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Abstract: This study introduces the PROCDEC dataset, a novel collection of 1140 cases
with 30 cardiovascular risk factors gathered over a 10-year period from school children in
Santa Clara, Cuba. The dataset was curated with input from medical experts in pediatric
cardiology, endocrinology, general medicine, and clinical laboratory, ensuring its clinical
relevance. We conducted a rigorous performance evaluation of 10 machine learning (ML)
algorithms to classify cardiovascular risk into two categories: at risk and not at risk. The
models were assessed using a stratified k-fold cross-validation approach to enhance the
reliability of the findings. Among the evaluated models—Bayes Net, Naive Bayes, SMO,
K-Nearest Neighbors (KNN), Logistic Regression, AdaBoost, Multilayer Perceptron (MLP),
J48, Logistic Model Tree (LMT), and Random Forest (RF)—the best-performing classifiers
(MLP, LMT, J48 and Logistic Regression) achieved F1-score values exceeding 0.83, indicating
strong predictive capability. To improve interpretability, we employed feature selection
techniques to rank the most influential risk factors. Key contributors to classification
performance included hypertension, hyperreactivity, body mass index (BMI), uric acid,
cholesterol, parental hypertension, and sibling dyslipidemia. These findings align with
established clinical knowledge and reinforce the potential of ML models for pediatric
cardiovascular risk assessment. Unlike previous studies, our research not only evaluates
multiple ML techniques but also emphasizes their clinical applicability and interpretability,
which are critical for real-world implementation. Future work will focus on validating
these models with external datasets and integrating them into decision-support systems
for early risk detection.

Keywords: cardiovascular risk; children; dataset; machine learning (ML)

1. Introduction
Cardiovascular diseases are the leading cause of death worldwide. The use of Artificial

Intelligence (AI) techniques to study cardiovascular risk represents a rapidly growing
field with broad scientific and practical applications. Understanding the prevalence of
cardiovascular risk factors and the elements influencing this phenomenon is a top priority.
The integration of AI and machine learning (ML) has become essential in the treatment of
cardiovascular diseases today [1–3]. The selection of appropriate techniques and algorithms
depends on the characteristics of the data processed by the system. Cardiovascular diseases
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have been a primary focus in the application of these algorithms, with the main objective
being to identify patterns in risk factor behavior and determine which algorithms perform
best under different dataset conditions.

In [4], the authors propose a tool for detecting cardiovascular diseases using the
Random Forest algorithm, achieving an accuracy of 83% in data analysis. The study
describes a simple Python-based application model. However, the origin of the data and
the dataset used in the paper are not clearly specified.

In [5], cardiovascular diseases are detected using a dataset from the University of
California, Irvine, consisting of 303 samples and 76 attributes. Of these attributes, only
13 were considered for the study, acknowledging that the dataset is unbalanced at the
initial classification stage. Two classifiers are used: KNN and MLP. Performance metrics
derived from the confusion matrix, such as accuracy, recall, F1-score, and ROC, among
others, are analyzed. The study concludes that the MLP-based classifier outperforms the
KNN classifier, achieving an accuracy of 82.47%.

A comparative analysis of 11 ML algorithms for stroke prediction is performed in [6].
The study uses a Kaggle dataset containing 43,400 cases and 12 attributes, including gender,
age, body mass index, cardiovascular disease, and other social factors. Additionally,
the research is integrated with the development of a mobile application and a website.
Performance metrics derived from the confusion matrix, such as precision, recall, F-measure,
and error rate, are analyzed. Finally, the results are compared with those of other studies
using datasets with different characteristics. The algorithms achieving the highest accuracy
were Random Forest and SVM, with 99.87% and 99.99%, respectively.

In [7], a cardiovascular disease prediction model is proposed based on the analysis of a
Kaggle dataset containing 70,000 cases and considering 11 attributes. The model evaluates
algorithms such as KNN, Bayes Network, C5.0, Random Forest, and QUEST. Classification
is performed using a 70-30 training–testing split. The main contribution of this study lies
in clustering the results obtained individually for each algorithm and applying hybrid
learning through voting with a simple rule-based algorithm.

The works cited above share a common characteristic: they are based on public
datasets related to adults. All of them compare various ML algorithms to establish selection
criteria based on the analyzed metrics. Although most studies on cardiovascular disease
focus on adults, it is also important to address this challenge from an early age. In [8], a
real-case study was conducted involving 516 children aged 4 to 14 years. The primary
objective was to identify the appropriate model for predicting mitral regurgitation and
mitral stenosis in children with rheumatoid cardiovascular diseases. Attributes such as
gender, body mass index, heart size, diabetes, family history, apnea, anemia, and others
were considered. Variants of Logistic Regression, neural networks, and Random Forest
were used, with performance metrics such as the ROC curve, hit rate, and accuracy being
analyzed.

