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Abstract

Introduction. Artificial intelligence has evolved, becoming an essential tool for analyzing information in medicine. Objective.
Develop, optimize, and compare the performance of different machine learning models for analyzing factors associated
with chronic kidney disease. Methodology. Machine learning models were developed to predict chronic kidney disease.
We constructed logistic regression models, support vector machine, random forest and decision trees; then we evaluated
performance metrics.. The model with the lowest performance was selected and optimized using conventional machine
learning techniques, hyperparameter tuning, and advanced approaches. We evaluated performance using accuracy, area
under the curve, sensitivity, specificity, 95 % confidence intervals, and p-values < 0.05. Results. Logistic regression stood out for
its accuracy (85.29 %) and sensitivity (95.65 %), and support vector machines for the area under the curve (92.09 %). Random
forest achieved a balance between accuracy (82.35%) and area under the curve (90.32 %). The tree showed high specificity
(90.91 %) and positive predictive value (90 %). After hyperparameter tuning, the decision tree achieved an accuracy of 80.39%.
Conclusion. Logistic regression, support vector machines, and random forest performed best with conventional training.
Machine learning techniques allowed the performance of the models to be adjusted and optimized. Male sex, high blood
pressure, and exposure to pesticides were identified as key factors associated with chronic kidney disease.
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Resumen

Introduccion. La inteligencia artificial ha evolucionado, convirtiéndose asf en una herramienta esencial para el anlisis de
informacion en medicina. Objetivo. Desarrollar, optimizar y comparar el desempefo de distintos modelos de machine
learning para analizar factores asociados a la enfermedad renal crénica. Metodologia. Se desarrollaron modelos de machine
learning para predecir la enfermedad renal crénica. Se construyeron modelos de regresion logistica, maquinas de soporte
vectorial, bosque aleatorio y arboles de decision, y se evaluaron las métricas de rendimiento. Se seleccioné el modelo con
menor desempeno y se optimizé mediante técnicas convencionales de aprendizaje automatico, ajuste de hiperpardmetros
y enfoques avanzados. El desemperio se evalud utilizando la exactitud, drea bajo la curva, sensibilidad, especificidad,
intervalos de confianza al 95 %, y valores de p < 0,05. Resultados. La regresion logistica se destaco por su exactitud (85,29 %)
y sensibilidad (95,65 %) y las maquinas de soporte vectorial por el drea bajo la curva (92,09 %). El bosque aleatorio logré un
equilibrio entre exactitud (82,35 %) y &rea bajo la curva (90,32 %). El arbol de decision presentd una alta especificidad (90,91 %)
y valor predictivo positivo (90 %). Tras el ajuste de hiperparametros, el arbol de decision alcanzé una exactitud de 80,39 %.
Conclusién. La regresion logistica, las maquinas de soporte vectorial y el bosque aleatorio presentaron el mejor desempero
con entrenamiento convencional. Las técnicas de machine learning permitieron ajustar y optimizar el desemperio de los
modelos. Se identifico al sexo masculino, la hipertensién arterial y la exposicion a plaguicidas como factores determinantes
de la enfermedad renal crénica.

Palabras clave
Inteligencia Artificial, Modelos Predictivos, Aprendizaje Automatico, Enfermedad Renal Crénica.

Introduction advanced from basic rule-based systems

to complex machine learning (ML) and

Over the vyears, artificial intelligence (Al)
has evolved significantly, becoming an
essential tool for enhancing information
analysis across disciplines such as medicine!
Since its beginnings in the 1950s, Al has

deep learning (DL) algorithms,™ enabling
the analysis of large databases with greater
accuracy and speed, while facilitating
research, and optimizing processes in
fields such as medicine."
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In health sciences, the application of
ML and DL models has transformed the
way diseases are diagnosed, treated, and
predicted.” These models allow for deeper
exploration of medical data, improve early
detection of disease, allow for personalized
treatments, and improve the efficiency of
medical interventions.’

