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Abstract: Stunting is a significant public health problem, especially in developing
countries like Indonesia. It is often caused by chronic malnutrition in the first 1,000
days of life, which can impact a child's physical growth and cognitive development.
To find risk factors and find effective solutions, data analysis was conducted by
utilising machine learning to predict stunting. This research uses the Random Forest
algorithm with a focus on setting parameters such as n_estimators, max_depth, and
the number of features to optimize model efficiency and accuracy. Using the 2023
Indonesian Health Survey data consisting of 25,800 data, this study managed to get
the highest accuracy of 91.65% by a combination of Random Forest with parameter
settings n_estimators 200, max_depth 30, and Synthetic Minority Oversampling
Technique (SMOTE). Despite the high accuracy results, there are limitations such as
potential noise coming from synthetic data from SMOTE and the limited number of
features analysed. It is hoped that this research can contribute to the field of machine
learning model development that is practically used to predict stunting and support
the government's efforts to reduce the stunting prevalence rate to 14% as targeted.
This model also provides strategic insights for policy makers to design more
effective data-driven interventions, which can help in decision making.

Keywords: Machine Learning; Random Forest; n_estimators; max_depth; SMOTE;
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INTRODUCTION

Stunting is a serious public health problem today, especially in developing countries such as Indonesia. This
condition is characterised by the height of children under five who are below minus two standard deviations from
the median child growth standards according to the World Health Organisation (WHO) (Fitriani & Darmawi,
2022). The cause is none other than chronic malnutrition that occurs from pregnancy to the age of two, known as
the first 1000 days of life. Stunted physical growth and impaired cognitive development have a devastating impact
on the sufferer. Worse still, these impacts can affect economic productivity and increase the risk of chronic disease
when the sufferer grows up (Ritonga et al., 2024). The Indonesian Nutrition Status Survey (SSGI) in 2022, stated
that the prevalence of stunting in Indonesia reached 21.6%. When compared to previous years, this figure shows
a decrease, but the government has a target of reducing the prevalence of stunting to 14% by 2024 so significant
efforts are still needed to achieve this target (RI, 2022).

In addressing stunting, accurate data collection and analysis is essential to understand risk factors and help plan
effective interventions. Machine learning and Artificial intelligence (Al) offer innovative approaches to health
data analysis. Machine learning enables the discovery of hidden patterns in large-scale data with high complexity,
which may be difficult to find with conventional statistical methods (Royhan Zaki Ramadhana & Muhammad
Irwan Padli Nasution, 2024). From several widely used machine learning algorithms, Random Forest was chosen
as a research testing tool on the basis of its ability to handle large, heterogeneous datasets full of complex variables
(Melvin & Soraya, 2023).

Efforts to produce model accuracy and efficiency in Random Forest, of course, cannot be separated from the
role of hyperparamter tuning, such as the number of trees, maximum depth, and the number of features selected
for each separator (max features). Therefore, this research will conduct a more in-depth study of the effect of these
parameter settings in the development of machine learning models for stunting prediction. On the other hand, this
research also seeks to identify the main variables that have a strong influence on the risk of stunting, so as to
provide insight and guidance in decision making..
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Through this research, we hope to contribute to the development of machine learning models for stunting
prediction that are not only accurate but also practical to be applied in various contexts. Strategically, this research
can also be one of the efforts in supporting the government to reduce the prevalence of stunting and achieve the
national health targets set.

LITERATURE REVIEW

One of the powerful and popular machine learning algorithms is random forest, this algorithm belongs to the
ensemble learning category, combining the power of several simple models to produce more accurate and reliable
predictions (Andriyani et al., 2024). Previous research shows the effectiveness of random forest in predicting
various symptoms or diseases. In the study (Sitanggang & Sitompul, 2024), random forest parameters were tested
by comparing hyperparameter tuning: random search and grid search for early detection of survival of heart failure
patients which showed an increase in accuracy performance from the original 80% to 83.33% and 85%. Then in
research (Kurniawan et al., 2024), also testing the parameters of the random forest algorithm with a total of 10
trees for lung disease prediction showed a high accuracy of 94.7%. Regarding the prediction of stunting disease
itself, there are various studies that also show that random forest is superior to other algorithms, such as in research
(Putri et al., 2024)al., 2024) which involves a comparison of machine learning algorithms namely Naive Bayes,
KNN, and random forest, successfully getting an accuracy of 87.75% through the random forest algorithm. The
same discussion is also in research (Marsya Finda & Wahyu Utomo, 2024), by applying Random Forest to classify
stunting data resulting in good accuracy of 98.25%. Random Forest can also be integrated with feature selection
such as ANOVA and SMOTE techniques to predict stunting, as in the research (Dhani et al., 2024) which produced
almost perfect accuracy at 99.77%. However, most of these studies emphasise the prediction results without
examining more deeply the effect of parameter settings in the random forest algorithm on model performance.
Other relevant research shows that the parameter factor in the random forest algorithm has a major influence on
model performance. For example, (Arisusanto et al., 2023) conducted parameter testing by comparing the
max_depth value which has shown various differences in accuracy. On the other hand, research in the case of
stunting prediction rarely explores the optimisation of parameters such as the number of trees, tree depth, or
features selected at each node. This shows a gap in utilising the potential of this algorithm to improve prediction
accuracy. Therefore, this research aims to fill this gap by testing and optimising the parameters of the random
forest algorithm to improve the accuracy and reliability of stunting prediction.

