fuzzy
analytic hierarchy process (fuzzy-AHP) to determine the
global weights of heart failure attributes, subsequently train-
ing an ANN classifier to efficiently identify patients at risk
of heart disease. The system's performance was assessed by
measuring accuracy, sensitivity, specificity, false positive
rate, false negative rate, and the ROC curve. Their method
achieved a prediction accuracy of 91.1% by dividing the
Cleveland dataset of 297 samples into training, validation,
and testing sets in a 65:20:15 ratio. Ali et al. [76] developed
a computerized diagnostic system for heart disease using
chi-square to select the most relevant features and optimized
deep neural networks for classification. They employed the
Cleveland heart dataset, splitting it into a 70:30 ratio for
training and testing. Their hybrid approach demonstrated an
accuracy of 93.33% and an AUC of 0.94.

Javeed et al. [77] proposed floating window with adaptive
size for feature elimination (FW AFE) technique for feature
refinement and ANN, DNN for classification of heart dis-
ease on Cleveland dataset. Appraised the performance of the
classifiers using accuracy, sensitivity, specificity, MCC, and
ROC. Achieved 93.33% of accuracy with FW AFE +DNN
method. Das et al. [78] developed a novel hybrid method
called neuro-fuzzy (NF) model with post-feature reduction
to extract the essential features from the various biomedical
datasets. To overcome the issues of increased model com-
plexity by fuzzy expansion of input features based on class
labels, selected appropriate fuzzified transformed features by
applying linear discriminant analysis (LDA) feature reduc-
tion technique. Finally, the reduced fuzzified features are
passed through the neural network model for the classifica-
tion of disease. Six machine learning models (ANN, ANN-
PCA, ANN-LDA, NF, NF-PCA, NF-LDA) were trained on
12 biomedical datasets including Statlog Heart data. With

the proposed NF-LDA method achieved an accuracy of
85.83% on Statlog heart dataset.

Tougui et al. [79] conducted a comparison of the perfor-
mance of six machine learning algorithms (LR, SVM, KNN,
ANN, NB, and RF) in classifying heart disease. They used
six commonly used data mining tools: Orange, Weka, Rapid-
Miner, Knime, MATLAB, and Scikit-Learn. By choosing
UCI Cleveland dataset with 303 instances, 13 features and
one target variable, pre-processed to remove the missing val-
ues in the dataset. Then, applied the six ML techniques with
tenfold cross validation to sample the dataset, and extracted
the confusion matrices to calculate the three performance
metrices accuracy, sensitivity, and specificity. Obtained the
highest accuracy of 85.86%, and sensitivity of 83.94% with
MATLAB’s ANN technique whereas, RapidMiner’s SVM
method provided highest specificity of 94.38%. Mehmood
et al. [80] developed a framework named CardioHelp to
predict the cardiovascular disease using deep convolutional
neural networks (CNN). The researchers utilised a dataset
from the UCI ML repository and implemented the least
absolute shrinkage and selection operator (LASSO) to both
regularise the data and choose the most relevant features.
The suggested approach achieved 96.7 percent accuracy,
97.06% precision, 96.35% recall, and 96.7% F1-score.

Nancy et al. [81] developed an IoT based smart health-
care system for predicting HD risk using deep learning. The
study considered two heart datasets Cleveland and Hungar-
ian with 303 and 294 instances, respectively. The number
of instances has been increased to 100000 using Mockaroo
tool. Various pre-processing steps were performed to make
the dataset effective. The data has been divided into 70:30
for training and testing purposes. A deep learning model,
bidirectional long short-term memory (Bi-LSTM) was
implanted and reached 98.86% accuracy, 98.9% precision,
98.8% sensitivity, 98.89% specificity and 98.6% F-measure.
Vayadande et al. [82] utilized both machine learning and
deep learning techniques for heart disease risk prediction
on full features of the Cleveland heart dataset. The data-
set features have been analyzed using various plots such as
histogram, box and heatmap to get good insights about the
dataset. An accuracy of 88.52% has been achieved using the
LR, RF, and XGBoost classifiers, while the MLP, a deep
learning method, provided an accuracy of 86.89%, which is
about 2% less than machine learning methods.

Garcia-Ordas et al. [83] applied deep learning (CNN)
on combined heart dataset (918 observations, 11 features)
for predicting the heart disease. This work utilized Sparse
Autoencoder (SAE) for feature augmentation. Results shown
that 90.09% of accuracy with the proposed model. Almazroi
et al. [84] established a decision support system for predict-
ing heart disease using Dense Neural Network (DNN). This
study collected 4 datasets Cleveland, Switzerland, Hungar-
ian, and Long Beach and performed various pre-processing
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Table 2 (continued)

Using deep learning algorithms

# Acc. (%) Sen.(%) Spe.(%) Pre.(%) F-mea.(%) AUC Limitations

Classifier
DNN

FS method

Cross validation
tenfold CV

Author & year

No feature selection meth-

87.37

69.27

90.90

13 83.03

Almazroi et al. (2023) [84]

ods were implemented,

and the obtained accuracy
is not up to the mark

ML and DL models utilized in the state-of-the-art

works
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Fig.5 ML and DL models utilized in the state-of-the-art works

steps such as imputation, outlier detection and removal,
standardization. They trained both ML and DL models using
tenfold CV on all the datasets. The study reached maximum
accuracy of 83.03% using DDN on Hungarian dataset.

Figure 5 shows the statics of the various ML and DL
models utilized in the state-of-the-art research works for
heart disease risk prediction. The classifiers NB, DT, LR,
SVM, KNN, RF, Boosting and NN stood on top 8 classifiers.
SVM classifier mounted on top with 30 works, followed by
DT and RF with 25 works, NB accounting to 21, LR with
18, KNN with 16 and NN with 19 works.

2.3 Utilization of Pre-processing Methods
in Disease Prediction

Data pre-processing is a vital step in data analysis, as it
involves cleaning, normalizing, and transforming raw data
into a format suitable for analysis. This process is crucial for
maintaining the accuracy, consistency, and completeness of
the data used in analytical tasks. Effective data pre-process-
ing can significantly improve data quality and enhance the
performance of machine learning algorithms in predicting
various diseases, such as cardiac conditions, liver diseases,
diabetes, and more. Figure 6 illustrates the various data pre-
processing techniques employed in cutting-edge research.
Data imputation is the process of filling in estimated val-
ues for missing or incomplete data to ensure the dataset is
complete for analysis. Data integration involves merging
data from different sources that share the same attributes to
create a unified dataset, thus increasing the number of obser-
vations. Data normalization adjusts the data to a specific
range, usually between 0 and 1, while data standardization
transforms the dataset to have a mean of 0 and a standard
deviation of 1, thereby rescaling the data to match these
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Data
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Fig.6 Data pre-processing methods utilized in state-of-the-art works

statistical properties. Data discretization involves convert-
ing continuous data into discrete intervals or categories. To
identify outliers, the interquartile range (IQR) method is
used: calculate the difference between the 75th percentile
(Q3) and the 25th percentile (Q1) to determine the IQR.
By multiplying the IQR by a factor (e.g., 1.5) and adding
or subtracting this value from Q1 and Q3, respectively, you
establish the upper and lower limits for detecting outliers.
Reddy et al. [85] combined five heart disease datasets—
Cleveland, Hungarian, Long Beach VA, Switzerland, and
Statlog—to create a larger dataset with approximately 1190
instances. Yadav et al. [86] and Almustafa [87] aggregated
1025 observations from four datasets: Cleveland, Hungar-
ian, Long Beach VA, and Switzerland. Burse et al. [88] rec-
ommended data normalization for predicting heart disease
using neural networks. Abdar et al. [89] applied normali-
zation to the Z-Alizadeh Sani dataset to enhance coronary
artery disease prediction. Uddin et al. [90] used normali-
zation on a diabetes dataset and employed the Synthetic
Minority Over-sampling Technique (SMOTE) to balance the
class variable. Long et al. [33] applied Min—Max normaliza-
tion to heart disease data to scale it within the [0, 1] range.
Saboor et al. [91] reported significant improvements in heart
disease prediction through data standardization. Md et al.
[92] performed standardization on skewed columns of a liver
disease dataset to boost machine learning performance and
used multivariate imputation for missing values. Paul et al.
[93] replaced missing values with the mean or median of
the respective attribute during pre-processing. Alaa et al.
[94] used data imputation on the UK Biobank cardiovascular
disease dataset. Amin et al. [95] addressed missing values
and outliers in a liver disease dataset. Fitriyani et al. [96]
employed the isolation forest method for outlier detection
and removal in a diabetes dataset and used Density-Based
Spatial Clustering of Applications with Noise (DBSCAN)
for the same purpose in another study [97]. Tomov and
Tomov [27] developed Heart Evaluation for Algorithmic
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Risk-reduction and Optimization Five (HEARO-5) to auto-
matically handle outliers and missing values. Liu et al. [37]
applied data discretization for heart disease diagnosis.

2.4 Utilization of Feature Selection Techniques

Figure 7 illustrates the importance of feature selection in
disease risk prediction using machine learning algorithms.
By focusing on the most relevant features and reducing
overfitting, feature selection enhances the performance of
machine learning models. It improves efficiency by signifi-
cantly cutting down training time and simplifies the model
by concentrating only on essential features. This approach
not only makes the model easier to interpret and understand
but also facilitates maintenance and deployment in produc-
tion environments. Additionally, feature selection reduces
data dimensionality, which can lead to better generalization
and decreased processing requirements. It also addresses
multicollinearity by removing redundant or highly corre-
lated features, resulting in more robust models. By filtering
out noisy or irrelevant features, feature selection can further
boost model accuracy. Table 3 provides an overview of the
features selected in cutting-edge research.

From Table 3, the most selected features for the heart
disease risk prediction by the research works are chest pain
(cp), the number of major vessels colored by fluoroscopy
(ca), followed by thallium scan (thal), exercise-induced
angina (exang), the slope of the peak exercise ST segment
(slope) and ST depression induced by exercise relative to
rest. Though the number of features selected by the works
is identical, the features differ from one work to another. El-
Bialy et al. [32] selected only five features by implementing
decision trees on the Cleveland dataset. Verma et al. [34]
collected 335 CAD patient’s non-invasive clinical data
from Indira Gandhi Medical College (IGMC), India which
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Table 3 Features selected by the state-of-the-art works

#  Features selected

Author Dataset used Feature Selection
El-Bialy et al. (2015) [32] Cleveland Decision Trees
Verma et al. (2016) [34] IGMC CFS+PSO
Cleveland
Liu et al. (2017) [37] Statlog RFRS
Hagq et al. (2018) [38] Cleveland Relief
mRMR
LASSO
Takei (2018) [42] Statlog Backward logit
Forward logit
Fisher filtering
Relief
Dulhare (2018) [43] Statlog PSO
Alam et al. (2019) [48] Statlog Relief
Latha et al. (2019) [51] Cleveland Brute Force
Amin et al. (2019) [52] Cleveland Brute Force
Statlog Brute Force
Ahmed et al. (2020) [54] Cleveland Univariate
Relief
Gazeloglu et al. (2020) [56] Cleveland CFS
FRS and Chi-square
Pasha et al. (2020) [59] Cleveland NFR
Ali et al. (2019) [76] Cleveland Chi-square
Tama et al. (2020) [61] Cleveland CFS
Statlog CFS
Muhammad et al. (2020) [62] Cleveland FCBF
mRMR
LASSO
Relief
Rani et al. (2021) [64] Cleveland GA and RFE
Kanagarathinam et al. (2022) [67] Sathvi Pearson Correlation
Narayanan et al. (2024) [74] Cleveland RF ranking
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cp, age, ca, thal, thalach

smoking, diabetes mellitus, High Density Lipoprotein, Duke Tread
Mill Score, Duration recovery with ST changes

cp, thalch, exang, old peak, slope, ca, thal

age, cp, restecg, thalach, slope, ca, thal

thal, exang, cp, slope, ca, thalach

cp, chol, slope, ca, sex, thal

sex, ca, exang, cp, slope, thal

cp, oldpeak, ca, thal

thal, ca, exang, oldpeak, cp

thal, ca, exang, thalach, oldpeak, cp, slope, sex, age
sex, thal, restecg, ca, cp, exang

cp, restecg, thalach, exang, oldpeak, ca, thal

—
[\

All features except ‘chol’

age, sex, cp, chol, fbs, exang, oldpeak, slope, ca

age, sex, cp, chol, fbs, exang, oldpeak, slope, ca

sex, cp, fbs, restecg, exang, oldpeak, slope, ca, thal
thalach, oldpeak, ca, cp, exang, age, chol

thal, exang, cp, ca, slope, thalach, oldpeak

cp, trestbps, thalach, exang, oldpeak, ca

age, cp, trestbps, chol, thalach, oldpeak, ca

ca, slope, sex, cp, thalach, thal, exang, oldpeak, restecg

age, sex, cp, trestbps, restecg, thalach, exang, oldpeak, slope, ca,
thal

cp, restecg, thalach, exang, oldpeak, ca, thal

sex, cp, restecg, thalach, exang, slope, ca, thal

thal, cp, exang, ca, slope, restecg

slope, cp, oldpeak, ca, sex, thal

sex, ca, exang, cp, slope, thal

cp, age, fbs, ca, thalach, thal

sex, cp, restecg, exang, oldpeak, slope, ca, thal

10 age, sex, cp, trestbps, chol, fbs, restecg, thalach, exang, and oldpeak

8 cp, ca, thal, thalach, oldpeak, age, trestbps, chol

consists of 25 features and 1 class variable. Dimensionality
reduction has been performed using correlation-based fea-
ture selection (CFS) and particle swarm optimization (PSO)
and selected 5 risk factors. Achieved an accuracy of 84.17%
using multinomial logistic regression (MLR). The proposed
framework also employed on 7 selected features from Cleve-
land dataset and achieved 88.4% of accuracy using MLR
with tenfold CV. Liu et al. [37] applied ReliefF and rough
set (RFRS) method to the Statlog dataset and selected seven
features. Takci [42] selected four features using backward
logit, five features using Forward logit, nine features using
fisher filtering, and six features using relief methods from
the Statlog dataset. Haq et al. [38] applied relief, minimum
redundancy maximum relevance (mRMR), and least abso-
lute shrinkage and selection operator (LASSO) feature

selection methods on the Cleveland dataset and selected six
features from each method. Dulhare [43] employed particle
swarm optimization (PSO) method on the Statlog dataset to
select seven optimal features.

Amin et al. [52] and Latha et al.[51] utilized the brute
force method and selected the same 9 nine features of the
Cleveland dataset. Amin et al. [52] also employed Brute
Force on the Statlog dataset and selected nine different fea-
tures from Cleveland. Alam et al. [48] chosen all the features
except ‘chol’ from the Statlog dataset using relief method.
Ali et al. [76] selected 11 features by applying chi-square
method. Saqlain et al. [40] utilized forward feature selection
algorithm (FFSA), and Javeed et al. [44] applied random
search algorithm (RSA) and selected seven features from
the Cleveland dataset but did not specify the features they
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selected. Mohamed et al. [60] used the parasitism preda-
tion algorithm (PPA) and selected four features from the
Statlog dataset. Gazeloglu et al. [56] selected six features
from CFS and seven features from fuzzy rough set (FRS)
and chi-square methods on the Cleveland dataset. Ahmed
et al. [54] applied univariate and relief methods to select
seven significant features from each method on the Cleve-
land dataset. Pasha et al. [59] chose nine optimal features
from the Cleveland dataset using novel feature reduction
(NFR) method based on accuracy and area under the ROC
curve (AUC) values. Tama et al. [61] implemented the
CFS method on the Cleveland dataset and reduced the 46%
of feature space by selecting seven significant features in
their work. Also employed on Statlog dataset and selected
eight features from that. Muhammad et al. [62] selected six
significant features through the fast correlation-based Fil-
ter (FCBF), mRMR, LASSO, and Relief methods on the
Cleveland dataset for the early prediction of heart disease.
Figure 8 shows the utilization of feature selection methods
in heart disease risk prediction.

Howeyver, the inclusion of irrelevant features can lead to
model overfitting, and selecting pertinent features becomes
challenging due to the vast number of possibilities. As the
number of features grows, the size of the dataset increases
exponentially, making a comprehensive and efficient search
technique crucial for effective feature selection. It is impor-
tant to conduct a thorough evaluation of features rather than
relying solely on those suggested by feature selection algo-
rithms. For instance, many studies overlook static features
such as 'age' and 'sex' when determining the optimal set of
features. In heart disease datasets, the presence of irrelevant
or highly correlated features can cause machine learning
classifiers—such as Decision Trees (DT), Naive Bayes (NB),
Support Vector Machines (SVM), and K-Nearest Neigh-
bors (KNN)—to overfit. Thus, selecting the most relevant
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features remains a complex challenge due to the extensive
range of potential features to consider.

2.5 Utilization of Hyperparameter Tuning

Hyperparameters are crucial in machine learning algo-
rithms because they directly influence the behavior of train-
ing processes and significantly impact model performance.
The choice of hyperparameters can greatly affect how well
an algorithm performs, making hyperparameter optimiza-
tion a critical, albeit challenging task [54]. Hyperparam-
eter optimization involves finding the best values for these
parameters by minimizing the validation error. The goal is
to identify hyperparameters that result in the lowest error on
the validation set, with the expectation that these parameters
will also perform well on the testing set. However, evaluat-
ing the objective function can be expensive, as it requires
training the machine learning model with various sets of
hyperparameters. Table 4 details the hyperparameter opti-
mization techniques employed in state-of-the-art research.
From Table 4, Haq et al. [38] employed manual tun-
ing in their work for LR, KNN, ANN, SVM, DT, and RF
models. Ahmed et al. [54] performed grid search hyper-
parameter tuning in their work for LR, DT, SVM, and
RF classifiers to improve the heart disease prediction
accuracy on selected features of the Cleveland dataset
obtained through univariate and relief methods. Tama
et al. [61] also implemented grid search hyperparameter
tuning for the RF algorithm. Muhammad et al. [62] also
implemented manual tuning of KNN, SVM, LR, and ANN
algorithms. For some application domains, several strat-
egies have been developed and effectively utilized. As
a result, developing an effective hyperparameter tuning
technique to optimize any given machine learning method
can significantly enhance its efficiency. There are pri-
marily two types of hyperparameter tuning approaches
manual search and automated search. Manual search is
a method of manually testing hyperparameter sets. It is
based on the core perception and expertise of professional
users who could identify the crucial elements that sub-
stantially impact the outcomes and then utilize visualiza-
tion tools to evaluate the relationship between specific
parameters and results. Manual optimization consumes a
lot of time instead of focusing on the critical steps such
as feature engineering and interpreting the results. Hyper-
parameter tuning is progressively achieved by automated
methods to find optimal hyperparameters in less time
by using an intelligent query without requiring manual
effort beyond the initial set-up. There are three types of
optimization algorithms: grid search, random search, and
Bayesian. Grid and random search algorithms need long
running times compared to Bayesian because they spend



A Comprehensive Review on Heart Disease Risk Prediction using Machine Learning and Deep Learning...

1783

Table 4 Hyperparameter optimization performed in the state-of-the-art works

Author

Model

Hyperparameters

Optimization technique Limitations

Tomar and Agarwal (2014) [31] LSTSVM

Initial C, sigma

Hagq et al. (2018) [38] LR Regularization strength (C)
KNN Number of nearest neighbors (K)
ANN Number of hidden neurons
SVM Complexity parameter (C) and
gamma (g)
DT Number of trees
RF Number of iterations
Ahmed et al. (2020) [54] LR maxIter, regParam
DT impurity, maxDepth, maxBins
SVM regParam, maxIter, Kernel type
RF maxDepth, maxBins, numTrees
Muhammad et al. (2020) [62] KNN No. of nearest neighbors (K)
SVM Kernel
LR Regularization strength (C)
ANN Number of hidden neurons
Tama et al. (2020) [61] RF ntrees, max depth, min row, nbins,
nbins cats, sample rate, histo-
gram type, and distribution
Torthi et al. (2023) [70] RF No. of trees, min_samples_leaf,
min_samples_split, max_depth,
max_features
Trigka et al. (2023) [68] MLP learning rate, momentum, training
time
KNN K, search algorithm, cross-validate
Stacking Base classifier and meta classifier
Reddy et al. (2021) [98] KNN No. of neighbors, distance metric,
distance weight, standardize data
Reddy et al. (2022) [99] KNN No. of neighbors, distance weight
RotF Base classifier, no. of. iterations,

removed percentage

GridSearchCV

Manual tuning

GridSearchCV

Manual tuning

GridSearchCV

GridSearchCV

Manual tuning

Bayesian

Manual tuning

Only one classifier utilized in this
work

Only one parameter per classi-
fier has been tuned since it takes
more time to tune more than one
parameter

Computational complexity is high.
Performed optimization on only
four classification models

Only one parameter per classi-
fier has been tuned since it takes
more time to tune more than one
parameter

Computational complexity is high.
Performed optimization on only
one classification model

This work is limited small dataset of
270 observations

Ten algorithm parameters were
tuned. But the manual tuning takes
more time and results also not up
to the mark

Still the accuracy can be improved

Manual tuning of hyperparameters
took more time

time analyzing unpromising areas of the search space
[100, 101].

3 Dataset Description

Majority of existing works utilized Cleveland dataset
which is available in the University of California Irvine
(UCI) machine learning repository. This UCI Cleveland
heart dataset consists of 303 instances with 76 numeric
attributes. However, only 14 attributes (13 predictor vari-
able and 1 class variable) have been considered as sig-
nificant for the research works to predict the heart disease
risk. The description and range of the heart disease dataset
attributes is provided in the Table 5.

The ‘age’ attribute has 41 distinct values between 29
and 77 with 1% (4) of unique values, mean of 54.439, and
standard deviation of 9.039. The ‘sex’, represents gender,
has 2 distinct values 0 =female, 1 = male with mean of
0.68, and standard deviation of 0.467. The ‘cp’, represents
chest pain type, has 4 distinct values 1 =typical angina,
2 =atypical angina, 3 =non-angina pain, 4 =asymptomatic
with mean of 3.158, and standard deviation of 0.96. The
‘trestbps’, represents resting blood pressure in mm Hg,
has 49 distinct values between 94 and 200 with 6% (17)
of unique values, mean of 131.69, and standard devia-
tion of 17.6. The ‘chol’, represents serum cholesterol in
mg/dl, has 152 distinct values between 126 and 564 with
20% (61) of unique values, mean of 246.693, and standard
deviation of 51.777. The ‘fbs’, represents fasting blood
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Table 5 Desc.ription and range S.NO Attribute Description
of the heart disease dataset
attributes 1. age Age in years between 29 and 77
2. sex Gender: 1 represents male, O represents female
3. cp Type of chest pain
1-typical angina, 2-atypical angina,
3-non-angina pain, 4-asymptomatic
4. trestbps Resting blood pressure in mm Hg between 94 and 200
5. chol Serum cholesterol in mg/dl between 126 and 564
6. fbs Fasting blood sugar > 120 mg/dl: 1 indicates True, O indicates False
7. restecg Resting electrocardiographic results
0-normal, 1-ST-T wave abnormality,
2-definite left ventricular hypertrophy by Estes’ criteria
8. thalach Maximum heart rate achieved between 71 and 202
. exang Exercise induce angina: 1 represents Yes, O represents No
10. oldpeak ST depression induced by exercise relative to rest between 0 and 6.2
11. slope The slope of the peak exercise ST segment: 1-upsloping,2-flat, 3-downsloping
12. ca Number of major vessels colored by fluoroscopy between 0 and 3
13. thal The heart status
3-normal, 6-fixed defect, 7-reversible defect
14. target Prediction attribute

0-no risk of heart disease, 1 to 4-risk of heart disease

sugar > 120 mg/dl, has 2 distinct values 0 =false, 1 =true
with mean of 0.149, and standard deviation of 0.356. The
‘restecg’, represents resting electrocardiographic results,
has 3 distinct values O =normal, 1 =having ST-T wave
abnormality, 2 = probable or definite left ventricular
hypertrophy with mean of 0.99, and standard deviation
of 0.995. The ‘thalach’, represents maximum heart rate,
has 91 distinct values between 71 and 202 with 9% (28)
of unique values, mean of 149.607, and standard devia-
tion of 22.875. The ‘exang’, represents exercise induced
angina, with 2 distinct values 0 =no, 1 =yes with mean of
0.327, and standard deviation 0.47. The ‘oldpeak’ attrib-
ute, represents ST depression induced by exercise relative
to rest, has 40 distinct values between 0 and 6.2 with 3%
(10) of unique values, mean of 1.04, and standard devia-
tion of 1.161. The ‘slope’, represents the slope of the peak
exercise ST segment, has 3 distinct values 1 =up-sloping,
2 =flat, 3 =down-sloping with mean of 1.601, and stand-
ard deviation of 0.616. The ‘ca’, represents number of
major vessels colored by fluoroscopy, has 4 distinct values
between 0 and 3 with mean of 0.672, and standard devia-
tion of 0.937. This attribute as 4 missing values (about
1%). The ‘thal’, represents the thallium stress result, has 3
distinct values 3-normal, 6-fixed defect, and 7-reversible
defect with mean of 4.734, and standard deviation of 1.94.
It has 2 missing values (about 1%). The ‘target’ attribute,
represents predicted attribute, has 5 distinct values 0 =no
risk of heart disease, 1, 2, 3, 4 =risk of heart disease with
the count of 164 and 139, respectively.
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4 Machine Learning Algorithms

Machine learning is a data analysis technique that auto-
mates the development of analytical models. As a branch
of artificial intelligence, it focuses on the concept that
computers can learn from data, identify patterns, and make
decisions with minimal human intervention. Machine
learning is broadly categorized into two types: supervised
and unsupervised learning. In supervised learning, the
goal is to predict an output variable associated with each
input item, or to forecast target values based on labelled
data. This approach requires a dataset with both input and
corresponding output data to train the model for making
predictions on new inputs. Supervised learning includes
classification, which assigns discrete classes as target
values, and regression/estimation, which deals with con-
tinuous target values. Classifiers learn patterns from the
features of a dataset and use this knowledge to predict the
target class for new data [102]. Figure 9 illustrates the
main categories of machine learning algorithms.

In many scenarios, input data lack labels, and in such
cases, the challenge is to uncover useful patterns within
the data. Unsupervised machine learning is designed to
extract meaningful structures or knowledge from data
without labelled examples. One common technique in
this domain is clustering, which groups similar instances
together. Choosing the right algorithm can be challenging
due to the variety of both supervised and unsupervised
machine learning algorithms available. Identifying the
most suitable algorithm often requires experimentation,
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Fig. 9 Main categories of
machine learning algorithms
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as even experienced data scientists cannot ascertain an
algorithm's effectiveness without testing it. The selection
of algorithms depends on several factors, including the
data’s characteristics—such as its type, size, and the spe-
cific insights sought. The most commonly used machine
learning classifiers for heart disease risk prediction, as
utilized by researchers, are discussed here.

4.1 Naive Bayes

Naive Bayes (NB) is a straightforward probabilistic model
grounded in Bayes' theorem. This algorithm estimates the
likelihood that a given data point belongs to a specific class
by calculating the probability for each possible class. It oper-
ates under the assumption that each attribute is independent
of the others, a condition that may not always hold true in
real-world data. Naive Bayes is often used in text classifica-
tion tasks, such as sentiment analysis and spam filtering, due
to its effectiveness in handling multiple features and classes.

) Gaussian Mixture
Anomaly Detection

Association Rule

It performs particularly well with small datasets and categor-
ical input variables. In Naive Bayes, training observations
are generated from samples of various statistical distribu-
tions, with each response class having its own distribution.
The model assigns a probability to each distribution, indicat-
ing the likelihood of a new data point falling within that dis-
tribution. The normal distribution's parameters are the mean
and standard deviation. Naive Bayes can also handle datasets
with substantial amounts of missing data by predicting miss-
ing values based on general probability distributions. Bayes'
theorem, the mathematical foundation of this algorithm,
calculates the probability of an event occurring given prior
knowledge of conditions related to the event [87].
Mathematically,

P(B| A) P(A)

P(A|B) = P(B) ey
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where A and B are events, P(A|B) is the probability of event
A occurring given that B is true, P(B|A) is the probability
of event B occurring given that A is true. P(A) and P(B) are
the marginal or prior probabilities.

4.2 Decision Tree

Decision Trees (DT) are a crucial algorithm in machine
learning for predictive modeling, capable of handling both
regression and classification tasks. They operate by recur-
sively splitting the data into smaller, more manageable
groups based on the most significant features at each step,
ultimately forming a tree-like structure. However, they are
prone to overfitting, especially when trained on noisy data or
allowed to grow excessively deep. Decision Trees are versa-
tile and can handle both nominal and numerical data. Their
sensitivity to slight variations in the training data means
that different datasets may result in different tree structures.
To mitigate overfitting, pruning techniques can be applied
to remove nodes that have minimal predictive value or con-
tribute little to the overall accuracy. In a classification tree,
which is used when the target variable has a finite set of
distinct values, the decision tree model is represented as a
binary tree. Each node corresponds to a single input variable
(x) and a specific split point for that variable if it is numeric.
The terminal nodes, or leaf nodes, include a dependent vari-
able (y) used for predictions. To make predictions, the model
traverses the tree branches until reaching a leaf node, where
it outputs the class value associated with that leaf node
[103]. Decision Trees are known for their quick learning and
rapid prediction capabilities, and they can perform well even
with significant amounts of missing data and large datasets.

4.3 Logistic Regression

Logistic Regression (LR) is used for binary classification
problem. The algorithm maps the probability of the out-
put to the input features using a logistic function. Because
of its ease of use, interpretability, and effectiveness with
big datasets, this algorithm is well-liked. It is extensively
utilized for activities including predicting illness risk, cus-
tomer attrition, and credit scoring in a variety of industries,
including marketing, finance, healthcare, and more. With the
use of strategies like one-versus-rest or multinomial logistic
regression, logistic regression may be expanded to deal with
multi-class classification issues. Logistic regression is capa-
ble of handling both numeric and categorical input features.
A linear regression model is a mathematical equation that
involves multiplying each predictor by the coefficient and
then summing them together [104]. The total is used as the
input for the logistic function, which predicts the class to
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which the observation belongs. For a single observation x
with n features the response y is given by

1
y =

- 1+ e—(ﬂo+ﬂ1x1+...+ﬂnx“) Q)

Values that exceed the threshold are classified as posi-
tive. Individuals who fall below the specified threshold are
categorised as belonging to the category of the negative.
Logistic regression can work natively with mixed numerical
and categorical variables.

Figure 10 shows target class labelled according to the
threshold set which relies upon the output value returned by
Sigmoid function. Assuming threshold value of below 0.5
are set to fall under Class 0. If the returned value is above
0.5, then the target class would be labelled as Class 1.

4.4 K-Nearest Neighbors

The K-Nearest Neighbors (KNN) model is a supervised
machine learning algorithm commonly used for classifi-
cation tasks [105]. KNN classifiers are also referred to as
instance-based or memory-based learning algorithms. This
approach works by storing labeled instances from the train-
ing set and recalling them when needed. Later, these stored
instances are used to classify new data points. The 'K' in
KNN represents the number of nearest neighbors the clas-
sifier will retrieve to make a prediction. When faced with a
new instance for classification, the KNN algorithm searches
its stored training data to find the K examples with the most
similar features [106]. The classifier then retrieves the class
labels of these K nearest neighbors and aggregates them to
predict the label of the new instance. To make predictions,
KNN identifies the K training examples closest to the new
input in the feature space. KNN is a simple and versatile
technique that can be applied to both regression and clas-
sification problems. The value of K plays a crucial role in
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Fig. 10 Sigmoid Function



A Comprehensive Review on Heart Disease Risk Prediction using Machine Learning and Deep Learning... 1787

determining the model’s accuracy and generalization. Since
KNN is a non-parametric method, it does not assume any
specific distribution of the underlying data. However, one
drawback of KNN is its computational inefficiency, particu-
larly with large datasets, as it requires storing all the training
data and calculating distances for each prediction.

Figure 11 illustrates how the target class is assigned to
a new data point based on the majority class of its near-
est neighbors. For example, the red color datapoint will be
labelled as Category A since there are three nearest neigh-
bors positioned closer to this new data point.

4.5 Support Vector Machines

The Support Vector Machine (SVM) is widely recognized
as one of the most commonly used machine learning algo-
rithms for classification tasks. Its primary function is to find
the hyperplane that best separates different classes within the
feature space. SVM can handle both linear and non-linear
data by using various kernel functions, which transform the
input data into a higher-dimensional space. Because SVM
relies on a subset of the training data points (called sup-
port vectors) in its decision-making process, it is efficient in
high-dimensional spaces and requires less memory. SVMs
are applied across various fields, such as bioinformatics, text
classification, and image recognition. However, one limita-
tion of SVM is its sensitivity to the selection of kernel and
regularization parameters, which often require careful tun-
ing for optimal performance. The SVM algorithm gener-
ates a hyperplane that separates data points into two distinct
classes in an n-dimensional feature space. This separation is
achieved by employing the maximal-margin technique [107].
A hyperplane can be described as the set of data points x that
satisfy the following condition:

'\
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\ Category B
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Fig. 11 Target class assigned to the closest neighbor’s class
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where b is the offset value from the origin, w is a normal
vector, perpendicular to the surface of the hyperplane. The

parameter ”b” determines the offset of the hyperplane from

the origin along the normal vector w. Data should be stand-
ardized since the distance measurements are sensitive to
scale. Figure 12 shows the optimized hyperplane having
large marginal distance from data points (binary classes) to
the hyperplane created.

From Fig. 12, the larger the marginal distance, the more
confidence it is to classify whether the person is suffering
from diabetes or not.

4.6 Random Forest

Random Forest (RF) is a widely used and versatile super-
vised machine learning algorithm, effective for both regres-
sion and classification tasks. It consists of multiple deci-
sion trees trained through a bagging technique to improve
overall predictive performance [108]. Random Forest builds
several decision tree classifiers and combines their predic-
tions, reducing variance while only slightly increasing bias,
thus controlling overfitting. This results in a more accurate
and reliable prediction model. The RF algorithm introduces
randomness by selecting random thresholds for each feature
as the trees are built. When splitting a node, RF chooses
the best feature from a random subset of available features,
enhancing the model's performance. Due to its ability to
handle large, high-dimensional datasets without overfitting,
Random Forest is widely adopted across many machine
learning tasks. Its effectiveness comes from applying the
method to both regression and classification problems, while
incorporating randomness in feature selection and data sam-
pling, which reduces variance and improves generalization.
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Fig. 12 Marginal distance from data points
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Furthermore, Random Forest can handle missing values
effectively, maintaining accuracy even when some data is
incomplete [109]. Figure 13 illustrates how Random Forest
is composed of multiple decision trees using bagging and
random feature selection techniques.

For instance, individual models of decision tree have pre-
dicted “1” for six times and “0” for three times. By using
the majority voting mechanism, the final model is labelled
as class “1”.

4.7 Boosting

Boosting is a potent machine learning strategy that com-
bines several weak learners to increase a model's predicted

Predict 1 Predict 0 Predict 1
L;,I B E"ij
| R L B | |
flj [IJ &3 ER Elj EIE
r_qr—:]) H:T :";?3 g3 3 5?_3 c_‘x'_?j
Predict 1 Predict 1 Predict 0

Predict 1

Predict 1 Predict 0

Fig. 13 Random Forest with many decision trees using bagging and
random feature selection technique

accuracy. In order to repair the mistakes made by earlier
models, iteratively training new models involves assigning
greater weight to previously misclassified cases. XGBoost,
Gradient Boosting Machine (GBM), and AdaBoost are a
few well-liked boosting techniques. Although it may be
applied to other kinds of models as well, decision trees are
frequently utilized in conjunction with boosting. For clas-
sification and regression applications, boosting can produce
strong and highly accurate predictive models when used
properly. Adaptive Boosting (AB) is frequently referred to
as the best classifier with the decision trees as weak learners
[110]. It is analogous to RF in that it uses numerous decision
trees to make predictions. Figure 14 illustrates AB which is
distinguished by three important characteristics:

e Instead of trees, AB constructs a forest of decision
stumps. A tree with only one node and two leaves is
known as a decision stump.

e In the final prediction, the decision stumps that are
formed are not equally weighted.

e Because each stump tries to minimize the errors gener-
ated by the prior stump(s), the sequence in which they
are created is crucial.

Pruning is the process of deleting poor-performing weak
classifiers to reduce the boost classifier's storage and execu-
tion time. Weight or margin-trimming are the most basic
strategies, and they can be predominantly effective when
used in combination with entirely corrective training: when
a weak classifier's coefficient, or contribution to the overall
test error, falls below a specified threshold, that classifier
will be deleted.

Fig. 14 Adaptive Boosting
Stump 1 Stump 2 Stump 3 Stump n
error error error
Wi W2 w3 Whn

Ensemble includes all its predecessors
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4.8 Bagging

Bagging is a commonly used ensemble technique in machine
learning that helps reduce overfitting and enhances the mod-
el's predictive performance. In bagging, the same learning
algorithm is trained on multiple instances, each using dif-
ferent subsets of the training data, and the predictions from
these instances are combined to produce the final output.
Typically, bootstrap sampling is used to generate the sub-
sets, where samples are drawn from the original dataset
with replacement [111]. Bagging is employed by popular
algorithms such as Bagged Decision Trees and Random
Forest. Since each model in a bagging ensemble is trained
independently, the process can be parallelized, which may
significantly reduce training time.

Bootstrap sampling is used by bagging to generate m new
training sets, denoted as D;, from the initial training dataset
D. Each new training set is of size n' and is created by ran-
domly selecting samples from D with replacement. Each D;,
may contain repeated samples obtained through sampling
with replacement. For large values of n, if n'is equal to n, it
is expected that the set D; will contain approximately 63.2%
(1 — 1/e) of the distinct samples in D, while the other sam-
ples will be duplicates. Because sampling with replacement
does not rely on previously chosen samples, each bootstrap-
ping is distinct from its predecessors. Next, by averaging
the result (for regression) or polling (for classification), m
models are trained and merged using these m bootstrap sam-
ples. The out-of-bag dataset contains the samples that were
left out of the bootstrap sample. The difference between the
original training dataset and bootstrap datasets can be used
to compute it. Because the bootstrap sample and out-of-bag
datasets are used to assess the correctness of a random forest
method, they are critical.

Afterwards, the ensemble creates decision trees using
bootstrapping samples. It evaluates each feature and deter-
mines the number of samples in which the presence or
absence of the feature leads to an outcome that is either
positive or negative. A classifier C; is developed by learning
algorithm from each bootstrapped sample D; to accomplish
the classification of setD;. On the original training data D,
the final classifier C* is produced by employing the earlier
created set of classifiersC;.The final classification is the one
predicted by the sub-classifiers C; most frequently. The dia-
gram of Bagging is shown in Fig. 15.

5 Deep Learning Algorithms

Deep learning is a branch of machine learning that use mul-
tilayered neural networks, known as deep neural networks,
to replicate the intricate decision-making capabilities of the
human brain. Neural networks, or artificial neural networks,
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Fig. 15 Bagging

endeavour to replicate the human brain by utilising data
inputs, weights, and biases, all functioning as silicon brain
cells. These components collaboratively function to pre-
cisely identify, categorise, and delineate items within the
data. There are various types of neural networks, including
Artificial Neural Networks (ANN), convolutional neural
networks (CNNs), recurrent neural networks (RNNs), and
specialized architectures like autoencoders and generative
adversarial networks (GANS).

5.1 Artificial Neural Networks

Artificial neural networks (ANNSs) are made up of inter-
connected nodes, referred to as artificial neurons, which
are inspired by the structure and functioning of the human
brain. These neurons process and analyze data through con-
nections, where each neuron receives one or more weighted
inputs, sums them, and applies a non-linear function (acti-
vation function) to produce an output. The output of one
neuron is passed as input to subsequent neurons via these
connections, with each connection assigned a weight that
determines its importance. A single neuron can have multi-
ple input and output connections, and the input to a neuron
is calculated by taking the weighted sum of the outputs from
previous neurons and their connections [107]. The network
adjusts its weights during training based on a learning rule,
using the error (the difference between the network’s output
and the desired output) to improve its predictions. ANNs
are widely used in tasks like natural language processing,
image and speech recognition, and decision-making. They
are foundational to modern supervised learning algorithms,
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which train the network to make predictions or classifica-
tions from labelled input data.

5.2 Convolutional Neural Networks

Convolutional neural networks (CNNs) are predominantly
utilized in computer vision and image classification tasks.
They can identify features and patterns in images and vid-
eos, facilitating activities such as recognizing objects, rec-
ognition of images, recognition of patterns, and recognition
of faces. CNNs are a distinct category of neural networks,
with node layers that include an input layer, one or more
hidden layers, and an output layer. Every node is intercon-
nected with another, possessing a corresponding weight and
threshold. When the output of a specific node exceeds the
designated threshold value, that node becomes activated and
transmits data to the subsequent layer of the network. If not,
no data is transferred to the network's subsequent layer. A
CNN has at least three primary types of layers: the convolu-
tional layer, the pooling layer, and the fully connected (FC)
layer. For intricate applications, a CNN may comprise thou-
sands of layers, with each layer augmenting the preceding
ones. Through convolution detailed patterns can be unveiled.
As each layer is added, the CNN enhances its complexity,
discerning larger segments of the image. The initial layers
concentrate on fundamental elements, including colors and
borders. As the picture data traverses the layers of the CNN,
it begins to discern larger components or shapes of the item
until it ultimately identifies the target object [80, 83].

5.3 Recurrent Neural Networks

Recurrent neural networks (RNNs) are a category of neural
networks capable of processing sequential input, including
time series and natural language. RNNs utilise their mem-
ory to incorporate information from previous inputs, hence
affecting the current input and result. Traditional deep neural
networks presume that inputs and outputs are independent,
whereas the output of recurrent neural networks (RNNs) is
contingent upon preceding elements in the sequence. RNNs
utilise parameter sharing across all layers of the network
and maintain identical weight parameters across each layer,
with these weights modified by backpropagation and gradi-
ent descent to provide reinforcement learning. RNNs employ
a backpropagation through time (BPTT) technique to com-
pute gradients, which differs marginally from conventional
backpropagation as it is tailored for sequential data. The
principles of BPTT mirror those of conventional backpropa-
gation, wherein the model self-trains by computing errors
from the output layer to the input layer.
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6 Conclusion

Cardiovascular disease, commonly referred to as heart
disease, is a major concern in the medical field. Accord-
ing to recent estimates from the World Health Organization
(WHO), over 20.5 million people are dying from cardio-
vascular disease, accounting for 31.5% of all global deaths.
It is also projected that by 2030, the annual death toll will
rise to 24.2 million. This paper critically reviews and sum-
marizes the research works from 2014 to 2024 on predict-
ing heart disease risk using machine learning and deep
learning algorithms. It also highlights the feature selection
techniques applied in previous studies and the key features
identified to enhance heart disease risk prediction. Addition-
ally, this work explores the hyperparameter tuning methods
used in state-of-the-art studies to boost the performance of
machine learning models. The findings indicate that SVM
and RF techniques are the most commonly used, offering
better accuracy in heart disease prediction. Models based
on NB, KNN, and ANN also performed well in most cases.
However, the accuracy of these models varies depending on
factors such as the tool/software used, dataset size, feature
set, number of instances, data preprocessing, feature selec-
tion methods, and the choice of classifier. There remains
significant research potential in addressing issues like miss-
ing data, outliers, and overfitting. Current works often lack
hyperparameter optimization, which is crucial for enhancing
machine learning performance but is complex and time-con-
suming. It is recommended to explore new feature selection
methods for heart disease datasets and perform hyperparam-
eter tuning to improve prediction accuracy heart disease risk.