Machine learning algorithms, such as
regression and decision trees, provide robust
tools for the classification and prediction
of medical data" Meanwhile, DL models,
such as convolutional and recurrent neural
networks, have proven to be excellent at
processing images and sequences (text,
audio, or time series), achieving significant
advances in the interpretation of medical
images and the analysis of clinical records."!

In the field of chronic diseases, the use
of these models is becoming increasingly
indispensable for advancing research and
improving medical management. They also
allow researchers to more accurately identify
complex patterns and predict the progres-
sion of priority conditions such as chronic
kidney disease (CKD), thereby providing a
stronger foundation for future research and
clinical advances."™

In this context, the use of ML models
in the analysis of secondary data, such as
databases, electronic records, and previous
studies, enables Al algorithms to extract valu-
able information and patterns that cannot
be detected with conventional models. This
has facilitated not only the identification of
factors associated with disease but also the
monitoring of disease progression and the
personalization of treatment "

Therefore, in this study, supervised ML
models were applied to process patient data
with factors associated CKD. The advantages
and accuracy of each model were analyzed,
as well as different optimization tech-
niques, which allowed the establishment
of a complementary methodology for the
analysis and investigation of this disease. The
objectives of this research were to develop,
optimize, and compare the performance of
ML models in patients with CKD.

Methodology

Machine learning models were developed
to predict chronic kidney disease using data
from the study “Risk factors associated with
chronic kidney disease in Chalatenango,
El Salvador™ The database comprised 174
records, including 58 CKD cases and 116
non-CKD cases. The baseline included 26
independent variables and one dependent
variable, “chronic kidney disease!” Logistic
regression (LR), support vector machines

(SVM), random forest (RF), and decision tree
(DT) models were applied.

A correlation matrix with a threshold of
+ 0.7 was applied to identify and remove
highly  correlated  predictors,  thereby
reducing multicollinearity in linear models.

The variables considered included: area,
age, sex, formal education, educational
level, marital status, work activity, farmer
condition, harmful tobacco and alcohol use,
unhealthy intake of salt, water, fruits and
vegetables, sedentary lifestyle, exposure
to high temperatures, diabetes mellitus,
hypertension, obesity, recurrent urinary tract
infections, chronic pesticide exposure, and
harmful consumption of non-steroidal anti-
inflammatory drugs (NSAIDs).

Predictor variables were normalized
to ensure a homogeneous scale, facilitate
comparisons, and improve ML algorithm
convergence. Also, the same variables were
included in all models to ensure similar and
comparable conditions between algorithms.

The data was split into 80 % training
and 20 % testing. Class balance was evalu-
ated based on the distribution of the
outcome variable, comparing proportions
of CKD and non-CKD cases with distribution
plots and Chi-Square tests.

To address class imbalance, oversampling
was applied to the training set with the "ROSE”
package (Random OverSampling Examples)
in RStudio with the “ovun.sample” function
and the "over” method, increasing minority-
class samples to balance the training dataset.

To train the ML models, the specific
parameters of each algorithm were adjusted.
Logistic regression was configured using
the standard method with the “binomial”
family, this addressing the binary classifica-
tion problem to determine the presence
of ERC. Support vector machines with
"kernel radial” were implemented using
the “svmRadial” method.

Forthe RF, the“rf"method was used, which
integrates multiple decision trees to improve
predictive accuracy. Likewise, an DT model
was trained using the “rpart” method. In all
cases, ten-fold cross-validation was applied
to ensure accurate and standardized evalu-
ation, in order to prevent model overfitting.

The performance of the models was
evaluated using model accuracy, which
measures the proportion of correct predic-
tions made by each model, as well as
95 % confidence intervals for accuracy.
We also analyzed the non information rate
(NIR), defined as the proportion of obser-
vations belonging to the majority class,
which represents the accuracy that would
be obtained by classifying all cases as
belonging to that class.
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This metric was used as a reference
to evaluate the actual gain of the model.
The accuracy obtained by the model was
statistically compared with the NIR using
a hypothesis test, considering a value
of p < 0.05 considered the threshold for
statistical significance.