In [9], it is recognized that the early detection of cardiovascular diseases contributes to
their prevention and reduction of associated consequences. This comparative study uses
data from 1287 school-aged children aged 7 to 13 years. The study proposes a prediction
method using classifier clustering, employing decision trees, Naive Bayes, KNN, neural
networks, and SVM. The majority voting method with weighted voting is applied. The
metrics used include accuracy, recall, and precision. The proposed method achieves an
accuracy of 90.31%. Unlike the referenced study, which focuses on hypertension prediction
using high-complexity preprocessing and modeling, our work proposes a low-complexity
approach for cardiovascular risk prediction using a new real-world dataset. Additionally,
our study emphasizes clinical relevance, factor identification, and model validation for
decision-making support.



Technologies 2025, 13, 222 3 of 18

In [10], an ML-based model using the Extreme Gradient Boosting algorithm and
10-fold cross-validation is proposed to predict clinical diagnoses in young patients with
hypertension. The sample for analysis consists of 508 cases, with ages ranging from 14
to 39 years. Factors such as age, gender, diabetes, stroke, body mass index, and clinical
laboratory tests (e.g., uric acid, creatinine, hemoglobin, and cholesterol) were analyzed.
Various clinical pathologies characteristic of cardiovascular disease were also considered.
This model was compared with traditional Cox regression models and the recalibrated
Framingham equation. The data collection period was approximately 3 years. Additionally,
two new predictors were introduced: mean arterial oxygen saturation and big endothelin-1.

In the studies analyzed above, the general trend is to use ML models to predict
diagnoses related to cardiovascular disease, based on the assumption that the individual
has a medical condition. The datasets used for these purposes do not exceed 2000 cases,
and the number of factors considered ranges between 8 and 14 after preprocessing and
data cleaning. The datasets are unbalanced and contain missing data and anomalous cases,
necessitating the application of data manipulation techniques to improve the performance
of the algorithms used.

The issue of data sourcing for ML model building remains an ongoing challenge.
Currently, public data sources are limited. In the previously referenced studies [5,8–10], the
data sources are either proprietary or derived from studies conducted at medical centers,
with some authors reserving the right to share such data. For studies similar to the one
presented in this paper, datasets with a limited number of cases are typically used. In most
cases, a long period of time is required to assemble these datasets.

Other works use public datasets [11–13], which are focused on building models or
measuring classifier performance under certain circumstances controlled by the authors.
In [14], a classification model is built based on the combined analysis of three datasets using
decision trees, with the largest dataset not exceeding 4000 cases. The factors considered
are the classic ones for this type of disease, and the aim is to maximize the accuracy of the
model in comparison to other models or similar studies.

The primary objective of this study is to compare various machine learning (ML)
algorithms using a novel dataset, thereby contributing to the prediction of cardiovascular
risk in pediatric populations. It is important to note that the individuals appearing in the
dataset are healthy, which gives the study a unique importance. The goal is to identify
possible diagnoses based on the prediction made. The key contributions of this research
are summarized as follows:

• The introduction of a new dataset focused on pediatric populations, incorporating novel
markers, which distinguishes it from other datasets related to cardiovascular risk.

• A comprehensive benchmark study evaluating different ML techniques applied to the
PROCDEC dataset, aimed at identifying the best-performing algorithms in terms of
cardiovascular risk classification and execution time.

• A thorough study of the most relevant indicators for risk classification through the
application of different feature selection methods.

The remainder of the paper is structured as follows: Section 2 provides a description
of the main materials and methods used in this work, including a detailed overview of the
dataset and the machine learning techniques applied. Section 3 outlines the methodology used
for cardiovascular risk classification, considering different approaches to the problem. The
performance results of the ML techniques and their discussion are presented in Section 4. The
strengths and limitations of the study are discussed in Section 5, and finally, the conclusions
are summarized in Section 6.
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2. Materials and Methods
2.1. Description of the PROCDEC Dataset and Exploratory Data Analysis

The dataset used in this study was collected over 10 years (2012–2022) in Santa Clara
(Cuba) as part of the PROCDEC project (Community Projection of Cardiovascular Diseases).
The PROCDEC experimental protocol complies with the statutes described in the Declara-
tion of Helsinki and was approved by the National Coordinating Centre for Clinical Trials
(CENCEC) and the Center for State Control of Medicines, Medical Equipment and Devices
(CECMED) from Cuba. For the development of this study, informed consent was obtained
from parents and/or legal guardians of minors with all guarantees of confidentiality and
data security. The dataset consists of 1140 real cases involving individuals aged 8 to 14 years
(mean = 9.74, standard deviation = 1.22). For each individual, 30 attributes were collected,
representing the markers or risk factors, as detailed in Table 1. Throughout the study
period, the PROCDEC project quantified cardiovascular risk based on criteria established
by a panel of medical experts from various specialties, including pediatric cardiology,
endocrinology, general medicine, and clinical laboratory sciences. All project members
continuously updated the markers and their respective weights over the course of the study.
The final diagnosis was determined by the characteristics of each marker in individual
cases, resulting in a class attribute that indicates the level of cardiovascular risk. The final
risk classification includes 802 cases categorized as “no risk” and 338 cases classified as
“at risk”. It is important to emphasize that the initial diagnoses made by specialists were
empirical, relying solely on clinical judgment. The dataset includes 10 attributes specific
to the minors and 20 attributes related to family members’ factors. A distinctive aspect of
this dataset is its focus on pediatric populations and the inclusion of new markers, which
represents a novel aspect compared to other cardiovascular risk datasets.

