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Abstract
Introduction: Cardiovascular diseases (CVD) are the 
leading cause of mortality worldwide. Early detection 
is essential for implementing preventive strategies to 
mitigate serious complications and reduce mortality. In 
this context, machine learning techniques have become 
a key tool for developing effective predictive models in 
the health field.
Objective: To improve accuracy in identifying patients 
at risk of CVD by implementing the wrapper method 
for feature selection in combination with unsupervised 
learning algorithms.
Methods: Based on the “Cleveland Heart Disease Data 
Set” dataset from the Machine Learning repository 
of the ICU KDD. Information Gain and Chi-Square 
feature selection techniques were applied to identify 
the most relevant variables in the classification process. 
Subsequently, several models were trained, including 
C4.5, Random Forest, SOM, and GHSOM neural 
networks, and Naive Bayes Tree, to automatically 
classify the probability of presenting a cardiovascular 
risk condition.
Results: The experimental results show that the 
Random Forest model, combined with 10-fold cross-
validation and the Information Gain technique, achieved 
the best performance, with a precision of 85.70% and an 
accuracy of 87.10%. 
Conclusions: The simulation results indicate that the 
combination of the Information Gain feature selection 
method with the Random Forest classifier offers the 
best performance in identifying cardiovascular diseases, 
reaching an accuracy accepted as optimal compared to 
the reviewed literature.

Keywords: Cardiovascular diseases (CVD), Cleveland 
Heart Disease Data Set, Random Forest, Naive Bayes 
Tree

Resumen
Introducción: Las enfermedades cardiovasculares 
(ECV) constituyen la principal causa de mortalidad a 
nivel mundial. Su detección temprana resulta esencial 
para implementar estrategias preventivas que mitiguen 
complicaciones graves y reduzcan la tasa de mortalidad. 
En este contexto, el uso de técnicas de aprendizaje 
automático se ha consolidado como una herramienta 
clave para el desarrollo de modelos predictivos eficaces 
en el ámbito de la salud.
Objetivo: Mejorar la precisión en la identificación de 
pacientes con riesgo de ECV mediante la implementación 
del método de envoltorio para la selección de 
características, en combinación con algoritmos de 
aprendizaje no supervisado.
Método: Basado en el conjunto de datos “Cleveland 
Heart Desease Data Set”, proveniente del repositorio de 
Machine Learning de la UCI KDD. Se aplicaron técnicas 
de selección de características Information Gain y Chi-
Square para identificar las variables más relevantes en 
el proceso de clasificación. Posteriormente, se entrenaron 
varios modelos, incluyendo C4.5, Random Forest, redes 
neuronales SOM y GHSOM, así como Naive Bayes Tree, 
con el fin de clasificar automáticamente la probabilidad 
de presentar una condición cardiovascular de riesgo.
Resultados: Los resultados experimentales evidencian 
que el modelo Random Forest, combinado con validación 
cruzada de 10 pliegues y la técnica Information Gain, 
alcanzó los mejores desempeños, con una precisión del 
85.70% y una exactitud del 87.10%. 
Conclusiones: Los resultados de las simulaciones 
indican que la combinación del método de selección 
de características Information Gain con el clasificador 
Random Forest ofrece el mejor desempeño en la 
identificación de enfermedades cardiovasculares, 
alcanzando una precisión que se acepta como optima en 
comparación con la literatura revisada. 

Palabras clave: Enfermedades cardiovasculares 
(ECV), Cleveland Heart Disease Data Set, Random 
Forest, Naive Bayes Tree.
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INTRODUCTION

Cardiovascular diseases (CVD) represent a group of conditions affecting the heart and 
blood vessels, characterized by obstructions in blood flow due to clots or fatty deposits in the 
arteries, which can cause damage to vital organs [1], [2]. CVD is the leading cause of death 
within the group of noncommunicable diseases, surpassing cancer, diabetes, and chronic 
respiratory diseases [3]. It is estimated that by 2029, they will cause approximately 17.7 
million deaths annually, especially in low- and middle-income countries [4]. Moreover, a large 
percentage of these deaths are associated with ischemic heart disease and cerebrovascular 
diseases [5], [6].

