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Abstract

The Prevalence of Stunting in Sigi Regency remains notably high at 36.8%, significantly above the
national target. Stunting is frequently caused by recurrent infections, poor sanitation, and chronic
nutritional deficiencies. Since stunting is a condition of chronic malnutrition that impairs a child's
physical and cognitive development, an early warning system is essential for prevention. This study
proposes the development of a web-based application to predict the risk of stunting in vulnerable
families. Families are the primary focus as they serve as the first environment where children grow
and develop. If risk factors are present within a family, the likelihood of stunting increases.
Therefore, early detection is crucial for mapping family health conditions. By predicting stunting
risks, families can take preventive measures before the condition severely impacts the child. This
early warning system serves as a critical alarm, encouraging families to be more vigilant in
maintaining the health of all household members. The stunting prediction system is developed as a
web-based application, utilizing 11 variables for early stunting detection and employing the K-
Nearest Neighbor (KNN) method. The model's accuracy is evaluated using a Confusion Matrix,
achieving an accuracy rate of 99.991%.
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I.  INTRODUCTION

tunting remains the most significant nutritional challenge in Indonesia, particularly among toddlers

(BADUTA/BALITA), commonly referred to as growth retardation in children. As of 2017, Indonesia

ranked fifth globally in stunting prevalence, with a rate of 29.6% [1]. This condition stems from multiple
factors, including poor childcare practices, insufficient maternal knowledge about health and nutrition before
and after childbirth, limited access to healthcare services, inadequate household availability of nutritious food,
and restricted access to clean water and sanitation.

Recent data from the 2022 National Nutritional Status Survey indicate a declining trend in stunting prevalence
among toddlers in 13 districts and cities across Central Sulawesi Province. Banggai Laut showed the most
notable improvement, with a 6.1% reduction compared to 2021 [2]. In Sigi Regency, the stunting rate also
declined, from 40.7% to 36.8% [2]. Despite these positive developments, the rate in Sigi remains significantly
above the national target of 14%. To address this gap, the regency has established a goal to reduce stunting
prevalence to 23% by 2024 [3].

The National Population and Family Planning Board (BKKBN) identifies families at risk of stunting based
on 11 key factors. These include having children under two (BADUTA) or five (BALITA) years old, couples
of reproductive age (PUS), pregnant women, inadequate water sources, poor sanitation facilities, marriage
before age 19 or after 35, birth intervals of less than two years, high parity (excessive number of children), and
non-participation in modern family planning programs. These variables form the basis of this study. Currently,
stunting risk assessments are conducted manually, which is inefficient and prone to errors given the large
number of households in each region. This highlights the urgent need for an automated, reliable system to
improve accuracy and efficiency in identifying at-risk families.

Advancements in technology offer a viable solution through the development of a web-based application for
stunting risk prediction. Classification, a process used to categorize data with unknown class labels, serves as
the foundation for this system [4]. Among various classification methods, the K-Nearest Neighbor (K-NN)
algorithm is particularly suitable due to its simplicity, rapid training process, ease of interpretation, and
effectiveness in handling large datasets [5]. Implementing this approach will enable more accurate and efficient
identification of families at risk of stunting, facilitating timely interventions to mitigate long-term health impacts
on children. Moreover, with standardized indicators from BKKBN (Badan Kependudukan dan Keluarga
Berencana Nasional), this system can be scaled nationally, ensuring consistent and data-driven stunting
prevention efforts across Indonesia.

II. LITERATURE REVIEW

Previous research related to stunting risk prevention in infants and toddlers has been conducted by several
researchers. [6] and [7] conducted stunting-focused education and training for community health workers.
Ningrum and Ikawati [8] in their study performed early stunting detection in toddlers using a feature selection
approach with Multilayer Perceptron. Sudiati et al [9] also conducted early detection accompanied by IoT-based
stunting education, but their detection focused only on infants. Kartinawati et al [10] similarly performed early
stunting detection in toddlers using machine learning models including Random Forest, Support Vector
Machine, and Multilayer Perceptron, identifying influencing factors such as breastfeeding practices, parental
education, and infant weight and length. Additionally, Lukmana et al [11] developed an expert system for early
stunting detection in children using the Forward Chaining method where stunting assessment was based on
factors including body weight, height, and head circumference, and as well as Purwati and Sulistyo [12] that
using KNN Machine Learning.From those studies, none have examined early detection of families at risk of
stunting as a preventive measure.