Table 1. List of dataset attributes.

N Attribute

1 Age

2 Sex

3 Real BMI

4 Hyperreactivity

5 Glycemia

6 Uric Acid

7 Cholesterol

8 Triglycerides

9 Physical Activity

10 Hypertension (Individual)

11 Hypertension (Father)

12 Hypertension (Mother)

13 Hypertension (Sibling)

14 Hypertension (Maternal Grandparent)

15 Hypertension (Paternal Grandparent)

16 Obesity (Father)
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Table 1. Cont.

N Attribute

17 Obesity (Mother)

18 Obesity (Sibling)

19 Obesity (Maternal Grandparent)

20 Obesity (Paternal Grandparent)

21 Diabetes (Father)

22 Diabetes (Mother)

23 Diabetes (Sibling)

24 Diabetes (Maternal Grandparent)

25 Diabetes (Paternal Grandparent)

26 Dyslipidemia (Father)

27 Dyslipidemia (Mother)

28 Dyslipidemia (Sibling)

29 Dyslipidemia (Maternal Grandparent)

30 Dyslipidemia (Paternal Grandparent)

The PROCDEC dataset comprises 575 female (50.44%) and 565 male participants
(49.56%). Body mass index (BMI) values were calculated using percentile tables appropriate
for pediatric ages, based on each individual’s height and weight [15,16]. These values differ
from BMI calculations for adults. Notably, the specific BMI values based on height and
weight were omitted from the study. The analysis revealed that 66.3% of the subjects fall
within the normal weight or thin category (n = 756), 17.8% are classified as overweight
(n = 203), and 15.8% as obese (n = 181). The Sustained Weight Test (SWT), a novel marker
for minors, provides insight into cardiovascular hyperreactivity [17–19] and is considered
a significant factor associated with the onset of hypertension in childhood and adulthood.
Among the cases, 44.65% were normo-reactive (n = 509) and 55.35% were hyper-reactive
(n = 631). The mean glycemia value is 4.346 with a standard deviation of 0.838, though 13%
of this attribute’s data are missing (n = 146). Uric acid levels have a mean of 252.9 with a
standard deviation of 84.9, with 39% missing values (n = 440). Cholesterol levels average
3.97 with a standard deviation of 0.92, with 13% missing data (n = 143). Triglycerides show
a mean value of 1.092 and a standard deviation of 0.46, with 14% missing data (n = 165).
Blood pressure data indicate that 67.6% of cases are normotensive (n = 771), 25.1% are
pre-hypertensive (n = 286), 5.6% are grade 1 hypertensive (n = 64), and 1.7% are grade
2 hypertensive (n = 19). Factors associated with Family Pathological History (FPH) are
detailed in Table 2.

Table 2. Prevalence of risk factors in Family Pathological History (FPH).

Attributes
Father
Yes/No

(Missing)

Mother
Yes/No

(Missing)

Siblings
Yes/No

(Missing)

Paternal
Grandparents

Yes/No
(Missing)

Maternal
Grandparents

Yes/No
(Missing)

Hypertension 210/816
(114)

139/889
(112)

28/1000
(112)

401/626
(113)

517/510
(113)

Obesity 105/922
(113)

111/917
(112)

16/1012
(112)

115/913
(112)

161/867
(112)

Diabetes 29/997
(114)

19/1009
(112)

5/1023
(112)

208/820
(112)

232/796
(112)

Dyslipidemia 52/976
(112)

27/1001
(112)

4/1023
(113)

156/872
(112)

110/918
(112)
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2.2. Machine Learning Techniques for Classification

The ML techniques used in the cardiovascular risk classification of school children
are described here in more detail. For this study, a comparative analysis was conducted
using several ML algorithms [20], including Bayes Net, Naive Bayes, Sequential Minimal
Optimization (SMO), Random Forest (RF), Logistic Model Tree (LMT), K-Nearest Neighbors
(KNN), J48, Logistic Regression, Multilayer Perceptron (MLP), and AdaBoost (AB). Below
is a concise description of each technique.

• Bayes Net

A Bayesian network is a graphical model that encodes probabilistic relationships
among variables of interest [21,22]. When combined with statistical techniques, this model
offers several advantages for data analysis. Because it efficiently encodes dependencies
among all variables, it handles missing data entries. It can be used to learn causal relation-
ships and thus to understand the domain of a problem and predict the consequences of
interventions [22]. Bayesian networks are used as classifiers by estimating the probability
of different outcomes based on the relationships between variables.

• Naive Bayes

This is a simple and powerful probabilistic classifier based on Bayes’ Theorem [21,23].
It is called “naive” because it makes a strong assumption: all features are independent of
each other, given the class. This assumption rarely holds in real-world data, but Naive
Bayes sometimes performs surprisingly well despite this simplification.

• Sequential Minimal Optimization (SMO)

The Sequential Minimal Optimization algorithm uses John Platt’s algorithm to train
a Support Vector Machine (SVM), which is a powerful classifier in machine learning [24].
SVMs are supervised learning models that find the optimal hyperplane to separate data into
different classes. SMO is specifically designed to solve the optimization problem involved
in training an SVM efficiently.

