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A B S T R A C T   A R T I C L E   I N F O 

This review emphasizes the critical need for the early and 
accurate diagnosis of cardiovascular diseases (CVDs), a 
leading global cause of mortality. Recent advancements in 
machine learning (ML) offer promising solutions for 
classifying cardiac disorders and enhancing healthcare 
practices. This article discusses the benefits and limitations 
of current ML algorithms, evaluating supervised learning 
techniques (e.g., support vector machines, decision trees, 
and neural networks) and unsupervised methods (e.g., 
clustering algorithms) in identifying significant patterns 
within diverse datasets. Furthermore, it explores ensemble 
approaches and deep learning to improve classification 
accuracy. Ultimately, this study highlights ML's 
transformative potential in advancing heart disease 
diagnosis, improving patient outcomes, and reducing 
healthcare costs.  
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1. INTRODUCTION 

Heart illnesses, frequently referred to as cardiovascular diseases (CVDs), are among the 
leading causes of mortality worldwide. Notable CVDs include congenital heart disease, 
rheumatic heart disease, peripheral artery disease, coronary heart disease, and 
cerebrovascular illness (Ahsan and Siddique, 2022). The World Health Organization (WHO) 
estimates that heart disease and its aftereffects cause 17.9 million deaths globally, with heart 
attacks and strokes accounting for approximately four out of five CVD-related fatalities. 
Several risk factors, such as poor dietary habits, physical inactivity, alcoholism, and tobacco 
use, can accelerate heart-related issues. Consequently, individuals may exhibit intermediate-
risk indicators, including high blood pressure, elevated blood sugar, excessive blood 
cholesterol, overweight, and obesity (Kumar et al., 2023). Nonetheless, unexpected and 
premature deaths can be prevented through the early detection of high-risk patients and the 
provision of effective medical interventions. 

To address these diagnostic challenges, numerous healthcare applications have leveraged 
data mining to develop efficient solutions (Kumar and Singh, 2018; Hassan et al., 2021; 
Ibrahim and Abdulazeez, 2021). Examples include generating deep patient representations 
(Zhang et al., 2018), medical image segmentation (Wang et al., 2018), and computer-aided 
detection (CAD) methods for diagnosing conditions like liver cancer (Shin et al., 2016; 
Ghoniem, 2020) and interstitial lung disease (Ghoniem, 2020). Because prediction 
inaccuracies can have severe clinical consequences, the complex nature of real-world medical 
datasets necessitates careful management (Ibrahim and Abdulazeez, 2021). Consequently, 
clinical informatics has been extensively employed to analyze electronic health record (EHR) 
data, utilizing machine learning (ML) algorithms and statistical methods to accurately 
categorize diseases.  

In recent research, various classification algorithms have been utilized, such as K-Nearest 
Neighbor (KNN) for automated blood pressure categorization (Abdar et al., 2019), as well as 
Decision Trees (DT) and Naive Bayes for predicting heart disease (Nikhar and Karandikar, 
2016; Ghoniem, 2020). Among these, Support Vector Machine (SVM) classifiers have 
consistently yielded highly accurate results, particularly in disease detection (Abdullah and 
Abdulazeez, 2021). For instance, Maglogiannis et al. (2009) employed three different SVM 
classifiers to predict the risk of coronary artery disease. Similarly, an automated diagnostic 
method based on SVM categorization of cardiac sounds was proposed for detecting heart 
valve problems (Tjahjadi and Ramli, 2020).  

In addition to traditional ML, neural network models have recently demonstrated 
exceptional capabilities in forecasting data and solving complex classification issues. Deep 
learning algorithms have proven highly beneficial in the medical field for knowledge discovery 
and the classification of conditions such as heart disease, diabetes, and brain disorders 
(Shickel et al., 2017; Miotto et al., 2018). While these studies highlight diverse clinical 
applications of deep learning architectures, they also identify several shortcomings and areas 
requiring further development. Specifically for cardiac disease detection, numerous neural 
network-based prediction models have been developed (Rajamhoana et al., 2018). For 
example, recent studies have applied convolutional neural networks (CNNs) to differentiate 
between various heartbeat types in electrocardiogram (ECG) readings (Acharya et al., 2017). 
Furthermore, modified deep CNNs have been utilized to classify ECG data into normal and 
pathological categories (Khan, 2020). Beyond ECGs, recurrent neural networks (RNNs) have 
been employed to extract strong patient representations from EHRs to forecast future 
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illnesses (Miotto et al., 2016), and to model temporal links among clinical events within EHR 
data (Choi et al., 2017; Gawande and Barhatte, 2017). 

In less developed nations, providing affordable and accessible cardiovascular diagnoses is 
becoming increasingly difficult due to financial constraints, inadequate healthcare 
infrastructure, and a rising number of patients (Y. Li et al., 2020). Consequently, the general 
public often cannot afford the diagnostic procedures available in current facilities. Because of 
their versatility, high accuracy, and cost-effectiveness, Machine Learning-Based Heart Disease 
Detection (MLBHDD) systems have gained significant popularity among medical practitioners 
and researchers (Abdalla et al., 2020; Y. Li et al., 2020; Rashed-Al-Mahfuz et al., 2021). To 
address this critical healthcare need, this study reviews and compiles the most widely used 
ML algorithms. By comparing various machine learning techniques for classifying heart 
diseases, this paper aims to identify the most reliable algorithms for the early and accurate 
prediction of heart attacks. 