In this study, early detection is performed by examining factors established by BKKBN: having children
under two or five years old, couples of reproductive age (PUS), pregnant women, inadequate water sources,
poor sanitation facilities, marriage before age 19 or after 35, birth intervals of less than two years, high parity
(excessive number of children), and non-participation in modern family planning programs. These key factors
will form the basis for developing a detection system using one of the machine learning models, K-Nearest
Neighbour, with accuracy tested using Confusion Matrix. The resulting model will then be implemented in a
website where users can perform early detection and receive follow-up for those identified as at risk of stunting.
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TABLE 1
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III. RESEARCH METHOD

The web based application for predicting families at risk of stunting in Sigi Regency will be implemented
through the stages given in Fig. 1.

] Data Set Validation ) Classification Model
Data Collection and categorization of Stunting

*

The Results of
Stunting Prediction

v

Design Prediction »| Create Web-Based
System Application

T

Fig. 1. Research Flowchart

Conformance
Testing

A. Dataset

The dataset was obtained from the National Population and Family Planning Board (BKKBN) in Central
Sulawesi Province, comprising family records across the Sigi Regency. The collected data was then checked
for completeness of attributes. The Incomplete data removed from the dataset.

B. Classification Model of Stunting

From 40,379 complete records, we allocated 70% (28,265) as training data and 30% (12,114) as test data,
evaluating model performance on 11 attributes. The K-Nearest Neighbour algorithm was then applied. The
KNN algorithm determines class labels by identifying the most frequent class among k-nearest neighbors, where
'nearness' is quantified using these following distances as written as (1) and (2).

1) Euclidean Distance

Dist(X,Y) = (x; —y)? ()
where Dist (X,Y) represents the inter-object distance (Euclidean Distance), x; as training data, y; as testing
data, i as data variable or attribute, and D as data dimension [13].
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2) Manhattan Distance
dX,Y) = X 16 — il )

where d (X,Y) represents distance between x and y, i denotes the attribute index of the data, n as total number
of data points, x; is the i-th data point of the cluster center, and y; is the i-th data point in the dataset [14].

These distances are the frequent formula that always use for calculating distance in K-NN and easy to
implement. After obtaining the nearest neighbour distances, they are sorted in ascending order. The test data’s
class is then assigned based on majority voting among its k-nearest neighbours.

C. Accuracy Test
After class assignment, we evaluated the classifier’s performance using a Confusion Matrix (TABLE 2). This

matrix quantifies the model’s ability to discriminate between classes by comparing predicted and actual labels
[15].

TABLE 2
CONFUSION MATRIX [15]
Class Predicted Positive  Predicted Negative

Actually Positive TP FN

Actually Negative FP TN
TP : Number of positive-class data correctly classified by the system.
TN : Number of negative-class data correctly classified.
FN : Number of positive-class data misclassified as negative.
FP : Number of negative-class data misclassified as positive.
The accuracy is calculated using the following formula:

A TP+ TN 3)
ccuracy = ———
Y total

After accuracy validation, the model is tested by classifying new stunting data to evaluate its predictive
performance on unseen cases.

D. Create Web-Based Application
The Web-Based Application was developed to facilitate stunting risk prediction for families in Sigi Regency.

The system was implemented using Python programming language within the Visual Studio Code development
environment.

IV. RESULTS AND DISCUSSION
A. Classification and Prediction

The KNN algorithm was deployed with k € {1,...,n} (where n = training data size) for hyperparameter
optimization. Initial proximity measurements employed:

1) Euclidean Distance

The Euclidean distance was calculated using Equation (1). Let training data X; and test data Y; (where i =
1,...,28265 and j=1,..,12114) be represented as vectors X;= (Vq;, Voi, V3, Vai--» V11i)
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ande: (vlj, V2jyV3js Vajss-- 1711]') where v; (I =1,2,3,4,56,...11) denotes the [-th variable (attribute).
The Euclidean distance between the first test data ¥; = (0,0,0,0,0,0,0,0,0,1,0) and the first training data X; =
(0,0,0,0,0,0,0,0,0,0,0) is computed as follows:

d(XI!YI)z
J(O—0)2+(0—0)2+(0—0)2+(0—0)2+(0—0)2+(0—0)2+(0—0)2+(0—1)2+(0—0)2

+(0 — 1)2 + (0 — 0)?
= 1.414

The distance calculation between test and training data was performed sequentially until all 28,265 training
data were processed. This procedure was repeated for each test data, from the second to the 12,114th test case.
The complete distance computation results are presented in TABLE 3.