METHOD
In testing the parameters of the random forest algorithm in this study, of course there are several stages that
should be passed, including in the following figure 1.
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Fig. 1 Method

The first step, of course, is to collect relevant data to support this research. Then it is continued with data pre-
processing starting from checking missing values, duplicate values, and selecting the features used. The existing
data shows an imbalance in the number between classes, so after the data is confirmed to be clean, data balancing
is carried out with SMOTE oversampling. Data that has been clean and balanced, then splitting is carried out until
finally modelling is carried out using the selected algorithm, namely random forest with various types of parameter
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testing. Finally, of course, there needs to be an evaluation of parameter testing to see the comparison of results,
which is the best and effective.

Data Source

This study raises the Indonesian Health Survey (IHS) data in 2023 which has been collected from the results
of a survey conducted on the Indonesian people as a support in this study. The data has 25,800 rows with 67
features that have covered important variables for stunting prediction. The variables collected include
anthropometric data such as child height and weight, gender, age, parents' socioeconomic conditions, and others.
This dataset was chosen due to its relevance to the research objectives as well as the availability of sufficient data
for machine learning-based analyses. However, this data has challenges such as a large number of features and
class imbalance, which requires certain customisation methods to make the analysis results more representative.

Data Pre-Processing

The first stage in this research is data pre-processing. This step includes checking for missing values, where
missing values are incomplete and missing datasets (Setiawan, Suryawijaya, et al., 2024), and then resolved by
deleting the missing data because the number is relatively small. Next, the data is checked to identify the deleted
duplicate values to ensure the integrity of the dataset. This process is followed by feature selection to filter out
variables that are most relevant to the prediction target. According to (Setiawan, Nugraha, et al., 2024), ensuring
that the data is clean is important in data processing. At this stage, several features used in this study were selected
based on functions and variables that are considered important, including the following.

Table 1 Selected Feature

Features Description Features Description
B4K4 Gender B4K8_ibu Mother's Highest Education
104 Gestational Age at Birth B4K9_ibu Employment status of mother
I05A Weight at Birth B4K10_ibu Current Pregnancy Status
107 Length at Birth B4K11 ibu Health Insurance Ownership
110 Head Circumference at Birth  |B4K8_KK Father's Highest Education

Health Condition of Toddlers at
JO1B Measurement B4K9 KK Father's occupation
JoiC Weight stunting Stunting
J02B Height underweight Underweight
Jo2C Position When Measured \wasting \Wasting
B4K5 ibu | Married Status overweight Overweight

Balancing Data with SMOTE

Data imbalance is a condition where the distribution of data in a data class is unbalanced, resulting in the
amount of data in one class being too much or too little compared to other data classes (Setiawan, Nugraha, et al.,
2024). Overcoming class imbalance is the next focus, considering that the dataset has an uneven distribution
between stunted and non-stunted children. Given the small amount of data, a random oversampling technique is
used in this study, which replicates minority class data to balance with majority class data (I. K. Ananda et al.,
2024). One of the oversampling methods is the Synthetic Minority Oversampling Technique (SMOTE). SMOTE
aims to improve the performance of classification methods by modifying unbalanced datasets and creating new
synthetic data derived from minority classes (Wicaksono et al., 2024). This process results in a more balanced
class distribution and is essential to prevent bias towards the majority class in predicting stunting cases.

