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Abstract— The issue of stunting in Indonesia has become a
serious concern, drawing significant attention from the
government. To address this problem, the government has set a
target to reduce the stunting prevalence rate to 14% by 2024. As
an initial step in supporting this goal, the present study aims to
classify the nutritional status of children under five years old
using the Naive Bayes method. The objective of this research is
to evaluate the performance of the Naive Bayes algorithm in
classifying the nutritional status of children under five, with a
focus on body weight, height, and exclusive breastfeeding intake
as predictors of stunting. The research process includes several
stages, namely problem formulation, data collection, data
preprocessing, data splitting, model construction, model
training, model evaluation, and result analysis. The findings of
this study indicate that the Naive Bayes method achieved an
accuracy of 70% in classifying stunting among children under
the age of five, with an F1-score evaluation of 70%.
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1. INTRODUCTION

Stunting is a condition affecting children under five years
of age, characterised by a height significantly lower than that
of their peers, primarily caused by nutritional deficiencies.
Stunting can have serious long-term consequences for a
child’s health and quality of life. Children who experience
stunting are at a higher risk of developing health problems,
including chronic diseases. Moreover, stunting can impair
cognitive development, negatively affecting learning abilities
and overall development. It is recognised as a critical public
health challenge with harmful functional consequences,
including poor cognitive and educational performance,
reduced productivity, and increased risk of nutrition-related
chronic diseases in adulthood [1].
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The occurrence of stunting is influenced by multiple
factors, such as the lack of exclusive breastfeeding,
insufficient energy and protein intake, suboptimal
complementary feeding practices (MP-ASI), low household
income, incomplete immunisation, and a history of infectious
diseases [2]. Inadequate parental care—often related to young
maternal age or closely spaced pregnancies—is also a
contributing factor. To address this issue, the Indonesian
Ministry of Health (Kemenkes RI) has made efforts to
improve nutritional status as part of its national health
development priority programmes [3].

Naive Bayes Classifier, as simple but efficient method in
solving various real world problem [4]. As one of the oldest
means to classify data, Naive Bayes has been upgraded few
times to increase it’s accuracy [5] and has been used for many
problem solving matter, such as research conducted by [6] that
utilizes Naive Bayes as decision-making system to decide PIP
Awardee.

Beside general real world problem. Previous studies have
implemented the Naive Bayes algorithm in the classification
of stunting status among toddlers. For instance, the study
conducted by [7] developed a web-based application using the
Naive Bayes method to classify the nutritional status of
toddlers into stunting categories. The research aimed to
enhance knowledge of data management to support decision-
making and outreach related to stunting cases. The study
achieved an accuracy rate of 88% using 300 data entries with
parameters including gender, age, weight, height, poverty
status, and nutritional status category. However, the limitation
of this study lies in its focus solely on accuracy, without
discussing other potentially relevant aspects.

Similarly, the research by [8] applied the Naive Bayes
algorithm with K-Fold Cross Validation for the classification
of stunting nutritional status in toddlers. The results showed
that, through 10-Fold Cross Validation, the highest accuracy
was obtained in the 8th iteration at 95.14%, while the lowest
accuracy was observed in the 3rd iteration at 81.73%. Overall,
the average accuracy across all iterations was 88.53%, using



parameters such as age, gender, height, weight, and upper arm
circumference.

Furthermore, the study by [9] implemented the Naive
Bayes algorithm combined with Forward Selection for
classifying stunting nutritional status at Puskesmas
Pandanaran Semarang. The study compared the classification
accuracy of Naive Bayes with and without Forward Selection.
The findings indicated that integrating Forward Selection
improved the classification accuracy from 83.33% to 86%.
The accuracy improvement was achieved by reducing the
number of features from six to four. However, the study did
not specify which features were used in the process.

Based on these previous studies, the primary focus of the
present research is to utilise the Naive Bayes algorithm for the
classification of stunting among children under five years old.

