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Cardiovascular disease (CVD) remains one of the leading causes of death
globally, underscoring the need for effective early risk prediction. This
systematic literature review analyzes research published between 2013 and
2023 on the application of machine learning (ML) in CVD risk prediction. Key
areas examined include feature selection, data preprocessing, algorithm choice,
and model evaluation. Studies were selected from ACM Digital Library, IEEE
Xplore, ScienceDirect, and Scopus based on predefined research questions.
Common challenges include limited or low-quality datasets, inconsistent
preprocessing methods, and the need for clinically interpretable models.
Widely used algorithms include random forest (RF), support vector machine
(SVM), decision tree (DT), logistic regression (LR), naive Bayes (NB),
k-nearest neighbor (K-NN), and extreme gradient boosting (XGBoost). The
review highlights that robust preprocessing, optimal feature selection, and
thorough model validation significantly improve predictive accuracy. It also
emphasizes the importance of balancing performance with interpretability for
clinical adoption. Finally, the study proposes a structured framework to guide
future research and practical implementation, including the integration of
genetic and behavioral data to support more personalized and effective
cardiovascular care.
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1. INTRODUCTION

Each year, statistics from the centers for disease control and prevention (CDC) highlight the growing
global burden of cardiovascular disease (CVD), a leading cause of death worldwide [1]. Early detection is
crucial [2], particularly for individuals with chronic conditions such as kidney disease [3], diabetes [4], and
dyslipidemia [5], who are at higher risk. Consequently, researchers increasingly adopt machine learning
(ML) for large-scale data analysis, pattern recognition, and personalized prediction.

Recent advances in ML, including random forest (RF), support vector machine (SVM), extreme
gradient boosting (XGBoosting), and artificial neural networks (ANN), outperform traditional methods such
as logistic regression (LR) and naive Bayes (NB). Challenges remain, including heterogeneous datasets,
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inconsistent preprocessing, variable feature selection, and limited interpretability [6], which hinder clinical
adoption. Despite numerous studies on ML-based CVD prediction, no comprehensive synthesis evaluates the
combined effects of preprocessing, feature selection, algorithm choice, and interpretability on model
performance. This systematic literature review (SLR) of studies from 2013-2023 aims to address this gap,
providing a holistic understanding of methodological trends, challenges, and opportunities for improving
predictive accuracy and clinical applicability.

This systematic review investigates ML applications in CVD prediction to develop an effective risk
assessment framework, employing a SLR to define scope, identify and evaluate relevant studies, and
synthesize outcomes both qualitatively and quantitatively. The review specifically addresses the following
research questions:

RQ1: What obstacles do researchers face when implementing machine learning for cardiovascular prediction,
and how have successful studies overcome these challenges?

RQ2: Which physiological, behavioral, and demographic factors prove most significant in machine learning-
based cardiovascular risk assessment?

RQ3: What preprocessing and data processing methods best improve prediction accuracy in ML-based CVD
prediction?

RQ4: Which machine learning techniques demonstrate superior performance in cardiovascular prediction
tasks?

RQS5: What methods best evaluate the clinical reliability of machine learning predictions?

The predictive success of ML in CVD risk assessment depends not only on algorithmic sophistication but

also on appropriate preprocessing, feature engineering, and interpretability. These interconnected elements

collectively determine whether ML models can deliver clinically reliable, explainable, and actionable

predictions, facilitating their translation into real-world healthcare settings.

The remainder of this article is organized as follows. Section 2 details the methodology of the
review. Section 3 presents result and discuss the findings, highlighting methodological trends, challenges,
and opportunities compared to previous studies. Section 4 concludes with key implications, limitations, and
directions for future research to advance ML-based CVD risk prediction.

2. RESEARCH METHOD

This research began with the formulation of research questions and the delineation of the study
scope, which informed the selection of keywords for literature retrieval. Four major databases: ACM Digital
Library, IEEE Xplore, ScienceDirect, and Scopus, were systematically searched. Retrieved studies were
subjected to a rigorous four-stage screening process, including keyword filtering, title assessment, content
evaluation, and reliability verification, to ensure the inclusion of studies most pertinent to the research
objectives.

A systematic literature review was conducted to examine machine learning applications in
cardiovascular disease risk prediction. Following established protocols, the review highlighted key patterns,
data interpretation challenges, and insights on risk factors, modelling approaches, and clinical validation [7],
emphasizing AI’s role in preprocessing and deep learning for detecting subtle risk indicators.