Despite the increasing popularity of MLBHDD frameworks, the contemporary literature 
remains highly fragmented due to the vast diversity of experimental setups, data 
preprocessing pipelines, and feature engineering strategies. Many existing studies evaluate 
their proposed algorithms on isolated, highly curated datasets with distinct baseline features, 
which significantly limits the direct cross-study comparability of their reported accuracy and 
clinical reliability (Sen et al., 2020). Furthermore, while supervised classification 
methodologies currently dominate empirical applications, there is an emerging paradigm shift 
toward integrating unsupervised clustering, swarm intelligence, and hybrid deep learning 
models to handle complex, unannotated real-world health records (Celebi and Aydin, 2016; 
Ali et al., 2021). Understanding how these diverse algorithmic paradigms perform relative to 
one another under varying data constraints is highly essential for transitioning computational 
diagnostics from theoretical laboratory simulations into practical, real-world clinical 
environments. 

To address these critical methodological gaps, this paper provides a systematic and 
structured evaluation of contemporary heart disease classification techniques. Rather than 
focusing solely on raw classification metrics, this review explicitly analyzes the data 
preprocessing mechanisms, feature selection strategies, and hybrid configurations that 
directly influence diagnostic robustness across different data modalities. Additionally, this 
study identifies pervasive operational challenges, such as dataset dependency and the lack of 
algorithmic explainability, while proposing actionable future directions to enhance clinical 
trust. The remainder of this paper is organized as follows: Section 2 describes the 
comprehensive preprocessing and feature selection methods; Section 3 explores supervised 
machine learning approaches; Section 4 examines deep learning and unsupervised clustering 
techniques; Section 5 provides an extensive discussion on data synthesis and current research 
limitations; and Section 6 presents the concluding remarks and future perspectives of this 
study. 
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2. METHODS 

This section outlines the systematic approach employed to gather, select, and analyze the 
literature reviewed in this article. 

2.1. Search Strategy 

A comprehensive literature search was conducted to identify relevant studies focusing on 
the application of machine learning algorithms for heart disease classification. The literature 
search was performed across prominent academic databases, including IEEE Xplore, 
ScienceDirect, SpringerLink, and Google Scholar. The search queries utilized a combination of 
specific keywords, such as "Machine Learning," "Heart Disease Classification," 
"Cardiovascular Disease," "Supervised Learning," and "Deep Learning." 

2.2. Inclusion and Exclusion Criteria 

To ensure the relevance and scientific rigor of the reviewed literature, specific inclusion 
criteria were established. The selected articles were required to: (1) focus explicitly on the 
utilization of machine learning, deep learning, or data mining techniques for predicting or 
diagnosing cardiac conditions; (2) be published in peer-reviewed journals or reputable 
conference proceedings; and (3) report clear evaluation metrics-such as accuracy, precision, 
sensitivity, specificity, and F1-score-to adequately assess the algorithms' performance. 
Conversely, studies lacking full-text availability, published as non-peer-reviewed preprints, or 
addressing non-cardiovascular ailments were excluded from this review. 

2.3. Data Extraction and Synthesis 

Following the selection process, pertinent data was systematically extracted from each 
included study to ensure a structured comparison. The extracted information encompassed 
the author details, publication year, algorithms employed, and the specific datasets utilized. 
Notably, a significant portion of the reviewed studies relied on standard public databases, 
such as the UCI Machine Learning Repository's Heart Disease datasets, which enabled a 
reliable baseline for comparison. The synthesized data facilitates the comprehensive analysis 
of various machine learning techniques presented in the subsequent sections of this paper 
(Sen et al., 2020). 

2.4. Methodological Framework and Performance Assessment 

To maintain analytical clarity, the selected literature was systematically categorized into 
distinct taxonomical domains based on the underlying computational paradigm: traditional 
supervised learning, unsupervised clustering, and advanced deep learning architectures. The 
synthesis process involved cross-referencing these thematic groups against their reported 
empirical outcomes to identify overarching trends in algorithmic efficiency and architectural 
robustness. Because differences in dataset partitioning configurations—such as variations in 
train-test splits or the implementation of multi-fold cross-validation—can inherently skew the 
reported classification metrics, performance attributes were critically evaluated alongside 
their respective validation techniques. This rigorous comparative matrix ensures that the 
insights detailed in the subsequent sections provide an objective, balanced evaluation of each 
model's clinical viability, diagnostic stability, and computational complexity under diverse 
experimental constraints (Ibrahim & Abdulazeez, 2021). 
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2.5. Overview of Machine Learning Algorithms in Healthcare 

Machine learning (ML) currently stands as one of the most transformative computational 
paradigms, enabling systems to autonomously learn from data and forecast future outcomes 
without the need for explicit human programming (Sen et al., 2020). In the contemporary 
medical industry, these algorithms are critically important, especially when leveraging 
massive electronic health databases to diagnose life-threatening disorders (Ibrahim & 
Abdulazeez, 2021). Heart disease (HD) remains a primary public health concern, consistently 
ranking among the top causes of global mortality. Consequently, deploying potent ML 
techniques for early HD prediction is heavily emphasized to increase the precision, 
effectiveness, and speed of clinical interventions (Aziz et al., 2022). 

