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ABSTRACT

Cardiovascular Disease (CVD) is a primary cause of mortality worldwide, which requires precise and
timely predictions to implement effective prevention and intervention strategies. Existing prediction
methods, dependent on a single classifier, frequently prove inadequate due to data complexity and class
imbalance, leading to incorrect classification. This study aimed to compare the performance of ensemble
learning approaches for predicting CVD using clinical datasets. Six ensemble classifiers were evaluated:
XGBoost and Gradient Boosting (Boosting), Random Forest and Decision Tree (Bagging), and K-Nearest-
Neighbor and Logistic Regression (Stacking). Boosting classifiers achieved the highest accuracy (73.0%)
and G-mean (72.0%) for CVD prediction, while the bagging classifier for Random Forest achieved similar
precision in identifying high-risk patients with CVD. Boosting classifiers demonstrate strong
discriminative power in differentiating between risk, as confirmed by the ROC AUC (0.80), indicating

their effectiveness for reliable CVD prediction.
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I.  INTRODUCTION

Cardiovascular Disease (CVD) has been classified as an
epidemic and has been reported as the leading cause of
mortality globally [1, 2]. The prevalence of CVD is increasing
due to the modern lifestyle, urbanization, and increased life
expectancy. CVD remains a critical challenge in healthcare,
necessitating the advancement of predictive methods to address
the prevailing concerns. Despite the existence of various
diagnostic methods, including traditional procedures such as
ECG and echocardiography, these tests often lack precision and
do not detect the disease in its early stages. As awareness of
early screening and clinical risk assessment of CVD increases,
various ML methods are used for prediction. These methods
aim to improve accuracy in detecting the risk of CVD and its
advancement, thus facilitating effective early intervention and
management [3-5].

Previous research on CVD classification has utilized ML
classifiers, such as Logistic Regression (LR), Decision Trees
(DTs), Support Vector Machines (SVM), and Neural Networks
(NN) [6, 7]. Although these models allow early diagnosis, they
are restricted by numerous limitations, including class
imbalance, inadequate  generalization, and lack of
interpretability [8, 9]. Many classifiers demonstrate overfitting
to certain datasets, making them unsuitable for diverse
populations, while methods such as deep neural networks,
despite their precision, provide no practical insight [10-12].

ML has progressed, with ensemble learning techniques
demonstrating considerable potential to enhance predictive
accuracy by integrating the strengths of many algorithms.
Ensemble learning offers an improved approach by combining
various classifiers to enhance predictive accuracy, reduce bias,
and increase interpretability, which is particularly useful in the
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context of CVD. Ensemble learning methods have been shown
to outperform traditional classifiers in terms of accuracy and
robustness in the detection of CVD [13-15]. For example,
boosting techniques such as XGBoost enhance recall for
minority classes, but bagging methods such as RF mitigate
overfitting and enhance generalization. Ensemble learning
classifiers have shown significant improvements in the
accuracy and robustness of CVD prediction models, offering
important tools in clinical decision-making and early detection.
[16-19].

Ensemble learning is a technique that combines multiple
basic classifiers to enhance predictive performance relative to
single models [20]. The primary objective is to improve
accuracy and robustness by using the strengths of many models
while mitigating their weaknesses [21]. Base classifiers are
independent models whose predictions are combined to create
a more robust model. The efficacy of an ensemble depends on
the accuracy of the base learners and the diversity among them.
Diverse models exhibit reduced susceptibility to the same
errors, which enhances overall performance [22-24].

Common types of ensemble learning are bagging, boosting,
and stacking. Bagging involves independent training of
different models and the aggregation of their predictions by
voting to improve accuracy. RF is a popular classifier in this
category. Bagging emphasizes the reduction of variation and
the prevention of overfitting [21, 25]. In boosting, base learners
are trained consecutively, with each learner concentrating on
cases that previous models struggled with, thus enhancing
overall performance. Boosting is frequently employed to
improve the efficacy of a base classifier. Although boosting
might be computationally intensive and susceptible to noise, it
often yields more accurate classifications than bagging. The
most prominent boosting classifiers are XGBoost and Gradient
Boosting (GB) [25, 26]. Stacking integrates the predictions of
various models through a meta-learner to produce a final
prediction, facilitating the capture of more complex
correlations. Stacking is more effective when the basic
classifiers exhibit strong learning performance and increased
variance. Common models used as stacking meta-learner
classifiers are K-Nearest Neighbors (KNN) and LR [25, 26].