Modelling with Random Forest Algorithm

The cleaned and balanced dataset is then divided into training data and data to ensure the class distribution
remains proportional. The prediction model is built using the random forest algorithm, which has been recognised
as one of the most widely used machine learning methods in dealing with large and complex data problems
(Purwati & Pristyanto, 2024).
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Key parameters such as number of trees (n_estimators), tree depth (max_depth), number of leaves, and number
of nodes were tested through a series of experiments.

Fig. 2 Random Forest Model (Sheykhmousa et al., 2020)

In the same study (Sheykhmousa et al., 2020), it was revealed that to run a random forest model, two parameters
must be set: the number of trees and the number of randomly selected features. These parameters are adjusted to
find the optimal configuration that provides high accuracy and computational time efficiency.

Evaluation

This evaluation aims to determine the performance of the prediction model (Anugrah et al., 2024). To provide
an in-depth picture of the model's ability to predict stunting, testing is carried out using confusion matrix and
various metrics such as accuracy, precision, recall, and F1 score (Wicaksono et al., 2024).

Table 2 Confusion Matrix (Setiawan, Nugraha, et al., 2024)

Confusion Predicted Class
Matrix P N
P TP FN
Actual Class (True Positive) (False Negative)
N FP TN
(False Positive) (True Negative)

The accuracy matrix shows the number of classes accurately predicted by the model (Setiawan, Nugraha, et
al., 2024). The equation is as follows:

TP+TN .
accuracy = —————— (Wicaksono et al., 2024)
TP+TN+FP+FN

The precision metric shows the ratio of correctly predicted classes to the total number of positive classes
(Setiawan, Nugraha, et al., 2024). The equation is as follows:

recission = L Wicaksono et al., 2024
p
TP+FP

Recall is the model's ability to recover all true positive instances (true positive or false negative) from all actual
positive instances. In other words, recall shows how well the model's ability to predict positive (actual) classes
(Setiawan, Nugraha, et al., 2024). The equation for recall is as follows:

recall = —— (Wicaksono et al., 2024)

TP+FN

The F1 score calculates the harmonic mean of the two by assessing the positive class performance to cover the
natural shortcomings of precision and recall (Setiawan, Nugraha, et al., 2024). The F1 Score equation is as follows:

recisionsrecall recision*recall .
f1—score = 2 x 2= = 2% (Wicaksono et al., 2024)
precision+recall precision+recall
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In addition, the duration of training and testing was recorded to assess the efficiency of computing time, which
is an important consideration in the application of the model. This research also compares the performance of the
model based on different parameter configurations to provide the best recommendation for the development of a
random forest-based prediction system in predicting stunting cases.

RESULT
Dataset
Overall, the dataset consists of 67 features, including target features that represent stunting status. However,
this dataset faces the challenge of an unbalanced distribution of target feature classes, as shown in Figure 3 and
Table 2 below.
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Fig 3 Distribution of stunting

Table 3 Number of each stunting class

Class Count
1 (Stunted) 5132
2 (Non Stunted) 20688

Based on the graph analysis in Figure 3, there is a significant difference in the amount of data between class 1
and class 2 in the dataset. Class 1 has 5132 data, while class 2 has 20688 data. This imbalance can affect
classification performance, as the algorithm tends to favour the class with more data during the training process
(Silviana et al., 2024). To overcome this problem, special handling is required. One approach used is the
oversampling method combined with the Random Forest Classifier algorithm. This step is expected to improve
the class distribution in the dataset while increasing the model's ability to predict both classes more equally..

Data Pre-Processing

The first step is to detect missing values in the dataset, followed by checking for duplicate data. Based on the
results of this process, it is confirmed that the dataset does not have duplicate data but there are missing values.
One way to handle missing values is to delete the missing values in the dataset. Deleting missing values is more
effective because the amount of data that has missing values is small (Dessiaming et al., 2022). The next thing to
do is to remove features that are considered not related to stunting. As a result, 20 features were selected as stunting
indicators with a total of 22,399 rows of data as shown in the following table. Based on the steps that have been
taken, it is confirmed that the dataset is clean and ready for further analysis. With clean data, the analysis results
are expected to be more accurate, reliable, and free from potential bias that can affect the research results..

