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Abstract: Stunting remains a critical nutritional issue among children, affecting growth and long-term 
human resource quality. Despite national programs and global targets for stunting reduction, early predic-
tion of stunted children using data-driven methods remains limited. This study aims to evaluate and com-
pare the performance of four supervised machine learning algorithms—Naïve Bayes, Multilayer Percep-
tron (MLP), Decision Tree (J48), and Support Vector Machine (SVM)—in predicting stunting using a da-
taset of 97 child records from three villages in East Kalimantan, Indonesia. Data were tested in both un-
normalized and normalized forms and split into training and testing sets at 70%–30%, 80%–20%, and 90%–
10% ratios. The results indicate that MLP and Decision Tree consistently achieved 100% accuracy across all 
splits and preprocessing conditions, while Naïve Bayes and SVM showed lower and more variable accura-
cy in certain cases. These findings suggest that MLP and Decision Tree are the most reliable methods for 
stunting prediction in small datasets, providing a practical approach for early identification and interven-
tion. The study highlights the importance of algorithm selection and preprocessing in achieving optimal 
predictive performance in health-related datasets. 
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1. Introduction 

Stunting remains a severe nutritional problem 
among toddlers, characterized by shorter height com-
pared to their peers, and is recognized as a critical public 
health issue in Indonesia [1]. Preventing stunting has be-
come a national priority, reflected in Presidential Regula-
tion No. 72 of 2022 [2] and the National Strategy for the 
Acceleration of Stunting Prevention 2018–2024 [3], as well 
as national stunting summits attended by governors, re-
gents/mayors, and village heads to coordinate multisec-
toral efforts [4]. Despite these interventions, stunting 
prevalence in Indonesia has remained high over the past 
decade at around 37%, exceeding neighboring countries 
such as Thailand (16%), Vietnam (23%), and Myanmar 
(35%), ranking Indonesia fifth globally [5]. Although pre-
vention programs provide nutrition education and food, 
early detection of toddlers at risk of stunting is crucial for 
targeted interventions [6]. 

Machine learning (ML) methods have shown poten-
tial for predicting stunting by analyzing nutritional and 
demographic data. Previous studies, however, reveal lim-
itations. Hindratmo et al. (2021) achieved 97% accuracy 
using K-Nearest Neighbors (k-NN), but tested only a sin-
gle method with a 90/10 train-test split [7]. Vega Herlian-
syah et al. (2021) obtained 64.02% accuracy with Naïve 
Bayes under the same data split [8]. Chilyabanyama et al. 
(2022) compared four classifiers, with Random Forest 
achieving 79% accuracy and Naïve Bayes 61.6%, but ex-
cluded artificial neural networks [9]. Similarly, Eva 
Darnila et al. (2022) reported 58.6% accuracy with Ran-
dom Forest using two trial models [10], and M. Syauqi 
Haris et al. (2022) found Support Vector Regression (SVR) 
performed best among regression-based methods, but 
only regression algorithms were tested [11]. These find-
ings indicate that while ML is promising for stunting 
prediction, prior research has often been limited by using 
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a single method, insufficient comparison, or constrained 
data splits. 

To address these gaps, this study evaluates and 
compares four machine learning algorithms—Naïve 
Bayes, Multilayer Perceptron (MLP), Decision Tree, and 
Support Vector Machine (SVM)—to determine the most 
effective approach for predicting stunting in toddlers. By 
including both probabilistic and neural network meth-
ods, this study provides a comprehensive evaluation and 
aims to identify a high-accuracy model that can support 
early intervention programs. The contributions of this 
research are:  

a) comparative analysis of multiple supervised 
learning algorithms for stunting prediction; 

b) inclusion of both traditional and neural network-
based methods, and; 

c) recommendations for practical application in ear-
ly detection and targeted interventions. 

The remainder of the paper is structured as follows: 
Section 2 presents the basic concepts of the machine 
learning methods used; Section 3 describes the research 
methodology; Section 4 presents the results and discus-
sion; and Section 5 concludes the study and outlines fu-
ture research directions. 
 
2. Basic Concepts 
2.1. Naïve Bayes 

Naïve Bayes is a simple yet effective supervised 
learning algorithm widely used for classification tasks 
[12], [13]. It is based on Bayes' theorem in statistics and 
adopts a strong assumption: the feature values are 
conditionally independent given the class label [14]. 
Despite this "naïve" assumption, the algorithm often 
performs well in practice. 