II. LITERATUR REVIEW

A. Stunting

Stunting is a condition in which a child’s growth and
development are hindered or lag behind that of their peers,
particularly during the critical early growth period from
infancy to five years of age. This condition is caused by
inadequate nutritional intake, recurrent infections, and various
social factors that influence child development. Children who
experience stunting are at a higher risk of developing health
problems, including chronic diseases. In the long term,
stunting can result in decreased intellectual capacity or
cognitive ability in adulthood, leading to lower productivity.
Neurological and brain cell impairments may occur, resulting
in slower learning absorption and the emergence of diseases
such as diabetes, heart disease, stroke, and hypertension [10],
as well as an increased risk of obesity [11].

According to the Indonesian Ministry of Health
Regulation (Permenkes) No. 2 of 2020 concerning Child
Anthropometric Standards, anthropometric data can be used
as a reference for determining a child's nutritional status,
which is then compared with threshold values (z-scores).
Several indices commonly used to assess a child’s nutritional
status include Weight-for-Age (W/A), Height-for-Age (H/A),
and Weight-for-Height (W/H). The index used to determine
stunting is Height-for-Age (H/A).

B. Klasifikasi

Classification is the process of assigning data into specific
groups or categories based on a set of defined features. The
purpose of classification is to understand and organise data, as
well as to facilitate decision-making based on the grouped
information. The classification process involves the use of
algorithms or methods to assign data to appropriate categories.
Typically, classification is carried out by training a model on
labelled data (training data), followed by testing the model on
unlabelled data (testing data). The results of classification can
be utilised for various purposes, such as decision-making,
pattern recognition, or gaining deeper insights into the data.

C. Naive Bayes

Naive Bayes is a classification algorithm that determines
the category of an instance based on Bayes’ theorem. This
method assumes conditional independence among features,
meaning that the features used for classification are
considered independent of one another, even though this may
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not fully hold in real-world scenarios. The algorithm estimates
the probability that an object belongs to a particular category
based on its features and assigns it to the class with the highest
probability. The two most commonly used Naive Bayes
models are Multinomial and Bernoulli. Although simple and
easy to implement, Naive Bayes may not be suitable for
datasets in which the features are highly dependent on one
another.

In the field of mathematical statistical theory, the Naive
Bayes approach enables the construction of uncertainty
models for future events by combining general knowledge
with observed data. The formula for Bayes’ theorem is as
follows:

P(X|H)P(H

P(H|X) _ POARPEH) Ila())f)( ) (1)
Dimana,
X : Unknown Data Class
H : Data Hypothesis
P(H|X) : Probability for Hypothesis H based on X Condition
P(H) : Probability for H Hyphothesis
P(X|H) : Probability Hypothesis X based on Condition on
Hypothesis H
P(X)  :Probability X

To illustrate the Naive Bayes Theorem, it is important to
understand that in the classification process, a guideline is
required to determine the most appropriate category for the
sample being analysed. Therefore, Bayes’ theorem is adapted
as follows:

P(C)P(Fi—Fn|C)

P(CIF) ==

2

In this context, the variable Crepresents the class, while
the variables F;to F,represent the feature attributes required
for classification. The formula indicates that the probability of
a sample with certain characteristics belonging to class
C (posterior probability) is obtained by multiplying the
probability of class Coccurring prior to observing the sample
(also referred to as the prior) with the likelihood of observing
the given features in class C, and then dividing it by the overall
probability of observing the given sample features (also
known as the evidence). Therefore, the formula above can be
expressed in a more simplified form as follows:

Prior x Likelihood

Posterior = 3)

Evidence

The evidence value remains constant for all classes within a
single sample. The posterior probabilities are subsequently
compared across different classes to determine the class to
which a sample should be assigned [12]. In the context of data
classification, Naive Bayes often employs the Gaussian
distribution (Gaussian density) to calculate probabilities. The
Gaussian density is used to evaluate the likelihood that a
particular data point originates from a specific Gaussian
distribution.
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III. RESEARCH METHOD

P(xi lelyzy]) = (4)

The conducted research consist of multiple steps. First, the
problem formulation and literature review has been presented
in the previous section. Next phase will be data collection,
data pre-processing, data splitting, model formulation and
lastly, evaluation ot the previously formulated model.

