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Abstract−This study aims to compare the performance of the Random Forest and Naïve Bayes algorithms in predicting stunting 

in toddlers using data from the Bekasi District Health Office. The analysis process begins with data cleaning, normalization, and 
sampling using the Adaptive Synthetic Sampling (ADASYN) method to handle data imbalance, followed by validation with 

Stratified K-Fold Cross Validation. The implementation of the algorithm shows that Random Forest has the highest accuracy of 

89.62% and an F1-Score of 89.09%. Naïve Bayes Gaussian produces an accuracy of 88.72% and an F1-Score of 88.81%, while 

Naïve Bayes Bernoulli has a lower performance with an accuracy of 67.83% and an F1-Score of 69.72%. Random Forest shows 
advantages in overcoming noise and imbalanced data, making it an optimal choice for stunting prediction. Meanwhile, the 

performance of Naïve Bayes is influenced by the characteristics of the data, where the Gaussian variation is more suitable for 

continuous data. The results of this study provide insight that choosing the right algorithm, especially on imbalanced data, is very 

important to improve prediction accuracy. This study also recommends more attention to data preprocessing to ensure optimal 

prediction quality, especially for minority classes. 

Keywords: Stunting; Naïve Bayes; Random Forest; Adasyn; K-Fold 

1. INTRODUCTION 

Stunting is one of the chronic nutrition problems that is of global concern, especially in developing countries, including 

Indonesia. This problem occurs due to a lack of nutritional intake in the long term, which has an impact on the 

disruption of physical growth and development of children. Children who are stunted generally have a lower height 

than children their age, and are at risk of cognitive and health impairment in the future. This situation is very worrying, 

especially for children in the golden period of the first 1000 days of their lives (HPK), which is calculated from 

pregnancy to the age of two. The HPK period is a very critical time because it is during this period that the foundation 

for the development of the brain, immune system, and other vital organs is formed [1] , [2] . 

According to data quoted from upk.kemkes.go.id, the government through the Ministry of Health announced 

that the prevalence of stunting in Indonesia has decreased significantly in recent years. In 2021, the stunting prevalence 

rate was at the level of 24.4%, and managed to decrease to 21.6% in 2022. This decline is the result of various 

government efforts and collaboration with various parties in stunting prevention programs involving nutrition 

education, supplementary feeding, and improving maternal and child health services [3].  

Locally, local governments also continue to show commitment to overcoming the problem of stunting. One 

example is Bekasi Regency, which targets a reduction in stunting prevalence by 14% by 2024, as quoted from 

prokopim.bekasikab.go.id. This target is quite ambitious, considering the consistent reduction in stunting rates of 3% 

per year in the last three years. This shows that the stunting prevention program in this area has given positive results, 

as well as a motivation to continue to improve the quality of nutrition and health intervention programs [4]. 

Although various efforts have been made and the results are beginning to be seen, stunting is still a serious 

threat to the future of the nation. Therefore, further research on stunting is needed to understand the dynamics of its 

prevalence, evaluate the effectiveness of programs that have been running, and predict future trends. This prediction 

is important because it can help the government in designing more targeted policies, especially in the face of new 

challenges such as pandemics, climate change, or economic crises that can affect food security and public health. 

In the era of information technology, the use of artificial intelligence (AI) and machine learning (ML) has 

become an innovative solution in dealing with various problems, including in the field of public health. This 

technology allows for more in-depth and accurate data analysis, resulting in relevant insights to support decision-

making. In the context of stunting research, ML algorithms can be used to make predictions and classifications based 

on existing datasets, such as child anthropometric data, nutritional status, maternal health conditions, and 

environmental factors. 

Several previous studies have shown the success of ML algorithms in predicting and classifying stunting-

related data. According to Indah Pratiwi Putri and her colleagues. (2024), a comparison between three ML algorithms, 

namely Naive Bayes, K-Nearest Neighbors (KNN), and Random Forest, shows that Random Forest provides the best 

performance with an accuracy of 87.75%. This algorithm is followed by KNN with an accuracy of 84.5%, and Naive 

Bayes with an accuracy of 83.2%. These findings suggest that Random Forest has an advantage in capturing complex 

data patterns, although other algorithms also show quite good performance. Another study conducted by Fadellia 

Azahra and her colleagues corroborates these findings. They report that [5] the Random Forest model  is able to 

achieve an accuracy of 97.88%, a very high number and shows the great potential of this algorithm in analyzing 

stunting data. Similar results were also found by Muhammad Ghiyaats Daffa, who compared the algorithms of [6] 
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Random Forest, KNN, and Boosted KNN. In the study, Random Forest again showed the highest accuracy of 97.76%, 

with an F1 score of 97.70% [7].  