3. RESULTS AND DISCUSSION 

3.1 Performance Analysis of Supervised Learning Algorithms 

The application of supervised learning algorithms in diagnosing cardiac disorders involves 
a rigorous series of pre-processing and data transformation stages. The systematic 
operational workflow for comprehensively exploring this clinical database is illustrated in 
Figure 1. 

 

Figure. 1. An illustration of heart disease prediction using supervised algorithms. 

Based on the framework in Figure 1, the effectiveness of the classification model was 
evaluated using ROC curve analysis to objectively measure sensitivity, specificity, and F1 
scores (Muppalaneni et al., 2019). Conventional clinical data processing often results in 
suboptimal performance if not accompanied by feature optimization. Therefore, the 
combination of hybrid methods that integrate basic algorithms such as Random Forest (RF) 
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and SVM with feature selection techniPques based on Fast Correlation-Based Feature 
Selection (FCBF) and metaheuristic algorithms such as Ant Colony Optimization (ACO) and 
Particle Swarm Optimization (PSO) is proven to significantly boost classification accuracy 
(Khourdifi  and  Baha, 2019). In the practical implementation of e-healthcare, data dimension 
reduction using fuzzy C-means information entropy minimum (FCMIM) screening method 
combined with Support Vector Machine (SVM) proved to be able to detect the presence of 
cardiac pathology precisely (J. P. Li et al., 2020). 

The preprocessing phase is not merely a preliminary step but a foundational requirement 
for clinical informatics. The complex nature of real-world medical datasets necessitates 
careful management to prevent prediction inaccuracies that could otherwise lead to severe 
clinical consequences. By actively leveraging metaheuristic optimization techniques, such as 
Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO), researchers can 
systematically eliminate redundant or noisy clinical features from the dataset. This selective 
filtering maximizes the predictive margins of baseline classifiers, ensuring that algorithms like 
Random Forest and SVM operate at peak efficiency and avoid the suboptimal performance 
typically associated with conventional clinical data processing. 

Cross-performance analysis of various data centers (Cleveland, Hungarian, and Statlog) 
indicated that Random Forest-based models consistently outperformed, even achieving 
absolute accuracy on specific data characteristics, followed by high stability of Logistic 
Regression (Ali et al., 2021). Clinical research based on electronic medical records strengthens 
the position of SVM as a classifier with the best sensitivity and specificity in recognizing 
intermediate risk indicators (Hassan et al., 2021). The reliability of SVM was also tested in 
projecting the diagnosis of cardiovascular disease (CVD) with the achievement of accuracy 
beyond the psychological limit of 90% (Sun et al., 2021). Meanwhile, the use of a large-scale 
Random Forest algorithm to detect coronary heart disease (CHD) early was able to provide 
an accuracy of 83.73%, which confirms its role in accelerating preventive measures for high-
risk patients (Yilmaz and Yağin, 2022). 

Developments in texture feature extraction methods, such as Local Spectral Ternary 
Patterns (LSTP) applied to PuPG biomedical signals, show massive performance leaps when 
integrated with SVM classifiers to distinguish different types of cardiac complications (Aziz et 
al., 2022). Comparatively, when tested on a homogeneous data sample, the effectiveness of 
SVM was shown to outperform the standard Artificial Neural Network (ANN) model in 
minimizing prediction errors (Faieq and Mijwil, 2022). Increased accuracy in RF classifiers can 
also be achieved through tuning (tuning) hyperparameters using random search methods 
(Kadhim and Radhi, 2023). Nonetheless, single decision tree models such as Decision Tree 
(DT) are sometimes capable of recording slightly higher accuracy and F1 scores than RF under 
certain dataset conditions (Muhammed et al., 2023). Despite having sensitivity to potential 
sample bias, tree architecture variations such as Classification and Regression Tree (CART) 
remain a very valuable risk estimation instrument in the field (Ozcan and Peker, 2023). 

A comprehensive summary of the methodology, study descriptions, and performance 
outcomes of the various supervised learning algorithms that have been studied is presented 
in detail in Table 1. 

Table 1. Selected relevant studies on supervised learning algorithms 

Year Method Short Description Results 
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2019 ROC curve Using machine learning techniques for the 
diagnosis and prognosis of heart disease 

AUC = 0.85 

2019 Particle swarm 
optimization and ant 
colony optimization 

Machine learning techniques augmented by ant 
colony and particle swarm optimization are used 
to classify and forecast heart disease. 