The Kappa coefficient was used to
measure the agreement between the
model predictions and the actual values,
considering the possibility that some of
the agreement could be due to chance,
which allows for a more accurate assess-
ment of the model's performance. We
used the McNemar test to evaluate the
error patterns in the classification of each
model compared to the NIR. This test
contrasts cases classified correctly by the
model and incorrectly by the NIR, and vice
versa. A p-value < 0.05 was interpreted as
evidence of systematic differences in model
performance compared to classification by
the majority model, indicating systematic
biases or worse performance compared
to the reference model.

In addition, sensitivity and specificity
were estimated, along with positive and
negative predictive values. Finally, the
overall performance of the models was
determined using balanced metrics that
evaluated different aspects of performance.
Balanced accuracy averages sensitivity
and specificity to consider both classes in
unbalanced situations equally. The F1 score
combines precision and sensitivity using
the harmonic mean to balance between
false positives and false negatives. The area
under the curve (AUC) measures the overall
ability of the model to discriminate between
classes across all possible decision thresh-
olds, where a value closer to unity indicates
better discriminatory performance.

The model with the lowest initial perfor-
mance was selected to highlight different
methodological possibilities  for model
optimization and improve the quality of the
analysis. An DT developed with the “rpart”
package was chosen, which was config-
ured with the default hyperparameters of
the RStudio package and presents a base
training, which had the lowest performance
among the ML models evaluated. Different
optimization techniques and methodolo-
gies were applied to this model to improve
its performance. We developed three addi-
tional DT models, the first one considered
the threshold for statistical significance
“Train-Test Split," dividing the data into 70 %
for training and 30 % for testing. The hyper-
parameters were left at their default values,
meaning that no specific adjustments were
made to the tree structure.

For the second decision tree, we used a
model with hyperparameter optimization,
employing the “Grid Search” technique
to adjust the hyperparameters, focusing
on the complexity parameter (CP), which
automatically evaluated a range of CP
values from 0.001 to 0.1 in increments
of 0.005, selecting the value that found
the best balance between the perfor-
mance metrics. Five-fold cross-validation
was applied to ensure robustness under
different configurations. CP tuning and
cross-validation both help prevent over-
fitting: CP controls tree pruning, limiting
complexity and reducing overfitting to the
training data, while cross-validation evalu-
ates performance across multiple subsets,
improving generalizability.

In the third model, we implemented a
tree with advanced and combined tech-
niques (advance techniques model), using a
"Train-Test Split"with a 70 % split for training
and 30 % for testing. Then, cross-validation
was applied with ten folds, dividing the
data into ten parts to validate the model.
Probability Estimation was also enabled
to generate class probabilities, and binary
classification metrics were used to evaluate
the model's performance.

Finally,the optimized model was selected
by adjusting hyperparameters that showed
the best balance between performance
and lower risk of overfitting, and this was
used to make new predictions about CKD.

There was no missing data in this
research, so no imputation techniques
were applied. Performance was evaluated
using the metrics described above. The
processing and analysis of the information
was carried out using RStudio version 4.3.2,

The research was conducted in accor-
dance with Good Clinical Practices. The
database was coded to preserve participant
confidentiality, and the study protocol was
approved by the Ethics Committee of the
National Institute of Health under registra-
tion number CEINS/2024/006.