In response to this problem, prediction systems have been developed using machine learning 
algorithms, which allow automating the analysis of large volumes of clinical data with high 
accuracy [7], [8]. These models have been implemented in healthcare platforms supported by 
Information and Communication Technologies (ICT), facilitating the monitoring, diagnosis, 
and early warning of CVD. The present study employs feature selection techniques (Chi 
Square and Information Gain) and classification models (such as C4.5, Random Forest, Naive 
Bayes, SOM and GHSOM), evaluating their performance through metrics such as sensitivity, 
specificity, precision and accuracy, to validate an effective model for future implementation 
in Cardiopathy Detection Systems (CDS) [9].

Furthermore, a recent systematic review of clinical studies applying machine learning 
techniques to detect CVD showed that algorithms based on decision trees and artificial neural 
networks offer remarkably robust performance, especially when integrated with expert 
systems. These methods not only increase the accuracy of patient classification but also help 
to reduce the cognitive burden on medical staff, facilitating more agile and informed clinical 
decisions [10], [11] and [12].

This study proposes a CVD detection model using unsupervised learning techniques trained 
on the Cleveland Heart Disease dataset. Feature selection methods and 10-fold cross-validation 
were employed to evaluate the performance of various classifiers. The applied metrics, such 
as precision, sensitivity, specificity, and accuracy, allow validating the predictive ability of 
the model to identify CVD in an automated manner. The main objective is to advance towards 
developing intelligent, integrated, and scalable detection systems, applicable in real clinical 
settings, to reduce diagnostic errors and strengthen cardiovascular health prevention.

RELATED WORK

Cardiovascular diseases are a group of disorders that affect the heart and blood vessels. 
These include coronary heart disease, cerebrovascular disease, hypertension, heart failure, 
arrhythmias, and heart valve disease [13]. Early detection and appropriate treatment can 
significantly reduce the risk of serious complications and improve quality of life [14].

A. Classification of cardiovascular deseases
CVD comprises various disorders of the heart and blood vessels, which are classified as 

follows:
•	 Coronary artery disease: they indicate that coronary artery disease is the obstruction 
of the arteries that supply the heart muscle due to the accumulation of atherosclerotic 
plaques, composed of cholesterol, fats and other substances that adhere to the arterial 
walls [15], [16]. This reduction in blood flow is a leading cause of death worldwide.
•	 Cerebrovascular disease: This includes conditions that affect cerebral blood vessels, with 
stroke being the most common manifestation. Stroke occurs due to blockage (ischemic) or 
rupture (hemorrhagic) of a cerebral blood vessel, which interrupts the blood supply [16], 
[17].
•	 Peripheral Artery Disease (PAD): PAD occurs when the arteries that carry blood to 
the extremities, especially the legs, become narrowed by plaque buildup. This causes 
intermittent claudication, numbness, weakness, and, in advanced cases, gangrene [18].
•	 Rheumatic Heart Disease: This disease is an inflammatory complication following 
streptococcal infection in the throat, where they explain that it can cause inflammation 
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and scarring of the heart valves, which restricts blood flow and leads to heart failure and 
arrhythmia. It is prevalent in regions with limited access to medical care [19].
•	 Congenital heart disease: includes structural defects present from birth, with variability 
in severity and need for surgical treatment [20].
•	 Pulmonary Embolism (PE): Occurs when a DVT clot dislodges and blocks pulmonary 
arteries, causing respiratory distress, chest pain, and risk of death [21].
Data analysis using the Knowledge Discovery in Databases (KDD) process is essential in 

cardiovascular disease (CVD) prediction, as it allows the identification of relevant clinical 
patterns and the development of effective predictive models. This structured approach ranges 
from data selection and preprocessing to model building and validation, thus improving 
accuracy in CVD detection and prevention [22].

The choice of the dataset is a critical step in the process. Among the most widely used for the 
study of cardiovascular disease are the Cleveland Heart Disease Dataset, the Framingham 
Heart Study Dataset and the MIMIC-III, which contain key variables such as age, sex, blood 
pressure, cholesterol levels, glucose, family history and lifestyle habits [23]. In particular, the 
Cleveland Heart Disease Dataset, available through the UCI Machine Learning Repository, 
has become one of the most frequently used resources for the simulation and analysis of 
cardiovascular disease detection systems (CDS), due to the quality, diversity and refinement 
of its data with respect to other similar sets [24], [25], [26].