The integration of feature selection with ensemble learning
can improve the accuracy and interpretability of CVD risk
models. Feature selection is the process of selecting important
attributes in the dataset to improve model performance. In the
context of classification, feature selection methods are
commonly categorized into three main approaches: filter
methods, wrapper methods, and embedded methods.
Techniques such as Pearson Correlation (filter), RF Importance
(embedded), and Recursive Feature (RFE) (wrapper) have been
used to reduce high dimensionality, improve interpretability,
and reduce overfitting. These methods ensure that only the
most relevant features affect the final prediction model, hence
improving classification accuracy and computational efficiency
[26-28].

Previous research findings on CVD classification have
consistently demonstrated the integration of data balancing
strategies and ensemble learning to address data imbalance
without altering class structures [29, 30]. These strategies

involve adjusting the class distribution of the dataset to achieve
a balanced representation, using techniques such as Random
Undersampling (RUS), Random Oversampling (ROS), and the
Synthetic Minority Oversampling Technique (SMOTE). Data
rebalancing strategies allow for a holistic modeling approach
by preserving the original class structure and analyzing the
class distribution globally. Previous research has demonstrated
that these methods have shown significant promise in
mitigating class imbalance issues [31, 32]. By focusing on
maintaining the natural class structure, rebalancing strategies
offer a more suitable approach for medical data, as they
minimize information loss and help maintain the relevance of
features critical for accurately predicting target classes [31, 32].
However, most disease predictions applying ensemble learning
with these strategies are often restricted to specific domains
and tasks, limiting their generalizability.

This study expands on previous research by incorporating
SMOTE for data balance, utilizing ensemble learning to
improve classification accuracy, and implementing optimal
feature selection to increase CVD prediction and patient
support. This study compares the performance of ensemble
learning classifiers: XGBoost and GB (Boosting), RF and DT
(Bagging), and KNN, LR (Stacking). The purpose is to utilize
these predictions to improve the identification of CVD in the
context of health screening patients. SMOTE was used for data
balancing, and RFE was used to discover relevant CVD
predictors. The experimental results reveal that all classifiers
exhibit adequate precision in predicting CVD among patients.

II. METHODOLOGY

Figure 1 shows the workflow followed in this study, having
three phases: (i) Data Preprocessing, (ii) CVD Prediction,
(iii) Performance Evaluation.

Data Preprocessing

Data Data Feature
cVD *| Cleaning resamping »  Selection
Dataset SMOTE RFE

Y

CVD Prediction

Hyperparameter Tuning

RandomSearchCV
Bagging Boosting Stacking
Random Forest Gradient Boosting K-Nearest Neighbour
Decision Tree XGBoost Logistic Regression

Performance Measurement

Accuracy Precision Recall Micro-avg Macro-avg G-mean AUC ROC

Fig. 1. Workflow of this study.
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In Data Preprocessing, the raw dataset was processed using
data cleaning, data resampling with SMOTE, and feature
selection with RFE. In CVD Prediction, three types of
ensemble classifiers, Boosting (GB, XGBoost), Bagging (RF,
and RF meta-learner), and KNN, LR (as stacking meta-
learners), were used to classify CVD. Finally, the effectiveness
of each classifier was assessed.

A. Data Preprocessing

This study used a secondary dataset including 69,966
records with 11 independent variables [33]. The data were
gathered during a public health screening program and
represented  demographic,  behavioral, and  clinical
measurements associated with CVD risk. This dataset was
selected due to its large sample size, balanced representation of
risk factors, and frequent use in predictive modeling research.
Table I shows the dataset's variables. The target variable
indicates the presence or absence of CVD.

Redundant records were removed to ensure data integrity.
Missing values were identified, and data imputation techniques
were applied, replacing null values with the corresponding
column averages. Outlier detection and removal were
performed using the Z-score method, which effectively filtered
out extreme values that impact model performance. The
cleaned datasets consisted of 55,972 records.

Before SMOTE

TABLE L CARDIOVASCULAR DATASET FEATURES
Variable Description Value range

Age Years (21,99)
Height Height Continuous numerical
Weight Weight Continuous numerical
Gender Gender 0 = Female, 1 = Male
ap_hi Systolic Blood Pressure Continuous numerical
ap_lo Diastolic Blood Pressure Continuous numerical

1 = Normal

Chol Cholesterol 2 = Above normal
3 = Well above normal
1 = Normal
Gluc Glucose 2 = Above normal
3 = Well above normal
. 0 = Non-smoker
Smoke Smoking 1 = Smoker
Alco Alcohol Intake 0 = Non-consumption
1 = Consumes alcohol
. . .. 0 = Inactive
Active Physical Activity 1 = Active
Cardio Presence or Absence of CVD 0=No, 1 =Yes

Rebalancing procedures are commonly employed to
address imbalances in class distribution. This study used
SMOTE to rebalance the data before training. SMOTE
oversamples the minority class by duplicating and generating
new instances through existing samples, as shown in Figure 2.
This study also employed RFE to identify the most relevant
features for CVD classification.