• Random Forest (RF)

This technique is an ensemble learning method that combines multiple decision
trees to enhance classification accuracy and robustness [21,25]. It is a widely used and
powerful classifier, particularly effective for both classification and regression tasks. The
trees generated by this algorithm consider a specific number of random features at each
node and are not subject to pruning. The algorithm operates by performing random tests
on numerous models, allowing the combination of hundreds of decision trees, each trained
on a different subset of cases. The final predictions of the random forest are generated by
averaging the predictions of each individual tree. Random forests help mitigate overfitting,
which is common in individual decision trees.

• Logistic Model Tree (LMT)

The LMT is a hybrid machine learning algorithm that combines the strengths of
decision trees and Logistic Regression [26]. It builds a decision tree where each leaf node
contains a Logistic Regression model. LMT is effective in modeling non-linear relationships
and provides probability estimates, making it useful for both classification and regression
tasks. The algorithm can handle binary and multiclass target variables, numerical and
nominal attributes, and missing values.

• K-Nearest Neighbors (KNN)

KNN is a simple, instance-based learning algorithm used for classification and re-
gression tasks [21,27]. The KNN method classifies a case based on the classes of the k
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most similar training cases. It is a non-parametric classification method that estimates the
probability density function or, directly, the posterior probability of a case belonging to a
class, using information from the classified case set.

• J48

This is an implementation of the C4.5 algorithm, which is one of the most popular
decision tree algorithms for classification tasks [28]. It is based on generating a decision
tree through recursive partitioning of the data. The process involves selecting an attribute
as the root of the tree and creating a branch for each possible value of that attribute. Within
each resulting branch, a new node is established, and the process is repeated by selecting
another attribute and generating new branches for each possible value of that attribute.

• Logistic Regression

It is a statistical model used for binary classification tasks, although it can be extended
to multiclass problems [21,29]. Despite its name, Logistic Regression is a classification
algorithm, not a regression algorithm. It models the relationship between a set of input
features and a binary outcome. It is used to predict the probabilities of various potential
outcomes within a categorical distribution, where the dependent variable is the class, based
on a set of independent variables or attributes.

• Multilayer Perceptron (MLP)

MLP is a type of artificial neural network that is widely used for both classification
and regression tasks [21,30]. It is a feedforward neural network, meaning that data move
in one direction (from input to output), and it consists of multiple layers of neurons. The
network comprises an input layer where attribute values are entered, one or more hidden
layers connected to all input nodes, and an output layer where the classification values are
determined based on their respective classes. MLP is particularly known for its ability to
learn complex, non-linear relationships in data.

• AdaBoost (AB)

AdaBoost is an ensemble learning method used primarily for classification, although
it can also be adapted for regression tasks [31]. It is a boosting algorithm that combines the
predictions of several weak learners (typically decision trees with a single split) to create a
strong non-linear classifier. AdaBoost is particularly effective for classification tasks and
tends to be less prone to overfitting compared to other ensemble methods.

2.3. Performance Indicators

After presenting the fundamentals of classification techniques, the key indicators
for evaluating the performance of classifiers are introduced [21]. The confusion matrix
provides a summary of the number of instances correctly or incorrectly classified. The
components of the classification are defined as follows: true positives (TP) represent the
number of “at risk” instances correctly classified; true negatives (TN) indicate the number
of “no risk” instances correctly classified; false positives (FP) denote the number of “no risk”
instances misclassified as “at risk”; and false negatives (FN) refer to the number of “at risk”
instances misclassified as “no risk”. Based on these elements, the following performance
indicators can be derived [20]:

• Accuracy: Defined as the ratio of correctly classified instances to the total number
of instances. Its complement, 1-Accuracy, represents the error rate. Accuracy is
commonly used to evaluate the effectiveness of classification algorithms and is also
referred to as the classification rate (CR). However, in highly imbalanced domains,
accuracy may be misleading. In such cases, it is necessary to rely on alternative



Technologies 2025, 13, 222 8 of 18

metrics, such as recall and precision, to provide a more accurate assessment of the
model’s performance.

Accuracy =
TP + TN

TP + TN + FP + FN
(1)

• Recall or True Positive Rate (TPR): Represents the probability that an “at risk” instance
is correctly identified by the classifier. It is also referred to as the detection rate (DR)
or sensitivity.

TPR =
TP

TP + FN
(2)

• Precision: Represents the ratio of “at risk” instances to all instances classified as “at
risk”. It is a measure of the estimated probability of a correct positive prediction and
is also known as the Positive Predictive Value (PPV). While precision measures the
frequency of true positives (“at risk”) among all instances classified as positive by the
classifier, recall measures the frequency of true positives (“at risk”) among all actual
positive instances in the dataset.

Precision =
TP

TP + FP
(3)

• Negative Predictive Value (NPV): Represents the ratio of “no risk” instances to all
instances classified as “no risk”. This metric was selected with the aim of minimizing
the number of false negatives. False negatives could lead to situations where individ-
uals do not receive necessary treatment because their true condition is overlooked
in the classification process. This, in turn, poses a risk to those incorrectly classified
as “no risk”. The reasoning above suggests that a high NPV value serves as a strong
indicator of confidence in cardiovascular risk prediction.

