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Abstract:

Cardiovascular diseases (CVD) are a leading cause of illness and death worldwide, making it crucial to
predict cardiovascular risk accurately for effective prevention and treatment. This study aims to
evaluate the performance of several supervised machine learning algorithms in predicting
cardiovascular risk using a dataset of clinical and demographic features. Six commonly used models—
Random Forest, XGBoost, Logistic Regression, Support Vector Classifier (SVC), K-Nearest Neighbors
(KNN), and Decision Tree—are tested based on their ability to predict risk and other important metrics
such as accuracy, precision, recall, F1-score, and area under the receiver operating characteristic curve
(AUC). The data is preprocessed using normalization and transformation techniques, such as Quantile
Transformation and Standard Scaling, to ensure the best model performance. The results provide a
detailed comparison of the models' performance, showing their strengths and weaknesses in predicting
cardiovascular risk. The findings highlight the best-performing models for identifying high-risk
individuals, which could help healthcare professionals prioritize early interventions. The study also
discusses the broader role of machine learning in healthcare, especially in disease prediction and
prevention.
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Tom tat:

Cac bénh tim mach (CVD) la mét trong nhiing nguyén nhan hang dau gay ra bénh tat va tir vong trén
toan thé gidi, do d6 viéc du doan chinh xac nguy ¢ mac bénh tim mach la rat quan trong cho cong
tac phong nglra va diéu tri hiéu qua. Nghién c(iu nay nham danh gia hiéu qua ctia mot s6 thudt toan
hoc may c6 giam sat trong viéc du doan nguy cé mac bénh tim mach dua trén bd dit liéu gdm cac dac
trung 18m sang va nhan khau hoc. Sdu mé hinh phd bién dugc sir dung — Random Forest, XGBoost,
Logistic Regression, Support Vector Classifier (SVC), K-Nearest Neighbors (KNN), va Decision Tree —
dugc kiém tra dua trén kha ndng du’ doan rui ro va cac chi s6 danh giad quan trong nhu dé chinh xac,
dd chinh xac truy xuét (precision), dd bao phu (recall), diém F1 va dudng cong ROC (AUC). Dit liéu
dugc x{7 ly trude bang cac ky thudt chudn hda va bién déi, chdng han nhu chuyén ddi phan vi (Quantile
Transformation) va chudn hda chuén (Standard Scaling), nham dam bao hiéu suét t&i uu cho mé hinh.
Két qua dua ra so sanh chi tiét hiéu sudt ctia cdc mé hinh, qua d6 thé hién diém manh va han ché cla
tirng mé hinh trong du dodn nguy co mac bénh tim mach. Phat hién cta nghién clfu nhdn manh cac
mo hinh cd hiéu sut tt nhat trong viéc xac dinh cic c& nhan c6 nguy cd cao, tir dé hd trg cac chuyén
gia y t€ uu tién can thiép sém. Nghién clfu cling thao luan vé vai tro réng Idn han clia hoc may trong
y t€, ddc biét la trong du doan va phong nglra bénh tat.
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1. INTRODUCTION

Cardiovascular diseases (CVDs) are the
leading cause of death worldwide,
accounting for approximately 18 million
deaths annually and placing immense
pressure on healthcare systems [1].
Accurate and early prediction is crucial for
improving clinical decisions and reducing
costs [2]. Machine learning (ML) has
shown strong potential in areas such as

indoor localization [3, 4], wireless
communication [5], and especially in
healthcare = [6-9].  Supervised ML
algorithms—Support Vector Machines

(SVM), Random Forests (RF), Logistic
Regression (LR), Gradient Boosting (GB),
K-Nearest Neighbors (KNN), and
XGBoost—have proven effective in
analyzing structured clinical data for heart
disease prediction [6—8]. Despite the rise
of deep learning and hybrid approaches
[9], traditional ML models remain popular
due to their interpretability and efficiency
on moderate-sized datasets [10].

This study evaluates six widely-used
supervised ML algorithms—RF,
XGBoost, LR, SVM, KNN, and Decision
Tree—on the cardio.csv dataset. The main
contribution of this paper is to provide a
fair comparison of these models under
consistent conditions, helping healthcare
professionals and data scientists choose
suitable methods for early CVD risk
prediction.