After SMOTE

27996

27976

25000

20000

15000

Count
Count

10000

5000

1
Cardio

Fig. 2.

B. CVD Classification

Experiments were conducted using three types of ensemble
models described above. The boosting models, XGBoost and
GB, were configured with 100 estimators, a learning rate of
0.1, and a maximum tree depth of 5, achieving a balance
between accuracy and computational cost. RF was trained with
100 trees, each having a maximum depth of 10, and the DT
classifier employed the same criterion for interpretability
comparison. KNN utilised k = 5 neighbors with Euclidean
distance, whereas LR served as the meta-learner with L2
regularization.

The dataset was partitioned into the training set, which
included 80% of each class's data, and the test set, containing
the remaining 20% (80:20). The partition was performed
randomly using stratified sampling, ensuring that the class
distribution of CVD and non-CVD remained consistent in both

27996

27996

25000

20000

15000

10000

5000

0

Cardio

Comparison before SMOTE and after SMOTE

the training and test sets. The 80:20 ratio is commonly adopted
in research, since it offers a balanced trade-off between having
sufficient data for accurate measurement.

C. Performance Evaluation

Various performance metrics were considered to evaluate
the performance of the ensemble learning approaches. The
formulas for each metric, including accuracy, precision, recall,
and the Area Under the Receiver Operating Characteristic
(AUROC) curve, were computed as follows.

Accuracy is the overall percentage of correctly predicted
instances across all the classes, where TP denotes true
positives, TN is the true negatives, FP is false positives, and FN
is false negatives.

TP + TN

Accuracy = ———
Y T TP+ PP+ TN+FN

ey
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Precision is the percentage of values that a model predicts
as positive and are, in fact, positive (TP):

@

Recall evaluates the model's ability to accurately predict the
positive class:

.. TP
Precision =
TP + FP

_ TP

Recall = ——
TP+FN

3

A higher Fl-score macro-averaging value indicates better
overall classification performances in all the classes:

“

where MAP is the Macro Average Precision and MAR is Macro
Average Recall. For Fl-score microaveraging, the global
average calculations were made without taking into account the
class differences:

MacroAverageF1 = 2 * (w)

MAP+MAR

K _ TPk

Micro AverageF1 = peRSE—— (®)
G-mean was used to measure the balance between classes,
G —mean = ([I4 Ri)1/k 6)

where R is Recall.

III. RESULTS

The performance of each classifier in CVD prediction was
assessed using the average of 5-fold cross-validation, and the
results are presented in Table II. The boosting classifiers
demonstrated the strongest performance among all ensemble
learning approaches. XGBoost exhibited the highest accuracy
at 73.04% and a G-mean of 71.95%. Similarly, GB showed
comparable results with an accuracy of 72.92% and a G-mean
of 71.7%. These classifiers also achieved higher precision and
recall, signifying their capacity to distinguish between classes
while preserving a balance between FP and FN.

Boosting Classifiers ROC Curve

The RF classifier (bagging) demonstrated moderate
performance, achieving an accuracy of 72.40 and a G-mean of
70.9, indicating balanced performance across classes. The DT
bagging meta-learner obtained an accuracy of 69.0 and a G-
mean of 68.9. The stacking meta-learners exhibited varied
performances. LR achieved an accuracy of 72.7% and a G-
mean of 71.5, close to the performance of XGBoost. However,
KNN demonstrated the lowest performance, achieving 69.2%
accuracy and a G-mean of 69.0%, while maintaining essential
sensitivity to the positive class. KNN consistently showed
inadequate performance in all cases.

