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Abstract. In recent years, heart and cardiovascular diseases have become more common, causing a significant increase in 

mortality rates worldwide. Data from various organisations highlights the severity of heart disease, which remains a major 

concern. Accurately and quickly identifying severe conditions, such as heart disease, is vital for effective prevention. 

Techniques such as data mining, machine learning, and deep learning have been used in medicine to reliably detect heart 

disease. However, these methods depend on data that can change over time. To ensure accurate detection, proper use of 

historical data is essential; otherwise, results can be inaccurate. Machine learning techniques produce outcomes based on 

mathematical calculations, so data cleaning and refinement are necessary. Disease-related data can include text, numbers, and 

images, which may vary widely, requiring extensive stratification, normalisation, cleaning, encoding, and randomisation; 

otherwise, results may be biased. Our previous review article addressed a specific challenge related to the CVD Prediction 

Model. This Enhanced review primarily examines how machine learning techniques operate on medical datasets and their 

effectiveness in predicting cardiovascular diseases (CVD). It also aims to analyse datasets, features, and machine learning 

methods used in CVD prediction. 
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1. Introduction 

The proper functioning of all human organs relies on blood vessels. When these blood vessels are affected, it is 

called cardiovascular disease, which impacts specific body organs. The main causes of CVD include an unhealthy 

diet, physical inactivity, dyslipidemia, hyperglycemia, high blood pressure, obesity, gender, age, race/ethnicity, 

thrombosis/smoking, kidney dysfunction, diabetes, genetics (family history), body mass index, and 

hypercholesterolemia[1][2][3]. Cardiovascular disease can be classified into four main types. The first is coronary 

heart disease, caused by blockages in the blood vessels that supply the heart muscle. The second type is stroke and 

transient ischemic attack, which result from blockages in the brain’s blood vessels that temporarily disrupt blood 

flow. The third type is peripheral artery disease, which involves blockages in blood vessels that supply other 

organs. The fourth type is aortic disease, affecting the aorta, the body’s largest blood vessel[4][5].  

Our previous article, a comprehensive study and analysis of the working process of the machine for CVD 

Prediction, considered that machine learning and/or deep learning techniques use statistics, probability, 

computation, and data mining. These approaches are highly effective for data testing due to their exceptional data 

analysis capabilities and computational power. To assess the effectiveness of heart disease detection, it is essential 

to study existing data related to heart disease thoroughly, enabling accurate diagnosis. This data can be complex, 

normal, high-end, or low-end, and detailed analysis is possible through advanced techniques such as machine 

learning.  

The article highlights specific issues related to cardiovascular disease (CVD) prediction, such as dataset 

selection, feature selection, and variations in accuracy[6]. Machine learning techniques are capable of predicting 

disease through basic symptoms and historical data, but there are several challenges in using the technology, such 

as effective dataset collection, dataset preprocessing, feature selection, algorithm selection, model training, etc. 

Now, the extended paper addresses key challenges and research gaps in predicting CVD using machine learning 

techniques.  

https://issn.brin.go.id/terbit/detail/20220403061306159
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2.  Related Work  

A review is a thorough analysis of existing research, which considers the data, techniques, and future possibilities 

related to the subject. Below, we discuss several previous reviews that focus on different aspects of cardiovascular 

disease (CVD) prediction using machine learning. A Systematic review has been done in the cardiovascular 

domain by Dudchenko et al [7]. In this review, twenty-seven research articles were examined, which used 

classification techniques and a high percentage of secondary datasets. The PRISMA statement has been used for 

systematic reviews. The research articles in the review have been divided into four different categories of the 

cardiology domain, and some have incorporated review questions based on machine learning methods. In this 

review, the author did not address the issue of dataset size and source, nor consider dataset preprocessing issues. 

An analytical survey on cardiovascular disease (CVD) prediction using machine learning techniques was 

conducted by Kresoja et al [8]. The review highlights the extensive use of datasets in medical science. Machine 

learning techniques rely on data labelling and feature selection, so the data must be up-to-date and accurate. 