7 Future Research Directions
7.1 Exploration of Emerging Algorithms

e Hybrid Models: Explore hybrid models that combine the
strengths of machine learning (ML) and deep learning
(DL) algorithms. For example, using ensemble learning
techniques that integrate decision trees (e.g., Random
Forest) with deep neural networks to improve prediction
accuracy.

e Explainable Al (XAI): Heart disease prediction requires
high transparency for medical professionals. Future
research could explore interpretability tools (like SHAP,
LIME, or Grad-CAM) to explain model decisions clearly.

e Transformer-based Models: With the success of trans-
formers in NLP and computer vision, investigating their
use for time-series or sequential health data could be a
novel direction.
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7.2 Incorporation of Multi-modal Data

e Integration of Diverse Data Sources: Use multi-modal
datasets that include medical imaging (e.g., ECG,
echocardiograms), clinical notes (NLP techniques),
genetic information, and traditional tabular data to
improve model performance.

e Wearable Sensor Data: Heart rate and ECG data from
wearable devices like smartwatches could provide real-
time data streams for early detection.

7.3 Personalized and Precision Medicine
Approaches

e Personalized Risk Prediction Models: Incorporate per-
sonalized models based on individual genetic markers,
lifestyle factors, and medical history to tailor heart dis-
ease risk prediction to specific populations.

e Transfer Learning for Personalized Care: Transfer learn-
ing from one patient cohort to another can help build
adaptable models for patients from different demograph-
ics, improving model generalizability.

7.4 Data Quality and Bias Mitigation

e Addressing Class Imbalance and Bias: Heart disease
datasets often suffer from class imbalance (more healthy
patients than those with heart disease) and bias in race,
age, and gender. Future works should focus on using
techniques like SMOTE, ADASYN, or cost-sensitive
learning to handle imbalances and bias.

e Ethical Considerations and Fair Al: Implement fairness-
aware algorithms that ensure unbiased predictions across
various demographics. Develop frameworks to assess the
fairness of predictions in heart disease models.

7.5 Time-Series and Longitudinal Studies

e Longitudinal Health Data Analysis: Using temporal mod-
eling techniques like Long Short-Term Memory (LSTM)
and Temporal Convolutional Networks (TCNs) to ana-
lyze patient health records over time and predict long-
term heart disease risks.

e Survival Analysis: Apply deep learning-based survival
analysis to predict not just the risk of heart disease but
also the time until a cardiovascular event occurs.

7.6 Real-World Implementation and Clinical
Validation

e Clinical Trials and Real-World Validation: Incorporate
ML/DL models into clinical trials for real-world valida-

tion. Address the gap between lab-developed models and
their clinical adoption.

e Mobile and Cloud-based Deployments: Work on deploy-
ing these models in real-world applications, such as
mobile applications or cloud services that allow for con-
tinuous heart health monitoring and early intervention.

7.7 Federated Learning for Health Data Privacy

e Federated Learning (FL): Investigate the use of federated
learning to train ML models across multiple healthcare
institutions while preserving patient privacy. FL can
help overcome data-sharing limitations in heart disease
research.

7.8 Integration of Social Determinants of Health
(SDOH)

e Incorporating SDOH: Future research could include
socioeconomic, environmental, and behavioral factors
(e.g., income, education, access to healthcare) to develop
a holistic heart disease prediction model.

e Community Health Predictions: Utilize publicly available
datasets and social factors to understand how community
health influences individual heart disease risk.

7.9 Optimization of Feature Engineering

¢ Automatic Feature Selection and Extraction: Use feature
selection techniques (like recursive feature elimination,
PCA, or autoencoders) to identify key variables that most
influence heart disease risk.

e Synthetic Data Generation: Explore generative adver-
sarial networks (GANSs) for generating synthetic data,
especially for rare heart disease cases, to enhance model
training.

7.10 Future Dataset Availability
and Standardization

e Creation of Standardized Heart Disease Datasets: Collab-
orate on creating standardized and open-access datasets
that can facilitate better benchmarking across different
algorithms and institutions.

e Data Augmentation Strategies: Explore advanced data
augmentation techniques to expand existing datasets and
improve model robustness, especially when working with
limited medical data.

These directions offer pathways for improving heart

disease risk prediction models and pushing the fron-
tier of research in this domain. They balance technical
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advancements, practical considerations, and the ethical
implications of ML and DL applications in healthcare.
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This review provides a thorough and organized overview of machine learning (ML)
applications in predicting heart disease, covering technological advancements,
challenges, and future prospects. As cardiovascular diseases (CVDs) are the leading
cause of global mortality, there is an urgent demand for early and precise diagnostic
tools. ML models hold considerable potential by utilizing large-scale healthcare
data to enhance predictive diagnostics. To systematically investigate this field, the
literature is organized into five thematic categories such as “Heart Disease Detection
and Diagnostics,” "Machine Learning Models and Algorithms for Healthcare,” “Feature
Engineering and Optimization Techniques,” "Emerging Technologies in Healthcare,”
and "Applications of Al Across Diseases and Conditions.” The review incorporates
performance benchmarking of various ML models, highlighting that hybrid deep
learning (DL) frameworks, e.g., convolutional neural network-long short-term
memory (CNN-LSTM) consistently outperform traditional models in terms of
sensitivity, specificity, and area under the curve (AUC). Several real-world case
studies are presented to demonstrate the successful deployment of ML models
in clinical and wearable settings. This review showcases the progression of ML
approaches from traditional classifiers to hybrid DL structures and federated learning
(FL) frameworks. It also discusses ethical issues, dataset limitations, and model
transparency. The conclusions provide important insights for the development
of artificial intelligence (Al) powered, clinically applicable heart disease prediction
systems.

KEYWORDS

heart disease prediction, machine learning (ML), deep learning models, federated
learning, explainable artificial intelligence (XAl)
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1 Introduction
1.1 Background of the study

Cardiovascular diseases (CVDs) cause around 17.9 million deaths
each year, accounting for 32% of deaths worldwide. Heart disease
continues to be one of the most significant health problems globally
and nationally, as it is the leading cause of death around the globe and
in the US. In 2021 alone, coronary heart disease was accountable for
approximately 9 million deaths. In the US, coronary heart disease
caused 1 out of 5 deaths in 2022, affecting all genders and races. The
magnitude of this issue is enormous; in the United States alone, heart
disease caused approximately two hundred and 52.2 billion dollars in
direct and indirect costs from 2019 to 2020 (Khan Minhas et al., 2024).
The prevalence of CVDs in the US is anticipated to increase sharply,
as 61% of adults are expected to be hypertensive by 2050. The
worldwide burden of CVDs is expected to rise by 90% from 2025 to
2050, increasing the number of deaths from 20.5 million in 2025 to
35.6 million by 2050. Therefore, immediate attention needs to be put
towards effective heart disease preventive measures, greater detection
capabilities, and fairness in healthcare access (Roth et al., 2020;
Al-Ajlouni et al., 2024).

Many patients can be kept alive through effective healthcare
interventions. This, however, requires early detection (Ferdous Azam
and Sarwar, 2023). By taking proactive measures, one can help alleviate
the bad consequences of the disease, improve the possible prognosis, and
save money to be spent on treating the problem. Unfortunately, most
methods, (ECG),
echocardiograms, and stress testing, need considerable time and skill to

diagnostic such as  Electrocardiogram
administer, and even then, accurate diagnosis may still not be achieved
(Dala Ali et al., 2023; Faraji et al.,, 2023). Such limitations are even more
pronounced in underdeveloped areas where such facilities are hard to

come by. Machine Learning (ML), a subfield of artificial intelligence

10.3389/frai.2025.1583459

(AI), provides solutions to such problems (Pathirana et al, 2018;
Pathirana et al., 2019). Complex ML algorithms can recognize intricate
structures and correlations existing within a vast data set that are not
readily available using traditional techniques. Such an attribute enables
chronic diseases of the heart to be diagnosed at intervals much earlier
than is possible when patients start showing symptoms. Thus, ML can
facilitate the adoption of preventive measures and strides towards a
patient-centered approach. Further, ML gives global health a powerful
tool for applying affordable and efficient diagnostic technology to
populations that need it most (Naruka et al., 2022). Figure 1 depicts the
worldwide prevalence (in millions) of major cardiovascular conditions
as of 2021. Coronary heart disease remains the most prevalent, impacting
roughly 250 million people, followed by peripheral arterial disease (110
million), stroke (94 million), and atrial fibrillation (53 million)
(Jagannathan et al., 2019). These figures highlight the significant global
challenge posed by CVDs and emphasize the urgent need for effective
predictive models driven by ML and Al to facilitate early diagnosis and
prompt intervention. Incorporating these technologies into healthcare
systems can significantly reduce mortality and enhance patient outcomes.

1.2 Role of machine learning in healthcare

The adoption of electronic health records (EHRs) and wearable
devices, and sophisticated imaging technologies is aiding the
healthcare industry in data management (Bai and Mardini, 2024). The
ability of ML to use such data to improve clinical processes and patient
interaction is astounding. In predicting heart disease, diverse data
sources are harnessed by ML models such as (Pathirana et al., 2019;
Dissanayake and Johar, 2023):

o Clinical Data: Data about the patient that includes demographics,
medical history, lab results, and medications.
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Global prevalence of major cardiovascular diseases.
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« Imaging Data: Echocardiograms, angiograms, and computed
tomography (CT) scans.

 Biometric Signals include ECG, heart rate variability, and
blood pressure.

« Data from wearable devices includes daily physical activities,
sleep patterns, and vital signs.

Devices that classify people as high risk and low risk of heart disease
are based on supervised learning techniques like random forest (RF),
support vector machine (SVM), and neural network (NN). Slicers of the
ML set are DL, which enhances a machine’s learning capabilities. For
instance, convolutional neural network (CNN) has been used to identify
arrhythmias from ECG signals with great precision. Furthermore,
clustering techniques consider the unsupervised learning approach in
which algorithms detect groups within a patient population that can
be linked to specific risk levels or responses to treatment, thus paving
the way for targeted medicine (Dissanayake and Johar, 2021; Dissanayake
etal., 2023). Another innovative area is the application of reinforcement
learning (RL) to improve treatment plans and the allocation of resources
in healthcare settings. Figure 2 depicts ML in heart disease prediction,
from data collection to model deployment (Nadeem et al., 2021; Kwon
and Dong, 2022). Figure 3 presents an integrated heart disease
prediction (Siramshetty et al., 2018; Benhar et al., 2020).

1.3 Objectives and scope of the review

The review aims to incorporate findings from previous research
studies on heart diseases while creating, developing, and applying ML
technologies that predict heart diseases. Grouping these studies into
thematic clusters may help understand the advancements in the
field, highlight strengths and challenges, and lay out the following
objectives.

o Categorization of Research: Formulating a primary information
scheme by grouping the studies into five main clusters.

o Analysis of ML Models: Performed in-depth analysis of the
models in terms of algorithms, techniques, components of the
systems, and their merits and demerits alongside real-
world applications.

10.3389/frai.2025.1583459

o Feature Engineering and Optimization: Striving to improve model
performance through feature selection, dimensionality reduction,
and hyperparameter tuning.

Emerging Technologies: Exploiting the effects of innovations such
as FL, quantum computing (QC), and Internet of Things (IoT)
devices on the diagnostics of heart diseases.

Other Applications of AI: AT’s involvement in treating diseases like
cancer, diabetes, and other neurological disorders should
be emphasized to better understand how heart disease prediction
can be approached.

This review proposes to find patterns, gaps, and trends by
incorporating these clusters in literature patterns to provide better
insights for evolving studies and their implementations.

1.4 Comparison with existing literature and
novel contributions

There is a substantial body of literature on ML applications in the
healthcare sector, with review articles examining ML usage in
healthcare diagnoses, predictions, and treatments. The literature is
extensive. While many studies have been conducted, a gap remains in
the focus on heart disease prediction through ML systems. We directly
compare what this review achieves to existing works to address this gap.

1.4.1 Comparative analysis of related reviews

To illustrate how this review differentiates from prior works,
Table 1 compares key literature, focusing on scope, methodology,
datasets, and technological advancements.

1.4.2 Novel contributions of this review

Though other reviews provide essential insights into ML-based
heart disease prediction, they tend to suffer from some drawbacks.
Unlike other works, our work is unique in the following aspects.

1.4.2.1 Newer dataset analysis

o This review covers newer datasets such as IoT-based healthcare
data, wearable sensor datasets, and FL-enabled datasets, unlike

Data Collection
Data

Preprocessing

Model
Development

Gathering data

ML in heart disease prediction, from data collection to model deployment.

from EHRs, Cleaning, )
. . . : . Feedback Loop
imaging, and integrating, and  Selecting
wearables engineering algorithms and  Deploying
features from training models  models in Continuously
data clinical settings  monitoringand  Collecting real-
updating world
models outcomes for
refinement
FIGURE 2
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other reviews focusing on classical datasets like UCI heart disease
data and Framingham data.
o Covers real regulatory challenges such as imbalance and noise.

1.4.2.2 Emerging technology integration
This review deeply analyzes new emerging Al tools like:

o FL—privacy-preserving ML.

0 QC—high-speed disease modeling.

o Explainable AI (XAI)—model understanding and trust.

o Other reviews hardly address the confluence of AI with
regulatory frameworks like General Data Protection Regulation
(GDPR), Food and Drug Administration (FDA), and Health
Insurance Portability and Accountability Act (HIPAA).

Health Information
Systems
Computer Healthcare
Science
Advanced Diagnostic
Computational Improvement
Models
Machine Learning
FIGURE 3

Integrated heart disease prediction.

10.3389/frai.2025.1583459

1.4.2.3 Ethical and regulatory considerations

o Covers biases and patient privacy ML in healthcare ethics issues
and explainability.

o Provides an in-depth discussion of the legal aspects of Al
implementation in healthcare.

1.4.2.4 Structured thematic classification

o Unlike other systematic reviews, this piece of work classifies and
indexes research into 5 different thematic clusters.

o Methods and Algorithms of Heart Disease Detection
and Diagnostics.

o ML Models and Algorithms.

o Emerging Feature Molding and Engineering.

o Advanced Emerging Technology.

o Multi-Disease Al Technology Applications.

1.4.2.5 Bridging the gap between research and clinical
application

o Prior works focus primarily on ML model accuracy, while this
review focuses on actual clinical application.

o Explains how different hospitals, medical practitioners, and
policymakers can use ML-based systems for diagnosis in real-
life settings.

1.4.3 Heatmap provides feature correlations

A heatmap is used in a dataset with heart disease features to
represent the relationships of different attributes. Redundancy
may exist for the features with high correlations, such as
cholesterol and blood pressure, but weakly correlated features

TABLE 1 Comparison of existing literature on ML for heart disease prediction.

References Methodology Datasets Technological Challenges Novel
used focus discussed contributions
Hajiarbabi (2024) Overview of ML A systematic review of UCI Heart DL and supervised Model performance | Lacks discussion on
for CVDs ML models Disease, learning and dataset ethical challenges and
Framingham, limitations explainability
PhysioNet
Ahsan and Siddique | ML applications in | Meta-analysis of Multiple EHR Traditional ML Data imbalance and | It does not explore FL
(2022) healthcare diagnostic accuracy datasets SVM, RE, K-nearest interpretability or QC
neighbor (KNN)

Jafari et al. (2023) DL models for Experimental Physikalisch- CNN, LSTM, Transfer Bias, data Lacks coverage on FL
ECG-based heart comparison Technische Learning augmentation and real-world
disease detection Bundesanstalt integration

Extended ECG
Dataset (PTB-
XL), MIT-BIH,
ECG datasets

Present review Comprehensive Thematic classification EHR, ECG, Supervised and Ethical concerns, Integrates Al trends
review of ML for with clustering Cleveland, unsupervised learning, dataset quality, (IoT, FL, QC) and
heart disease Framingham, DL, FL, QC integration into highlights regulatory,
prediction Emerging IoT- clinical practice transparency, and

based datasets privacy challenges in
ML adoption
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suggest that they would be independent in their ability to predict.
Figure 4 presents a feature correlation heatmap that depicts the
relationships between essential clinical variables like cholesterol,
blood pressure, and age, which are vital for enhancing feature
selection in heart disease prediction models.

« Proposition: ‘Blood Pressure and Cholesterol, a high correlation
suggests potential multicollinearity and multivariate relationships.

« Counter Proposition: ‘Age and Resting ECG; the low correlation
suggests a weak direct association.

« Supporting Proposition: ‘Smoking and Heart disease
have a moderate correlation, which supports known medical

findings.

2 Methodology
2.1 Literature search and inclusion criteria
The review methodology entailed a comprehensive literature

search. The search involved a comprehensive query in Scopus using
the search string:

10.3389/frai.2025.1583459

((TITLE-ABS-KEY (‘heart disease prediction’) AND (‘ML) OR
(‘machine learning’)) AND (LIMIT-TO (DOCTYPE, “ar”)) AND
(LIMIT-TO (LANGUAGE, “English”))).

It filtered relevant articles on heart disease prediction using ML,
limited to English-language articles and journal articles. The curated
results form the foundation for the insights and analyses presented in
this review. Studies were excluded if they lacked adequate
methodological detail, were not peer-reviewed, or were focused on
unrelated topics. Quantitative and qualitative insights were extracted
to identify trends, assess proposed methods’ effectiveness, and

uncover existing research gaps.

2.2 Classification of clusters

The identified studies have been classified into five major clusters
based on their primary focus using keywords. Table 2 depicts
keywords considered and cluster names based on keywords and the
occurrence of keywords. The first cluster, ‘Heart Disease Detection and
Diagnostics, includes advanced research on diagnostics and
predictions concerning heart-related conditions. The second cluster,
‘Machine Learning Models and Algorithms for Healthcare, studies the
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FIGURE 4
Feature correlation heatmap for heart disease prediction.
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TABLE 2 Clusters of ML for heart disease prediction.

10.3389/frai.2025.1583459

Cluster Cluster name Keywords Occurrence
number
1 Heart Disease Detection and Heart disease classification, heart disease detection, Heart failure, Arrhythmia, Valvular heart 12
Diagnostics disease, Electrocardiogram (ECG), PCG signal analysis, Cleveland and Framingham Datasets,
Acute Myocardial Infarction, Cardiac disease
2 Machine Learning Models and Machine learning, Artificial intelligence, Deep learning, Logistic Regression, Decision tree, 13
Algorithms for Healthcare Support vector machine (SVM), Random Forest classifier, Gradient descent, Sparse
autoencoder, Attention mechanisms, Transformer-based models, Recurrent neural network
(RNN)
3 Feature Engineering and Feature extraction, Feature selection, Principa.l component analysis (PCA), SHAP, Genetic 12
Optimization Techniques Algorithm (GA), Grey wolf algorithm, Particle Swarm Optimization (PSO), Sand Cat Swarm
Optimization, Coati optimization algorithm, Kepler optimization, Canonical Correlation, Lasso
regression
4 Emerging Technologies in Healthcare 4.0, Quantum computing, Federated learning, 5G, Wearable devices, Internet of 10
Healthcare Things (IoT), Cloud platform, Automated Sequential Cryptography, Cloud security,
Decryption, Firefly Algorithm, Modified Blowfish
5 Applications of AI Across Diabetes, Diabetic retinopathy, Breast cancer, Parkinson’s disease, Stroke prediction, 11
Diseases and Conditions cardiovascular diseases (CVD), Disease Prediction, Early Diagnosis, Scalability in machine
learning, Multimodal feature fusion, Cross-modal transfer learning

different types of ML model frameworks, including supervised and
DL models. The third cluster, ‘Feature Engineering and Optimization
Techniques, discusses papers on feature selection, dimensionality
reduction, and other optimization methods in model performance
improvement. The fourth cluster, ‘Emerging Technologies in Healthcare,
reviews articles on modern innovations like QC, FL, and IoT in heart
disease prediction and other applications. The last or fifth cluster,
‘Applications of AI Across Diseases and Conditions, gives more context
by including AT’s applications in managing and predicting other
diseases such as cancer, diabetes, and neurological disorders. This
categorization is shown in Figure 5, facilitating a more profound
literature review and allowing a better understanding of each cluster’s
contributions and limitations.

3 Cluster wise insights: literature
review

3.1 Cluster 1: heart disease detection and
diagnostics

Technological advancements and methodologies provide
innovative approaches and tools for the early detection and prediction
of cardiovascular ailments. This group focuses on new imaging and
ML model development, which improves diagnostic precision and
appropriate timing of interventions to improve the prognosis for
patients. Heart disease displays itself as more than just coronary artery
disease (CAD); it includes arrhythmias and even heart failure.
Therefore, it is essential to stress the multi-dimensional approach to
conditions related to heart diseases. As outlined in Figure 6, critical
steps are monitoring ECG for electrical activity, echocardiograms for
the anatomical view, stress tests for function, cardiac catheterization
for the coronary details, and blood tests for the troponin marker, along
with the cholesterol marker, which are the most important
for attention.
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Table 3 shows key insights and performance metrics in heart
disease detection and diagnostics. The classification of heart disease
proved accurate with DL algorithms and Sand Cat Swarm
Optimization (SCSO) for feature selection. Important features were
identified using patient pathology data, and models, including CNN,
PCA, Restricted Boltzmann Machine (RBM), and deep convolutional
generative adversarial networks (DCGAN), analyzed intricate
correlations that improved the accuracy of predictions. The method
enhanced the reliability of heart disease prognosis through metrics
such as accuracy and F1-score (Baviskar et al., 2023). The detection of
CVD was improved using both RF and eXtreme Gradient Boosting
(XGB) on ECG datasets, particularly Physionet 2016, PASCAL, and
MIT-BIH. Pre-processing feature extraction with empirical wavelet
transform (EWT), discrete wavelet transform (DWT), and SHapley
Additive exPlanations (SHAP) will improve a prediction model’s
accuracy, and a significant peak can reach up to 98.25 AUC for
XGB-based proposed models (Majhi and Kashyap, 2024). A novel
Wolf-based Generative Adversarial System (WbGAS), was developed
to classify heart diseases, using ECG data to identify normal sinus
rhythm, arrhythmia, and congestive heart failure (Goud et al., 2024).
A hyperparameter-tuned CNN-based Inception Network model was
created to diagnose heart disorders with heart sound data from
standard repositories. The model achieves 99.65% accuracy, 98.8%
sensitivity, and 98.2% specificity, surpassing the other classifiers (Roy
etal,, 2024). An electronic stethoscope has been developed, integrated
with Raspberry Pi 4B and a CNN-based EfficientNet-B3 model for
diagnosing valvular heart diseases. The system reported an accuracy
of 99.35%, sensitivity of 98.84%, and specificity of 98.23%, with real-
time Phonocardiogram (PCG) signal analysis and cloud-based data
storage (Roy et al., 2023). Fatima and Siddiqi (2024) evaluated ML
techniques for predicting Myocardial Infarction (MI) and analyzing
risk factors using a dataset of 350 individuals, including MI and
non-MI patients of both genders.

Maran (2023) developed advanced CNN-based models to analyze
multimodal data, including BMI, ECG, and PTB, achieving 98%
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TABLE 3 Key insights and performance metrics: cluster 1 ‘heart disease detection and diagnostics'.

10.3389/frai.2025.1583459

Research focus Key methods/ Dataset(s) used Performance Key insights Ref.
models metrics
Heart Disease Detection DL + SCSO, CNN, PCA, Patient Pathology Data High Accuracy, Improved Enhanced feature Baviskar et al. (2023)
with SCSO RBM, DCGAN Fl-score selection and reliable
prognosis
ECG Analysis with RF and RE XGB, EWT, DWT, Physionet 2016, PASCAL, | Up to 98.25 AUC Effective feature Majhi and Kashyap
XGB SHAP MIT-BIH extraction and (2024)
prediction
WDbGAS for Heart Disease Wolf-based Generative ECG Data High Specificity, Precision, Outperforms traditional =~ Goud et al. (2024)
Classification Adversarial System Recall, and Accuracy ML methods
(WbGAS), Wolf Fitness
Function
Hyperparameter-tuned CNN-based Inception Heart Sound Data 99.65% Accuracy, 98.8% Efficient handling of Roy et al. (2024)
CNN Inception Network Network Sensitivity, 98.2% Specificity high-dimensional data
Myocardial Infarction Ensemble Classifiers Dataset of 350 Improved Gender-Specific Optimized early MI Fatima and Siddiqi
Prediction Individuals (MI & Non- Precision, High Accuracy detection (2024)
MI)
Multimodal Data Analysis CNN, Python BML, ECG, PTB 98% Accuracy Reliable prediction Maran (2023)
with CNNs from multimodal data
Autoencoder + DenseNet Autoencoder, DenseNet UCI Cleveland 99.67% Mean Accuracy, Outstanding Saleh Alghamdi et al.
on UCI Cleveland Dataset 99.99% Test Accuracy performance requires (2024)
more
CNN-Bi-LSTM with CNN-Bi-LSTM, Newton- | Cleveland, Framingham 95.3% Accuracy (Cleveland), Optimized cardiac Kayalvizhi et al.
Attention Mechanisms Raphson Optimizer 98.1% Accuracy disease prediction (2024)
(Framingham)

accuracy in predicting heart diseases. The models were trained on 80%
of the data, validated on 20%. Saleh Alghamdi et al. (2024) proposed
a method by integrating autoencoder and DenseNet architectures to
predict heart disease based on the UCI Cleveland dataset, obtaining a
mean accuracy of 99.67% and test accuracy of 99.99%.

3.2 Cluster 2: machine learning models and
algorithms for healthcare

Table 4 shows Advances in ML Models and Algorithms for
Healthcare. A three-stage wireless body area network (WBAN)-based
heart disease prediction model was developed. The three stages
include data aggregation, channel selection, and prediction. Channel
selection was optimized using the Tunicate Swarm-Sail Fish
Optimization algorithm, and statistical features were extracted from
the data using a weighted entropy-based method. An enhanced RNN
tuned with Tunicate Swarm-Sail Fish Optimization achieved high
prediction accuracy (Muthu Ganesh and Nithiyanantham, 2022). This
research developed ML models to predict cancer, diabetes, diabetic
retinopathy, and heart-related outcomes using EHRs. SVMs achieved
97.08 and 79.75% accuracy for cancer and Pima diabetes datasets,
respectively, while Decision Tree (DT) reached 86.42% for heart-
related predictions. The study showed that ML could enhance disease
prediction and patient outcomes (Sheik Abdullah et al., 2024).

The real-time data will be utilized to predict heart disease with the
support of the ML algorithm, as well as attributes like BP, sugar, and
heartbeat. The attributes are applied in the dataset on 300 instances
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with 14. It is used to train and test an R model. Accuracy Evaluation:
Accuracy is measured as the basis of several classifiers (Jayakiran et al.,
2019). Napa et al. (2024) evaluated recursive feature elimination (RFE)
for classifying chronic heart disease based on the Cleveland Hungarian
CHD dataset. Different methods of supervised learning have been
tested. The KNN model and the DT attained 89.91%. Seeli and
Thanammal (2024) explored ML algorithms’ performance, specifically
artificial neural network (ANN) and logistic regression (LR) for
disease prediction. Without scaling, ANN obtained 86.13% accuracy
in the heart disease prediction, and when ensemble normalization and
standardization were applied, the improvement in ANN accuracy was
98.81%. Patil et al. (2023) presented a prediction model for heart
disease incorporating IoT and ML techniques using data from several
sensors: BP monitors, blood oxygen sensors, and EEGs. Hybrid
feature extraction methods were combined with ML algorithms,
where RNN vyields higher accuracy than the traditional approach
using methods like SVM, Naive Bayes (NB), and RE

3.3 Cluster 3: feature engineering and
optimization techniques

Table 5 shows Feature Engineering and Optimization Techniques
in Heart Disease Prediction. The study proposed a method that
combines PCA and feature selection to reduce the dimensionality of
data and improve the prediction of coronary heart disease. The model
using classifiers such as PCA, RE DT, and AdaBoost achieved 96%
accuracy and outperformed traditional precision, recall, and AUC

frontiersin.org



Kumar et al.

TABLE 4 Advances in ML models and algorithms for healthcare.

Research focus

Key methods

Dataset(s) used

Performance
metrics

10.3389/frai.2025.1583459

Key insights

WBAN-based Heart

Disease Prediction

Tunicate Swarm-Sail

Fish Optimization,

WBAN Data

High Prediction Accuracy

Optimized channel

selection improves

Muthu Ganesh and
Nithiyanantham (2022)

Disease Prediction

Feature Extraction,

RNN, SVM, NB, RF

EEG)

disease detection and

classification

RNN, Weighted prediction
Entropy-based Features performance
ML for Cancer, SVM, DT Cancer, Pima Diabetes, 97.08% (Cancer), 79.75% ML enhances disease Sheik Abdullah et al.
Diabetes, and Heart and Heart Disease (Diabetes), 86.42% (heart prediction and patient (2024)
Disease Prediction Datasets disease) outcomes
Real-Time Data DT, NB, RE, KNN, NN Custom Dataset (300 Performance Varies Across Useful in predicting Jayakiran et al. (2019)
Prediction Using ML Instances, 14 Attributes) | Classifiers heart disease using
real-time attributes
Chronic Heart Disease RFE, KNN, DT Cleveland Hungarian 89.91% Accuracy RFE improves early Napa et al. (2024)
Prediction with RFE CHD Dataset CHD prediction
ANN and LR for ANN, LR, Scaling Heart Disease Dataset 86.13% (Without Scaling), Scaling methods Seeli and Thanammal
Disease Prediction Methods 98.81% (With Scaling) enhance ANN (2024)
performance
IoT and ML for Heart IoT Sensors, Hybrid Sensor Data (BP, Oxygen, = Higher Accuracy with RNN Reliable for heart Patil et al. (2023)

TABLE 5 Cluster 3 feature engineering and optimization techniques in heart disease prediction.

Research focus

Key methods/
models

Dataset(s) used

Performance
metrics

Key insights

CAD Diagnosis

SMOTE, RE Extra Trees

Dataset

methods by 5.17%,
robust performance for

heart disease prediction

PCA and Feature PCA, RE DT, AdaBoost Coronary Heart Disease 96% Accuracy PCA and feature Cheekati et al. (2024)
Selection for CHD Data selection improved
Prediction precision, recall, and
AUC for CHD
C-CADZ System for Feature Extraction, Z-Alizadeh Sani CAD 97.37% Accuracy Outperformed prior Gupta et al. (2022)

Diabetes Detection
Using Optimized

Classifiers

SVM, KNN, RE, PSO
Algorithm for

Optimization

Indian Pima Diabetes

Dataset

94.27% Detection Rate

Outperformed single
classifiers for diabetes

prediction

Shimpi et al. (2024)

SMOTE-based Hybrid

SMOTE, Adaptive Coati

Heat-failure-clinical-

95.52% Accuracy

SMOTE-HDL network

Barfungpa et al. (2024)

Disease Classification

Recall, F1-Score

reliability in heart disease

prediction

DL Network for CVD Optimization, Kepler- records Dataset outperformed existing
Prediction Optimized Deep Stacked classifiers
Recurrent Network
DL for Cardiac Disorder = ST-CNN-GAP-5, SHAP PTB-XL ECG, 93.41% AUC, 95.8% Interpretability with Anand et al. (2022)
Detection Analysis Arrhythmia Dataset Accuracy, 99.46% AUC SHAP and better
performance than
existing models
Hybrid CCRF Model for | Canonical Correlation - 99.45% Accuracy, Improved Maximized feature Vetrithangam et al.
Heart Disease Analysis, RE, Polynomial Sensitivity, Specificity, correlations for heart (2024)
Prediction Features Precision, and F1 Score disease prediction
ALAN Method for ANOVA, Lasso - 88.0% Accuracy, 89.81% Superior performance Mandula and Vijaya
Heart Disease Regression, ET-ABDF Precision, 96.21% AUC compared to other Kumar (2024)
Prediction Model algorithms
SCSO and DL for Heart SCSO, CNN, PCA, GANs | Patient Pathology Data High Accuracy, Precision, Enhanced prognosis and Lenin and Venkatasalam

(2024)
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models. The approach effectively enhanced CHD prediction and
patient outcomes (Cheekati et al., 2024). Gupta et al. (2022) proposed
a computational intelligence system, C-CADZ, for diagnosing CAD
using the Z-Alizadeh Sani CAD dataset. The applied feature
extraction, Synthetic Minority Over-sampling Technique (SMOTE)
for dealing with class imbalance, and ML classifiers such as RF and
Extra Trees resulted in an accuracy of 97.37%. C-CADZ outperformed
prior methods by 5.17% and exhibited robust performance, thus
making it applicable for heart disease predictions.

Shimpi et al. (2024) proposed a model optimized for diabetes
detection via SVM, KNN, and RF classifiers with decision-level
fusion. The classifiers were optimized utilizing a PSO algorithm,
considering clinical data such as age, BMI, blood pressure, and
glucose. The model performed at a diabetes detection rate of 94.27%.
It outperformed single classifiers and previous methods on the
Indian Pima diabetes dataset. Barfungpa et al. (2024) anticipated a
new SMOTE-based hybrid DL network for predicting patient
survival in CVD. The SMOTE-HDL network, tested on the Heat-
failure-clinical-records dataset, obtained a predictive accuracy of
95.52% that outperformed any existing classifiers. Anand et al.
(2022) utilized deep NNs on the PTB-XL ECG dataset for cardiac
disorder detection, presenting the ST-CNN-GAP-5 model that
resulted in an AUC of 93.41%. The model was tested on an
arrhythmia dataset and yielded 95.8% accuracy with an AUC of
99.46%, better than other existing approaches. The SHAP analysis
showed that the model is interpretable and reveals critical ECG wave
changes that can help make diagnoses in resource-constrained
environments. Vetrithangam et al. (2024) proposed the Hybrid
CCRF model of heart disease prediction, which applied Canonical
Correlation Analysis and RF together. The model represented the
non-linear relationships and maximized the feature correlations
because it generated polynomial features and synthesized canonical
variables. Mandula and Vijaya Kumar (2024) proposed the ALAN
method, which combines ANOVA and Lasso regression to identify
the most essential features for heart disease prediction. The Extra
Trees Adaptive Boosted Decision Forest model reached 88.0%
accuracy, 89.81% precision, and 96.21% AUC, which is superior to
other algorithms. Lenin and Venkatasalam (2024) utilized DL and
SCSO for accurate heart disease classification. SCSO selected key
features from patient pathology data, enabling CNNs combined with
advanced models like PCA and GANSs to predict disease severity.

3.4 Cluster 4: emerging technologies in
healthcare

Table 6 shows Emerging Technologies in Healthcare and evaluated
Quantum Support Vector Classifier (QSVC) and variational quantum
classifier (VQC) for chronic heart disease prediction in healthcare 4.0.
QSVC outperformed VQC with an accuracy of 82%, showing the
potential of quantum ML in healthcare. Several metrics, such as
precision, recall, and F1 score, supported the findings (Munshi et al.,
2024a). Bhatt et al. (2024) proposed an Al-enabled stroke prediction
architecture using FL based on an ANN model, which uses real stroke
cases. The architecture, implemented on healthcare wearable devices,
aggregates optimizer weights via a 5G communication channel to
enhance performance. It outperformed traditional approaches,
achieving 5 to 10% higher accuracy.
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The study developed a smart healthcare system for heart disease
prediction using Bi-LSTM, which integrated data from IoT devices
and electronic clinical records. The system achieved an accuracy of
98.86%, along with high precision, sensitivity, specificity, and
F-measure, outperforming existing prediction models (Nancy et al.,
2022). Vellore Pichandi et al. (2024) introduced a safe e-healthcare
system with accurate HD prediction and enhanced cloud storage
security. This classifier achieves a high degree of accuracy as 99.36%
through HybBPF-ELM, and Intelligent Encryption Framework
enhances cloud data security. The system minimizes encryption and
decryption time to process the file by 2.2 GB, at 127.55 s and 452.01 s,
respectively. Natarajan et al. (2024) proposed a secure e-healthcare
system combining accurate heart disease (HD) prediction and
enhanced cloud security. A Hybrid Binary Particle Firefly Optimized
Extreme Learning Machine classifier achieved 99.36% accuracy, while
an intelligent encryption framework improved data security. The
system reduced the processing time for encryption and decryption of
a2.2 GB file to 127.55 s and 452.01 s, respectively. FL has allowed it to
develop ML models on distributed datasets, like those in hospitals and
mobile devices while maintaining data privacy. This survey reviews
prior research on its healthcare applications, including key challenges,
methods, and use cases. It outlines existing studies and explores its
potential for the healthcare industry (Joshi et al., 2022). CVDs were
analyzed using hybrid classical-quantum (CQ) transfer learning
models to detect cardiomegaly in chest X-rays. The pre-trained
DenseNet-121 integrated with quantum circuits through Qiskit and
PennyLane obtained Receiver Operating Characteristic (ROC) and
AUC scores of up to 0.93 and accuracies of up to 0.87 on a balanced
dataset. Grad-CAM++ heatmaps with QC models showed more
trustworthiness, thus supporting possible clinical adoption (Decoodt
et al.,, 2023). AI was used in Healthcare 4.0 for early and accurate
disease prediction supported by IoT sensors capturing patient data for
ML analysis. The seven-classifier ML model predicted nine fatal
diseases, where RF obtained the highest accuracy of 97.62% and AUC
0f 99.32%. This model is intended to help doctors with early diagnosis
and better patient outcomes (Kishor and Chakraborty, 2022).

3.5 Cluster 5: applications of Al across
diseases and conditions

Table 7 shows the Application of AI Across Diseases and
Conditions. This work presented an intelligent heart disease diagnosis
method using an integrated filter-evolutionary search-based feature
selection (iFES-FS) and an optimized ensemble classifier. The feature
selection combined adaptive threshold information gain (aTIG-FS)
and evolutionary gravity-search, and a firefly-driven Firefly-Driven
Multi-Objective Multi-Verse Optimizer algorithm optimized the
classifier’s hyperparameters. This model outperformed the existing
methods regarding accuracy, precision, sensitivity, specificity, and
ROC curve evaluation (Venkata Mahal.akshmi and Rout, 2024). The
work presented an optimized dual-directional temporal convolution
and attention-based density clustering for predicting and classifying
diabetic risk levels. The proposed approach also outperformed the
previous methods and obtained 98.21% accuracy, 94.46% recall, and
99.01% F1-score on the five datasets considered (Jenefer et al., 2024).

The wearable sensor-based prototype proposed for the early
detection and monitoring of Parkinson’s disease (PD) using brain wave
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TABLE 6 Cluster 4 emerging technologies in healthcare.

Research focus

Key methods/

models

Dataset(s)
used

Performance
metric

10.3389/frai.2025.1583459

Key insights

Predicting chronic heart | QSVC, VQC - Accuracy (QSVC: 82%) QSVC outperformed VQC with 82% Munshi et al. (2024a)
disease using quantum accuracy, demonstrating quantum
ML. ML potential in healthcare.
Stroke prediction using | ANN, FL Real stroke Accuracy, Precision, Recall, FL-based ANN architecture Bhatt et al. (2024)
FL and AI on wearable cases F1 Score (5-10% higher enhanced accuracy by 5%-10%,
devices. accuracy than traditional optimized with 5G communication
methods) for real-time updates.
Predicting heart disease | Bi-LSTM ToT devices and | Accuracy (98.86%), Achieved 98.86% accuracy, Nancy et al. (2022)
using a Bi-LSTM-based Electronic Precision, Sensitivity, surpassing existing models in heart
system integrating IoT Clinical Specificity, F-measure disease prediction.
and clinical data. Records
Enhancing heart disease =~ HybBPF-ELM classifier, - Accuracy (99.36%), Achieved 99.36% accuracy, improved | Natarajan et al. (2024)
prediction with cloud Intelligent Encryption Encryption/Decryption encryption/decryption processing
security and optimized Framework times (127.55 sand 452.01's | times, and robust data security.
encryption. for 2.2GB file)
Review of FL FL - - Explored FLs potential to maintain Joshi et al. (2022)
applications in privacy while enabling ML on
healthcare. distributed datasets.
Detecting cardiomegaly | DenseNet-121 (pre- Chest X-ray ROC AUC (0.93), Accuracy | Quantum circuits improved Decoodt et al. (2023)
in chest X-rays using trained), Quantum dataset (0.87) prediction and trustworthiness of
hybrid classical- Circuits (Qiskit, (CheXpert cardiomegaly detection, supporting
quantum models. PennyLane) repository) clinical adoption.
Predicting fatal diseases = RE DT, NB, SVM, etc. Public health Accuracy (RF: 97.62%), RF achieved the highest accuracy of Kishor and
using AT and ML. datasets AUC (99.32%) 97.62%, helping in early diagnosis of | Chakraborty (2022)
(unspecified) fatal diseases.

data and other human records. The FKNN algorithm allowed for
accurate classification and tracking of patient progress (Sakthisudhan
etal,, 2024). Jayasree and Usha (2022) proposed a reliable approach to
analyzing CVD risk factors based on ML. The efficacy of the methods
was assessed using various statistical and visualization indicators. Kumar
and Belinda (2024) designed a Multi-Layered Acoustic Neural (MLAN)
Network to identify the symptoms of Rheumatic Heart Disease (RHD)
by heart sound and ECG measurements. Compared to other models, the
proposed approach achieved 10-17% higher accuracy in RHD detection.

Assegie et al. (2024) conducted to analyze the performance and
scalability of DT in predicting CVD. The model of a DT attained
88.8% accuracy in heart disease by metrics such as the confusion
matrix, cross-validation score, and model complexity. Jothi Prakash
et al. (2024) introduced an Attention-Based Cross-Modal transfer
learning (ABCM) framework to enhance CVD prediction by
integrating clinical records, medical imagery, and genetic data. The
model achieved 93.5% accuracy, 94.5% recall, and a 97.2% AUC,
outperforming traditional approaches. Hassan et al. (2024) attempted
to predict heart failure and associated mortality by identifying key
attributes and using machine-learning methods. After pre-processing
the heart failure dataset, the models achieved high accuracy: RF
reached 85.23% on the whole dataset, and Flexible Discriminant
Analysis reached 86.36% on the XGBoost dataset. A DL-based multi-
disease prediction model using big data was developed for the diseases
of diabetes, hepatitis, and Alzheimer’s. Datasets from the UCI
repository were normalized and passed through the optimization of
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Jaya Algorithm-Multi-Verse Optimizer and hybrid algorithms, such
as deep belief network (DBN) and RNN (Ampavathi and Saradhi,
2021). An advanced ML system was designed to predict heart attack
risks and patient survival using age, blood pressure, and BMI features.
SVM, RE and LR algorithms were tested, with SVM reaching 96%
accuracy using an 80/20 training-testing split. This model was aimed
at improving early cardiac condition detection (Mishra and
Mohapatra, 2023). An adaptive stacking model was developed to
predict heart diseases using seven ML algorithms, including RE, NB,
and Gradient Boosting. The model, evaluated with an 80:20 training—
testing split, used metrics like precision and accuracy. Gradient
Boosting achieved the highest accuracy of 94.67%, outperforming
other methods (Mohapatra et al., 2023).