TABLE II. PERFORMANCE METRICS OF DIFFERENT
ENSEMBLE LEARNING APPROACHES

Boosting Bagging Stacking
Metric XGBoost GB RF DT KNN | LR
Accuracy 73.0 72.9 72.4 69.0 69.2 | 72.7
Precision 75.1 74.9 74.9 69.0 69.5 | 747
Recall 68.9 68.7 67.2 68.9 68.5 | 68.4
Micro-avgF1 73.0 72.9 72.4 69.0 69.2 | 72.7
Macro-avgF1 72.9 72.8 72.3 69.0 69.2 | 72.6
G-mean 71.9 71.7 70.9 68.9 69.0 | 71.5

Bagging Classifiers ROC Curve

Opverall, boosting classifiers, specifically XGBoost and GB,
outperformed other classifiers and established themselves as
the most effective ensemble learning approaches for predicting
cardiovascular disease. RF demonstrated similar performance
to the boosting classifiers. The LR meta-learner offered
competitive performance, although less effective.

Figure 3 illustrates the True Positive Rate (TPR) plotted
against the False Positive Rate (FPR) on the ROC curves for
the classifiers. All ensemble learning classifiers exhibited high
predictive capacity, with points located near or within the upper
region (0,1) signifying faultless classification. The boosting
classifiers achieved the highest AUC-ROC performance with
0.80. RF (bagging) also achieved an AUC-ROC of 0.80, which
is comparable with boosting classifiers, whereas the stacking
LR meta-learner also achieved strong performance with an
AUC-ROC of 0.79. Overall, ROC curves indicate that boosting
and RF classifiers performed better than stacking classifiers,
offering robust predictive accuracy for CVD prediction.

Stacking Classifiers ROC Curve
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IV. DISCUSSION

Comparative analysis of ensemble learning approaches can
shed light on the advantages and drawbacks of boosting,
bagging, and stacking classifiers in CVD prediction. Boosting
and bagging surpassed stacking in all performance criteria,
albeit with slight differences. XGBoost and GB demonstrated
superior performance, achieving accuracies of 73.0% and
72.9%, respectively, along with the highest precisions of 75.1%
and 74.9%, respectively. Both classifiers' ROC curves
confirmed this performance, reaching AUC scores of 0.80,
which demonstrates their competence in discriminating
positive and negative classifications. However, their recall
values were marginally superior to those of the DT bagging
meta-learner, suggesting that while boosting enhances overall
accuracy and precision, it may sacrifice some sensitivity in the
classification of positive cases.

The RF approach (bagging) achieved competitive
performance, with RF outperforming DT, achieving an
accuracy of 72.7% and an AUC of 0.80, demonstrating
comparability to boosting approaches. This aligns with the
resilience of RF as a formidable baseline ensemble approach,
capable of balancing and reducing variation. In contrast, the
DT bagging meta-learner exhibited much inferior performance
(accuracy = 69.0%, AUC = 0.75), despite its competitive recall.

LR, used as a stacking classifier, achieved balanced
performance results, equal to the leading boosting and bagging
approaches. In contrast, the KNN stacking meta-learner had an
inferior prediction accuracy, which can be attributed to its data
sensitivity and lack of resilience.

These results have practical relevance for the
implementation of predictive models in decision support
systems. The effectiveness of boosting and bagging classifiers
in CVD prediction demonstrates their appropriateness for
applications requiring stability and generalization, including
medical diagnosis, financial risk assessment, or fraud detection.
High precision values indicate a reduction in FP, which is
essential in clinical and operational contexts, where
unwarranted interventions or misclassifications might incur
high costs. Ensemble learning approaches, especially boosting
and RF (bagging), suggest a solid basis for developing reliable
and interpretable predictive classifiers in practical settings.

V. CONCLUSION

This study evaluated the efficacy of three ensemble
learning approaches (bagging, boosting, and stacking) using
various performance metrics. The results indicate that boosting
and bagging (RF) classifiers continuously achieve superior
accuracy, precision, and AUC values, which affirms their
robustness and dependability for classification applications.
The results of this study enhance the understanding of how
hybrid feature-ensemble models might optimize performance
while mitigating overfitting and dimensionality concerns by
systematically evaluating various ensemble paradigms within a
unified experimental framework. The findings indicate that
boosting methods achieved the best performance, showcasing
their robustness and suitability for practical applications.

However, the analysis was restricted to a singular dataset,
hence constraining generalizability. Further research into
automated hyperparameter optimization, Explainable Al (XAI)
techniques, and empirical clinical validation would improve
both efficacy and comprehensibility. Moreover, further studies
need to integrate additional performance metrics, including
specificity, Matthews Correlation Coefficient (MCC), and
calibration analysis, to provide a more thorough assessment of
model reliability. The use of temporal or longitudinal health
data may enhance early detection and individualized CVD risk
evaluation.
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