NPV =
TN

TN + FN
(4)

• F-Measure or F1-Score: Combines precision and recall in a single weighted indicator.
When equal weight is assigned to both precision and recall, the F-measure is referred to
as the F1-score. This metric reflects the reliability of the algorithm for each classification
model. It is essential for the algorithm to accurately identify individuals at risk to
achieve the highest possible F1-score.

F1 =
2 TP

2 TP + FP + FN
= 2

precision·call
precision + recall

(5)

Several validation methods are available to obtain the metrics and performance indi-
cators described. The simplest technique is known as simple validation or training-testing,
where the model is created using the training set and applied to the testing set. Alterna-
tively, in the n-fold cross-validation technique, the dataset is divided into n disjoint subsets
of equal size. The model is then trained on n − 1 folds and tested on the remaining fold.
This process is repeated for all combinations, resulting in averaged performance metrics.

WEKA (Waikato Environment for Knowledge Analysis) [32,33] version 3.8.6 was
selected for the application of ML techniques. This platform is recognized for its user-
friendly interface and a broad array of machine learning algorithms available to users. For
data processing and algorithm execution, a standard-performance personal computer was
utilized, equipped with an Intel Core i5 processor (2.7 GHz) and 4 GB of RAM (1600 MHz).
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3. Methodology for Cardiovascular Risk Classification
The overall methodology used for cardiovascular risk classification among the individu-

als in the dataset described earlier is depicted in Figure 1. This methodology includes several
key phases: data preparation, the division of data into training and testing sets, the application
of feature selection techniques, and the deployment of machine learning algorithms.

 

Figure 1. General methodology for classifying individuals based on cardiovascular risk.

3.1. Data Preparation

This phase involves preparing the data recorded in the PROCDEC dataset for its
subsequent use by the ML algorithms. The dataset comprises both numerical and nominal
attributes, which restricts the selection of algorithms to those capable of processing these
data types without substantial alteration. It is important to note that not all attributes have
complete data coverage for each case, as there are missing values.

3.2. Training and Test Subsets Definition

A supervised learning classification algorithm seeks to extract knowledge from a dataset
(training set) and model for application in decision-making on a new dataset (test set). In this
study, the 10-fold cross-validation technique was employed for model validation.
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3.3. Feature Selection

A preliminary selection of the most relevant attributes can be conducted before ap-
plying machine learning (ML) techniques. Feature selection (FS) is a well-established
approach for managing the dimensionality problem [34–36]. Filter Feature Ranking (FFR)
methods assess and rank features based on the properties of the dataset. Attributes are
selected independently of the learning algorithm employed in the subsequent classification.
Some common FFR methods include information gain, gain ratio attribute, correlation,
etc. In Filter-Feature Subset Selection (FSS) methods, features are evaluated and ranked
by a search method that acts as the subset evaluator. These search methods generate and
evaluate features according to their contribution to improved prediction performance. One
of the most widely used FSS techniques is Correlation-Based Feature Subset Selection
(CFS) [37]. Conversely, Wrapper-Based Feature Selection (WFS) methods utilize a classifier
to determine the suitability of attribute subsets, identifying the most significant attributes
for that particular classifier [38]. In WFS, the classifier is predefined, and the resulting
feature subsets are typically biased towards the base classifier employed for evaluation [39].
In this work, we have compared various FS techniques from distinct categories, namely
FFR, FSS, and WFS, to determine whether significant differences exist among the attributes
identified as the most relevant for cardiovascular risk classification.

The Weka parameter settings of the implemented FS method in this work were
the following:

• Attribute evaluator: CfsSubsetEval (locally-Predictive = True; missing-Separate = False;
precompute Correlation-Matrix = False)

• Search method: best first (lookupCach-eSize = 1; direction = Forward; search-
Termination = 5).

3.4. ML Techniques

Each classifier—Bayes Net, Naive Bayes, Logistic Regression, Multilayer Perceptron
(MLP), Sequential Minimal Optimization (SMO), K-Nearest Neighbors (KNN), J48, Logistic
Model Tree (LMT), Random Forest (RF), and AdaBoost (AB)—was independently applied
to the PROCDEC dataset. The selection of these classifiers aimed to ensure a comprehensive
comparison, aligning with the methodologies of previous research studies [5–9]. The Weka
parameter settings for the ML methods implemented in this study were as follows:

• Naive Bayes: Num-Decimal-Places = 2; use-Kernel-Estimator = False.
• Bayes Net: Estimator = Simple-Estimator-A 0.5; Num-Decimal-Places = 2; search-

algorithm = K2-P1-SBAYES.
• Logistic: num-Decimal-Places = 4; ridge = 1.0 × 10−8; do-Not-Standardize-Attributes