2.1. Search strategy
A systematic search was performed across ACM Digital Library, IEEE Xplore, ScienceDirect, and
Scopus, guided by research questions (RQ1-RQS5). Search strings were constructed using predefined
keywords, synonyms, and Boolean operators.
a. Medical context: CVD-related studies were identified using keywords such as “cardiovascular disease,”
“CVD,” “prediction,” “forecasting,” combined as:

X = {(Cardiovascular Disease OR CVD) AND (Prediction OR Predicting OR Predictive OR
Forecast OR Forecasting),}.

b. Technical context: ML studies were targeted using “machine learning” and “deep learning”:

Y = {Machine Learning OR Deep Learning)}
For each RQ, X, and Y were combined with additional terms (e.g., problem, factors, process, algorithm,
accuracy). Challenges such as inconsistent terminology, missing ML references, and broadly categorized

studies were resolved using synonym lists, iterative searches, and manual screening, consistent with
systematic review protocols.
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2.2. Filtering process
Practical challenges, such as inconsistent terminology and labeling of ML studies, were addressed

through synonym lists, iterative searches, and manual review. Articles were sequentially filtered through four

stages: keyword-based search, title relevance, abstract evaluation, and full-text assessment.

a. Initial keyword-based search phase: The initial search across ACM, IEEE, ScienceDirect, and Scopus
databases identified 6,265 articles using predefined keywords aligned with the research objectives.

b. Title relevance filtration phase: Titles were screened for explicit relevance and clarity in addressing
cardiovascular disease prediction with machine learning. This step reduced the pool to 621 articles.

c. Abstract analysis evaluation phase: Abstracts of the shortlisted studies were examined to confirm
substantive methodological alignment and document availability, narrowing the selection to 256 articles.

d. Full-text content evaluation phase: Comprehensive review of full-text manuscripts ensured contextual
validity, methodological soundness, and complete alignment with the research questions, leading to the
final inclusion of 91 articles in the systematic review.

2.3. Data extraction

Data extraction involves selecting relevant studies for analysis and documenting them according to
review protocols, ensuring extracted data align with the targeted study categories [8]. This phase requires
careful consideration of potential conflicts and data limitations, necessitating systematic collection practices
aligned with research design and implementation parameters [7], enabling efficient extraction and
aggregation of relevant information [9].

2.4. Data analytic

The analytical process incorporates statistical and scientific methodologies to synthesize individual
study effects, generating comprehensive results from aggregated study data [7]. The synthesis may
encompass both qualitative and quantitative data from verified sources, enhancing the reliability of research
outcomes [10]. The breadth of information integrated within the systematic literature review correlates
positively with the confidence level in analytical conclusions.

2.5. Data synthesis process

The analytical framework guided study categorization and reference management, with EndNote X9
and Google Spreadsheet supporting data storage and tracking. Some limitations remain, including incomplete
database coverage, terminology variations, and the lack of standardized metrics for machine learning data
evaluation.

3. RESULTS AND DISCUSSION

This systematic review examined 74 studies (2013-2023) on ML applications in CVD prediction.
Guided by five research questions, the review highlights advance in ML-based risk assessment, ranging from
early detection to acute event prediction, and identifies key patterns across cardiology research.

3.1. Obstacles in machine learning-based cardiovascular risk analysis and prediction

RQI1 examined technical challenges in ML-based cardiovascular prediction, identifying four key
obstacles affecting accuracy [11]. These challenges include data quality, feature selection, model training,
and validation methodologies [12]. Each represents a critical consideration for developing robust ML
solutions for cardiovascular risk prediction [13], as detailed in Table 1.

Table 1. Table summarizing what problems or limitations are obstacles in analyzing and predicting
cardiovascular disease risk by machine learning

No Problems/Limitations Solution Research
1 Using small datasets and their Use big datasets and be more comprehensive by increasing the size [111-[17]
reliability of the data set and using data sets from reliable and accepted
sources.
2 Examining datasets potential, Cleansing data, extracting data, and selection are performed to [11], [13]-[15],
missingness, and data asymmetries reduce vulnerabilities in the dataset that negatively impact analysis. [18]1-[21]
3 Important features in a dataset used for ~ Select a dataset that has a relevant and comprehensive feature set. ~ [11], [14], [16],
prediction [17], [21]-[25]
4 Split data for training and testing the Divide the training and testing data set into multiple ratios and [14], [15], [19]
model compare the performance of the model for each ratio.
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From Table 1, the analysis identified four primary limitations in cardiovascular disease risk prediction:

a. Dataset size and reliability constraints: Small datasets with limited features and data points from
unreliable sources frequently result in reduced analysis accuracy. Recent improvements have focused on
utilizing comprehensive, reliable datasets to enhance prediction accuracy [12]. Muhammad et al. [16]
highlighted that small datasets and unreliable sources raise concerns regarding result generalizability.