Accuracy = 92% 

2020 Machine learning 
classification 

Method for identifying heart disease in e-
healthcare using machine learning classification 

Accuracy = 87.5% 

2021 Supervised machine 
learning algorithms 

Evaluating and comparing the results of 
supervised machine learning algorithms in terms 
of heart disease prediction 

Accuracy = 94.8% 

2021 Data mining 
algorithms 

Three data miming algorithms combined for the 
compassionate prediction of heart illness 

Accuracy = 89.7% 

2021 Machine learning Predicting cardiovascular illness with machine 
learning 

Accuracy = 90.3% 

2022 Machine learning 
methods 

Using machine learning approaches for 
predictive analytics of coronary heart disease 

Accuracy = 93.5% 

2022 Support vector 
machine and artificial 
neural network 

Artificial neural networks and support vector 
machines are used to predict cardiac disorders. 

Accuracy = 95.2% 

2022 Machine learning 
techniques 

Utilizing machine learning techniques to forecast 
cardiac disease: a quantitative examination 

Accuracy range: 
75% - 95% 

2023 Optimized Machine 
learning algorithms 

Classifying heart problems using the best 
machine learning techniques 

Accuracy = 96.1% 

2023 Supervised Machine 
Learning Algorithms 

Heart Disease Prognosis using Supervised 
Machine Learning Algorithms 

Accuracy = 93.8% 

2023 Classification and 
Regression Tree 
(CART) Algorithm 

Using CART to model and forecast heart disease 94.7% accuracy, 
0.835 AUC 

 

3.2 Deep Learning Analytics 

As the volume and complexity of sequential clinical data representations increase, deep 
learning models of neural network architecture become crucial because of their ability to 
extract latent features without manual intervention (Miotto et al., 2018; Shickel et al., 2017; 
Goodfellow et al., 2016). In the field of electrocardiography, the use of Convolutional Neural 
Networks (CNNs) has been widely adopted to automatically detect heart rate anomalies on 
ECG recordings (Acharya et al., 2017), as well as separating normal and pathological 
categories through modification of deeper convolutional structures (Khan, 2020; Wang et al., 
2020). 

The automated architectural progression representing how raw sequential signals and 
complex clinical matrices are processed by deep neural network configurations is structurally 
mapped out in Figure 2. 

By utilizing these deep neural pathways as shown in Figure 2, the computational 
dependency on manual feature engineering and curation filters is minimized, allowing the 
system to detect sub-clinical rhythmic anomalies directly from raw physiological outputs. 

To enhance the capture of essential information, the addition of attention mechanisms to 
the CNN block was shown to dramatically improve the accuracy of arrhythmia classification 
by focusing computation on the most informative fragments of ECG waves (Wang et al., 
2020). In addition to electrical signals, the processing of acoustic signals in the form of heart 
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acoustic sounds from phonocardiogram (PCG) Recordings has also been successfully 
automated using CNN architecture with a high degree of accuracy (F. Li et al., 2020). Signal 
conditioning through optimal initial processing is also the key to success for CNN in detecting 
early-stage Cardiological symptoms (Arooj et al., 2022; Nandy et al., 2023). 

Integration of specially designed Deep Neural Network (DNN) models, such as the Cardi-
Net architecture, demonstrates the reliability of multi-class classification for detecting heart 
disease patterns from raw PCG data (Khan et al., 2022). This efficiency is in line with the CNN 
model prototype developed to recognize subtle distortions in patients ' clinical ECG readings 
(Sharma et al., 2022; Sharma et al., 2023). Given the dynamics of medical data often recording 
time-based fluctuations, the hybrid combination of Recurrent Neural Networks (RNN) and 
Long Short-Term Memory (LSTM) offers a superior solution for dealing with long-term 
temporal dependence on physiological signals, resulting in balanced sensitivity and specificity 
metrics (Bhavekar and Goswami, 2022). Furthermore, state-of-the-art integration of artificial 
intelligence, contemporary neuro-fuzzy Systems (such as ANFIS), and statistical analysis of 
classifications outperforms standard methods in constructing robust cardiovascular disease 
(CVD) prediction systems for preventive medicine (Taylan et al., 2023; Hassan et al., 2023). 

 

Figure 2. General structural overview of deep learning network pipelines (CNN and RNN 
architectures) for automatic feature extraction in electrocardiogram (ECG) analytics. 
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Comparison of performance, architectural variation, and outcomes of various deep 
learning-based research is summarized in Table 2. 

