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Abstract: Stunting is a problem of chronic malnutrition in children that affects their productivity in adults,
cognitive development, and learning capacity. The high prevalence of stunting in Indonesia is caused by various
health, social, and environmental factors that are different in each region, making it necessary to classify regions
to identify areas with a high risk of stunting. Data with many variables present high-dimensionality issues that
can reduce the accuracy of distance-based classification due to the curse of dimensionality. This study applies
Autoencoder and K-Nearest Neighbors (KNN) on stunting data in Indonesia. The Autoencoder is used to reduce
data dimensions through a process of reduction and reconstruction, thereby generating latent features for KNN
input. The results show that the Autoencoder reduces 11 input variables to 4 latent features. KNN classification
with K=7 categorizes provinces into 12 provinces with medium risk, 21 provinces with high risk, and 3 provinces
with very high risk, with an accuracy of 75%. This study showed that dimensionality reduction using an
Autoencoder improves data representation, enabling KNN to classify stunting more effectively.
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1. INTRODUCTION

Child health and growth are important indicators of human resource development. A chronic nutritional
problem that remains a global concern is stunting, a condition of growth failure in children caused by long-term
undernutrition, a lack of sufficient stimulation, and repeated infections from early childhood [1]. According to
the 2024 Indonesian Nutrition Status Survey (SSGI) [2], the prevalence of stunting in Indonesia is high at 19.8%.
Stunting impacts cognitive development, learning capacity, and productivity in adults. Stunting is influenced by
various interacting factors, such as pregnancy history, birth weight, socioeconomic status, and environmental
sanitation [3]. These factors vary between regions, requiring classification to identify patterns and categorize
regions based on stunting prevalence.

Classification is an important issue in the field of machine learning, that groups data into specific classes
based on the characteristics of each type of data [4]. K-Nearest Neighbors (KNN) is a classification algorithm
with a simple concept that is frequently applied to various classification problems involving diverse data
characteristics [5]. KNN classifies data based on similarity to its nearest neighbors without requiring any specific
distribution assumptions [6]. KNN is based on lazy learning [7] so its performance depends on the quality of
data representation and the size of the dataset.

Research by Ukey et al. [8], shows that in high-dimensional data, KNN has a problem of curse of
dimensionality, where accuracy decreases and computational complexity increases as the number of dimensions
increases. This causes the measurement of distance between data points to not optimally represent the degree of
similarity [9]. Therefore, dimension reduction techniques are needed to reduce the data to a lower-dimensional
space. An artificial neural network-based dimension reduction method is the autoencoder, which learns latent
representations through a process of compression and reconstruction, thereby producing more compact and
informative features [10]. Reconstruction is the process of reforming the reduced data to resemble the input data.
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Autoencoders are applied to both linear and nonlinear data for dimension reduction and feature extraction. This
method is also used for data denoising and various applications in data analysis [11].

Previous studies have applied the KNN algorithm to classify stunting status. Syahrial et al. [12]
compared several classification algorithms and concluded that KNN resulted in the highest accuracy rate.
Syahrani [13] combined KNN with Backward Elimination to improve model efficiency through the selection of
more relevant features. However, these studies still focused on individual-level data and did not consider the
issue of high feature dimensionality, which can affect the performance of the KNN algorithm. Thus, this study
applies autoencoder-based dimensionality reduction and KNN classification to stunting data in Indonesia.

2. METHOD

This study is an applied research that applies autoencoder dimensionality reduction and KNN
classification to stunting data in Indonesia. The methods used include research data, research methods,
autoencoders, Mean Squared Error (MSE), K-Nearest Neighbors (KNN), and evaluation of results.

2.1 Research Data

This study used secondary data obtained from the official 2024 SSGI publication [2], with the 36
provinces of Indonesia as the unit of analysis. Based on WHO standards, the classification labels consist of
stunting prevalence categories by region, classified into five categories: very low, low, medium, high, and very
high. Research variables include social indicators, mother and child health, and environmental factors. All
independent variables are represented in percentages that describe the health and environmental conditions in
each province. The research variables used in this study are shown in Table 1.

Table 1. Research data variables

Variable Description
y Five categories of stunting prevalence
X, Percentage of mothers with an inter-pregnancy interval > 2 years
Xy Percentage of pregnant mother attending prenatal classes
X3 Percentage of pregnant mother taking blood supplement tablets
Xy Percentage of newborns with low birth weight (<2500 grams)
Xs Percentage of newborns with intrauterine growth restriction
Xg Percentage of newborns exclusively breastfed
x5 Percentage of children whose growth is monitored at community health posts
Xg Percentage of children with a complete primary immunization schedule
X Percentage of the population with National Health Insurance
X10 Percentage of mothers using contraception after childbirth
X11 Percentage of houses with access to safe drinking water

2.2 Research Methodology

The steps required to achieve the objectives of the study are as

Data preprocessing, consisting of cleaning, labeling, and scaling.

