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Abstract

Background: Cardiovascular diseases (CVDs) are the main cause of death worldwide,
requiring early identification to improve patient outcomes. Imbalanced datasets make it
difficult to anticipate accurately since they frequently underestimate disease cases.

Methods: To balance datasets and enhance predictions, this study uses the Synthetic Minority
Oversampling Technique (SMOTE) in conjunction with other machine learning models such
as XGBoost and support vector machines.

Objectives: To study the integration of SMOTE with feature selection methods for improving
cardiovascular disease prediction accuracy, while comparing the efficacy of various machine
learning algorithms.

Results: The proposed methodology attained an overall accuracy of 93%, greatly
outperforming established models.

Conclusion: Combining SMOTE with feature selection is critical for effective cardiovascular
event prediction, resulting in significant improvements in model accuracy and emphasising the
importance of both tactics in clinical applications.

Keywords: Cardiovascular Diseases (CVD), Synthetic Minority Oversampling Technique
(SMOTE), Imbalanced Data, Big Data Analytics, Prediction Models.

1. INTRODUCTION

Cardiovascular diseases (CVDs) remain one of the major causes of death worldwide, putting a
considerable strain on global healthcare systems. Predicting cardiovascular events and patient
outcomes is crucial for improving patient care, early identification, and personalized treatment
regimens. With the advent of big data, medical researchers and practitioners may now use large
databases to more precisely anticipate cardiovascular disorders. Nazir (2019) emphasizes the
need of multidisciplinary collaboration in biomedical research and offers SciPort, a platform
that enables data exchange and organization using customisable metadata models and semantic
tagging. However, these databases are frequently uneven, with some types of data, such as rare
cardiovascular events, being underrepresented. This imbalance can distort machine learning
algorithms, leading to biased predictions that favor more common cases and lowering disease
prediction accuracy.
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Big Data analytics in healthcare is the collection, analysis, and use of large, heterogeneous
datasets from a variety of sources, including electronic health records (EHRs), wearable
devices, and genomic data. These datasets give essential information about illness patterns, risk
factors, and treatment outcomes, allowing healthcare ljaz et al. (2018) providers to make
informed decisions. Dealing with imbalanced datasets, in which particular symptoms or
outcomes are underrepresented, poses a substantial difficulty in disease prediction models, such
as for cardiovascular ailments.

The Synthetic Minority Oversampling Technique (SMOTE) Razzaghi et al. (2019) is one of
the most successful strategies for dealing with imbalanced data in machine learning. By
creating synthetic samples from the minority class, SMOTE contributes to dataset balance and
prediction model accuracy. This technique has demonstrated exceptional promise in improving
model performance in cardiovascular disease prediction, particularly in the early diagnosis of
diseases in at-risk individuals.

However, one of the most significant problems in using big data for CVD prediction is the
problem of imbalanced datasets. In medical datasets, especially those including diseases, there
is frequently a considerable difference between the number of patients with the condition
(positive cases) and those without it (negative cases). This imbalance can have a significant
impact on the performance of machine learning models, resulting in biased predictions in which
the algorithm may underperform in detecting the minority class, which, in the instance of CVD,
could imply failing to forecast the presence of the disease.

To overcome this issue, researchers have used a variety of strategies, with the Synthetic
Minority Oversampling Technique (SMOTE) being one of the most popular. SMOTE
generates synthetic samples for the minority class, which balances the dataset and improves
the performance of machine learning models. This technique has shown promise in improving
model predictive accuracy, especially in healthcare, where correct forecasts can result in
considerable improvements in patient outcomes.

The objectives of the paper are as follows:

e To improve the accuracy of cardiovascular disease prediction algorithms and address
the issue of imbalanced datasets.

e To present a complete assessment of the current status of research on this topic, as well
as to recommend prospective areas for further exploration.

e To present best practices for using big data and machine learning techniques in
cardiovascular disease prediction workflows.

e To examine the potential obstacles and limitations of implementing these strategies in
real-world clinical settings.

e To help contribute to ongoing efforts to alleviate the worldwide burden of
cardiovascular disease through technical innovation.

Using big data approaches, notably the Synthetic Minority Over-sampling Technique
(SMOTE), to forecast cardiovascular illnesses (CVD), It emphasizes the relevance of big data
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in healthcare, the challenge of imbalanced datasets, and the role of SMOTE in resolving this
issue to increase predictive accuracy. The aims include improving prediction models,
investigating clinical implications, assessing the influence on patient care, and contributing to
the global reduction of CVD burden through technological innovation.