The Naïve Bayes classifier computes the probability 
of a data instance belonging to a particular class using the 
likelihood of its features. Formally, let 𝑐! represent a class 
label, 𝐶 the set of all possible classes, 𝑡" a single feature, 
and 𝐹 the total number of features. The likelihood of a 
class given the features is calculated as: 

 

 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑(𝑐!) = 𝑃(𝑐!)0𝑃1𝑡"|𝑐!3
#

"$%

 (1)  

 
The assignment probability for each class is then ob-

tained by normalizing the likelihoods across all classes: 
 

 𝑃𝑎𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡(𝑐!) = 	
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑(𝑐!)

∑ 𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑1𝑐&3'!∈)
 (2)  

 
 

Finally, the predicted class is the one with the 
highest assignment probability: 
 

 𝑐! =	
arg𝑚𝑎𝑥	
𝑐! ∈ 𝐶 𝑃𝑎𝑠𝑠𝑖𝑔𝑛𝑚𝑒𝑛𝑡(𝑐!) (3)  

 
Advantages of Naive Bayesian: a. Handles quantita-

tive and discrete data. b. It requires very little training 
data to estimate the parameters (mean and variable vari-
ance) required for classification. c. Handling missing val-
ue by ignoring agency during estimation of likelihood 
calculations. d. Fast and space efficiency. e. Robust to ir-
relevant attributes Naive Bayesian losses: 1) Not applica-
ble if the conditional probability is zero, if it is zero then 
the predicted probability will be zero as well, 2) Assum-
ing an independent variable. Assumption of independent 
variables. 
Advantages of Naïve Bayes: 

a) Can handle both quantitative and discrete data. 
b) Requires relatively little training data to estimate 

the necessary parameters (mean and variance). 
c) Can handle missing values by ignoring them 

during likelihood estimation. 
d) Computationally fast and space-efficient. 
e) Robust to irrelevant features. 

 
Limitations of Naïve Bayes: 

a) If a conditional probability is zero, the predicted 
probability becomes zero as well (can be mitigat-
ed with smoothing techniques). 

b) Assumes independence among features, which 
may not hold in practice, potentially reducing ac-
curacy [15]. 

 
2.2. Multilayer Perceptron 

Multilayer Perceptron (MLP) is a type of Artificial 
Neural Network (ANN) commonly used for supervised 
learning tasks [16]. An MLP typically consists of an input 
layer, one or more hidden layers, and an output layer 
[17], [18]. The network is trained through two main phas-
es: feedforward and backpropagation. In the feedforward 
phase, the input layer receives the raw input values and 
passes them to the hidden layer, where each neuron 
computes a weighted sum of its inputs, adds a bias, and 
applies an activation function, as described by: 
 

 𝑜& 	= 	𝜎 AB𝑥*𝑤*,& + 𝛽&

,

*$%

F (4) 

 
where 𝑥* is the k-th input, 𝑤*,& is the weight connect-

ing input k to hidden neuron j, 𝛽& is the bias of neuron j, 
and 𝜎 is the activation function. The outputs of the hid-
den layer are then passed to the output layer, which 
computes its outputs using: 
 

𝑣! 	= 	𝜎 %&𝑜"𝑢",! + 𝛾!

$

"%&

+ =	= 	𝜎 %&𝜎
$

"%&

,&𝑥'𝑤'," + 𝛽"

(

'%&

0𝑢",! + 𝛾!+ (5)  
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where 𝑢&,! is the weight connecting hidden neuron j 
to output neuron i, and 𝛾! is the bias of the output neu-
ron. In the backpropagation phase, the network updates 
its weights and biases to minimize the difference between 
predicted and target outputs [19]. MLPs are generally 
fully connected, meaning every neuron in one layer is 
connected to every neuron in the next layer. By combin-
ing multiple non-linear functions across layers and opti-
mizing the parameters through gradient-based methods, 
MLPs can model complex relationships that a single per-
ceptron cannot, making them a powerful tool for both 
classification and regression tasks. 
 