3.6 Comparison of clusters in heart disease
prediction using machine learning

Five clusters use ML and Al to emphasize a distinct aspect of heart
disease prediction. Table 8 depicts a comparative analysis.

3.6.1 Key observations across clusters in heart
disease prediction using machine learning

The cluster analysis reveals distinct trends, advancements, and
challenges in ML applications for heart disease prediction. Below is a
detailed breakdown of key observations across the clusters:
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TABLE 7 Cluster 5 application of Al across diseases and conditions.

Research focus

Prediction of diabetic risk levels

using convolution and clustering.

Key methods/models

Dual-Directional Temporal
Convolution, Attention-Based
Density Clustering, Remora

Optimization

Dataset(s) used

Five diabetes datasets

Performance
metric

Accuracy (98.21%), Recall
(94.46%), F1-Score (99.01%)

Key insights

Achieved high accuracy and outperformed previous

approaches with a focus on feature extraction.

Jenefer et al. (2024)

Early detection and monitoring of
Parkinson’s disease via wearable

SEensors.

FKNN (Fuzzy KNN)

Brain wave data, Human records

Wearable sensor data and FKNN were used to accurately

monitor and classify Parkinson’s disease.

Sakthisudhan et al. (2024)

Analyzing CVD risk factors using
ML.

NN, State-of-the-art ML

Techniques

Cardiovascular datasets

High accuracy in stroke and heart disease prediction using

advanced ML algorithms.

Jayasree and Usha (2022)

Detection of Rheumatic Heart
Disease (RHD) through heart
sound and ECG.

RHD Recurrent Convolutional

Network, Acoustic SVM (ASVM)

Heart sound and ECG

measurements

10-17% higher accuracy

than other models

The proposed model achieved significantly higher accuracy

in detecting RHD symptoms.

Kumar and Belinda (2024)

Enhancing CVD prediction
through the integration of diverse

data types.

ABCM, Clinical, Medical Imagery,

Genetic Data

Clinical records, Medical imagery,

Genetic data

Accuracy (93.5%), Precision
(92%), Recall (94.5%), AUC
(97.2%)

ABCM framework outperformed traditional models in

early and accurate CVD detection.

Jothi Prakash et al. (2024)

Predicting heart failure and

mortality based on key features.

RE, Flexible Discriminant Analysis,
XGBoost

Heart failure dataset

Accuracy (RF: 85.23%,
Flexible Discriminant:

86.36%)

Hyperparameter fine-tuning improved performance for

heart failure prediction.

Hassan et al. (2024)

Predicting Diabetes using ML on
PIMA Indian dataset.

Various ML Methods (SVM, DT,

etc.)

PIMA Indian Diabetes Dataset (UCI

repository)

Focused on early diagnosis of diabetes using predictive

modeling with the PIMA Indian dataset.

Srinivasulu and Pushpa

(2020)

Remote monitoring for diabetes
using IoT, Cloud Computing, and
ML.

XGBoost, RE, Train-Test Split, K-fold

Cross Validation

Diabetes dataset

Improved diabetes risk monitoring efficiency through IoT

and cloud computing for chronic patients.

Vizhi and Dash (2020)

Predicting multiple diseases
(diabetes, hepatitis, Alzheimer’s)

using big data.

DBN, RNN,
Jaya Algorithm-Multi-Verse

Optimizer optimization

UCI repository datasets

The hybrid model outperformed existing methods

regarding prediction accuracy for multiple diseases.

Ampavathi and Saradhi
(2021)

Predicting heart attack risk using

various features.

SVM, RE LR

Heart disease dataset

Accuracy (SVM: 96%)

SVM achieved 96% accuracy in predicting heart attacks

with optimized feature selection.

Mishra and Mohapatra
(2023)
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3.6.1.1 Accuracy and performance trends

Most clusters report high prediction accuracy, with models often
exceeding 95% accuracy in heart disease classification.

DL models (CNN, RNN, Bi-LSTM, GANSs) consistently
outperform traditional ML methods (SVM, DT, RE).
Optimization techniques (Feature Selection, Hyperparameter
Tuning) further boost model performance, often improving F1
scores and AUC values.

The Emerging Technologies cluster (Quantum ML, FL, IoT)
introduces privacy-preserving Al solutions, but some methods
(e.g, QSVC) show lower accuracy (~82%), requiring
further advancements.

3.6.1.2 Role of feature selection and engineering

Feature selection significantly impacts performance, with

methods like:

o PCA for dimensionality reduction.

o Lasso  Regression, GA, PSO enhancing feature
selection efficiency.

o Hybrid Feature Engineering (SMOTE-HDL, Hybrid CCRF)
achieving accuracy >95% by addressing data imbalance and
feature redundancy.

Advanced feature selection enhances interpretability, making

models more useful in clinical settings.

3.6.1.3 ML model trends and emerging frameworks

Supervised Learning Models dominate, particularly:
o CNNs for image-based diagnostics (ECG, PCG)

10.3389/frai.2025.1583459

o RNN for time-series analysis

o Ensemble models (XGBoost, RF) for structured datasets

Hybrid AI frameworks are gaining popularity:

o Autoencoder-DenseNet hybrid networks achieve 99.67%
accuracy.

o Attention-Based Models (ABCM, Bi-LSTM with Attention
Mechanisms) optimize long-term dependency learning in
cardiac data.

Quantum ML (QSVC, VQC) is an emerging field but requires

significant efficiency

improvements in computational

and accuracy.

3.6.1.4 Impact of emerging technologies

FL is transforming healthcare Al offering:

o Privacy-preserving Al by training models on decentralized
hospital datasets.

0 5%-10% higher accuracy compared to traditional ML models.

QC (QSVC, VQC) shows potential but has accuracy limitations

(~82%), requiring optimization.

IoT-based ML models (Wearables, Remote Monitoring)

o Improve real-time disease prediction.

o Ensure data security via cloud encryption models (e.g.,
HybBPF-ELM framework with 99.36% accuracy).

Al-driven Remote Healthcare is gaining traction, particularly in

rural areas with limited hospital access.

3.6.1.5 Multi-disease prediction capabilities

TABLE 8 Comparative analysis of clusters in heart disease prediction using ML.

Cluster

Focus area
used

Key techniques

Al models are no longer limited to heart disease. Several ML
approaches now extend to:

Notable research
trends

Performance insights

Heart Disease Detection and

Diagnostics

Early detection and diagnosis
of heart-related conditions

using ML models

DL (CNN, PCA, GANs),
Feature selection (SCSO),
ECG/PCG signal analysis

High accuracy (99.65%—CNN-based
Inception, 98.25%—XGB), Novel
optimization techniques (WbGAS)

outperform traditional methods

Strong reliance on imaging
(ECG, PCG) and pathology
data; Cloud and IoT

applications emerging

Machine Learning Models
and Algorithms for

Healthcare

General ML frameworks for
disease prediction and

classification

DT, RE, SVM, ANN, RNN,
RFE

ML enhances disease prediction
(SVM—97.08% Cancer, 79.75%
Diabetes, 86.42% heart disease),
ANN accuracy improvement with

normalization (98.81%)

Emphasis on hyperparameter
tuning, ensemble models, and

real-time ML applications

Feature Engineering and

Optimization Techniques

Improving model performance
via feature selection,
dimensionality reduction, and

optimization

PCA, GA, Lasso Regression,
Swarm-based optimizations
(PSO, SCSO, Kepler

Optimization)

Hybrid optimization models show
strong improvements (SMOTE-
HDL—95.52%, Hybrid CCRF—
99.45%)

Evolutionary and hybrid AI
algorithms improving

prediction efficiency

Emerging Technologies in

Healthcare

Integration of cutting-edge
innovations like QC, FL, and
ToT

Quantum ML (QSVC, VQCQ),
Bi-LSTM, 5 G-powered FL,
Hybrid Particle Firefly

Optimization

Quantum ML (QSVC—82%
accuracy), Cloud AI solutions
(HybBPF-ELM—99.36%), IoT-based
ML models showing 98.86% accuracy

Increased focus on security
(encryption), FL for privacy-
preserving Al and 5 G-enabled

real-time applications

Applications of AI Across

Diseases and Conditions

Al for broader disease
prediction (Diabetes, Cancer,

Neurological Disorders)

DL, Transfer Learning, Cross-
modal Al Reinforcement

Learning

High accuracy in cross-disease
applications (ABCM—93.5% CVD
detection, Parkinson’s detection using
FKNN)

Al is increasingly being used in
multi-disease prediction, cloud

computing + IoT integration

for remote healthcare
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o Diabetes prediction (SVM achieves 97.33% accuracy).

o Cancer detection (RF reaches 97.08% accuracy).

o Neurological disorders (Parkinson’s, Alzheimers,

Stroke prediction).

o Cross-modal Al techniques (ABCM, Transfer Learning) integrate
clinical, imaging, and genetic data, improving CVD risk
prediction to 93.5% accuracy.

« RL and DBN are beginning to be explored for multi-

disease diagnosis.
3.6.1.6 Real-world challenges and limitations

o Dataset Limitations

o Many studies rely on public datasets (Cleveland,
Framingham, Physionet 2016), limiting real-world
generalizability.

o FL can help but requires cross-institutional collaborations.

Model Interpretability and Explainability

o Many DL models function as black boxes.

o SHAP analysis and feature importance mapping improve
explainability.

» Computational Efficiency

o Quantum ML and DL models require high computational
resources, limiting real-world deployment.

Scalability for Global Healthcare

0 Most ML models lack scalability across patient demographics,

ethnicities, and geographic regions.

3.6.1.7 Future directions and recommendations

« Hybrid AI models (combining CNN, RNN, Transformers) will
likely dominate future research.

Ethical AT and Bias Reduction are crucial for fair and equitable
healthcare AL

o Integration with Blockchain for secure patient data
management.

Clinical Trials and Real-World Validation to bridge the gap

between research and hospital deployment.

The cluster analysis reveals significant advancements in
Al-driven heart disease prediction, with DL, feature engineering, and
FL leading the way. However, key barriers remain to dataset
quality, model interpretability, and computational efficiency.
Future work should focus on scalability, privacy-enhancing
Al, and hybrid models to ensure widespread adoption in
healthcare.

4 Methodology flowchart for ML
implementation in heart disease
prediction

ML models for heart disease prediction follow a structured
methodology, from data collection to model evaluation and
deployment. Figure 7 shows a visual flowchart that clarifies the
workflow involved in ML-based heart disease diagnosis.
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4.1 ML implementation workflow

The methodology consists of the following steps (Helmi et al.,
2021; Elghanuni et al., 2022; Abdullah et al., 2023):

a Collection of Information:

o Clinical information (EHRs, demographic information, and
patient’s medical history).

o Biometric signals (such as an ECG, blood pressure, and heart
rate variability).

o Imaging data (echocardiograph, CT scans).

o Data from wearable devices (such as smartwatches and
fitness trackers).

b Data Organization:

o Management of the missing values and outliers.

o Selection of significant features and reduction in the number
of features.

o Standardization and normalization of data.

o Solving class imbalance problems through specified data
augmentation techniques.

¢ Enhancement of Features:

o Selection of relevant attributes (cholesterol levels, blood
pressure, heart rate).

o Transformation of features (PCA, LDA).

o Time series feature extraction from ECG signals.

d Selected Models Learning:

o Choice of ML models (LR, SVM, RE, CNN, LSTM).

0 Model training with labeled datasets.

o Fine-tuning hyperparameters and applying cross-validation.

e Performance of Models:

o The model’s performance is evaluated on the data sets with
Accuracy, Sensitivity, Specificity, AUC-ROC, and F1
measure.

o Against baseline models.

o0 Models that yield explainable results (SHAP, Local
Interpretable Model-agnostic Explanations).

f Training New Models for Models:

o Placement of ML models in hospitals and on wearable devices.

o Live inference for monitoring a patient.

o Regular retraining for models to increase accuracy.

This structured approach ensures transparency in developing and
deploying ML models for heart disease prediction.

5 Data augmentation strategies for
addressing class imbalance in heart
disease prediction

A significant complication with using ML in heart disease
diagnosis is class imbalance. Positive cases (heart disease) are much
less common than negative ones, which can cause skewed bias in the
model’s predictions. Models are inaccurate because they tend to prefer
the majority class. Data augmentation methods help resolve this
problem through overlap-based synthetic minority instance
generation (Fattepur et al., 2018; Ghazi et al., 2018; Dissanayake and
Johar, 2021; Faizah et al., 2024).
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FIGURE 7

Machine learning pipeline for heart disease prediction: from data acquisition to clinical deployment.

5.1 Comprehending class imbalance in « Synthetic Minority Over-Sampling Technique (SMOTE):
heart disease databases o Generates synthetic instances of the minority class by
interpolating existing samples.

Many heart disease databases (like the UCI Heart Disease, o Example: If the dataset has only 20% positive cases, SMOTE
Framingham) have a non-homogeneous class distribution where the can synthetically create new minority class samples.
non-disease population dramatically exceeds the diseased population. o Advantage: It helps balance the dataset without losing
Imbalanced datasets cause: original data.

o Adaptive Synthetic Sampling (ADASYN):
0 Weak model performance. o Similar to SMOTE but focuses on harder-to-learn examples by
o Excessive false-negative proportions. generating synthetic data where misclassification is higher.
o Reduced sensitivity in detecting disease. o Advantage: Enhances model performance for complex datasets.

(i) Under sampling Techniques
5.2 Data augmentation techniques « Random Under sampling (RUS):
o Reduces the majority class by randomly removing samples,
Several techniques can be used to generate synthetic samples and ensuring a balanced class distribution.
balance dataset distribution: o Advantage: Reduces training time, but may lead to loss of
valuable data.
(i) Oversampling Techniques o Cluster Centroid Under sampling:
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TABLE 9 Effect of data augmentation on ML model performance.

10.3389/frai.2025.1583459

Model Dataset Baseline accuracy With augmentation (%) Improvement
(%)

LR UCI Heart Disease 81.2 85.7 +4.5%

RE Framingham 87.5 912 +3.7%

XGBoost MIT-BIH 89.3 94.1 +4.8%

CNN (DL) ECG Dataset 92.6 97.3 +4.7%

o Replaces samples in the majority class with their centroid
representations, ensuring minimal data loss.

o Advantage: Preserves the majority class distribution while
balancing data.

(iii) Hybrid Sampling Techniques
o SMOTE + Tomek Links:
o A combination of oversampling and undersampling techniques.
o Tomek links help remove noisy data points close to the
decision boundary.
o Advantage:  Reduces  overfitting and  improves
model generalization.
o SMOTE + Edited Nearest Neighbor (ENN):
o SMOTE generates new samples, and ENN removes
misclassified samples from the majority class.

o Advantage: Improves dataset quality for ML training.
(iv) Data Augmentation for DL.

For DL models (e.g., CNN, LSTM), image and signal-based
augmentation can be applied:

o ECG Data Augmentation:
o Techniques: Time warping, jittering, flipping, permutation.
o Application: Helps DL models generalize better on
ECG signals.
o Medical Imaging Augmentation:
o Rotation, scaling, flipping, and noise addition.
o Application: Improves CNN-based heart disease classifiers.

5.3 Experimental validation: the impact of
data augmentation

Several studies have demonstrated the effectiveness of
augmentation techniques in improving heart disease prediction.
Table 9 presents the effect of data augmentation on ML
model performance.

Key findings indicate that augmentation techniques significantly
improve model accuracy. DL architectures such as CNN and LSTM
gain considerable advantages from data augmentation methods.
Combining hybrid sampling techniques (SMOTE + ENN) notably
enhances ML models.

5.3.1 Future considerations for data
augmentation

Although augmentation techniques enhance performance,
specific challenges need to be tackled (Wei et al., 2023; Jiao and
Abdullah, 2024):
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Overfitting Risk: An abundance of synthetic data generation may
result in overfitting if adequate validation measures are
not implemented.

o Computational Complexity: Sophisticated
(GANS,
substantial computational resources.

augmentation

techniques Variational Autoencoders) demand

Model Interpretability: It is essential to validate augmented data
for its applicability and significance in real-world clinical settings.

6 Performance benchmarking of ML
models for heart disease prediction

ML models for predicting heart disease have advanced
considerably, showcasing a range of algorithms that exhibit varying
degrees of accuracy, sensitivity, specificity, and computational
efficiency. This section presents a comparative analysis of ML models,
focusing on essential performance metrics.

6.1 Comparative benchmarking of ML
models

To assess the performance of various ML algorithms, we examine
significant research that has documented metrics, including accuracy,
sensitivity, specificity, area under the curve (AUC), and computational
complexity. Table 10 provides a comparative analysis of ML models for
predicting heart disease. The critical insights include conventional ML
models, such as LR and SVMs, which demonstrate satisfactory
performance but exhibit reduced accuracy when juxtaposed with DL
models. Ensemble methods such as RF and XGBoost demonstrate
enhanced performance owing to their capacity to identify intricate data
patterns. DL methodologies (CNN, Hybrid CNN-LSTM) yield superior
accuracy but demand significant computational resources. FL
methodologies ensure optimal performance while tackling privacy issues
in practical implementations.

Table 11 offers a detailed comparative overview of ML models
frequently used for predicting heart disease. Each ML model is
evaluated across five critical dimensions: predictive performance,
interpretability, computational efficiency, potential for clinical
adoption, and privacy preservation.

7 Visualization of ML model
performance trends

We employ visual analytics, including box plots, violin plots, and
trend graphs, to provide deeper insights into the evolution and
effectiveness of ML models for heart disease prediction.

frontiersin.org



Kumar et al.

TABLE 10 Benchmarking of ML models for heart disease prediction.

10.3389/frai.2025.1583459

Dataset(s) used Accuracy Sensitivity Specificity Computational
(%) (VA (VA complexity
LR UCI Heart Disease, Framingham 85.6 83.2 88.1 0.87 Low
SVM Cleveland, PTB-XL 89.3 87.1 91.4 0.90 High
RF MIT-BIH, Cleveland 91.2 90.5 92.3 0.94 Moderate
Gradient Boosting Framingham, PhysioNet 93.5 92.0 95.0 0.96 Moderate-high
(XGBoost, CatBoost)
ANN PTB-XL, Framingham 95.8 94.6 97.2 0.97 High
CNN MIT-BIH, ECG datasets 97.3 96.5 98.4 0.99 Very high
FL with ANN Distributed EHRs 92.6 91.2 94.8 0.95 High
Hybrid DL (CNN + LSTM | ECG, Wearable Sensor Data 98.1 97.4 99.0 0.99 Very high
+ Attention Mechanism)

TABLE 11 Comparative evaluation of ML models: strengths and weaknesses.

Model type

Strengths

Limitations

Clinical adoption readiness

LR Interpretable, fast, and effective for linearly Low flexibility, poor performance with non- High
separable data linearity

SVM High accuracy in small to medium datasets, Difficult to interpret, high computation cost in Moderate
effective in high-dimensional spaces large datasets

RF Robust to overfitting, good performance across Less interpretable, biased toward the majority High
datasets, handles non-linear data classes without balancing

XGBoost High accuracy, feature importance insights, and Computationally intensive, harder to tune Moderate-high
handles imbalanced data well

ANN Learns complex patterns, scalable to extensive data | Low transparency (“black-box”), prone to Moderate

overfitting

CNN Superior for imaging and time-series (e.g., ECG), Requires large datasets and GPU resources, poor | Moderate
high prediction power interpretability

Hybrid DL Models Exceptional accuracy, good temporal learning, High computational cost, complex model tuning, = Low-moderate

(e.g., CNN-LSTM) multimodal compatibility and limited explainability

FL+ML Privacy-preserving, ideal for hospital Complex implementation, data heterogeneity, Moderate-high
collaboration, compliant with HIPAA/GDPR communication overhead

Quantum ML Models | Promising future potential, early-stage success in Accuracy limitations, not yet scalable, require Low

(e.g., QSVC) modeling complexity quantum infrastructure

7.1 Box plot analysis of model performance

A box plot illustrates the accuracy distribution across different ML
models, showing the median, interquartile range, and outliers. The
box plot description is shown in Figure 8. It reveals that CNN and
Hybrid DL models exhibit the highest median accuracy (Ishaque et al.,
2023). Traditional ML models, such as LR and SVM, show wider
variability in performance. DL models are consistently more accurate
but computationally intensive (Seneviratne et al., 2019; Ishaque et al.,
2022; Yajie et al., 2023).

7.2 Sensitivity and specificity of ML models

Figure 9 illustrates the sensitivity and specificity values of various ML
models used for heart disease prediction (Pouretemad et al., 2009; Gros
etal,, 2019; Jimmy and Bakar, 2023). Each model’s performance is shown
with two bars, blue for sensitivity and orange for specificity, enabling
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direct comparisons among models. Hybrid DL models and CNN-based
architectures stand out with superior and consistent performance,
achieving sensitivity and specificity values above 97%, indicating their
effectiveness in accurately identifying true positives and negatives. In
contrast, traditional ML models like LR and SVM demonstrate moderate
performance with more significant variability in their metric distributions.
This visual representation emphasizes the significance of selecting models
based on performance metrics crucial for clinical diagnostic accuracy. It
also highlights the growing reliability of DL frameworks in essential
healthcare applications, such as predicting cardiovascular risk.

7.3 Trend graph: ML model accuracy over
time

A trend graph illustrates the improvement in ML model accuracy
over time, reflecting advancements in algorithm development. The
trend graph description in Figure 10 shows that the accuracy of ML
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FIGURE 8
Box plot analysis of ML model performance.

models has steadily increased over the past decade. Introducing DL
(CNN, LSTM, attention-based models) has significantly improved
predictive capabilities. FL models show increasing adoption due to
their privacy-preserving benefits.

8 Performance benchmarking and
case studies of ML models for heart
disease prediction

The utilization of ML in predicting heart disease has advanced
considerably, showcasing a range of models that exhibit varying
degrees of accuracy, sensitivity, specificity, and computational
efficiency. This section offers a detailed analysis of ML models through
key performance metrics and includes case studies highlighting
successful applications in real-world scenarios.

8.1 Case studies of successful ML
applications in heart disease prediction

Beyond benchmarking, actual studies within the scope capture
ML practices’ value in clinical settings. Case studies from real-world
applications are vital because they demonstrate the actual effectiveness
of ML models, extending beyond just theoretical performance. They
showcase the potential of Al to optimize clinical workflows, enhance
diagnostic precision, and facilitate prompt medical decisions.
Furthermore, such implementations foster trust among healthcare
professionals and stimulate quicker adoption of Al in practical clinical
environments (Khatibi et al., 2009; Dehghani et al., 2014; Das et al.,
2018; Attalla et al., 2021). The following case studies show how various
ML models have achieved successful outcomes.
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8.1.1 Case study 1: Al-enhanced ECG
interpretation for arrhythmias identification

o Approach: Using the MIT-BIH Arrhythmia Database, a
CNN-based DL model was used to classify various forms of
heart arrhythmia.

o Result: 98.6% accuracy, which dwarfed traditional methods of
ECG analysis.

« Significance: The model was incorporated into portable ECG
monitoring instruments to allow real-time detection of
arrhythmias (Muzammil et al., 2024).

8.1.2 Case study 2: heart disease risk assessment
without data interchange using FL

o Approach: An FL model was implemented in five hospitals
without the need for patient data exchange.

o Result: The model obtained over 92.6% accuracy, comparable to
other models trained on central databases.

« Significance: It enabled hospital collaboration in building
predictive models while ensuring data privacy compliance
(HIPAA, GDPR) (Otoum et al., 2024).

8.1.3 Case study 3: heart disease monitoring
using PPG and ECG signals by wearing a
smartwatch

o Instruments utilized: A hybrid LSTM-CNN architecture is used
for classification, and the ECG and PPG smartwatch and
medical-grade wearable data were trained on it.

o Result: 97.8% accuracy was achieved in predicting abnormal
heart rhythms.
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Sensitivity and specificity across ML models.

« Consequence: Incorporation into Apple Watch and Fitbit for
heart disease real-time risk analysis (Prieto-Avalos et al., 2022).

8.1.4 Case study 4: cardiac risk evaluation based
on the abilities of Al

o Instruments utilized: CatBoost Gradient Boosting Models
trained with the Framingham Biobank data were used to predict
5-year cardiovascular risk.

o Result: The model received an AUC of 93.5%, surpassing the
standard Framingham RSB models.

« Consequence: These findings became part of the integration with

in  Al-based  treatment

telemedicine  applications

recommendations (Singh et al., 2024).

8.1.5 Case study 5: Al-enhanced ECG for
identifying sex-specific cardiovascular risk

In a retrospective cohort study, researchers developed an
Al-enhanced electrocardiography (AI-ECG) model to investigate
sex-specific cardiovascular risk. Utilizing a CNN trained on 1,163,401
ECGs from the Beth Israel Deaconess Medical Center (BIDMC) dataset,
the model was designed to classify sex based on 12-lead ECG data. The
model’s performance was externally validated using 42,386 ECGs from
the UK Biobank cohort. A novel metric, termed the ‘sex discordance
score; was introduced, representing the difference between Al-predicted
sex and biological sex. Findings indicated that females with higher sex
discordance scores exhibited an increased risk of cardiovascular death,
heart failure, and myocardial infarction, despite having normal ECGs.
This association was not observed in males. The study suggested that the
sex discordance score could serve as a valuable biomarker for identifying
females at elevated cardiovascular risk, potentially guiding enhanced
risk factor modification and surveillance strategies (Sau et al., 2025).

8.1.6 Case study 6: AI-ECG reveals elevated
cardiovascular risk in women

A recent study employed a CNN to evaluate more than a million
ECGs from the Beth Israel Deaconess Medical Center and the UK
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Biobank. The AI-driven ECG model displayed significant accuracy in
determining sex and introduced a new metric called the ‘sex
discordance scor€ —the gap between the sex predicted by the Al and
the biological sex. The results showed that women with higher sex
discordance scores were at a greater risk for cardiovascular death and
heart-related issues, a pattern not found in men. This innovative
method highlights the potential of AI-ECG models to enhance the
early detection and monitoring of cardiovascular risks, especially for
women, leading to customized interventions (Market Access, 2025).

8.1.7 Case study 7: Al-enhanced ECG for
predicting future heart failure risk

Researchers at the Yale School of Medicine’s Cardiovascular Data
Science (CarDS) Lab have created an Al tool that predicts individuals
at high risk for developing heart failure by analyzing ECG images. This
model was trained and validated with data from varied populations
across the United States, the United Kingdom, and Brazil, showcasing
its wide-ranging applicability. Using standard 12-lead ECG images,
the AI tool facilitates the early detection of heart failure risk, which
may lead to reduced hospital visits and early mortality. This
breakthrough marks a significant advancement in scalable,
non-invasive cardiac risk assessment, especially useful in settings with
limited resources (Dhingra et al., 2025).

8.1.8 Case study 8: XAl in clinical practice

The adoption of ML models in healthcare is often hindered by the
“black-box” nature of complex algorithms. XAI techniques address
this challenge by providing insights into model decision-
making processes.

o CardioRiskNet: This hybrid AI model combines active learning
with XAI to assess and prognosticate CVD risk. By offering
transparent predictions, CardioRiskNet enhances clinician trust
and supports informed decision-making.

o XAI for Heart Failure Prediction: A study employed XAI
methodologies to improve a prediction model for heart failure
survival. By identifying key features influencing predictions, such
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Trend of ML model accuracy for heart disease prediction over time.

as follow-up time and serum creatinine levels, the model
achieved a balanced accuracy of 85.1% with cross-validation,
facilitating better clinical understanding and application (Talaat
et al., 2024).

8.2 Future directions in ML-based heart
disease prediction

While current models perform well, several challenges remain:

1. Explainability and Interpretability: Ensuring AI-driven models
provide transparent decision-making explanations.

2. Real-World Deployment: Bridging the gap between research
prototypes and clinical implementation.

3. Adaptive Learning: Developing self-updating AI models that
improve over time as new data becomes available.

4. Multimodal Data Fusion: Integrating genetic, imaging, and
wearable sensor data for holistic cardiovascular risk assessment.

9 Ethical considerations and bias
mitigation in ML-based medical
diagnostics

ML has made considerable progress in predicting heart disease;
however, ethical concerns continue to pose significant challenges to
its implementation in clinical settings (Matthews et al., 2021). Ethical
considerations encompass data privacy, bias mitigation, transparency,
accountability, and fairness, all essential for maintaining patient trust
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and achieving equitable healthcare outcomes (Ibrahim et al., 2018;
Draman et al., 2019).

9.1 Data privacy and security in ML for
healthcare

ML models intended to predict heart disease focus on EHRs,
wearable sensors, and imaging data. This gives rise to serious privacy
issues. Patients can suffer significantly from unauthorized access, data
breaches, and even misuse of sensitive health information (Marzo
etal., 2022). Suggestions for Ensuring Data Protection:

o Federated Learning: FL allows ML model training across different
hospitals without sharing raw patient data, complying with data
privacy regulations.

« Differential Privacy: This technique involves adding noise to a
dataset, making it impossible to re-identify the patient but still
allowing for valuable ML insights.

« Blockchain in Healthcare: Patient data storage is decentralized
and immutable, so unauthorized changes cannot be made, and
the safe exchange of patient data is guaranteed.

9.2 Algorithmic bias and fairness in heart
disease prediction

ML models predict data sets that often do not reflect every patient

group, resulting in biased outcomes. This is especially troublesome for
the diagnosis of heart disease because gender, race, and social class
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differences may lower the model’s accuracy (Mohammadi et al., 2012;
Khatibi et al., 2015; Todd et al., 2016).

9.2.1 Common bias issues
« Gender Bias: The majority of datasets used to study heart disease

have an overflow of male participants, hence leading to high
deficiencies in prediction for women.

Ethnic and Racial Bias: A model established using data from one
ethnicity only will almost always underperform in a
multicultural environment.

Healthcare Disparities: Economically disadvantaged people may
suffer greatly when these models are relied on to interpret their
medical records, as the files may not be comprehensive.

9.2.2 Steps to reduce bias

« Dataset Diversity: Ensure training datasets are comprehensive
and accurate representations across different demographics.

« Bias Detection: Use Demographic Parity, Equalized Odds, and
Disparate Impact metrics to evaluate fairness.

Adaptive Synthetic Sampling: To mitigate bias, use ADASYN and
Model
re-sampling methods.

Fairness Aware Tuning as reweighting and

9.3 Ethical Al regulations and compliance
in healthcare

Ways to Soften the Effect of Bias:

« Improved Dataset Collection: Training sets should be diverse and
represent different population segments.

o Metrics to Evaluate Bias: Use classification fairness techniques
like Demographic Parity, Equalized Odds, and Disparate Impact.

o Object Reweighting and Model Resampling Techniques: To
increase the equity of the AI algorithm and narrow down bias,
adaptive synthetic sampling (ADASYN) and fairness-aware
model tuning are used.

Global standards must first be followed to develop Al
capable of performing further in healthcare settings (Mennella
etal., 2024).

9.4 Primary regulations related to ethical Al

« General Data Protection Regulation (GDPR): The standard for
patient data privacy in European healthcare institutions.

« Health Insurance Portability and Accountability Act (HIPAA):
U.S. law that protects patient health information and sets
privacy rules.

« FDA and CE Marking for Al in Healthcare: Diagnostic tools that
rely on ML require additional scrutiny and verification before
being made available for clinical practice.

These laws and regulations require Al to be trustworthy, hold
designers accountable, and ensure it has been rigorously tested before

being used in the real world (Farhud and Zokaei, 2021).
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10 Explainable Al (XAl) for enhanced
clinician trust and adoption

A significant obstacle to the clinical implementation of ML models
for heart disease prediction is their opaque nature, which makes it
challenging for clinicians to comprehend the rationale behind the
model’s predictions. XAl techniques tackle this challenge by delivering
interpretable insights to healthcare professionals (Mienye et al., 2024).

10.1 The need for explainability in
ML-based medical diagnostics

Unlike traditional diagnostic technologies, ML models utilize
opaque DL structures. In cases with no explainability, clinicians might
be averse to Al-based forecasts, particularly in critical areas such as
estimating the risk of a cardiac event (Amann et al., 2020). Obstacles
Concerning Black Box Al

o Lack of Clinical Justification: In all cases where AI models make
predictions, there should be a rational basis accompanying the
models for the predictions to be accepted by medical professionals.

o Trust and Liability Issues: If an Al system incorrectly categorizes an
accountable patient, who is at fault the physician or the Al system?

o Legal and Ethical Accountability: AI systems must be explainable
to avoid legal liability in a medical setting.

10.2 XAl techniques for ML-based heart
disease prediction

Different approaches can improve the understanding of
Al-centered heart disease diagnosis, enabling practitioners to
comprehend the reasoning behind a model’s prediction (Guleria et al.,
2022). Model Agnostic Explainability Approaches:

o SHAP: Determines which aspects like blood pressure and ECG
most impacted the prediction.

o Local Interpretable Model-agnostic Explanations: Local interpretable
models that change the input and assess how the output changes.

o Counterfactual Explanations: This section addresses the question
of “What alterations in the patient’s data could change the
prediction of AI?”

DL-Specific Explainability Methods:

o Grad-CAM (Gradient-weighted Class Activation Mapping):
Identifies significant areas in medical images utilized by CNN
models for disease classification.

o Attention Mechanisms in LSTMs & Transformers: Analyzes
time-series ECG signals to illustrate the patterns influencing
heart disease diagnosis.

10.3 Benefits of XAl for clinical adoption
o Increased Clinician Engagement with AI Systems: AI models that
reason about their actions have a higher chance of being utilized
by clinicians during patient interactions (Stafie et al., 2023).
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« Liability of Inaccurate Diagnoses: Predictive Al, aided by
transparency, can help correct devastatingly incorrect diagnoses
by identifying instances where the model fails (Hulsen, 2023).

o Meeting Law Compliance: Explanatory processes foster
adherence to data protection regulations such as GDPR, HIPAA,
and FDA, which require healthcare Al models to be explainable
(van der Velden et al., 2022).

10.4 Future directions in XAl for medical Al

Despite (XAI) Achieving Administrative Objectives in Healthcare
Al Sectors, Obstacles Persist (Saw et al., 2024):

« Explainability vs. Accuracy: Well-interpreted models like DT
may be mathematically less accurate than DL-based approaches.

« Cognitive Load for Clinicians: Real-time XAl systems integrated
into clinical practice are important in further research.

o X Al Explainability Framework: A defined metric for judging the
relevance of information provided by an Al tool or model in
health services is needed.

11 Challenges and limitations

Figure 11 highlights the key challenges in healthcare data
management that obstruct the successful integration of Al and ML in
clinical situations. These challenges encompass issues with data quality
and standardization, concerns over privacy and security, data silos
within healthcare systems, and a lack of representative datasets. To
overcome these obstacles, it also proposes strategic solutions, including
implementing data governance frameworks, enhancing data security,
promoting system interoperability, and using synthetic data. Collectively,
these strategies aim to foster a more secure, robust, and accessible data
environment that supports healthcare innovation driven by Al and ML.

11.1 Dataset availability and quality issues

The availability and quality of datasets represent a significant
challenge when applying ML and Al in healthcare. Adequate training
of ML models is only possible with high-quality, well-annotated data.
However, health data often suffers from the following issues (Mohsin
etal., 2025).

11.1.1 Data scarcity

The scope and range of datasets relevant to particular patient
populations or rare diseases are limited or non-existent and, hence,
are insufficient to train generalizable models (Priyadarshi et al., 2024).
The research examined Meta-Learning (MtL) application in the
diagnosis of rare diseases, especially in the context of disorders of the
central nervous system (CNSD), ophthalmic disorders (OD), and
cardiac disorders (CD). It covered literature published between 2015
and 2022, which captured the shift of DL towards MtL in these
diagnostic modalities. The paper also provided the literature review,
including the comparative analysis and research gaps, and constructed
an MRI-based Meta-Health framework targeting rare disorders (Singh
and Malhotra, 2023).
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11.1.2 Data imbalance

Imbalanced data is a common problem in healthcare datasets like
the BRESS heart disease dataset, as patients from certain conditions
or groups are underrepresented as opposed to others. The imbalance,
as mentioned earlier, makes model predictions biased due to their
inability to capture intricate patterns in the classes as mentioned
earlier (Benhar et al, 2020; Abdellatif et al., 2024). The study
specifically focused on class imbalance in the BRFSS heart disease
dataset from 2021 using the resampling approach SMOTE-ENN and
with the help of CatBoost and XGBoost classifiers. The findings
indicate that CatBoost, Optuna-controlled SMOTE-ENN, achieved
the best performance recall, 88%, and AUC, 82% in CVD risk
prediction. These results suggest an improvement in developing CVD
prevention strategies with the incorporation of ML systems (Tompra
etal., 2024).

11.1.3 Data quality and consistency

The inaccuracy stems from multiple means of collection and
reporting that generate noise, incompleteness, or inconsistency, finally
affecting model precision and dependability (Chen et al.,, 2021). To
achieve forefront quality in the training data used to develop the ML
model implemented in the healthcare sector, a three-dimensional
Data Quality Framework (DQF) was developed concerning data
accuracy, completeness, and otherwise. It was designed to augment
performance, predictability, and interpretability and eliminate biases
to the extent possible. Moreover, the analysis gaps of this particular set
of ML healthcare system data, as well as the groundwork offered, are
ideal for supporting future work in the area (Al-Hgaish et al., 2025).

11.1.4 Data standardization

Much healthcare data is kept in varied formats or uses different
coding systems within institutions, complicating information
integration from multiple sources. Data standardization will enable
reliable models and ensure that the system is interoperable. The
framework combined smartphone sensing data from ET patients and
healthy subjects, employing feature extraction and expert ratings to
improve model performance. The interpretability methods, including
SHAP and Local Interpretable Model-agnostic Explanations, enabled
the identification of key features, offering valuable decision-making
insights for early diagnosis and healthcare (Zhang et al., 2024).

11.2 Ethical and privacy concerns

Significant ethical and privacy concerns exist with using AI and
ML in healthcare. There is a concern with issues related to patient
confidentiality, informed consent, and algorithmic bias (Dang et al.,
2023). These include:

11.2.1 Patient privacy and data security

Healthcare information is delicate and could result in severe
privacy breaches if misused. Safeguarding this information is of
utmost importance, and measures like encryption, secure storage,
and FL can help train models without having to share the raw data.
The patient’s privacy can also be somewhat protected (Chato and
Regentova, 2023). The paper presented a method for real-time
anomaly detection using FPGA (Field Programmable Gate Array)
based IoT edge devices that employ LR classifiers. This system could
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Key challenges and strategic solutions for Al and ML integration in healthcare data management.

monitor ingress traffic and predict anomalies at very low latency. It
also used hardware-software partitions and introduced a different
approach to the twin-based retraining of the LR classifier. The
feasibility and timing analysis proved that the system is better than
the implementation for software-only systems
etal., 2024).

(Chaitanya

11.2.2 Informed consent

As regards the development of Al instruments that utilize patient
data,
comprehensively. Patients must be made aware of how their data will

informed consent must be provided clearly and
be used, who will be able to access it, and the risks of using it (Linga
et al., 2024). The project merges ancient Ayurvedic treatments with
a new ML non-invasive Nadi Pariksha system that attempts to
diagnose diseases through pulse reading. The system emphasized the
analysis of pulses located at the wrist vata, pitta, and kapha regions
employing signal processing and advanced ML with RF, which
achieved 86.4 percent classification accuracy. The attempt was
towards improving efficiency concerning the early detection of
diseases, reduction in mortality, clinical validation, and a balance
between patient privacy and ethical implementation (Priya

etal., 2023).

11.2.3 Bias and fairness

If an AI model is trained with data that includes social
constructs of race, gender, and class, ML models are prone to bias.
In the healthcare sector, such biases can result in discrimination.
Mitigating these biases is vital to guarantee fairness and that Al
systems are unbiased towards different groups of patients. The
paper illustrated the ethical, legal, and social aspects of integrating

Frontiers in Artificial Intelligence

AI and healthcare.
transparency, and accountability of using AI in healthcare, all

Focused issues included privacy, bias,

posing significant risks. Even as AI improved diagnostics and
treatment processes with excellent economy, efliciency, and
effectiveness, questions wanting answers persist concerning equity,
safety, and social balance. This to be dealt with over time needed
collaboration to mitigate possible risks while trying to achieve
balance (Upreti et al., 2023).

11.2.4 Transparency and accountability

Considering all the ML models, especially DL systems, it has been
said that they are ‘black boxes’ since very little is known about their
inner workings. In the context of health care, this is an issue because
all patients’ care choices are supposed to be actionable and dependable
on the part of the clinicians. To provide such accountability while at
the same time reducing errors that can potentially harm a patient,
attention to these issues is needed. The tutorial focused on the topic of
responsible AI, which is concerned with proactively positive Al
solutions that need explaining, justifying, and being fair and secure.
The tutorial illustrated how processes of reproducibility, data
provenance, and model management/monitoring of ML models are
crucial to ensure responsible development. The purpose of the tutorial
was to arm the attendees with the needed knowledge and skills to
practice Responsibility AI (Paliwal et al., 2022).

11.3 Integration into clinical practices

Al and ML integration in clinical practice comes with numerous
challenges (Gautam et al., 2023; Bai and Mardini, 2024).
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11.3.1 Disruption of clinical workflow

Healthcare professionals may be unwilling to adopt Al-based
tools because they fear disruption of established workflows. Clinicians
are accustomed to traditional methods and may be wary of relying on
new technologies, especially if perceived as complex or unreliable. AI
tools should complement existing practices without overwhelming
healthcare providers (Rush et al., 2019; Sufian et al., 2024).

11.3.2 Regulatory and legal barriers

It is a highly regulated field with the introduction of new
technology. It is a field where regulatory standards and approval must
be met for implementation. It may refer to the FDA or EMA. The
process of acquiring approval for AI-based diagnostic tools is lengthy
and pricey, which can delay adoption. There are legal issues concerning
liability in case of errors (Handoko et al., 2024).

11.3.3 Lack of training and education

Healthcare professionals will be less likely to embrace these
technologies without the appropriate education on the understanding
or practical application of AI and ML. Providers will require
educational tools and resources explaining the technologies and their
potential benefits and limitations to support adoption. Investment in
training programs is crucial to ensure clinicians’ comfort with
incorporating Al into practice. The paper proposed a novel FL
framework for early COVID-19 detection using PSO. The framework
achieved faster convergence and improved performance, with a
94.36% accuracy on a COVID-19 image dataset from multiple
healthcare institutions. FL ensured data privacy by decentralizing
patient information and sharing only aggregated model updates
(Dasaradharami Reddy et al., 2024).

11.3.4 Interoperability

Healthcare systems have tended to operate independently with
minimal integration across technologies and platforms. For effective
adoption, Al systems must seamlessly integrate with EHRs, medical
devices, and other systems in use within healthcare settings. The
main barrier to interoperability is, perhaps, the standardization of
data structures and rules negotiated by stakeholders in healthcare
settings. Prabha et al. (2024) IoTs will likely change the healthcare
domain, especially concerning providing personalized care,
telemedicine, and remote care monitoring. Five classification
schemes for IoT target energy consumption, privacy, and scalability
issues while showing the importance of these problems for managing
healthcare data with ML. Solving these problems positioned IoT as
a viable means to increase the accessibility of healthcare services and
improve the quality of life (Balasingam et al., 2017; Gevers-Montoro
etal., 2022).