The paper is organized as follows: Section
2 reviews related work; Section 3 outlines
the methodology; Section 4 presents
results and discussion; Section 5 concludes

the study and suggests future work.

2. RELATED WORK

Traditional machine learning (ML)
models, including Logistic Regression
(LR), Random Forest (RF), Support
Vector Machines (SVM), and Decision
Trees (DT), have been
employed for cardiovascular
(CVD) prediction using structured clinical
data [1, 2, 6]. In contrast, deep learning
(DL) approaches such as Deep Neural
Networks (DNNs) offer strong
representational capacity, but their limited
interpretability and substantial data
requirements often  hinder  their
applicability in  real-world clinical
environments [7, 8].

extensively
disease

Feature selection plays a critical role in
enhancing model performance.
Techniques such as Pearson correlation
and Extra Trees (ET) classifiers are widely
adopted to identify relevant attributes and
eliminate redundancy, thereby improving
predictive accuracy [7, 8]. Moreover,
hybrid strategies that combine ML with
intelligent optimization algorithms—such
as the integration of SVM with Quantum-
behaved Particle Swarm Optimization
(QPSO)—have demonstrated improved
classification outcomes [9].

Nevertheless, many prior studies are
constrained by limited dataset sizes and an
overreliance on accuracy as the sole
evaluation metric. In the context of
imbalanced medical data, performance
indicators such as precision, recall, FI-
score, and confusion matrix offer a more
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comprehensive and reliable assessment.
Additionally, systematic comparisons of
multiple ML algorithms under consistent
experimental settings using publicly
available datasets remain scarce. This gap
motivates the present study, which aims to
conduct a unified evaluation of various
supervised models for early CVD risk
prediction.

3. METHODOLOGY

3.1. Dataset description

This study uses the cardio.csv dataset from
Kaggle,  which 70,000
anonymized patient records (available at:
https://www.kaggle.com/datasets/sulianov

contains

a/cardiovascular-disease-dataset). It
includes 13 attributes covering
demographic, anthropometric, clinical,

and behavioral data, with a binary target
variable indicating the presence (1) or
absence (0) of cardiovascular disease.

Pearson correlation analysis revealed:

e BMI is strongly correlated with
weight (r = 0.76),
redundancy.

suggesting

e Age, cholesterol, and weight show
moderate correlations with the
target (r = 0.24, 0.22, 0.18).

o Height and physical activity have
weak correlations with the target (r
=-0.01,-0.036).

As shown in Figure 1, these patterns help
inform feature selection and model
interpretation. Visualizations like pair
plots and heatmaps further revealed
patterns and redundancies in the data
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Figure 1. Pearson correlation heatmap
3.2. Data preprocessing

A preprocessing pipeline was applied to
The
informative id column was removed, and

the cardio.csv  dataset. non-
the target variable cardio was separated
from the features. To address skewed
distributions, the Quantile Transformer
was used to map non-Gaussian features to
a uniform distribution, followed by

standardization using Z-score

normalization via StandardScaler.

The dataset was split into training and
testing subsets using a 70:30 ratio to
simulate real-world deployment. No
feature selection was performed, retaining
all original features for a consistent

evaluation across models.

3.3. Machine learning model training
and evaluation process

To provide a comprehensive overview of
the experimental workflow, Figure 2
illustrates the end-to-end modeling

pipeline employed in this study.
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Figure 2. Workflow of Cardiovascular Disease Prediction Using Supervised Machine Learning Models

To evaluate the performance of the
machine learning models, the following
commonly used metrics were computed
based on the confusion matrix:

The diagram encapsulates the sequence of
processes, beginning with data cleaning
and feature-label separation, followed by

quantile transformation and standard

4. RESULTS AND DISCUSSION

The performance of six traditional
supervised learning models was evaluated
on the cardiovascular disease dataset using
a 70:30 train-test split. As shown in
Figures 3 to 7, which compare Accuracy,
Precision, Recall, Fl-score, and AUC,
both Support Vector Classifier (SVC) and
XGBoost outperformed the other models
across most evaluation metrics.

scaling. The dataset is then partitioned into
training and test sets (with a 70:30 split),
after which six supervised machine
learning models are trained and evaluated.
The final stage consolidates the evaluation
results to produce the overall performance
summary. This structured pipeline ensures
a fair and consistent comparison across all

models.

