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Abstract

This study aims to analyze the performance of the Naive Bayes Classifier algorithm by comparing several
feature selection methods, namely Information Gain-based feature selection, Multicollinearity-based feature
selection, and a combination of Information Gain and Multicollinearity. The dataset used in this study consists
of 337 toddler stunting cases obtained from Kintamani I and VI Public Health Centers. The experiment was
conducted using four testing scenarios: (1) Naive Bayes Classifier without feature selection, (2) Naive Bayes
Classifier with Information Gain feature selection, (3) Naive Bayes Classifier with Multicollinearity feature
selection, and (4) Naive Bayes Classifier with a combination of Information Gain and Multicollinearity feature
selection. All experiments used a data split of 70% training data and 30% testing data, while model
performance was evaluated using a confusion matrix.

In the Information Gain feature selection stage, several features achieved the highest gain values, namely BPJS
with a gain value of 1.0, immunization with a gain value of 1.0, age with a gain value of 0.842, maternal
pregnancy history with a gain value of 0.791, and smoking habits with a gain value of 0.756. These features
were retained in the final combined model because they contributed the most to the stunting classification
process. In addition to improving predictive performance, the combination of Information Gain and
Multicollinearity was also able to reduce feature redundancy, resulting in a more stable classification model.
The results showed that the accuracy of the Naive Bayes Classifier without feature selection was 90.10%, the
Naive Bayes Classifier with Information Gain feature selection achieved 95.05%, the Naive Bayes Classifier
with Multicollinearity feature selection achieved 93.07%, and the Naive Bayes Classifier with a combination of
Information Gain and Multicollinearity achieved the highest accuracy of 96.04%. These findings indicate that
the combination of Information Gain and Multicollinearity produced the best performance among all tested
methods. In addition, a coefficient of determination (R Square) test was conducted using SPSS, resulting in a
value of 0.577, indicating that 57.7% of stunting classification was influenced by independent variables such as
age, BPJS, immunization, smoking habits, and maternal pregnancy history, while the remaining 42.3% was
influenced by other factors outside the scope of this study. The results also indicate that the Naive Bayes
algorithm combined with Information Gain feature selection and multicollinearity testing can be used as a
stable and effective approach for early stunting classification to support decision-making in public health
services.
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1. INTRODUCTION

Stunting is one of the major health problems among toddlers that remains a primary concern in Indonesia
because it affects physical growth, cognitive development, and the quality of future human resources. Based on
data from the Basic Health Research (Riskesdas) and reports from the Ministry of Health of the Republic of
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Indonesia, the prevalence of stunting in Indonesia is still relatively high, requiring accurate and measurable data-
driven intervention efforts. Therefore, an information technology-based approach is needed to support the
process of identifying and classifying stunting more effectively

The dataset used in this study was obtained from Kintamani I and Kintamani VI Public Health Centers, Bangli
Regency, Bali. This dataset has unique characteristics because it represents rural public health data with diverse
nutritional conditions, uneven attribute distribution, and the potential for multicollinearity among
anthropometric variables. These conditions make the dataset more challenging compared to general datasets
commonly used in stunting classification research.

Several previous studies have shown that the Naive Bayes Classifier method has relatively good performance in
classifying health-related data. The Naive Bayes Classifier method was able to achieve an accuracy rate of 88%
in the classification of toddler nutritional status [2]. The implementation of Information Gain feature selection
was able to improve the accuracy of the Naive Bayes method from 80% to 90% [9]. The combination of Naive
Bayes and Information Gain also improved classification performance with an average accuracy of 80% [14].
Gain-based feature selection can improve the efficiency and accuracy of classification models. Meanwhile,
statistical approaches such as multicollinearity testing are also important to ensure that there is no high
correlation among independent variables that could affect the model results. Recent studies have also
demonstrated that machine learning approaches can improve the early detection and prediction of stunting
prevalence through classification and optimization models [1], [10].