Balancing Data with SMOTE

Before balancing the data distribution, what must be done is to convert categorical data into numerical form
with a scale of 0 to 1. This will be very helpful when the data is used for analysis that requires statistical modelling
or mathematical processes (Febrianty et al., 2023). After all the data is in numerical form, the data is ready to be
processed at the oversampling stage. In this research, the oversampling technique used is the Synthetic Minority
Oversampling Technique (SMOTE). The results of the application of the SMOTE technique can be seen in Figure
4 below:
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target before over sampling with SMOTE target after over sampling with SMOTE
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Fig 4 Balancing Data with SMOTE

Based on the analysis in Figure 4, it can be seen that SMOTE effectively balances the data. SMOTE enriches
the dataset by creating synthetic observations similar to the minority data, but with slight variations. The large
difference in the amount of data between the majority and minority classes has now been fairly resolved. Since
both classes are balanced, there is no bias caused by class imbalance which makes the machine learning process
more balanced and the model can produce more precise predictions. (D. Ananda & Suryono, 2024(Fi 202

Modelling with Random Forest Algorithm

The modelling stage is the main step in this research. Random Forest Classifier will be used as a machine
learning algorithm in the modelling process. The selection of the Random Forest model in this study is based on
the results of previous trials which show that this model has the highest accuracy rate compared to other models.
This is shown more clearly through the visualisation in the following figure:
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Fig 5 Model Testing

Based on the analysis of Figure 5, it can be seen that the accuracy of the Random Forest model is the highest

of the other models, which is 91.7%. As in research (Putri et al., 2024) which involves a comparison of machine
learning algorithms namely Naive Bayes, KNN, and random forest, managed to get an accuracy of 87.75% through
the random forest algorithm.
The modelling process begins by dividing the data into two subsets: training data (80%) and testing data (20%).
The training data was used to train the Random Forest algorithm model and to learn the patterns present in the data
analysed in this study. Then experiments were conducted to test the main parameters in Random Forest such as
the number of trees (n_estimators), tree depth (max_depth), number of leaves, and number of nodes.

Evaluation

An evaluation of the model developed in this study was conducted to assess the performance of the Random Forest
Classifier in predicting stunting status. The model was evaluated using several performance metrics, including
accuracy, precision, recall, and F1-score. These metrics were chosen to provide a comprehensive overview of the
model's ability to classify both stunting and non-stunting classes, as shown in the following table.
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Table 4 Model Evaluation with Max Depth 10
Micro Macro Macro | Macro | Train/ Test | Number of [Number of
n_estimator |Accuracy | F1-Score | Precision | Recall |F1-Score| Duration Leaves Nodes
50 0.8888 0.8888 0.8921 0.8888 | 0.8886 14.87 469 937
seconds
30.32
100 0.8888 0.8888 0.8916 0.8888 | 0.8886 387 773
seconds
56.71
200 0.8886 0.8886 0.8919 0.8886 | 0.8883 364 727
seconds
Table 5 Model Evaluation with Max Depth 15
Train/
Micro Macro Macro | Macro Test Number of | Number of
n_estimator| Accuracy |F1-Score| Precision | Recall |F1-Score| Duration Leaves Nodes
50 0.9064 0.9064 0.9085 0.9064 | 0.9063 20.15 1979 3957
seconds
36.36
100 0.9072 0.9072 0.9092 0.9072 | 0.9071 1801 3601
seconds
70.42
200 0.9069 0.9069 0.9090 0.9069 | 0.9068 1524 3047
seconds
Table 6 Model Evaluation with Max Depth 20
Train/
Micro Macro Macro | Macro Test Number of | Number of
n_estimator| Accuracy |F1-Score| Precision | Recall |F1-Score| Duration Leaves Nodes
50 09129 | 09120 | 09144 | 09129 | 09128 | 2932 2650 5299
seconds
100 09128 | 0.9128 | 09146 | 09128 | 09127 | 3982 3137 6273
seconds
75.20
200 0.9142 0.9142 0.9159 0.9142 | 0.9141 3379 6757
seconds
Table 7 Model Evaluation with Max Depth 25
Train/
Micro Macro Macro | Macro Test Number of | Number of
n_estimator| Accuracy |F1-Score| Precision | Recall |F1-Score| Duration Leaves Nodes
50 0.9139 0.9139 0.9150 0.9139 | 0.9138 . 3490 6979
seconds
36.97
100 0.9130 0.9130 0.9143 0.9130 | 0.9130 3250 6499
seconds
75.60
200 0.9140 0.9140 0.9155 0.9140 | 0.9139 3234 6467
seconds
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Table 8 Model Evaluation with Max Depth 30

Train/
Micro Macro Macro | Macro Test Number of | Number of
n_estimator| Accuracy |F1-Score| Precision | Recall |F1-Score| Duration Leaves Nodes
50 09139 | 09139 | 09150 | 09139 | 09138 | 1961 3717 7433
seconds
37.82
100 0.9136 0.9136 0.9150 0.9136 0.9135 3470 6939
seconds
75.74
200 0.9165 0.9165 0.9181 0.9165 | 0.9164 3515 7029
seconds