Splitting the data, 80% training data and 20% testing data.

Defining the encoder, latent layer, decoder, and activation functions for training the autoencoder model.
Calculating the loss value to measure the reconstruction error between the input and output data with Mean
Squared Error (MSE).

Extracting latent features as data with lower dimensions.

Determining the optimal value of K using cross-validation.

Classification using KNN based on latent features and the optimal K.

Evaluating the classification results using a confusion matrix.
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2.3 Autoencoder

An autoencoder is an artificial neural network consisting of two main components an encoder and a
decoder [14]. The encoder processes data through the input layer and the first half of the hidden layer to generate
a lower-dimensional representation. The decoder uses the second half of the hidden layer and the output layer to

424

IN-COME: International Conference on Multidisciplinary Engagement



1st International Conference on Multidisciplinary Engagement

reconstruct the input data [10]. The hidden layer is for learning important data patterns from the input [15]. The
representation generated in this layer is called a latent representation, that is more concise and informative for
the input during the classification phase. Based on the research by Park et al. [16], the autoencoder structure is
shown in Figure 1.

Input Reconstruction
Representation >
X1 X

(latent code)

X2

X3

Encoder Decoder
Figure 1. Autoencoder structure with a hidden layer

Generally, the encoder (w) and decoder (B) are defined as

w:X-F, B:F—-X
where x € X € R¢ is the input data to the autoencoder and z e F € RP is the mapping result at the hidden layer.
If the autoencoder has L hidden layers, the encoder is written as

hD = f(W(l)x + b(l))

O = fF(WORED +p), 1=23,..,L ey
z=hW = FwOpL-D 4 p1))

where
h®  : data representation at layer [,
w® :weights,

x : input data,

b® : bias,

f : activation function,

L - number of layers in the encoder, and

z : latent representation output by the encoder.

The decoder reconstructs the latent representation (z) to obtain the reconstructed output (%) [17], written as

X = g(Decoder(z))
In autoencoder applications, the weights and biases are randomly initialized at the start of training using a specific
distribution so that each weight element has a different initial value and the training process is stabilized. The
autoencoder minimizes the reconstruction error by tuning the weights based on the obtained error [18].

2.4 Mean Squared Error (MSE)

The autencoder training objective is to minimize the loss function between the input (x) and the
reconstructed output (X). The loss function used is the Mean Squared Error (MSE). MSE measures the average
of the squared differences between the input values (actual) and the reconstructed values (predicted) [19], written

as
n

1
MSE = —Z(xi - fi)z (2)
n i=1
where n is the number of features the data, x; is the value of the -i feature the input, and %; is the value of the -i
feature the reconstructed output. The smaller value of MSE, the better quality reconstruction produced by model,
because the difference between the actual data and the reconstructed result is smaller [10].
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2.5 K-Nearest Neighbors (KNN)

KNN is a classification algorithm that classifies new data based on its nearest distance to data points in
a dataset [20]. Measurements of proximity or similarity between data points are performed using a distance
function. According to research conducted by Pulugan et al [21], the distance most commonly used is the
Euclidean distance. The Euclidean distance is the straight-line distance between two points in an n-dimensional
space, calculated as the square root of the sum squares of the differences in coordinates across each dimension
[21], written as

d(x,x") = 3)

where

x; : the coordinates first point in the i dimension,

x'; + the coordinates second point in the i dimension, and
n : the number of dimensions (number of features).

The choice number of neighbors (K) affects classification accuracy and introduces the risk of
overfitting and underfitting so requiring an optimal value of K. The optimal K is selected using cross-validation,
which involves testing several values of K on the training data and selecting the value that results in the best
accuracy [22].

2.6 Evaluation of Results
Evaluation of classification results is important to measure the model’s accuracy [23]. One method of
evaluating results is the confusion matrix. A confusion matrix is a table that compares the model’s predicted
classification results with the actual classification labels [24]. The structure of the confusion matrix is shown in
Table 2.
Table 2. Confusion matrix

Actual Positive Actual Negative
Predicted Positive TP FP
Predicted Negative FN TN

where

TP (True Positive) : the number of correct positive predictions,

TN (True Negative) : the number of correct negative predictions,

FP (False Positive) : the number of incorrect positive predictions, and
FN (False Negative) : the number of incorrect negative predictions.