Information Gain and Multicollinearity are two complementary methods in the feature selection process.
Information Gain functions to measure how much contribution a feature provides to the classification process,
enabling the selection of the most relevant attributes with the highest predictive capability for stunting status.
Thus, the use of Information Gain can improve model accuracy because only the most important features are
utilized in the classification process. However, even if a feature has high predictive value, there may still be
strong relationships or correlations among independent variables that can cause information redundancy.
Therefore, the Multicollinearity method is used to detect and reduce excessively high relationships among
features through tolerance value testing and Variance Inflation Factor (VIF) analysis. The application of
Multicollinearity helps maintain the stability of the classification model by eliminating highly correlated
features, making the model more optimal, consistent, and less prone to performance degradation due to data
redundancy. In other words, Information Gain focuses on optimizing predictive capability, while
Multicollinearity plays a role in maintaining model stability by reducing redundancy among features. The
combination of these two methods is expected to produce better classification performance compared to using
only a single feature selection method.

Although various studies have demonstrated performance improvements through the use of Naive Bayes and
feature selection methods, there are still limitations in examining the combination of multiple feature selection
methods simultaneously, particularly between Information Gain andMulticollinearity. In addition, there have
been limited studies that comprehensively evaluate the performance of these methods using several testing
scenarios on real-case datasets, especially stunting data at the public health center level. Therefore, evaluating
the performance of the methods is important to determine the level of accuracy, precision, and contribution of
each feature in improving classification results. This evaluation is also necessary to ensure that the model used
is not only accurate but also stable and reliable in decision-making.

Based on these problems, this study aims to analyze and compare the performance of the Naive Bayes Classifier
method without feature selection, with Information Gain feature selection, with Multicollinearity feature
selection, and with a combination of both methods in classifying stunting status. The testing was conducted
using toddler data from Kintamani I and VI Public Health Centers with a data split of 70% training data and
30% testing data. The results of this study are expected to contribute to the development of more accurate
classification methods and serve as a reference for data-driven stunting case management in the health sector.

2. RESEARCH METHODOLOGY

2.1 Research Design
This study uses an experimental quantitative approach with the supervised learning method to classify stunting

status in toddlers. The model used is the Naive Bayes Classifier with several feature selection scenarios, namely
no feature selection, Information Gain, Multicollinearity, and a combination of both. The research design
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includes the stages of data collection, preprocessing, feature selection, modeling, evaluation, and analysis of
results [2], [4], [14].

2.2 Data Source and Collection Method
The data used in this study are secondary data obtained from: Kintamani I and VI Health Centers, Bangli

Regency, Bali. The number of datasets used was 337 data for toddlers consisting of data on health and
environmental conditions. Data collection methods include:
1. Documentation: taking data on medical records of toddlers from health centers
2. Observation: verification of data related to field conditions
3. Literature study: to support the selection of research methods and variables [1], [8]
The table shown in the article contains only a portion of the data (example 10 data) as an illustration, while all
337 data are used in the training and testing of the model. To support research transparency, the full dataset can
be made available through an external repository

Table 1. Data of Toddlers of Kintamani Health Center I and VI
[Source: Author, 2022]

Air stump  Latrines ) . HISTORY e
No. BB TB Age BPJS Immunity Smoking Mother Classification
Clean and Healthy
Pregnant

1 11,9 84 2,11 0 1 0 1 1 0 0 Stunting
2 11 84 2,6 1 1 0 1 1 1 0 Stunting
3 93 81,3 23 0 1 0 1 1 0 0 Stunting
4 10,8 85 4,7 0 1 0 1 1 1 0 Stunting
5 12 97 4,6 1 1 0 1 1 1 0 Stunting
6 13,5 93 38 1 1 0 1 1 1 0 Stunting
7 12 91 3,11 0 1 0 1 1 1 0 Stunting
8 11,8 92 3,11 0 1 0 1 1 1 0 Stunting
9 10,5 92 1,6 0 1 0 1 1 1 0 Stunting
10 9 76 0,8 0 1 0 1 1 1 0 Stunting