Incomplete or unrepresentative data can lead to bias in the predictions. Additionally, the evolving nature of the 

disease presents challenges when working with omics data. The authors express concerns about making predictions 

based on a limited number of fixed datasets, as new developments continuously introduce different characteristics 

of the disease. However, the review does not adequately address significant challenges in machine learning, such 

as the sources and size of datasets, model training, and parameter tuning. 

A meta-analysis on machine learning techniques for predicting CVD was conducted by Krittanawong et al[9]. 

The review also followed the PRISMA statement for systematic reviews. The study included 55 research articles 

on CVD prediction based on ML techniques. They found that support vector machine algorithms and boosting 

algorithms are the best for predicting CVD. They suggested that SVM gives better results on small or large datasets 

by reducing the high dimensionality of the dataset. They state that the algorithms and datasets used are arbitrary 

and heterogeneous, and there is no fixed threshold for dataset labelling. This research discusses the dataset but 

lacks comments on feature selection, cross-fold validation, mathematical modelling, and the optimal dataset size. 

A comprehensive survey has been conducted by Naser et al[10]. To predict CVD through machine learning 

techniques. This survey classified cardiovascular diseases into ten different types, and the literature was reviewed 

accordingly. Most of the research articles have used only the UCI repository secondary dataset for predicting CVD. 

They found that bagging and boosting methods provide better performance than traditional ML classifiers. They 

also suggested that more reliable and realistic datasets of CVD would deliver significant breakthroughs to 

prediction. This research discusses nearly all aspects of Machine Learning and Deep Learning; however, it 

completely lacks defined research questions and research gaps. 

Rao et al [11] organised a survey based on various techniques for heart disease prediction. In this survey, 

machine learning, deep learning, ensemble, data mining, and IoT-based prediction techniques were analysed. 

Secondary data and a limited number of attributes are utilised in well-thought-out approaches for prediction. They 

suggested that heterogeneous and different demographic datasets are more prone to improving forecasting 

accuracy. This review lacks details about the dataset (size, source) and omits preprocessing methods (scaling, 

encoding, randomisation).  

A meta-study in the field of social determinants of cardiovascular disease was conducted by Zhao et al [12] 

This study reviewed 48 state-of-the-art research articles closest to social determinants. The survey is based on five 

different parameters of social determinants, which are demographic, economic, neighbourhood, environmental, 

and social & cultural. The entire review is based on eight different ML classifiers and their performance on the 

UCI dataset. Additionally, hospital datasets and neural networks have also been used to predict CVD.  This review 

addresses social determinants but neglects various aspects of machine learning methods. Additionally, it lacks 

discussion on how social determinants can be integrated into ML technology 

The number of deaths from cardiovascular diseases, including heart disease, is steadily rising. Mortality reports 

from various institutions and agencies emphasise the increasing impact of cardiovascular disease [13][14][15]. 

The recent Global Burden of Cardiovascular Disease report, covering the years from 1900 to 2022, indicates that 

ischemic heart disease is the leading cause of death, especially in low-income countries in Asia [16]. The report's 

data provides important insights into the severity of the disease. Although researchers have proposed several 

models for cardiovascular disease prediction. 

Advanced techniques such as machine learning can predict and identify diseases. However, developing these 

techniques involves several key challenges, including dataset quality, dataset size, dataset source, feature 

determination, dataset preprocessing, parameter tuning, and accurate model selection[7][8][9][10][11][12]. 

Therefore, this scoping review aims to identify specific research problems, research gaps, and uncover unexplored 

aspects of research that are not covered in existing reviews and are important for the identification/prediction of 

heart disease. The goal of this proposed research review is to raise research questions that may lead to new 

directions in the field of cardiovascular disease prediction. 
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3. Methodology 

This enhanced review is based on current trends in technology enhancements, specifically in machine learning for 

predicting cardiovascular and/or heart diseases. The review focuses on methods of machine learning in the 

cardiology domain and the role of the dataset. Previously, we have analysed the 21 best research articles of the 

cardiovascular disease and/or heart disease domain between 2019 to 2023. This meta study focused on the datasets 

and features used for model training and looked at the impact of machine learning dataset size and selected features 

on accuracy scores [6].  