However, behind the success of  the Random Forest algorithm, there are interesting questions about the 

potential of other, simpler algorithms, such as Naive Bayes. The algorithm has several variants, including Gaussian 

Naive Bayes and Bernoulli Naive Bayes, each of which has advantages in handling different types of data. Gaussian 

Naive Bayes, for example, is designed to handle continuous data, while Bernoulli Naive Bayes is more suitable for 

binary data. With this different approach, further research is needed to evaluate whether any of the Naive Bayes 

variants are able to compete with or even outperform Random Forest in certain contexts. 

This study aims to compare two main algorithms, namely Naive Bayes and Random Forest, in predicting 

stunting. In the Naive Bayes algorithm, this study will explore two variants, namely Gaussian Naive Bayes and 

Bernoulli Naive Bayes. This comparison not only aims to find the model with the best accuracy, but also to understand 

the characteristics of each algorithm, including its advantages and disadvantages in the context of stunting data 

analysis. 

The selection of the Random Forest algorithm  is based on its ability to handle data with a large number of 

variables and high complexity. This algorithm uses an ensemble learning approach, where decisions are made based 

on the combined results of many decision trees. This advantage makes Random Forest very effective in overcoming 

overfitting and providing stable results. 

On the other hand, Naive Bayes offers an edge in simplicity and computing efficiency. Assuming independence 

between variables, this algorithm is able to provide quite good results even with limited computing resources. This 

makes Naive Bayes an attractive option to apply to cases where the available data is relatively small or when processing 

speed is a priority. 

In addition to the technical aspect, this research is also expected to make a practical contribution to stunting 

prevention efforts in Indonesia. By understanding the strengths and weaknesses of each algorithm, the results of this 

study can be used to develop a more effective decision support system in predicting stunting risk. This system can 

later be integrated with government programs, such as Posyandu, to monitor children's nutritional conditions in real-

time and provide timely interventions. 

The contribution of this research is not only limited to the technical aspects, but also covers a wider social 

impact. With more accurate predictions, it is hoped that stunting prevention programs can be more directed, so that 

available resources can be used optimally. Ultimately, this research aims to support the vision of a stunting-free 

Indonesia by 2045, in accordance with the government's target to create a healthy, intelligent, and productive golden 

generation. 

Thus, this research not only provides added value in the academic realm, but also has significant practical 

implications. The combination of modern technology and community-based intervention is expected to be an effective 

solution in overcoming the stunting problem in Indonesia. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

This research was carried out through a series of stages that were systematically designed to ensure the validity and 

accuracy of the results obtained. These stages include initial steps such as literature review to final analysis using the 

selected algorithm. A detailed explanation of the research stages can be seen in Figure 1 and the following description. 

 

Figure 1. Research Stages 
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The following is a detailed explanation of the stages in this study, which are listed in Figure 1, starting from 

the literature review to the final conclusion produced. 

a. Literatur Review 

The first stage in this study is to conduct a literature review or literature review. This process aims to understand 

the background of the problem to be researched as well as to find relevant methods and algorithms to be used in 

research. The literature reviewed includes journals, scientific articles, official reports, and other reliable sources 

that discuss the topic of stunting as well as the algorithms used for data classification. The results of this review 

literature are the basis for determining research steps and provide a strong theoretical foundation for further 

analysis. 

b. Dataset Capture 

The dataset that became the object of the research was taken from the Bekasi Regency Health Office. This dataset 

contains information related to stunting conditions in children, such as age, weight, height, and other relevant 

indicators. This stage is very important because the quality and completeness of the dataset will greatly affect the 

results of the analysis. The dataset obtained must reflect the actual population so that the research results can 

describe the conditions in the field. In addition, this process also involves administrative management to ensure 

that the data taken is in accordance with research ethics and privacy protection. 

c. Preprocessing Data 

After the dataset is obtained, the next step is to preprocess the data to clean the data from problems that can affect 

the results of the analysis, such as removing missing values, which are missing or unfilled values, which can be 

handled by deleting incomplete data or filling in the missing values using the imputation method. In addition, 

empty (null) or Not a Number (NaN) values need to be removed or repopulated in order for the dataset to be clean. 