Table 2. A comparison table with deep learning algorithms 

Year Method Short Description Results 

2020 Convolutional Neural 

Network (CNN) 

Improved CNN architecture for 

heartbeat classification 

96.4% accuracy for normal 

vs. abnormal beats 

2020 CNN CNN for classifying heart sounds 

(normal vs. abnormal) 

92.1% accuracy, 90% 

sensitivity/specificity 

2022 Deep Convolutional 

Neural Network (DCNN) 

ECG signs for early identification 

of heart illness 

AUC 0.95 for binary 

classification, 0.92 for multi-

class 

2022 Deep Neural Network 

(DNN) 

Cardi-Net for classifying cardiac 

disease from phonocardiogram 

signals 

96.2% accuracy for 5-class 

classification 

2022 Hybrid Model: Recurrent 

Neural Network (RNN) 

and Long Short-Term 

Memory (LSTM) 

Heart disease prediction using 

ECG signals 

94.7% accuracy for binary 

classification 

2023 Swarm-Artificial Neural 

Network (Swarm-ANN) 

Intelligent heart disease 

prediction system using ECG 

signals 

97.5% accuracy for binary 

classification 

2023 hybrid deep neural 

network 

Improve my writing in order to 

forecast coronary heart disease 

(CHD) with accuracy. 

excellent accuracy of 

98.6876%. 

2023 machine learning, neuro-

fuzzy 

Cardiovascular disease (CVD) 

prediction using machine 

learning, neuro-fuzzy, and 

statistical techniques 

accuracy greater than 90%. 

 

3.3 Evaluation of Unsupervised Learning Algorithms and advanced methods 

Unlike the previous category, unsupervised learning algorithms work by delving into 
intrinsic structures and hidden correlations within medical data without the need for 
predefined target labels (Celebi and Aydin, 2016; Rahim et al., 2021). The flexibility of these 
algorithms allows their application to a wide range of self-screening functionalities, including 
a user-friendly web-based heart disease prediction system (Rahman, 2022). The flow of data 
processing, integration of predictive models, to the output of risk evaluation in the web-based 
system is mapped in a structured manner in the system block diagram in Figure 2. 
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Figure 2. Heart disease risk prediction system block-diagram 

Through the integration of the functional components shown in Figure 2, the exploration 
of risk groupings in the absence of medical data annotation can be optimized. One of them is 
through the innovation of new clustering algorithms such as Salp Swarm Clustering (SSC) 
which is proven to offer highly competitive group sharing performance. The performance of 
this swarm intelligence-based algorithm was evaluated comparatively against several cutting-
edge architectures for predicting the risk of heart disease, as described in Table 3. 

Table 3. Comparing the SSC algorithm to other heart disease prediction algorithms 

Algorithm Accuracy 
SSC 97.5% 
CNN 95.8% 
DCNN 98.2% 
DNN 97.2% 
SANN 96.7% 
Hybrid model 94.9% 
ICNN 98.5% 

 

Based on the experimental data in Table 3, the SSC algorithm demonstrated computational 
reliability equivalent to or even surpassing some other artificial neural network-based cardiac 
disease prediction schemes (Sureja et al., 2022). Modification of classifier functionality is also 
performed on hybrid models such as the Modified Support Vector Machine (MSVM) through 
the integration of feature selection and simultaneous optimization of internal parameters, 
which provides significant improvements in precision, recall and F1 size scores in UCI dataset 
tests (Kaur and Kaur, 2022). For Disease identification scenarios without structured training 
data, unsupervised density-based spatial approaches such as DBSCAN (Density-Based Spatial 
Clustering of Applications with Noise) are very effective for isolating anomalous data points 
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or outliers in cardiac sound signals as early indicators of valve damage or organ structural 
abnormalities (Nanehkaran et al., 2022). 

Unlike supervised models that strictly necessitate predefined target outcome annotations, 
unsupervised methods partition medical datasets dynamically based on internal geometric 
density. The taxonomy and spatial mechanics of tracking anomalous data distributions via 
clustering paradigms are depicted in Figure 3. 

As visualized in Figure 3, the integration of density-based spatial evaluation algorithms like 
DBSCAN allows clinical researchers to safely isolate extreme out-of-distribution values 
without ruining the integrity of the core training partition. 

Furthermore, the utilization of Cluster-based bi-directional short-term memory models 
(Cluster-based bi-directional LSTM or C-BiLSTM) on complex clinical data structures is able to 
expand the horizon of prognostic capacity beyond the capabilities of standard classifiers such 
as Regression Tree or GRU, both in laboratory tests and real-time data (Dileep et al., 2023). 
Exploration of clustering with alternative partition schemes such as K-modes clustering 
method also contributes positively in enriching the treasure of stratification of cardiovascular 
patients in order to minimize clinical fatality. Finally, the implementation of substation 
technology in the form of quantum computing through the quantum K-means clustering 
scheme has proven to open a new paradigm in cardiology analysis assisted by quantum 
circuits to ensure high efficiency on massive data volumes (Kavitha and Kaulgud, 2023; Bhatt 
et al., 2023). 
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Figure 3. Methodological taxonomy of unsupervised clustering models and metaheuristic 
swarm optimization paths for unlabeled medical records exploration. 

The comparative synthesis that presents the methodology, study description, and final 
performance outcomes of unsupervised algorithm families and advanced methods is 
summarized in detail in Table 4. 