TABLE 3
CALCULATED EUCLIDEAN DISTANCES
Training Data and Test Data Euclidean Distance

Xy, Y))
X1, 17) 1.414214
X5, Y1) 1.414214
X3, 1) 1.732051
X4, Y1) 1.732051
(XSI Yl) 1

(X28265. Y1) 0

2) Manhattan Distance

The Manhattan distance was computed using Equation (2). The Manhattan distance between the first test data
Y; = 0,0,0,0,0,0,0,0,0,1,0 and the first training data X; = 0,0,0,0,0,0,0,0,0,0,0 is calculated as follows:

dx,Y)=[0-0/+[0-0/+|0—0]+|0—0]+]|0—0[+[|0—0[+]0—0[+[0—1]+[0—0]
+[0—1| 4+ |0 —-0|
=2
The distance calculation between test data and training data was performed sequentially until processing all
training data points. This procedure was repeated for each subsequent test data point, from the second test data
point to the 12,114th test data point. The complete distance calculation results are presented in TABLE 4.

TABLE 4
CALCULATED EUCLIDEAN DISTANCES

Training Data and Test Data (X;,Y;) Manhattan Distance
X1, 1) 2
(X2,11) 2
(X3, Y1) 3
(X4—' Yl) 3
0

(XS' Yl)

(X28265, Y1) 1
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After calculating the distances between test data and training data, the next step is to sort these distances from
smallest to largest. Once the data is sorted by distance, the class is determined by majority voting among the k-
nearest neighbours (here using k = 1).

TABLE 5
CLASSIFICATION RESULTS FOR K=1 NEAREST NEIGHBOR DATA

. _ Status
Distance k=1 At-Risk Non-At-Risk
Euclidean 2.067 0 2.067
Manhattan 2.067 0 2.067

According to TABLE 5, it can be concluded that the first test data (Y;) belongs to the non-stunting-risk family
category. The same process is performed for the second test data through the last test data A Confusion Matrix
was then constructed to visualize the comparison between model predictions and actual data, as well as to
calculate model accuracy. The Confusion Matrix and accuracy values for each distance calculation are presented
below.

TABLE 6
CONFUSION MATRIX OF EUCLIDEAN DISTANCE

Prediction Label

Non-At-Risk At-Risk
Actual Non-At-Risk 6588 0
Label At-Risk 2 5524

Based on TABLE 6, out of 12,114 data points, only two were misclassified. The model correctly predicted
6,588 data points as "Non-At-Risk" (True Negative) and 5,524 data points as "At-Risk" (True Positive), with
no False Positive prediction errors. However, there were two False Negative prediction errors where two "At-
Risk" data points were incorrectly predicted as "Non-At-Risk". The accuracy value was then calculated using
Equation (3) as follows.

| __ 658845524 o
COUTacy = oo88 + 0+ 2+ 5524

The accuracy value of the model using Euclidean distance is 0,99983 or 99,983%

TABLE7
CONFUSION MATRIX OF MANHATTAN DISTANCE

Prediction Label

Non-At-Risk At-Risk
Actual Non-At-Risk 6588 0
Label At-Risk 2 5524

According to TABLE 7, out of 12,114 data points, only two were misclassified. The model correctly predicted
6,588 data points as "Non-Risk" (True Negative) and 5,524 data points as "At-Risk" (True Positive), with no
False Positive prediction errors. However, there were two False Negative cases where two "At-Risk" data points
were incorrectly classified as "Non-Risk". The accuracy value was then calculated using Equation (3).

6588 + 5524

A - — 0.99983
COUTacy = co88 + 0 + 2 + 5524

The accuracy value of the model using Manhattan distance is 0.99983 or 99.983%.
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The same procedure was repeated from calculating distances between test and training data using different k-
values through to computing accuracy. The accuracy results for k-values ranging from 1 to 34 (as accuracy
decreases for k > 34) are shown in Fig. 2.

Accuracy vs k-value Accuracy vs kValue

Aceuracy

T 73 te b o3n g1 52 71 sk am o7k a7 FA s b oA oW B ow 33 E 4 e b s 5t b s asm o th 17 G5 1h w71 53 7308 % 76 7 s h W W B ow
kalue kValue

Fig. 2. Accuracy vs. k-Value Plot Using Euclidean Distance (Left) and Manhattan Distance (Right)

Fig. 2 demonstrates that the k-value yielding the highest accuracy for both Euclidean and Manhattan distances
is k = 3. These results are evident in the Confusion Matrix, which shows the accuracy achieved with k = 3
using both Euclidean and Manhattan distance methods (they have the same results).

TABLE 8
CONFUSION MATRIX OF EUCLIDEAN AND MANHATTAN DISTANCE
Prediction Label
Non-At-Risk At-Risk
Actual Non-At-Risk 6588 0
Label At-Risk 1 5525

Based on TABLE 8, out of 12,114 data points, only one was misclassified—a single "At-Risk" data point
incorrectly predicted as "Non-At-Risk." The accuracy calculation yields the following results:

| __ 65885524 o
CoUracy = Go88 + 0+ 2+ 5524

The accuracy value of the model using Euclidean and Manhattan distance is 0.99991 or 99.991%.