Furthermore, normalization and standardization of data are carried out to ensure that all variables have the same 

scale, which is important so that algorithms such as Naive Bayes and Random Forest are not affected by differences 

in variable scales. This preprocessing process ensures that the dataset used is of high quality, structured, and ready 

for the next stage of analysis. 

d. Data Sampling Using ADASYN 

The next stage is to deal with data imbalances in the dataset using the Adaptive Synthetic Sampling (ADASYN) 

method. Data imbalance occurs when the amount of data in a certain class, such as stunting, is much smaller or 

larger than other classes, such as normal. The goal of ADASYN is to produce synthetic data for minority classes 

so that the distribution of data becomes more balanced. This is important because data imbalances can cause 

machine learning algorithms to be more inclined to predict majority classes, resulting in decreased accuracy for 

minority classes. The ADASYN process works by analyzing the distribution of data and creating synthetic samples 

based on distance and density of data on minority classes, resulting in a more balanced and representative dataset. 

e. K-Fold Cross Validation 

After the data is balanced, the next step is to divide the data into several parts (folds) using the K-Fold Cross 

Validation method. This process aims to ensure that the data is used equally for training and testing. In the way K-

Fold works, the dataset is divided into K equal parts. In each iteration, one part is used as testing data, while the 

rest is used as training data. This process is repeated K times so that each piece of data is used as testing data once. 

The advantage of K-Fold is that it ensures that all data is used fairly in the training and testing process. This method 

also helps prevent overfitting by ensuring the model is tested on diverse data. If the K-Fold results show that the 

distribution of data is still unbalanced, then resampling is carried out to correct the imbalance. 

f. Algorithm Implementation 

At this stage, the Random Forest and Naive Bayes algorithms are applied to the dataset that has been processed. 

These two algorithms were chosen because they have their own advantages. Random Forest works by building 

multiple decision trees and combining the results to make predictions. This algorithm is known for its high 

accuracy, tolerance for unbalanced data, and resistance to overfitting. Meanwhile, Naive Bayes is based on 

Bayesian probability theory and is often used for classification. In this study, two Naive Bayes variants were used, 

namely Gaussian Naive Bayes for continuous data and Bernoulli Naive Bayes for binary data. The implementation 

process is carried out by training the data using both algorithms, and the prediction results of each model are 

recorded for further evaluation. 

g. Comparison of Algorithm Results 

Once the algorithm is applied, the results of the two models are compared to determine which algorithm provides 

the best performance. Some of the metrics used for evaluation include accuracy, which measures the percentage 

of correct predictions compared to actual data; precision and recall, which is used to evaluate the performance of 

the model on a particular class, especially if the dataset is unbalanced; and F1-Score, which is a combined metric 

that considers precision and recall, providing a more complete picture of the model's performance. By comparing 

the results of Random Forest and Naive Bayes, this study is expected to provide the most suitable algorithm 

recommendations for stunting prediction based on the dataset used. 

h. Conclusion 

The last stage in this study is to draw conclusions from the entire process that has been carried out. The conclusion 

includes the final results of the performance comparison of the two algorithms, which algorithm has the best 

accuracy for stunting prediction, as well as the implications of the research results on stunting prevention efforts, 
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such as providing effective model recommendations for future stunting data analysis. In addition, the conclusion 

also includes suggestions for further research, such as exploring other algorithms or using larger and varied datasets 

to obtain more general results. 

2.2 Random Forest 

Random Forest is one of the Machine Learning methods commonly used to classify and regress by producing the final 

result in the form of a decision tree based on the results of the votes made [8]. Random Forest is a type of ensemble 

learning that uses the bagging method (Bootstrap Aggregating) to improve accuracy performance. This algorithm has 

the advantages of high accuracy, reduced overfitting, tolerance to noise caused by irrelevant data and variables so that 

the prediction results are stable because variations in the dataset do not affect the final result too much. Here's an 

example of  [9] , [10] a Random Forest implementation [11]: 

 

Figure 2. Random Forest 

In figure 1 above, the Stunting dataset will be broken down into 4N Features that are randomly obtained from 

the Stunting dataset and generate 4 Decision Trees, the next stage of each decision tree generated will provide 

predictions for each class according to the data input. Once the decision tree generates the next prediction, the Random 

Forest algorithm will vote to determine the final prediction [12].  