11.3.5 Trust and adoption

Even when the precision is verified, Al instruments encounter
issues because of reliability problems and limited human participation.
Clinicians and patients must rely on the trustworthiness of Al-based
tools before they allow them to affect clinical or patient decision-
making. This trust can be obtained by having a development process
that is transparent and genuine validation combined with AT’'s ongoing
performance monitoring. This tutorial concentrated on the concept of
Responsible AI, which encompasses the need for transparency,
accountability, fairness, and security that Al solution development
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requires. It highlighted AT’s repetitiveness and the data provenance
and control of ML models in responsible development. The tutorial
concentrated on ensuring the audience is equipped with the
knowledge and skills needed to practice Responsible AI (Paliwal
etal., 2022).

Al, ML, and emerging technologies hold significant promise to
redefine healthcare. However, they must first overcome challenges
related to data quality, ethical issues, and clinical integration. These
challenges will be prerequisites in determining how best to utilize
these technologies for the optimal benefit of both patients and
providers. Figure 12 highlights the primary challenges healthcare
organizations face in adopting technology and the associated strategic
solutions. It identifies key obstacles such as resistance to change, data
security challenges, interoperability problems, and significant
implementation costs, matched with proactive strategies that
encourage an innovative culture, emphasize cybersecurity, support
standardized interoperability, and consider alternative funding
options. This organized overview underscores that effective integration
of digital technologies in healthcare necessitates a comprehensive
approach that tackles both technical and human aspects.

12 Future directions and emerging
trends in ML-based heart disease
prediction

12.1 Emerging trends in healthcare
technology

The healthcare sector is experiencing rapid developments in
several areas. It is expected to revolutionize how healthcare is delivered
(Junaid et al., 2022). Some of these emerging trends include:

12.1.1 Personalized medicine

Faster healthcare delivery is now achievable due to technological
progress in genomics, biomarker discovery, and Al analytics. With the
implementation of IoT and ML in healthcare, there is a drastic
improvement in diagnosis and care delivery, such as early kidney
disease detection and proactive precision care (Loncaric et al., 2020).
With the adoption of IoT, subtle risk factors were captured in real-time
to assist an ML algorithm that supported personal risk models to
provide timely interventions. Therefore, the model ensures continuous
patient-provider communication is achieved, thus moving towards
personalized healthcare while ensuring strong security measures (Ravi
etal., 2025).

12.1.2 Al-driven diagnostics

Al and ML focus on improving the accuracy and timing of
diagnosing diseases. From analyzing medical imaging like tumor
scanning and cardiovascular monitoring to forecasting patient health
through EHR logs, the precision of medicine is improved by
automation. In the long term, Al promises to become a ready aid for
quick and efficient diagnosis (Sufian et al., 2024; Yenurkar et al., 2024).
This research utilizes SVM algorithms to distinguish between types of
diabetes, Type 1 and 2, using linear, polynomial, and sigmoid
functions. It enhanced the degree of classification incidence of
diabetes and enabled the formulation of narrower treatment strategies.
It showcased the promise that more developed computational
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Key challenges in healthcare technology adoption: barriers and strategic solutions.

methods can have on medicine with Al-driven healthcare
management tasks (Suvartha et al., 2024).

12.1.3 Telemedicine and remote monitoring
Incorporating telemedicine services and remote patient
monitoring technologies transforms healthcare delivery, especially
in low-resource regions or during public health crises. IoT devices,
wearables, and telehealth platforms enable patients to
be continuously monitored for their vital signs, medical conditions,
and treatment responses (Ardeti et al., 2023; Wang et al., 2024). This
development seems poised to continue offering more efficient and
inexpensive healthcare services. This work investigated the
application of IoT and ML to personalized telemedicine systems with
the objective of patient health monitoring and prediction for better
care delivery. The effectiveness of the ML model was assessed
through recall, sensitivity, error rate, F-score, and other measures,
which gave insight into prediction accuracy and complexity. The goal
was to shift the paradigm of healthcare to support routine health
monitoring and timely proactive interventions (Ramalingam

etal., 2024).

12.1.4 Quantum computing (QC)

The emergence of QC promises to revolutionize fields like the
modeling of complex diseases and genomics, even improving the
standards of drug discovery. Quantum computers could simulate
complex biological processes and novel therapeutic targets at speed
rivaling thousands of classical computers (Ghazi Enad and Abed
Mohammed, 2023). Predicting an enormous acceleration of medical
research and precision treatment development is reasonable. In this
research, two Quantum ML models, VQC and Pegasos QSVC, were
implemented to predict lung cancer in smart healthcare systems. They
were benchmarked against baseline models by measuring training
accuracy and performing statistical analyses. The Pegasos QSVC
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model achieved the highest classification accuracy of 85% (Munshi
et al., 2024b).

12.1.5 Federated learning (FL)

By not sharing sensitive patient information, FL allows training
Al 'models collaboratively without compromising privacy, which helps
gain insights. This innovation facilitates collaboration between
healthcare institutions for research and model building while adhering
to stringent data privacy regulations. As the fear around the security
and privacy of healthcare information further increases, FL is a
promising solution for creating AI models that require diverse
information while ensuring privacy (Otoum et al., 2024). An ensemble
FL approach for developing a DL model to classify data streams from
distributed Internet of Medical Things (IoMT) environments was
presented. Local federated models were deployed on IoMT devices,
with ensemble learning performed on the cloud servers. The
comparison results indicated that the ensemble federated model
outperformed the primary federated models (Arya and Hanumat
Sastry, 2022).

12.1.6 Interdisciplinary approaches for enhanced
diagnostics

The merging of ML, Al, and contemporary technologies into
healthcare has proven exceedingly useful and requires interdisciplinary
teamwork. These technologies’ potential is best capitalized with a
multidisciplinary toward

approach improving  diagnostics.

This includes:

o Cooperation Between Health Workers and Data Science
Specialists: The adoption of AI in healthcare has proven
successful through the collaboration of health workers and data
science experts. The data science expert optimizes the ML
models, and the healthcare expert adds value with their
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pathophysiology, clinical diagnosis, and therapeutics knowledge.
Their collaboration empowers the development of Al-driven
tools that are clinically relevant and accurate, hence ensuring
enhanced patient and public healthcare.

Hybridization of Medicine with Engineering: Biomedical
engineers and other engineers are responsible for improving and
developing new healthcare technology. Wearable devices, medical
imaging systems, or diagnostic aids are some examples of other
engineering branches that can be integrated. Engineering and
medicine can be united to develop better devices or solutions that
match the growing demands of patients and healthcare providers.

Multidisciplinary Data Integration: Healthcare systems that
integrate various data sources like EHRs, Genomics, Imaging,
Wearables, and even Environmental Data can enhance diagnosis
and treatment direction. Such fusion can be accomplished by
interdisciplinary teams using integrated platforms that combine
the various datasets to create a more wholesome understanding
of the patient’s health and enhance the efficacy of AI models.

Ethics, Policy, and Technology Integration: To solve Al-related
problems in healthcare, collaboration with ethics and policy
experts should also take place. Data use’s legal, regulatory, and
ethical concerns, such as data privacy, bias, and accountability,
addressed  while
Multidisciplinary teams will guarantee the realization of AI tools

must be technology is developed.
that are technologically accurate, ethically correct, and

legally compliant.

Patient and Community Involvement: Patients should participate
in developing and adopting technology. When patients and
communities are brought together through interdisciplinary
teams, their issues, preferences, and needs will be addressed so
that AT and ML technologies are patient-centric and culturally
acceptable. This approach affirms that trust in Al is significantly
improved within the frameworks in which diverse populations
are formed.

To summarize, the advancement of healthcare technology rests
on traditional sectors, which lie in ever-increasing exciting
practices and cross-cutting collaborations that will improve
diagnostics. New technology like AI, QC, and FL is expected to
make healthcare more personalized, accessible, and efficient.
Additionally, harnessing multidisciplinary learning will ensure that
these results are scientifically valid and ethically responsible,
resulting in significant health advantages for patients in all parts of
the globe.

13 Conclusion

This review encompasses a wide range of ML applications for
predicting heart disease, organized into five main themes: detection
and diagnostics, ML models and algorithms, feature engineering and
optimization, new technologies in healthcare, and cross-disease Al
applications. The findings indicate that while DL models, especially
hybrid CNN-LSTM architectures, tend to surpass traditional methods,
the success of any model heavily relies on high-quality data, effective
feature engineering, and clinical interpretability.

A rising trend in FL, monitoring systems based on wearables, and
XAI practices that are gradually narrowing the gap between research
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and practical application. Nevertheless, significant challenges remain,
such as ensuring model generalizability across different populations,
maintaining data privacy, achieving interpretability, and integrating
with EHRs.

Future studies should prioritize the practical implementation of
Al systems via clinically validated trials, focusing on ethical and
regulatory standards, and investigating interoperable, patient-
centered Al platforms. Moreover, creating transparent models that
healthcare providers can trust is essential for broad acceptance. By
tackling these issues, ML-driven tools can transition from
experimental solutions  in

concepts to  game-changing

cardiovascular healthcare.

13.1 Summary of key insights

m Diagnostic Accuracy: ML and Al have significantly increased
accuracy towards diagnosing heart diseases, cancers, and even
neurological disorders. The AI systems utilize EHRs, medical
imaging, and large datasets alongside sensors to diagnose and
improve patient outcomes.

m Use of Feature Engineering and Its Optimization: Advanced
algorithms, GA, PSO, and GWO, have played a crucial role in
improving prediction models, which enhances the accuracy with
which disease detection can be made. The AI system was
optimized for better interpretability and used to determine
feature selection, reduce dimensionality, and use other
Al-enabled techniques. Moreover, the Al system can select and
interpret relevant features, reduce noise, and improve
interoperability through Dimensionality Reduction.

m Emerging Technologies: Healthcare innovation is changing with
QC, FL, and the IoT. QC can speed up complex drug discovery
and disease modeling. FL alleviates privacy concerns because
sensitive information is not expeditiously sent during
collaborative model training. Moreover, the application of IoT
devices enables proactive fitness healthcare management by
providing real-time monitoring.

m Issues Relating to Data Quality and Ethical Considerations: The
availability, quality, and privacy of healthcare data affect Al
implementation in healthcare. The success of Al tools hinges on
the availability of accurate and secure healthcare data. Other
ethical issues, such as consent, privacy, and the algorithms’
impartiality raisers, must also be addressed for Al to properly
deploy in healthcare.

m Interdisciplinary  Collaboration: ~ Collaboration between

healthcare personnel, such as doctors and nurses, data analysts

and scientists, engineers, and ethics specialists, is essential for
creating and implementing AI systems in healthcare.

Interdisciplinary approaches ensure that AI technologies are

technically sound and respond ethically and socially to the

complex conditions surrounding patients and legal affairs.

13.2 Implications for research and practice
o Research:

Significant work is currently being done to optimize AI model
performance and data assimilation and address ethical concerns.
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Improving the quality and representativeness of available
healthcare datasets will enhance the generalizability of various Al
models across different healthcare populations. Further research
into other technologies, such as QC and FL, could contribute to
advancing Al systems in healthcare. The lack of transparency and
interpretability of AI models should also be a focus of future
research to foster trust and facilitate smoother integration into
clinical decision-making.

o For Practice:
Older healthcare professionals and service providers need to
adapt Al and ML-based technologies into their clinical routines
to ensure improved diagnostic and treatment results. Sufficient
instruction on working with AI systems must be provided
alongside the implementation of Al tools to clinicians. Patients
should also actively participate in incorporating the technologies
so that the solutions work for them. Organizations providing
healthcare must also coordinate in fostering interdisciplinary
cooperation for the safe, ethical, and beneficial application of
Al systems.

Al and ML can transform the health sector, but significant
challenges remain in data management, ethics, and deployment.
Responsible interdisciplinary collaboration facilitated through
innovation has the power to surpass these challenges, which could
result in improved health care globally through better utilization of
these technologies.
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ARTICLE INFO ABSTRACT
Keywords: Background: Timely and accurate prediction of clinical outcomes in patients with cardio-cerebral infarction (CCI)
Cardio-cerebral infarction is essential for optimizing treatment strategies and improving prognosis. This study aimed to develop an inter-

Coronary heart disease

pretable machine learning model for predicting all-cause in-hospital mortality in patients with CCIL.
Interpretable machine learning

Ischemic stroke Methods: A total of 4105 patients with CCI from a multicenter database were retrospectively analyzed. Nine

Mortality machine learning (ML) models were constructed to predict in-hospital mortality. Feature selection was per-

SHAP formed using the recursive feature elimination algorithm. Model performance was evaluated using the F1 score,
area under the receiver operating characteristic curve (AUC), sensitivity, specificity, and accuracy. The model
with the highest predictive performance was further interpreted using the SHapley Additive exPlanations (SHAP)
method to provide individualized explanations for predictions.
Resuits: Of the 4105 patients, 2071 (50.5 %) were female, with a median age of 79 years (interquartile range
[IQR]: 72, 85). After feature selection, eight of the initial 43 clinical variables were retained for model devel-
opment. Among the nine models, the Random Forest (RF) model achieved the highest predictive performance,
with an AUC of 0.88 in the test cohort. Feature importance analysis identified serum potassium (K), N-terminal
pro-B-type natriuretic peptide (NT-proBNP), troponin T, cholinesterase, creatinine, age, albumin (ALB), and
platelet count (PLT) as the most influential predictors. SHAP visualization was applied to enhance the inter-
pretability of the RF model.
Conclusions: The proposed ML-based risk prediction model demonstrated robust performance in predicting in-
hospital mortality among patients with CCI. The integration of SHAP analysis provided transparent, patient-
specific risk interpretation, thereby supporting clinical understanding of critical prognostic factors and
enabling personalized decision-making.

1. Introduction global health concern. In 2019, cardiovascular diseases—including CHD
and IS—affected an estimated 523 million individuals worldwide,

Cardio-cerebral infarction (CCI), defined as the coexistence of coro- resulting in 18.6 million deaths and 393 million disability-adjusted life
nary heart disease (CHD) and ischemic stroke (IS), represents a significant years, reflecting a 1.4-fold increase compared with 1990.'% CCI poses a
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particularly high burden due to its elevated mortality rate, long-term
disability, and extensive healthcare demands.*® Survivors of IS often
experience profound functional impairments that markedly diminish their
quality of life.° Reliable prognostic predictions not only provide patients
with realistic expectations but also assist clinicians in selecting optimal
rehabilitation strategies.”’® Despite extensive research on CHD and IS
separately, few studies have examined their co-occurrence, limiting un-
derstanding of their shared etiologies and spatial distribution patterns.
Emerging evidence highlights substantial overlap in modifiable risk fac-
tors and underlying pathophysiological mechanisms between the two
conditions—including atherosclerosis, chronic inflammation, thrombosis,
and oxygen supply-demand imbalance.? Therefore, identifying predictors
of all-cause mortality in patients with CCI is critical for guiding targeted
interventions and optimizing clinical management.

Machine learning (ML) techniques have been increasingly applied
across various medical domains, including diagnosis, prognosis, and
medical imaging.>'° Although several ML models have been developed
to predict mortality in CHD or IS individually,'"'? few have examined
all-cause mortality in CCI. Tree-based ensemble models offer high pre-
dictive accuracy and can rank feature importance, whereas logistic

Brain Network Disorders 2 (2026) 49-58

regression (LR) provides interpretable associations between predictors
and outcomes. However, the “black box” nature of many ML algorithms
limits their clinical applicability.

To address this challenge, interpretable ML (IML) methods—such as
SHapley Additive exPlanations (SHAP)—have been developed to pro-
vide intuitive, individualized explanations for model predictions.'*!® In
this study, we developed an IML model to predict all-cause mortality in
patients with CCI, compared its performance with that of traditional
methods, and applied SHAP to enhance model interpretability. This
approach supports clinical decision-making by identifying key risk fac-
tors and offering transparent, patient-specific prediction insights.

2. Methods
2.1. Study population

This was a retrospective, multicenter study designed to predict all-
cause mortality in patients with CCIL Data for this study were

collected from four major medical centers in China: the Second Affili-
ated Hospital of Chongqing Medical University, the Third Affiliated

Patients were diagnosed as “Ischemic stroke and coronary heart disease”(N=4173)

Second Affiliated Hospital of
Chongqing Medical University
(N=2889)

Third Affiliated Hospital of
Chongqing Medical University
(N=615)

Main cohort External test cohort

University Town Affiliated
Hospital of Chongqing Medical
University (N=413)

The following patients were excluded:
Patients aged less than 18 years (N=0)
Patients with liver failure and kidney failure (N=46) =
Patient with outline data (/N=5)

Train set (N=3251)

Demographic characteristic

Q ~- Laboratory indicators
®

Vital signs and comorbidities

Database

po L

(N=3302)

~ Machine learning model ~p

(N=871)

Chongqing Southeast Hospital
(N=256)

The following patients were excluded:

Patients aged less than 18 years (N=0)

Patients with liver failure and kidney failure (N=14)
Patient with outline data (N=3)

Test set (N=854)

00
(o1&

RFE selection features

¢

EXe

SHAP method

¢ (

Compared algorithms  Clinical decision support

Fig. 1. Flowchart of patient selection. A total of 4105 patients with CHD and IS (CCI) diagnoses were included. CCI: Cardio-cerebral infarction; CHD: Coronary heart
disease; IS: Ischemic stroke; RFE: Recursive feature elimination; SHAP: SHapley Additive exPlanations.
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Hospital of Chongqing Medical University, University-Town Hospital,
and Southeast Hospital. The Second and Third Affiliated Hospitals of
Chongqing Medical University are the largest teaching hospitals in the
region, whereas University-Town Hospital is an affiliated teaching
hospital of Chongqing Medical University. Chongqing Southeast Hos-
pital primarily serves a mixed population from both urban and rural
areas. Data collection was conducted from January 2011 to February
2022 in accordance with predefined inclusion and exclusion criteria.

To improve the generalizability of the model, patient populations
from the Second Affiliated Hospital of Chongqing Medical University
and the University-Town Affiliated Hospital of Chongging Medical
University were assigned to the training set, whereas populations from
Chongqing Southeast Hospital and the Third Affiliated Hospital of
Chongqging Medical University were assigned to the independent test set.
Study data were obtained from the electronic hospital records system
and analyzed retrospectively under an ethics waiver granted by the
hospital ethics committee. All patients diagnosed with CHD (Interna-
tional Classification of Diseases [ICD]-10: 125.1) were identified, and
those with a concomitant diagnosis of IS (ICD-10: 163.0-163.9) were
included. Exclusion criteria were as follows: (i) age younger than 18
years; (ii) missing or incomplete data; and (iii) coexisting liver failure or
kidney failure. A flowchart detailing the study selection process is pre-
sented in Fig. 1. This study adhered to the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis
guidelines. This study was approved by the Ethics Committee of Zigong
People’s Hospital (No. 2024-019), and conducted in accordance with the
principles of the Declaration of Helsinki. Given its retrospective design,
the requirement for informed consent was waived by the institutional
review board, and all patient identifiers were removed to ensure data
confidentiality.

2.2. Data collection

Following the variable selection approach proposed by Deshmukh et
al,'® 44 potential outcome-related variables were identified. Extracted
data included patients’ basic demographic information as well as other
clinically relevant characteristics [Supplementary Material]. A modified
k-nearest neighbor (KNN)-based classification technique was applied to
impute missing values, thereby mitigating the negative impact of
missing data on model classification performance.

2.3. Study outcomes

The primary outcome of interest was all-cause in-hospital mortality,
defined as death from any cause during hospitalization.

2.4. Data preprocessing and feature selection

Using the DMwR2 R package, a KNN algorithm was applied to
impute missing data for features with less than 30 % missing values. The
KNN algorithm, a nonparametric ML approach, estimates missing values
based on neighboring observations.'”>'® Outliers were addressed using
the capping method: for each variable, values exceeding the 99
percentile were replaced with the 99th percentile, and those below the
1%t percentile with the 1% percentile. Min—-Max normalization was
applied to account for the wide range of feature scales, and one-hot
encoding was used to process categorical variables. Data from all cen-
ters were normalized uniformly to ensure consistency, as some of the
applied algorithms required normalized quantitative data. After pre-
liminary univariate screening, the final feature set was selected using the
recursive feature elimination (RFE) method, which was based on a
Random Forest (RF) algorithm combined with five-fold cross-validation
(CV). RFE iteratively constructs a model, ranks features by importance,
removes the least informative feature, and repeats the process until all
features are ranked. This process yielded eight key variables: Serum
potassium (K), N-terminal pro-B-type natriuretic peptide (NT-proBNP),
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cholinesterase, age, platelet count (PLT), troponin T, albumin (ALB),
and creatinine.

2.5. Model development

ML models were developed using the caret and catboost packages.
The original dataset included demographic variables (e.g., gender, age),
vital signs, laboratory test results, and comorbidities. After preprocess-
ing, 43 features were retained for analysis. Nine widely used algo-
rithms—gradient boosting machine (GBM), LR, multilayer perceptron
(MLP), naive Bayes (NB), neural network (NN), RF, support vector
machine (SVM), extreme gradient boosting (XGBoost), and categorical
boosting (CatBoost)—were implemented to predict all-cause in-hospital
mortality in patients with CCI. To enhance model stability, all contin-
uous variables were standardized to have a mean of zero and a standard
deviation of one. Hyperparameter tuning for each algorithm was per-
formed using five-fold CV. Candidate models were evaluated based on
receiver operating characteristic (ROC) curve performance or accuracy,
and the optimal model for each algorithm was selected. The test set was
excluded from model training and hyperparameter optimization and
was used exclusively for final performance evaluation after model
development.

2.6. Model interpretation and feature importance

ML models are often regarded as “black boxes” because the reasoning
behind their predictions can be difficult to interpret for specific patient
populations. To address this limitation, we incorporated SHAP, a
framework introduced by Lundberg and Lee'® for interpreting complex
ML models. SHAP has been validated in prior studies as a theoretically
rigorous approach that provides both local and global interpretability.
SHAP values decompose each model prediction into the contributions of
individual features, quantifying the extent to which each variable affects
the outcome in a consistent and interpretable manner. This approach
facilitates the identification of the most influential predictors and clar-
ifies their impact on the model’s decision-making process, thereby
enhancing transparency and supporting clinical trust. In this study,
interpretability analysis was performed using the shapviz package.
SHAP was applied to the final prediction model to identify key risk
factors associated with in-hospital mortality in patients with CCI. Each
variable was assigned a contribution value representing its relative
importance in the final classification. The resulting feature-importance
ranking provided a comprehensive understanding of variable rele-
vance and mapped their influence on the model's predictive outcomes.

2.7. Statistical analysis

A total of 4105 patients were randomly divided into training and test
cohorts in an 8:2 ratio using stratified sampling based on endpoint
occurrence. Categorical variables were reported as frequencies with
percentages, whereas continuous variables were summarized as
mean =+ standard deviation (SD) or median with interquartile range
(IQR), depending on data distribution. Between-group differences were
assessed using Pearson’s y? test or Fisher’s exact test for categorical
variables and one-way analysis of variance (ANOVA) or the Wilcoxon
rank-sum test for continuous variables, as appropriate. Nine ML algo-
rithms were trained on the training set and subsequently validated on
the test set. Model discrimination in the test cohort was evaluated using
sensitivity, specificity, F1 score, and the area under the ROC curve.
Among the nine algorithms, the RF model demonstrated the highest
predictive performance and was selected as the final model. Model
calibration was evaluated using the Brier score.? Performance com-
parisons across the nine ML models were further examined using
one-way ANOVA. To enhance interpretability, the SHAP approach was
applied to the final model. All analyses were conducted using R software
(version 4.1.2, https://www.r-project.org/).
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Table 1
Baseline characteristics, laboratory parameters, vital signs, and statistical results of patients with CHD and IS (CCI).
Variables Total (n = 4105) Test set (n = 854) Train set (n = 3251) P-value
Age (years) 79 (72, 85) 80 (72, 85) 79 (72, 85) 0.314
Sex 0.857
Female 2071 (50) 428 (50) 1643 (51)
Male 2034 (50) 426 (50) 1608 (49)
Smoking history <0.001
No 2994 (73) 568 (67) 2426 (75)
Yes 1111 (27) 286 (33) 825 (25)
Alcohol history <0.001
No 2795 (68) 619 (72) 2176 (67)
Yes 1310 (32) 235 (28) 1075 (33)
Hypertension 0.818
No 789 (19) 167 (20) 622 (19)
Yes 3316 (81) 687 (80) 2629 (81)
Hyperlipidemia 0.804
No 3481 (85) 727 (85) 2754 (85)
Yes 624 (15) 127 (15) 497 (15)
AF 0.441
No 3051 (74) 644 (75) 2407 (74)
Yes 1054 (26) 210 (25) 844 (26)
Diabetes 0.598
No 2510 (61) 515 (60) 1995 (61)
Yes 1595 (39) 339 (40) 1256 (39)
COPD 0.291
No 4063 (99) 842 (99) 3221 (99)
Yes 42 (1) 12 (1) 30 (1)
SBP (mmHg) 136 (124, 151) 136 (123, 149) 137 (124, 151) 0.133
DBP (mmHg) 77 (69, 85) 76 (69, 84) 77 (70, 85) 0.062
NT-proBNP (pg/mL) 876.7 (271.4, 2791.4) 900.5 (329.0, 2853.8) 872.6 (260.3, 2773.0) 0.091
CRP (mg/L) 6.28 (5.00, 15.90) 5.99 (5.00, 13.49) 6.37 (5.00, 16.56) 0.906
WBC ( x 10%/L) 6.84 (5.64, 8.47) 6.70 (5.56, 8.34) 6.87 (5.66, 8.50) 0.085
RBC ( x 10'2/L) 4.13 (3.75, 4.49) 4.10 (3.76, 4.46) 4.14 (3.75, 4.50) 0.131
HCT (%) 37.7 (34.2, 40.7) 37.4 (34.2, 40.2) 37.8 (34.2, 41.0) 0.105
NEU (%) 71.6 (65.0, 78.8) 71.2 (64.8, 78.4) 71.7 (65.1, 78.9) 0.364
LYM (%) 19.6 (13.5, 25.4) 19.85 (13.3, 25.6) 19.5 (13.6, 25.3) 0.792
PLT ( x 109/L) 175.1 (143.3, 210.6) 175.3 (143.2, 209.0) 175 0.0 (143.6, 210.9) 0.987
HB (g/L) 125 (113, 135) 124 (113, 134) 125 (113, 136) 0.171
ALT (U/L) 16 (11, 24) 17 (11, 25) 16 (11, 24) 0.087
AST (U/L) 21 (17, 28) 21 (17, 29) 21 (17, 28) 0.109
GGT (U/L) 27.9 (19.0, 45.6) 28.8 (19.0, 45.6) 27.2(19.0, 45.6) 0.434
Cholinesterase (kU/L) 6.51 (5.28, 7.68) 6.46 (5.14, 7.52) 6.52 (5.30, 7.71) 0.127
ALB (g/L) 38.3 (35.5, 40.8) 38.2(35.3, 40.8) 38.3 (35.6, 40.8) 0.312
Urea (mmol/L) 6.96 (5.58, 9.04) 7.04 (5.67, 9.15) 6.94 (5.57, 9.01) 0.177
Creatinine (pmol/L) 84.2 (67.7,108.1) 84.9 (68.4, 110.7) 83.8 (67.5, 107.6) 0.253
Uric acid (pmol/L) 363.2 (300.0, 433.8) 364.1 (294.8, 429.8) 363.0 (300.8, 434.5) 0.606
TG (mmol/L) 1.18 (0.91, 1.61) 1.21 (0.93, 1.60) 1.17 (0.91, 1.61) 0.355
TC (mmol/L) 3.93 (3.35, 4.63) 3.91 (3.36, 4.56) 3.94 (3.34, 4.64) 0.489
LDL-C (mmol/L) 2.10 (1.65, 2.66) 2.04 (1.64, 2.63) 2.11 (1.66, 2.67) 0.176
PT (s) 13.3 (12.7, 14.2) 13.4 (12.6, 14.3) 13.3(12.7,14.2) 0.555
INR 1.04 (0.98,1.12) 1.04 (0.98, 1.13) 1.04 (0.98,1.12) 0.437
TT (s) 17.1 (16.0, 18.0) 17.1 (16.1, 18.0) 17.1 (16.0, 17.9) 0.263
APTT (s) 35.3(32.0, 38.7) 35.6 (31.7, 38.8) 35.3(32.1, 38.6) 0.977
Fibrinogen (g/L) 3.56 (3.00, 4.18) 3.56 (2.97, 4.20) 3.56 (3.01, 4.18) 0.962
Troponin T (ng/mL) 0.02 (0.01, 0.04) 0.02 (0.01, 0.03) 0.02 (0.01, 0.04) 0.859
Sodium (mmol/L) 140.4 (138.4, 142.0) 140.4 (138.4, 142.0) 140.4 (138.4, 142.1) 0.884
Potassium (mmol/L) 4.01 (3.81, 4.27) 4.06 (3.85, 4.30) 3.99 (3.80, 4.26) <0.001
Calcium (mmol/L) 2.23 (2.14, 2.30) 2.22(2.14, 2.30) 2.23 (2.14, 2.31) 0.292
Phosphorus (mmol/L) 1.09 (0.98, 1.21) 1.09 (0.96, 1.22) 1.09 (0.98, 1.20) 0.858
Chlorine (mmol/L) 103.0 (100.5, 105.5) 103.0 (100.4, 105.4) 103.0 (100.5, 105.6) 0.689
Antiplatelet 0.789
No 1165 (28) 246 (29) 919 (28)
Yes 2940 (72) 608 (71) 2332 (72)
Lipid-lowering agents 0.952
No 1246 (30) 258 (30) 988 (30)
Yes 2859 (70) 596 (70) 2263 (70)
Death 0.450
No 3934 (96) 814 (95) 3120 (96)
Yes 171 (4 40 (5) 131 (4)

Data are presented as n (%) or median (Q1, Q3). ALB: Albumin; ALT: Alanine aminotransferase; APTT: Activated partial thromboplastin time; AST: Aspartate
aminotransferase; AF: Atrial fibrillation; CHD: Coronary heart disease; COPD: Chronic obstructive pulmonary disease; CRP: C-reactive protein; CCI: Cardio-cerebral
infarction; DBP: Diastolic blood pressure; GGT: Gamma-glutamyl transferase; HB: Hemoglobin; HCT: Hematocrit; INR: International normalized ratio; IS: Ischemic
stroke; LDL-C: Low-density lipoprotein cholesterol; LYM: Lymphocytes; NEU: Neutrophils; NT-proBNP: N-terminal pro-B-type natriuretic peptide; PLT: Platelet count;
PT: Prothrombin time; RBC: Red blood cells; SBP: Systolic blood pressure; TC: Total cholesterol; TG: Triglycerides; TT: Thrombin time; WBC: White blood cells.
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Fig. 2. Results of feature screening by RFE with 5-fold CV. CV: Cross-
validation; RFE: Recursive feature elimination.

3. Results
3.1. Baseline characteristics

A total of 4173 patients with CCI were initially screened. Sixty-eight
patients were excluded because they had insufficient demographic or
clinical information, or had liver failure, kidney failure, or multi-organ
dysfunction syndrome. Ultimately, 4105 patients with CCI were
included in this study. The median age was 79 years (IQR: 72, 85), and
50 % were male. Among these patients, 171 died and 3934 survived
their hospitalization. Additionally, 3481 patients had concomitant
hyperlipidemia, accounting for 85 % of the cohort. Of the total dataset,
80 % (n = 3251) were used for model training and 20 % (n = 854) for
model validation. Table 1 presents the clinicopathological characteris-
tics of the study population.

3.2. Recursive feature elimination-selected variables

RFE with five-fold CV identified the top 8 most important variables
from the initial 43 features: K, NT-proBNP, cholinesterase, age, PLT,
troponin T, ALB, and creatinine [Fig. 2].

3.3. Model performance comparison

The performance of the nine ML models in the training and test sets is
summarized in Tables 2 and 3. The RF model demonstrated the highest
performance across both datasets. The RF model achieved the highest
AUC and specificity in the training and test sets, respectively [Fig. 3]. In
addition, the RF model yielded the lowest Brier score among the nine
models, with values of 0.007 and 0.039 in the training and test sets,
respectively. Based on these results, the RF model was selected as the
final prediction model.

3.4. Visualization of feature importance

After recursive feature elimination, the selected variables were used
to construct the RF model, and SHAP values were applied to compare the
contributions of these variables to outcome events. The SHAP method
enables both individualized patient-level explanations and global ex-
planations across the entire validation cohort. Consequently, it is widely
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Table 2

Performance of nine models in the training set.
Model Fl1-score Accuracy Sensitivity Specificity PPV NPV
GBM 0.62 0.98 0.46 0.99 0.95 0.98
LR 0.06 0.96 0.03 0.99 0.33 0.96
MLP 0.31 0.96 0.20 0.99 0.74 0.97
NB 0.33 0.93 0.40 0.96 0.28 0.97
NN - 0.96 0.00 1.00 0.00 0.96
RF 0.98 0.99 0.95 0.99 0.99 0.99
SVM 0.03 0.96 0.02 1.00 1.00 0.96
XGBoost 0.10 0.96 0.05 0.99 0.88 0.96
CatBoost 0.43 0.97 0.29 0.99 0.86 0.97

CatBoost: Categorical boosting; GBM: Gradient boosting machine; LR: Logistic
regression; MLP: Multilayer perceptron; NB: Naive Bayes; NN: Neural network;
NPV: Negative predictive value; PPV: Positive predictive value; RF: Random
Forest; SVM: Support vector machine; XGBoost: Extreme gradient boosting. —:
NaN values, which were not calculated, likely due to an extremely unbalanced
data structure with very few positive cases.

Table 3

Performance of nine models in the test set.
Model F1-score Accuracy Sensitivity Specificity PPV NPV
GBM 0.12 0.95 0.08 0.99 0.30 0.96
LR 0.04 0.95 0.03 0.99 0.20 0.95
MLP 0.08 0.94 0.05 0.99 0.17 0.95
NB 0.25 0.88 0.43 0.90 0.17 0.97
NN - 0.95 0.00 1.00 - 0.95
RF 0.10 0.96 0.05 0.99 0.99 0.96
SVM - 0.95 - 0.99 - 0.95
XGBoost 0.05 0.95 0.03 0.99 0.50 0.95
CatBoost 0.08 0.94 0.05 0.99 0.18 0.95

CatBoost: Categorical boosting; GBM: Gradient boosting machine; LR: Logistic
regression; MLP: Multilayer perceptron; NB: Naive Bayes; NN: Neural network;
NPV: Negative predictive value; PPV: Positive predictive value; RF: Random
Forest; SVM: Support vector machine; XGBoost: Extreme gradient boosting. —:
NaN values, which were not calculated, likely due to an extremely unbalanced
data structure with very few positive cases.

applied to visualize the effects of selected variables on mortality in
prediction models. To generate global SHAP explanations, the SHAP
values for each feature were averaged across all patients in the cohort.
The clinical significance of a feature in model prediction increases with
its mean absolute Shapley value. Fig. 4A illustrates the top eight risk
factors ranked by mean absolute SHAP score, while Fig. 4B shows the
eight most influential features of the model. In these plots, the y-axis
represents feature ranking (relative importance), and the x-axis repre-
sents SHAP values (feature contributions to the predicted outcome). For
each feature, individual patient contributions are visualized as colored
dots: yellow indicates higher feature values associated with increased
mortality risk, whereas purple indicates lower feature values associated
with reduced risk. Interpretation of the SHAP plots demonstrated that an
elevated predicted probability of all-cause in-hospital mortality was
associated with older age, higher K, NT-proBNP, troponin T, and
creatinine levels, as well as lower ALB and cholinesterase
concentrations.

The relationship between feature values and SHAP values is illus-
trated in greater detail for patient age, K concentration, NT-proBNP,
troponin T, cholinesterase, and ALB concentration in Fig. 5. These re-
sults indicate that higher concentrations of K, NT-proBNP, and troponin
T, as well as older age and lower levels of cholinesterase and ALB, are
significantly associated with increased mortality risk. Fig. 6A shows that
both hyperkalemia and hypokalemia are associated with elevated SHAP
values, indicating a higher model-predicted mortality risk. Fig. 6B
demonstrates a positive association between age and SHAP values, with
the effect most pronounced in very elderly patients, underscoring age as
a major predictor of mortality. Fig. 6C reveals that low ALB levels are
associated with elevated SHAP values, suggesting that poor nutritional
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Fig. 3. ROC curves for nine ML models predicting all-cause mortality in patients with CCI. ROC curves are shown for the training set (A) and test set (B). AUC: Area
under the receiver operating characteristic curve; CCI: Cardio-cerebral infarction; CatBoost: Categorical boosting; GBM: Gradient boosting machine; LR: Logistic
regression; ML: Machine learning; MLP: Multilayer perceptron; NB: Naive Bayes; NN: Neural network; RF: Random Forest; ROC: Receiver operating characteristic;

SVM: Support vector machine; XGBoost: Extreme gradient boosting.
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Fig. 4. Model interpretation: (A) ranking of the top eight variables by mean SHAP value; (B) ranking of the top eight risk factors using the optimal model. A higher
SHAP value indicates a higher the risk of death. Yellow indicates higher feature values, and purple indicates lower feature values. ALB: Albumin; K: Potassium; NT-
proBNP: N-terminal pro-B-type natriuretic peptide; PLT: Platelet count; SHAP: SHapley Additive exPlanations.

status may substantially contribute to mortality risk. Similarly,
increased creatinine levels are linked to higher SHAP values, reflecting
the model’s sensitivity to renal dysfunction.

3.5. Interpretation of personalized predictions

The SHAP force plot was used to visualize the Shapley value for each
feature as a force that either increases (positive value) or decreases
(negative value) the prediction from its baseline.'* This approach clar-
ifies the model’s predictions for individual patients by showing the
relative contribution of each feature to the overall prediction. In addi-
tion, a novel visualization technique was employed to facilitate the
interpretation of results. The interpretable RF model was used to analyze
the SHAP values corresponding to K, NT-proBNP, troponin T, cholines-
terase, creatinine, age, ALB, and PLT for individual patients in order to
estimate their predicted probability of mortality. To demonstrate the
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ease of interpretation, two representative cases were examined: an
82-year-old man who passed away during hospitalization and an
81-year-old woman who survived until discharge [Fig. 7]. The direction
of the arrows indicates the extent to which each feature contributes to
the prediction. Yellow arrows indicate factors that increase the pre-
dicted probability of mortality, whereas red arrows indicate factors that
decrease it. The final SHAP value, which corresponds to the prediction
score, was calculated as the sum of contributions from all features added
to the model baseline: Model prediction = Baseline + X (contributions
from all features). Each SHAP value reflects both the direction and the
magnitude of a feature’s influence on the prediction. The average pre-
dicted probability across the entire cohort was 0.50. For the represen-
tative male patient, the SHAP value was 0.655, and the predicted
probability was 0.658—higher than the cohort mean—suggesting that
this patient was at high risk, which was consistent with the observed
outcome. In contrast, the representative female patient had a SHAP
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value of 0.0367 and a predicted probability of 0.491—lower than the
cohort mean—indicating a lower mortality risk, again consistent with
the clinical outcome.

3.6. Clinical practicability of the Random Forest prediction model

The decision curve analysis (DCA) curves for the RF model demon-
strated excellent positive net benefits in both the training [Fig. 8A] and
test [Fig. 8B] cohorts, supporting the model’s clinical applicability.

4. Discussion

In this study, we developed and validated an interpretable ML model
to predict all-cause in-hospital mortality in patients diagnosed with CCI.
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Among the nine ML classifiers evaluated, the RF model demonstrated
the best overall performance and was selected to construct the ML-based
risk score. With an average AUC exceeding 0.80, the ML risk score
exhibited a substantial advantage over currently available risk predic-
tion tools. These findings suggest that ML-based approaches hold
promise for integration into clinical practice to enhance mortality risk
assessment. Furthermore, by incorporating SHAP values and SHAP
plots, we demonstrated that the ML model could identify and rank the
most influential features, thereby providing a highly accurate and
interpretable mortality prediction model for patients with CCI. The vi-
sual representation of feature importance and the cumulative ranking of
clinically relevant variables are particularly valuable for clinicians, as
they highlight the key contributors to model predictions and support
informed decision-making. Our report offers insight into which features
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carry the greatest weight in the RF model’s predictions, thereby
improving transparency and fostering clinical trust.

ML algorithms have emerged as valuable tools in the era of electronic
health records for detecting life-threatening conditions that may be
overlooked by clinicians. ML, a subset of artificial intelligence, differs
from regression-based methods because it does not make a priori as-
sumptions about causal relationships between variables. ML has been
extensively applied to the diagnosis and treatment planning of coronary
artery disease (CAD) and IS.2!"2® These algorithms are capable of per-
forming complex linear and nonlinear data analyses, uncovering pat-
terns that may be missed by traditional regression techniques.?*
However, no prior studies have developed an ML-based prediction
model specifically designed to predict all-cause mortality in patients
with CCL In this study, we constructed nine ML models to predict
all-cause mortality in patients with CCI. The RF model achieved the
highest AUC (0.881) in the test cohort, outperforming all other models.
The inclusion of quantifiable clinical features likely contributed to the
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high evaluation metrics obtained. Among all features, K, NT-proBNP,
cholinesterase, age, PLT, troponin T, ALB, and creatinine were particu-
larly important for predicting outcomes.

Previous ML models have successfully incorporated feature selection
and captured complex relationships among high-dimensional data.'*
However, when confronted with a large number of highly correlated
features, such models are prone to overfitting, which reduces general-
izability and makes predictions less stable due to noise in the data. In
this study, we addressed this limitation by applying iterative stepwise
regression to identify independent variables and using RFE to select the
most important predictors. This approach enhanced both the accuracy
and stability of the model’s predictions.

Correctly interpreting ML prediction models, visually presenting
predicted outcomes to clinicians, and demonstrating how individual
features influence the target outcome (in this case, mortality) remain
ongoing challenges. To address this, we applied the SHAP method to the
RF model to determine whether each feature exerted a positive or
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negative effect on patient outcomes, while simultaneously optimizing
predictive power and interpretability. The extent to which humans can
understand the reasoning behind a ML model’s prediction is referred to
as the model’s “explainability” or “interpretability.””> When a predic-
tive model offers a high degree of interpretability, clinicians can better
understand the rationale underlying specific predictions, thereby
enhancing their ability to make evidence-based clinical decisions in
patients’ best interests. By contrast, “black-box” models such as XGBoost
often lack transparency, making it difficult to determine which patient
features contribute to the predicted outcome. In comparison, inter-
pretable models—such as sparse linear models—allow direct inference
of feature contributions through their coefficients, assuming other fea-
tures are held constant. Previous research applying ML algorithms in
critical care has primarily focused on identifying risk factors and pre-
dicting outcomes, but often without sufficient emphasis on interpret-
ability for clinical application. However, SHAP extends this approach by
quantifying the contribution of each feature—including interactions
between features—while providing consistent and locally accurate at-
tributions within the prediction model. Nonetheless, predictive models
often face challenges in generalizability due to variations in patient
characteristics and clinical settings, and they may offer limited guidance
for individualized treatment. In this study, we not only developed a
predictive model by identifying key prognostic factors but also enhanced
its interpretability. By applying SHAP, we demonstrated that each
feature contributes uniquely to the model’s output and that these con-
tributions can be visualized [Fig. 4]. Furthermore, we quantified the
magnitude of these contributions, allowing for a deeper understanding
of their clinical implications [Fig. 5]. Although other interpretability
methods—such as Local Interpretable Model-agnostic Explanations
(LIME)*°—are available, SHAP was selected because it offers strong
theoretical guarantees of consistency and local accuracy. Based on
cooperative game theory, SHAP uses an additive feature attribution
framework that clarifies how each individual sample contributes to the
overall prediction results [Fig. 4]. Notably, an interaction was observed
between serum K and NT-proBNP: as NT-proBNP levels increased, the
SHAP value corresponding to K also rose [Fig. 6]. This finding indicates
that the predictive contribution of K is influenced by NT-proBNP levels,
highlighting the synergistic impact of electrolyte imbalance and cardiac
biomarkers on mortality risk assessment. Additionally, an interaction
between age and troponin T was observed: in younger patients, elevated
troponin T levels corresponded to higher SHAP values for age, sug-
gesting that myocardial injury in younger individuals substantially in-
creases mortality risk [Fig. 6]. This finding underscores the importance
of vigilant clinical monitoring of high-risk biomarkers even in younger
populations. Collectively, these results emphasize the critical roles of
nutritional and renal status—as well as key cardiac and electrolyte
biomarkers—in predicting patient outcomes [Fig. 6].