= False.
• Multilayer Perceptron: hidden-Layers = 1; learning-Rate = 0.3; validation-Threshold = 20;

training-Time = 300 epochs.
• SMO: complexity-parameter-C = 1.0; Kernel = Poly-Kernel; calibrator = Logistic.
• Ibk: Num-Decimal-Places = 2; KNN = 1; nearest-Neighbour-Search-Algorithm = Lin-

earNNSearch.
• AB: classifier = Decision-Stump; num-Iterations = 10; weight-Threshold = 100.
• J48: confidence-Factor = 0.25; num-Folds = 3; min-Num-Obj = 2; use-MDL-correction

= True.
• LMT: Fast-Regression = True; min-Num-Instances= 15; Num-Decimal-Places = 2;

num-Boosting-Iterations = −1; split-On-Residuals = False.
• Random Forest: num-Iterations = 100; max-Depth = un-limited; bag-Size-Percent = 100;

num-Features = int(log_2(#predictors) + 1).
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4. Results and Discussion
This section provides an overview of the experimental results obtained for risk classifi-

cation, both using the complete set of risk factors and using a reduced subset of them.

4.1. Classification Results Using All the Attributes

The performance results obtained from applying the selected ML techniques to the
risk classification using the 30 available features are summarized in Table 3. Overall, F1
scores and other metrics indicate that ML methods achieved high classification rates for
most algorithms, with F1 scores above 0.83, reflecting appropriate values for precision
and recall. The exceptions are Naive Bayes and RF, with F1 scores below 0.8. A closer
examination of the results highlights that MLP, SMO, and LMT algorithms stand out, with
accuracy values above 0.90. Logistic Regression and J48 also demonstrated high F1-score
values in accurately identifying individuals at risk. The Negative Predictive Value (NPV) is
particularly relevant, as accurately identifying both at-risk and not-at-risk individuals is
crucial for diagnostic reliability. The highest NPV values were recorded for MLP, J48, and
Logistic Regression, with LMT following closely. These findings largely correspond with
the high F1-scores observed.

Table 3. Performance of different machine learning methods in cardiovascular risk classification.

Bayes Net Naive Bayes Logistic MLP SMO KNN J48 LMT RF Ada Boost

Precision 0.875 0847 0.853 0.839 0.868 0.859 0.842 0.875 0.934 0.914

Recall 0.787 0.754 0.822 0.861 0.814 0.772 0.834 0.808 0.666 0.719

Accuracy 0.903 0886 0.905 0.910 0.908 0.896 0.904 0.908 0.887 0.896

NPV 0.913 0.901 0.926 0.940 0.923 0.907 0.930 0.921 0.872 0.891

F1-score 0.829 0.798 0.837 0.850 0.840 0.813 0.838 0.840 0.777 0.805

Table 4 presents the computational complexity analysis of the ML techniques. In most
cases, execution times did not exceed 20 s, except for the KNN algorithm applied to the
dataset, which took approximately 30 min to complete. The execution times for building
the ML models were always longer than those for applying the models to testing, and were
usually negligible—except in the case of instance-based learning classifiers such as KNN,
where the learning phase is simpler and the classification phase is the most time-consuming.

Table 4. Execution times (in seconds) for risk classification models.

Bayes Net Naive Bayes Logistic MLP SMO KNN J48 LMT RF Ada Boost

Model building 0.88 0.15 1.84 7.43 1.99 1758.43 0.69 16.18 3.93 1.33

While the algorithms may initially appear to produce similar results, a deeper analysis
is necessary to understand their differences. For instance, examining the confusion matrices
can highlight distinct classification behaviors among the ML techniques. As an example,
Tables 5 and 6 present the confusion matrices obtained using the J48 and Random Forest (RF)
techniques, respectively. The RF technique generates significantly more false negatives (113
compared to 56) due to its tendency to preserve class balance, given the larger size of the no-
risk group. In contrast, J48 demonstrates a more balanced classification behavior, resulting
in a lower number of false negatives. These results demonstrate that achieving similar high
F1-scores can be influenced by prioritizing the optimization of either false positives (FP)
or false negatives (FN). Depending on the specific requirements of the classification task,
certain algorithms may exhibit more suitable behavior than others, with some favoring the
minimization of false positives, while others focus on reducing false negatives. Therefore,
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understanding the underlying trade-offs between these metrics is essential for selecting the
most appropriate machine learning algorithm for a given application.

Table 5. Confusion matrix for J48 algorithm.

Class\Prediction At Risk No Risk

At risk 282 56

No risk 53 749

Table 6. Confusion matrix for RF algorithm.

Class\Prediction At Risk No Risk

At risk 225 113

No risk 16 789

4.2. Analysis of Attribute Relevance

The purpose of applying FS techniques is to identify a reduced set of attributes with
high predictive capacity, enabling the construction of an optimized prediction model that
delivers performance levels comparable to those achieved using the full set of attributes.
These methods help identify the most relevant features that contribute to accurate classifi-
cation, allowing for more efficient and interpretable models.

As described in the previous section, FFR methods evaluate and rank features based
on the inherent properties of the dataset. For instance, when applying the gain ratio feature
evaluator, which determines an attribute’s significance by calculating the gain ratio in
relation to the class, a ranking of attributes is generated, as shown in Table 7. Similarly,
when using the information gain ranking filter, which ranks attributes based on their
individual evaluations, the top 10 attributes selected are detailed in Table 8. In both cases,
nearly identical features (and in a very similar order) were identified as the most significant:
HTA (individual), hyperreactivity, real BMI, dyslipidemia (sibling), cholesterol, obesity
(mother), obesity (father), triglycerides, age, glucose, and uric acid. It is also noteworthy
that attributes related to diabetes (in family members), dyslipidemia (in family members),
sex, and physical activity were among the least relevant for cardiovascular risk classification
in the study group.