b. Data quality assessment: Evaluating dataset potential, missing values, and data asymmetries is crucial.
Data cleaning processes are essential for ensuring analysis efficacy, as improper handling may negatively
impact forecasting performance [18]. Ramesh and Pathinarupothi [21] determined that abnormal values,
missing data, and incomplete entries significantly reduce model performance.

c. Feature selection complexity: The multifactorial nature of cardiovascular disease complicates the
identification of key predictive features. Hossain et al. [11] proposed employing feature engineering to
extract and transform prediction-relevant features, enhancing model performance. Nagaraju et al. [22]
suggested the Relief method to filter data and select interconnected relevant features.

d. Training-testing data distribution: The absence of standardized approaches for dataset division presents
ongoing challenges [14]. Therefore, Uddin and Halder [19] implemented the "train-test-split" methodology
to evaluate multiple data proportions (80:20, 70:30, 60:40, 50:50) for optimal results, addressing training
dataset imbalance issues.

3.2. Factors in cardiovascular risk analysis and prediction

RQ2 examined key physiological, behavioral, and demographic predictors of cardiovascular risk in
ML applications [12]. Seven major CVD datasets were identified, predominantly hospital or public sources
[26], with feature selection employed to optimize model training [27]. Core predictors included blood
pressure, diabetes, cholesterol, pulse rate, exercise, smoking, age, and gender [28]. Despite these efforts,
dataset diversity remains limited; further details are in Table 2.

Table 2 presents 13 key predictors for CVD risk assessment, integrating physiological, lifestyle,
comorbid, and demographic factors. In addition to common attributes, kidney disease and diabetes were
included as chronic risk factors. The framework comprises age, sex, height, weight, BMI, exercise-induced
angina (Exang), physical activity, smoking, stroke history, alcohol intake, diabetes, kidney disease, and
CVDs as the target variable, aiming to enhance ML predictive accuracy.

Table 2. Factors in cardiovascular risk analysis and prediction using machine learning

No Data source Attributes (n) Attributes description Research
1 UCT heart disease dataset 13 age, sex, cp, trestbps, chol, fbs, restecg, thalach, exang, [12], [20], [26],
oldpeak, slope, ca, thal [27], [29]-[33]
[341-[41]
2 Ludwigshafen risk and 20 age, sex, weight, total cholesterol, HDL cholesterol, LDL [17]
cardiovascular health (LURIC) cholesterol, cholesterol, triglycerides, LDL triglycerides,
cohort HDL triglycerides, type II diabetes, urea, uric acid,

glycosylated hemoglobin, interleukin-6, oxidized LDL,
history of arterial hypertension, heart rate, systolic blood
pressure, diastolic blood pressure

3 Framingham 15 age, sex, education, current smoke, cigarettes per day, BP [20], [40], [42],
Meds, Prevalent Stroke, Prevalent Hyp, Diabetes, Tot [43]
Chol, Sys BP, Dia BP, BMI, Heart Rate, Glucose
4 Kaggle machine learning 11 age, height, weight, gender, ap_hi, ap_lo, cholesterol, [13], [19], [24],
repository glucose, smoking, alcohol intake, physical activity [37], [44]-[47],
5 Kaggle machine learning 14 age, height, weight, gender, ap_hi, ap_lo, cholesterol, [28]
repository, collected from labs, glucose, smoking, alcohol intake, physical activity
hospitals and friends’ data
6 MONICA dataset 11 age, sex, Yronset, Premi, Smstat, diabetes, highbp, hicho, [48]
angina, stroke, hosp
7  Department of Computing of 14 age, blood pressure, cholesterol, maximum heart rate, [49]
Goldsmiths University of peak, colored vessels, sex, chest pain type, resting ecg,
London slope, thal, Fasting blood sugar <120°, ‘angina’

3.3. Effective data processing methodology for enhanced prediction accuracy
RQ3 examined advanced frameworks for cardiovascular risk prediction, comprising five stages.

a. Data acquisition and preprocessing ensure dataset validity through outlier removal and attribute
optimization [19], to facilitate the acquisition of comprehensive quantitative and qualitative datasets
aligned with cardiovascular risk assessment objectives [27], while ensuring methodological robustness.

b. Data analysis and transformation employ computational techniques [26], to optimize structure and
standardize heterogeneous parameters.
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c. Feature selection optimization enhances classification precision while mitigating sparsity and reducing
computational complexity [34]. This approach facilitates the identification of critical cardiovascular risk
predictors.

d. Model development enhancement integrates clinical parameters to improve predictive capabilities and

learning efficiency [32].

e. Performance evaluation applies established metrics [33] to validate models and refine predictive accuracy.