Results

Performance of the machine
learning models

e carried out a comparative analysis of
the performance of four ML models.
(Table 1). Regarding their overall perfor-
mance, LR achieved the highest accuracy
at 0.853 (95 % Cl = 0.689-0.950), correctly
classifying 85.29 % of CKD cases. RF and
SVM also performed well, with accuracies
of 0.823 (95 % Cl = 0.655-0.932) and 0.794
(95 % Cl = 0.621-0.913), respectively.
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Table 1. Comparative chart of the performance of different machine learning models

Metric LOQISt!C Support.Vector Random Forest  Decision Tree
Regression Machines
Overall Performance
Accuracy 0.853 0.794 0.823 0.559
95 % Confidence Interval* 0.689 - 0.950 0.621-0913 0.6547-0.932 0.379-0.728
NIR 0.676 0.676 0.676 0.676
p-value (Accuracy > NIR)** 0.017 0.097 0.044 0.949
Kappa 0.638 0518 0.577 0.230
McNemar’s Test p-value 0.371 1 0.683 0.002
Sensitivity and Specificity
Sensitivity 0.956 0.870 0913 0.391
Specificity 0.636 0.636 0.636 0.909
Predictive Values
Positive Predictive Value 0.846 0.833 0.840 0.900
Negative Predictive Value 0.875 0.700 0.778 0417
Prevalence and Detection
Prevalence 0.676 0.676 0.676 0.676
Detection Rate 0.647 0.588 0618 0.265
Detection Prevalence 0.765 0.706 0,735 0.294
Balanced Metrics
Balanced Accuracy 0.796 0.753 0.775 0.650
Area Under the Curve (AUC) 0.852 0.921 0.903 0.682
F1 Score 0.897 0.851 0.876 0.545

Source: Based on data processing across different models.

* Confidence interval for accuracy.

** p-value [Accuracy > NIR]: p-value associated with the hypothesis that the model's accuracy is greater than the

No Information Rate (NIR).

Onthe other hand, DT showed the lowest
accuracy of the four models, with a value of
0.559 (95 % Cl = 0.379-0.728), correctly clas-
sifying 55.88 % of the cases, which is lower
than the no-information rate (67.65 %).

When analyzing the statistical signifi-
cance of the models and testing the equality
hypothesis against NIR, LR, and RF proved
superiorand statistically significant (p < 0.05).

In terms of sensitivity and specificity,
LR and RF achieved the highest sensitivity,
0.956 and 0.91, respectively, indicating that
they have the greatest ability to correctly
identify CKD patients.In contrast, DT showed
the lowest sensitivity (0.391) but the highest
specificity (0.909), indicating better perfor-
mance in identifying patients without CKD.

Figure 1 shows the ROC curve for each
model, along with the corresponding AUC.

In addition, a comparison between the
models is included to evaluate their relative
performance. When balanced metrics were
analyzed, SVM and RF obtained the best
results, with balanced accuracies of 0.75 and
0.775 and AUC values of 0.921 and 0.903,
respectively, suggesting that these models
achieve a good balance between sensitivity
and specificity. Although DT had the worst
overall accuracy, its balanced accuracy
and AUC surpassed LR, indicating that this
model might be more suitable in contexts
requiring better balance between positive
and negative case identification.
McNemar's test results showed that LR,
SVM, and RF did not present significant differ-
ences in their classification error patterns
compared with NIR (p > 0.05), indicating no
systematic bias in their predictions.
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Optimization of decision tree
models

We performed a comparative analysis of
the performance of four DT models with
varying adjustment levels, from a baseline
model to one developed with advanced
techniques (Table 2). Overall, accuracy
increased progressively as the adjustment
level improved (Figure 2).

The advanced adjustment model
achieved the highest performance, with an
accuracy of 1.0 (95 % Cl = 0.930-1), correctly
classifying 100 % of cases. The conven-
tional adjustment and hyperparameter
optimization models achieved accuracies
of 0.725 (95 % Cl = 0.583-0.841) and 0.804
(95 % Cl = 0.669-0.902), respectively, both
were statistically significant when tested
against NIR (p < 0.05).

Regarding sensitivity and specificity,
the advanced adjustment model scored
1.0 in both metrics. The conventional
adjustment and hyperparameter optimi-
zation models presented sensitivities of
0.676 and 0.794, and specificities of 0.823
respectively. In contrast, the baseline model
had the lowest sensitivity (0.391) but the
highest specificity (0.909).