2.3 Naïve Bayes 

Naïve Bayes is a classification algorithm based on Bayes' Theorem assuming feature independence. In classification, 

Naïve Bayes calculates the probability of each class based on the features that exist, by utilizing Bayes' Theorem 

which connects conditional probabilities between classes and features. The algorithm assumes that each feature used 

to describe the observation is independent, given the given class label. Although this assumption of independence is 

considered 'naïve' or simple, Naïve Bayes has proven to be effective and is often used in many classification 

applications, especially on big data and text. Mathematically, Naïve Bayes can be formulated with the following 

equation [13] , [14]:  

𝑃(𝐴|𝐵) =
𝑃(𝐴|𝐵) 𝑃(𝐴)

𝑃(𝐵)
 (1) 

The probability of an event A, which is often referred to as the symbol P(A), is the probability of event A. the same 

thing also happens to the probability of event B symbolized by P(B). the probability of an event occurring by 

considering other events that have already occurred. For example, P(A|B) indicates the probability of event A 

occurring by assuming that event B has occurred first. That is, we calculate the likelihood of A happening, but only 

after knowing that B is definitely happening. 

In contrast, P(B|A) refers to the probability of event B occurring assuming that event A has already occurred. 

This means that we are looking for the chance of B occurring, with additional information that A has already occurred. 

The naïve bayes used in this study are naïve gaussian bayes and naïve bernoulli bayes. Naive Bayes Gaussian 

(GNB) is a classification method that relies on probability approaches and Gaussian distributions suitable for 

continuous data and Naive Bayes Bernoulli with boolean data  [15]. 

2.4 Evaluation Matrix 

Matrix evaluation is used to measure the performance of an algorithmic model based on a specific goal. In this study, 

metric evaluation was used to assess how well the model predicted data by classifying the data into two categories, 

namely 'Stunting' and 'Normal'. This evaluation is important to know the extent to which the algorithm can accurately 

identify these classes. Some of the metrics commonly used in classification evaluation include accuracy, precision, 

recall, and F1-score, which provide a complete picture of the model's performance in separating the two classes. Here 

is a systematic evaluation matrix [16]:  
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𝐴𝑘𝑢𝑟𝑎𝑠𝑖 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (2) 

𝑃𝑟𝑒𝑠𝑖𝑠𝑖 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (3) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (4) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ∗ (
𝑝𝑟𝑒𝑠𝑖𝑠𝑖∗𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑠𝑖𝑠𝑖+𝑟𝑒𝑐𝑎𝑙𝑙
) (5) 

Formulas 2 to 5 are formulas used for the metric evaluation method in assessing the performance of an 

algorithm model. TP (True Positive) is a case identified as stunting, TN (True Negative) is a case identified as normal 

or not stunted, FP (False Positive) is an error in predicting stunting and FN (False Negative) is an error in predicting 

normal or non-stunting cases. 

3. RESULTS AND DISCUSSION 

3.1 Explore Data Analyst 

The dataset used in this study is stunting data from the National Unity and Political Agency of Bekasi Regency. This 

dataset has data of 2255 rows of data collected in April 2024. In this dataset, the information available is in the form 

of the child's identity, gender, date of birth, weight of the child at birth, height of the child at birth, parent's name, 

health center, posyandu, age at the time of measurement, date of measurement, ZZ BB/U, TB/U, ZS TB/U, BB/TB, 

ZS BB/TB, and others. 

In this study, the 'TB/U' feature includes categories that describe the height status of children, with values 

divided into four categories, namely: 'Height', 'Normal', 'Short', and 'Very Short'. Meanwhile, the 'ZS TB/U' feature is 

the result of calculating the Z-Score score which shows whether the child is stunted or not, based on guidelines and 

formulas developed by WHO to assess the nutritional status of children. Figure 3 presents the results of data 

exploration used to analyze the distribution between stunting and normal conditions in the dataset. This analysis aims 

to understand the data distribution patterns, whether the stunting and normal data are well distributed, and to ascertain 

whether there are imbalances in the dataset that can affect the performance of the model in the further classification 

process. A good data balance is very important in obtaining more accurate prediction results. 

 

Gambar 3. Explore Data Analyst Stunting vs Normal 

Based on Figure 3, it can be seen that the distribution of data between the stunting and normal categories is 7% 

each. This distribution indicates the presence of data imbalances, which can affect the performance of the prediction 

model, especially if the algorithm used is sensitive to the distribution of the data. Therefore, steps such as sampling 

or adjusting the data distribution will be carried out to ensure the data is balanced before being applied to the model. 