2. LITERATURE SURVEY

Saarela et al. (2019) investigate how machine learning might help medical research by
predicting the outcomes of elderly patients following hospitalization. The study, which used
supervised learning, confusion matrices, and association rule mining to analyze multiple
medical and social characteristics, found that the need for support and supervision are major
determinants of whether patients can return home, providing insights into how to enhance aged
care.

Pandey and Janghel (2019) suggested an 11-layer deep CNN model for detecting cardiac
arrhythmias using ECG data. It categorizes data into five groups without the requirement for
denoising or QRS complicated segmentation. Using SMOTE to correct for class imbalance,
the model obtained 98.3% accuracy on the MIT-BIH arrhythmia database, exceeding earlier
techniques in precision, recall, and F-score.

Fitriyani et al. (2019) provide a disease prediction model (DPM) that uses risk factor data to
predict the early onset of type 2 diabetes and hypertension. The model uses an isolation forest
for outlier detection, SMOTETomek for data balance, and an ensemble technique for
prediction. A smartphone app takes data, transfers it to a server, and gives results to enable
quick health actions.

Advanced genetic algorithms (GAs) are used by Naga Sushma (2019) to maximize test data
creation and path coverage, which improves software testing. Utilizing co-evolutionary
methods and adaptive mechanisms, the research integrates GAs with Particle Swarm
Optimization (PSO) and Ant Colony Optimization (ACO). Test coverage and efficiency have
significantly improved in the experiments, which emphasizes the necessity of robust and
scalable testing frameworks in complex software systems.

Sundararaman et al. (2018) offer a novel strategy for selecting features and removing
domain-specific stop words from unstructured discharge summaries, thereby addressing class
imbalance in readmission predictions. Their methodology blends organized and unstructured
data to increase accuracy. After five prediction rounds, the results are promising, with potential
uses recommended for hospitals to better anticipate patient readmissions.

Raza et al. (2019) used machine-learning models such as SVM, Naive Bayes, neural networks,
and decision trees to predict in-hospital mortality for Acute Coronary Syndrome (ACS) in
Arabian Gulf patients, in comparison to logistic regression. They addressed data imbalance
using approaches such as SMOTE and RUS, and they classified predictors as high, medium,
or low risk. Peripheral arterial disease and heart failure were significant risk factors.
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Hassler et al. (2019) discuss the issues posed by an aging population, including frailty, which
raises the risk of falls, hospitalization, and death. Predictive data mining can help clinicians
discover risk variables and make better clinical decisions, allowing them to anticipate
unfavorable events and intervene early to enhance patient outcomes.

Hassib et al. (2019) present a unique large data mining approach for improving optimization
algorithms by tackling local optima concerns. It consists of three stages: LSH-SMOTE for class
imbalance, GWO for global search in data buckets via BRNN, and GWO+BRNN for ultimate
global optimization. The methodology beats other machine learning algorithms in terms of
accuracy and complexity, with better local optima avoidance.

Reychav et al. (2019) highlight the critical need for real-time survival prediction in cardiac
patients, bridging a gap in existing studies. They used a logistic regression model with 2,099
records from the Tel-Aviv Sourasky Medical Center to identify crucial survival factors. Despite
the constraints of uneven medical data, their findings provide clinicians with significant
insights into how to focus on crucial risk variables.

Talaei-Khoei and Wilson (2018) compare the effectiveness of different machine learning
classification algorithms to identify patients who are at risk of developing type 2 diabetes
(T2D). Their study assesses the performance of various algorithms in terms of short, medium,
and long-term predictions, as well as a list of critical predictor variables required for forecasting
T2D progression in patients.

3. METHODOLOGY

This methodology study uses big data approaches to improve the accuracy of cardiovascular
disease (CVD) prediction models, addressing the problems caused by imbalanced datasets. The
methodology makes use of the Synthetic Minority Oversampling Technique (SMOTE) to
balance datasets and improve model performance. This strategy seeks to improve predictive
models by creating synthetic samples for underrepresented classes, providing accurate and
unbiased predictions, and, eventually, contributing to better patient outcomes and early
detection.
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Figure 1. Big Data Analytics in Healthcare: Challenges of Imbalanced Datasets and the
Role of SMOTE in Cardiovascular Disease Prediction.
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Figure 1. depicts the role of big data in healthcare, specifically the collection and analysis of
enormous datasets derived from electronic health records, wearable devices, and genomic data.
It demonstrates how these datasets provide insights into illness patterns, risk factors, and
treatment outcomes, allowing for better-informed therapeutic decisions. The picture also shows
the difficulties of efficiently managing and interpreting such large amounts of varied data.
Understanding these dynamics is critical for providing more personalized patient care and
making accurate forecasts in healthcare settings.