Classification results are evaluated using accuracy calculated based on the confusion matrix. Accuracy
measures the model’s precision by comparing the number of correct predictions to the total number of test data
[25], expressed as

TP+ TN

TP+ TN+ FP+FN 4

Accuracy =

3. RESULT AND DISCUSSION
The research results consist of four sections data description, dimensionality reduction with
autoencoder, classification with K-Nearest Neighbors (KNN), and evaluation of results.

3.1 Data Description
The stunting dataset in this study consists of 36 provinces in Indonesia with 11 independent variables
(x, — x141) and one target variable (y). Summary of each variable is shown in Table 3.
Table 3. Summary of variable statistics
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Variabel Mean Min Max
y 22.35 10.70 37.00
X 87.28 77.69 93.99
Xy 31.90 9.80 61.10
X3 48.01 20.00 78.30
Xy 6.60 3.30 9.30
X5 58.06 27.70 73.10
Xe 91.82 80.60 98.00
Xy 56.09 5.50 81.30
Xg 46.70 5.40 88.20
X 54.65 20.50 89.90
X10 23.55 9.60 41.90
X11 87.48 67.20 99.40

The variables have different ranges of values, indicating variations in health and environmental characteristics
across provinces. The prevalence of stunting ranges from a minimum of 10.7% to a maximum of 37%, with an
average of 22.35%. The variable percentage of pregnant women attending prenatal classes (x,) has a relatively
wide range of values, from 9.8% to 61.1%. Additionally, the variable percentage of households with access to
safe drinking water (x;,) has a relatively high average value of 87.48%, although there are regional differences.
The variation in variable values across provinces indicates that health conditions and environmental factors in
Indonesia are diverse.

3.2 Dimensionality Reduction with Autoencoder

The encoder reduction data from an input with 11 variables to a 4-dimensional latent space with two
hidden layers, as shown in Equation (1). The complete autoencoder architecture follows a symmetric structure
of 11-32-16-4-16-32-11, where the encoder compresses the input from 11 to 4 dimensions through layers of
32 and 16 neurons, while the decoder reconstructs the data back to the original dimension through layers of 16
and 32 neurons. The selection of this architecture is intended to capture complex nonlinear relationships while
maintaining a balance between model capacity and generalization.

The choice of a 4-dimensional latent representation is based on experimental evaluation, in which
several latent dimension configurations were tested. The results indicate that four latent dimensions provide the
best trade-off between reconstruction accuracy and dimensionality reduction. Lower-dimensional
representations led to higher reconstruction loss, indicating the loss of important information, whereas higher-
dimensional representations did not yield significant performance improvements but increased model
complexity. Therefore, four latent features were selected as the optimal representation.

The ReLU (Rectified Linear Unit) activation function was used in each hidden layer so the model could
learn nonlinear relationships between variables. The model is trained for 500 epochs with a batch size of 8.
During the training process, an early stopping technique is applied to automatically halt training if there is no
improvement in the loss value for a certain number of epochs to prevent overfitting. Based on the training
process, training loss and validation loss values are obtained at each epoch and used to evaluate the model’s
performance during training. The loss values were calculated using MSE in Equation (2). A visualization of the
changes in training loss and validation loss during the training process is shown in Figure 2.
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Figure 2. Comparison graph of training loss and validation loss
The training loss value decreased progressively until it reached a stabilized condition at the 208 epoch with a
value of 0.11. The validation loss value also showed a similar trend and reached a stabilized condition at the
same epoch with a value of 0.65. The similarity between the training loss and validation loss curves indicates
that the model is not overfitting.

The curve stabilized after the 208 epoch, indicates that the training process had reached an optimal
point, such that additional epochs do not reduce the loss values. This suggests that the four latent dimensions
generated efficiently represent the main information from the 11 input variables. The results of the dimension
reduction process are shown in Table 3 in the form of four latent features z;, z,, z3, and z,, representing the
main characteristics of each province.

Table 3. Latent features resulting from dimension reduction

Province 74 Z, Z3 Zy4
Aceh -3.234336 0.867539 3.347355 -0.568142
Sumatra Utara -0.051170 -0.934592 0.593853 1.164470
Sumatra Barat -2.302355 -0.274886 0.447041 -0.288662
Riau -0.743851 0.917771 0.606296 0.730470
Jambi -1.055197 3.685398 1.981185 -1.221900

Every province in Table 3 has different latent feature values, indicating that the autoencoder maps the
characteristics of each province into a lower-dimensional latent space. The z; value for Aceh province is higher
than that of other provinces, while Jambi province has a higher z, value than other provinces. These differences
in values indicate variations in the characteristics of each province and show that the dimension reduction process
retains the main characteristics of the data. The lower-dimensional latent representation reduces the impact of
the curse of dimensionality, making distance calculations between data points more representative.