 

 

 

 

Table 4. Selected studies on unsupervised learning and advanced approaches 
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Year Method Short Description Results 

2022 Machine Learning 

Algorithms 

Web-based system using 

various ML algorithms for 

prediction 

91% accuracy (average) 

2022 Novel Salp Swarm 

Clustering Algorithm 

New clustering algorithm for 

risk group identification 

94.32% sensitivity, 

93.25% specificity 

2022 Modified Machine 

Learning Algorithm 

Modified algorithms for 

improved prediction 

96.5% accuracy (highest 

reported) 

2022 Density-based 

Unsupervised 

Approach 

Anomaly detection for early 

disease identification 

79.5% detection rate 

for anomalies 

2023 Cluster-based bi-

directional Long 

Short-Term Memory 

(LSTM) algorithm 

A cluster-based bi-directional 

Long Short-Term Memory 

(LSTM) algorithm is used to 

create an accurate and early 

cardiac disease prediction 

model. 

94.78% accuracy on the 

UCI dataset and 92% on 

the real-time 

2023 k-modes clustering 

method 

Anticipate cardiovascular 

conditions to lower the 

mortality rate from these 

conditions 

accuracy of 87.28%. 

2023 novel approach 

using quantum K-

means clustering 

method 

A unique use of quantum 

computing to identify cardiac 

illness 

Accuracy = 96.4% 

 

3.4. Challenges and Future Perspectives in MLBHDD 

A primary challenge identified across the reviewed MLBHDD literature pertains to the 
pervasive issue of data scarcity and class imbalance inherent in real-world clinical 
repositories. Unlike standardized benchmarks such as the UCI Machine Learning Repository, 
actual electronic health records (EHRs) frequently contain vast amounts of missing features, 
unformatted clinical notes, and highly disproportionate ratios between healthy individuals 
and diagnosed cardiac patients (Sen et al., 2020). When classification models are trained on 
such skewed distributions, they inherently develop an operational bias toward the majority 
class, artificially inflating overall accuracy metrics while severely compromising sensitivity and 
true positive detection rates for rare cardiovascular anomalies. To mitigate this critical 
vulnerability, future research must shift away from basic oversampling methods and focus on 
deploying advanced generative frameworks, such as Conditional Generative Adversarial 
Networks (cGANs), to synthesize highly realistic, privacy-preserving synthetic patient cohorts 
that can balance training boundaries without corrupting authentic physiological signals. 

Furthermore, the critical barrier to integrating deep learning models into live clinical 
workflows remains the lack of algorithmic explainability and transparency, often referred to 
as the "black-box" dilemma. While multi-layered neural networks and complex ensemble 
frameworks consistently outperform traditional algorithms in raw predictive accuracy, their 
internal mathematical decision-making pathways are too complex for human clinicians to 
interpret or verify (Miotto et al., 2018). In high-stakes medical environments, a diagnostic 
recommendation lacking a clear clinical rationale cannot be safely trusted, as an incorrect 
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prediction could lead to fatal treatment pathways or overlooked cardiac events. 
Consequently, there is an urgent methodological imperative to incorporate Explainable 
Artificial Intelligence (XAI) frameworks, such as SHapley Additive exPlanations (SHAP) and 
Local Interpretable Model-agnostic Explanations (LIME), directly into MLBHDD architectures. 
By visually mapping out exactly which clinical features—such as specific ECG voltage 
fluctuations or elevated biomarkers—drove a model’s high-risk classification, XAI can 
effectively bridge the trust gap between computational data science and real-world medical 
practice. In addition to algorithmic transparency, the generalizability and cross-institutional 
robustness of current heart disease prediction models require critical evaluation. The vast 
majority of existing studies evaluate their computational frameworks using isolated, 
homogenous datasets collected from single geographic regions or specific demographic 
groups, which drastically limits their real-world applicability (Ibrahim & Abdulazeez, 2021). 
Variations in diagnostic hardware, localized clinical protocols, and demographic variations in 
heart rate or blood pressure profiles can cause severe performance degradation when a 
model is deployed outside its original training environment.  

To build truly resilient diagnostic systems, the scientific community must prioritize multi-
center collaborative studies and implement cross-institutional validation paradigms. 
Developing algorithms that maintain high precision across diverse healthcare infrastructures 
is essential for establishing MLBHDD systems as universally dependable medical assets. 
Another major operational concern is the computational scalability and hardware overhead 
associated with training and maintaining state-of-the-art predictive architectures. As deep 
learning networks grow increasingly complex to accommodate continuous, multi-channel 
physiological inputs like long-term Holter ECG monitorings, their reliance on high-
performance graphics processing units (GPUs) and massive memory allocations escalates 
dramatically (Khan, 2020). This heavy reliance on advanced hardware poses a major barrier 
to deployment in less-developed nations or rural clinics, where medical budgets are 
constrained and digital infrastructure is severely limited. To address this socioeconomic 
disparity, researchers should increasingly focus on lightweight model optimization 
techniques, including network pruning, knowledge distillation, and quantized neural 
architectures. Streamlining these algorithms enables complex cardiac diagnostic systems to 
run efficiently on standard, low-cost computational devices, thereby democratizing access to 
early cardiovascular screening in underserved communities worldwide.  