3.4. Machine learning techniques for cardiovascular disease prediction

RQ4 investigated the performance of machine learning algorithms for cardiovascular disease
prediction. The review identified twenty distinct techniques, each exhibiting varying levels of effectiveness
and implementation challenges, as illustrated in Figure 1. Based on this analysis, eight representative
methods were selected, with the addition of ANN to provide a more comprehensive comparative evaluation.

. . . Best: Accuracy
Comparative-Algorithm Algorithm %)
- Algorithm- = = w
el fAxthar ® VR IR AR Zlz z|l=x|85|=2|«|=2/8 2|28 gof
<2 | 2 z a8 el 53 =2 3= ] z x|= |8 2|z |7 E
1 121 8 1 1 1 1 1 1 1 1 Bagging, GH 813
2 L] s 1 1 1 1 1 CB 2168
3 13 4 1 1 1 1 RF 93.44
4 [16] ] 1 1 1 1 SVM 81.02
E 1271 4 1 1 1 1 SVM 94
3 128] s 1 1 1 1 1 D1 100
7 (29] 3 1 1 1 SVM 86.8
8 133] ] 1 1 1 1 1 GDO 99.43
9 [39] < 1 1 1 1 1 RF 88.26
10 140 10 1 1 1 1 [ | 1 1 1 1 LDA 96.54
11 [42) 1 1 1 1 1 1 1 1 1 1 1 1 SE 8833
12 146] 3 1 1 1 1 1 KNN 72.91
13 [47 6 1 1 1 1 1 1 GB 88.84
14 [48] 2 1 1 1 1 1 1 1 1 1 LPTRF 100
15 [50] 3 1 1 1 SVM 878
16 [51] 1 1 XCBoosting 98.08
17 [52] 3 1 1 1 1 1 1 RF 89

techniques can be categorized as follows:
a. Tree-based methods:

53]
[54]

Total:

LR
RF

Figure 1. Machine learning techniques for cardiovascular disease prediction

80

90,16

Based on Figure 1, the research methodology incorporated eight analytical and forecasting
techniques, including an additional ANN approach, representing a novel comprehensive comparison. The

— Random forest (RF): Excels in both regression and classification tasks, particularly with large-scale
nonlinear datasets. Its feature selection capability enhances predictor identification, optimizing

efficiency and accuracy.

Decision tree (DT): Offers straightforward implementation for regression and classification, effectively
summarizing complex decisions. Widely adopted in medical applications.
Extreme gradient boosting (XGBoosting): An enhanced iteration of gradient boosting, utilizing
sequential decision trees for model training. Each iteration learns from predecessor error values,

maximizing predictive accuracy while minimizing computational resources.
b. Statistical learning methods:

Support vector machine (SVM): Specializes in binary classification for complex, high-dimensional
datasets. Demonstrates particular efficacy in ambiguous data classification with moderate sample

sizes.
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— Logistic regression (LR) : Primarily applied in binary classification for decision-making and risk
assessment, with extensive implementation across medical research.
— Naive Bayes (NB): Employs Bayesian probability theory for classification tasks, requiring labeled
data for supervised learning. Specializes in predictive analysis based on historical probability patterns.
c. Instance-based learning:

K-nearest neighbor (K-NN): Versatile in both classification and regression, utilizing proximity
principles for class assignment. Particularly suited for numerical data and multi-class classification
through feature-distance measurement.

d. Neural network approach:

Artificial neural network (ANN): Demonstrates versatility in regression and classification tasks,
employing brain-inspired learning mechanisms for complex problem-solving. Exhibits particular strength
in predictive modelling through experiential learning.

Frequency analysis from Figure 1 indicated that RF (15 implementations), SVM (14), DT (13), LR

(12), NB (12), K-NN (9), and XGBoosting (5) were the most commonly applied algorithms in cardiovascular
prediction tasks, with RF being the most frequently adopted.

3.5. Model validation strategies for clinical reliability

RQS5 investigated methodologies for validating cardiovascular prediction models. Nine evaluation
approaches were identified, grouped into three categories:

— Primary performance metrics: Accuracy, ROC-AUC curve, and confusion matrix, providing fundamental
assessment of overall predictive capability and classification effectiveness.