In addition, this exploratory analysis also aims to identify potential anomalies or outliers in the data that can affect the 

preprocessing process and the final result of the model. 

3.2 Data Preprocessing 

The data preprocessing carried out in this study involves several important stages to prepare data before being used in 

Machine Learning model training. The first step is the selection of relevant features to train the model, where only 

those features that are considered significant for this study are selected. In addition, the data cleaning process is also 

carried out by removing NaN values and handling missing values so that the dataset becomes more consistent and 

ready for further processing. Furthermore, data labeling was carried out for the stunting and normal categories, which 

was then used to define independent (X) and dependent (Y) variables. Although there are 33 columns in the dataset, 

only 5 columns were selected as the main relevant features in this study, namely: 'Weight', 'Height', 'ZS TB/U', 'ZS 

BB/U', and 'ZS BB/TB'. The following is a visualization of the distribution of numerical data after the preprocessing 

process, which illustrates the distribution of values on each of the features used. 
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Gambar 4. Outliner Preprocessing 

It can be seen in Figure 4 that the distribution of data before preprocessing is very uneven, with some data 

categories appearing to be more dominant than others. This imbalance can affect the performance of the model in 

predicting minority classes, so preprocessing steps are needed to correct this condition. After the preprocessing process 

is carried out, the initially unbalanced data becomes more evenly distributed and more suitable for model training. 

The following is a visualization of the distribution of data after preprocessing, which shows a more balanced 

distribution of data and is ready for further processing. 

 

Gambar 5. Outliner Preprocessing 

3.3 Data Sampling and K-Fold 

To handle imbalanced data, it is necessary to conduct data sampling. The method used in data sampling is Adaptive 

Synthetic Sampling (ADASYN). This method generates synthetic data samples for data in minority classes in an 

unbalanced dataset. By generating synthetic data, the distribution of data between the majority and minority classes 

becomes more balanced, which helps to improve the performance of the model. After data sampling, the next process 

is Stratified K-Fold Cross Validation (SKCV), where this method divides the data into a number of folds evenly for 

each fold. With SKCV, each fold has a similar class distribution to the original dataset, which ensures that the model 

is tested on representative data. This process will later be used in the implementation of machine learning algorithm 

models, such as Random Forest and Naive Bayes, to improve classification performance [17], [18] , [19], [20]. 

3.4 Implementasi Random Forest 

The machine learning algorithm used in this study is Random Forest, which is applied using the sklearn library with 

Python. The data used has gone through a folding process with parameters n_estimator = 10 and random_state = 42 

to ensure the stability and accuracy of the prediction results. Random Forest is very suitable for handling unbalanced 

data, because when making predictions in minority classes, there is often interference or noise. However, Random 

Forest tends to be more resistant to noise because the predicted results are a combination of many decision trees. Thus, 

the resulting final decision becomes more stable and more accurate. The following are the results of the Random 

Forest algorithm applied to the data that has gone through the sampling and k-fold process, which is presented in the 

table below [21] , [22] . 

Tabel 1. Confussion Matrix Random Forest 

Actual Values 

 Predict Values 

 Stunting Normal 

Stunting 591 103 

Normal 41 653 
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Table 1. The Confusion Matrix Random Forest shows the results of the model classification of stunting and 

normal status data. This model successfully classified 591 stunting data correctly as True Positive, which shows that 

the model is effective in detecting stunting data. However, there were 103 stunting data that were incorrectly classified 

as normal, which was False Negative. On the other hand, the model managed to correctly classify 653 normal data as 

True Negative, which indicates that the model can well distinguish normal data. However, there were 41 normal data 

that were incorrectly classified as stunting, which were referred to as False Positives. These results provide an 

overview of the model's performance in identifying both classes (stunting and normal), and show that although the 

model has good performance, there are still misclassifications in both categories. 

3.5 Implementation of Naïve Bayes 

Rooted in Bayes' theorem, Naive Bayesian classification is a classification method that uses probability and statistics 

to predict categories from unknown data. In his application, Naive Bayes assumes that each feature is independent, 

which allows for simpler and more efficient probability calculations. Nonetheless, these models often yield good 

results even though the assumption of independence is not fully met in most cases. Naive Bayes is also a flexible 

algorithm, which allows merging with other methods to improve performance and make distribution more even and 

balanced. Therefore, this approach is often used in various fields, such as natural language processing and data 

analysis. Below, the table shows the predictions of the two Naive Bayes variants used in this study, to provide a 

comparative picture of their performance. Below is the prediction table of the two naïve bayes variants used [23], [24],  

[25].  