Maive Bayes Training
Model Formulation

A 4

h 4

Problem Formulation

and Literature Review Model Evaluation

h A

h 4

Data Collection (Gender, Age, Height,

Weight, and Exclusive Breastfeeding) Result Analysis

h A

Data Pre-Processing

h A

Data Grouping

Fig. 1. Research Flowchart

A. Problem Formulation and Literature Review

At this stage, the authors identified the issues related to
stunting in children under five years old (toddlers) and
collected relevant journal references. The problem
identification included analysing the factors that influence
stunting among toddlers. The referenced journals provided a
strong theoretical foundation. The Naive Bayes method was
then employed to develop a classification model for stunting
in children under five.

B. Data Collection

In this study, the data used were obtained from the Kaggle
platform, consisting of a total of 6,500 records. Within the
dataset, 3,312 entries were classified as stunting, while 3,188
entries were classified as normal. The dataset contains eight
attributes, namely gender, age, birth weight and birth height,
measurement weight and measurement height, exclusive
breastfeeding status, and stunting status.

C. Data Pre-Processing

At this stage, four processes were carried out, namely data
cleaning, transformation, and feature scaling. Data cleaning
was performed to remove incomplete, incorrect, or missing
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entries. Data transformation was conducted to modify the
format or data types to meet the requirements of the study.
Feature scaling was applied to ensure consistency across the
features used.

D. Data Grouping

The dataset was divided into two parts, namely training
data and testing data. The split was carried out proportionally,
with 70% of the total data allocated for training the Naive
Bayes model, while the remaining 30% was used to evaluate
the model’s performance. The division was conducted by
taking into account the distribution of the stunting classes to
maintain a balanced proportion between stunted and non-
stunted children in each subset. This approach ensures that
the model is trained and tested fairly without bias toward
either class.

E. Naive Bayes Training Model Formulation

At this stage, the Naive Bayes algorithm model was
constructed based on Bayes’ Probability Theorem, assuming
that each variable in the data is independent of one another
with respect to the assigned class or label. The Naive Bayes
process involves calculating the probability distributions of
each feature (independent variable) and the target class
(dependent variable). This includes estimating the probability
of each feature value within each class, which is then used to
compute the most likely class for a new instance based on its
feature values.

The calculation employs the Bayesian formula as shown
in Equation (1). The independent variables and/or required
features include gender, age, birth weight, birth height, body
weight, body height, and information regarding exclusive
breastfeeding. The probability of the stunting class Y can be
written as P(X | Y1), while the probability of the non-stunting
class can be written P(X | Y2). Gender is categorized into two
classes, namely Male and Female, and exclusive
breastfeeding is also divided into two classes, namely Yes
and No.

F. Model Evaluation

In this stage, the model was evaluated using a confusion
matrix. Evaluation is a crucial step for gaining detailed
insights into the performance of the classification model. The
confusion matrix provides information on how accurately the
model is able to predict the correct class and how frequently
it makes errors.

Confusion Matrix

Prediksi

Aktual

TRUE

FALSE

TRUE
FALSE

Fig. 2. Confusion Matrix Table

Based on the figure, additional evaluation metrics such as
precision, recall, and F1-score can be derived.



e Precision: The ability of the model to correctly identify
the positive class out of all instances predicted as
positive.

TP

TP+FP

©)

Recall: The ability of the model to correctly identify
the positive class out of all instances that are actually
positive.

Precision =

TP
TP+FN

Recall = (6)

Fl-score: The combination of precision and recall,
providing a holistic view of the model’s performance.

2xPrecision*Recall

F1-Score = 7

Precision+Recall
IV. RESULT AND DISCUSSION

A. Research Variable

In studies related to stunting, the variables influencing
this condition are generally divided into two main categories:
the predictive variables (X) and the outcome variable (Y).
The predictive variables refer to factors that can be used to
estimate or forecast the likelihood of a child experiencing
stunting, based on findings from previous research.
Meanwhile, the outcome variable represents the actual
stunting condition, typically defined using a binary
classification of “Yes” or “No”. This variable serves as the
primary indicator for determining whether a child is classified
as stunted or not.