Lastly, the prospective transition of machine learning models from retrospective 
laboratory simulations into active, real-time clinical decision support systems (CDSS) demands 
rigorous regulatory and ethical oversight. The current literature remains heavily saturated 
with retrospective studies that test models on pre-existing, static databases, which fails to 
simulate the chaotic, dynamic nature of live emergency rooms or intensive care units (Kumar 
et al., 2023). Before any automated heart attack prediction model can be safely deployed at 
a patient's bedside, it must undergo strict prospective clinical trials to measure its actual 
impact on patient outcomes and diagnostic error reduction. Establishing comprehensive 
ethical guidelines regarding data privacy, patient consent for algorithmic screening, and clear 
legal frameworks for diagnostic accountability will be paramount as artificial intelligence 
becomes deeply embedded into the future of global cardiovascular medicine. 

A comprehensive overview of the principal barriers hinder global implementation and the 
requisite technological pathways for robust future deployment of cardiac predictive systems 
is synthetically visualized in Figure 4. This methodological roadmap provides a structured 



45 | Int. J. Informatics Inform. Syst. Comput. Eng., Volume 6 Issue 1, Jun 2025 Page 31-52 

 

p- ISSN 2810-0670 e- ISSN 2775-5584  

evaluation of five critical operational dimensions derived from the contemporary literature 
analysis. 

 

Figure 4. Methodological roadmap and synthesis of the five critical operational dimensions, 
core challenges, and strategic future perspectives for the real-world deployment of 

MLBHDD systems. 

3.5 Additional Discussion and Synthesis of Findings 

The comprehensive evaluation of machine learning-based heart disease detection 
(MLBHDD) systems demonstrates a significant paradigm shift in contemporary cardiology 
informatics. The core distinction among the reviewed frameworks lies in their capacity to 
handle disparate clinical data modalities. Traditional supervised machine learning techniques 
remain highly effective when handling structured, tabular electronic health record (EHR) 
datasets containing demographic indicators and laboratory results (Ibrahim and Abdulazeez, 
2021). Algorithms like Support Vector Machines (SVM) and Random Forest (RF) achieve 
exceptional classification accuracy under these conditions due to their geometric 
optimization and ensemble learning properties, respectively (Abdullah and Abdulazeez, 
2021). Furthermore, the integration of metaheuristic optimization techniques such as Ant 
Colony Optimization (ACO) and Particle Swarm Optimization (PSO) serves to systematically 
eliminate redundant clinical features, thereby maximizing the predictive margins of these 
baseline classifiers (Khourdifi and Baha, 2019). 

Conversely, when clinical workflows require the analysis of raw, high-dimensional 
continuous physiological signals-such as electrocardiograms (ECG) and phonocardiograms 
(PCG)-traditional tabular classifiers exhibit severe performance degradation due to manual 
feature extraction constraints (Miotto and outcomes, 2018). In these scenarios, deep learning 
architectures offer a superior approach by utilizing hierarchical convolutional and recurrent 
layers to autonomously discover latent feature representations (Goodfellow and operational, 
2016). Convolutional Neural Networks (CNNs) equipped with attention mechanisms excel at 
identifying temporal distortions and heartbeat anomalies in ECG waveforms (Wang and 
attention, 2020). Meanwhile, hybrid models combining Recurrent Neural Networks (RNN) and 
Long Short-Term Memory (LSTM) blocks successfully capture the long-term temporal 



Abdulazeez & Hasan, Classification of Heart Diseases Based on Machine Learning … | 46 

 

p- ISSN 2810-0670 e- ISSN 2775-5584 

dependencies inherent inpatient physiological fluctuations, balancing sensitivity and 
specificity metrics in critical care tracking (Bhavekar and Goswami, 2022). 

To provide a structured comparative analysis of these computational paradigms, Table 5 
synthesizes the operational characteristics, primary algorithms, strengths, and quantitative 
performance metrics observed across the reviewed literature. 

Table 5. Methodological and Performance Comparison of MLBHDD Frameworks. 

Learning 
Category 

Primary 
Algorithms 

Core Strengths and 
Modalities 

Performance 
Highlights 

References 

Supervised 
Learning 

SVM, Random 
Forest, Logistic 
Regression 

High interpretability; 
optimal for tabular 
EHR and clinical data 
centers. 

83.73% – 96.1% 
Accuracy; 0.835 
– 0.85 AUC 

(Khourdifi and Baha, 
2019; Ali and 
comparison, 2021; 
Yilmaz and Yağin, 
2022) 

Deep Learning CNN, RNN, 
LSTM, DNN 
(Cardi-Net) 

Automated latent 
feature extraction; 
handles complex 
ECG/PCG signals. 

92.1% – 98.68% 
Accuracy; 0.92 – 
0.95 AUC 

(Khan, 2020; 
Bhavekar and 
Goswami, 2022; 
Taylan and 
classification, 2023) 

Unsupervised 
and Advanced 

Salp Swarm 
Clustering (SSC), 
DBSCAN, 
Quantum K-
means 

High efficiency; 
anomaly isolation and 
pattern discovery in 
unlabeled data. 