2.3. Decision Tree 

A Decision Tree is a tree-like structure used to 
model decisions and their possible outcomes, including 
resource costs, utilities, and risks [20], [21]. The process 
begins at the root node, where a feature is evaluated, and 
a branch is chosen based on the feature's value. This 
process continues sequentially down the tree until a leaf 
node is reached, which represents the target class or the 
final decision. Decision Tree 4.5, for instance, has the 
advantage of being able to handle data in various 
formats. 

Decision trees are a form of inductive learning, 
where the tree is constructed based on the training data 
[22], [23]. A well-known variant of the decision tree 
algorithm is ID3 [24], - [26]. The fundamental assumption 
is that if the attributes provide sufficient information, the 
decision tree can correctly classify all instances in the 
training dataset. To generalize to unseen instances, the 
tree must capture the underlying relationships between 
attributes and class values. 

Conceptually, a decision tree consists of nodes, 
branches, and leaves. Each node represents a decision 
based on a particular attribute, each branch represents 
the outcome of that decision, and the path from the root 
to a leaf encodes a classification rule. This structure 
allows the algorithm to make decisions in a systematic, 
interpretable way, where conditional statements guide 
the decision-making process and lead to the desired 
outcome. 
 
2.4. Support Vector Machine 

Support Vector Machine (SVM) is a supervised 
learning algorithm widely used for classification and 
pattern recognition [27], [28]. SVM is derived from 
statistical learning theory and is designed to provide high 
accuracy compared to other machine learning methods 
[29]. SVM works by mapping input data into a high-
dimensional feature space and finding an optimal 
hyperplane that separates different classes. The algorithm 
identifies this hyperplane using support vectors, which 
are the data points closest to the decision boundary, and 
maximizes the margin, the distance between the 
hyperplane and the nearest support vectors. This 
approach ensures that the classifier generalizes well to 
unseen data. The theoretical foundation of SVM has 
evolved since the 1960s and was formally introduced by 
Vapnik, Boser, and Guyon in 1992. 

SVM can handle both linear and non-linear 
classification problems through the use of kernel 
functions and can also be applied to regression tasks 
(Support Vector Regression). Compared to other 
classification techniques, SVM offers a mathematically 
rigorous framework and a clear geometric interpretation, 
making it a robust and widely used method in machine 
learning [30]. 

 

 
Figure 1. Stages of research. 
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Figure 2. dataset visualization. 
 
3. Research Method 

The stages of research conducted in this study are 
illustrated in Figure 1. This study consists of seven main 
stages: problem identification, literature review, data 
collection, data processing, data analysis, and result 
interpretation. The expected outcome is a comparison of 
four machine learning methods—Naïve Bayes, Multilayer 
Perceptron (MLP), Decision Tree (J48), and Support 
Vector Machine (SVM)—in predicting stunting in 
children, with the objective of identifying the method 
with the highest accuracy. 

 
3.1. Identifying the Problem 

Problem identification focuses on determining the 
most effective machine learning method for predicting 
stunting with high accuracy while minimizing 
overfitting. Considering stunting prevention is a national 
program in Indonesia and part of the Global Nutrition 
Target for 2025, accurate prediction can support early 
interventions and improve human resource quality. The 
presence of multiple machine learning algorithms 
necessitates systematic testing and comparison to 
determine the most suitable algorithm for this purpose. 
 
3.2. Literature Studies 

After identifying the problem, relevant literature 
was reviewed from books and journals to understand 
previous research and methodologies in stunting 
prediction using machine learning. The literature 

indicates varying accuracy across methods and highlights 
the need for a comprehensive comparison of multiple 
algorithms, including probabilistic, tree-based, and 
neural network approaches. 
 
3.3. Collecting Data 

Data for this study consists of 97 records of toddlers’ 
nutritional status, collected from midwife practices 
between July and November 2022. The data were sourced 
from three villages—Rawa Makmur, Simpang Pasir, and 
Handil Bakti—located in Palaran District, Samarinda 
City, East Kalimantan, Indonesia. The dataset includes 
four attributes: gender (binomial), age, weight, and 
height (continuous), with the class label being nutritional 
status, categorized as malnutrition or normal nutrition. 
The dataset was visualized in Figure 2. 
 
3.4. Processing Data 

Data preprocessing was performed using Weka 
Tools version 3.8.6. The Naïve Bayes, MLP, and Decision 
Tree (J48) methods are available by default, while SVM 
requires the additional library function.libSVM. The 
preprocessing steps include normalization to equalize 
 
Table 1. Split ratios. 