In light of the previous study, there is a need to understand the current trends, techniques, and methods in the 

machine learning field. Now this detailed review covers 21 research articles from the previous study as well as 

five research papers from 2024 and 2025, which are shown in Table 1.0. The complete methodology incorporates 

the mechanisms of machine learning techniques, their applications, the strengths of machine learning, the 

computational power of mathematical models, technological enhancements, and their limitations. Review explores 

research gap between machine learning and cardiology domains based on the existing research articles. All 

research papers have been assessed based on the review question, that is, for CVD prediction, which methods are 

focused on, which aspects of the dataset have been used, what results do they reflect, and how effective are they?  

Table 1. Dataset Description and Comparison Between 2024 to 2025 
Author ML Classifier/ Techniques Dataset description Accuracy Score  

DeGroat et al.  

[17] Scientific 
Reports 2024 

The Model used two ensemble 

techniques, XGB and SVC, and three 
ML classifiers, such as   RF, SVM, and 

KNN.   

751 Clinically integrated genomic and 

transcriptomic datasets have been used 
for prediction, which have been collected 

from different clinics. 

The XGBoost method 

achieved 96% accuracy and is 
best suited for predicting. 

Ogunpola et al. 
[18] MDPI 

Indexed 2024 

Four ML classifiers, two ensemble 
techniques, and a neural network have 

been used to predict CVD with Grid 

Search CV.  

The Mendeley and Cleveland datasets 
have been used with 1,000 and 300 

instances, respectively, and 14 features.  

The XGBoost model 
optimisation techniques 

achieved 98.50% accuracy. 

Olawade et al 

[19] Elsevier 

2025 

Six traditional ML algorithms have 

been used, such as SVM with linear, 

KNN, logistic regression, random 
forest, polynomial, and RBF kernel 

Two datasets online, Framingham with 

4200 instances, 15 features, and Z-

Alizadeh Sani with 304 instances, 55 
features, have been used. 

90% accuracy achieved by the 

RF and SVM algorithms on 

the Framingham Z-Alizadeh 
Sani dataset, respectively  

Alsabhan et al 

[20] Scientific 
Reports 2025 

Basic ML and/or DL classifiers were 

used to predict cardiovascular disease 

Four UCI repository datasets, i.e., 

Cleveland, Hungary, Switzerland, and 
VA Long Beach, have been used with 14 

features 

 The Gradient Boosting 

Machine (GBM) algorithm 
achieved the highest accuracy 

of 90.20% compared to others 

Rohan et al [21] 
Scientific 

Reports 2025 

A variety of machine learning 
classifiers, including bagging and 

boosting, have been utilised for 

predicting cardiovascular disease 
(CVD). 

An integrated dataset has been created 
from five UCI datasets with 11 features 

and 1190 instances 

The Extreme Gradient Boost 
algorithm achieved the 

highest accuracy of 97% 

compared to other algorithms 

4. Result and Discussion 

Table 1.0 provide a detailed description of recent trends in ML techniques. A detailed analysis of studies reveals 

critical insights into CVD prediction using machine learning techniques. These insights aim to synthesize findings, 

presenting a cohesive view of current trends in CVD prediction and ML methods. 

4.1 Role of the ML Algorithm 

The ML algorithm and/or mathematical model is a process that analyzes data to extract valuable insights by 

identifying relationships and correlations among datasets towards computation. Machine learning algorithms 

classify data and uncover latent and hidden patterns within it [22]. These reviews observed that the underlying 

concepts and functionality of each mathematical model are different from each other.  The ML algorithms utilize 

various classification techniques, including binary classification (most common), multiclass classification, 

multilabel classification, and imbalanced classification.  