Tabel 2. Confussion Matrix Naïve Bayes Gaussian 

Actual Values 

 
Predict Values 

Stunting Normal 

Stunting 381 77 

Normal 17 358 

Table 2 shows the classification results obtained from the Naïve Bayes Gaussian model on data with stunting 

and normal status. The model successfully classified 381 stunting data correctly as True Positive, while 77 stunting 

data were incorrectly classified as normal, referred to as False Negative. For data with normal status, the model 

successfully identifies 358 data correctly as True Negative. However, the model also incorrectly classified 17 normal 

data as stunting, which was referred to as False Positive. The results of this classification provide an overview of the 

model's performance in distinguishing between the two categories, as well as show potential areas for improvement 

in data classifications that are more difficult to distinguish. 

Tabel 3. Confussion Matrix Naïve Bayes Bernoulli 

Actual Values 

 Predict Values 

 Stunting Normal 

Stunting 326 196 

Normal 72 239 

Table 3 illustrates the performance of the Naïve Bayes Bernoulli model in the classification of stunting and 

normal status. This model succeeded in correctly classifying as many as 326 stunting data as True Positive, but there 

were 196 stunting data that were incorrectly classified as normal, which was False Negative. On the other hand, the 

model managed to correctly classify 239 normal data as True Negative. However, there were 72 normal data that were 

incorrectly classified as stunting, which were referred to as False Positives. These results suggest that although the 

Naïve Bayes Bernoulli model can correctly identify most of the data, there are challenges in distinguishing the more 

difficult data or borderlines between the stunting and normal categories. 

3.6 Model Evaluation 

To evaluate the performance of the applied model, a comparison was made between the Random Forest algorithm and 

two Naïve Bayes variants, namely Naïve Bayes Gaussian and Naïve Bayes Bernoulli. Table 4 presents the accuracy 

and F1-Score results of the three models, which shows how well each model classifies data. This evaluation provides 

an overview of the effectiveness of each algorithm in completing classification tasks, as well as the performance 

differences between the two. 

Table 4. Accuracy and F1-Score Model 

Model Accuracy F1-Score 

Random Forest 89,62% 89,09% 

Naïve Bayes Gaussian 88,72% 88,81% 

Naïve Bayes Bernoulli 67,83% 69,72% 
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In Table 4, the results of the comparison between the Random Forest algorithm and two Naïve Bayes variants, 

namely Naïve Bayes Gaussian and Naïve Bayes Bernoulli, are displayed. The comparison results show that the 

Random Forest algorithm has the highest accuracy and F1-Score compared to Naïve Bayes, with an accuracy of 

89.62% and an F1-Score of 89.09%. Meanwhile, when viewed from the results of the Naïve Bayes Gaussian 

evaluation, this model shows an excellent accuracy of 88.72% with an F1-Score of 88.91%, which indicates its 

relatively stable performance. In contrast, Naïve Bayes Bernoulli showed a lower performance with an accuracy of 

67.83% and an F1-Score of 69.74%. This difference in performance can occur because each Naïve Bayes variant has 

different advantages and uses a different focus. Naïve Bayes Gaussian tends to be more effective on data that has a 

continuous distribution, while Naïve Bayes Bernoulli is better suited for binary or categorical data. 

4. CONCLUSION 

This study aims to compare two algorithms, namely Random Forest and Naïve Bayes, in finding the best performance 

with maximum accuracy and F1-Score values, using stunting data obtained from the Bekasi Regency Health Office. 

Before comparing algorithms, data management is carried out to overcome the imbalance in the dataset. The data that 

was originally unbalanced was then corrected using Adasyn and K-fold techniques to ensure the quality and balance 

of the data used in the model training process. After overcoming the data imbalance, a comparison of machine learning 

algorithms was carried out which resulted in an accuracy of 89.62% and an F1-Score of 89.09% for Random Forest. 

The study also compared the performance between Naïve Bayes Gaussian (NBG) and Naïve Bayes Bernoulli (NBB), 

with NBG accuracy of 88.72% and F1-Score of 81.81%, as well as NBB accuracy of 67.83% and F1-Score of 69.72%. 

The authors hope that further research, especially in terms of comparing algorithms using unbalanced data with 

minority class features, can pay more attention to the data preprocessing stage. Especially in ways to handle minority 

classes so that the data used becomes more feasible and optimal for the model training process. 
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