Fig. 1 Use of the Cleveland Heart Disease Dataset across academic databases from 2021 to 2025

The use of this Dataset has increased notably in scientific literature, as evidenced by records 
in high-impact academic databases. Figure 1 illustrates the number of indexed publications 
that have used the Cleveland Heart Disease Dataset between 2021 and 2025, evidencing its 
increasing acceptance and applicability in studies on cardiovascular disease prediction.

The dataset includes 14 clinically meaningful attributes, ranging from demographic 
characteristics to advanced clinical parameters, such as: Age, Sex, Type of chest pain, Resting 
blood pressure, Serum cholesterol, Fasting blood glucose, Resting electrocardiographic 
findings, Peak heart rate, Exercise-induced angina, Exercise-induced ST-segment depression, 
ST-segment slope at peak exercise, Number of fluoroscopically colored vessels, Thalassemia, 
and Final diagnosis of heart disease. These attributes are frequently used to build machine 
learning models to improve heart disease diagnoses. Due to its robustness and clinical 
relevance, this dataset has established itself as a reference in automated CVD detection 
research [24], [27].

Data mining has established itself as an essential approach to discovering valuable 
and non-obvious knowledge in large volumes of data, especially in medical contexts such 
as cardiovascular disease (CVD) prediction. This discipline enables the identification of 
patterns that would not be discernible without specialized analytical techniques [28]. 
Through systematic analysis processes, such as KDD (Knowledge Discovery in Databases), 
relevant features are extracted that allow the development of more accurate predictive models 
adaptable to complex clinical environments [29].

In LCA detection, multiple data mining algorithms are applied, ranging from decision trees 
(such as C4.5) to more robust methods such as Random Forest, which allow data to be classified 
by creating multiple randomly trained trees [30]. These algorithms optimize classification 
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decisions using information gain or gain ratio techniques [31]. Their effectiveness lies in 
handling discrete and continuous data and avoiding overfitting through strategies such as 
bootstrap and attribute randomization [32].

Other approaches, such as self-organizing neural networks (SOM) and hierarchical neural 
networks (GHSOM), are key in visualizing and segmenting high-dimensional medical data. 
These techniques cluster similar data into two-dimensional maps while preserving their 
topological structure, thus enabling a better understanding of heterogeneous datasets and 
their application in clinical diagnosis [33], [34], [35]. In addition, the Naive Bayes Tree 
(NBTree) model combines the simplicity of the Bayesian classifier with the structure of 
decision trees, which improves the handling of complex relationships between variables [36].

Together, these techniques strengthen predictive systems in healthcare, providing tools to 
improve early detection of CVD, optimize medical care, and facilitate data-driven decision-
making. Integrating different supervised and unsupervised machine learning methods makes 
it possible to design more accurate, interpretable, and adaptive models, which represent a 
significant advance in predictive and personalized medicine [30], [33].

METODOLOGY

To perform the experimental analysis, five main phases were developed: (1) data set 
selection, (2) feature selection, (3) model training, (4) classification, and (5) performance 
evaluation, which are summarized in Figure 2. Several simulation scenarios with varied 
training and classification techniques were used in its implementation, prioritizing feature 
selection using Chi-Square and Information Gain methods [31], [37].

A. Data Set Selection
The Cleveland Heart Disease Dataset, widely recognized in research focused on 

cardiovascular disease prediction, was used for the data selection stage. Although its internal 
structure corresponds to a CSV format, this dataset was obtained in .txt format, facilitating 
its initial processing.

A class balancing technique was applied to the training subset (KDDD-Train) to optimize 
the model learning process. This strategy allowed for a more balanced distribution of the 
target classes, thus improving the system’s predictive performance [30].

Fig. 2 Functional model proposed
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B. Feature Selection
The Chi-Square and Information Gain algorithms were implemented as dimensionality 

reduction techniques in this phase. These methods allow one to evaluate the relevance of the 
variables in the data set, facilitating the identification of those that provide greater value to 
the classification process.

By eliminating irrelevant or redundant attributes, the accuracy of the classifier is improved, 
and the computational cost is reduced [38], [39]. This feature selection ensures more efficient 
processing in the later stages of the system.