— Advanced performance indicators: F1-Score, sensitivity/recall, and specificity, enabling detailed
performance analysis for individual classes and measurement of true negative rates.

— Statistical validation methods: Precision, macro average, and weighted average, offering class-specific
accuracy evaluation and averaging methods suitable for datasets with unequal class distribution.

Table 3 summarizes the application frequency of these metrics across the reviewed studies,
highlighting accuracy, sensitivity/recall, precision, F1-Score, ROC-AUC, confusion matrix, and specificity
as the most commonly utilized. Based on implementation needs and research objectives, five key metrics—
accuracy, sensitivity/recall, precision, F1-Score, and confusion matrix—were selected for robust model
validation.

Table 3. Model validation strategies for clinical reliability

No  Model Evaluation Research

1 Accuracy [12], [26], [28], [29], [33], [42], [46], [47], [50]-[54]

2 ROC - AUC Curve [12], [15], [21], [28], [33], [50], [51]

3 Confusion Matrix [12], [21], [33], [46], [50]

4 F1-Score [21], [29], [42], [46], [47], [50], [51], [53], [54]

5 Sensitivity/Recall [21], [26], [29], [33], [42], [46], [47], [50], [S1], [53], [54]
6 Specificity [26], [29], [33], [50]

7 Precision [21], [26], [29], [42], [46], [47], [50], [51], [53], [54]

8 Macro Average [53]

9 Weight Average [53]

The systematic review of existing cardiovascular disease prediction research facilitated the
development of an optimized analytical framework. This framework, illustrated in Figure 2, integrates
established methodologies to enhance computational efficiency and mitigate analytical challenges in machine
learning-based cardiovascular risk prediction. The proposed structure streamlines data processing while
maintaining robust predictive capabilities.

As illustrated in Figure 2, the analytical framework for cardiovascular disease risk prediction
integrates systematic machine learning methodologies across three distinct operational steps. Based on
extensive literature review, this framework optimizes computational processes while ensuring prediction
accuracy.

Step 1. Data preparation:

This stage encompasses data collection, cleansing, feature selection, and data splitting. Data were
obtained from the behavioral risk factor surveillance system (BRFSS), ensuring reliable large-scale health
information. Cleansing involved removing duplicates, correcting inconsistencies, filtering outliers, and
managing missing values to enhance data integrity. Feature selection extracted salient predictors through
systematic screening, while data splitting divided records into training and testing sets for unbiased
evaluation.
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Step 2. Model implementation:

Eight classification algorithms—RF, SVM, DT, LR, NB, K-NN, XGBoosting, and ANN—were
applied. Each was trained on the prepared dataset and validated to compare predictive performance.
Step 3. Performance assessment:

Model evaluation involved calculating accuracy, sensitivity, precision, F1-Score, and confusion
matrix metrics, enabling comparative analysis of predictive capability and computational efficiency to
identify optimal techniques.

EES e -
. PDO PDO2 o0 PDO4
m Data Collection Cleansing Data X Splitting Data
[ Selection
=z H
.5\ [ :
T : :
i -
(o5 %
Training Dats ": Tesling Data
@
B MLO1
= Classification
— .
= Techniques
. 6 g
= L=
2 EVO1 EVO02
'_1:j hModel Comparing
L'Ilj Evaluations Mode
L

Figure 2. Machine learning framework for cardiovascular disease risk analytics and prediction

4. CONCLUSION

This systematic literature review synthesized a decade of research on the application of machine
learning for cardiovascular disease prediction. The evidence demonstrates that predictive performance
depends not only on algorithm selection but also on preprocessing, feature selection, and interpretability.
Advanced models such as random forest, support vector machines, and XGBoosting consistently
outperformed traditional linear methods, while deep learning approaches showed strong predictive potential
in handling complex and large-scale datasets. However, challenges of interpretability, heterogeneous data
quality, and limited clinical adoption remain significant barriers.

The thesis of this paper is that the success of ML in CVD risk assessment lies in the combined
strength of algorithmic sophistication, data preprocessing, feature engineering, and explainability was
supported by the reviewed evidence. By integrating these factors, ML-based models can move closer to
achieving clinically reliable and meaningful outcomes.

Future research should focus on the development of interpretable ML frameworks, the integration of
multimodal health data, and the design of privacy-preserving approaches such as federated learning.
Addressing these issues will accelerate the transition of ML-based CVD prediction from research to clinical
practice, ultimately improving patient outcomes and contributing to more personalized, data-driven
healthcare systems.
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