Based on the evaluation results table, it can be seen that overall the micro F1 score and macro F1 score results
are almost the same in each max depth. This happens because the number of data classes between the two classes
is balanced. The n_estimators parameter affects the training time. On the other hand, the depth of the tree
(max_depth) also directly affects the performance of the model. The highest accuracy results were achieved with
n_estimators 200 and max_depth 30, where the model achieved an accuracy of 91.65%. The prediction results
with the highest accuracy can be seen in the following figure:

Confusion Matrix
3000
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Predict

- 1500

- 1000
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o 1
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Fig 6 Confusion Matrix Best Accuracy

Based on the results of confusion matrix analysis, it can be seen that the number of correct predictions for class
0 (Stunted) is 3183, and the correct predictions for class 1 (Non Stunting) are 3405. The total data used is 7188.
From these results it can be concluded that the model can predict well.

DISCUSSIONS

In this study, we have developed a Random Forest Classifier model to predict stunting status using the
Indonesian Health Survey (IHS) dataset of Central Java province in 2023. One of the important findings of this
research is that the use of Synthetic Minority Oversampling Technique (SMOTE) to handle class imbalance proved
to be effective. By applying SMOTE, the class distribution between stunted and non-stunted children becomes
more balanced. Handling class balance is very important because it improves the model's ability to recognise
patterns in the data (I. K. Ananda et al., 2024). In addition, parameter settings, such as the number of trees
(n_estimators) and tree depth (max_depth), have a significant influence on model performance. The n_estimators
parameter affects the training time. At n_estimators of 100, the training time is about 37.82 seconds, while with
n_estimators of 200, the training time increases to 75.74 seconds.

On the other hand, tree depth (max_depth) also has a direct effect on the performance of the model. With a
max_depth of 10, the model achieved an accuracy of 88.88%. When max_depth was increased to 15, the accuracy
increased to 90.72%. At max_depth 20, the accuracy reached 91.42%, and with max_depth 30, the accuracy
reached 91.65%. The deeper the tree, the higher the accuracy, number of nodes, and number of leaves. The
evaluation results showed that the highest accuracy was achieved with n_estimators 200 and max_depth 30, where
the model achieved an accuracy of 91.65%.

In a study (Ramadani Akbar Ariyadi et al., 2023), that classified stunting in toddlers using Random Forest, the
highest accuracy was 90.1%. The study recommended parameter tuning to improve model performance. In
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comparison, this study achieved an accuracy of 91.65% by utilizing more optimal parameter settings. This shows
that the right combination of parameter settings can significantly improve model performance. (Muhamad Malik
Matin, 2023).

However, although the results obtained are quite good, there are some limitations that need to be noted. Firstly,
although SMOTE was successful in class balancing, the generation of synthetic data may introduce noise that may
affect the quality of the predictions. Secondly, this model only uses 20 features selected as stunting indicators, so
it is possible that other relevant factors are not represented in the analysis. Therefore, further research is
recommended to explore the use of more features and more sophisticated feature selection techniques.

CONCLUSION

This study successfully developed a Random Forest Classifier model to predict stunting status using the
Indonesian Health Survey (IHS) dataset for Central Java province in 2023. The use of the Synthetic Minority
Oversampling Technique (SMOTE) proved effective in handling class imbalance, which is important for
improving the model's ability to recognize patterns in the data. The evaluation results show that the parameter
settings, particularly the number of trees (n_estimators) and tree depth (max_depth), have a significant influence
on the model performance. The highest accuracy was achieved with the combination of n_estimators 200 and
max_depth 30, which resulted in an accuracy of 91.65%. In addition, the training time increases as the number of
trees increases, at n_estimators of 100, the training time is recorded at around 37.82 seconds, while with
n_estimators of 200, the training time increases to 75.74 seconds.

Although the results obtained show good performance, there are some limitations that need to be considered,
such as potential noise from synthetic data and the limited number of features used. Therefore, further research is
recommended to explore the use of more features and more sophisticated feature selection techniques, as well as
considering other methods to handle class imbalance. Overall, the results of this study are expected to serve as a
reference for researchers and practitioners in designing more effective interventions to address the problem of
stunting in Indonesia, as well as supporting the government's efforts in achieving the stunting prevalence reduction
target that has been set.
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