Model Comparison by Accuracy
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Figure 3. Accuracy Comparison of Models
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Model Comparison by AUC
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Figure 7. AUC Comparison of Models
Figure 4. Precision Comparison of Models
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Model Comparison by F1-score Table 1. Summary of model results

Model |Accurac |Precision |Recall (F1-score |AUC
Yy

Fl-score

SvC 0.737048| 0.755422 |0.703957 | 0.728782]0.793966

XGBoost [0-735429 10756037  |0.698074 [0.725900 | 0.797883

Random |0.716429 |0.720852  [0.709840 (0.715303 |0.775151
Forest

KNN 0.692429 0.695552  [0.688490 10.692003 |0.742351

Logistic | 0.731095 (0.747271 0.701395 10.723606 | 0.790308
Regressio
n

Figure 6. F1-score Comparison of Models
Decision D.629048 |0.628542 .637727 0.633101  P.628963
Tree

As shown in the table 1, SVC achieved the
best overall performance with the highest
accuracy (73.7%), precision (75.5%), and
Fl-score (72.9%). XGBoost followed
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closely with slightly lower accuracy but
the highest AUC (0.798), highlighting its
strong classification capability. Logistic
Regression  provided  stable  and
competitive results, while Random Forest
and KNN showed moderate performance.
The Decision Tree model consistently
ranked lowest across all metrics.

The performance of six traditional
supervised learning models—Random
Forest (RF), XGBoost, Logistic
Regression  (LR), Support Vector

Classifier (SVC), K-Nearest Neighbors
(KNN), and Decision Tree (DT)—was
comprehensively evaluated using a 70:30
train-test split on the cardiovascular
disease dataset. The models were assessed
based on
Accuracy, Precision, Recall, F1-score, and
AUC.

several evaluation metrics:

SVC and XGBoost demonstrated superior
performance  across most  metrics.
Specifically, SVC achieved the highest
accuracy (73.7%), precision (75.5%), and
Fl-score (72.9%), indicating a strong
capability to balance both true positive
classification and the reduction of false
positives. XGBoost exhibited comparable
results, particularly excelling in terms of
AUC (0.7979), suggesting its strong
discriminative ability between
cardiovascular disease cases and non-
cases.

Logistic Regression delivered stable
results but slightly underperformed
relative to SVC and XGBoost in most
metrics. Nevertheless, it still maintained
competitive

scores, demonstrating its

robustness in
classification tasks.

relatively  simpler

In contrast, Random Forest and KNN
displayed moderate performance. These
models, while effective in certain contexts,
lacked the discriminative power and
precision of SVC and XGBoost. Finally,
Decision Tree consistently showed the
weakest performance across all metrics,
with the lowest AUC (0.6289), indicating
limited generalization capacity and
predictive power for this particular dataset.

These findings underscore the importance
of selecting advanced models such as SVC
and XGBoost for complex medical
prediction tasks, particularly when high
precision and recall are essential for
minimizing false negatives in healthcare
applications. The performance disparities
among the models highlight the trade-offs
between accuracy, interpretability, and the
ability to generalize across unseen data.

5. CONCLUSIONS

This study presented a comparative
evaluation of six supervised machine
learning models for cardiovascular disease
prediction using a clinical dataset
comprising 13 features. Among the
evaluated algorithms, the Support Vector
Classifier (SVC) outperformed all other
models across key metrics, including
accuracy, precision, recall, F1-score, and
area under the ROC curve (AUC).
XGBoost and Logistic Regression
followed closely behind, demonstrating
competitive performance, especially in
terms of AUC and precision.
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The results of this study underscore the
potential of machine learning techniques,
particularly SVC, in enhancing early

detection and risk assessment of
cardiovascular diseases, contributing to
more efficient preventive healthcare

practices. By
accuracy and

effectively  balancing
recall, SVC offers a
promising model for identifying high-risk
patients and minimizing false negatives in
clinical settings.

Future research should focus on expanding

(ISSN: 1859 - 4557)

the feature set to include additional clinical
variables, genetic data, and lifestyle
factors, which could further improve
predictive performance. Additionally,
exploring deep learning models and
ensemble methods may lead to even
greater improvements in model robustness
and generalization. These advances could
pave the way for the development of
intelligent, data-driven decision support
systems to aid healthcare professionals in
diagnosing and managing cardiovascular

conditions.
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