Conventional statistical methods, such as multivariable LR, estimate
whether risk increases or decreases by calculating odds ratios and con-
fidence intervals, thereby illustrating the effects of individual predictors.
However, these approaches cannot fully capture complex quantitative
relationships between features and outcomes, as associations may be
nonlinear and individual features may contribute unequally to overall
risk. Our findings are consistent with previous studies in patients with
CAD and IS, which reported that reduced cholinesterase activity and
elevated serum K levels were associated with worse prognoses.?’-?®
Importantly, our model not only confirmed these associations but also
visualized how risk changes continuously with increasing or decreasing
variable values. Clinically, this interpretable framework allows physi-
cians to easily evaluate model outputs and refine risk assessments as new
patient data become available. Moreover, patients whose characteristics
approach specific thresholds or “trigger points” should receive closer
monitoring. This study further highlights that some parameters may
indicate rising risk even when they remain within normal reference
ranges. Identifying such “warning thresholds” could facilitate earlier
preventive interventions and improve patient management.
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Age, NT-proBNP concentration, ALB, PLT, troponin T, and creatinine
level remain important predictors of mortality in patients with CCL. Our
analysis provides more direct conclusions and a method of visually
representing the relationships that generate predicted outcomes, which
aligns with previous literature and clinical experience.??° Notably, the
differences in clinical characteristics between participants who died and
those who survived closely correspond to our ranking of variable
importance. Patients who did not survive hospitalization were generally
older, had higher concentrations of NT-proBNP, troponin T, and creat-
inine, and lower concentrations of cholinesterase and ALB. According to
the ML model, all these variables hold significant predictive importance.
Clinicians should pay careful attention to these features when assessing
the mortality risk of patients with CCIL. Of particular note, K was ranked
as the most influential predictor, highlighting its critical role in mor-
tality risk stratification in this population. However, certain potential
confounders—such as the stress hyperglycemia ratio (SHR) and in-
flammatory markers—were not included in this analysis. Lei et al*® re-
ported that elevated SHR (>1.355) was independently associated with
increased mortality in critically ill cardiovascular patients, even after
propensity score matching and multivariable adjustment.

Several limitations should be acknowledged. First, this study did not
compare the proposed models with established and validated clinical
risk calculators, as our primary objective was to evaluate the predictive
performance of widely applied ML approaches. Second, with the rapid
progress of artificial intelligence, deep learning methods are increas-
ingly used in medical prognostic modeling. Future research should
incorporate larger-scale, multi-level datasets to develop deep learning
models for predicting the prognosis of CCI. Third, only structured data
were analyzed in this study. Additional efforts are needed to extract and
integrate unstructured information—including clinical notes, imaging
biomarkers, environmental exposures, lifestyle factors, and other rele-
vant variables—to enhance model performance and improve
generalizability.

In this study, we developed and validated an ML-based risk stratifi-
cation model that demonstrated high accuracy in predicting all-cause in-
hospital mortality among patients with CCL By incorporating SHAP
analysis, the proposed model provided transparent, patient-specific ex-
planations for risk prediction, enabling clinicians to better understand
the contribution of critical features and thereby enhancing interpret-
ability and clinical trust. Nevertheless, prospective validation and
external testing are necessary to confirm the generalizability and clinical
applicability of our findings. This individualized, interpretable predic-
tion framework has the potential to be extended to risk assessment
across a variety of disease contexts. Ultimately, the integration of
advanced ML techniques with routinely collected clinical data may serve
as a powerful tool to support clinical decision-making and optimize
treatment strategies for patients with CCIL.
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In the last decade, heart diseases have become the leading cause of deaths in the world.
Various risk factors associated with heart disease include age, gender, cholesterol levels,
blood pressure, glucose levels, chest pain, obesity, stress, family history, etc. with the help
of which heart diseases can be predicted in any patient. In the past decade or so various
efforts have been made by the researchers for effective prediction of various heart diseases.
In this paper, a novel ensemble deep learning model has been proposed for efficient
prediction of coronary heart disease. The dataset used for this purpose is collected from the
Framingham heart disease database. Different performance evaluation metrics including

precision, accuracy, recall and f1-score are being used for evaluating the performance of
the proposed model. As per the experimental results, the proposed ensemble model
outperformed most of the conventional machine learning techniques in terms of accuracy,
precision, recall and f1 score for coronary heart disease prediction.

1. INTRODUCTION

Heart is a vital organ in the human body. It supplies blood
to different body parts. A slight deviation in the normal
working of the heart can affect the overall functioning of the
body. Therefore heart health is necessary for a person to
survive. In the last decade or so heart diseases have been the
primary reason of deaths in the world. In USA alone, one in
every four deaths occurs because of heart disease [1]. Various
risk factors associated with heart disease include age, gender,
cholesterol levels, blood pressure, glucose levels, chest pain,
obesity, stress and family history etc. With the help of these
factors one can predict the presence or absence of a heart
disease in a patient. According to Centers for Disease Control
and Prevention (CDC), the most common risk factors for heart
disease include high blood pressure, high blood cholesterol
levels and smoking [2]. Other risk factors include diabetes,
obesity, unhealthy diet, physical inactivity and excessive
consumption of alcohol. According to WHO (World Health
Organization), the major underlying determinants of heart
diseases include social, economic and cultural changes
including globalization, urbanization and population ageing,
poverty, stress and hereditary factors [3]. The various
conditions of heart disease include coronary artery disease,
valvular heart disease, cardiomyopathy, heart rhythm
disturbances and various heart infections [4].

Coronary artery or the coronary heart disease is the most
common type of heart disease in today’s world. It is the major
cause of deaths in the United States. Coronary heart disease is
sometimes also called as the ischemic heart disease or simply
a heart disease. Cholesterol deposits or plaques in heart
arteries are the major reason behind coronary heart disease.
Coronary arteries are vessels whose job is to supply oxygen-
rich blood to the heart. Coronary heart disease starts with
deposition of fats on the artery walls known as atherosclerosis
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leading to narrowing of heart arteries. The heart shows
symptoms of coronary heart disease when it is not getting
sufficient oxygen rich blood, hence reducing the amount of
blood flowing to the heart which in turn leads to chest pain and
shortness of breath [S]. If the blood flow is completely
blocked, it can result in a heart attack.

Coronary heart disease may take decades to develop and can
go unnoticed for a long time. Thus, detection of coronary heart
disease at an early stage is quite necessary. The symptoms for
coronary heart disease usually include chest pain, shortness of
breath, fatigue (tiredness), dizziness, nausea and weakness and
in case women the symptoms can be little bit different causing
discomfort in shoulders, indigestion problem, anxiety and cold
sweat [6] and sometimes a patient will not be knowing that he/
she has a coronary heart disease until the patient gets a heart
attack [6]. The risk of coronary heart disease increases if there
is a family history of coronary heart disease [7]. Angina is a
term that is normally used to describe the most common
symptoms of coronary heart disease [8].

In the past decade, efforts have been made by various
researchers for effective prediction of heart disease [9-36] and
various other diseases [37, 38] using machine learning. In this
study, a novel ensemble deep learning model has been
proposed for effective prediction of coronary heart disease.
The dataset is obtained from the Framingham heart disease
database. In the first step, data preprocessing was done
followed by selection of the most significant features from the
dataset for the prediction purpose. Finally, a deep learning
multilayer perceptron classifier was trained three times each
time using a different instance of training and testing set. Then,
in the final step, the outputs from these three classifiers
instances were fed into an ensemble majority voting classifier
to produce the final results. Upon observation, it was found
that ensembling resulted in increase in accuracy of the
classifier.



The rest of this paper is organized as follows. Section 2
gives the description of the literature. Section 3 describes
ensemble learning and multilayer perceptron. Section 4
describes the methodology, section 5 is the results and
discussion section and section 6 summarizes the conclusion.

2. LITERATURE REVIEW

In the literature various previous studies related to heart
disease prediction were reviewed.

In a study, Shouman et al. [9] have used various types of
decision trees for improving the prediction of heart disease.
Sensitivity, specificity and accuracy are used to evaluate the
model performance. In another study, Subbalakshmi et al. [10]
have performed the prediction of heart disease using naive
bayes algorithm by developing a Decision Support in Heart
Disease Prediction System (DSHDPS) along with a web based
questionnaire application. However, the performance of the
proposed system wasn’t that much satisfiable. In another
study, Anooj [21] proposed a clinical decision support system
using weighted fuzzy rules for heart disease prediction and
compared the experimental results with other studies.

In another study, Pattekari and Parveen [22] proposed an
intelligent heart disease prediction system based on naive
bayes technique and implemented as a web based application.
In a study, Pandey et al. [23] have developed a heart disease
prediction system using decision tree machine learning
algorithm. For performing the task of prediction, 14 most
significant features have been selected. Then, J48 decision tree
has been used to build a prediction model for heart disease
prediction. As per the experimental results, pruned J48
algorithm with reduced error has performed better as
compared to the simple pruned and unpruned techniques. In
another study, Medhekar et al. [24] proposed a system for
heart disease prediction using naive bayes. Classification has
been done for a 5 class classification problem by dividing the
chances of heart disease into 5 categories i.e. no, low, average,
high and very high. According to the results, the proposed
system was able to achieve the average accuracy of 89.10% on
Cleveland heart disease dataset. In another study Sonawane
and Patil [25] proposed a heart disease prediction system using
learning vector quantization algorithm that takes as input the
12 most significant features and performs the task of
classification based on these 12 significant features.
According to the results, it was found that the system was able
to achieve the highest accuracy of 85.55%.

Sabarinathan and Sugumaran [26] proposed a heart disease
prediction using decision tree classification technique. The
proposed system was able to achieve an overall accuracy of
85% on the test set. Cong et al. [27] proposed a firefly based
algorithm for heart disease prediction using reduced number
of features. For reducing the number of features, the proposed
firefly algorithm has been combined with the rough sets
thereby reducing the dimensionality of the dataset. In a study
Ismaeel et al. [28] performed heart disease prediction using
extreme learning machine considering various factors related
to heart disease. The proposed system can give a warning to a
patient at the earliest possible stage. The data has been taken
from the Cleveland dataset containing 300 records of patients.
The proposed architecture has achieved the overall accuracy
of 80% for predicting heart disease. In another study, Singh et
al. [11] also proposed a study for heart disease prediction. As
per the results, the proposed system was able to achieve an
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overall accuracy of 85.81% for heart disease prediction.

In a study Purushottam et al. [12] proposed a system for
heart disease prediction using association rules. Training and
testing of model has been done using the 10 fold cross
validation for efficient prediction of heart disease. According
to the results, the proposed system achieved an overall
accuracy of 86.7% for diagnosing heart disease [12]. Another
study carried out by Gupta et al. [13] performed efficient
prediction of heart disease using naive bayes. According to the
results the system was able to achieve the prediction accuracy
of 86.42%. Reddy and Khare [14] in their study performed
prediction of heart disease using hybrid using oppositional
firefly with BAT where firstly the significant features were
selected from the dataset and then the fuzzy rules were being
created for the said data. The dataset is obtained from the UCI
machine learning repository. The proposed system was able to
achieve an accuracy of 78% on the said dataset [14].

Haq et al. [15] proposed a system for heart disease
prediction using intelligent hybrid architecture employing
various machine learning techniques. A total of 7 machine
learning techniques were used in this study. According to the
results, the reduced set of features has showed a notable
improvement in classification accuracies [15]. Vijayashree
and Sultana [16] used PSO (Particle Swarm Optimization)
with SVM for selecting features for heart disease prediction.
For increasing the accuracy the number of features has been
reduced. As per the results the proposed model has showed a
significant improvement in the results [16].

In another study proposed by Mohan et al. [17], the authors
have developed a novel method by hybridizing some of the
common machine learning algorithms for efficient prediction
of heart disease. Different combinations of available attributes
have been tested. The proposed system was able to achieve the
overall accuracy of 88.7% [17]. Singh and Kumar [18§]
proposed a model using various machine learning techniques
for effective prediction of heart disease. The dataset was
collected from the UCI machine learning repository. As per
their results, the k nearest neighbour algorithm was able to
produce better results among all classifiers [18].

Jindal et al. [19] proposed a study for heart attack prediction
using machine learning techniques. Two machine learning
classifiers logistic regression and k nearest neighbour were
used for doing the prediction. According to the results, these
two classifiers showed the better results than the other
available machine learning classifiers [19]. Riyaz et al. [20]
proposed a study for heart disease prediction using machine
learning. According to their results, the ANN (Artificial
Neural Network) technique produced better results as
compared to others achieving an overall average accuracy of
86.91%. El-Hasnony et al. [36] proposed another machine
learning model for heart disease diagnosis using multi label
active learning based technique. As per the authors, the
proposed technique was able to achieve an accuracy of 57.4 +
4% [36].

Table 1 gives a description of the currently existing studies
for heart disease prediction.

3. TECHNIQUES
3.1 Ensemble learning

In ensemble learning, multiple models (including classifiers
and experts) are combined in order to solve a particular



problem. It is basically done to improve the overall
performance of the model by reducing the chance of selecting
the wrong one. More applications include assigning
confidence to a model decision, selecting optimal features and
incremental learning etc.

Table 1. Existing studies

Author Technique used  Accuracy achieved
Shouman et al. [9] Decision Tree 84.10%
Pandey et al. [23] Pruned J48 75.73%

Decision Tree
Medhekar et al. [24] Nawe Bayes 89.10%
Sonawane et al. [25]  Learning Vector 85.55%
Quantization
Algorithm
Sabarinathan et al. Decision Tree 85%
[26]
Cong et al. [27] Fuzzy logic 88.3%
system
Ismaeel et al. [28] Extreme Learning 80%
Machine
Purushottam etal.  Association Rules 86.7%
[12]
Gupta et al. [13] Nawe Bayes 86.42%
Reddy et al. [14] Fuzzy logic 78%
Haq et al. [15] Logistic 89%
Regression
Viijayashree et al. Particle Swarm 88.22%
[16] Optimization
Mohan et al. [17] Hybrid model 88.7%
Singh et al. [18] K Nearest 87%
Neighbors
Jindal et al. [19] K Nearest 88.52%
Neighbors
El-Hasnony et al. Multi label active 57.4%
[36] learning

Ensemble classifier is achieved by aggregating various
models (classifiers or experts) together sometimes also called
as the multiple classifier systems. In ensembling the results
from various models are combined into a single one in order
to obtain the final results which are the improved ones.
Ensembling can be understood from psychological point of
view like before making any decision in our daily lives,
suggestions from multiple experts are taken into consideration
before making the final decision. Examples include prior to
starting any medical procedure, before buying any item, article
reviewing before acceptance, etc., same is the case with
ensemble learning. In doing so, the main focus is on reducing
the chance of selecting the wrong one. The process of
ensemble learning is shown in Figure 1.

- y. Model-1 3
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Figure 1. Ensemble learning

Firstly, the dataset is split into two subsets, training set and
the testing set. Then, the models are trained using the said
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training set and eventually tested. Finally, the results from all
models are being fed into the voting model in order to combine
all the models and return the final prediction.

3.1.1 Bagging

Bagging, also known as bootstrap aggregation, is the
ensemble learning method that is commonly used to reduce
variance within a noisy dataset. In bagging, a random sample
of data in a training set is selected with replacement-meaning
that the individual data points can be chosen more than once.

After several data samples are generated, these weak
models are then trained independently, and depending on the
type of task-regression or classification, for example-the
average or majority of those predictions yield a more accurate
estimate. The algorithm for bagging is shown as under:

1. Select records from your dataset, with replacement, to get
bootstrapped dataset.

2. Train a base classifier using this subset dataset, normally
the base classifier used for this purpose is decision tree.

3. Keep repeating 1 and 2 ‘N’ times where N is a pre-chosen
number.

4. Combine all N classifiers together into a single rule.

3.1.2 Boosting

Boosting works like bagging. A family of models is being
created combined for getting more robust learner that could
perform finer. Boosting sequentially combines various weak
classifiers, each time more importance is being given to the
wrongly classified records by preceding classifiers.

The algorithm for boosting is shown as under:

1. Initialize dataset while assigning same weights to all the
observations.

2. Input this to the first classifier and locate the wrongly
classified ones.

3. Increase weights of wrongly classified observations.

4. Update the weight of the dataset and send it back to the
model.

5. Repeat steps 2-4 until all wrongly classified data points
are fixed.

6. End

3.2 Multilayer perceptron

Input Layer Hidden Layer Output Layer
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\
- —
7 G \ /
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Figure 2. Multilayer perceptron

A multilayer perceptron (MLP) is a fully connected feed
forward artificial neural network (ANN) that learns a function



f(.): R™ — R° by training on a dataset, where m represents
the input dimensions and o is the dimension of the output.
Given a set of features X = x;, x5, ..., x,,, and a targety, an
MLP can learn a non-linear function approximation for
classification or regression.

The term MLP is used ambiguously, sometimes to mean any
feed forward neural network and sometimes to specifically
refer to networks composed of multiple perceptron layers. If
the multilayer perceptron contains only a single layer, then it
is called as the vanilla neural network. A multilayer perceptron
consists of three sets of layers containing nodes: an input layer,
one or more hidden layers and an output layer. Multilayer
perceptron uses the backpropagation supervised learning
technique. A multilayer perceptron is used when the data is not
linearly separable. Figure 2 shows one instance of a multilayer
layer perceptron neural network with only one hidden layer.

The nodes in case of a multilayer perceptron are connected
as a linked directed graph starting from input and ending at the
output layers. Except for the input nodes, all other nodes have
an activation function. The input data enters through the input
layer, propagates through one or more hidden layers and
finally reaches the output layer which returns the final output.
The outputs from one layer act as input to the next layer. Each
node of the hidden layer converts the values from the previous
layer with a weighted linear summation w;x; + wyx, + -+ +
wp,m, followed by a non-linear activation function g(.):R —
R — like a hyperbolic tan function. For training the network,
the multilayer perceptron uses backpropagation.

4. METHODOLOGY

The dataset for this study was collected from the
Framingham heart disease database which is an ongoing heart
disease study from the people of Framingham, USA. The
dataset contains 4240 records of patients with 15 attributes and
one target attribute. The description of the said dataset is given
in Table 2. Figure 3 shows the correlation matrix of attributes.
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Figure 3. Correlation matrix

Prior to training and testing of the model, proper
preprocessing of the data was done. In the very first step null
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values were identified in the data. Out of 4240 records of
patients, there were 582 records with missing values. For each
attribute, the missing values were handled differently. For
attribute education, the records with missing values were
considered illiterate and hence were filled with the value “0”.
The cigsPerDay attribute was applicable to those patients only
for whom the value of the currentSmoker attribute was equal
to 1, hence the missing values for this attribute were filled by
calculating the median of cigsPerDay attribute values for those
records only for which the value of currentSmoker attribute
was equal to 1.

Table 2. Framingham heart disease dataset description

S. No. Attribute S. No. Attribute
1 Gender of the patient 10 Total Cholesterol
(male) levels
2 Age (age) 11 Systolic BP
3 Education 12 Diastolic BP
4 Whether Current 13 Body Mass Index
Smoker (BMI)
5 No. of cigarettes 14 Heart Rate
smoking per day
6 Whether on Blood 15 Glucose levels
Pressure medication
7 History of any stroke 16 TenYearCHD
(Target variable)
8 Whether Hypertensive
9 Whether having

Diabetes

The missing values in case of attribute BPMeds were
assumed that they were not taking any blood pressure
medicine at all, hence its missing values were filled with value
0. In case of attributes totChol and BMI, the missing values
were filled by calculating the median values of the rest of the
records for respective attributes. For attribute heartRate, there
was only one record with missing value and that too of a
current smoker, hence its missing value was filled with the
median of heartRate attribute values of all those records for
which the value of currentSmoker attribute was equal to 1. For
attribute glucose, the majority of the missing values belonged
to the non-diabetic category, hence its missing values were
filled by calculating the median of attribute glucose values for
non-diabetic patients. Upto this point all the records with null
values were successfully handled in our dataset.

Then, in the next step detection of outliers was performed.
Removable outliers were found in totChol and sysBP columns
and were removed accordingly since outliers in data can affect
the overall performance of the model. Figure 4 shows the plot
representation of the outliers present. A total of three
removable outliers were detected in our dataset, two in totChol
(600 & 696) and one in sysBP column (295).
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500 600 00 100 150 200

sysBpP
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Figure 4. Plots showing outliers



After successful removal of outliers, the dataset was then
left with 4237 records of patients only. Then in the next step
the dataset was tested for imbalance, it was observed that the
dataset was highly imbalanced since the number of records
with target value 0 were much higher in number than those
with target value 1 (Figure 5).

Count of TenYearCHD column

Figure 5. Plot showing number of instances for each of the
two target values

Hence resampling of the data was done by oversampling the
positive (value 1) cases in such a way that number of positive
and number of negative cases became equal to each other
thereby increasing the size of the dataset to 7190 records of
patients. Figure 6 shows the block diagram of the proposed
model.
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Figure 6. Block diagram of the proposed model

After resampling of the available dataset, the task of feature
selection was done by selecting the most significant features
from the dataset based on the IG (Information Gain) value for
each attribute. Table 3 shows the list of attributes in the
descending order of their information gain values. Out of the
total attributes, the top ten most significant attributes were
selected from the dataset for prediction purpose while
dropping the remaining ones.

The top ten most significant features were selected for
coronary heart disease prediction including BMI, sysBP,
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totChol, age, diaBP, heartRate, prevalentHyp, glucose,
cigsPerDay and male, and the features which were not
considered included education, prevalentStroke, BPMeds,
currentSmoker and diabetes. After feature selection, the
dataset was then split into two subsets, training set (80%) and
testing set (20%) three times, each time using a different
combination of records for training and testing of the
multilayer perceptron (MLP) classifier. Data scaling was also
performed in order to scale our features to a given range.
Hyper parameter tuning for each instance of the multilayer
perceptron classifier was also performed in order to increase
the prediction accuracy. The best hyper parameters found for
each instance of a multilayer perceptron classifier are shown
in Table 4. From the table it can be seen that the best hyper
parameters chosen for ‘activation’, ‘alpha’, and ‘solver’
remained same throughout all instances that is tanh, 0.0001and
Ibfgs respectively, however, for hyper parameter ‘learning rate’
only it varied.

Table 3. List of attributes in the descending order of their
information gain values

S. No. Attributes
1 BMI
2 sysBP
3 totChol
4 age
5 diaBP
6 heartRate
7 prevalentHyp
8 glucose
9 cigsPerDay
10 male
11 education
12 prevalentStroke
13 BPMeds
14 currentSmoker
15 diabetes

Table 4. Best parameters found for multilayer perceptron
after Hyperparameter tuning

activation alpha learning rate solver

mlpl tanh 0.0001 constant Ibfgs
mlp2 tanh 0.0001 invscaling Ibfgs
mlp3 tanh 0.0001 constant Ibfgs
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Figure 7. Integrated model

The results achieved by each of the three multilayer
perceptron instances are shown in Tables 5, 6 and 7
respectively. Finally, the results from the three multilayer
perceptron layers were fed into an ensemble majority voting
integrated classifier (as shown in Figure 7) which performed



the final prediction based on the output from these three
classifiers. The final results after ensembling are shown in
Table 8.

5. RESULTS AND DISCUSSION

Data preparation and experimental steps have already been
explained. Now, in this section we present the experimental
results and discussion part. Tables 5-7 show the experimental
results for each of the three multi-layer perceptron instances
for coronary heart disease prediction. Precision, recall, fl
score, support and accuracy performance metrics were used to
evaluate the model efficiencies. Precision is the ratio of
correctly predicted positive records to the total predicted
positive records. Recall is the ratio of correctly predicted
positive records to all the records in actual positive class. F1
score is the weighted average of precision and recall. Support
is the number of actual occurrences of each class in the given
dataset. And accuracy is the ratio of correctly predicted
records to the total records in the dataset. Table 5 shows the
results of the first instance of the multilayer perceptron
classifier. The results achieved were as 93% precision, 92%
recall, 92% fl-score and 92% accuracy. For second instance
the results achieved were as 92% precision, 91% recall, 91%
fl-score and 91% accuracy and for third instance the results
obtained are as 91% precision, 90% recall, 90% f1-score and
90% accuracy as shown in Tables 5-7.

Table 5. Results achieved by instance mipl

Precision Recall F1-score Support

0 0.99 0.85 0.91 725

1 0.86 0.99 0.92 713
accuracy 0.92 1438
macro average 0.93 0.92 0.92 1438
weighted average 0.93 0.92 0.92 1438

Table 6. Results achieved by instance mlp2

Precision Recall F1-score Support
0 0.99 0.84 0.91 737
1 0.85 0.99 0.91 701
accuracy 0.91 1438
macro average 0.92 0.91 0.91 1438
weighted average 0.92 0.91 0.91 1438

Table 7. Results achieved by instance mlp3

Precision Recall F1-score Support

0 0.98 0.82 0.89 704

1 0.85 0.98 0.91 734
accuracy 0.90 1438
macro average 0.91 0.90 0.90 1438
weighted average 0.91 0.90 0.90 1438

Table 8. Results achieved after ensembling

Precision Recall F1-score Support

0 0.99 0.88 0.93 725

1 0.89 0.99 0.94 734
accuracy 0.94 1438
macro average 0.94 0.94 0.94 1438
weighted average 0.94 0.94 0.94 1438

The results from these three multi-layer perceptron
classifier instances were then fed into a majority voting

ensemble classifier to perform the final prediction. The results
obtained are shown in Table 8.

The final results achieved after ensembling the three multi-
layer perceptron instances were as follows: precision (94%),
recall (94%), f1-score (94%) and accuracy (94%) as shown in
table (Table 8). From the results it can be clearly seen that after
ensembling of classifiers, the precision, recall, fl-score and
accuracy of the model increased upto a large extent. This is
due to the fact that in ensembling the final output is decided
based on the outputs from multiple classifiers instead of any
single individual classifier, multiple classifiers are trained at
the same time and then the final prediction is done by
combining the outputs from all the individual classifiers to
produce the final output hence resulting in improved model
efficiencies.

Table 9 compares the results of the proposed ensemble
model with some of the common machine learning classifiers.

Table 9. Comparison of results with other machine learning

classifiers
Precision Recall F1-Score Accuracy
Logistic 68% 68% 68% 68%
Regression
Decision Tree 92% 91% 91% 91%
SVM 69% 68% 68% 68%
Multinomial 62% 61% 61% 61%
Na'we Bayes
K Nearest 80% 78% 78% 78%
Neighbors
AdaBoost 70% 69% 69% 69%
Gradient 72% 71% 71% 71%
Boosting
Multilayer 93% 92% 92% 92%
Perceptron
Proposed 94% 94% 94% 94%
Ensemble
Model

Figure 8. Performance comparison

From Table 9, it is evident that the proposed model
outperformed most of the individual machine learning
classifiers in terms of accuracy, precision, recall and fl score
for coronary heart disease prediction using common
preprocessed data. Figure 8 shows the graphical representation
of the performance comparison between some of the
individual machine learning classifiers and the proposed
ensemble classifier. Therefore, it was concluded that
ensembling improves the overall efficiency of any machine
learning classifier by combining the outputs from multiple



classifiers. Hence this study suggests use of ensemble learning
for coronary heart disease prediction.

6. CONCLUSIONS

Heart disease is the most prominent cause of deaths in the
world today. As per WHO, it accounts for almost 18 million
deaths per year. Therefore, detection of heart disease at an

early stage is vital if we want to save human lives in near future.

The focus of this study was solely on prediction of one of the
types of heart disease known as the coronary heart disease
using ensemble deep learning. Coronary heart disease is
mainly caused by the buildup of plaque on the artery walls.
Firstly the dataset was collected from the Framingham heart
study database which is an ongoing cardiovascular study of the
people from Framingham city in US. Then, the data was tested
for any missing value and handled accordingly. In the next step
outliers were removed from the dataset. In the next step the
dataset was balanced. Feature selection was also performed by
selecting the 10 most significant features based on their IG
values for coronary heart disease prediction. Finally, the
dataset was split into train and test set for training and testing
of classifiers. In the last step, performance evaluation of the
proposed ensemble model was done by comparing the results
of the proposed ensemble deep learning model with some of
the existing machine learning classifiers. According to the
results, it was evident that the proposed ensemble deep
learning model outperformed most of the existing machine
learning classifiers in terms of accuracy, precision, recall and
fl-score for coronary heart disease prediction. Hence, it was
concluded that ensembling improves the overall efficiency of
the individual models by combining the results from multiple
classifiers into a single one thereby returning the final
predicted output. In future, a more robust dataset can be
obtained by collecting the data from multiple sources instead
of a single one using data fusion approach for further
improving the efficiency. In addition to this, model
efficiencies can further be improved by assigning different
weights to different attribute instead of a single general weight
using some feature weighting technique for more improved
results.
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Cardiovascular disease (CVD), generally called heart illness, is a collective term for various ailments that affect
the heart and blood vessels. Heart disease is a primary cause of fatality and morbidity in people worldwide,
resulting in 18 million deaths per year. By identifying those who are most vulnerable to heart diseases and
ensuring they receive the appropriate care, premature demise can be prevented. Machine learning algorithms are
now crucial in the medical field, especially when using medical databases to diagnose diseases. Such efficient
algorithms and data processing techniques are applied to predict various diseases and offer much potential for
accurate heart disease prognosis. Therefore, this study compares the performance logistic regression, decision
tree, and support vector machine (SVM) methods with and without Boruta feature selection. The Cleveland Clinic
Heart Disease Dataset acquired from Kaggle, which consists of 14 features and 303 instances, was used for the
investigation. It was found that the Boruta feature selection algorithm, which selects six of the most relevant
features, improved the results of the algorithms. Among these classification algorithms, logistic regression
produced the most efficient result, with an accuracy of 88.52 %.

Heart disease
Feature selection

1. Introduction

Cardiac arrest is one of the most common disorders with a significant
fatality rate. The World Health Organization (WHO) states that one out
of every three persons has high blood pressure, and more people in cities
than in rural areas suffer from heart diseases [1]. Furthermore, people in
their forties and fifties are more vulnerable to heart illness. Multiple
elements, including individual lifestyle choices, medical history, and
genetic predisposition, play a pivotal role in the emergence of heart
illness. The likelihood of heart disease is increased by risk factors, such
as smoking, binge drinking, sedentary behavior, depression, obesity,
chronic stress, genetic disorders, and already existing cardiac problems
[2]. In order to take preventative measures to avoid further complica-
tions and even death, the ability to swiftly, effectively, and accurately
detect cardiac illness is essential.

Providing cost-effective, premium medical care is a primary hurdle
for healthcare institutions. To receive quality care, a patient’s problems
must be appropriately identified and effective remedies must be

provided. To resolve these challenges, it is crucial to integrate cutting
edge technologies. This involves exploring methods, like utilizing data
analysis thereby improving the decision making processes of healthcare
professionals. By utilizing the potential of these technologies healthcare
systems can optimize their ailments accordingly, which ultimately lays
the foundation, for more precise and efficient patient care. Patients’
information and treatments are maintained as a massive medical data
warehouse. Instead of being informed by data-based understanding,
medical decisions typically rely on the healthcare professional’s career
stint, training, and instinct.

The value of data in the ever-changing world of today cannot be
emphasized. It acts as the cornerstone for efficient problem-solving by
facilitating the extraction of priceless insights, the discovery of patterns,
and the creation of crucial connections. These innovations improve
prediction accuracy while enabling a deeper comprehension of complex,
non-linear interactions within huge datasets. This, in turn, equips
medical practitioners to make knowledgeable decisions and choose the
best treatments from the onset of an illness. With its ability to
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autonomously adapt and improve models, machine learning is at the
forefront of this revolution, empowering medical professionals to make
informed choices and select optimal therapies right from the outset of a
condition. This dynamic field continues to push the boundaries of what
is possible, promising even greater advancements in healthcare and
beyond [3]. Machine learning, which employs data to find intricate
patterns and connections that human observation might overlook, is
extremely helpful in the prognostication of heart disease. It gives med-
ical practitioners the capacity to decide quickly and intelligently, which
improves the diagnosis and prognosis of heart illness. Moreover, ma-
chine learning is being incorporated into cardiac care in ways that go
beyond diagnosis and are essential to customized therapy regimens.
These systems analyze patient-specific data to make personalized
treatment and intervention recommendations that optimize outcomes
and minimize potential adverse effects.

Accordingly, it is necessary to estimate the possibility that heart
disease will become evident in a given set of populations through effi-
cient data mining techniques; that is, techniques to examine data in
order to identify significant patterns and practical insights in the dataset,
which is a compilation of different data pertinent to the cause along with
the resulting feature for every patient that is being monitored. In addi-
tion, in order to address the outcomes surpassing some insignificant
features in the dataset, feature selection techniques are integrated, in
which features are chosen based on its importance with respect to the
resulting feature [7]. These estimation evaluations help in developing a
machine-learning model to prognosticate the heart disease in the testing
data with the help of the trends or insights learned from training data.

In this study, the proposed system predicts heart disease by
employing decision tree, support vector machine classifier and logistic
regression along with the Boruta feature selection algorithm based on
the Cleveland Clinic Heart Disease Dataset acquired from Kaggle.

Increasing the precision of heart disease diagnosis is the primary
motivation. Machine learning algorithms are invaluable in the medical
field, leveraging large medical databases to predict and diagnose dis-
eases. Examining the performance of non-ensemble classification
models is a further motive. While ensemble techniques such as Random
Forest and XGBoost have excelled in a number of applications, it is
crucial to ascertain whether less complex models such as logistic
regression and decision trees can also accurately prognosticate cardiac
disease.

The remainder of this dissertation is structured as follows. Section 2
presents the literature review. The suggested system is explored in
Section 3. In Section 4, benchmarks for the classification methods are
provided, and Section 5 concludes the paper.

2. Literature survey

In the medical field, patient data are widely available and are
analyzed using several machine learning methods. Particularly,
healthcare professionals examine this information to make potent
diagnostic decisions. Obtaining valuable data from vast databases is
called data mining. Through analysis, medical data mining provides
clinical support by employing various classification algorithms and tests
these algorithms to see if they can anticipate patients’ cardiac issues [4].
For instance, Weng et al. concluded that machine learning approaches
can predict heart diseases more efficiently [5]. Numerous information
extraction approaches are used, regression, association rules, clustering,
and different classification algorithms like K-nearest neighbor, Naive
Bayes, Random Forest, and Decision Trees.

Many studies have used data mining and machine learning ap-
proaches to diagnose heart diseases [6]. To classify heart illness into
normal or abnormal, Reddy et al. implemented SVM, RF, KNN, Neural
Networks, and NB along with a number of feature selection algorithms,
such as recursive feature elimination (RFE), learning vector quantiza-
tion (LVQ) model, and correlation matrix [7]. The results suggest that RF
delivered the foremost results. Pillai et al. employed a recurrent neural
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network (RNN), genetic algorithm, and K-mean to prognosticate cardiac
diseases [8]. RNN yielded the highest accuracy, whereas K-mean
resulted in the least accuracy. Neural networks are computer represen-
tations of the human brain made up of artificial neurons that are con-
nected to one another. They are employed in machine learning to
process data and learn from it, which enables them to perform a variety
of tasks. Leveraging sequential information, RNN excels in capturing
temporal dependencies, making it well-suited for tasks like time-series
analysis. However, some of the lower accuracy of the clustering algo-
rithm K-means may be due to its inability to handle complex, non-linear
patterns. Moreover, the utilization of genetic algorithms in conjunction
with RNN showcases the potential for hybrid approaches in enhancing
predictive accuracy. Genetic algorithms contribute to the optimization
of model parameters, complementing the strengths of RNN and
addressing its limitations.

To categorize heart illness, Raza used an ensemble learning model,
multilayer perceptron (MLP), NB, as well as LR [9]. MLP, an artificial
neural network, is made up of numerous layers of interconnected nodes
(neurons). The MLP modifies its internal weights to reduce prediction
errors by training with labeled 2data and backpropagation, allowing it
to learn intricate patterns and make precise predictions. MLP’s ability to
capture non-linear relationships makes it particularly effective for
intricate medical data patterns Because of its hierarchical structure, it
can automatically extract features, which improves its ability to identify
subtle symptoms of cardiac disease. Through backpropagation and other
training techniques, MLP is able to improve its prediction accuracy over
time. Furthermore, the incorporation of Naive Bayes (NB) and Logistic
Regression (LR) alongside MLP in the ensemble model contributes to a
comprehensive analysis of heart disease patterns. NB, based on proba-
bilistic principles, excels in handling diverse and incomplete medical
datasets, providing valuable insights into potential risk factors. LR, on
the other hand, offers interpretability and simplicity, enhancing the
model’s transparency for clinical decision-makers. The outcomes reveal
that ensemble learning techniques outperform other classifiers when it
comes to cardiac illness prediction.

The authors of [10] proposed improved cardiac disease prediction
using two algorithms (XGBoost and LR). The results revealed that LR
XGBoost, had an accuracy of 84.46 %, while LR performed better with
an accuracy of 85.68 %. To diagnose cardiac illness, Bhatet et al. created
a model that implements an MLP with a backpropagation technique.
This developed framework minimized error and attained a maximum
accuracy of 80.99 % [11]. To predict heart pathology, Abushariah et al.
deployed an artificial neural network (ANN) with an adaptive
neuro-fuzzy inference system (ANFIS), which resulted in a minimum
value of accuracy 75.93 %, while ANN had a maximum accuracy of
87.04 % [12]. ANFIS, a hybrid model, combines the interpretability of
fuzzy logic systems with the flexibility of neural networks. Fuzzy
inference systems are a type of structure that ANFIS uses to model
intricate interactions between input and output data. ANFIS adjusts the
fuzzy rule parameters in response to variations in data patterns by
employing a hybrid learning technique. When fuzzy logic and neural
networks are coupled, it performs better in handling uncertainty and
non-linear relationships. In healthcare, ANFIS has shown promise for
complex diagnostic tasks by effectively capturing and modeling intricate
dependencies within medical datasets. Furthermore, because of its
flexibility, ANFIS is especially valuable in healthcare environments
where data may show dynamic and evolving patterns. Strong perfor-
mance in real-world scenarios is ensured by its capacity to self-adjust to
varying complexities in medical datasets, offering a dependable basis for
challenging diagnostic tasks.

Hasan et al. made use of MLP with backpropagation and SVM in
order to prognosticate heart disease [13]. As per the results, MLP pro-
duced a maximum accuracy of 98 %. On two datasets (Z-Alizadesh Sani
and Cleveland Clinic Heart Disease Dataset), Sapra et al. investigated six
machine learning procedures for identifying cardiac disorders, including
LR, deep learning (DL), DT, RF, SVM, and ensemble learning (gradient



G. Manikandan et al.

Informatics in Medicine Unlocked 44 (2024) 101442

Classifier module

Decision tree

SVM == Model evaluation | Disease Prediction

: _| Pre-processed Cleveland =
Data collection > P >
dataset
A 4
Feature selection _
using Boruta algorithm

Logistic Regression

Fig. 1. Proposed system for heart disease prediction.

boosted tree) [14]. Compared to the other approaches, the
gradient-boosted tree produced the highest accuracy of 84 %. Chen et al.
applied ANN to the prognosis of heart disease utilizing various features
[15].

Haq et al. leveraged the minimal-redundancy-maximal-relevance
(mRMR), relief, and shrinkage and selection operator (LASSO) on the
LR, ANN, KNN, NB, SVM, DT, and RF predictive modeling algorithms to
predict cardiac illness [16]. LASSO is a widely used regularisation
technique in machine learning and statistics. It is primarily employed to
prevent overfitting and enhance model interpretability. Through the
implementation of regularisation, LASSO promotes the identification of
vital features, thereby augmenting the model’s capacity to identify
pertinent patterns in the prognostication of cardiac illness. This regu-
larisation technique is particularly useful in clinical applications, as
therapists can simplify complex models and thus better extract action-
able insights from the data. The goal of mRMR is to reduce redundancy
among selected features while shortlisting a subset of highly informative
attributes for a given task. When compared to other approaches, LR with
relief generated a maximum accuracy of 89 %.

Kumar et al. utilized a combination of ML techniques, such as logistic
regression, random forest, and gradient boosting machines for the
prognosis of heart disease [17]. Feature selection was performed using
the relief algorithm, which achieved an accuracy of 92 %. The findings
demonstrate that gradient boosting machines outperformed the
competing algorithms. Sharma and Parmar experimented with a
deep-learning neural network model in order to identify the best clas-
sification algorithm for prognosticating heart illnesses [18]. The
outcome shows that hyper-parameter optimization using Talos yielded
an accuracy of 90.78 %.

Muhammad et al. investigated several machine learning classifiers
and employed four feature selection approaches, including Fast
Correlation-Based Filter (FCBF), which ranks and determines the most
beneficial features for enhanced model performance by combining
correlation with the target variable and mutual information, Minimal
Redundancy Maximal Relevance (mRMR), Least Absolute Shrinkage and
Selection Operator (LASSO), and Relief, to enhance the diagnosis and
recognition of cardiac illnesses. Relevance and informativeness are
ensured by FCBF’s ability to identify key features by taking into account
mutual information and correlation with the target variable. Through
the astute integration of these variables, FCBF improves the model’s
ability to prognosticate cardiac conditions. Using FCBF in feature se-
lection helps clinicians make more informed decisions by providing a
more focused and comprehensible representation of the data [19]. The
experimental findings reveal that the Extra-Tree Classifier (ETC) scored
better than other classifiers, achieving an accuracy of 92.09 % using
10-fold cross-validation. In addition, KNN exhibited the best perfor-
mance at k = 7 and attained an accuracy of 85.55 %. An effective con-
volutional neural network (CNN) architecture was designed by Dutta
et al. [20]. The results show that their CNN model effectively detected
the presence of coronary heart disease cases on the testing data, which
accounted for 85.70 % of the entire dataset, with a classification

accuracy of 77 %.

A stacked model using KNN, RF, and SVM was demonstrated to be
the best-performing model in Shorewala’s study with an accuracy of
75.1 %, whereas the accuracy of bagged models was proven to be
enhanced by 1.96 % [21]. Implementing a TANFIS classifier, Sekar et al.
presented a highly successful clinical assistance approach to heart illness
prediction [22]. Equipped with an Internet of Things (IoT) infrastruc-
ture, the TANFIS classifier successfully predicted cardiac illness with an
astounding 99.76 % accuracy.