Decision Tree and Random Forest are algorithms based on tree structures for data splitting, while Support 

Vector Machine, k-Nearest Neighbors, and logistic regression are non-tree-based methods, and Naive Bayes uses 

probability concepts. To minimize bias and address issues of overfitting or underfitting, it is essential to select an 

appropriate classifier based on the dataset and the characteristics of the disease [23]. In light of Table 22.1[6] and 

on behalf of Table 1.0, the review observed that the UCI dataset is frequently used for CVD prediction. This raises 

the question of how to choose a machine learning classifier that is free from bias when working with the UCI 

dataset.  

Additionally, real-time medical datasets tend to be more complex and multidimensional. They often include a 

wider range of latent values, both high and low variance. Such datasets require careful refinement and intention. 

Therefore, an important question arises: what criteria will be used to determine the algorithm, considering that 

most research relies on UCI datasets? 
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4.2 Role of the Dataset 

The underlying concept behind machine learning techniques is to produce outcomes based on historical datasets 

related to events by performing calculations on that data. These datasets can vary in type, including numerical, 

textual, and image data. In disease prediction, all data types are relevant, making their role and application 

essential. It's important to note that disease symptoms are often interconnected and can influence each other; even 

if these dependencies are minor, they should not be ignored. The dataset has low-high and/or complex-general 

values, which affect the result of the prediction.  

In Table Table 1, we have observed and analyzed such a type of dataset, and we observed that the maximum 

number of UCI and/or predefined datasets were utilized for CVD predictions, which are structured, balanced, have 

low diversity, and low dimension, and become outdated over time. The review observed that most researchers 

have used small datasets and/or a limited number of instances. Considering a low-volume dataset does not capture 

the wide diversity, such as demographic and socioeconomic factors. Small data sets can create issues with cross-

validation and randomization during data preprocessing. For instance, when randomizing the dataset, the training 

set can include data solely from all cardiovascular disease (CVD) patients, while the testing set includes data only 

from non-CVD patients. In this scenario, the model may demonstrate 100% accuracy, but it would not reflect its 

true predictive performance. We suggest that the size of the dataset should be appropriate, as large datasets can 

lead to issues with processing, execution, and memory. 

4.3 Role of Features 

The ML model works on selected features and/or disease symptoms, and the whole prediction depends on selected 

features. It is more important to select features that are valuable and highly correlated from the perspective of 

cardiovascular disease (CVD) to develop a bias-free model[24]. The review noted that most researchers utilize 13 

features related to cardiovascular disease (CVD) and achieve an accuracy of around 90%. Some researchers 

employ 11 features and also reach 90% accuracy.  

Additionally, studies are using 15, 16, 18, or even 19, features that attain the same level of accuracy. This raises 

the question: which features are the most useful, and how many features should be included for model training? 

Because using fewer features may result in an underfitting issue, while incorporating more features could lead to 

an overfitting issue. 

4.4 Role of Ensemble techniques 

The next steps for ML classifiers involve ensemble techniques, which integrate and combine single or weak 

classifiers. On behalf of Table 1.0 and Table 22.1[6], three major ensemble techniques are encountered: Bagging, 

Boosting, and Stacking, which have different functionality. The stacking technique relies on probabilities, the 

bagging technique utilizes Bootstrap aggregating, and the boosting technique is based on majority voting. Stacking 

ensembles are appropriate for large datasets; while Bagging and Boosting are better suited for smaller datasets. 

Unlike Bagging, which does not require cross-validation, both Boosting and Stacking do need it. In the case of 

Boosting, there is a risk of overfitting on small datasets due to low variance, whereas Bagging tends to have a 

lower risk of overfitting. This raises the issue: which technique will prove to be the most effective for the CVD 

dataset and features? 

4.5. Limitations 

The proposed comprehensive review is influenced by the core idea of how machine learning operates on medical 

datasets and how to generate predictions from highly scalable datasets through a mathematical model. The major 

limitations, loopholes, and/or gaps considered in the review findings are as follows. Most of the papers in our study 

involve researchers validating secondary and structured datasets sourced from UCI, Kaggle, and other repositories. 