C. Data Training
Several machine learning algorithms were used during the training phase: C4.5, Random 

Forest, self-organizing neural networks (SOM), hierarchical neural networks (GHSOM), and 
Naive Bayes Tree. These models were selected for their adaptability to complex classification 
problems in healthcare.

To build robust and accurate models, the previously normalized and balanced KDD-Train 
dataset was used (100%). In addition, feature selection techniques applied in previous phases 
improved training efficiency and reduced model complexity.

D. Data Classification
Once the model had been trained, we proceeded to the classification phase, where the 

system predicts whether a patient is at risk of cardiovascular disease. This stage represents 
the practical application of the model constructed, which aims to provide an automated 
assessment of clinical risk.

Due to the absence of an independent test set (Train-Test), the 10-fold cross-validation 
technique was used, which allows for the reliable estimation of the model’s generalization 
capacity [10]. This procedure generated results to evaluate the Best Matching Units (BMU) 
obtained during validation.

E. Evaluation of Performance Metrics
Finally, several performance metrics were calculated to assess the quality of the proposed 

model, including sensitivity, specificity, precision, and accuracy. These metrics were derived 
from the true positive (TP), True Negative (TN), false positive (FP), and false negative (FN) 
values [11].

Using these metrics allows objective validation of the system’s predictive capability 
and potential applicability in real clinical settings, where the reliability of computer-aided 
diagnosis is critical for medical decision-making.

EXPERIMENTS AND RESULTS

Several simulation scenarios oriented to intrusion detection in computer systems were 
performed and analyzed by applying the proposed model for the implementation and 
validation. For this purpose, the Cleveland Heart Disease KDD dataset is used to evaluate 
the system’s performance under different configurations. Each scenario includes applying 
feature selection techniques, specifically Chi-Square and Information Gain, and the variation 
of training and classification algorithms, to identify the most effective model accuracy and 
efficiency combinations.

A. Comparative Analysis of Training and Classification Techniques
The review of the state of the art on implementing classification techniques in cardiovascular 

disease prediction systems identified the frequent use of cross-validation as a reliable method 
for evaluating model performance. This technique makes it possible to verify that the system 
does not incur overfitting, thus guaranteeing an adequate generalization capacity of the 
classifier in the face of new data.

In this context, an experimental scenario based on the variation of training techniques is 
proposed, applying cross-validation of 10 folds. Each fold uses 90% of the randomly selected 
data to train the model, while the remaining 10% is used for testing. This process is repeated 
ten times with different partitions, ensuring that the test data are never previously used in 
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either feature selection or training. In this way, attribute selection and accuracy assessment 
are based on an average of the results obtained on all ten folds.

This scenario considers using 100% of the 13 features of the Cleveland Heart Disease 
KDD dataset, independently applying five training and classification techniques: C4.5, Naive 
Bayes, SOM, GHSOM, and Random Forest. The accuracy metric is one of the most relevant 
in this analysis, representing the proportion of correctly classified results. Its importance 
lies in its direct applicability to evaluate traffic in computer networks and clinical decision-
making based on laboratory tests.

TABLE 1. RESULTS OF THE EXPERIMENTAL SCENARIO WITH VARIATION OF TRAINING TECHNIQUES 
WITHOUT APPLICATION OF FEATURE SELECTION.

TRAINING 
TECHNIQUES FEATURE PRECISION ACCURACY SENSIBILITY SPECIFICITY

C 4.5 13 83.50% 82.42% 83.53% 83.46%
NAIVE BAYES 13 83.90% 83.73% 82.86% 85.16%
SOM 13 84.14% 84.35% 83.82% 85.38%
GHSOM 13 82.20% 82.13% 82.74% 81.48%
RANDOM FOREST 13 83.12% 83.25% 83.04% 83.33%

As shown in Table 1, the SOM method significantly outperforms the other training 
techniques in all the metrics evaluated. While SOM achieved an accuracy of 84.14%, 
methods such as C4.5 and Naive Bayes obtained lower values, ranging close to 78% and 
80%, respectively. Similarly, the accuracy of SOM was 84.35%, standing out compared to the 
accuracy of Random Forest, which reached approximately 81%. This difference evidences the 
ability of SOM to more effectively handle the complexity of the dataset compared to other 
models.