In the study by Rajendran and Karthi, an entropy-based feature en-
gineering strategy in combination with the ensembling of machine
learning classifiers was proposed [23]. The experimental findings show
that the ensemble model, which includes naive Bayes (NB) and logistic
regression (LR), performed exceptionally well, achieving an accuracy of
92.7 %. Employing the random forest (RF) approach, Chang et al.
developed an artificial intelligence model for prognosticating heart
disease [24]. The Python-based model exhibited an accuracy of almost
83 % over the training data.

A stacking classifiers model was established by Mohapatra et al. as an
effective approach for discovering heart abnormalities and prognosti-
cating heart illness [25]. The model, which combines heterogeneous
learners at the base and meta levels, had good scores for precision,
sensitivity, and specificity and an accuracy of 92 %.

A comprehensive analysis of machine learning (ML) strategies
employed in medical applications was carried out by Shehab et al. [26].
The survey focused on the application of ML to improve reliability, ef-
ficiency, and accuracy in medical diagnosis, notably in computer-aided
diagnosis (CAD) systems. The review covered more than 200 research
articles and examined the advantages and disadvantages of using ma-
chine learning to address healthcare issues.

Diwan et al. proposed an ensemble machine learning approach
combined with feature selection to prognosticate heart illnesses [27]. Of
the various feature selection techniques that were tested, classification
and regression trees (CART) yielded the optimum accuracy (87.65 %).

Recent research, exemplified by Ansari et al.’s study, highlights the
remarkable success of algorithms like k-nearest neighbor and random
forest, setting the stage for further advancements in predictive accuracy
and feature selection methodologies. Various machine learning algo-
rithms, along with feature selection techniques, were employed to
prognosticate heart disease [29]. This expanding repertoire of machine
learning algorithms showcases the dynamic landscape of cardiac prog-
nostication, offering a diverse toolkit for both researchers and clinicians.

Saketha Rama et al. carried out a pragmatic comparison of classifiers,
employing diverse medical datasets [30]. Remarkably, the SVM classi-
fier demonstrated a 59 % accuracy on the Diabetic dataset by meticu-
lously weighing individual model opinions, whereas the RF eclipsed
these results with an accuracy of 0.9974 on the breast cancer Wisconsin
dataset, leveraging its ensemble methodology to consolidate prevailing
viewpoints.

Thus, machine learning models mentioned in the survey can serve as
invaluable decision support tools for clinicians by aiding in the early
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Table 1
Comparison of various works using feature selections.

Reference Feature selection algorithm Selected number
number of features
21 LASSO 9
07 Correlation matrix and recursive feature 8
elimination
04 Correlation based feature selection with Best 10
First Method
27 Pearson’s Correlation coefficient method, Chi- 7

selector, Recursive Feature Elimination (rfe)
selector, Embedded logistic regression
selector

diagnosis of heart disease by incorporating the predictive models into
their electronic health records (EHR) systems for real-time risk assess-
ments during patient encounters. They can use these assessments to
guide diagnosis, treatment planning, patient monitoring, and direct
resource allocation. Clinicians can also encourage patients to adopt
mitigation strategies by counselling them about the risks of heart dis-
ease. This seamless integration of predictive models into clinical work-
flows empowers healthcare professionals to make data-informed
decisions, ultimately improving patient outcomes and reducing the
burden of heart disease.

3. Proposed system

The proposed system uses the Boruta feature selection algorithm to
obtain the pertinent features from the Cleveland Clinic Heart Disease
dataset acquired from Kaggle, which is a standard benchmark dataset.
This dataset has been extensively used in numerous research papers and
serves as a common reference point for evaluating similar systems. The
proposed system’s workflow is shown in Fig. 1.

3.1. Feature selection

To find the set of most pertinent features or variables that contribute
to forecast accuracy, feature selection is essential to machine learning-
based prediction models (Fig. 2). Boruta has drawn attention among
the many feature selection algorithms because of its capacity to manage
high-dimensional datasets and find statistically important features.

The Boruta method, a variation of the Random Forest algorithm,
evaluates the relevance of each feature using statistical testing and
shadow characteristics. Boruta distinguishes between essential and
irrelevant features by evaluating the significance of each original feature
in relation to its corresponding shadow feature. In this study, the top 6
features were used to predict heart disease, which includes age, type of
chest pain (cp), maximum heart rate achieved (thalach), ST depression
induced by exercise relative to rest (oldpeak), number of major vessels
(0-3) colored by flourosopy (ca), and displays the thalassemia (thal).

By using machine learning algorithms like Boruta on these datasets,
it may be possible to find important parameters linked to heart disease
and boost the precision of predictive models.

The Boruta algorithm proceeds as follows:

. Include all of the original features to begin the feature set.

. By randomly permuting the values of the original features, create

shadow features.

3. Train a machine learning model using both the original and shadow
features combined.

4. By contrasting it with the relevance of its shadow aspects, evaluate
the significance of each original feature. Numerous metrics,
including Gini impurity, information gain, and feature weights, can
be used to quantify relevance.

5. Using a predetermined threshold, decide whether a characteristic is

statistically significant or not. A feature is deemed statistically

N =
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significant if its importance exceeds the sum of the importance of its
shadow characteristics.

6. Eliminate unnecessary features from the feature list.

7. Continue with steps 2 through 6 until all features have been accepted
or denied.

Shadow features are created by randomly permuting the values of
the original features while keeping the target variable intact. By
comparing the importance of each original feature with its corre-
sponding shadow feature, Boruta determines if a feature is statistically
significant or not. At the end of the Boruta algorithm, the confirmed
features are considered appropriate for the prediction task, while the
rejected attributes are deemed unimportant.

Boruta has several advantages. It can handle various types of ma-
chine learning models, including both tree-based and non-tree-based
algorithms, as well as interactions and redundancy among features
effectively. Furthermore, Boruta is relatively robust to noise and can
provide stable results even with noisy datasets. However, it is important
to note that Boruta may not always identify the absolute best subset of
features, as its performance can be influenced by the choice of the
importance threshold and quality of the feature importance metric used.
Additionally, Boruta can be computationally costly, particularly for
datasets with a lot of features.

It is a useful tool for minimizing the degree of dimensionality of
datasets and improving the interpretability and performance of machine
learning models. In this research, we provide a thorough investigation of
machine learning-based heart disease prognostication employing Boruta
feature selection. The aim of this work is to establish a dependable and
effective prediction model that can help with heart disease early diag-
nosis and risk assessment. We utilized a dataset with a variety of clinical
and demographic information, allowing for an in-depth examination of
potential risk factors. A brief comparison of various feature selection
algorithms is shown in Table 1.

3.2. Decision tree

Based on a set of training data, this supervised learning technique
builds a tree-like model, where each non-leaf node, branch and leaf node
represent an attribute, decision rule, and predicted value or class label,
respectively. The splitting process is stopped when an obvious termi-
nating condition is met, such as attaining a maximum depth, obtaining a
minimum number of samples per leaf, or increasing the number of splits
does not increase the predicted accuracy.

The decision tree can then be used to make predictions on unob-
served or test data by moving down the tree, depending on the input
instance’s feature values, until a leaf node is reached. While generating
homogenous subsets at each internal node, the decision tree algorithm
seeks to minimize the entropy and Gini impurity, which are indices of
impurity or disorder within a set of samples.

Gini impurity is a measurement of impurity or disorder present in a
group of samples that is frequently employed in decision tree algorithms
as a splitting criterion. It is calculated using the following formula:

Gini(p) = 1-2(pi®), (@)

where Gini(p) represents the Gini impurity for a set of samples; and pi is
the likelihood of that instance falling under a specific class.

Boruta uses the decision tree classifier to evaluate the significance of
chosen features by contrasting them with shadow features that were
created at random. This evaluation process, which involves stopping
criteria during tree construction and making predictions on test data,
helps identify key elements for heart disease prediction, improving the
accuracy and interpretability of the final model. In order to avoid
overfitting, the decision tree has been constructed using training data
and criteria such as minimum samples per leaf and maximum depth. By
modifying decision rules and values in forecasts, the model improves its
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A B @ D E F G
1 |age |sex cp trestbps chol fbs restecg
2 63 1. 3 145 233 1
3 37 1 2 130 250 0
4 41 0 1 130 204 0
5 56 1 1 120 236 0
6 57 0 0 120 354 0
7 57 1 0 140 192 0
8 56 0 1 140 294 0
9 44 1 1 120 263 0
10 52 1 2 172 199 1
11 57 1 2 150 168 0
12 54 1 0 140 239 0
13 48 0 2 130 275 0
14 49 1 1 130 266 0
15 64 1 3 110 211 0
16 58 0 3 150 283 1
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thalach exang oldpeak slope ca thal target
150 0 23 0 0 1 1
187 0 3.5 0 0 2 1
172 0 1.4 2 0 2 1
178 0 0.8 2 0 2 1
163 1 0.6 2 0 2 1
148 0 0.4 1 0 1 1
153 0 13 1 0 2 1
173 0 0 2 0 3 1
162 0 0.5 2 0 3 1
174 0 1.6 2 0 2 1
160 0 1.2 2 0 2 1
139 0 0.2 2 0 2 1
171 0 0.6 2 0 2 1
144 1 1.8 1 0 2 1
162 0 1 2 0 2 1

Fig. 2. Cleveland Clinic Heart Disease Dataset.

generalisation and more closely matches the supervisor’s preferences.

3.3. Logistic regression

When used in supervised learning, the logistic regression technique
first creates a linear model from the supplied training data. By modifying
weights and biases to reduce a cost function, the model learns the cor-
relations between the independent and the dependent variables. This is
done to predict the dependent variable by examining numerous inde-
pendent factors, thereby obtaining the target variable results.

With the help of a sigmoid function, the logistic regression model
translates the results of this linear model into values between 0 and 1.
This sigmoid function guarantees that the predictions of the model
represent probabilities.

It is a statistical approach that studies the causal relationship be-
tween a collection of binary variable dependencies and a group of
autonomous variables. It is an efficient decision-making instrument.

The Logistic regression algorithm first trains a linear model with the
given data, whose outputs are then mapped onto values that fall be-
tween 0 and 1 using a sigmoid function:

(2

The sigmoid function is applied to the output of a linearly trained
learning model, as follows:

. 1
r= 1+4e*

The terms of LR are described below.

Logistic function: The logistic function shows the correlation be-
tween the variable dependencies and autonomous variables. The input
values are mapped to a probability value that always lies within the
range of 0-1.

Odds: Ratio of a particular event taking place to the same event not
taking place.

Log - odds: Natural log of the ratio of an event occurring to the same
event not happening.

Z=log(li>
-y

Maximum likelihood estimation: The procedure for estimating the
logistic regression model’s coefficients enhances the likelihood of
actually obtaining the data given by the model.

Zz=b 4+ wWiX; + WaX, + W3X3 +

3

4

By fine-tuning pertinent variables like these, the system can produce
predictions that are more legitimate.

e Learning Rate (a): Modify the gradient descent step size to strike a
balance between rapid convergence and overshooting.

e Regularisation Strength (A): To balance overfitting and model
complexity, adjust A for L1 or L2 regularisation.

e Number of Iterations (Epochs): Adjust the training iterations to
guarantee optimal model convergence without going overboard with
overfitting.

3.4. Support vector machine

Support vector machine (SVM) trains the problem on labeled data to
find an optimal hyperplane that best segregates the data points into two
classes, expanding the margin between them. This hyperplane is posi-
tioned in a high-dimensional feature space, and with supervised
learning, which involves adjusting parameters to minimize mis-
classifications while considering a penalty parameter (C) which is
responsible for achieving a wider margin and allowing some misclassi-
fication. SVM takes into account misclassifications during the fine-
tuning phase. In order to improve model accuracy, these mis-
classifications are analyzed and minimized during the evaluation pro-
cess. It evaluates the sensitivity of decision boundaries to changes in
input data. This analysis ensures that the model is not overly sensitive to
noise or outliers, aligning decisions with the supervisor’s desired
robustness.

This algorithm is majorly employed for binary classification, where
the objective is to divide data items into two classes according to their
attributes. Points are positioned to represent the data being learned in a
high-dimensional feature space, with each attribute corresponding to a
particular attribute or feature of the data points. After that, the algo-
rithm locates a hyperplane, a decision boundary that maximally divides
the data points into distinct classes, which enhances generalization and
performance on untested data.

Since data might not always be properly separated by a hyperplane
in real-world situations, y including a penalty parameter C in the opti-
mization objective function, Soft Margin SVM permits some misclassi-
fication. Soft Margin SVM’s objective function can be translated as
follows:

Minimize subject to the condition that for all i, y_i * (wT * x_i + b) >
1-i, (5)

where:
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Table 2
Metrics of various algorithms with and without Boruta Feature Selection.
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Classifier algorithm Without feature selection

With Boruta feature selection

Accuracy Precision F1 score Recall Accuracy Precision F1 score Recall
Decision tree 75.41 84.00 73.68 65.62 80.33 85.71 80.00 75.00
Logistic regression 88.52 87.88 89.23 90.62 88.52 87.88 89.23 90.62
Support Vector Machine 81.97 81.82 83.08 84.38 83.61 82.35 84.85 87.50
Random forest 83.61 84.38 84.38 84.38 80.33 77.78 82.35 87.50
XGBoost 81.97 86.21 81.97 78.12 77.05 76.47 78.79 81.25
Table 3 F1 Score Comparison for Various Classifiers
Comparison of related works.
Reference number Method Accuracy
15 ANN 80 % 581
10 XGBoost 85.68 %
Logistic regression 84.46 %
11 MLP with backpropagation technique 80.99 %
14 LR, Deep learning, RF, DT, SVM, 84 % 0.6 1
Gradient boosting p
20 An effective convolutional neural 85.70 % §
network (CNN) -
21 A stacked model involving KNN, 75.1 % w041
random forest classifier, and SVM
24 Random forest algorithm 83 %
Proposed approach with LR 88.52 %
Boruta Feature Selection SVM 83.61 % 0.2 1
DT 80.33 %
0.0 -
Accuracy Comparison for Various Classifiers or R Cla:\s,ihgierskandom forest  XGBoost

Accuracy

Random forest XGBoost

DT LR SVM
Classifiers

Fig. 3. Accuracy comparison of various algorithms.

@ ||w|| is the Euclidean norm of the weight vector w.

@ The trade-off between achieving a higher margin and permitting
misclassifications is controlled by the penalty parameter C.

@ Slack variables like I allow for classification errors. Each instance’s
level of misclassification is quantified.

@ The i-th training instance’s feature vector and matching class label
are denoted by the variables x i and y_i, respectively.

By minimizing this objective function, SVM finds the optimal hy-
perplane that maximizes the margin while considering the trade-off
between misclassifications and the margin width.

Fig. 4. F1 score comparison of various algorithms.

Precision Comparison for Various Classifiers

Precision

Random forest XGBoost

DT LR SVM
Classifiers

Fig. 5. Precision comparison of various algorithms.

4. Experimental analysis
4.1. Dataset description

As mentioned, the Cleveland Clinic Heart Disease Dataset, collected
via Kaggle, was applied in this work [28]. The dataset contains 303
instances with 14 attributes, encompassing clinical factors like AGE,
SEX, CP (type of chest pain), and TRESTBPS (resting blood pressure);
routine test data like CHOL (serum cholesterol in mg/dl), FBS (fasting
blood sugar), and RESTECG (resting electrocardiographic results); and
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Recall Comparison for Various Classifiers
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Fig. 6. Recall comparison of various algorithms.

Confusion Matrix for SVM
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Fig. 7. Confusion matrix of SVM before feature selection.

the exercise electrocardiography test with features like THALACH
(maximum heart rate achieved), EXANG (exercise-induced angina),
SLOPE (the slope of the peak exercise ST segment), and OLDPEAK (ST
depression induced by exercise relative to rest), THAL and NUM. The
dataset has no null values, so preprocessing was not required. The
snapshot of the dataset is shown in Fig. 2.

4.2. Evaluation process

A confusion matrix, also called an error matrix, is a visual repre-
sentation of a model’s performance that displays the tally of true posi-
tive (TP), true negative (TN), false positive (FP), and false negative (FN)
results. A confusion matrix serves as a comprehensive overview of a
classification model’s performance. Various performance metrics,
including F1 score, recall (sensitivity), specificity, accuracy, and preci-
sion, are calculated using a confusion matrix. These metrics aid in
determining the types of errors and accuracy of model in classifying
instances of various classes.

Accuracy evaluates how well the model’s predictions perform
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Fig. 8. Confusion matrix of decision tree before feature selection.
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Fig. 9. Confusion matrix of logistic regression before feature selection.

overall:

(TP + 1IN)
(TP + TN + FP + FN)

Accuracy = (6)

Precision can be described as the relative number of accurately pre-
dicted positive instances to all positive instances that were projected:

TP
Precision=————— @
(TP + FP)

Recall is the share of accurately predicted positive instances out of all

actual positive instances:
TP
Recall = ————— (8
(TP + FN)

F1 score is a rendition statistic that balances precision and recall. By
combining how precise the model is and recall into a single quantity, it
provides a precise assessment of the model’s correctness:
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Confusion Matrix for SVM
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Fig. 10. Confusion matrix of SVM with Boruta feature selection.

Confusion Matrix for Decision Tree
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Fig. 11. Confusion matrix of decision tree with Boruta feature selection.

Fle 2 % (prf.ec.ision * recall) ©
(precision + recall)

Table 2 displays the performance metrics of various classification
algorithms with and without Boruta feature selection algorithm, which
aids in locating pertinent features for prediction (Table 1). Accuracy is
expressed as a percentage of examples that were properly classified by
each algorithm as shown in Table 3.

Based on the results, it is apparent that the performances of Decision
Tree and Support Vector Machine algorithms were all enhanced by
Boruta feature selection. The performance of Logistic Regression, which
previously demonstrated great accuracy and balanced metrics before
feature selection, was not considerably impacted. While the perfor-
mance of Random Forest and XGBoost are diminished by Boruta feature
selection.

Fig. 3 demonstrates that among the different algorithms, logistic
regression has the optimum accuracy. From Fig. 4, it is clear that logistic
regression also has the best F1 score. Moreover, Figs. 5 and 6 further

Informatics in Medicine Unlocked 44 (2024) 101442

Confusion Matrix for Logistic regression

- 25

- 20

-15

True labels

-10

Predicted labels

Fig. 12. Confusion matrix of logistic regression with Boruta feature selection.
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Fig. 13. Remoteness heatmap for random forest.

confirm the LR also achieved the highest precision recall, respectively.
According to these results, logistic regression gives the best values,
followed by SVM for all metrics except precision (Fig. 7).

4.3. Results and discussion

The outcomes emphasize the significance of ML algorithms for CVD
prognosis. The implementation of the Boruta feature selection algorithm
proved to be beneficial in enhancing the performance of the models.
Selecting the pertinent features from the dataset helped improve the
evaluation metrics of the models. Figs. 8-12 show the obtained confu-
sion matrix with and without feature selection. The discussion should
include how these machine-learning models can be employed in a
clinical setting. It is crucial to consider how these models can assist
healthcare professionals in making decisions. They can help with risk
stratification by assisting medical practitioners in selecting individuals
who require a more complete assessment and early intervention. In the
context of clinical application, it is crucial to emphasize that the
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Fig. 14. Remoteness heatmap for decision tree.
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Fig. 15. Remoteness heatmap for SVM

algorithmic output should not be taken at face value. In order to ensure
these models remain reliable and effective in a variety of clinical cir-
cumstances, their responsible use necessitates regular supervision and
reevaluation of the rules that are produced from the learning set.

Here, we have performed the Kruskal-Wallis test, a non-parametric
statistical test that is employed to determine if there are statistically
significant differences among Machine learning techniques. Figs. 13-17
show the obtained Remoteness Heatmap for various algorithms.
Figs. 18-22 highlight the fetched calibration plot and Figs. 22-27 reveal
the SHAP Plot for the used approaches. In this case, this test is consid-
ered for the three non-ensemble methods discussed earlier. The outcome
of this test is a p-value(performance), from which it can be inferred that
there is no significant difference among the algorithms since the dataset
is concise and algorithms used here are supervised (efficient) in a way
they produce almost similar results.
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Remoteness Heatmap for XGBoost Classifier

0.8

0.7

Class 0

0.6

- 0.5

True Labels

- 04

Class 1

-03

-0.2

Class 1

Class 0
Predicted Labels

Fig. 16. Remoteness heatmap for XGBoost.

Remoteness Heatmap for Logistic Regression
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Fig. 17. Remoteness heatmap for logistic regression.

5. Conclusion

This work aimed to compare various machine learning algorithms to
achieve the precise prognosis of heart diseases. The Boruta feature se-
lection algorithm was used to enhance the results of the compared
machine learning models, which were trained on the selected features.
The accuracy, precision, recall and F1 scores of each model were eval-
uated, and their confusion matrices were studied. Regarding perfor-
mance, logistic regression exhibited the highest accuracy, decision tree
and support vector machine algorithms performed better when Boruta
feature selection was employed. The comparatively modest dataset size
is one of this study’s limitations. Although beneficial, the Cleveland
Clinic Heart Disease Dataset, which consists of 303 records and 14 at-
tributes, may have limits in terms of generalizability. We can extend the
work in the future by employing a diverse dataset with more instances
and attributes. Future studies are suggested to use various feature se-
lection strategies. Additionally, such works can be extended to cover
diagnosing and classifying additional illnesses, such as diabetes and
cancer.
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ARTICLE INFO ABSTRACT

Keywords: Heart disease prediction is more important to prevent the death rate. The death rate increases due to lack of
Heart disease prediction initial detection of heart disease in humans. To predict heart disease in an effective way by using feature selection
MLP-EBMDA

and classification approach. Thus, an optimized unsupervised technique for feature selection and novel Multi-
Layer Perceptron for Enhanced Brownian Motion based on Dragonfly Algorithm (MLP-EBMDA) for classifica-
tion of heart disease has been proposed in this study. The dataset of the heart disease is obtained as input and pre-
processing is performed. Features are selected through the optimized unsupervised technique. Based on the
selected features, classification of heart disease is performed using the novel hybrid MLP-EBMDA approach. The
analysis of the proposed system with various existing systems in terms of accuracy has explored 94.28%. The
analysis of the proposed system in terms of precision has showed 96%, in terms of recall the results of the
proposed system has been found to be 96%, in terms of F1-score the results of the proposed system has been
found to be 96%. Thus the overall performance analysis of the proposed methodology exhibited efficient results

Optimized unsupervised method

in predicting the heart disease than the various state-of-the-art methods.

1. Introduction

Heart disease has become the major reason for death rate globally.
Heart disease prediction is a serious problem. Predicting heart disease is
a hard task due to various risk factors that involves high cholesterol and
blood pressure, diabetes, unusual pulse rate and several other factors.
ML (Machine Learning) techniques have been found to be efficient in
predicting heart disease by making decisions from huge data generated
from the industry of healthcare. The model for heart disease prediction
is presented with varied feature combinations and various classification
methods used by conventional methods.

Further, [1] recommended a prediction model for heart disease that
comprises of SMOTE-ENN (Synthetic Minority Over-Sampling Tech-
nique-Edited Nearest Neighbour), DBSCAN (Density-Based Spatial
Clustering of Applications with Noise) and XGBoost to manage the dis-
tribution of training data, to identify the outliers as well as to eradicate it
and for heart disease prediction. Comparative analysis of the proposed
and existing system has been carried out. It has been found that the
proposed model performed effectively than the traditional models in
terms of accuracy. Several data samples and its comparison is yet to be
considered with the extensive medical datasets and the parameters of

the model. Moreover this study [2] introduced an innovative method
that targets in discovering important features by employing machine
learning methods leading to enhanced accuracy in cardiovascular dis-
ease prediction. The proposed model has been presented with various
known classification methods and varied feature combinations. Thus the
proposed model exhibited effective performance in terms of accuracy.
Various machine learning methods can be introduced in near future for
predicting the disease in a better way.

Optimized unsupervised feature selection technique has been uti-
lized to select the features for heart disease prediction. Further, all the
unsupervised and supervised methods have been explored for heart
disease prediction via various existing techniques [3].

Few machine learning and data mining methods have been utilized
to anticipate the heart disease that involves decision tree, ANN (Artifi-
cial Neural Network), KNN (K-Nearest Neighbour), fuzzy logic, logistic
regression and SVM (Support Vector Machine). It affords instinct ideas
related to the existing systems along with the complete summarization
of the existing methods. Classification has been performed by multi-
layer perceptron incorporated with enhanced Brownian motion on the
basis of dragonfly algorithm. Finally performances of the proposed
system are analyzed to determine the efficiency in predicting the heart

Abbreviation: MLP-EBMDA, Multi-Layer Perceptron for Enhanced Brownian Motion based on Dragonfly Algorithm.
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disease.

This study propose an effective system for heart disease prediction on
the basis of techniques of machine learning. Prediction of Heart disease
in many cases is based on the complex association of pathological and
clinical data. Due to this difficulty, there arises an important interest
among researchers and clinical professionals for the prediction of heart
disease in an accurate and efficient manner. This helps in heart disease
prediction in the initial stage of the disease occurrence. Thus the accu-
racy in predicting the heart disease as normal or abnormal is enhanced
via the effective feature selection and classification techniques on the
basis of the proposed approaches.

The major contribution of this study involves the following:

e To enhance the accuracy of heart disease prediction at the initial
stage by utilizing effective feature selection and -classification
techniques.

e To execute the optimized unsupervised feature selection technique
for effective feature selection.

e To implement the hybrid multilayer perceptron incorporated with
enhanced Brownian motion depended on dragonfly algorithm (MLP-
EBMDA) for effective heart disease classification and prediction.

e The performance analysis of the proposed system is implemented to
assess the efficiency in predicting the heart disease.

The upcoming Section 2 describes the reviews of various existing
works related to the prediction of heart disease using various tech-
niques. Section 3 explores the proposed work that involves the use of
optimized unsupervised method for feature selection and hybrid
multilayer perceptron integrated with MLP-EBMDA for classification of
the heart disease. Results of the proposed system is explored in Section
4. The final conclusion of the entire proposed system is given in Section
S.

2. Review of existing works

The following section represents the literature review of existing
works that has utilized various techniques for prediction of heart
disease.

2.1. Classification models for heart disease prediction

This study [4] developed a recognition system for heart disease by
utilizing HOBDBNN (Higher Order Boltzmann Deep Belief Neural
Network) on the basis of medical IoT device. The efficiency of the pro-
posed model has been ensured via efficient use of activation and
learning function. The proposed system is assessed in terms of efficiency
by utilizing a simulation tool (MATLAB) to guarantee maximum accu-
racy for recognition and minimum loss value. Thus the proposed system
has to be enhanced further in near future by utilizing efficient processes
for feature selection and optimization techniques to handle the progress
and database of the disease.

Furthermore [5] proposed a clustering algorithm in terms of data
mining for prediction of heart disease. The existing algorithms in the
clustering methods have been compared to accomplish the maximum
accuracy in prediction of heart disease. The dataset has been pre-
processed by various unsupervised and supervised algorithms to
improve the solution’s accuracy. Based on the results, Simple k-means,
filtered cluster and make density based cluster have been found to be the
efficient algorithms and also serves as a theoretical tool for doctors to
efficiently predict the critical cases.

Thus this paper [6] introduced a diagnostic system for heart disease.
It has utilized DNN (Deep Neural Network) for the purpose of classifi-
cation and X? Statistical model for the purpose of refinement of the
features. The proposed system has been evaluated by utilizing six varied
metrics that includes sensitivity, accuracy, AUC, specificity, ROC and
MCC (Matthews Correlation Coefficient). The proposed method has also

Biomedical Signal Processing and Control 72 (2022) 103318

been compared with the existing techniques. Thus it has explored that
the proposed system can enhance the decision making quality at the
time of heart disease diagnosis. There is a drawback in this study which
has been found that the individual hidden layer’s optimal width in DNN
and ANN (Artificial Neural Network) model is examined by utilizing grid
search algorithm. Fast and sophisticated algorithms such as genetic al-
gorithm has yet to be used.

This study aimed [7] for structuring two varied classification models
based on ANFIS (Adaptive Neuro Fuzzy Inference System) to predict
heart disease. It has revealed that the classifiers learnt the way of dataset
classification. The performance of the proposed method has been
assessed for classification in terms of testing, accuracy and training.
Thus the proposed model can be improved further by employing several
derivation in jacobian matrix computation so as to improve the result’s
convergence speed. In addition [8] introduced a healthcare system for
prediction of heart disease by utilizing feature fusion and ensemble deep
learning methods. The proposed model has been trained for heart dis-
ease prediction. The proposed methodology has been assessed with the
data pertaining to heart disease and this data has been compared with
conventional classifiers on the basis of feature selection, weighting
methods and feature fusion. The proposed system exhibited high accu-
racy than the traditional methods. Data mining methods is yet to be
utilized to improve the feature fusion performance to afford a refined
dataset for diagnosis of heart disease.

2.2. Feature selection for heart disease prediction

This study [9] aimed to develop an optimization function based on
SVM (Support Vector Machine). GA (Genetic Algorithm) utilizes this
objective function for choosing the important features to predict the
heart disease. The proposed results have been compared with various
existing methods. Thus the comparative analysis revealed that the pro-
posed system explored effective results than the state-of-the-art
methods. Similarly, this study [10] intended to anticipate the heart
disease that guides doctors in heart disease diagnosis at initial stages.
The research has been carried out on publicly available datasets of the
heart disease. The analysis revealed that the proposed system has per-
formed better than the existing systems. Thus the proposed system can
be tested and developed by utilizing streaming data in near future.

Additionally, [11] proposed a PSO (Particle Swarm Optimization) on
the basis of attribute selection with enhanced Fuzzy ANN classifier for
predicting the risk of heart disease. It has been found that the proposed
system revealed efficient results in terms of accuracy for all the patients.
The proposed system outperformed other methods. Further supple-
mentary algorithms can also be employed for attribute selection and
regarded as future work. Moreover [12] recommended an improved
data mining algorithm for employing it in healthcare. Prognosis Pre-
diction using RNN (PP-RNN) utilized various RNNs for learning the se-
quences of the patient’s diagnosis code so as to predict the heart disease
occurrence. Thus it has revealed that the proposed system exhibited
effective results in terms of accuracy. This field has to be improved
further in terms of the patient’s lifetime as well as the treatments by
consistently managing and examining the data of the health sector. This
prediction can be improved by utilizing hybrid models.

In addition, this study [13] aimed to anticipate the various types of
diseases by utilizing GWO + RNN (Grey Wolf Optimization based on
RNN). The results revealed that the proposed system exhibited good
results than the state-of-the-art methods. The proposed system showed
better prediction results. The productivity of various classification of
medical disease has to be enhanced further by using hybrid technique.
Further [14] proposed a hybrid technique for heart disease diagnosis.
The proposed system has the capability to enhance the neural network
performance by improving its preliminary weights by utilizing genetic
algorithm that recommends neural network with better weights. Thus
through this proposed system, the rate of sensitivity, accuracy and
specificity has been accomplished. This technique can be employed as an
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Table 1
Comparative Analysis of various existing works in heart disease prediction.
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S. References  Objectives Dataset used Results Obtained Advantages/Disadvantages

no

1. [6] The study intended to introduce a diagnostic Cleveland heart 93.3% accuracy The results has explored that the proposed
system for heart disease. It has utilized DNN disease dataset is system can enhance the decision making quality
(Deep Neural Network) for the purpose of used. at the time of heart disease diagnosis with an
classification and X2 Statistical model for the accuracy 93.3%.
purpose of refinement of the features. There is a drawback in this study which has been

found that the individual hidden layer’s optimal
width in DNN and ANN (Artificial Neural
Network) model is examined by utilizing grid
search algorithm. Fast and sophisticated
algorithms such as genetic algorithm has yet to
be used.

2 [71 This study aimed for structuring two varied Statlog-Cleveland accuracy rate of 75% -training The proposed model can be improved further in
classification models based on ANFIS (Adaptive heart disease data and 76.6% - testing data terms of accuracy as it shows accuracy rate of
Neuro Fuzzy Inference System) to predict heart dataset is used. 75% in training data and 76.6% in testing data.
disease. Several derivation must also be employed in

jacobian matrix computation so as to improve
the result’s convergence speed.

3. [10] The paper intended to anticipate the heart UCI Heart disease ~ 90% accuracy — Cleveland Proposed system showed 90% accuracy in
disease that guides doctors in heart disease datasets are used. dataset, 91% accuracy Cleveland dataset, 91% accuracy in Hungarian
diagnosis at initial stages through the use of -Hungarian dataset and 89% dataset and 89% accuracy in Switzerland
hybrid fuzzy logic classifier and genetic accuracy — Switzerland dataset. dataset. However accuracy has to be further
algorithm. enhanced.

4. [11] This study proposed a PSO (Particle Swarm Dataset is taken 88.82% & 88.05% accuracy for 88.82% accuracy has been attained to predict
Optimization) on the basis of attribute selection from heart based male and female males affected with the disease and 88.05%
with enhanced Fuzzy ANN classifier for health centres. accuracy for predicting females. Accuracy must
predicting the risk of heart disease. be improved to enhance the prediction rate.

5. [23] Machine learning algorithms such as Random Cleveland heart 89% accuracy LR performed better with accuracy 89%.

Forest (RF), ANN (Artificial Neural Network), K- disease dataset is However, accuracy has to be further enhanced.
NN (K-Nearest Neighbour), NB (Naive Bayes), DT used.
(Decision Tree), LR (Logistic Regression) and
SVM (Support Vector Machine) have been
employed to predict heart disease.
6 [2] Aimed to introduce an innovative method that Cleveland heart 88.7% accuracy The proposed model exhibited effective

targets in discovering important features by
employing machine learning methods leading to
enhanced accuracy in cardiovascular disease
prediction.

used.

disease dataset is

performance in terms of accuracy with 88.7%
when employing RF with Linear Model (LM).
Enhancing accuracy rate will assist in efficient
heart disease prediction.

alternative for genetic algorithm as it can improve the proposed
method’s performance.

2.3. Prediction of heart disease by various other techniques

Diseases related to heart or CVDs (Cardiovascular diseases) have
become the major reason for large counts of death over last few years. It
has also evolved as the major disease that threatens the life of people in
the entire universe. Thus in this study [15], examined the data mining
applications in medical domain along with few methods utilized in
prediction of the disease. It has been found that the outcomes may differ
for varied disease diagnosis on the basis of methods and tools utilized.
Thus data mining affords efficient outcome in diagnosis of disease when
suitable methods and tools are employed.

On the other hand, algorithms of machine learning [16] has been
utilized for the heart disease prediction. Deep learning has become an
evolving domain of AI (Artificial Intelligence) and explored few
favourable outcomes in supplementary medical diagnosis fields with
maximum accuracy. Few deep learning techniques have been discussed
that can be employed for prediction of heart disease with machine
learning algorithms. Comparative analysis has been performed to
determine the efficient algorithm for dataset pertaining to medicine. The
work of short-term medical dataset has to be forwarded in near future
where dataset differs with time. Dataset also has to be retrained.

Similarly [17] proposed a framework for diagnosis of Heart Failure
(HF) by utilizing GRU (Gated Recurrent Units) that are methods of deep
learning. Comparative analysis has been performed to assess the pro-
posed system’s performance. It has been found that compared to various
existing systems the proposed system exhibited efficient performance in

HF diagnosis prediction. Applications of healthcare has to be extended
further by integrating the knowledge of experts into the proposed
framework.

Moreover [18] introduced a robust and effective architecture for
prediction of HF by utilizing a neural network. Word vectors and one-
hot encoding has been used for diagnosis events modelling and HF
prediction by utilizing the fundamental principles of LSTM (Long Short-
Term Memory Network) model. The proposed system has been evalu-
ated to determine the performance of the system. Thus the assessment
on the basis of dataset in real-world explore the efficiency and favour-
able use of the proposed system in HF risk prediction. The applications
of healthcare has to be extended further by integrating the knowledge of
the expert into the proposed system. Thus varied heart disease predic-
tion models has also been investigated in this study [19]. It also chose
the significant features for heart disease by utilizing genetic algorithm.
The performance of the proposed model has been found to be effective
than the state-of-the-art methods. The results revealed that the perfor-
mance of the proposed model has been improved when genetic algo-
rithm has been integrated with the prediction models.

The malfunctioning of heart due to some blockages or narrowing of
arteries supplying blood to heart is known as Coronary heart disease.
This may be the major cause for heart attacks. There are many forms and
causes for heart diseases. Such heart diseases can be predicted before-
hand and preventing major damages happening. This study is referring a
multilayer perceptron method for preventing those heart diseases.
Taking reference from Framingham Heart study Dataset preprocessing
of data using a multilayer perceptron with a deep learning approach has
improved the quality of data. This study is having high percentile of
detecting Coronary Heart Disease at early stage. The outcome of this
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Fig. 1. An overview of the proposed system.

study was accurate up to 96.50% [20]. Siding to the above said work
another study using multi-layer perceptron has been analyzed. This
work has given Heart disease prediction model (HDPM) for detecting the
issue in clinics called as Clinical decision support system (CDSS). The
model was implemented in publicly available two data sets and the
accuracies were 95.90% and 98.40% in predicting the faults. The model
is designed in such a way that heart diseases CDSS helps the physicians
to find out the anomalies soon and avoid un necessary complications
[1].

Early detection of heart disease can make the success rate to increase
in saving a particular patient. This study is introducing a fitness oriented
Dragon fly algorithm for selected features. A deep learning is executed to
detect the characters of a particular feature selected. The accuracy rate
for this algorithm was 6.7% more when compared with particle swarm
optimization, 6.96% better than Gray wolf optimization [21].The above
methods used for comparison were used to detect heart disease even-
tually. Similar to the above discussed work, this work is also based on
dragon fly algorithm used in detecting heart disease. This algorithm was
an effective Swarm optimization algorithms compared with others. They
were actively involved in medical field to detect the abnormalities and
anomalies found in heart. The outcome was quite impressive helping
technicians to find the damages accurately [22]. The comparative
analysis of various existing works in predicting the heart disease is
shown in the below Table 1.

3. Proposed work

3.1. Novel Multi-Layer Perceptron integrated with Enhanced Brownian
Motion based on Dragonfly Algorithm (MLP-EBMDA)

In the proposed work, dataset for heart disease is taken as input.
Then pre-processing is performed followed by the feature selection using

the optimized unsupervised technique. Based on the selected features,
classification was done using the MLP-EBMDA to predict the heart dis-
ease in humans. Finally the performance of the proposed methodology
has been analysed in terms of various parameters. An overview of the
proposed system is shown in Fig. 1.

3.2. Optimized unsupervised feature selection

A feature’s information gain is generally inferred as the information
quantity that the feature affords to the classification technique. Thus
feature A’s information gain is relative to S (Set of patterns) and is given
as,

InfoGain((K|P) = A(K)— > AA(K,) @

u€Values(P)

Here values (P) denotes the set of entire possible values and feature P
takes these values, A, represents the K pattern’s probability that belongs
to u value in accordance with feature P, K,, is a subset of pattern K in
which feature P consists of value u and A(K) performs the entropy
calculation of the K (set of patterns).

The variable Y’s entropy is described in the below equation (2).

K(¥)= Y —logA,) @)

ucValues(Y)

Information gain inclines to support features with huge possible
values. On the other hand, these features lack the power of prediction
upon hidden patterns. Hence symmetrical uncertainity and gain ratio is
presented to solve the issue.

A feature’s gain ratio represents uniform and broad pattern division
by the features and is represented in the below equation.
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_ InfoGain(K/P)
GR(K,P) = —ap) 3
Here InfoGain(K/P) explores the feature P’s information gain and
A(P) computes the feature P’s entropy.
Symmetrical uncertainity inhibits the feature selection with many
values, it also limits the values in a specific range of (0,1). It is given in
below equation (4).

_InfoGain(K /P)
SyU(K,P) = 2[W] (€]

Here A(K) is the pattern K’s entropy. SyU = 1 represents the set of
pattern K and specified feature P are entirely correlated and SyU =
0 represents that (K) and P are independent.

Gini Index (GI) is a technique of an impurity split and it is appro-
priate for consistent numeric values. The GI of the set of pattern K is
given in equation (5).

GI(K,P) = Gini(K)— > A,Gini(K,) (5)

ueValues(P)

where Gini(K) =1 7Zu€Values(K)( 11)2

Fisher Score (FS) chooses features that involves the patterns corre-
sponding to similar class are close to one another and patterns belonging
to dissimilar classes are far from one another. The FS of the P feature is
computed by the following equation.

D D)2

ZueValues(K)nu (Pu - P)
2

ZueValues(K}nu(gu (P))

Here P represents the mean of entire patterns that are related to
feature P, n, denotes the number of patterns that consists of class label u
and P, and 6,(P) are the mean and variance of feature P on class u.

Team Variance is the basic univariate assessment of features. It
represents the features with huge variance values that consists of useful
information. It is given in the following equation.

FS(K,P) = (6)

18|
1 o
T(K.P)= 1= > (P() ~P)’ )
‘K‘ i=1
Here P(i) represents the feature P’s value for the pattern i and |S]
indicates the total count of patterns.

3.3. Classification approach — MLP-EBMDA

Based on the selected features, classification was done using the
MLP-EBMDA to predict the heart disease in humans.

MLP are capable of generalisation, that is, they classify an unknown
pattern with other known patterns that share the same distinguishing
features. This means noisy or incomplete inputs will be classified
because of their similarity with pure and complete inputs. Multi-Layer
Perceptron (MLP) contains one or more hidden layers (apart from one
input and one output layer) so it can also learn non - linear functions.

Dragon Fly algorithm is a technique, which is a Metaheuristic algo-
rithm based on swarm intelligence, is inspired by the static and dynamic
behaviours of dragonflies in nature. There are two main stages of opti-
mization: exploration and exploitation. These two phases were modelled
by dragonflies, either dynamically or statically searching for food or
avoiding the enemy

Brownian motion method is that its isotropic approach (completely
independent of direction) increases the discovery capability. On the
contrary, the sizes of the steps, both controllable size, and time-based
random form, prevent the outgoing of the search space, providing con-
tinuity of motion. That why we are using in the Dragon Fly algorithm.

Thus, we researched and concluded our algorithm can works effi-
ciently well and we have compared to other algorithm by providing
better results.
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3.3.1. Dragonfly algorithm-DA

The usual operation of dragonflies follows the standard of segrega-
tion from the present neighbour, arrangement towards good food,
deviating from the enemy, coherence to the neighbour and desirability
towards the food in search of optimal result. The task of exploitation and
exploration to attain the global optima in dragonfly algorithm (DA) has
been via the composition of dragonfly’s dynamic and static behaviour.

Mathematical model for DA is explained below:

The dragonfly’s population matrix with size N is given by

Y= (y1,y2, 0w ®

Herej=1,2,3....N, YJE denotes the position of j  dragonfly in the E
search space and N is the count of search agent.

Diverse components that comprises of segregation, alignment and
cohesion can be computed for N neighbour individual. The segregation
parameter is computed by Eq. (9).

N

Ki=-> Y-V, ©)

i=

The individual cohesion in the swarms is represented by the
following equation.

N
i1 i
B, = Z% v (10)
The alignment is represented in swarms as follows:
No.
X = —Z’% = an

Here the terms j and i are utilized for the present individual as well as
neighbour individual. Q; Indicates the velocity of the neighbouring in-
dividual of i.

The desirability towards the source of food H; and deviation from
enemies is computed from Egs. (12) and (13).