TABLE L RESEARCH VARIABLE
Variable | Name of Variable Description
W s by
X2 Age Years Old
X3 Body Weight Weight During Birth
X4 Body Len Height During Birth
X5 Berat Badan Weight Present
X6 Tinggi Badan Height Present
X7 ASI Eksklusif 1Yo
Y Stunting ; ;25
B. Naive Bayes Computation
TABLE II. TRAINING DATA
No JK U BBL | TBL BB B ASI Kat
1 M 16 | 24 48 6,6 76 Yes Yes
2 F 47 | 25 49 10 91,5 | No Yes
3 F 31 | 33 49 9,1 90 Yes No
4 F 25 | 2,6 49 9 90 No No
5 M 4 2,7 47 9,8 69,6 | Yes No
6 F 12 | 3,6 50 8,2 70,5 | Yes No
7 F 3 2,8 48 6 54 No Yes
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8 M 55 13 49 8,5 81 No No
9 F 12 2,9 49 5,8 69,5 Yes No
10 M 19 3 52 7,7 57 Yes Yes

Note : Gender (JK), Maee (M), Female (F), Age (U), Weight During
Birth (BBL), Height During Birth (TBL), Weight Present (BB), Height
Present (TB), Category (Kat)

The training data are then fed into the Naive Bayes
algorithm to generate a predictive model for stunting status.
To evaluate the Naive Bayes algorithm, the testing data are
input into the prediction model. In this calculation, 10 sample
records from the training data are used to determine the
classification of the test data. The following are the steps for
applying Naive Bayes using 5 test data samples.

TABLE IIL TRAINING DATA
No JK U BBL | TBL BB TB ASI
1 F 14 2,9 49 6,5 66 No
2 M 11 2,9 49 7,7 66 No
3 F 20 1,8 48 7,3 73 Yes
4 M 9 2,9 50 73 62 No
5 M 53 2,9 49 15 96 Yes
Note : Gender (JK), Maee (M), Female (F), Age (U), Weight During
Birth (BBL), Height During Birth (TBL), Weight Present (BB), Height
Present (TB), Category (Kat)

1) Calculate the prior probability of stunting occurrence
P(Y1 = Stunting) =4/10=0,4
P(Y2 = Not Stunting) =6/ 10 = 0,6

[ ]
[ ]
2) Conditional probability according to class value in testing

Calculate P(X | Y1) which is each attribute in the X data,
then divided by the number of Y1 data.

P(Female | Y1)=2/4=0.5

P(Male | Y1)=2/4=0.5
P(Breastfeed = Yes | Y1) =2/4=0.5
P(Breastfeed=No | Y1)=2/4=0.5

Calculate P(X | Y2) which is each attribute in the X data,
then divided by the number of Y2 data.

P(Female| Y2)=4/6=0.667
P(Male | Y2)=2/6=0.333
P(ASI=Yes|Y2)=4/6=0.667
P(ASI=No|Y2)=2/6=0.333

o
o
o
o
3) If the data in the test is male and receiving breast milk

P(X|Y1) = P(Breastfeed = Yes | Y1) * P(Male |
Y1)

P(X|Y2) = P(Breastfeed = Yes | Y2) * P(Male|
Y2)

Search result of P(X|Y1) * P(Y1) and P(X|Y2) * Y2
PX|YD) *P(Y1)=n
PX|Y2) *P(Y2)=n



4) If the data in the test is male and does not receive breast
milk

P(X|Y1) = P(Breastfeed = No | Y1) * P(Male |
Y1)

P(X|Y2) = P(Breastfeed = No | Y2) * P(Male |
Y2)

Search result of P(X|Y1) * P(Y1) andd P(X|Y2) * Y2
PX[Y1) *P(Y1)=n
P(X[Y2) *P(Y2)=n

[ ]
[ ]
5) If the data in the test is female and receiving breast milk

P(X|Y1) = P(Breastfeed = Yes | Y1) * P(Female
YD)

P(X|Y2) = P(Breastfeed = Yes | Y2) * P(Female
1'Y2)

Search for result P(X|Y1) * P(Y1) and P(X|Y2) * Y2
PX[Y1) *P(Y1)=n
P(X|Y2) * P(Y2)=n

6) If the data in the test is female and does not receive breast
milk

P(X|Y1) = P(Breastfeedd = No | Y1) * P(Female
YD)

P(X|Y2) = P(Breastfeed = No | Y2) * P(Female |
Y2)

Search for result P(X|Y1) * P(Y1) and P(X|Y2) * Y2
PXY1) *P(Y1)=n
P(X[Y2) * P(Y2)=n

Based on the calculations above, the five data are included
in the stunting condition.