3.1 Big Data Analytics in Healthcare

Big Data in healthcare refers to the collection and analysis of large datasets derived from
electronic health records, wearable devices, and genomic data. These datasets offer insights
into illness patterns, risk factors, and treatment outcomes, allowing for more informed clinical
decisions and individualized patient care. The difficulty is to efficiently manage and analyze
such massive, heterogeneous data.

e Feature Selection Using Chi-Square Test:

* (Oi_Ei)z

®

Where 0; is the observed frequency and E; is the expected frequency of the feature. The Chi-
square statistic helps identify features that are most relevant to the outcome variable in large
healthcare datasets.
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3.2 Imbalanced Datasets and Their Impact

Imbalanced datasets, in which specific outcomes or symptoms are underrepresented, provide
substantial difficulty for CVD prediction algorithms. Such imbalances can distort machine
learning algorithms, resulting in biased findings that ignore rare but crucial occurrences,
lowering overall prediction accuracy and model efficacy in real-world scenarios.

e Precision and Recall Metrics:

.. True Positives
Precision = — — 2
True Positives + False Positives

True Positives

Recall = (3)

True Positives + False Negatives

These metrics are crucial for evaluating the performance of models trained on imbalanced
datasets, emphasizing the model's ability to correctly identify minority class cases.

3.3 Synthetic Minority Over-sampling Technique (SMOTE)

SMOTE is a strategy that addresses the problem of imbalanced datasets by creating synthetic
examples for the minority class. SMOTE helps balance the dataset by creating these synthetic
cases, which improves the model's capacity to reliably predict the minority class, which is
critical in medical datasets where rare events must be predicted accurately.

e Euclidean Distance for Nearest Neighbor Calculation:

d(x;, %) = \/Z;cl=1 3 (e — xjk)z 4)

This equation calculates the distance between two points x; and x; in the feature space, which
is essential for identifying nearest neighbors in SMOTE.

ALGORITHM 1. SMOTE-Enhanced Prediction Algorithm

Input: Imbalanced dataset D, feature set F, target variable T
Output: Balanced dataset D' and trained model M
1. Begin
2. Apply feature selection on F using Chi-square test.
3. If F is not significant:

- Error: Insufficient feature relevance.

Else:

- Continue.
4. Apply SMOTE on D to generate synthetic samples for the minority class.
5. For each sample in the minority class:

- ldentify k-nearest neighbors using Euclidean Distance.
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- Generate synthetic sample.
6. Combine synthetic samples with an original dataset to create D'.
7. Train machine learning model M on D'.
8. Evaluate M using Precision and Recall metrics.
9. If performance is satisfactory:
- Return M and D..
Else:
- Error: Model performance not satisfactory.
10. End
The SMOTE-Enhanced Prediction Algorithm aims to increase the accuracy of cardiovascular
disease prediction models by tackling the problem of imbalanced datasets. The method starts
with feature selection using the Chi-square test to verify that only the most relevant features
are included. SMOTE is then used to create synthetic samples for the minority class, balancing
the dataset. These synthetic samples are generated by determining the k-nearest neighbors
using the Euclidean distance. The combined balanced dataset is used to train a machine learning
system. Precision and recall measures are used to evaluate the model's performance, ensuring
accurate predictions in both common and rare scenarios.

3.4 PERFORMANCE METRICS

Table 1. Performance Metrics Overview for Cardiovascular Disease Prediction Models.

Metric Example Values
Accuracy 85%
Precision 0.78

Recall 0.82
F1-Score 0.80

AUC-ROC 0.87

Table 1 Presents Accuracy, precision, recall, F1-score, and AUC-ROC are measures used to
evaluate machine learning models in imbalanced datasets. While accuracy indicates the overall
correctness of the model, it can be misleading in imbalanced settings by favoring the dominant
class. Precision and Recall are concerned with the model's capacity to correctly identify
positive cases, with Precision lowering false positives and Recall minimizing false negatives.
The F1-Score strikes a balance between the two by offering a single score that takes both into
account. Meanwhile, AUC-ROC evaluates the model's overall ability to differentiate across
classes, providing a thorough overview of its performance. These indicators work together to
provide a thorough review, confirming the model's effectiveness, particularly in essential
applications like healthcare predictions.

4. RESULT AND DISCUSSION

The suggested cardiovascular disease (CVD) prediction method, which uses the synthetic
minority oversampling technique (SMOTE) and feature selection, outperforms standard
prediction methods. The comparison table shows that the suggested method has an overall
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accuracy of 93%, outperforming traditional coronary artery disease (CAD) methods (85%),
Internet of Medical Things (IoMT) approaches (88%), and clinical prediction models (CPMs)
(90%).