3.3 Classification with KNN

Classification was performed using the KNN algorithm with latent features z;, z,, z3, and z, as input.
The optimal value of K was determined using a 10-fold cross-validation technique to avoid bias resulting from
subjective parameter selection. This process consisted of testing several values of K within a specific range,
with each value of K tested on 10 different data subsets. The average accuracy for each value of K is shown in
Figure 3.
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Figure 3. Testing the accuracy of various K values
The test results show that a K value of 7 results in the highest average accuracy compared to other K values,
giving a score of 0.667 or 66.7%. This indicates that using the seven nearest neighbors results in a better balance
between model complexity and prediction stability. Classification using K = 7 and distance calculations based
on Equation (3) resulted in predictions of stunting prevalence categories for each province. The classification
results show that provinces in Indonesia are divided into three categories, medium, high, and very high. The
medium category consists of 12 provinces (33.3%), the high category consists of 21 provinces (58.35%), and the

very high category consists of 3 provinces (8.3%), as shown in Figure 4.
Category
D high
[ medium
M very high

Figure 4. Visualization of classification results

The very high category (red) is observed in three provinces, namely Riau, West Sulawesi, and Southwest Papua.
Based on geographic region, the high categories (orange) is predominantly found in central and eastern
Indonesia, such as Kalimantan, Sulawesi, Maluku, and Papua. Meanwhile, several provinces on the islands of
Java and Sumatra tend to fall into the medium category (yellow).

This spatial pattern suggests that provinces with relatively better access to healthcare services,
infrastructure, and economic resources—such as those in Java and parts of Sumatra—tend to have lower stunting
prevalence and are classified into the medium category. In contrast, provinces in eastern Indonesia, which are
often characterized by limited healthcare access, geographical constraints, and disparities in socio-economic
conditions, are more likely to fall into the high and very high categories. The classification results also indicate
that provinces grouped within the same category share similar characteristics in the latent feature space generated
by the autoencoder, reflecting underlying similarities in key stunting-related indicators.

From a practical perspective, these findings have important implications for public health policy and
stunting intervention programs. Provinces in the very high category require priority attention through more
intensive and targeted interventions, such as improving maternal and child nutrition, expanding access to
healthcare services, and strengthening monitoring programs for child growth. Meanwhile, provinces in the high
category may benefit from preventive strategies and program optimization, while those in the medium category
can focus on maintaining and improving existing interventions. Therefore, this classification approach can
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support policymakers in designing more targeted, efficient, and region-specific strategies to reduce stunting
prevalence in Indonesia.

3.4 Evaluation of Results

The objective of the evaluation is to determine the effectiveness of the autoencoder in dimension
reduction on classification performance. After applied dimensionality reduction, classification with KNN
obtained an accuracy of 0.750 or 75%, calculated based on Equation (4). This value indicates that most provinces
can be classified according to their actual stunting prevalence categories. The confusion matrix of the
classification results on the testing data using latent features is shown in Figure 5.

high -

medium

True label

very high

high medium very high
Predicted label

Figure 5. Confusion matrix of classification results

Based on the confusion matrix, the model correctly classified 6 out of 8 testing data points. There were
4 high-class data that were correctly predicted as high and 2 medium-class data that were correctly predicted as
medium. However, there were still classification error, where 1 medium-class data was predicted as high and 1
very high-class data was predicted as medium. These results indicate that dimensionality reduction simplifies
the data into more concise latent features while maintaining important information that enhances classification
performance. However, these errors suggest that the model still has difficulty differentiating classes with similar
characteristics.

4. CONCLUSION

Based on the research results, the autoencoder reduced 11 input variables to 4 latent features with a
training loss value 0.11. The latent features were used as input for the KNN model with an optimal parameter of
K = 7. The classification results showed that the provinces in Indonesia fell into three categories, with 12
provinces classified as medium, 21 as high, and 3 as very high. These findings can support policymakers in
designing more targeted and region-specific stunting intervention strategies in Indonesia. Evaluation of the
model using a confusion matrix resulted in 75% accuracy on the test data, with 6 out of 8 test data correctly
classified. However, there are still classification errors in classes with relatively similar characteristics. Further
research is recommended to optimize the autoencoder architecture and conduct testing on a dataset with a more
extensive coverage.
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