H=Y"—Y 12)

=Y +Y (13)

Here Y" and Y~ represents the position of food and enemy. Y Rep-
resentsthe dragonfly’s current position.

For population with a one minimum neighbour dragonfly, the
equation of dragonfly’s position with respect to step vector is given by
equation (14).

AY,y1 = (kK; +xX; + bB; + hH; +il;) + wAY, 14

Here x, k, h, i and b are alignment, segregation, food desirability
factor, enemy deviation factor and cohesion factor. w Denotes the in-
ertia’s weight and a denotes the iteration number. The dragonfly’s po-
sition is given in equation (15).

Yu+l = Ya+AYa+1 (15)

The dragonfly’s position is updated by utilizing levy flight function
that is given by equation (16).

Yor1 = Y.+ lev(0)Y, (16)

Hence the dragonfly’s fitness is assessed on the basis of position
vector in a simplified form and sustained till a particular condition is
met.

3.3.2. MLP (Multi-Layer Perceptron)

MLP is a kind of FNNs (Feed-forward Neural Networks) that passes
the information in a single direction via Neural Networks (NNs) and its
corresponding neurons are organized in several layers in parallel. The
first layer in several parallel layers is the input layer, the last layer is
called the output layer and the intermediate layers are called as hidden
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layers. When FNNs consists of a single hidden layer then it is called as
MLP.

Based on the weights, inputs and biases, the MLP’s outputs are
computed in the below steps:

Initially the weighted total (input) is calculated by the following
equation:

n

a; = Z(Y/HZ/) — Yo,

Jj=1

i=1,2-c a7

Here n denotes the number of input nodes, Yj represents the asso-
ciation weight’s accuracy from the j th node thereby corresponding to the
input layer to the i th node corresponding to the hidden layer, Z; repre-
sentsthe input j, ¢ denotes the count of hidden nodes and Y,,; is the
threshold value of the hidden node i.

The individual hidden node’s output is calculated by the following
equation:

P, = sight(@) = 1/(1 + exp( — ),

The overall outputs are categorised on the basis of hidden node’s
evaluated outputs.

i=1,2c as)

p=D0iP) =D =120 19)

Hy = sigM(r;) =1/(1 +exp(—r,)) k=1,2--n (20)

Thus the output of MLP has been found via the biases and weights.
The DA is used for the parameters of MLP as a trainer.

4. Results and discussion

The results of the proposed system to predict the heart disease as
normal and abnormal is discussed in this section. Moreover the
comparative analysis is also performed.

4.1. Dataset description

The dataset of the heart disease [24] is taken into account for this
study. The dataset has been partitioned into two sections. The first part
is utilized for training and building the model. The second part is utilized
for testing to determine the model’s accuracy. UCI Cleveland Dataset.
Dataset consist of 305 Data and 14 features. It’s a labelled dataset.

4.2. Performance metrics

The proposed system is evaluated in terms of various performance
metrics such as accuracy, precision, recall and F1-score.

(i) Accuracy

Accuracy is the prediction fraction that has been obtained for the

model correctly and it can be written by the following equation.
TP + TN
Accuracy = eIV 21
TP +TN + FP + FN

Here TP represents True Positive which are predicted correctly and
are abnormal, TN represents the True Negative that are predicted
correctly and normal. FP Represents the False Positive that are predicted
incorrectly but are normal and FN represents the False Negative that are
predicted incorrectly and are abnormal.

(ii) Precision
It is defined as the tuple’s proportion which predict the abnormal

patient have heart disease exactly that is calculated by the following
equation.
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Fig. 2. Confusion matrix.

Table 2
Comparative analysis of the proposed and traditional studies [25].
Classifiers Sensitivity ~ Specificity =~ Accuracy  F- Kappa
score
OANN(DBMRITLBO- 97.33 93.23 95.41 95.74 90.76
ANN)
TLBO-ANN 97.22 84.91 90.75 90.91 81.59
J48 78.94 78.03 78.55 80.59 56.64
Random tree 74.41 71.11 72.94 75.3 45.38
RBF Network 85.19 81.56 83.49 84.66 66.81
NB Tree 80.24 77.94 79.21 80.97 58.06
Random forest 81.98 82.44 82.18 83.93 63.95
Proposed MLP- 98.92 96.47 97.63 96.45 96.75
EBMDA
TP
Precision = ——— (22)
TP + FP

(iii) Recall

It is the ratio of tuples that correctly predict the abnormal patients by
exploring that the particular person have heart disease. It is given by:

TP

Recall = ————
ecall TP+ FN

(23)

(iv) F1-Score

The harmonic mean of recall and precision is defined as F1-score. It is
computed by the following equation.
2*precision*recall

F1-S = 24
core precision + recall @49

4.3. Experimental results

The performance of the heart disease prediction system is exhibited
by comparing with the various existing works.

The above Fig. 2 shows 87 as true negative value and thus the study is
correctly classified abnormality. And true positive also showing that 4
classes are correctly classified as normal. Further, the false positive and
false negative is zero and thus the no incorrect classifications are
present.

4.3.1. Comparative analysis

The proposed system is compared with three conventional studies for
assessing the efficiency of the introduced system. Accordingly, the study
[25] has been considered for analysis. Here, existing studies like Optimal
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Fig. 3. Analysis of the traditional [25] and proposed system.

Artificial Neural Network (Distance Based Misclassified Instance
Removal-Teaching and Learning Based Optimization-ANN), Teaching
and Learning Based Optimization-ANN (TLBO-ANN), Random Tree,
Naive Bayes Tree (NB Tree), J48, Radial Basis Function Network (RBF
Network) and Random Forest is considered for comparison.

From Table 2, the results obtained after comparative analysis explore
that the traditional OANN (DBMRITLBO-ANN) showed sensitivity of
97.33%, TLBO-ANN showed 97.22% sensitivity, J48 showed 78.94%
sensitivity and Random Tree showed 74.41% sensitivity. Similarly, RBF
Network showed 85.19%, NB Tree showed 80.24% and RF showed
81.98% as sensitivity rate and the proposed system showed higher
sensitivity rate as 98.92%. Nevertheless, accuracy is the significant
metric to confirm the efficiency of a method. In that sense, the proposed
system shows high accuracy rate of 97.63% than the traditional studies.
This proves the efficiency of the proposed system and is graphically
shown in Fig. 3.

Subsequently, analysis has been undertaken by using the study [26]

Performance Metrics

Table 3
Analysis of the traditional [26] and proposed system.
Algorithm Accuracy Precision Sensitivity F1 Score
(%) (%) (%) (%)
KNN 60 61 59 58
LR 78 79 78 78
LDA 78 80 79 79
SVM 79 80 79 79
CART 68 69 68 68
GB 81 79 84 81
RF 83 81 87 84
Existing method 93 96 91 93
Proposed MLP- 97 95 98.92 96
EBMDA
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Fig. 4. Comparative analysis of the existing [26] and the proposed MLP-EBMDA.
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Table 4
Analysis of the proposed and traditional system [26].
Method Accuracy Precision Sensitivity F1
(%) (%) (%) Score
Majority vote with NB, 85.48 NA NA NA
BN, RF, and MLP
L1 Linear SVM + L2 92.22 NA 82.92 NA
Linear & RBF SVM
HRFLM 88.4 90.1 92.8 920
NB and AES 89.77 NA NA NA
ANN and Fuzzy AHP 91 NA NA NA
Randomized decision tree 93 96 91 93
ensemble
Proposed MLP-EBMDA 97 95 98.92 96
*NA-Not Available.
Table 5
Comparative analysis in terms of accuracy, sensitivity and specificity [27]
Method Specificity Sensitivity Accuracy
KNN + SOM + PCA + Fuzzy SVM 0.9435 0.9606 0.9686
Hot-Deck + SOM + PCA + Fuzzy SVM 0.9334 0.954 0.9568
SOM + PCA + SVM 0.9143 0.9412 0.9449
PCA + SVM 0.8571 0.902 0.8976
SOM + SVM 0.8131 0.8693 0.8661
SVM 0.7642 0.8377 0.8268
NB 0.6909 0.7778 0.7677
DT 0.6727 0.7616 0.7441
NN 0.633 0.7351 0.7087
Proposed MLP-EBMDA 0.9647 98.92 0.9763

for comparison. Accordingly, K-Nearest Neighbour (KNN), Support
Vector Machine (SVM), Logistic Regression (LR), Random Forest (RF),
Linear Discriminant Analysis (LDA), Classification and Regression Tree
(CART) and Gradient Boosting (GB) has been the existing studies used to
compare with the proposed system. The analysis has been undertaken
with respect to accuracy, sensitivity, Fl-score and precision and the
obtained results are shown in Table 3.

The results showed that the accuracy of existing KNN has been found
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to be 60%, LR and LDA showed 78%, RF showed 83%, SVM showed
79%. However, the proposed system showed high accuracy of 97% than
other methods. In addition, the proposed system shows high sensitivity,
Fl-score and precision rate than the existing studies. Though, the
existing studies used various methods for classifying the heart disease
dataset, the proposed system shows high accuracy rate confirming its
efficiency in predicting heart disease. It is graphically shown in Fig. 4.

In addition, analysis has been undertaken by considering the existing
study [26] for analysis. Here, various traditional methods have been
considered such as Majority vote with Naive Bayes (NB), Bayes Net (BN),
Random Forest (RF) and Multi-Layer Perceptron (MLP), Hybrid Random
Forest with Linear Model (HRFLM), L1 Linear SVM + L2 Linear and RBF
SVM, NB and Advanced Encryption Standard (AES), ANN and Fuzzy
Analytical Hierarchy Process (AHP) and Randomized decision tree
ensemble. The results obtained by the comparative analysis are tabu-
lated in Table 4.

From the results, it is clearly seen that most of the methods have not
been evaluated with respect to precision, sensitivity and F1-score. Ac-
curacy has been taken into account by all the methods. On the other
hand, the proposed system has considered all the metrics for analysis.
Outcomes reveal that the accuracy of proposed MLP-EBMDA is higher
than traditional studies. Comparison has also been carried out with
various other traditional methods [27]. In this analysis, several existing
methods have been taken for comparison namely KNN + Self-Orga-
nizing Map (SOM) + Principal Component Analysis (PCA) + Fuzzy SVM,
PCA + SVM, SVM, NB, Hot-Deck + SOM + PCA + Fuzzy SVM, SOM +
PCA + SVM, SOM + SVM, DT and NN. It is shown in Table 5.

From the analytical results, it is found that the existing KNN + SOM
+ PCA + Fuzzy SVM showed specificity rate 0.9435%, sensitivity rate as
0.9606% and accuracy as 0.9686%. similarly, the other considered
existing methods like Fuzzy SVM, PCA + SVM, SVM, NB, Hot-Deck +
SOM + PCA + Fuzzy SVM, SOM + PCA + SVM, SOM + SVM, DT and NN
showed better outcomes in terms of the three metrics. However, the
proposed system shows outstanding performance than existing methods
with 0.9647% as specificity rate, 0.9892% as sensitivity rate and
0.9686% as accuracy rate. It is graphically shown in Fig. 5.

From all the three comparative analysis, it is found that the proposed
system is better than existing studies for heart disease. Typically, MLPs

Performance Metrics
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Fig. 5. Analysis of the existing [27] and proposed methods.
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find value in research due to their ability for solving issues stochastically
that often permits suitable solutions to extreme issues like fitness
calculation. It is also capable of adaptive learning. On the other hand,
Dragon fly algorithm is capable of optimizing several diverse issues in
various areas. This is also easy for implementation. It possess few pa-
rameters to tune which is an added advantage. Moreover, the algo-
rithm’s convergence time is rational. This algorithm is robust than other
algorithms and can be easily hybrid with different algorithms. Consid-
ering all these merits, this study proposed Enhanced Brownian motion
depended on dragonfly algorithm (MLP-EBMDA). Hence, these advan-
tages have made the proposed system to perform better than traditional
studies which proves the suitability of the introduced system in heart
disease prediction.

5. Conclusion

In this study, a Multi-Layer Perceptron integrated with enhanced
Brownian motion on the basis of Dragonfly Algorithm (MLP-EBMDA)
has been used for classification and optimized unsupervised method for
feature selection has been proposed for cardiac disease prediction. The
suggested system has been analyzed in terms of certain specific pa-
rameters such as precision, recall, F1-Score, kappa and accuracy. The
proposed system has been compared with the existing system in terms of
the mentioned parameters and the taken testing data to determine the
efficiency in heart disease prediction. The analytical results explored
that the proposed system has shown effective results than the traditional
methods in terms of accuracy for predicting the heart disease. The
proposed system revealed prediction accuracy at the rate of 94.28% and
sensitivity as 98.92%, thus resulting in better prediction of heart disease
as normal or abnormal.
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ABSTRACT

Heart diseases continue to be a major global cause of morbidity and death.
Their timely and accurate diagnosis for improved patient outcomes is direly
needed. Clinical biomarkers for the timely diagnosis of heart diseases are
known but underutilized due to the use of conventional analytical methods
that lower the efficiency to handle large datasets. Furthermore, conventional
methods also fail to incorporate demographic biomarkers such as age and
hemodynamic biomarkers such as heart rate and diastolic blood pressure.
This significantly influences heart diseases. Using cutting edge machine
learning (ML) techniques including Lasso regularization, support vector
machine (SVM), and gradient boosting (GB), this study investigated the
importance of clinical biomarkers for heart disease prediction. Troponin and
Creatinine Kinase - MB (CK-MB) were found to be the most significant
predictors among the examined characteristics in every model,
underscoring their crucial importance in the diagnosis of myocardial
ischemia and damage. Diastolic blood pressure was also found to be an
adequate predictor, highlighting its role in increasing cardiovascular risk
because of autonomous dysfunction. While SVM and GB performed
strongly in managing intricate data relationships, Lasso regularization
successfully decreased feature redundancy. The results support the use of
clinically applicable biomarkers in conjunction with machine learning to
improve the accuracy of diagnosis and also opens the door to the
personalized treatment of heart disease. Validating these findings in a
variety of populations and adding more biomarkers for a thorough risk
assessment should be the main goals of future studies.
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regularization, machine learning (ML) algorithms, support vector machine
(SVM), troponin

GRAPHICAL ABSTRACT

| Clinically Significant Biomarker Classification for Heart Diseases

8 "
E g - Dataset Attributes:
= g Age, Gender, Heart rate, Systolic
8 1 Dataset blood pressure, Diastolic blood
8 ng ¢ pressure, Blood sugar, CK-MB,
8 i Troponin, Result
e Mismatch, Missing & Valid
< Data Pre- entries
/ cé ‘

&r @ \\‘ processing Mean, Standard Deviation &

o Quantiles

=758 i

Machine Learning Algorithms
v v v
Lasso Support Vector n .
Regularization Machines Gradient Boosting
Troponin & CK-MB Diastolic BP & Heart Rate Troponin & CK-MB
89% 87% 98%
Evaluation Matrics ﬁ
Confusion Matix ROC Classification Report
1. INTRODUCTION

For the past few decades, heart diseases (HDs), often referred to as
cardiovascular diseases (CVDs), have been the leading cause of mortality
all around the globe. These diseases encompass a variety of conditions that
affect the heart. Every year, over 17.9 million deaths are reported due to
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CVDs, as estimated by WHO (World Health Organization) [1]. The
European Society of Cardiology estimates that 3.6 million people are
diagnosed with heart diseases each year, out of an overall population of 26
million. Common symptoms of heart diseases include swollen feet,
muscular weakness, and shortness of breath [2].

Clinical biomarkers are essential for diagnosing and managing heart
diseases. They provide valuable insights into the physiological and
pathological processes associated with cardiovascular risks. These
biomarkers include troponin, CK-MB, and blood pressure, all of which are
widely used in clinical practices due to their high specificity and sensitivity
[3]. The integration of these biomarkers in diagnostics significantly
enhances clinical decision-making by enabling early detection, reducing
uncertainty, and increasing precision. The important biomarkers associated
with heart diseases are shown below in Table 1.

Table 1. Clinical Biomarkers and their Significance in Heart Diseases

Biomarkers Significance
Aging causes arterial stiffening, endothelial
Age dysfunction, and increased prevalence of some

conditions, such as hypertension [4].
Men have a higher risk of developing heart

Gender diseases at a younger age than women, which
could be elevated due to hormonal changes [5].

Systolic Blood Its elevated level predicts a strong cardiovascular

Pressure event [6].

Diastolic Blood It indicates elevated peripheral resistance,

Pressure especially in younger individuals [6].

CK-MB It }ndlcat.es myocardial necrosis and also detects
reinfarction [7].

Troponin It specifies myocardial injury and also assesses the

severity of cardiac damage [8].

In the current global scenario, diagnosing CVDs at an early stage
through their symptoms remains significantly difficult. If not detected
timely, CVDs may cause mortality [9]. Without access to modern
technologies and trained medical personnel, diagnosing and treating heart
diseases is highly challenging. This is due to the fact that the assessment of
the patient’s medical background and physical examination, including
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detecting CVDs is based on critical symptoms [10]. However, the findings
of this diagnostic procedure do not accurately identify the heart patient.
Additionally, the analysis is costly and computationally challenging?.
Clinically useful methods to predict and detect CVDs would involve
machine learning and data mining [11].

The expanding availability of healthcare records and the rapid
advancement of analytical tools is revolutionizing the healthcare industry.
Within artificial intelligence, machine learning (ML) is a developing field.
Its main goal is to build systems, give them the ability to learn, and use that
learning to generate predictions. To create models, it looks for hidden trends
in the input dataset and produces highly accurate predictions for fresh
datasets. After cleaning the dataset, any values that are missing are filled in.
The new input is used to predict the risk associated with heart diseases,
followed by an accuracy assessment [1].

Recent research confirms that ML algorithms can be used in clinical
contexts. Internal validation requires the integration of biomarkers with
demographic information in order to obtain high accuracy in predicting
cardiovascular events via gradient boosting (GB) [12]. A recent study
revealed that support vector machine (SVM) is easily adapted to different
cardiac situations and is also useful in predicting heart failure. In the current
study, CVDs are predicted using various ML methods, such as SVM,
random forest (RF), and logistic regression (LR). These methods were
chosen because they work effectively in solving non-linear classification
problems. Based on the results, SVM performed better than both LR and
RF, averaging an area under the ROC curve value of 78.84%, while giving
78.41% for LR and 77.50% for RF. The above results indicate that SVM is
more suitable as a method to predict CVDs, as compared to other methods
[13].

The suggested hybrid framework bridges the gap between clinical
practice and ML by utilizing interpretability and feature selection. The
model identifies the strongest predictive variables, while keeping things
transparent for physicians by fusing ML with healthcare. This is crucial in
the medical field, as doctors need precise and useful information to
determine that Al-driven predictions meet the accepted diagnostic
standards. By ensuring the model’s accuracy and interpretability, this
method faciliates real-time diagnostic decision-making and individualized
treatment planning [14].
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Although considerable progress has been made, almost all efforts focus
on either biological validation or computational techniques, rarely bridging
the gap between the two. Datasets often lack adequate demographic and
heamodynamic variety to draw generalizable conclusions. Hence, this study
employs the use of ML models to classify clinical biomarkers comprising
demographic and heamodynamic factors for early and timely diagnosis of
heart diseases. By bridging this gap in clinical diagnostics and incorporating
ML, the study anticipates significant advancement in the cardiology
precision medicine.

2. METHOD

ML is gaining popularity in the field of cardiovascular medicine.
Finding the most practical ML algorithm for CVD datasets is still difficult,
even with the abundance of available techniques [15].

The approach employed in this research aims to achieve this challenging
objective by applying a wide range of ML algorithms to a well-selected
dataset. For this purpose, the proposed methodology comprises data
collection and preprocessing, application of ML algorithms, and
performance evaluation, as shown in Fig. 1 below.

=]
] I ’ Mismatch, Missing & Valid entries
= q o— é Mean, Standard Deviation &

Quantiles

Medical Records Medu:al Dataset Dataset Preprocesslng

~
LASSO Regularization o— o
S rt Vector Machi é —~ 2
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Machine Learning Algorithms

2

Performance Evaluation
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Heart Disease Classification

Figure 1. Heart Disease Classification Framework
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2.1. Dataset and Preprocessing

Dataset related to heart diseases was extracted from the online
repository [16] and organized for the purpose of this research. The
properties of a dataset are its features that are essential to analyze and
predict the concerned problem. Many factors are considered to predict
diseases, such as gender, chest discomfort, and blood pressure. Conversely,
one method for dataset attribute selection is to use the matrix of correlation.
The dataset used in the study comprised 1,319 entries with the following 9
attributes, as shown in Table 2.

Table 2. Description and Classification of Attributes Used in the Dataset
for Heart Diseases [16]

Attribute Description Data Type
Age Patient’s age Integer
Gender Patient’s gender (1 = Male, 0 = Integer

Female)
Heart Rate Heart .rate of the patient (beats Tnteger
per minute)
Systolic Blood  Patient’s systolic blood pressure
Integer
Pressure (mmHg)
Diastolic Blood Patient’s diastolic blood
Integer
Pressure pressure (mmHg)
Patient’s blood sugar level
Blood Sugar (me/dL) Float
CK-MB Creatine Kinase-MB level Float
Troponin Troponin level Float
Diagnosis result (positive or Categorical
Result negative) (Object)

The graphical distribution of the individual attributes of the dataset

reveals crucial trends, patterns, and variability. The representation provides
a robust foundation for the application of ML models to predict heart
diseases effectively. The pie charts shown in Fig. 2 allow an intuitive
understanding of individual variables.
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Gender Male=1 Female=0 b

Heart rate in beats per minute (BPM) c Systolic blood pressure d

Blood sugar f

33
01%
302
02%
203

CK-MB g Troponin h

177
01%
0.041
0.4%
088
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Count of Result i

Figure 2. Distribution of Attributes in the Dataset (a) Age (b) Gender (c)
Heart Rate (d) Systolic Blood Pressure (e) Diastolic Blood Pressure (f)
Blood Sugar (g) CK-MB (h) Troponin (i) Results

Initially, the preprocessing of dataset involves removing noises or
missing values to obtain accurate and authentic results. This was carried out
by the addition of new variables with a strong predictive value and the
removal of any features deemed unnecessary for analysis. The missing
values were imputed, features were chosen and scaled, and classes were
balanced to improve the accuracy of results. It was ensured that each feature
had a standard deviation of one and a mean of zero.

Table 3. Data Quality of Dataset

Data Quality Count Percentage
Valid 1319 100%
Mismatched 0 0%
Missing 0 0%

As shown in Table 3, dataset was preprocessed with 1319 valid entries.
There were no mismatched or missing values. According to the table, the
mean value is 56.2, while the standard deviation is 13.6. The distribution of
data is shown by quantiles; the minimum quantile is 14 and the maximum
quantile is 103. This characterizes the data as having central tendency and
variability. Data distribution and the quantiles of dataset are shown below
in Table 4.

Table 4. Data Distribution and Quantiles of Dataset

Data Distribution Value
Mean 56.2
Standard Deviation 13.6

Current Trends in OMICS
OMICS Volume 5 Issue 1, Spring 2025

48—



Safdar et al.

Data Distribution Value
Quantiles
Minimum 14
25% 47
50% (Median) 58
75% 65
Maximum 103

2.2. Machine Learning Algorithms

The use of ML is on the increase in the field of cardiovascular medicine.
Despite the availability of ML techniques, it still remains difficult to find
the most practical ML algorithm for cardiovascular disease datasets [15].
The models used in this study are discussed below.

2.2.1. LASSO Regularization. Regression models are often applied in
statistical analyses. They are commonly used to calculate the probability
(often the expected risk) of some future occurrences or expected results
[17].

LASSO regression is a common variable screening technique. The
coefficient is always compressed by the addition of a penalty term to the
model estimation term. The goal for it is to be simple enough, but still be
able to solve the problems of overfitting and multiple correlations [18].
LASSO regression strives to find the variables and hence matches
regression coefficients that lead to the lowest prediction error in a model.
To do this, a constraint is applied to the model parameters, so that the sum
of regression coefficients’ absolute values is less than the specified value

() [17].

The A with the smallest deviation is what the cross-validation curve
shows. This value results in the best fitting effect of the LASSO regression
model [18].

N
w = arg minz (vi —wTx) = XTX)"1XTy (1)
w
i=1
Equation (1) eleborates the least squares method for linear regression,
where w is model parameter, x; is the input feature, y; is label, N is the
training sample number, X is input data matrix, y is the target outputs, and
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arg min is the minimum sum of squared errors for w. Whereas,
w
(XTX)~1XTy is the optimal analytical solution for w [18].

2.2.2. Support Vector Machine. SVM is a very powerful and
frequently used ML technique for classification and regression. Its job is to
separate different classes in a dataset by attempting to find a hyperplane
maximizing the margin between the classes. Shipping means that it looks
for the best boundary with which to distinguish between different categories
of data points. SVM identifies the subsets of data points, the so-called
support vectors, during the training process. As these points define the
decision boundary, they are critical. In fact, only a small fraction of the
whole dataset is recycled as support vectors which makes SVM efficient
[19].

To measure how closely predictions and actual outcomes match, mean
absolute error or MAE is used, as shown below in equation (2).

n
1
MAE == Iy~ @
i=1

The definition of an estimator with respect to the determined parameter
0' is the root squared of the mean square error or RMSE. It may be computed
using equation (3) which predicts that lower the RMSE, the better the
performace of the model [20].

RMSE = En (yl_—j’l)z 3)
N n
i=1

In SVM, average distance can be calculated as in equation (4) which
tells us how well the classes are separate [20].

Yk=1

averDy = “4)

Recursive Feature Elimination (RFE) method is particlulary used with
SVM, where some features might be irrelvent or redundent which hurts the
accuracy. It is an iterative method which trains the model, as well as
measures and ranks the features’ importance based on the magnitude of
model coefficient w. For linear SVM, coefficient W; directly indicates the

feature importance, as shown in equation (5) below.
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Feature Importance = | w; | (5)

2.2.3. Gradient Boosting Classifier. Gradient boosting (GB) is one of
the most powerful ML techniques used for regression and classification
tasks. The method ensembles learning, also known as boosting, by
combining multiple weak learners (models that perform slightly better than
random guess) into a strong learner [21, 22].

It operates in a step-by-step fashion, whereby the successor reduces the
error by learning from the mistakes of the predecessor. Weights are updated
at each stage of this process. The iterations keep going until the loss function
is minimized. The additive model, the loss function, and weak learners are
the three primary components of GB. The loss function is used to calculate
the accuracy of heart disease prediction using the existing data. The additive
model adds one weak learner at a time, working sequentially and iteratively.
Weak learners are the ones that categorize the data poorly [21].

The aim of GB is to estimate a target function F*(x), which associates a
value y with each input instance x. To minimize a loss function L(y,F(x)),
it measures how well do predictions by the model fit to the real values of'y.
Moreover, it includes ways to prevent overfitting. This applies shrinkage
(decreasing the contribution of each model) and reducing model complexity
[22].

2.3. Performance Evaluation

2.3.1. Accuracy. Accuracy is the ratio of accurately predicted
observation to the total observation [1]. Two performance metrics, namely
accuracy and false alarm rate computed as equation 5, are used to assess the
performance [23].

TP+TN

A = 5
CeUracy = Tp Y FP+ TN + FN )

Here, true positive is TP, true negative is TN, false negative is FN, and
false positive is FP. False alarm rate (FAR) can be calculated as shown in
equation 6 below [23].

FP
FAR = ——— 6
FP+TN ©)
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2.3.2. Precision. It is the ratio of true positive observations to the sum
of true positives and false positive observations. It is computed below as
shown in equation 7.

TP

Precision = ——— 7
recision TP T FP (7)

Here, true positive is TP while false positive is FP.

2.3.3. Recall. It is the ratio of true positive predictions to the sum of true

positive and false negative predictions. By definition, it is calculated as
TP
Recall = ————= 8
T TP Y FN ®)
2.3.4. F1 Score. It is the average of recall and precision. So, it can be
calculated as [1]
2(recall X precision)

F1 Score = — )
recall + precision

3. RESULTS

The dataset was split into training (70%), validation (15%), and testing
(15%) subsets. This sort of splitting prevents overfitting and ensures fair
evaluation. Out of 1319 samples in the dataset, 923 samples were trained,
while 198 samples were validated and tested on models. The process of
determining which hyperparameter combinations enable the model to
optimize its accuracy is known as hyperparameter tuning [24]. The
parameters employed for classification are shown below in Table 5.

Table 5. Hypertuning Parameters

Support Vector Machine
Different Regularization Strengths C [0.01, 0.1, 1, 10]
Kernal Linear
Gamma Scale
Top Feature Selection 5

Gradient Boosting

n estimators 10, 50, 100
learning_rate 0.1
max_depth 3
Subsample 1.0
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Lasso Regularization

Alpha 1.0
max iter 1000
Tolerance le-4

3.1. LASSO Regularization

Lasso (L1) regularization was applied to logistic regression in order to
predict the most significant feature by shrinking the irrelevant features
towards zero, as shown in Table 6.

Table 6. Significant Clinical Biomarkers and their Respective Coefficient
Value Predicted by Lasso Regularization

Clinical Biomarker Coefficient Value
Troponin 78.9295
CK-MB 19.0294
Age 0.5598
Gender 0.1626
Heart Rate 0.0059
Systolic Blood Pressure -0.0754
Diastolic Blood Pressure 0.0322
Blood Sugar -0.1193

According to the table, troponin has the highest coefficient valuemaking
it the most influential biomarker, probably because it is linked to heart-
related diseases. CK-MB also plays a significant role but much lower than
troponin. Even though it has less of an impact, age still influences
prediction. Lasso shrinks the value of less important features to zero which
helps in feature selection.

Through Lasso regularization, the bar graph classifies the significant
biomarkers for heart disease prediction, showing their respective
coefficients on y-axis and biomarkers as features on x-axis. The
significance of these characteristics in predicting the target variable is
shown by their respective Lasso regression coefficient. The stronger the
correlation with the result, the higher the coefficient.

3.2. Classical Gradient Boosting

The total number of samples were 1319. The samples used for training,
validation, and testing were 923, 198 and 193, respectively. Validation
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accuracy, checked with 50, 100, and 200 number of estimators was 0.9697,
where test samples were evaluated through confusion matrix. The most
effective biomarkers found by using the GB model, ordered according to
how significant they were in predicting the results, are shown in Table 7
below.

Table 7. Top Biomarkers Identified via GB

Rank Feature Importance
7 Troponin 0.609001
6 CK-MB 0.376480
3 Systolic blood pressure 0.005626
5 Blood sugar 0.004981
1 Gender 0.001960

Based on the above table, troponin stands out as the most significant
predictor with the highest significance score (~0.6) in the graph, which
displays feature importance ratings determined via GB. With a significant
contribution (~0.3) CK-MB comes next, emphasizing its value in the
diagnosis of cardiac disorders. On the other hand, characteristics like blood
sugar, systolic and diastolic blood pressure, age, gender, and heart rate
remain insignificant and play only a small part in the model’s predictions.
According to these findings, troponin and CK-MB are the most important
biomarkers for predicting cardiac-related outcomes, whereas other
characteristics have a minimal bearing on the final prognosis.

3.3. Support Vector Machine

SVM was used to classify biomarkers through bar graph, as shown in
Fig. 5, using recursive feature elimination (RFE). Based on the impact of
biomarkers on classification, the model prioritizes diastolic blood pressure,
heart rate, and blood sugar as key predictors, signifying their higher
contribution to the prediction of heart diseases, as shown in Figure 5. It
shows how efficiently these features separate heart disease patients from
normal individuals.
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0.5

0.0 -

Figure 5. Biomarker Identification via SVM

After training the model, hypertuning parameters with different values
of regularization were set. The best performance was achieved at C = 10,
with a validation accuracy of 86.87%, showing the model’s robustness in
classifying heart diseases, as shown in Table 9.

Table 8. Grid Search for the Regularization Parameter

Regularization Parameter Values Accuracy
0.01 67.68%
0.1 73.23%
1 76.77%
10 86.87%

3.4. Evaluation Matrics

These algorithms were evaluated by using confusion matrix. It is a
valuable tool to measure the performance of classification models. It
provides the breakdown of correct and incorrect predictions across various
classes.
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Figure 3. Confusion Matrix for Performance Evaluation (a) LASSO
Regularization (b) SVM (c) GB

The confusion matrix of Lasso regularization, shown in Fig. 5 (a),
revealed that 66 healthy individuals were classified correctly. On the other
hand, 119 individuals with heart disease were identifed correctly. The
model is robust as the rate of false negative and false positive remains low,
that is, 8 and 5 misclassifications, respectively.

SVM classified 65 cases accurately as healthy individuals and 109 as
diseased. On the contrary, it mistakenly identified 9 healthy individuals as
diseased and failed to detect 15 cases of affected patients, as shown in Fig.
5 (b). The GB classifier obtained a high accuracy of 95% according to the
confusion matrix, as shown in Fig. 5 (c). Moreover, it accurately detected
161 positive cases (true positives) and 97 negative cases (true negatives).
Nevertheless, it incorrectly identified two positive cases as negative (false
negatives) and four negative cases as positive (false positives). These
findings show that the GB model performs an effective task of
classifying attributes into appropriate classes.
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Figure 4. Receiver Operating Characteristics (ROC) Curve (a) LASSO

Regularization (b) SVM (c) GB

These models were also evaluated based on the receiver operating
characteristics (ROC) curve. It shows the graphical representation of the
diagnostic ability of a classification model. As the classification threshold
changes, this plot illustrates the trade-off between the true positive rate
(sensitivity) and the false positive rate (specificity). The performance of
LASSO regularization is shown in Fig. 6 (a) graphically by using the ROC
curve. The model can differentiate between positive and negative classes
with 75% probability, as indicated by its modest performance area under

graph (AUC) of 0.75.

The ROC curve of SVM, shown in Fig. 6 (b), has an AUC of 0.96 which
is close to 1. This shows the excellent performance of the model in
distinguishing between positive and negative classes. The model achieves a
high true positive rate (sensitivity) and a low false positives rate (specificity)
as the curve moves upwards and comes close to the top-left corner of the
plot. With an AUC of 1.0, the ROC curve shows that GB, as shown in Fig.
6 (c), performs exceptionally well and comes close to being a perfect
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classifier. This model shows specificity through a true positive rate nearly
equal to 100% and a false positive rate close to 0%.

Table 9. Classification Report

Model Class Precision Recall chi)-re Support Accuracy
Lasso 0 0.93 094 0093 74 0.89
Regularization 1 0.89 096 0.93 124 ’
Support Vector 0 0.81 0.88 0.84 74 0.87
Machine 1 0.92 0.88  0.90 124 '
Gradient ? 0.98 096 097 74 0.98

0.98 099 098 124

Comprehensive performance evaluation was conducted to assess the
effectiveness of the models for feature selection. Metrics including
accuracy, precision, recall, and F1-score were used to assess each model’s
performance. In Lasso regularization, hyperparameter tunning was
performed by using different values of alpha to optimize regularization
strength. The validated accuracy of 89.39% is shown by 0.001. It ensures a
fine balance between feature selection and predictive performance. In the
final model evaluation, the test dataset showed 93.43% accuracy, ensuring
a high reliability of the model in biomarker classification for heart diseases.
After the training model, hypertuning parameter with different values of the
regularization parameter were performed for SVM. The best performance
was achieved at C = 10, with a validation accuracy of 86.87%, which shows
its robustness in classifying heart diseases. This model achieves a precision
0f 92% and a recall of 88%. GB correctly classified the major cases with an
overall accuracy of 98%. With a precision rate of 98%, it actually classified
negative cases with 98% recall.

Boosting

The classification report is displayed in Table 9. Performance metrics
revealed that GB outperforms both Lasso regularization and SVM with the
highest accuracy of 98% and balanced precision, recall, and F1-scores
across both classes, making it a reliable model for classification.

4. DISCUSSION

A key element of preventive healthcare is the early detection of cardiac
disease, since it enables efficient interventions that significantly improve
patient diagnosis. Numerous conditions, such as hypertension, coronary
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artery disease, valvular heart disorders, and cardiomyopathy contribute to
heart illness, which is categorized as a complicated clinical syndrome. The
heart’s ability to sufficiently pump blood to meet the body’s needs is
severely hampered by the reduced cardiac function caused by the
aforementioned disorders [25].

The global disease burden of ischemic heart disease (IHD) is huge, that
is, approximately 125 million individuals are affected world wide,
presenting 1.72% of the global population. There were about 9 million
deaths alone in 2017 due to IHD, making it a major cause of mortality. By
2030, an increase is expected in its prevalence, which is forecasted to be
1,845 per 100,000 persons due to aging and worsening lifestyle risk factors
[26]. This escalating burden signifies the critical need for effective and early
diagnostics.

This study found that troponin and CK-MB are consistently significant
biomarkers to predict heart disease using both GB and Lasso regularization.
Diastolic blood pressure and heart rate are also significant determinants of
heart disease, as suggested by SVM. The difference is created by clinical
biomarker identification through important feature selection across these
algorithms due to their underlying feature selection mechanisms and
functional framework.

Lasso regularization linearly builds the correlation between the
predictor and outcomes and shrinks the value of non-important features to
zero, while the dominant becomes more prominent [27]. In GB, the
relationship is built non-linearly among features and weak points are
boosted to equally distribute their potential and rank them according to their
importance [12]. On the other hand, SVM makes feature classification by
using hyperplane with nonlinear interaction [28]. Acute cardiac biomarkers,
such as troponin and CK-MB, because of their strong correlation with heart
disease, are classified by Lasso regularization and GB. While,
hemodynamic parameters including diastolic blood pressure and heart rate,
which contribute to the risk of long-term heart disease, are prioritized by
SVM.

In this study, GB outperformed others with 98% accuracy. This was also
demonstrated by the study of Ren et al., which predicted coronary heart
index (CHI) as a non-invasive, effective, and trustworthy diagnostic tool
based on an XGB-based model. The application of this novel technique may
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result in more accurate and successful treatment plans, which would
ultimately enhance patient outcomes [29]. The Lasso regression model
works well with low-dimensional data, is simple to use, and is highly
effective with linear data. Nevertheless, when variables have intricate
relationships, it fails to achieve high accuracy [30]. The random forest
model can suffer from over-fitting if it detects noise in the training data, but
it scales well with big datasets, achieves high accuracy with many decision
trees, and is robust to noise. In contrast, the SVM model is more robust than
the Lasso regression model, performs well in classifying semi-structured or
unstructured data, and has a lower risk of overfitting. However, it is not
appropriate for large datasets with many features or datasets with missing
values, which results in poor generalization on new data and lack of
interpretability [31].

Heart diseases comprise complex pathophysiological processes which
vary greatly among individuals. Hence, it is difficult to collect all features.
Consequently, the attributes employed for the ML model might not be
applicable to all individuals. ML algorithms depend on multiple factors. In
addition to clinical characteristics, the ultimate performance of a model is
determined by its complexity, hyperparameters, and method variations.

One very specific biomarker of myocardial damage is troponin, which
is released into the bloodstream during cardiac injury. Studies have
repeatedly demonstrated its use as a diagnostic and prognostic tool in heart
disease [32]. Myocardial CK-MB or creatine kinase, for many years, has
been considered an isoenzyme of creatine kinase and used to identify
myocardial necrosis. Though less specific than troponin, CK-MB remains a
useful marker and, in combination with other clinical indicators, may still
be useful [33]. Although these biomarkers are used commonly in clinics,
research on how they could be incorporated into ML models remains scarce.
The performance of various ML models varies greatly. The ideal ML model
should be determined based on the the quantity and quality of the data, as
well as the optimized algorithms with the best hyperparameters.

Troponin is an important component of contractile apparatus in cardiac
myocytes and results in the formation of troponin-tropomyosin complex.
This complex is significant for the interaction between actin and myosin
during muscle contraction through calcium signaling. Ischemia and necrosis
lead to myocardial injury that affects cardiac sarcolemma. This causes the
release of cardiac specific Troponin T and Troponin I into the bloodstream.
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This is a direct indicator of cardiomyocyte damage. Troponin is widely used
as a gold standard biomarker for the diagnosis of acute myocardial
infarction, since elevated levels of Troponin I and Troponin T have high
sensitivity and specify to cardiomyocyte damage. During myocardial injury,
troponin is present in 99% high concentration for days, acting as a
diagnostic window [8]. In addition to its diagnostic role, troponin level is
also associated with cardiac damage and highlights risk stratification and
long-term prognosis in patients with heart disease [34].

Creatine Kinase-MB (CK-MB) is an isoenzyme of creatine kinase that
acts as a valuable biomarker for myocardial injury, particularly working
with troponin. CK-MB level rises in blood rapidly after myocardial damage.
It peaks within 18 to 24 hours and normalizes in 2 to 3 days, making it useful
in the diagnosis of recurrent ischemic event and reinfarction. It is also used
in monitoring perioperative cardiac infarction and differentiating cardiac
injury from skeletal muscle injury [33].

Diastolic blood pressure (DBP) and heart rate are chronic risk markers
that emphasize long-term progression of cardiovascular events due to
autonomous cardiac dysfunction. They are associated with coronary
perfusion impairment, vascular stiffness, left ventricular hypertrophy,
inflammation, and oxidative stress [34].

This study signifies the combined importance of troponin, CK-MB, and
age in ML-based predictive models. Advances with computational methods
enable the integration of various biomarkers with demographic and clinical
data that helps to improve the reliability and accuracy of prediction.

Troponin and CK-MB are biological indicators of myocardial
pathophysiology. Their elevated levels signal critical cellular processes,
such as apoptosis, necrosis, and inflammation, which are the hallmark of
heart diseases. The findings highlight the importance of such models being
integrated within diagnostic procedures and show that clinical biomarkers
may be combined with machine learning for the prediction of heart disease.
The goal of future research should be to validate these results in broader and
more varied groups. Finally, predictive accuracy of these models may also
be improved by examining imaging data and other clinical characteristics.
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4.1. Conclusion

This investigation underscores the significance of troponin and CK-MB
as powerful diagnostic markers for heart conditions. A variety of ML
approaches were used to consistently find these markers, namely Lasso
regularization, SVM, and GB. Their use in clinical cardiology confirmed
their biological value as biomarkers of myocardial damage and ischemia.
Numerous algorithms showed that machine learning and clinical
biomarkers can be joined to increase diagnostic precision. Future studies
should attempt to improve their predictive performance by incorporating
other biomarkers and validate these findings in larger, more diverse
populations. Utilizing cutting edge computational techniques, this strategy
offers a mechanism to more efficiently diagnose and treat heart diseases,
ultimately improving patient outcomes.
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ARTICLE INFO ABSTRACT

Handling Editor: Dr D Levy Objective: This study aims to bridge the gap between predictive modeling and causal inference by utilizing
lifestyle data from the National Health and Nutrition Examination Survey (NHANES) database to compare the

Keywords: predictive performance of multiple machine learning models for coronary heart disease (CHD). By incorporating

NHANES

Mendelian randomization, the study seeks to validate and identify the lifestyle variables with both predictive
power and causal impact on CHD.