2.3 Research Parameters and Variables
The variables in this study consist of dependent and independent variables used in the classification process. The
selection of variables refers to WHO standards for assessing the nutritional status of toddlers.
The variables in this study consisted of:
1. Dependent Variable (Target): Stunting status (Stunting = 1, Normal = 0)
2. Independent Variables (Features): Weight, Height, Age, BPJS, Clean Water, Worms, Healthy Latrines,
Immunization, Smoking, History of Pregnant Women [5], [10]
Categorical data is normalized into numerical form (0 and 1), while numerical data is used directly in the
classification process.
2.4 Research Tools and Instruments
The tools used in this study include:
1. Software: RapidMiner for classification modeling and Information Gain calculation processes.
2. Supporting Software: SPSS for multicollinearity testing and coefficient of determination analysis.
Multicollinearity testing was conducted using SPSS software.
3. Hardware: Laptop/PC with standard specifications for data processing
The main instruments in this study are the toddler dataset and the Naive Bayes Classifier algorithm model.
2.5 Research Stages
The research stages include data preprocessing, feature selection, modeling, and evaluation. Feature selection is
performed using Information Gain and multicollinearity analysis to avoid redundancy among variables. This
approach is consistent with feature selection concepts aimed at improving model performance [4], [9].
The stages of research are carried out systematically from start to finish as follows:
1. Problem Identification
Identify stunting problems and data classification needs.
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2. Data Collection
Collected datasets from Kintamani I and VI Health Centers.
3. Preprocessing Data:
a. Data cleaning
b. Data transformation (normalization and encoding)
c. Data sharing of training (70%) and testing (30%) [13]
4. Feature Selection
a. Information Gain: selects features based on the highest gain value
b. Multicollinearity: testing relationships between variables using Tolerance and VIF values
Tolerance and VIF Calculation:

Tolerance = 1 — R?

VIF=—1 (1)

Tolerance

Criteria:
a. Tolerance > 0.10 — multicollinearity does not occur
b. VIF <10 — multicollinearity does not occur

5. Classification Modeling

Using the Naive Bayes Classifier algorithm with 4 scenarios:

a. No feature selection

b. With Information Gain

c.  With Multicollinearity

d. Combination of Information Gain and Multicollinearity
6. Model Evaluation

Using the Confusion Matrix to calculate:

a. Accuracy

b. Precision

c. Recall

d. F1 Score
7. Analyze the results

Compare the performance of each method to determine the best model.
8. Conclusion

Draw conclusions based on the results of model evaluation.
2.6 Research Flow Design (Flowchart)
The research flow follows the standard data mining process, starting from problem identification, data
collection, data preprocessing, feature selection, model building, evaluation, and conclusion drawing. The
classification model used in this study is the Naive Bayes Classifier, which is recognized as an effective
probabilistic classification method for handling health-related datasets [11]. The overall research process is
illustrated in Figure 1.

Identifikasi Masalah
Pengumpulan Data

Preprocessing Data

Pemodelan Naive Bayes
Information Gain / Evaluasi
(Confusion Matrix)

Figure 1. Naive Bayes Modeling Flowchart
[Source: Author, 2023]
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During the preprocessing stage, several processes were carried out to prepare the dataset before classification.
These processes included data cleaning, handling missing values, data transformation, and normalization of
continuous variables. Continuous variables such as weight, height, and age were normalized to ensure
compatibility with the probability distribution assumptions of the Naive Bayes algorithm and to reduce
differences in data scale among attributes. In this study, Min-Max Normalization was applied to transform the
values of continuous variables into a range between 0 and 1 using the following formula:

1 X—=Xmin

A ——— @)

Xmax —Xmin

Where x represents the original value Xmin, is the minimum value of the attribute, and Xmax is the
maximum value of the attribute. This normalization process helps prevent attributes with larger numeric ranges
from dominating the classification process and improves the stability and performance of the Naive Bayes
model.

After preprocessing, feature selection was conducted using Information Gain and Multicollinearity methods.
Information Gain was used to select the most relevant features based on their contribution to stunting
classification, while Multicollinearity testing was applied to identify and reduce highly correlated independent
variables using tolerance values and Variance Inflation Factor (VIF). The selected features were then used in the
Naive Bayes modeling process. Model evaluation was performed using a confusion matrix to measure
classification performance in terms of accuracy, precision, true positive, true negative, false positive, and false
negative values [7].