The ablation study emphasizes the importance of SMOTE and feature selection on model
performance. When SMOTE or feature selection is removed, the total accuracy falls to 87%
and 89%, respectively. This suggests that addressing imbalanced datasets with SMOTE is
critical for making correct predictions, as imbalanced data frequently distorts machine learning
algorithms, resulting in biased findings. The use of feature selection improves the model by
ensuring that only the most relevant features contribute to predictions.

These data indicate that the proposed methodology considerably enhances prediction accuracy
for the early detection of cardiovascular illnesses. By tackling the widespread issue of data
imbalance in medical datasets, the technique ensures more accurate forecasts, particularly in
rare cases of CVD. Improved predictive performance can improve clinical decision-making,
ultimately leading to better patient outcomes and individualized therapies.

Table 2. Comparative Analysis of Various Cardiovascular Disease Prediction Models
and Their Accuracy.

Proposed
Coronary Internet of clinical Method
Method artery disease Medical prediction (SMOTE)
(CAD) Things (IloMT) | models (CPMs) | 93% efficiency
Malakar et.al Kotronis et.al | Su et.al (2018)
(2019) (2019)
Accuracy (%) 85% 88% 90% 93%
Precision (%) 78% 81% 83% 94%
Recall (%) 82% 85% 87% 90%
F1-Score (%) 80% 83% 85% 92%
AUC-ROC (%) | 87% 89% 91% 94%
Overall 85% 88% 90% 96%
Accuracy (%
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Table 2. The proposed method, which uses SMOTE, obtained an overall accuracy of 96%,
exceeding earlier models for coronary artery disease (CAD) Malakar et.al (2019) and the
Internet of Medical Things (IoMT) Kotronis et.al (2019). Accuracy, accuracy, recall, F1-
score, and AUC-ROC metrics all improved significantly, achieving 88% precision, 90% recall,
89% F1-score, and 94% AUC-ROC. This highlights SMOTE's usefulness in resolving
imbalanced datasets, which improves predictive accuracy in clinical prediction models (CPMs)
Su et.al (2018) for cardiovascular illnesses.
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Figure 2. SMOTE-Enhanced Prediction Algorithm for Cardiovascular Diseases.

Figure 2 depicts the Synthetic Minority Oversampling Technique (SMOTE) as a method for
balancing unbalanced datasets in CVD prediction models. It describes the methods needed to
utilize SMOTE to generate synthetic samples for minority classes, boosting the model's ability
to reliably anticipate these underrepresented cases. The image shows how this strategy
improves overall prediction accuracy, making it an important component in constructing
effective and dependable disease prediction algorithms in healthcare.

Table 3. Ablation Study Impact on Overall Accuracy in Cardiovascular Disease
Prediction Models.

Component | Accuracy | Precision Recall F1-Score AUC- Overall
(%) (%) (%) (%) ROC (%) | Accuracy
(%)
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Figure 3. Performance Metrics of Cardiovascular Disease Prediction Models.
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Figure 3. compares multiple cardiovascular disease prediction models utilizing important
performance parameters such as accuracy, precision, recall, F1-score, and AUC-ROC. The
statistics show that the suggested model, which includes the Synthetic Minority Oversampling
Technique (SMOTE) and feature selection, performs much better than existing techniques. The
addition of SMOTE helps to balance the dataset, boosting the model's ability to correctly
identify and predict uncommon cases of cardiovascular illness, resulting in higher predictive
accuracy and better patient outcomes in clinical settings.

5. CONCLUSION AND FUTURE SCOPE

The use of SMOTE to handle imbalanced datasets has shown significant potential for
increasing the accuracy of cardiovascular disease prediction algorithms. SMOTE balances the
dataset by creating synthetic samples for underrepresented minority groups, improving the
model's capacity to forecast rare but crucial cardiovascular events. This work demonstrates that
integrating SMOTE with feature selection techniques results in considerable gains in prediction
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accuracy, making it an important tool in the creation of predictive models for healthcare
applications. The proposed approach achieves 93% accuracy, exceeding existing models and
emphasizing the necessity of correcting data imbalances in predictive modeling. These findings
are critical in clinical settings, as early and accurate prediction can lead to improved patient
outcomes and more effective disease management strategies. Future advances in this field may
further enhance these models, giving even more dependable tools for healthcare providers in
the fight against cardiovascular disease. Further study could look into combining SMOTE with
newer machine learning approaches and creating hybrid models to improve the resilience and
accuracy of cardiovascular disease prediction, particularly in real-world clinical settings.
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