Methods: We extracted variables related to demographic characteristics and lifestyle from the NHANES database
(2013-2018; n = 29,400). Recursive feature elimination (RFE) was employed to rank variable importance and
determine the optimal feature subset. Subsequently, eight machine learning models-including Support Vector
Machine (SVM), Neural Network (NN), Naive Bayes (NB), Extreme Gradient Boosting (XGBoost), Multilayer
Perceptron (MLP), Generalized Linear Model (GLM), Adaptive Boosting (AdaBoost), and Decision Tree (DT)-were
developed for CHD prediction. Model performance was evaluated using metrics such as accuracy, precision,
sensitivity, specificity, recall, F1-score, and the Receiver Operating Characteristic (ROC) curve, with variable
contributions visualized using Shapley Additive Explanations (SHAP). Additionally, Mendelian randomization
(MR) was applied to distinguish associative from causal relationships, validating top predictors via Genome-Wide
Association Study (GWAS)-derived genetic instruments.

Results: RFE identified age, sex, fasting blood glucose, body mass index (BMI), total cholesterol (TC) intake, sleep
duration, diastolic blood pressure, and smoking as the most significant predictors of CHD. Among the models,
SVM outperformed DT, AdaBoost, XGBoost, NN, MLP, NB, and GLM. The SVM model achieved the highest
performance with an accuracy of 83.4 % and an AUC value of 0.909, demonstrating clinically actionable pre-
dictive power. MR confirmed causal associations for five variables: BMI (OR: 1.01, P < 0.001), TC (OR: 1.01, P <
0.001), insomnia (OR: 1.03, P < 0.001), diastolic blood pressure (OR: 1.20, P < 0.001), and smoking (OR: 1.03,
P < 0.001), while fasting glucose showed null causality (P > 0.05).

Conclusion: The SVM machine learning model, based on NHANES data, enables faster and more efficient pre-
diction of CHD. The study identified age, sex, BMI, TC intake, sleep duration, diastolic blood pressure, and
smoking as the lifestyle variables with the greatest impact on CHD. This dual approach advances precision
prevention by combining predictive accuracy with genetic evidence.

Machine learning
Mendelian randomization
Coronary heart disease
Causal inference

1. Introduction advances in diagnosis and treatment [1]. Its rising prevalence is closely
linked to population aging and unfavorable shifts in lifestyle and dietary

Coronary heart disease (CHD), primarily driven by coronary patterns [2]. There is an urgent need for innovative strategies to effec-
atherosclerosis, remains a leading global cause of mortality despite tively mitigate its prevalence, particularly through enhanced public
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health campaigns and the promotion of healthier lifestyles. A
decade-long cohort study utilizing the UK Biobank database revealed a
significant association between frequent night shift work and an
increased risk of CHD, with a hazard ratio (HR) of 1.22 (95 % confidence
interval: 1.11-1.35) [3]. Sedentary behavior, obesity, and smoking have
also been shown to significantly increase CHD incidence, while higher
red meat consumption has been positively correlated with disease risk
[4,5]. Although these findings underscore the multifaceted role of life-
style—encompassing diet, physical activity, sleep, and substance use-
—in CHD development, observational evidence is inherently limited by
confounding and reverse causation. Establishing causal relationships
between specific lifestyle factors and CHD risk therefore requires more
robust analytical approaches.

Machine learning is increasingly used in medicine for high-
dimensional prediction and feature selection [6,7]. In cardiovascular
research, gradient-boosted trees and multi-layer perceptrons reached 95
% accuracy for CHD prediction, echoing the 95 % performance recently
reported for deep-learning systems that use high-risk treadmill ECG
features to detect obstructive CAD and for networks that forecast
short-term mortality in acute pulmonary embolism [8-10]. These
studies show that machine learning can both quantify CHD risk and flag
its principal drivers. However, population-based models that predict
CHD from lifestyle data rarely include sleep metrics and remain genet-
ically untested; moreover, their associations are confounded and caus-
ally unverified [11,12]. Integrating prediction with Mendelian
randomization addresses these gaps.

We integrate machine learning with two-sample MR to unify pre-
diction and causal testing. In 20,000+ NHANES adults we train and tune

International Journal of Cardiology Cardiovascular Risk and Prevention 27 (2025) 200536

eight lifestyle-only models for incident CHD, select the best on nested
cross-validation, then verify the top predictors by MR with publicly
available GWAS summary statistics (Fig. 1). This yields an accurate,
biomarker-free screening tool and a genetically supported shortlist of
modifiable targets for precision prevention.

2. Study population and methods
2.1. Machine learning

2.1.1. Data source and participants

We used the 2013-2018 NHANES cycles (n = 29,400), a cross-
sectional, nationally representative survey conducted by the CDC.
NHANES records self-reported physician diagnoses of CHD, lifestyle,
diet, and laboratory data; all participants gave informed consent and the
NCHS Research Ethics Review Board approved the protocol [13].

2.1.2. Data preprocessing

The inclusion criteria were as follows: (1) participants aged >18
years; (2) participants who completed the questionnaire regarding
whether a doctor had informed them of having coronary heart disease
(CHD), with complete questionnaire content and data. The exclusion
criteria were: (1) participants aged <18 years; (2) participants with a
CHD status of 9 (indicating an uncertain CHD status) based on the
NHANES questionnaire [14]. Ultimately, 16,997 participants were
included in the analysis. We incorporated the latest cardiovascular
health metrics updated by the American Heart Association—Life’s
Essential 8 (LE8) [15]—and included 21 variables from four domains:

2013-2018 NHANES

(n=29400)

Data preprocessing

1.KNN interpolation
2.Feature scaling

3. Remove zero variance and
high multicollinearity

partic

Inclusion of
ipants
(n=16997)

Exclusions

1. Age <18 (n=11439)

2. uncertainty of coronary heart
disease (n=964)

80% training

Class imbalance
treatment

Recursive feature

elimination
RF, LR, BDT
MR important
Verification variable

SVM. NN. NB. XGB, ‘

Cross-
validation
samplin;

20% validation
set

Best Machine SHAP

MLP, GLM, AdaBoost, DT J

Learning Models

Interpretable

Accuracy, precision, sensitivity, specificity,
Recall, F1 score, AUC value

Fig. 1. Study design flow The flow shows the process of screening and machine learning the NHANES database data, including the validation of Mendelian

randomization.
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(1) Demographic data (age, gender, education level, race, marital sta-
tus); (2) Questionnaire data (physical activity, sleep status, smoking,
and alcohol consumption); (3) Examination data (body mass index
[BMI], poverty index, fasting blood glucose, systolic and diastolic blood
pressure); and (4) Dietary data (energy, protein, carbohydrates, total
sugar, dietary fiber, total cholesterol [TC], and total fat). The diagnosis
of CHD was based on participants’ self-reported questionnaire data
indicating that a doctor had informed them of having CHD. All analyses
were performed without sample weights because the aim was to
examine biological associations rather than produce nationally repre-
sentative estimates.

We first conducted a statistical analysis of missing values and chose
the K-Nearest Neighbors (KNN) imputation method (with K = 5) to
complete the dataset. This method is more accurate than simple impu-
tation techniques (e.g., mean or median imputation), especially for
small to medium-sized datasets [16]. To meet the data format re-
quirements of machine learning algorithms, we normalized the data to a
range of (0, 1) using feature scaling [17]. We removed variables with
zero variance and those exhibiting high multicollinearity to enhance
model performance, interpretability, and reduce the risk of overfitting
[18]. The dataset was divided using K-fold cross-validation with K = 5,
resulting in 4 training sets and 1 test set. The final training set contained
13,598 samples, and the validation set contained 3399 samples [19]. To
address the significant disparity between positive (CHD) and negative
(non-CHD) outcomes, we employed the Random Over-Sampling Exam-
ples (ROSE) method to balance the outcome variable, thereby reducing
the numerical gap [20-22]. We utilized three common recursive feature
elimination (RFE) algorithms-Random Forest (RF), Logistic Regression
(LR), and Bagging Decision Trees (BDT)-to rank the importance of var-
iables. These algorithms evaluate feature importance by iteratively
building models and eliminating less important features, ultimately
identifying the optimal feature subset [23].

2.1.3. Machine learning framework

The dataset was divided into 80 % for training (n = 13,598) and 20 %
for testing (n = 3399). We employed eight different machine learning
models to identify CHD caused by lifestyle exposures: Support Vector
Machine (SVM), Neural Network(NN), Naive Bayes (NB), XGBoost,
Multilayer Perceptron (MLP), Generalized Linear Model (GLM), Adap-
tive Boosting (AdaBoost), and Decision Tree (DT). Each machine
learning algorithm has its unique characteristics, as described below:
SVM is a maximum-margin classifier whose computational complexity
grows polynomially with both the number of features and samples [24].
NN is a multilayered, non-linear model that captures high-dimensional
interactions by mimicking neuronal signal transmission [25]. NB is a
Bayes-theorem-based probabilistic classifier that assumes conditional
independence of features; it is computationally light and scales well to
high-dimensional data [26]. XGBoost is a gradient boosting algorithm
that can handle imbalanced data by adjusting weights. It is widely used
for classification problems [27]. MLP is a feedforward artificial neural
network that effectively captures nonlinear relationships, making it an
ideal choice for classifying complex and multifactorial diseases [28].
GLM is a flexible extension of linear regression that models non-normal
dependent variables by linking predictors to outcomes. It can represent
binary and count outcomes through different conditional distributions
and functional relationships [29]. AdaBoost is a boosting method that
typically achieves high training accuracy. However, it may reduce
classification accuracy for imbalanced data and increase computational
complexity [30]. DT is a A nonparametric supervised learning method
that is easy to understand and interpret, supports visual analysis, but is
prone to overfitting [31].

2.1.4. Model evaluation

To evaluate and compare the predictive performance of the machine
learning models, we employed various evaluation metrics, including:
Accuracy and 95 % Confidence Interval (95 % CI), Precision, Sensitivity,
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Specificity, Recall, F1 Score, ROC Curve and AUC [32]. In addition to the
aforementioned evaluation metrics, we introduced a confusion matrix to
provide a more intuitive visualization of the predictions made by the
machine learning models.

2.1.5. Model optimization

The best-performing model was re-trained with an exhaustive grid-
search of candidate hyper-parameters; each configuration was evalu-
ated by 10-fold cross-validation to stabilise performance estimates.
Calibration plots (predicted vs. observed probability) and decision-curve
analysis were then generated to confirm that the final model supplies
both well-calibrated probabilities and net clinical benefit across the
range of threshold probabilities encountered in practice.

2.1.6. Statistical methods

In this study, data selection, the establishment of machine learning
models, model optimization, and the creation of key visualizations were
conducted using R version 4.4.2. A seed number of 1234 was set for all
analyses to ensure reproducibility.

2.2. Mendelian randomization

2.2.1. Concept introduction

Large-scale genome-wide association studies conducted over the past
decade have identified numerous genetic variations associated with
cardiac metabolic traits and risk factors. These findings have enabled the
application of Mendelian Randomization (MR), a method that uses ge-
netic variations as instrumental variables for causal inference between
exposure and outcome, thereby determining whether the presumed risk
factors might have a causal impact on disease [33]. Based on the se-
lection of variables that significantly influence CHD from the optimal
machine learning models, this study attempts to utilize Mendelian
Randomization to validate the causal relationships, thereby enhancing
its persuasive power and clinical applicability.

2.2.2. GWAS data collection and processing

Samples were obtained by accessing the IEU OpenGWAS project
(mrcieu.ac.uk), collecting Genome-Wide Association Study (GWAS)
data for the important variables identified through machine learning.
The data for the exposure variables were preprocessed first, applying a
threshold of P < 1078 to filter single nucleotide polymorphisms (SNPs)
significantly associated with the exposure variables. To ensure inde-
pendence among the SNPs and to avoid the confounding effects of
linkage disequilibrium, a linkage disequilibrium coefficient (r? = 0.001)
was established, limiting the correlation among adjacent SNPs. Addi-
tionally, to restrict the analysis scope, a region width of 10,000 kb was
set, including only those SNPs within a certain distance from the target
SNP, thereby excluding the influence of pleiotropy on the results to
obtain instrumental variables related to the exposure variables [34].
After merging the exposure and outcome factors, a threshold of P < 108
was again applied to exclude SNPs that were directly associated with the
outcome variable, CHD. The final dataset thus formed constitutes the
requisite instrumental variables for further analysis and research in this
study [35](Supplementary Table 1).

2.2.3. Mendelian randomization analysis

This study employed five regression models for Mendelian
Randomization: MR-Egger regression, weighted median estimation
(WME), inverse variance weighting (IVW), a simple model, and a
weighted model. SNPs were used as instrumental variables to validate
the causal relationship between the exposure variables and the out-
comes. MR-Egger regression is a causal inference method that estimates
the causal effect based on instrumental variables while accounting for
potential instrument bias. The WME is another non-parametric approach
that can reduce potential biases by excluding data based on the median.
IVW estimates the overall effect by averaging the weights based on the
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variance of each study. The simple model is a linear regression method
that establishes relationships by either weighting or not weighting the
data, aiming to estimate the genetic correlation effect. The weighted
model provides more accurate estimates by considering the sample size
and error variance of each study.

2.2.4. Sensitivity analysis

Heterogeneity across SNPs was quantified with Cochran’s Q (P <
0.05 indicates significant heterogeneity); when present, random-effects
IVW was prioritised [36]. Directional horizontal pleiotropy was exam-
ined with the MR-Egger intercept [37]. Robustness was further assessed
by leave-one-out analysis: exclusion of any single SNP should not
materially alter the causal estimate [38].

2.2.5. Statistical methods

In this study, data import, instrumental variable selection, Mende-
lian Randomization analysis, and sensitivity analysis were all conducted
using the TwoSampleMR package within R version 4.4.2. Key parame-
ters and assumptions were adjusted to explore variations in the results.
Additionally, a significance level of a = 0.05 was adopted throughout
the analysis.

3. Results
3.1. Machine learning component

3.1.1. Baseline characteristics of NHANES participants

As is shown in Table 1, the characteristics of study participants with
and without CHD from the NHANES conducted between 2013 and 2018
were summarized. A total of 16,997 participants were included in the
analysis, of which 48.1 % were male, with an average age of 50.0 years.
Among the participants, 741 individuals were diagnosed with CHD (4.5
%). Notably, CHD patients were predominantly male, older, and pri-
marily non-Hispanic white compared to controls (all P < 0.05).

3.1.2. Preliminary selection of important variables

The results of the recursive feature elimination algorithm for the
ranking of important variables are presented in Supplementary Fig. 1.
After synthesizing the top five important variables from three different
algorithms, eight significant variables were identified for further anal-
ysis in the machine learning models. These variables include age, sex,
fasting blood glucose, BMI, TC, sleep duration, diastolic blood pressure,
and smoking status.

3.1.3. Establishment and validation of machine learning models

After the preliminary selection of the eight important variables, eight
different machine learning models-SVM, NN, NB, XGBoost, MLP, GLM,
AdaBoost, and DT-were developed. The evaluation metrics for each
model were computed, and confusion matrices were generated
(Supplementary Fig. 2). A comparison of the various parameters is
provided in Table 2, revealing that the SVM model exhibited the best
AUC performance at 0.909 (Fig. 2A) and an average accuracy rate of
83.4 % (82.8 %-84.1 %), indicating that it performs well in identifying
CHD. When the validation dataset was input into the SVM model, the
AUC remained high at 0.835, suggesting that even with unfamiliar data,
the SVM model is capable of maintaining strong recognition perfor-
mance, further confirming its stability and generalizability.

3.1.4. Evaluation and optimization of the best model

The optimal machine learning model for predicting CHD was iden-
tified as the SVM. In machine learning models, a higher Youden’s J
statistic indicates a stronger overall classification capability [39]. The
Youden’s J statistic for the SVM model was found to be 0.517, with the
best cut-off value achieving a sensitivity of 79.7 % and specificity of
87.4 % (Fig. 2B). These results demonstrate the model’s solid perfor-
mance in distinguishing positive cases (those with CHD) from negative
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Table 1
Baseline table of participants.
[ALL] 0 1 p-
overall
N=16,997 N=16,256 N=741
Age 50.0 (17.7) 49.1 (17.5) 68.7 <0.001
(10.7)
Gender: <0.001
Male 8169 (48.1 7678 (47.2 491
%) %) (66.3 %)
Female 8828 (51.9 8578 (52.8 250
%) %) (33.7 %)
Edu: 0.003
<High school 1612 (9.50 1519 (9.36 93 (12.6
%) %) %)
Completed high school 2095 (12.3 1991 (12.3 104
%) %) (14.1 %)
>High school 13,267 12,724 543
(78.2 %) (78.4 %) (73.4 %)
Race: <0.001
Mexican American 2486 (14.6 2419 (14.9 67 (9.04
%) %) %)
Other Hispanic 1789 (10.5 1726 (10.6 63 (8.50
%) %) %)
Non-Hispanic White 6242 (36.7 5819 (35.8 423
%) %) (57.1 %)
Non-Hispanic Black 3664 (21.6 3552 (21.9 112
%) %) (15.1 %)
Other Race 2816 (16.6 2740 (16.9 76 (10.3
%) %) %)
Marital: 0.078
Married/Living with 10,053 9638 (59.3 415
partner (59.2 %) %) (56.0 %)
Widowed/Divorced/ 6933 (40.8 6607 (40.7 326
Separated/Never %) %) (44.0 %)
married
PIR 2.49 (1.62) 2.50 (1.63) 2.33 0.003
(1.49)
BMI 29.5 (7.21) 29.5 (7.24) 30.2 0.008
(6.66)
Smoke: <0.001
No 9775 (57.5 9497 (58.4 278
%) %) (37.5 %)
Yes 7222 (42.5 6759 (41.6 463
%) %) (62.5 %)
Alcohol: 0.930
No 12,957 12,385 572
(90.6 %) (90.6 %) (90.8 %)
Yes 1342 (9.39 1284 (9.39 58 (9.21
%) %) %)
Sleep 7.43 (2.35) 7.42 (2.26) 7.69 0.062
(3.81)
Physical_Activity: 0.011
Inactive 9961 (58.6 9504 (58.5 457
%) %) (61.7 %)
Moderate 3514 (20.7 3349 (20.6 165
%) %) (22.3 %)
Vigorous 728 (4.28 708 (4.36 20 (2.70
%) %) %)
Both moderate and 2794 (16.4 2695 (16.6 99 (13.4
vigorous %) %) %)
Systolic 125 (18.9) 125 (18.6) 133 <0.001
(22.3)
Diastolic 70.6 (13.1) 70.8 (12.9) 65.7 <0.001
(14.8)
FBG 6.20 (2.11) 6.15 (2.04) 7.20 <0.001
(3.03)
Energy 2102 2110 1922 <0.001
(1007) (1012) (857)
Protein 81.0 (44.0) 81.3 (44.2) 72.8 <0.001
(37.0)
Carbohydrate 249 (126) 250 (127) 229 <0.001
(112)
Sugars 107 (76.5) 107 (76.6) 101 0.026
(72.8)
Dietary _fiber 17.0 (10.9) 17.0 (10.9) 16.1 0.040
(10.6)

(continued on next page)
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Table 1 (continued)

[ALL] 0 1 p-
overall
N=16,997 N=16,256 N=741
Fat 82.5 (48.3) 82.7 (48.5) 77.4 0.004
(44.5)
Cholesterol 305 (250) 306 (252) 278 0.001
(210)

t “Cholesterol” in NHANES 2013-2018 denotes dietary cholesterol estimated
from 24-h dietary recalls; it does not represent serum total cholesterol.

cases (those without CHD). Subsequently, hyperparameter tuning was
performed using a grid search algorithm, with the sigma parameter set
to (0.01, 0.02, 0.05, 0.1) and the C parameter set to (1, 2, 3, 4, 5). This
parametric setup systematically evaluated the performance of the SVM
model under different combinations for the classification task, ulti-
mately selecting the optimal parameter combination to enhance model
accuracy. Following the optimization, evaluation on the test dataset
yielded an AUC of 0.909, while the AUC for the validation dataset
improved to 0.855. This result not only reflects a significant enhance-
ment in the model’s accuracy and generalizability but also indicates that
the optimized model is more effective at differentiating between CHD
patients and non-patients.

To further evaluate the performance of the optimal SVM model, we
generated a calibration curve, as shown in Fig. 2C. The curve demon-
strates a good fit with the diagonal line (dashed), indicating a high
consistency between the model’s predictions and the actual outcomes.
Additionally, we plotted a decision curve to assess the net benefit of the
model. As illustrated in Fig. 2D, the prediction curve is above both the
All and None lines across most of the range (0, 1), suggesting that the
model holds practical utility in clinical predictions.

3.1.5. SHAP interpretability analysis

SHAP was employed to visually depict the impact of significant
variables on CHD. Fig. 3 illustrates the influence of each variable on the
detection dataset’s ability to identify CHD within the SVM model. On the
left panel of the figure, the variables are ranked in order of importance
based on their SHAP values, from top to bottom. The right panlee of the
figure shows that yellow indicates higher parameter values, while pur-
ple represents lower values. Furthermore, a waterfall plot
(Supplementary Fig. 3) is presented to exemplify a single prediction. In
the plot, the estimated model value is 0.823, while the predicted value
for the sample is 0.505. The variables contributing most significantly to
the model are age, sex, smoking status, BMI, and fasting blood glucose
levels.

3.2. Mendelian randomization component

3.2.1. Instrumental variable selection for mendelian randomization
Following the identification of eight significant factors affecting CHD
through machine learning, SHAP interpretability analysis was used to
rank these factors by importance. Due to the consensus that age and sex
are critical factors influencing CHD and the difficulties in obtaining
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relevant SNPs for these variables from the GWAS data, the remaining six
factors were selected for MR analysis. The GWAS ID for the exposure
variables, along with the number of SNPs excluded during the selection
process due to duplicate naming and palindrome SNPs with intermedi-
ate alleles, is summarized in Table 3. The outcome variable was stan-
dardized as CHD, with the GWAS ID designated as ukb-d-I9_CHD.

3.2.2. Results and testing of mendelian randomization

The results of the five Mendelian Randomization analyses for fasting
blood glucose indicated P > 0.05 (Fig. 4), suggesting a lack of statistical
significance. Furthermore, both the heterogeneity test and the hori-
zontal pleiotropy test yielded results of P > 0.05 (Table 3), indicating
that there is no evidence of heterogeneity or horizontal pleiotropy in the
analysis.

The results of the five Mendelian Randomization analyses for dia-
stolic blood pressure revealed P < 0.05 (Fig. 4), indicating statistical
significance. The heterogeneity test yielded P < 0.001, suggesting the
presence of certain heterogeneity, which prompts us to focus on the
random IVW results. The horizontal pleiotropy test indicated P > 0.05,
demonstrating no evidence of horizontal pleiotropy (Table 3). The
scatter plot (Supplementary Fig. 4A) suggests a consistent directional
effect among the five methods, indicating that an increase in diastolic
blood pressure is associated with an elevated risk of developing CHD.
The leave-one-out analysis results (Supplementary Fig. 5A) show all
error bars on one side of zero, while the funnel plot (Supplementary
Fig. 6A) reflects a relatively even distribution of points around the IVW
method, confirming the robustness of the study. These results suggest
that diastolic blood pressure exerts a causal effect on CHD, with an odds
ratio (OR) of 1.02 (1.01, 1.02).

In the five MR analyses for insomnia, the P-values for the IVW and
WME methods were less than 0.05, while the P-values for the remaining
three methods were greater than 0.05, indicating partial statistical sig-
nificance (Fig. 4). The heterogeneity test yielded a P < 0.05, suggesting
the presence of some heterogeneity, which indicates a need to focus on
the random IVW results. The horizontal pleiotropy test indicated P >
0.05, demonstrating no evidence of horizontal pleiotropy (Table 3). In
the scatter plot (Supplementary Fig. 4B), the direction of the MR-Egger
method was opposite to that of the other four methods; however, it did
not achieve statistical significance. In contrast, both the IVW and WME
methods showed consistent directionality, suggesting that as the rate of
insomnia increases, the risk of developing CHD also rises. The leave-one-
out analysis (Supplementary Fig. 5B) revealed that all error bars were
confined to one side of zero, and the funnel plot (Supplementary Fig. 6B)
illustrated a relatively even distribution of points around the IVW
method, reinforcing the robustness of the findings. The results indicate
that insomnia has a causal effect on CHD, with OR of 1.03 (1.01, 1.04).

In the analyses for BMI, the P-values for MR-Egger, IVW, and WME
were less than 0.05, while the P-values for the remaining two methods
were greater than 0.05, indicating partial statistical significance (Fig. 4).
The heterogeneity test yielded a P < 0.001, suggesting the presence of
significant heterogeneity, which underscores the importance of focusing
on the random IVW results. The horizontal pleiotropy test indicated P >
0.05, demonstrating no evidence of horizontal pleiotropy (Table 3). In
the scatter plot (Supplementary Fig. 4C), the directions of the MR-Egger,

Table 2

Comparison of machine learning performance of different models.
Models Accuracy(95 % CI) Precision Sensitivity Specificity Recall F1 AUC
LR 0.747(0.739,0.754) 0.733 0.782 0.710 0.782 0.757 0.812
DT 0.791(0.784,0.797) 0.770 0.834 0.747 0.834 0.801 0.862
XGBoost 0.775(0.768,0.782) 0.752 0.826 0.723 0.826 0.788 0.855
AdaBoost 0.780(0.773,0.787) 0.758 0.827 0.732 0.827 0.791 0.861
NB 0.754(0.747,0.761) 0.741 0.787 0.720 0.787 0.763 0.827
MLP 0.761(0.753,0.768) 0.732 0.829 0.691 0.829 0.777 0.830
NN 0.770(0.762,0.777) 0.741 0.834 0.704 0.834 0.785 0.846
SVM 0.834(0.828,0.841) 0.808 0.880 0.787 0.880 0.843 0.909
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Fig. 2. Plot (A) Receiver operating characteristic (ROC) curves of different machine learning models The curves show the predictive performance of logistic
regression (LR; AUC = 0.812), decision tree (DT; AUC = 0.862), Extreme Gradient Boosting (XGBoost; AUC = 0.855), Adaptive Boosting (AdaBoost; AUC = 0.861),
Naive Bayes (NB; AUC = 0.827), multilayer perceptron (MLP; AUC = 0.830), neural network (NN; AUC = 0.846), and support vector machine (SVM; AUC = 0.909),
with sensitivity versus 1-specificity. Different colors represent different machine learning models. Plot (B) Youden’s index analysis of the classifier performance
The ROC curve (SVM) demonstrates the trade-off between sensitivity (0.797) and specificity (0.874), with the optimal cutoff threshold of 0.517 identified by
Youden’s index. Plot (C) Calibration curve The curve illustrates the relationship between predicted values from the model and actual observed outcomes. Plot (D)
Decision curves The decision curves display the net benefits of using the predictive model at various threshold probabilities. (For interpretation of the references to

color in this figure legend, the reader is referred to the Web version of this article.)

IVW, and WME methods were consistent, indicating that as BMI in-
creases, the risk of developing CHD also rises. The leave-one-out analysis
(Supplementary Fig. 5C) showed that all error bars were on one side of
zero, and the funnel plot (Supplementary Fig. 6C) reflected a relatively
even distribution of points around the IVW method, further confirming
the robustness of the findings. The results suggest that an increase in BMI
has a causal effect on CHD, with an OR of 1.01 (1.01, 1.02).

The results of the five Mendelian Randomization analyses for TC
indicated P-values less than 0.05, establishing statistical significance
(Fig. 4). The heterogeneity test yielded a P < 0.001, suggesting signifi-
cant heterogeneity, which highlights the need to focus on the random
IVW results. The horizontal pleiotropy test returned P > 0.05, indicating
no evidence of horizontal pleiotropy (Table 3). The scatter plot
(Supplementary Fig. 4D) reveals consistent directional effects across all
five methods, suggesting that an increase in TC is associated with a
heightened risk of developing CHD. In the leave-one-out analysis (Sup-
plementary Fig. 5D), all error bars were located on one side of zero, and

the funnel plot (Supplementary Fig. 6D) displayed a relatively even
distribution of points around the IVW method, further confirming the
robustness of the findings. The results indicate that an increase in total
cholesterol has a causal effect on CHD, with an OR of 1.20 (1.14, 1.26).

In the MR analyses for smoking, the P-values for IVW, WME, and the
weighted model were all less than 0.05, indicating statistical signifi-
cance. In contrast, the P-values for the remaining two methods were
greater than 0.05, suggesting partial statistical significance (Fig. 4). The
heterogeneity test yielded a P < 0.05, indicating the presence of sig-
nificant heterogeneity, which emphasizes the importance of focusing on
the random IVW results. The horizontal pleiotropy test indicated P >
0.05, demonstrating no evidence of horizontal pleiotropy (Table 3). The
scatter plot (Supplementary Fig. 4E) illustrates consistent directional
effects across all five methods, indicating that an increase in smoking is
associated with an elevated risk of developing CHD. The leave-one-out
analysis (Supplementary Fig. 5E) showed that all error bars were posi-
tioned on one side of zero, and the funnel plot (Supplementary Fig. 6E)
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Fig. 3. SHAP Interpretable This figure displays the SHAP values for the features used in the predictive model. On the left side, features are ranked in order of
importance from top to bottom based on their SHAP values. The right side of the plot employs a color gradient, where yellow indicates higher parameter values and
purple signifies lower parameter values. This visualization helps to elucidate each feature’s contribution to the model’s predictions and highlights the variables that
have the most significant impact on the outcome. Caution: The negative SHAP values for DBP reflect reverse causation—low DBP is driven by advanced CHD or its
treatment (see Discussion and Supplementary Table 2) and should not be interpreted as a protective risk factor. (For interpretation of the references to color in this

figure legend, the reader is referred to the Web version of this article.)

Table 3
Statistical table of exposure variables.

Variables GWAS ID Unit of Measurement Exclusion of SNPs Final SNPs Heterogeneity P-value Horizontal polytropic p-value
FBG ebi-a-GCST000568 Per 1 mmol/L 0 14 0.066 0.404
Diastolic ebi-a-GCST90000059 Per 10 mmHg 4 199 <0.001 0.818
Insomnia ukb-b-3957 Odds (Ever vs. Never) 3 39 0.007 0.078
BMI ukb-b-19953 Per 1 SD (kg/m?) 17 441 <0.001 0.083
TC ieu-a-301 Per 1 SD (mmol/L) 2 86 <0.001 0.155
Smoke ebi-a-GCST90029014 Odds (Ever vs. Never) 9 120 0.038 0.333

demonstrated a relatively even distribution of points around the IVW
method, reinforcing the robustness of the findings. The results suggest
that increased smoking is causally linked to CHD, with an OR of 1.03
(1.02, 1.04).

4. Discussion
4.1. Key findings

This study employed eight common machine learning methods,
including SVM, NN, NB, XGBoost, MLP, GLM, AdaBoost, and DT, to
predict CHD based on lifestyle-related variables. Among them, SVM
showed the best performance among the eight machine learning models,
achieving an AUC of 0.909 and an accuracy of 83.4 %. The results of MR

analyses demonstrated positive associations for five variables: diastolic
blood pressure, insomnia, BMI, TC, and smoking. These findings suggest
that as the parameters of these five variables increase, the risk devel-
oping CHD also rises, indicating that these variables significantly in-
fluence the occurrence and progression of the disease. Notably, fasting
glucose showed predictive but not causal association (P = 0.21), sug-
gesting its role as a biomarker rather than therapeutic target - a critical
distinction enabled by our dual-method design.

4.2. Comparative performance analysis and innovation

Numerous studies have previously attempted to establish machine
learning models for predicting CHD. Liu and Zengjing developed a CHD
risk prediction model for patients with human immunodeficiency virus
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exposure outcome method nsnp
FBG CHD MR Egger 14
FBG CHD Weighted median 14
FBG CHD Inverse variance weighted 14
FBG CHD Simple mode 14
FBG CHD Weighted mode 14
Diastolic CHD MR Egger 199
Diastolic CHD Weighted median 199
Diastolic CHD Inverse variance weighted 199
Diastolic CHD Simple mode 199
Diastolic CHD Weighted mode 199
Sleeplessness CHD MR Egger 39
Sleeplessness CHD Weighted median 39
Sleeplessness CHD Inverse variance weighted 39
Sleeplessness CHD Simple mode 39
Sleeplessness CHD Weighted mode 39
BMI CHD MR Egger 441
BMI CHD Weighted median 441
BMI CHD Inverse variance weighted 441
BMI CHD Simple mode 441
BMI CHD Weighted mode 441
Cholesterol CHD MR Egger 86
Cholesterol CHD Weighted median 86
Cholesterol CHD Inverse variance weighted 86
Cholesterol CHD Simple mode 86
Cholesterol CHD Weighted mode 86
Smoking CHD MR Egger 120
Smoking CHD Weighted median 120
Smoking CHD Inverse variance weighted 120
Smoking CHD Simple mode 120
Smoking CHD Weighted mode 120

P<0.05 was considered statistically significant
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Fig. 4. Summary forest plot of the results of Mendelian randomization The analysis was conducted using multiple methods, including MR Egger, weighted
median, inverse variance weighted, simple mode, and weighted mode. The p-value threshold for statistical significance was set at P < 0.05. The forest plot at the
bottom indicates the direction of the effect, with protective factors on the left and risk factors on the right.

using seven machine learning techniques and electronic health record
data. Their results indicated that the Light Gradient Boosting Machine
(LightGBM) model exhibited superior overall performance, showing
enhanced reliability in assessing risk prediction factors for CHD [40]. In
another study, Ma and Cai-Yi analyzed the risk of CHD among more than
300,000 diabetic patients in Southwest China using three traditional
machine learning models. The random forest model produced an AUC of
0.701 on the test samples, providing personalized guidance for early
CHD warning in the diabetic population [41]. Similarly, Xu and Hu
utilized machine learning algorithms to predict CHD among diabetic
patients, drawing on data from the General Hospital of the PLA. Their
study employed five different machine learning algorithms, finding that
the established XGBoost model demonstrated significant predictive
value for elderly diabetic patients with CHD, achieving an AUC of 0.880
[42]. Compared to previous studies, this research. Unlike previous
studies limited to either prediction or correlation analysis, our research
advances CHD risk assessment through three key innovations: (1) sys-
tematic comparison of eight machine learning algorithms identifying
SVM as optimal (AUC = 0.909, accuracy = 83.4 %) using readily
obtainable lifestyle variables; (2) integration of MR to distinguish causal
risks (smoking, sleep duration) from mere biomarkers (fasting glucose);
and (3) development of a clinically actionable tool requiring only
non-invasive measurements, bridging a critical gap between risk pre-
diction and causal prevention strategies.

4.3. Model features and evaluation

In this study, we selected demographic data and 16 lifestyle-related
factors from the NHANES database as the feature variables. These
included age, sex, education level, race, marital status, physical activity,
sleep status, smoking, alcohol consumption, BMI, poverty index, fasting
blood glucose, systolic blood pressure, diastolic blood pressure, energy
intake, protein intake, carbohydrate intake, total sugars, dietary fiber,
TC, and total fats, totaling 21 variables. In contrast to most previous
studies [40-42], which have predominantly considered biochemical
indicators as key variables in CHD prediction models, our model focuses
on lifestyle-related indicators. These indicators are generally easier to
obtain and less invasive, with only fasting blood glucose being a mini-
mally invasive measurement that can be self-collected at home. There-
fore, the models we established operate independently of biochemical
indicators. Once high-risk individuals are flagged, their modifiable
lifestyle targets (sleep, physical activity, diet, alcohol, smoking) can be
delivered to patients and clinicians through mobile health (mHealth)
apps and telemedicine portals, tools that have already improved
heart-rate variability in high-risk diabetics and are poised to expand
scalable, guideline-aligned CHD prevention [43,44]. Our goal was to
develop a practical, convenient, and highly acceptable screening model,
which can facilitate early identification of individuals at risk of CHD
based on easily accessible lifestyle-related factors.

As is shown in Fig. 4, the relative importance of various variables
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identified in the final selection, with age, gender, fasting glucose, dia-
stolic blood pressure, smoking status, TC, BMI, and sleep quality being
the most significant factors influencing model design. Given the inherent
complexity of machine learning methods and the challenges in intui-
tively presenting results, we applied SHAP values for interpretability
within the SVM model to achieve optimal variable representation and
clarity. A positive SHAP value indicates that the associated feature
contributes to a higher risk of CHD, whereas a negative SHAP value
indicates a lower risk.

The interpretation of SHAP in conjunction with the causal validation
through MR reveals results that align closely with earlier studies on
coronary heart disease risk factors. Data from 102 prospective studies
indicate that for populations without a history of diabetes, fasting
glucose levels or impaired fasting glucose do not significantly improve
the predictive metrics for vascular diseases when considered alongside
several conventional risk factors [45]. A recent meta-analysis assessing
various hypertension diagnostic guidelines found that isolated diastolic
hypertension is associated with increased cardiovascular risk, and
higher diastolic blood pressure thresholds correlate with elevated car-
diovascular risk [46]. Although the ML model correctly reproduces the
empirical observation that lower DBP is associated with higher
contemporaneous probability of CHD (Fig. 3), this association is unlikely
to be causal. Because the model was trained on contemporaneous
measurements, the captured associations may reflect consequences of
already-established disease or its treatment rather than aetiological risk
factors. Supplementary Table 2 shows that participants with manifest
CHD were more frequently prescribed antihypertensive medications and
had lower cardiac output, both of which reduce measured DBP. Conse-
quently, low DBP should be interpreted as a marker of advanced disease
or aggressive treatment rather than a causal risk factor for CHD. We
attempted prospective validation using the NHANES 2013-2018 linked
mortality files; however, the follow-up duration is short and cardio-
vascular deaths are too few to meet the minimum event-per-variable
requirement of Cox regression. Notably, prior NHANES analyses re-
ported a sharp rise in cardiovascular mortality when DBP exceeded 75
mmHg, a direction consistent with our MR estimates and further sup-
porting a positive causal effect of long-term elevated DBP on CHD [47].
Hypertension is widely considered as an independent risk factor for
CHD; however, initial discussions often prioritize systolic blood pres-
sure, leading to an underappreciation of diastolic pressure. Our study
demonstrates that diastolic pressure plays an indispensable role in the
risk associated with coronary heart disease, suggesting that healthcare
professionals and the public should equally weigh diastolic pressure
alongside systolic pressure when evaluating cardiovascular health.
Existing data indicate that insomnia is linked with an increased risk of
hypertension, coronary heart disease, and recurrent acute coronary
syndrome [48]. Due to societal pressures and health-related issues,
insomnia has become a pervasive sleep disorder, significantly impacting
the daily lives and mental health of many individuals. Our study further
validates the significant role of insomnia in the risk of CHD, indicating
that the cardiovascular health risks among individuals with insomnia
may be more severe than those in the general population. We emphasize
the importance of sleep quality and encourage the public to develop
good sleep habits, which could potentially incidence CHD Regarding the
well-known cardiovascular risk factor, BMI, a prospective cohort study
from the China Biobank indicates that participants who are overweight
have a 41 % higher risk of developing CHD compared to those with BMI
[49]. With the advancement technology and the rise a smart society,
increasing of individuals are opting for modes of, resulting in a general
increase in BMI. To mitigate the risk of CHD, recommend that in-
dividuals engage in exercise, their BMI, and maintain a healthy.
Elevated levels of TC have long been recognized as one of the primary
causes of atherosclerosis and cardiovascular diseases. We emphasize
that the “cholesterol” entry in Table 1 quantifies dietary cholesterol
intake, whereas the MR exposure is based on serum TC. The inverse
cross-sectional association between dietary cholesterol and prevalent
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CHD (Table 1) is therefore not contradictory to the positive
genetically-predicted effect of serum cholesterol on incident CHD
(Fig. 4). The observed inverse association likely reflects reverse causa-
tion: individuals with diagnosed CHD frequently reduce consumption of
high-cholesterol foods, attenuating their apparent intake. Circulating
cholesterol, in contrast, captures systemic lipid metabolism that causally
elevates CHD risk. This distinction underscores the limitation of inter-
preting dietary variables as proxies for biological exposure and re-
inforces the need for MR designs that leverage serum lipid biomarkers.
Our MR analysis of TC implicates genetically elevated TC as a causal
CHD driver; this aligns with evidence that saturated fat and added
sugar—rather than dietary cholesterol itself—are the main dietary de-
terminants of TC. Reducing animal-source foods rich in these fats and
sugars (e.g., fatty red meat, full-fat dairy, sugar-sweetened items) would
therefore be expected to lower serum TC and consequent CHD risk.
Smoking has long been recognized as an independent risk factor for
cardiovascular diseases, and our study similarly highlights its significant
impact on the risk of CHD. Research indicates that the risk of cardio-
vascular events decreases significantly within five years after quitting
smoking, and this risk can diminish to levels comparable to never
smokers over several decades [50]. This finding suggests that it is never
too late to take action to quit smoking, regardless of when one begins the
cessation process. It is crucial for individuals to recognize the harmful
effects of smoking on health; distancing oneself from cigarettes can
effectively reduce the risk of CHD. By quitting smoking, individuals not
only improve their own health status but also contribute to creating a
healthier environment for those around them.

4.4. Limitations and future directions

Several limitations are present in our study. First, the diagnosis of
CHD was defined based on self-reported data from interview question-
naires in the NHANES database, which may introduce information bias
due to cognitive deficits or recall bias. Any inaccuracies in CHD classi-
fication could, to some extent, affect the accuracy of machine learning
models in identifying CHD. Second, during the inclusion of overall data
for machine learning model analysis, there were still some missing
metrics for certain participants. Although we employed rigorous statis-
tical methods for imputation, some residual bias may persist. Further-
more, as our study is based on the NHANES database and the GWAS gene
repository, the results may only be applicable to the U.S. population and
may not be directly generalizable to other global populations. Future
research should focus on validating our model across diverse pop-
ulations, such as those from UK and Asian biobanks, while also incor-
porating clinical diagnoses, including data from electronic health
records, to mitigate self-report bias. Additionally, the use of advanced
methodologies like federated learning, deep learning architectures, and
multi-omics integration, such as proteomics, has the potential to
enhance the model’s robustness and biological interpretability. More-
over, implementation studies are crucial to assess the real-world appli-
cability, cost-effectiveness, and development of clinician-friendly
interfaces, which are essential for the scalable adoption of the model in
preventive healthcare.

5. Conclusion

While previous researchers have developed predictive models for
CHD, most of these models have incorporated laboratory metrics from
hospital settings and utilized traditional statistical methods. With the
continuous advancement and refinement of machine learning in recent
years, its applications in healthcare have become increasingly prevalent.
This study demonstrates the potential of using lifestyle-related data to
predict CHD through machine learning methodologies. We utilized data
from 29,400 respondents from the NHANES, incorporating 21 lifestyle
variables and applying eight common machine learning models for
analysis. Following model training, we evaluated and compared the
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models using the AUC. The performance ranking of the eight machine
learning models was SVM > DT > AdaBoost > XGBoost > NN > MLP >
NB > GLM, with the SVM model achieving an accuracy of 83.4 % and an
AUC of 0.909. Subsequently, SHAP interpretability and Mendelian
randomization validation were performed, and our cumulative results
indicate that the SVM model can better predict CHD using lifestyle-
related indicators. In daily life, individuals can reduce their risk of
developing CHD by minimizing cholesterol intake, paying attention to
changes in diastolic blood pressure, managing sleep duration appro-
priately, maintaining BMI within a normal range, and avoiding smoking
or quitting as early as possible. To summarize, by synergizing machine
learning and MR, we developed and causally validated a practical CHD
prediction tool. Our findings shift prevention paradigms from
biomarker-centric approaches to modifiable lifestyle factors, offering a
scalable strategy to reduce the global CHD burden.
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