TABLE IV. PREDICTION RESULT
No JK U | BBL | TBL BB TB ASI Kat
1 M 16 | 2,4 48 6,6 76 Yes Yes
2 F 47 | 25 49 10 91,5 | No Yes
3 F 31 | 33 49 9,1 90 Yes Yes
4 F 25 2,6 49 9 90 No Yes
5 M 4 2,7 47 9,8 69,6 | Yes Yes
Note : Gender (JK), Maee (M), Female (F), Age (U), Weight During
Birth (BBL), Height During Birth (TBL), Weight Present (BB), Height
Present (TB), Category (Kat)

C. Evaluation

The validation stage employs the model’s performance
from the classification process using a Confusion Matrix to
provide an overview of how well the model can distinguish
between children who experience stunting and those who do
not.

TABLE V. CONFUSION MATRIX

Actual Prediction

102

True False
True 708 (TP) 319 (FP)
False 261 (FN) 662 (TN)

Note : True Positive (TP), False Positive(FP), False Negative (FN),
False Positive (FP)

In Table V, the actual class and the predicted class are
presented. The actual class refers to labels that have been
previously determined, while the predicted class represents
the classification results produced by the Naive Bayes
method. Based on the calculated confusion matrix, from the
positive (stunting) perspective, the model successfully
identified 708 samples as positive, whereas 261 samples that
should have been classified as stunting were incorrectly
predicted as negative. From the negative (non-stunting)
perspective, the model accurately classified 662 samples as
negative, but it also incorrectly predicted 319 samples as
positive.

After calculating the Confusion Matrix, further
computations were conducted to determine the precision,

recall, and F1-score, the results of which are summarized in
Table VI.

TABLE VL RESULT OF PREDICTION
Performance Not Stunting Stunting Accuracy
Precision 0.72 0.69
Recall 0.67 0.73
F1-Score 0.70 0.71 0.70

Based on Table VI, it can be observed that for class 0, the
precision value of 0.72 indicates that 72% of the predicted
positive instances for this class are truly relevant, while the
recall value of 0.67 shows that the model successfully detected
approximately 67% of the total cases that actually belong to
class 0. The F1-score, which combines precision and recall, is
approximately 0.70.

For class 1, a precision score of 0.69 indicates that 69% of
the positive predictions are relevant, whereas a recall score of
0.73 suggests that the model was able to identify around 73%
of the actual cases belonging to class 1. The F1-score for class
1 is approximately 0.71.

Overall, the classification model achieved an accuracy of
0.70, representing the proportion of correctly predicted
instances across all classes.

V. ANALYSIS AND CONCLUSION

In the analysis of the classification model’s performance,
the information derived from the confusion matrix provides a
deeper understanding of the model’s predictive probability
outcomes. From the confusion matrix, it can be observed that
the model successfully identified 708 samples classified as
positive within a high-probability interval (True Positive),
indicating a strong level of confidence in correct
classifications.  Conversely, within lower-probability
intervals, the model may exhibit uncertainty, as reflected in
the 319 false positive cases. Nevertheless, the model was still
able to detect the majority of actual positive cases.



The overall performance evaluation underscores the
importance of maintaining model balance, as reflected by the
high Fl-score across both classes. A high Fl-score
demonstrates a strong alignment between the model’s ability
to correctly classify positive cases and its ability to minimize
misclassification. With an accuracy of 0.70, it can be
concluded that the model performs well in predicting classes
overall. These results indicate that the model tends to produce
correct and relevant outcomes at high confidence levels while
also being capable of capturing most positive cases, even at
lower confidence thresholds.

In a contextual sense, the Naive Bayes model appears to
be suitable for classifying stunting cases in children under
five years old. However, further validation and evaluation are
necessary to ensure that the model is reliable and applicable
to a wider range of datasets and variables.
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