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Abstract: Currently, in the health sector, Indonesia is facing several problems that
the government is focusing on, one of which is stunting. The problem of stunting is a
focus for the government since it ranks second after the problem of maternal mortality
during childbirth. Stunting is a term used in the health sector describing a condition of
growth failure in children under five due to chronic malnutrition in the first 1000 days
of life. The causes of stunting can be identified from low nutritional intake and health
status of pregnant women at risk of giving birth to babies with low body weight and
below-standard baby length. With the current advances in the field of information
technology, the stunting rate can be estimated using a machine learning method.
There are numerous machine learning methods for prediction, such as Support Vector
Regression (SVR), Decision Tree, K-Nearest Neighbour (K-NN) and many more.
In this study, we aim to compare two prediction methods, namely Support Vector
Regression (SVR) and Decision Tree, and determine how both methods succeed in
predicting well. The Support Vector Regression (SVR) method achieved the best
error value of 0.137 and the Decision Tree method had the best error value of 0.164.
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1 Introduction

Stunting is the focus of health concerns for the Indonesian government and the East Java
provincial government. Stunting is a condition of malnutrition associated with insufficient
nutrients in the past so it is considered a chronic nutritional problem [1]. Children
experiencing stunting are more likely to grow into unhealthy and poor adults. Stunting
of children is also associated with increased vulnerability to disease, both infectious
and non-communicable diseases (NCDs), as well as increased risk of overweight and
obesity [2].

The stunting problem in East Java initially occurred in areas with a low economic
level, a low level of education, and a culture of early marriage, typically in Madura and
the eastern part of East Java [3]. East Java provincial Nutritional Status Monitoring
(DPSG) data shows that the prevalence of stunting among children under five in East
Java is 27.1%, consisting of 17.6% short and 9.5% very short. The prevalence of stunting
among children under five in one of the Madura Island districts, namely Bangkalan, is
the highest in East Java, at 53.2%, with a prevalence of very short toddlers of 27.4% [4].

To address this issue, a method is required to predict the stunting rate in East Java
province with the help of relevant advances in information technology. Prediction, in its
definition, is the activity of estimating what will happen in the future using past data [5].
Through accurate and computerized prediction methods, decision making on policies to
be taken to deal with this stunting problem becomes more measurable. In this research,
the authors use the Support Vector Regression (SVR) and Decision Tree methods to
predict the rate of stunting in East Java.

The Support Vector Regression (SVR) method has been widely used in various pre-
diction studies. The Support Vector Regression (SVR) method is a derivative of the
Support Vector Machine (SVM) method which has gained recognition for its ability to
handle high-dimensional data and work well on relatively small datasets but with a large
number of features [6]. Meanwhile, Decision Tree is a learning method that constructs
a prediction model in the form of a tree structure. The tree consists of nodes represent-
ing decisions based on attribute values, and branches representing the results of those
decisions [7]. In the previous research, both methods were used to predict the risk of
stunting in families [8].

In this study, the Support Vector Regression (SVR) and Decision Tree methods were
used to compare the performance of each method in predicting the rate of stunting in
East Java. This approach is expected to provide a clear view of the stunting rate, making
it easier for the parties involved to make decisions.

2 Research Methods

The dataset used in this study comes from the official website of the Ministry of Home
Affairs (https://aksi.bangda.kemendagri.go.id/emonev/) which consists of 156 rows
and 6 columns with a time span ranging from January 02, 2021 to December 18, 2024.
The data in this study were analyzed using the Python programming language with a
dataset as in Table 1 below.

After the data are obtained and explored, the next step is to carry out the stages of
the research methodology one by one as shown in Figure 1 below.