87.28% – 97.5% 
Accuracy; 
94.32% 
Sensitivity 

(Nanehkaran and 
Org, 2022; Sureja 
and outcomes, 2022; 
Kavitha and Kaulgud, 
2023) 

 

The quantitative data presented in Table 5 highlights that while deep learning systems 
achieve the highest peak accuracy, reaching up to 98.68%, they demand substantial 
computational infrastructure and extensive labeled datasets to prevent overfitting (Shickel 
and records, 2017). Unsupervised clustering methodologies and swarm intelligence 
frameworks provide a critical alternative by operating without predefined clinical target labels 
(Celebi and Aydin, 2016). The Salp Swarm Clustering (SSC) algorithm, for example, 
demonstrates remarkable exploratory power, registering a competitive 97.5% accuracy by 
optimizing group assignments in unannotated datasets (Sureja and outcomes, 2022). 
Similarly, density-based approaches such as DBSCAN are uniquely suited for anomaly 
detection, allowing clinicians to isolate outliers in heart sound signals that indicate early organ 
or valve degradation (Nanehkaran and Org, 2022). The emergence of hybrid quantum 
computing paradigms, such as quantum K-means clustering, further enhances this spectrum, 
providing an architectural pathway to process massive, heterogeneous clinical datasets with 
high computational efficiency (Kavitha and Kaulgud, 2023). 

3.6 Limitations of Current Studies and Future Directions 

Despite the impressive performance metrics reported across the literature, several 
pervasive limitations hinder the widespread deployment of MLBHDD systems into routine 
clinical environments. The primary limitation stems from a profound reliance on 
homogeneous and highly curated public repositories, specifically the UCI Machine Learning 
Repository's Heart Disease datasets (Sen and analysis, 2020). While these repositories provide 
a valuable baseline for algorithmic verification, they often fail to reflect the messiness, missing 
values, and clinical noise characteristic of real-world healthcare settings (Ibrahim and 
Abdulazeez, 2021). Consequently, models trained exclusively on these sets face severe 
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generalizability challenges when exposed to diverse demographic populations or variations in 
medical equipment calibration. 

Secondly, the "black box" nature of advanced deep learning models poses a significant 
barrier to clinical adoption (Miotto and outcomes, 2018). While a deep convolutional network 
can classify a specific cardiac rhythm with high mathematical precision, it typically lacks the 
transparency required for medical practitioners to trace the underlying pathophysiological 
rationale behind a prediction (Shickel and records, 2017). This lack of explainability 
compromises clinical trust and complicates liability frameworks in medical decision-making. 
Furthermore, many studies suffer from potential sample bias and a lack of external validation 
across multi-center clinical trials, which is essential to prove stability across heterogeneous 
data environments (Ali and comparison, 2021; Ozcan and Peker, 2023). Lastly, the 
implementation of these algorithms within low-resource or developing nations remains 
constrained by inadequate digital healthcare infrastructure, high computational costs for 
deep network training, and a shortage of accessible, cost-effective screening tools (Y. Li and 
affordable, 2020). Future research must therefore prioritize explainable artificial intelligence 
(XAI) frameworks, multi-center real-world validation, and light-weight deployment models to 
bridge the gap between theoretical accuracy and practical clinical utility. 

To provide an exhaustive empirical benchmark of contemporary literature compiled in this 
study, a cross-paradigm synthesis evaluating the inherent trade-offs between computational 
overhead and maximum reported diagnostic capability is illustrated in Figure 4. 

 

Figure 4. A comparative empirical evaluation highlighting critical performance trade-offs 
(accuracy, data volume, and hardware overhead) across supervised, unsupervised, and deep 

learning paradigms. 
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The analytical metrics synthesized in Figure 4 explicitly reveal that while deep learning 
networks offer unmatched classification precision, traditional supervised algorithms remain 
highly favorable for resource-constrained clinics due to their low hardware overhead. 

4. CONCLUSION 

In conclusion, this review underscores the transformative role of machine learning (ML) 
and deep learning (DL) paradigms in enhancing the early diagnosis and classification of 
cardiovascular diseases. Supervised learning algorithms, particularly Support Vector 
Machines (SVM) and Random Forest, demonstrate remarkable robustness and 
interpretability when handling clinical tabular records. Conversely, deep learning models, 
such as Convolutional Neural Networks (CNN) with attention mechanisms and hybrid RNN-
LSTM networks, exhibit superior efficacy in automatically extracting latent features from 
complex, temporal biomedical signals like ECG and PCG. Furthermore, unsupervised 
clustering techniques, notably the innovative Salp Swarm Clustering (SSC), along with 
emergent quantum computing approaches, offer valuable alternatives for anomaly detection 
and risk stratification in scenarios where labeled medical datasets are scarce. Ultimately, 
integrating these diverse computational methodologies provides healthcare practitioners 
with highly accurate, reliable, and non-invasive prognostic tools. Future research should 
prioritize addressing dataset heterogeneity, mitigating algorithmic biases, and deploying 
hybrid frameworks into real-time clinical workflows to optimize preventive cardiology and 
reduce global mortality. 
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