In terms of sensitivity and specificity, the SOM also showed superior performance. Its 
sensitivity was 83.82%, outperforming GHSOM, which obtained about 79%, and Naive 
Bayes, which hovered around 75%. The specificity of SOM reached 85.38%, clearly above most 
techniques, indicating that it not only correctly identifies positive cases but also minimizes 
false positives more effectively. These results highlight the robustness of SOM in balancing 
positive and negative case detection in this experimental setting.

B. Experimental Evaluation of Feature Selection Techniques and Training and 
Classification Algorithms.

A simulation was developed using 100% of the KDD-Train dataset of the Cleveland Heart 
Disease dataset, applying different feature selection techniques, specifically Chi Square and 
Information Gain. These techniques allow for identifying and prioritizing the most relevant 
features within the dataset.

As shown in Table 2, the Chi-Square technique was combined with different training 
techniques, such as C4.5, Naive Bayes, SOM, GHSOM, and Random Forest. The best 
performance was obtained by hybridizing Chi-Square with the SOM method. This scenario 
achieved a precision of 85.50%, an accuracy of 85.29%, a sensitivity of 78.95%, and a specificity 
of 89.30%.

TABLE 2. RESULTS OF SIMULATION TESTS
SELECTION 
TECHNIQUE

TRAINING 
TECHNIQUE FEATURE PRECISION ACCURACY SENSIBILITY SPECIFICITY

CHI SQUARE

C 4.5 13 84.20% 82.18% 82.74% 81.48%
NAIVE BAYES 13 84.80% 84.39% 76.54% 89.73%
SOM 13 85.50% 85.29% 78.95% 89.30%
GHSOM 13 83.80% 84.39% 82.54% 89.73%
RANDOM FOREST 13 84.90% 83.71% 76.74% 88.15%

INFO.GAIN

C 4.5 13 85.50% 83.87% 77.12% 84.08%
NAIVE BAYES 13 84.80% 84.39% 76.54% 89.73%
SOM 13 84.72% 83.17% 83.04% 83.33%
GHSOM 13 83.50% 83.50% 84.34% 82.48%
RANDOM FOREST 13 85.70% 87.10% 79.23% 92.66%
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On the other hand, Table 2 presents the results obtained by combining the Information Gain 
technique with various training techniques, including C4.5, Naive Bayes, SOM, GHSOM and 
Random Forest. This combination allowed us to evaluate how feature selection influences the 
performance of each algorithm.

The best performance was achieved by hybridizing Information Gain with the Random 
Forest method, achieving a precision of 85.70%, an accuracy of 87.10%, a sensitivity of 
79.23%, and a specificity of 92.66%. These results highlight this combination’s effectiveness 
in improving the model’s predictive capacity.

CONCLUSIONS

The different simulation scenarios revealed that the Information Gain (Info.Gain) feature 
selection method, combined with the Random Forest training and classification technique, 
provided the best results. As shown in Table 2, this configuration achieved a precision of 
85.70%, an accuracy of 87.10%, a sensitivity of 79.23%, and a specificity of 92.66%.

These results position the model as the most efficient among the tests performed to identify 
cardiovascular diseases. The implementation of artificial intelligence techniques such as 
Random Forest, together with appropriate feature selection using Info.Gain evidence of the 
potential of these approaches to improve automated diagnosis in the medical field.

Studies focused on Computational Detection Systems (CDS) represent a significant 
contribution to improving safety in the detection of cardiovascular diseases, thanks to their 
impact on increasing prediction rates. In this context, CDS employs advanced feature selection 
and classification techniques to optimize pattern detection without direct monitoring. These 
tools allow more accurate identification of diagnostic determinants, thus strengthening the 
predictive capabilities of the implemented models.

In this research, a substantial improvement is evidenced by using the information gain 
feature selection method, combined with training and classification processes using the 
random forest algorithm, and by applying a cross-validation with 10 folds on the entire 
dataset. Among the most relevant contributions are: (1) the implementation of Chi-Square 
and Information Gain to identify the variables with the most significant influence in the 
classification of cardiovascular diseases; and (2) the integration of Information Gain and 
Random Forest in a functional model, which lays the foundations for future developments in 
intelligent systems to support clinical diagnosis.
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