When analyzing balanced metrics, the
advanced adjustment model obtained 1.0
for both balanced accuracy and AUC. The
conventional adjustment and hyperparam-
eter-optimized models presented balanced
accuracies of 0.750 and 0.809 and AUC
values of 0.702 and 0.777, respectively. The
baseline model showed lower values: 0.650
for balanced accuracy and 0.682 for AUC.

The McNemar test shows that the base
model presents statistically significant differ-
ences in the pattern of classification errors
compared to the NIR, p = 0.002. On the
other hand, the models with conventional
adjustment, hyperparameter optimization,
and advanced adjustment techniques did
not present significant differences (p >
0.05). This suggests that these models do
not have systematic biases in their predic-
tions and classification errors.

Decision tree model
performance

The hyperparameter-optimized DT
achieved an accuracy of 80.8 %, sensitivity
of 794 %, and an AUC of 0.777. This model
mainly used sex and hypertension as main
factors for classification (Figure 3). It began
by identifying patients without CKD as the
predominant category; it then classified
individuals based on sex, hypertension,

fruit and vegetable consumption, and
chronic pesticide exposure.

For women, the DT distinguished
between those without hypertension or
other risk factors and those with hyperten-
sion, also considering fruit and vegetable
intake. For men, classification was based
on hypertension and chronic pesticide
exposure. The analysis determined that
hypertension and, in men, chronic pesticide
exposure were important predictors of CKD.

Importance of predictor
variables in tree decision-ma-
king

The importance percentages of variables
in a DT indicate how relevant each vari-
able is to model prediction, reflecting their
relative contribution to overall perfor-
mance. These percentages are calculated
according to the frequency and quality
of splits made by each variable in the tree
nodes. The more frequent and effective
a variable is in improving predictions, the
higher its importance.

In the CKD prediction analysis, impor-
tance percentages highlighted the most
relevant variables for identifying the
disease. Male sex (21.62 %) was the most
important predictor, followed by chronic
pesticide exposure (17.99 %) and high-
temperature activities (17.62 %).

These factors most strongly contributed
to the model's performance in identifying
CKD cases and understanding key elements
associated with the disease.

Discussion

This study applied different supervised
learning models to analyze patient data with
factors associated with CKD in the depart-
ment of Chalatenango, El Salvador. The
findings demonstrate the potential of these
models to enhance analytical accuracy and
optimize health system management, as
has been reported in previous studies.

Overall, the logistic regression model
showed the best performance, with higher
accuracy and F1 score than the other
models. These findings are consistent with
previous research highlighting the useful-
ness of logistic regression in predicting
be atributed to its ability to model the
relationship between a binary response
variable and one or more predictor vari-
ables, demonstrating its effectiveness
when applied to biometric data with simi-
larly adjusted models
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Table 2. Comparative chart of decision tree models’ performance according to their adjustment

Model with Model with Model with Model with
Metric baseline conventional hyperparameter advanced
training adjustment optimization techniques

Overall performance

Accuracy 0.559 0.725 0.804 1

95 % confidence interval* 0.379-0.728 0.583 - 0.841 0.669 - 0.902 0.930-1
NIR 0.667 0.667 0.667 0.667
P-value accuracy > NIR** 0.948 0.023 0.023 < 0.001
Kappa 0.230 0447 0.583 1
McNemar test p-value 0.002 0.062 0.343 1

Sensitivity and specificity

Sensitivity 0.391 0.676 0.794 1

Specificity 0.909 0.823 0.823 1

Predictive values

Positive predictive value 0.9 0.885 0.9 1

Negative predictive value 0417 0.56 0.667 1

Prevalence and detection

Prevalence 0.676 0.667 0.667 0.667
Detection rate 0.265 0451 0.529 0.667
Detection prevalence 0.294 0510 0.588 0.667

Balanced metrics

Balanced accuracy 0.650 0.750 0.809 1
Area under the curve (AUC) 0.682 0.702 0.778 1
F1 score 0.541 0.767 0.843 1