Alternatively, if the goal is not to assess the predictive capability of individual at-
tributes but rather to determine the most effective subsets of attributes for optimal clas-
sification, other feature selection methods should be considered. The Correlation-based
Feature Selection (CFS) method, a type of FSS technique, evaluates the value of an attribute
subset by considering both the individual predictive power of each attribute and the degree
of redundancy among them (i.e., removing highly correlated features). The CFS method
identified a subset consisting of the following eight attributes as the most relevant: real BMI,
hyperreactivity, uric acid, cholesterol, hypertension (individual), hypertension (father),
obesity (mother), and dyslipidemia (sibling). Using these eight attributes, the classification
outcomes presented in Tables 9 and 10 were achieved. In terms of the F1-score, MLP, SMO,
and LMT algorithms demonstrate consistency with the results obtained using the same
model with 30 risk factors. In fact, MLP even slightly improved its performance when
the number of attributes used for classification was reduced (F1 > 0.85, accuracy = 0.912,
NPV = 0.937), highlighting the benefits of employing FS methods to eliminate parameters
that may negatively impact classification. In terms of execution times, a reduction was
achieved when the number of attributes was decreased, demonstrating the efficiency gained
through feature selection in streamlining the classification process.
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Table 7. Attributes ranked by gain ratio with respect to the classification class.

Relevance Gain Ratio Attribute

1 0.1985117 HTA (individual)

2 0.1271846 Hyperreactivity

3 0.0901285 Real BMI

4 0.0499216 Dyslipidemia (sibling)

5 0.0404037 Cholesterol

6 0.0403338 Obesity (mother)

7 0.0320212 Obesity (father)

8 0.0301546 Triglycerides

9 0.0266643 Age

10 0.0242773 Glucose

11 0.0213532 Obesity (sibling)

12 0.0194491 HTA (sibling)

13 0.0169969 Uric Acid

14 0.0168717 HTA (mother)

15 0.0124389 Obesity (paternal aunt/uncle)

16 0.0113923 Obesity (maternal aunt/uncle)

17 0.0104232 Dyslipidemia (father)

18 0.0093344 Diabetes (mother)

19 0.0087188 HTA (father)

20 0.0068116 Dyslipidemia (mother)

21 0.0048233 HTA (paternal aunt/uncle)

22 0.0044644 Diabetes (sibling)

23 0.0026934 HTA (maternal aunt/uncle)

24 0.0017668 Diabetes (father)

25 0.0006764 Diabetes (maternal aunt/uncle)

26 0.0004441 Diabetes (paternal aunt/uncle)

27 0.0002678 Dyslipidemia (maternal aunt/uncle)

28 0.0001317 Sex

29 0.0000999 Dyslipidemia (paternal aunt/uncle)

30 0.0000600 Physical Activity

Table 8. Attributes ranked by information gain with respect to the classification class.

Relevance Info Gain Attribute

1 0.2415 HTA (individual)

2 0.1657 Hyperreactivity

3 0.1544 Real BMI

4 0.0555 Cholesterol

5 0.0525 Triglycerides

6 0.0234 Age

7 0.0216 Glucose

8 0.0199 Obesity (mother)

9 0.0152 Obesity (father)

10 0.0133 Uric Acid

Finally, to identify the optimal subset of factors for a specific classification scheme, a
Wrapper-Based Feature Selection (WFS) method was employed. In contrast to previous
FS methods, Wrapper-Based Feature Selection methods employ a classifier to determine
the adequacy of an attribute subset, returning the most significant attributes for that
classifier. This method evaluates attribute subsets by applying a specific ML algorithm
and uses cross-validation to estimate the algorithm’s accuracy for each attribute subset. In
this study, following several simulations involving WFS, the top-performing algorithms
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were Logistic Regression, MLP, and LMT. The attributes most frequently selected by these
algorithms after applying WFS included real BMI, hyperreactivity, uric acid, cholesterol,
hypertension (individual), and hypertension (father), showing a high level of coincidence
with previous FS methods. When the derived WFS attribute subsets were considered,
the Logistic Regression algorithm achieved an F1-score of 0.837 and an NPV of 0.923 (see
Table 11). For the LMT algorithm, the F1-score with the selected attributes was 0.836,
while the NPV reached 0.925. In contrast, the MLP algorithm did not demonstrate any
improvement over the CFS method, maintaining the same values for both F1-score and NPV.

Table 9. Performance in classification using the subset of eight attributes obtained with CFS.