1. Problem Identification: This research raises a case study on the prediction of
stunting prevalence rates in East Java province.

https://aksi.bangda.kemendagri.go.id/emonev/
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Year Regency Number Short Very Short Preva-
of Toddlers Stunting Stunting lence(%)

02/01/2021 Pacitan 3068 2337 653 9.7
15/01/2021 Ponorogo 44307 482 1784 14.9
18/01/2021 Trenggalek 36144 2932 574 9.7
21/01/2021 Tulungagung 63329 167 431 3.3
31/01/2021 Blitar 76118 4258 1395 7.4
02/02/2021 Kediri 79244 8445 2327 13.6
15/02/2021 Malang 88532 651 1351 8.9

. . . . . . . . . . . . . . . . . .
18/12/2024 Kota Batu 10945 106 269 12.1

Table 1: Dataset.

Figure 1: Research Methods.

2. Data Acquisition: The data used in this study is secondary data sourced
from the official website of the Ministry of Home Affairs (https://aksi.bangda.
kemendagri.go.id/emonev/) which consists of 156 rows and 6 columns with a
time span ranging from January 02, 2021 to December 18, 2024.

https://aksi.bangda.kemendagri.go.id/emonev/
https://aksi.bangda.kemendagri.go.id/emonev/
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3. Data Preprocessing & Analytics: The data preprocessing and analytics are
basically used to see the initial condition of the dataset obtained from the source.
At this stage, the dataset is identified from the data type to missing values that
may occur in the dataset.

4. Feature Selection: This study uses the Pearson Product correlation analysis
technique to find a linear relationship between two variables having a normal dis-
tribution [9]. Below is the function of the Pearson Product

rxy =
NΣXY − (ΣX)(ΣY )√

[NΣX2 − (ΣX)2][NΣY 2 − (ΣY )2]
. (1)

Notes:

• rxy: Relationship coefficient

• N : Number of samples used

• ΣX: The total score of the question

• ΣY : Sum of total scores

5. Model Selection: Support Vector Regression (SVR) is a development algorithm
of the Support Vector Machine (SVM) algorithm introduced by Cortes and Vap-
nik [10]. Like SVM, SVR also uses the best hyperplane in the form of a regression
function by making the error as small as possible. The function of SVR can gener-
ally be written as follows:

f(x) = wφ(x) + b (2)

with

• f(x): Regression function

• w: Vector

• b: bias

and the decision boundary equation

Wx + b = +ε,

Wx + b = −ε

so that the hyperplane fulfills the equation

−ε < y − (Wx + b) < +ε

with the minimization function

min
1

2
∥w∥2 + C

n∑
i=1

|ξi|

and the constraint function

|yi − wixi| ≤ ε+ |ξi|.
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Then, the Decision Tree algorithm begins by calculating the entropy value to mea-
sure the level of uncertainty or impurity in the dataset [11]. The equation for
finding the entropy value is as follows:

Entropy(S) =

m∑
i=1

−p(wi|S) · log2(p(wi|S)). (3)

Description:

• S: The case set being analyzed.

• m: Total number of different classes within the data set S.

• p(wi|S): Probability of occurrence of class wi in the data set S.

The next step is to calculate the gain value, which is a measure of how much
information is obtained from separating data based on certain attributes. The gain
calculation function is as follows:

Gain(S, J) = Entropy(S)−
n∑

i=j

p(vi|S) · Entropy(Si). (4)

Notes:

• S: The case set being analyzed

• J : Features/attributes considered in data splitting

• n: Number of classes in the node

• p(vi|S): Proportion of v values appearing in the class in the node

• Si: The entropy of the composition of v values for the j-th class in the i-th
data node.

6. Model Training: At this stage, the predicted values of the Support Vector Re-
gression (SVR) and Decision Tree algorithms are trained based on the distribution
of training data and testing data to obtain error values and accuracy values.