3. RESULT AND DISCUSSION
3.1 Data Description
The dataset consists of toddler health data used for stunting classification based on WHO standards. The
selected variables represent both health and environmental conditions affecting toddlers. The dataset used in this
study consisted of 337 data from toddlers obtained from the Kintamani I and VI Health Centers. Each data has
several parameters that are used for the classification of stunting status. The explanation of the main parameters
is as follows:
1. BB (Weight): measured in kilograms (kg). Example: BB = 11.9 means that the weight of a toddler is 11.9
kg.
2. TB (Height): measured in centimeters (cm). Example: TB = 84 means that the height of the toddler is 84
cm.
3. Age: expressed in decimal years. Example: Age = 2.11 means that the age of toddlers is 2.11 years
(approximately 2 years and 1 month).

Other parameters such as BPJS, clean water, immunization, and history of pregnant women are categorical
variables that are converted into numerical form (0 = no, 1 = yes). The basis for the use of this parameter refers
to the WHO standard in assessing the nutritional status of toddlers, especially the anthropometric indicator
TB/U (Height by Age) which is used to determine stunting status.
3.2 Test Methods
The testing method applies a supervised learning approach with a training and testing data split [12]. Model
evaluation is conducted using a confusion matrix, which is a common evaluation method in classification tasks.
The testing method in this study uses a supervised learning approach with the Naive Bayes Classifier algorithm.
The dataset is divided into:

1. 70% data training

2. 30% data testing
Model evaluation was carried out using the Confusion Matrix, which consisted of:

1. True Positive (TP): stunting data predicted to be true

2. True Negative (TN): normal data that is predicted to be true

3. False Positive (FP): normal but predicted data of stunting

4. False Negative (FN): stunting data but predicted to be normal
From the confusion matrix, the following evaluation metrics are calculated:
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3.
4.

TP +TN

Accuracy = ——————
TP +TN +FP +FN
Precision=
TP +FP
TP
Recall =
TP +FN
Precision xRecall
F1 Score = 2 X

Precision +Recall

This method is used because it is able to provide a comprehensive picture of the model's performance, not only
in terms of accuracy but also in terms of classification errors.
3.3 Discussion
The results show that the Naive Bayes method provides good performance in classifying stunting, consistent
with previous studies. The application of Information Gain significantly improves classification accuracy.
The test was carried out using 4 scenarios, namely:

1.

Experiment Using the Naive Bayes Classifier Method

The experiment was conducted using the Naive Bayes Classifier method by utilizing 10 features, namely
body weight, height, age, BPJS ownership, access to clean water, history of helminth infection, availability
of a healthy latrine, immunization status, smoking habits in the environment, and maternal pregnancy
history. The dataset used consisted of 337 toddler records. The validation process was carried out using a
validation percentage technique, with 70% of the data used for training and 30% for testing. The model
performance was evaluated using a Confusion Matrix, which produced classifications in the form of true
stunting and true normal. Based on the test results, the model achieved an accuracy of 90.10%, a precision
of 83.33%, and a recall of 100%. The recall value of 100% indicates that the model successfully identified
all stunting cases, although there may still be some misclassification in normal cases, which affects the
precision value [15]. The evaluation results can be seen in Figure 2.

accuracy: 90.10%

true Stunting true Normal class precision
pred. Stunting 41 0 100.00%
pred. Normal 10 50 83.33%
class recall 80.39% 100.00%

Figure 2. Accuracy Performance Matrix of the Naive Bayes Classifier Model
[Source:Author, 2023]

Experiment with Information Gain Feature Selection using the Naive Bayes Classifier Method