*Confidence interval of accuracy.
*p-value [accuracy > NIR]: p-value associated with the hypothesis that the model’s accuracy is greater than the No
Information Rate (NIR).
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However, SVM and RF showed the best
overall performance, with the highest AUC
values, surpassing logistic regression. SVM
seeks the best hyperplane to separate
classes, enhancing classification accuracy
in binary problemsX* RF, on the other
hand, combines multiple DTs to improve
predictive accuracy and reduce overfitting,
thereby improving generalizability and
predictive performance i

Selecting the most appropriate model is
crucial for accurate data analysis. Each model
offers specific advantages depending on
the prioritized metric. Accuracy is essential
when the goal is to maximize the propor-
tion of correct predictions, which is critical
for reliable and safe clinical decision-making.
Sensitivity becomes more important when
the objective is to detect all positive cases,
particularly in prioritized disease diagnoses,
where missing a case requiring medical
care is unacceptable

Specificity is also critical to mini-
mize false positives and avoid unneces-
sary treatments that may cause harm or
discomfort to patients

In general, an optimal balance between
sensitivity and specificity is required,
which can be assessed using composite
metrics such as balanced accuracy, F1
score, and AUC. These allow for a more
comprehensive  evaluation of model
performance, considering both detection
and discrimination capacity between posi-
tive and negative cases.

64 59

5415
56 %

— High blood pressure =0

1313
21%

No fruits and vegetables = 0

@ Yes

412 92 41
35% 9% 12%

100 %

Yes Male=0 No

The initial DT model showed relatively
low performance in both in accuracy and
AUC. However, applying hyperparameter
tuning and cross-validation significantly
improved its performance. These findings
support the importance of optimizing ML
models through hyperparameter adjust-
ment and cross-validation, as highlighted
in previous studiesX ™ Hyperparameter
tuning involves testing different configura-
tions to find the optimal combination that
maximizes performance from training and
validation data, @

One objective of this research was to
demonstrate  optimization  techniques
applied to different models using the R
programming language. However, multiple
languages, platforms, and environments
allow for this type of analysis. The choice
of strategy depends on factors such as
researcher expertise, problem complexity,
and available resources, without limiting
the applicability of the presented methods.
The flexibility of these approaches facilitates
adaptation to different contexts, program-
ming languages, and data, favoring repro-
ducibility in future studies.

Moreover, the ML results were consistent
with the literature and existing theories on
CKD, highlighting its multifactorial nature.
*i The models identified variables such as
sex,”" hypertension,* and agrochemical
exposure, identified as independent predic-
tors in the DT model for CKD,*"" as docu-
mented in similar studies i

1044
44 %

High blood pressure=0 ——

Yes

1012
18 %

Chronic exposure to pesticides =0

Yes Yes

82 210 032
8% 10 % 26 %

Figure 3. Comparison of the performance of the decision tree models according to their optimization using

the ROC curve
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However, further research is required to
more precisely estimate the risk associated
with such exposures and to incorporate
additional variables for developing more
complex ML models, as in other studies
where disease progression has been deter-
mined from individuals'using longitudinal or
historical patient data.*®

This study highlighted the protec-
tive effects of fruit and vegetable
consumption®»>i and differences in CKD
prevalence by sex. However, its main contri-
bution lies in applying ML models to national
data analysis, allowing a more precise and
comprehensive evaluation of factors asso-
ciated with CKD. This approach adapts to
different sensitivity, specificity, and accuracy
criteria, enabling a deeper understanding of
disease-related contributors il

Another important aspect of this study
is model interpretability. While DTs are rela-
tively easy to interpret due to their visual
structure and decision rules, LR, RF, and
SVM are more complex and may be more
difficult for non-specialist professionals to
interpret. Nevertheless, these models can
achieve higher predictive performance In
this sense, Hendrik Blockeel et al. suggest
that DTs may be preferable in clinical envi-
ronments due to their visualization and
interpretability  Nevertheless, interpret-
ability should not be the only criterion when
choosing a model. In some cases, higher
predictive performance is necessary, as in
this study, where SVM and RF may be pref-
erable when greater accuracy is required,
particularly for identifying associated factors
and supporting decision making»<