B. Web-Based Application

To facilitate stunting risk prediction for families in Sigi Regency, we developed a web-based application using
Python programming language within the Visual Studio Code development environment. The resulting
programming outputs are displayed as follows:

1)  Login Page Interface

Login

Fig 3. Login Page Interface

The login page serves as the authentication gateway to the website, requiring users to input their registered
email address and password for system access.
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2) Dashboard Page

¥ DASHBOARD

Selamat Datang di SEWS - Stunting Early Warning system

cone

© Dushboars

) togin

MENU UTAMA
e _ o=

Fig 4. Dashboard Page

This page serves as the default interface that presenting the appropriate dashboard for either regular users or
administrators based on their login credentials. On the dashboard, user can select which one of the features that
they want which are Test Stunting, Input Data, and About Stunting. These three features’ function can be known

as below.

3) Test Stunting Form Page for Prediction

Fig 5. Form Test Stunting Page

This interface serves as the primary data entry portal for family information to generate stunting risk
predictions. The user can input the form according to the condition of their family. Below the input form, a

dedicated "Test Stunting" button triggers the system to process and display prediction results.

4) Prediction Result
The input data on the prediction page will be divided into two main categories: "At-Risk" and "Non-At-Risk"
families. These categories provide information about stunting risk based on the entered family data.

To provide a clearer representation, these prediction results can be visually displayed in Fig. 6 and 7.

@ Keluarga Tidak Berisiko
e LU O UBLE S bl vt b 3 Mgt sl 3 i L e P i e 58 v s Ut e A

kembang yang optimal
Pastikan untuk terus menjaga gaya hidup sehat, memperhatikan kecukupan gizi, serta mengikuti arahan medis dan ahli gizi untuk mendukung kesehatan keluarga secara menyeluruh

Fig 6. Non-At-Risk Family Results Interface
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O Keluarga Berisiko

Hasil prediksi menunjukkan bahwa kehuarga ini berisiko mengalami stunting. Hal ini dapat mempengaruhi perkembangan anak-anak di dalam keluarga tersebut, baik dari segi fisik maupun kognitif. Tindakan

pencegahan sangat diperlukan untuk memastikan tumbuh kembang yang optiml

Segera kunjung fasilitas kesehatan terdekat untuk pemeriksaan dan kansultasikebih lanut, atau temukan informasi tentang langkah pencegahan di bagian "Learn” di website kami.

Fig 7. At-Risk Family Results Interface

When predictions classify a family as "At-Risk", clicking the "learn" button triggers navigation to the

subsequent information page.

5) Data Input Page

The data input page displays two different interfaces depending on user privileges. For regular users, the page
only shows the family data input form containing fields for "Family Head Name," "Address," "National ID
Number (NIK)," and "Status." The "Status" field is automatically populated with either "At-Risk" or "Non-
Risk" based on the prediction results. For administrators, the page additionally displays all previously submitted
family data records alongside the input form. This dual-view functionality ensures users only see relevant
information while allowing administrators full access to collected data for monitoring and analysis purposes.

INPUT DATA

INPUT DATA

Data Keluarga

Fig. 8. Data Input Page for User (Left) and Admin (Right)

6) Learning About Stunting Page

m LEARN ABOUT STUNTING
%

1on & "
oy Urasn & |f‘n )

# Test St

Cegah stunting sejak dini. Temukan tips dan panduannya di sini

DINAS KESEHATAN

. Q%{‘
J oW
“."‘, (] i

Fig. 9. Learn Page

This page is designed to provide relevant information and guidance for stunting risk management and
reduction efforts. It serves as an educational resource to support prevention initiatives, offering

recommendations for “At-Risk” family.

7) Logout

SEWS Stunting Early Warning System

Fig. 10. Logout Icon
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The interface includes a logout button positioned in the top-right corner, accessible to both regular users and
administrators when they need to securely exit the website.

V. CONCLUSION

The study demonstrates that K-Nearest Neighbor (KNN) predictions using k = 3 (the value yielding highest
accuracy) identify 5,525 families at risk of stunting and 6,589 non-risk families, based on both Euclidean and
Manhattan distance metrics. The model achieves 99.991% accuracy when evaluated via Confusion Matrix at
k = 3. As part of this research, a web-based application was developed to facilitate practical stunting risk
prediction. This tool is designed to streamline the identification of families at risk of stunting, offering an
efficient alternative to manual assessment methods.
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