This experiment was conducted by applying the Naive Bayes Classifier method combined with the
Information Gain feature selection technique. A total of 10 features were used in this study, namely body
weight, height, age, BPJS ownership, access to clean water, availability of a healthy latrine, history of
helminth infection, immunization status, smoking habits in the environment, and maternal pregnancy
history. The criteria for N-Gain values in this study were categorized into three levels: gain > 0.7 is
classified as high, 0.3 < gain < 0.7 as moderate, and gain < 0.3 as low. Based on the results of the
Information Gain calculation, three features were identified as having a very high level of influence,
namely BPJS, immunization, and smoking, each with a gain value of 1. A gain value of 1 indicates that
these features have a very significant influence on the classification process and can be considered highly
optimal in distinguishing between data classes. Meanwhile, the features of body weight, height, age, access
to clean water, history of helminth infection, availability of a healthy latrine, and maternal pregnancy
history obtained a gain value of 0. This indicates that these features do not provide a significant
contribution to the classification process in the dataset used. Furthermore, the classification test was carried
out using the Naive Bayes Classifier method with a total of 337 toddler records. The validation process
employed a validation percentage technique, with 70% of the data used as training data and 30% as testing
data. The model performance was evaluated using a Confusion Matrix, which resulted in classifications in
the form of true stunting and true normal. Based on the test results, the model using Information Gain
feature selection achieved an accuracy of 95.05%, a precision of 90.91%, and a recall of 100%. These
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results indicate an improvement in model performance compared to the model without feature selection,
particularly in terms of accuracy and precision, while recall remains optimal. The evaluation results can be

seen in Figure 3.

accuracy: 95.05%

true Stunting true Normal class precision
pred. Stunting 46 0 100.00%
pred. Normal 5 50 90.91%
class recall 90.20% 100.00%

Figure 3. Accuracy Performance Matrix of the Naive Bayes Classifier with Information Gain Feature
Selection
[Source:Author, 2023]

3. Experiment with Multicollinearity Testing using the Naive Bayes Classifier Method

This experiment was conducted by applying the Naive Bayes Classifier method while considering
multicollinearity testing among the research variables. A total of 10 features were used in this study,
namely body weight, height, age, BPJS ownership, access to clean water, availability of a healthy
latrine, history of helminth infection, immunization status, smoking habits in the environment, and
maternal pregnancy history. The dependent variable in this study is stunting status (stunting and
normal), while the independent variables consist of all the aforementioned features. Multicollinearity
testing was performed using IBM SPSS Statistics by examining the Tolerance and Variance Inflation
Factor (VIF) values. Based on the results shown in Figure 4.

Coefficients®
Standardiz
ad
Unstandandized Coafficient
Cosdficients Colnaanty Siatistics

a3
Modal B S1d. Error Bela Tolesancs VIF
|¥ {Consiant) 0.762
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Figure 4. Multicollinearity Test Results Using IBM SPSS Statistics
[Source:Author, 2023]
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Variables have Tolerance values greater than 0.10 (Tolerance > 0.10) and VIF values less than 10.0
(VIF < 10.0). This indicates that there is no evidence of multicollinearity among the independent
variables in relation to the dependent variable in the model. Furthermore, a t-test was conducted to
determine the effect of each independent variable on the dependent variable. The results show that,
among the variables analyzed, four features have a significant effect on stunting, while two features do
not show a significant effect. Subsequently, the classification process was carried out using the Naive
Bayes Classifier method with a total of 337 toddler records. The validation process employed a
validation percentage technique, with 70% of the data used as training data and 30% as testing data.
The model performance was evaluated using a Confusion Matrix, which produced classifications in the
form of true stunting and true normal. Based on the test results, the model considering multicollinearity
testing achieved an accuracy of 93.07%, a precision of 87.72%, and a recall of 100%. These results
indicate that the model has an excellent ability to identify all stunting cases (optimal recall), although
there are still some misclassifications in normal cases that affect the precision value. The evaluation
results can be seen in Figure 5.
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accuracy: 93.07%

true Stunting true Normal class precision

pred. Stunting 44 0 100.00%
pred. Normal 7 50 87.72%
class recall 86.27% 100.00%

Figure 5. Accuracy Performance Matrix of the Naive Bayes Classifier with Multicollinearity Feature
Selection
[Source:Author, 2023]

Experiment with Information Gain Feature Selection and Multicollinearity Testing using the Naive Bayes
Classifier Method