7. Model Testing: Model testing of learning outcomes against prepared testing data.

8. Model Evaluation: At the evaluation stage, the model trained and tested is
calculated for accuracy based on the resulting error value. This research uses the
Root Mean Square Error (RMSE) method to calculate the error value generated
by the model. The function of the Root Mean Square Error (RMSE) is as follows:

RMSE =

√∑n
i=1 (yi − ŷi)

2

n
(5)

with

• n: Quantity of data

• yi: Actual value at the i-th data

• ŷi: Predicted value at the i-th data
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Figure 2: First Simulation Plot SVR Decision Tree (70% training data, 30% testing data).

3 Result and Discussion

The results of the testing simulation carried out with the proportion of training data and
testing data are shown in Figure 2 to Figure 5.

The first simulation shown by Figure 2, produced SVR algorithm parameter values,
that is, Cost = 1, Epsilon = 0.001, and Gamma = 0.1 on the Radial Basis Function
kernel with a ratio of 70% training data and 30% testing data, with the SVR algorithm
forecasting results not yet close to the actual value or less than optimal and the Decision
Tree algorithm results close to the actual value. The results show that the first simulation
produced an RMSE value of 0.1647. Meanwhile, the Decision Tree algorithm with the
parameters of a max depth = 100 and min samples split = 10, produced an RMSE value
of 0.2004.

Figure 3: Second Simulation Plot SVR Decision Tree (75% training data, 25% testing data).

The results of the second simulation presented on Figure 3, show the parameter
values of the SVR algorithm, namely Cost = 1 Epsilon = 0.001 Gamma = 0.1 on the
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Radial Basis Function kernel with a ratio of 75% training data and 25% testing data with
forecasting results close to the actual value or maximum enough. The first simulation
resulted in an RMSE value of 0.1448. Meanwhile, the Decision Tree algorithm with the
parameters such as max depth = 100 and min samples split = 10, produced an RMSE
value of 0.1751.

Figure 4: Third Simulation Plot SVR Decision Tree (80% training data, 20% testing data).

In the third simulation shown in Figure 4, the parameter values of the SVR algorithm
are Cost = 1 Epsilon = 0.001 Gamma = 0.1 on the Radial Basis Function kernel with
a ratio of 80% training data and 20% testing data with forecasting results close to the
actual value or maximum enough. These first simulation results have an RMSE value of
0.1450. Meanwhile, using the Decision Tree algorithm with the parameters of max depth
= 100 and min samples split = 10, the RMSE value is 0.1642.

Figure 5: Fourth Simulation Plot SVR Decision Tree (90% training data, 10% testing data).

In the fourth simulation presented in Figure 5, the parameter values of the SVR
algorithm are Cost = 1 Epsilon = 0.001 Gamma = 0.1 on the Radial Basis Function
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kernel with a ratio of 90% training data and 10% testing data with forecasting results
close to the actual value or maximum enough. The results of this first simulation have
an RMSE value of 0.1377. When using the Decision Tree algorithm with the parameters
of max depth = 100 and min samples split = 10, the RMSE value is 0.2030.

The recapitulation of the simulation results of the Support Vector Regression (SVR)
and Decision Tree algorithms can be seen in the table below.

Percentage Comparison RMSE value RMSE value
of Training Data by Support Vector by Decision
and Testing Data Regression (SVR) Tree

70% : 30% 0.1647 0.2004
75% : 25% 0.1448 0.1751
80% : 20% 0.1450 0.1642
90% : 10% 0.1377 0.2030

Table 2: Comparison of RMSE values.

In the table above, it can be seen that the maximum results produced by the Support
Vector Regression (SVR) algorithm occurred in the fourth simulation with an RMSE
value of 0.1377, while the best results of the Decision Tree algorithm occurred in the
third simulation with an RMSE value of 0.1642.

4 Conclusion

Based on the simulation results, it can be concluded that the SVR algorithm produces
the best simulation results in the fourth simulation with an RMSE value of 0.1377 and
the Decision Tree algorithm produces the best simulation results in the third simulation
with an RMSE value of 0.1642. The results prove that the Support Vector Regression
and Decision Tree methods are able to provide good prediction results and fulfil the
objective of this study and could be optimized in the next study.
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