Common issues with these structured datasets include limited size, low diversity, outdated content, and the fact 

that they are often pre-cleaned, low-dimensional, and balanced. The main drawback of UCI and/or structured 

datasets is that machine learning models can achieve high accuracy on these training datasets, but often perform 

poorly on real-world data, which is often chaotic and high-dimensional. This situation exemplifies the overfitting 

problem in machine learning models. 

The data preprocessing step is crucial in model training, involving cleaning, encoding, and scaling to resolve 

issues like dataset imbalance. The main challenge of preprocessing is to maintain the original form of the data. 

Typically, it is believed that transformations such as cleaning, encoding, and scaling alter the true nature of the 

data, which can introduce bias into the model. The dataset cleaning techniques enhance accuracy, consistency, and 

reduce noise. This approach employs methods like Data Imputation, such as creating a new feature, using 

Mean/Median/Mode, forward/backward fill, and Predictive models to balance the dataset. However, a significant 

drawback is that small datasets can lose their original structure, leading to the loss of valuable information.  

Encoding is the process of converting categorical (non-numeric) data into a numerical format. A major concern 

is that some encoding methods, such as label encoding, can overly simplify complex categories, leading algorithms 

to mistakenly assume a hierarchical relationship between labels and/or assume that one label is greater than 

another.  Furthermore, scaling refers to normalizing or standardizing features to ensure they are on a similar scale. 
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Methods such as min-max scaling, Z-score scaling, interquartile range (IQR), and maximum absolute value are 

used for scaling and/or normalization. These methods are also more effective for large datasets, and the biggest 

risk associated with them is the loss of the actual boundaries and the true nature of the dataset. 

Selecting suitable and correlated datasets and features for a particular algorithm is also a challenging task. 

Various statistical methods, including Recursive Feature Elimination, Lasso regression, ANOVA, the Chi-square 

test, and correlation analysis, are used to identify more effective features. These methods select valuable features 

from the original dataset. The review reveals significant variation in the features used for model training, yet their 

accuracy scores remain nearly identical.  

Therefore, the critical question is which features are most relevant. Selecting an algorithm for disease 

prediction is also an important task. Each classifier has unique functionalities, and a wide range of machine 

learning (ML) algorithms and ensemble techniques are available. Support Vector Machines (SVM), K-Nearest 

Neighbors (K-NN), and Decision Trees work best for small to medium-sized datasets. In contrast, Naive Bayes 

and Random Forest are more suitable for medium to large datasets. Moreover, ensemble techniques work on the 

combination of algorithms. Almost all the proposed research papers use algorithms and/or ensemble techniques 

without knowing the nature of the data.  

7.  Conclusion 

The presence or absence of any disease is determined by the symptoms associated with that disease; accurate 

identification is possible by selecting appropriate correlated symptoms. Machine learning techniques also work on 

this basis, in which results are produced by performing computations on the old dataset of the disease. In the 

extended review, we observed that the selection of the dataset and the right ML methods is important in model 

training. Small datasets bring the problem of overfitting and underfitting, while large datasets have the problem of 

complexity and processing. Therefore, the dataset must be ideal. Dataset processing is a vital part of machine 

learning techniques. This process involves tasks like cleaning, encoding, and scaling data using various methods. 

Applying these methods is necessary to address issues such as dataset imbalance. However, techniques like IQR, 

Min-Max scaling, Z-score normalization, constant value imputation, and mean/mode imputation can modify the 

data's original form, significantly influencing the results. Real-time medical datasets tend to be dense and high-

dimensional.  

Our review shows that datasets from online repositories are often used, which may be sparse, low-dimensional, 

and stratified based on the findings. In such cases, accuracy can surpass 90%. The issue of dataset imbalance and 

randomness can be mitigated by employing K-fold cross-validation during model training. Additionally, 

consulting medical experts for feature selection can be beneficial. Important tasks such as parameter tuning will 

also contribute to more robust results, depending on the algorithm's functionality. In conclusion, significant results 

can be achieved through the selection of real-time medical, demographic, and/or social determinants, and/or 

socioeconomic datasets, the application of precise dataset preprocessing methods, the consistent choice of 

mathematical models, and effective feature selection. 
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