Including additional variables, such as
laboratory test results or medical imaging,
could enrich analysis and improve predic-
tion accuracy. ML models can leverage
multiple data sources, both structured and
unstructured i |ncorporating  these
could provide additional information for CKD
diagnosis and prediction, further improving
model performance and relevance

This study highlighted important find-
ings in CKD research using ML. A model was
developed and compared with another that
achieved an AUC of 0.80 using RF and neural
networks to predict CKDX" This research
achieved similar or even superior results,
demonstrating strong predictive power and
performance in CKD analysis.**

For future research, exploring more
advanced methods, such as neural
networks, is essential, as they may substan-
tially improve performance. However,
these techniques require higher compu-
tational power and pose additional inter-
pretation challenges

Although the sample size of 178 obser-
vations may be considered small in some
contexts, literature supports the use of
similar or even smaller sizes when applying
techniques such as cross-validation, overs-
ampling, and regularization. These maxi-
mize data use, improve generalization, and
produce reliable results i Sample size
adequacy depends on analysis complexity
and variable count: for complex models,
a small size may be insufficient, while in
simpler analyses with proper techniques, it
may suffice for solid results i

Various studies have validated and
applied models with small datasets through
simulation, using methods such as Monte
Carlo,*™* bootstrap, and generative adver-
sarial networks, which enable controlled
expansion of synthetic data to improve
training and validation " These method-
ologies are applied in genetics, economics,
computer vision, and health, proving espe-
cially useful when data collection is limited or
costly. Their adoption is crucial to strength-
ening research quality and scope in health.

Studies show that when data exhibit
good discriminatory power, effect size and
model accuracy increase with sample size,
while variance decreases*" Nevertheless,
in datasets with low-discrimination power,
neither effect size nor accuracy improves
significantly  with  larger samples.  An
adequate sample size is one that achieves
an effect size > 0.5 and ML accuracy > 80 %,
since further increases do not yield signifi-
cant improvements, optimizing the cost-
benefit balance

Literature also indicates that small sizes
may overestimate accuracy due to overfit-
ting, while very large sizes increase costs and
time without proportional gain in reliability.
Thus, defining an adequate sample size is
essential to obtaining reliable and efficient
results. In this study, the chosen sample size
is justified as it met the effect size and accu-
racy criteria, ensuringa balance between reli-
ability and available resources

The main limitation of this study is the
use of secondary data, which carries certain
risks. However, since the original research
aimed to identify factors associated with
CKD, this analysis allowed further explora-
tion of aspects not addressed by traditional
methods. Although proper validation and
analysis techniques were applied to mitigate
potential bias, these limitations should be
considered when interpreting results.

Finally, the findings highlight the poten-
tial of ML models to improve the analysis
of patient data on CKD and other chronic
diseases. However, it is essential to continue
researching and optimizing these models
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to ensure their accuracy, interpretability,
and applicability in diverse clinical settings,
to generate optimized prognostic models
tailored to each region’s reality.

Conclusion

Machine learning models are effective
tools for identifying factors associated with
chronic kidney disease, enabling recognition
of complex patterns linked to its occurrence.
Logistic regression stood out for overall
performance, while SYM and RF achieved the
best results across performance metrics.

Optimization through hyperparameter
tuning and cross-validation significantly
improved the performance of initially less effi-
cient models, such as DTs. Key variables such
as male sex, chronic pesticide exposure, high-
temperature activities, and hypertension
were identified as determinants, along with
the protective effect of fruit and vegetable
consumption, especially among women.

The developed models showed statis-
tically significant and reliable  perfor-
mance, even with a small sample, thanks
to techniques such as oversampling and
cross-validation. This research establishes
a reproducible methodology for applying
ML models to CKD analysis, validating its
relevance in public health and its potential
to improve prevention and clinical manage-
ment using national data.
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