No Training Data (%) Testing Data (%) 
1 90 10 
2 80 20 
3 70 30 
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Figure 3. Principles of analysis. 

 
Table 2. Test comparison results of each method. 

No Algorithm 
Name Algorithm Name in Weka App 

Data 
Training 

(%) 

Data 
Testing 

(%) 

Accuracy (%) 

Unnormalized Normalized 

1 Naïve bayes bayes.NaïveBayes 70 30 89.65 89.65 
80 20 89.47 89.47 
90 10 100 100 

2 MLP functions.Multilayer-Perceptron 70 30 100 100 
80 20 100 100 
90 10 100 100 

3 Decision Tree trees.J48 70 30 100 100 
80 20 100 100 
90 10 100 100 

4 SVM functions.libSVM 70 30 93.10 89.65 
80 20 84.21 89.47 
90 10 100 100 

 
attribute ranges, preventing excessively large or small 
values from biasing statistical analysis. The min-max 
normalization method was used, as it has been shown to 
produce optimal results in previous studies [31]. The 
min-max normalization formula is given in Equation 6. 
 
 𝑥-./ 	=

𝑥012 − 𝑥3!-
𝑥345 −	𝑥3!-

 (6) 

 
Where 𝑥-./  is the normalized value, 𝑥012  is the 

original value, and 𝑥345 and 𝑥3!- are the maximum and 
minimum values of the dataset, respectively. 

Besides that, the dataset was divided into training 
and testing sets to evaluate model performance. Three 
split ratios were used, as shown in Table 1, and the effect 
of normalization on model accuracy was also assessed. 
 
3.5. Analyzing Data 

Based on the analysis principles stated in Figure 3, 
the data is tested in two types: the original data (unnor-

malized) and the normalized data. These datasets are 
evaluated using four machine learning methods—Naïve 
Bayes, Multilayer Perceptron (MLP), Decision Tree (J48), 
and Support Vector Machine (SVM)—implemented in 
Weka Tools version 3.8.6 to provide a comprehensive 
comparison of their performance. 

 
3. Results and Discussion 

Based on the comparison in Table 2, the highest ac-
curacy was achieved by the Multilayer Perceptron (MLP) 
and Decision Tree (J48) algorithms, which consistently 
reached 100% accuracy across all training-testing splits. 
In contrast, Naïve Bayes and Support Vector Machine 
(SVM) exhibited lower accuracy in certain test cases, par-
ticularly with training-testing splits of 70%–30% and 
80%–20%. 

The heatmaps in Figure 4 summarize the minimum, 
mean, and maximum accuracy for each method across 
different splits and for both unnormalized and normal-
ized datasets. From Figure 4: 
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Figure 4. Heatmap of minimum, mean, and maximum accuracy for four machine learning methods (Naïve Bayes, MLP, Decision 
Tree, SVM) using unnormalized and normalized stunting datasets. 
 

a) MLP and Decision Tree (J48) show 100% accura-
cy for all conditions. 

b) Naïve Bayes has minimum accuracy 89.47% and 
mean accuracy 93.04% for both unnormalized 
and normalized datasets. 

c) SVM has minimum accuracy 84.21% for unnor-
malized data and 89.47% for normalized data. 
The mean accuracy is 92.44% for unnormalized 
and 93.04% for normalized datasets. 
 

These results indicate that MLP and Decision Tree 
(J48) consistently achieved the highest accuracy, while 
Naïve Bayes and SVM had lower accuracy in certain 
splits. The comparison between unnormalized and nor-
malized data shows minor differences for some methods, 
particularly SVM. 
 

4. Conclusion 
Based on the comparison of machine learning 

methods for predicting stunting in children, Multilayer 
Perceptron (MLP) and Decision Tree (J48) consistently 
achieved the highest accuracy of 100% across all training-
testing splits and data pre-processing conditions, 
demonstrating stable performance. Naïve Bayes and 
Support Vector Machine (SVM) showed lower accuracy 
in some splits, with minimum values of 89.47% and 
84.21%, respectively, indicating some sensitivity to 
training data proportion and normalization. Overall, for 
the dataset used in this study, MLP and Decision Tree 
(J48) are the most reliable methods for stunting 
prediction, while Naïve Bayes and SVM require careful 
consideration of data pre-processing to achieve optimal 
results.
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