This experiment was conducted by combining the Information Gain feature selection technique and
multicollinearity testing in the implementation of the Naive Bayes Classifier method. Based on the results
of feature selection and multicollinearity testing, five main features were identified and used in the
classification process, namely age, BPJS ownership, immunization status, smoking habits in the
environment, and maternal pregnancy history. The dataset used in this study consisted of 337 toddler
records. The validation process was carried out using a validation percentage technique, with 70% of the
data used as training data and 30% as testing data. The model performance was evaluated using a
Confusion Matrix, which produced classifications in the form of true stunting and true normal. Based on
the test results, the model that utilized the combination of Information Gain feature selection and
multicollinearity testing achieved an accuracy of 96.04%, a precision of 92.59%, and a recall of 100%.
These results indicate that the combination of both feature selection approaches significantly improves the
model performance, particularly in terms of accuracy and precision, while maintaining an optimal recall in
detecting all stunting cases. The evaluation results can be seen in Figure 6.

accuracy: 96.04%

true Stunting true Normal class precision

pred. Stunting 47 0 100.00%
pred. Normal 4 50 92.59%
class recall 92.16% 100.00%

Figure 6. Accuracy Performance Matrix of the Naive Bayes Classifier with Information Gain and
Multicollinearity Feature Selection
[Source:Author, 2023]

Table 2. Accuracy Comparison Between Current Research and Previous

Research Method Dataset Accuracy

Previous Study Ref [2] Naive Bayes Classifier Toddler Stunting | 88%
Dataset

Previous Study Ref [6] Decision Tree Algorithm Toddler Stunting | 91%
Dataset

Previous Study Ref [10] | Random Forest Algorithm Stunting 94%

Classification Dataset

This Study Naive Bayes + Information Gain 337 Toddler Records | 95.05%

from Kintamani I and
VI Public Health
Centers

This Study Naive Bayes + Multicollinearity 337 Toddler Records | 93/07

from Kintamani I and
VI Public Health

Centers
This Study Naive Bayes Classifier features | 337 Toddler Records | 96.04%
Information Gain + Multicollinearity from Kintamani I and
VI Public Health
Centers
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Based on Table 2, the proposed method achieved the highest accuracy of 96.04% compared to several previous
studies. This indicates that the combination of Information Gain feature selection and multicollinearity testing
was able to improve classification performance as well as model stability.

4. CONCLUSION

Based on the results of the research that has been conducted, it can be concluded that the Naive Bayes Classifier
method can be effectively used to classify stunting status in toddlers with a high level of accuracy. The
implementation of feature selection has proven to have a significant effect on improving model performance,
where the method without feature selection produced an accuracy of 90.10%, while the use of Information Gain
increased the accuracy to 95.05%, and the use of Multicollinearity achieved an accuracy of 93.07%. The
combination of these two feature selection methods produced the best performance with an accuracy of 96.04%.
In addition, the coefficient of determination (R Square) result of 0.577 indicates that 57.7% of the independent
variables used in this study were able to explain the stunting classification, while the remaining percentage was
influenced by other factors outside the model. This finding shows that the feature selection and feature
processing stages play an important role in improving the accuracy and stability of the classification model. The
results also indicate that the Naive Bayes classification model with Information Gain feature selection and
multicollinearity testing was able to produce high accuracy and stable performance in stunting classification.
Multicollinearity analysis successfully reduced redundant variables, thereby improving the consistency and
reliability of the model.

Therefore, the combination of Information Gain and Multicollinearity methods is recommended as an optimal
approach to improve the performance of the Naive Bayes Classifier. Future research is suggested to include
additional variables related to socioeconomic factors, nutritional consumption patterns, environmental
sanitation, and family health history in order to improve the predictive capability of the model. Furthermore,
future studies are also recommended to compare the proposed method with other classification methods such as
Decision Tree, Random Forest, Support Vector Machine (SVM), and Neural Network to obtain a more
comprehensive evaluation of classification performance.

Since stunting datasets often have imbalanced class distributions, future research is also recommended to apply
imbalance handling techniques such as Synthetic Minority Over-sampling Technique (SMOTE) [3], Adaptive
Synthetic Sampling (ADASYN), or undersampling methods to improve the quality of training data and reduce
classification bias toward the majority class. The implementation of these techniques is expected to improve the
accuracy, precision, recall, and stability of the classification model so that prediction results become more
optimal and reliable in supporting decision-making in the health sector.
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