Bayes Net Naive Bayes Logistic MLP SMO KNN J48 LMT RF Ada Boost

Precision 0.870 0.884 0.860 0.852 0.864 0.813 0.816 0.846 0.854 0.849

Recall 0.790 0.763 0.817 0.852 0.787 0.799 0.840 0.828 0.793 0.796

Accuracy 0.902 0.900 0.906 0.912 0.900 0.885 0.896 0.904 0.898 0.897

NPV 0.914 0.905 0.924 0.937 0.913 0.915 0.931 0.928 0.915 0.916

F1-score 0.828 0.819 0.838 0.852 0.824 0.806 0.828 0.837 0.822 0.821

Table 10. Execution times (in seconds) for risk classification models using the subset of eight attributes
obtained with CFS.

Bayes Net Naive Bayes Logistic MLP SMO KNN J48 LMT RF Ada Boost

Model building 0.01 0.01 0.04 0.24 0.07 530.34 0.02 0.62 0.18 0.03

Table 11. Performance in classification using the subsets of attributes obtained with WFS.

Logistic MLP LMT

Precision 0.862 0.852 0.852

Recall 0.814 0.852 0.820

Accuracy 0.906 0.912 0.904

NPV 0.923 0.937 0.925

F1-score 0.837 0.852 0.836

In summary, the FS study revealed that there were no significant differences in the
performance metrics of the algorithms when applying feature selection (FS) methods
compared to using the full set of features. This is actually a very promising result, as it
demonstrates that comparable classification performance can be achieved with a reduced
set of attributes (e.g., using only 8 attributes) instead of all 30.

5. Strengths and Limitations of the Study
This study has several noteworthy strengths. First, the dataset comprises real-world

data collected over a 10-year period from school-aged children (8–14 years old). Further-
more, this study addresses a gap in Cuba and potentially the broader Latin American
region, as there are no comparable datasets or studies focused on pediatric individuals in
this context. Although traditional risk factors were employed, the study includes notable
innovations. The dataset reflects the expertise of a multidisciplinary team comprising
medical specialists (e.g., four cardiologists with a second degree in cardiology, three pe-
diatric cardiologists, two endocrinologists, two clinical laboratory specialists, and two
ophthalmologists), engineers, primary school educators, and faculty from the University
of Medical Sciences. The risk factors were updated and validated annually by this team,
ensuring they remain accurate and relevant. Furthermore, the Cardiovascular Risk Scor-
ing System for Minors used in this dataset has been officially endorsed by the Provincial
Health Directorate and the Technical Advisory Commission for Hypertension (HTA) of the
Ministry of Public Health.
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The study has demonstrated that high scores for risk classification can be achieved
with certain ML algorithms analyzed. Moreover, it highlights that the selection of a specific
ML technique allows prioritizing trade-offs, such as emphasizing the Negative Predictive
Value or other performance metrics, based on the desired objectives.

Considering the results obtained across different approaches to feature selection, it can
be concluded that, in general, all FS methods produced relatively consistent selections of
the most significant attributes. Among these, the use of correlation-based feature selection
appears particularly suitable for this type of system. Unlike methods that rank attributes
individually based solely on their discriminatory power, CFS identifies the optimal subset
of attributes by evaluating their combined effectiveness while accounting for correlations
and redundancy. On the other hand, the high computational cost associated with WFS
methods, coupled with their tendency to overfit the dataset, renders them less appropriate
for practical applications in this context. In any case, it would be desirable in the future to
have more instances in the dataset to corroborate these findings, which is highly costly due
to the difficulty of obtaining these data.

The study also may have certain limitations. Firstly, missing data due to the absence of
information for certain attributes was observed in some cases. To assess its impact, simple
value imputation techniques were tested; however, the performance of the ML algorithms
did not improve in most cases, likely due to alterations in the statistical structure of the data.
Fortunately, the selected algorithms are capable of handling missing data without difficulty
and represent a broad sample of available algorithm families. Furthermore, the dataset
spans a decade and represents linear rather than cross-sectional data, which precludes
the possibility of performing a longitudinal analysis of the individuals initially included
in the study. Ideally, it would be highly valuable to track the evolution of the children
included in the dataset throughout their lives. This would allow for confirmation of the
emergence or absence of new cardiovascular risk factors and even the development of
long-term conditions, providing deeper insights into the progression and prevention of
cardiovascular diseases.

6. Conclusions
This study analyzes real cases involving children, making it highly significant due

to the scarcity of similar datasets. The application of ML algorithms revealed that the
MLP and LMT algorithms achieved the highest F1-scores, with values of 0.852 and 0.837,
respectively. For NPV, the best-performing algorithms were MLP (0.937) and J48 (0.931).
The optimization of attributes identified those with the most significant individual impact
on classification, as well as the most effective subsets for high-performing classification
schemes. Attributes such as hypertension (individual), hyperreactivity, BMI, uric acid,
cholesterol, hypertension (parent), and dyslipidemia (sibling) were determined to be highly
relevant and decisive. These factors provided robust results, with no loss of performance
and even slight improvements in classification schemes such as MLP and LMT. Notably, no
significant degradation in algorithm performance was observed when employing optimized
subsets of attributes, reinforcing their suitability for future predictive models. Building
upon these findings, future work will aim to identify the factors with the greatest impact on
risk classification, extending the analysis to larger populations. This will involve validating
the risk labels assigned by experts through the application of the top-performing algorithms
identified in this study.
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