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Abstract— This study aims to implement a nutritional status
index for infants and toddlers in Doko Village, Kediri Regency,
using the LightGBM algorithm. Child health issues in Indonesia,
particularly stunting, are a serious concern due to chronic
malnutrition, recurring infections, and insufficient psychological
stimulation during early developmental stages. Doko Village was
selected as the research location due to significant challenges
related to child nutrition in the area. The LightGBM algorithm
was chosen for its ability to process large and imbalanced
datasets while providing accurate predictions. The data used in
this study comes from weight and height measurements of
children at the local Posyandu. The main objective of this
research is to develop a predictive model that can help healthcare
workers identify children at risk of malnutrition, enabling more
precise interventions. Additionally, this study developed a web-
based application to monitor nutritional status in real-time,
which is expected to improve the quality of life for children in
Doko Village and nearby areas facing similar challenges.
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I. INTRODUCTION

Early childhood malnutrition continues to be a serious
public health issue worldwide, particularly in developing
countries. In Indonesia, the prevalence of stunting and other
forms of undernutrition among children under five years of age
remains high, despite numerous government and community-
level interventions. The World Health Organization (WHO)
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emphasizes the importance of monitoring anthropometric
indicators such as weight-for-age (BB/U), height-for-age
(TB/U), and weight-for-height (BB/TB) to assess nutritional
status and guide interventions [1]. In rural areas such as Doko
Village, located in Ngasem Sub-district of Kediri Regency,
East Java, the challenges of monitoring and improving child
nutrition are exacerbated by limited access to health facilities
and professional nutritionists. Despite initiatives such as the
Posyandu program—a community-based healthcare service for
mothers and children—real-time data processing and analysis
identifying  children
underdeveloped [2]. Consequently, there is a critical need for
data-driven systems that can assist health workers in early
detection of malnutrition. The Indonesian Ministry of Health
has adopted the WHO 2020 anthropometric standards as the
national reference for child growth monitoring [3]. However,
interpreting this data manually poses a significant burden on
health personnel, especially during monthly weighing sessions
Posyandu. A system that integrates computational
intelligence with anthropometric data analysis can greatly
enhance the speed and accuracy of nutritional assessments.

for at nutritional risk remain

at

In response to this need, machine learning (ML) techniques
offer promising solutions. ML algorithms are capable of
learning patterns from historical data and making accurate
predictions on new, unseen data. One such algorithm is Light
Gradient Boosting Machine (LightGBM), which is well-known
for its high efficiency and performance in both classification
and regression problems, particularly on structured tabular
datasets [4]. LightGBM stands out due to its use of leaf-wise
tree growth strategy, which allows deeper and more complex
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trees to be constructed compared to traditional level-wise
approaches. This capability makes it ideal for detecting subtle
patterns in data, such as the relationships between age, gender,
body weight, and height in nutritional classification tasks [5].
In the context of child nutrition, LightGBM can be trained to
recognize patterns associated with different nutritional statuses.
This research aims to build a classification model using
LightGBM to predict children’s nutritional status based on
Weight-for-Age (BB/U), using a dataset collected from Doko
Village that includes key anthropometric indicators. The study
limits the classification task to three categories only—Normal,
Underweight, and Overweight—to align with WHO standards
and simplify the model output for field application [6]. The
proposed model is developed and evaluated using four different
data splitting ratios (60:40, 70:30, 80:20, and 90:10) to
determine the most effective balance between training and
testing performance. By evaluating each model using metrics
such as accuracy, precision, recall, F1l-score, and confusion
matrix, the research seeks to identify the best configuration for
practical deployment in healthcare settings [7].

Moreover, the trained model is integrated into a Streamlit-
based web application, designed with a simple user interface to
support real-time nutritional status prediction. This approach
enhances usability for non-technical users such as village
midwives, Posyandu volunteers, and parents, enabling them to
receive  instant  classification results and tailored
recommendations [8]. Previous studies have utilized machine
learning to classify nutritional status, but few have focused
specifically on rural contexts with limited infrastructure. This
study fills that gap by providing a localized solution based on
real-world data, which is both scalable and interpretable [9].
The ability to automate and personalize nutritional monitoring
supports Indonesia’s broader goals for reducing stunting
prevalence to below 14% by 2024, as stated in the National
Medium-Term Development Plan [10]. In summary, this
research  presents integration of LightGBM
classification and web-based visualization to address
malnutrition among children under five in rural Indonesia. The

a novel

system not only automates nutritional assessments but also
contributes to the national agenda for improving child health
outcomes.

II. RESEARCH METHOD

The nutritional status of children under five years old is
widely recognized as a critical indicator of a nation’s public
health and development. According to WHO standards,
children are assessed using anthropometric indices such as
weight-for-age (BB/U), height-for-age (TB/U), and weight-
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for-height (BB/TB), each serving a unique purpose in
identifying malnutrition [1]. These indicators are particularly
important during the first five years of life, a period
characterized by rapid physical, cognitive, and emotional
development. Several studies have identified that malnutrition,
including stunting, wasting, and underweight, can severely
affect a child’s long-term development and productivity. The
Indonesian Ministry of Health reported that in 2022, the
prevalence of stunting in children under five was still above
20%, exceeding the national target [2]. Various government
programs, such as Posyandu and Gerakan Nasional Percepatan
Perbaikan Gizi, aim to reduce this figure through routine
monitoring and community-based interventions.

Anthropometric measurements are the most commonly
used tools to determine nutritional status due to their
simplicity and cost-effectiveness. These include weight,
height, and age, which are compared against reference growth
charts to determine whether a child’s development is on track
[3]. However, traditional methods of interpreting these
measurements require manual plotting and analysis, which are
prone to human error and often inefficient in high-volume
field settings. Recent advances in data science and machine
learning have opened new avenues for automating and
improving the accuracy of nutritional status classification.
Machine learning (ML) is a branch of artificial intelligence
that allows systems to learn from historical data and make
predictions or decisions without being explicitly programmed
[4]. In the health sector, ML has been successfully applied in
predicting disease outcomes, classifying patient risks, and
assisting in medical diagnoses.

Among various ML algorithms, ensemble methods such as
Gradient Boosting have gained popularity for their high
accuracy in classification tasks. LightGBM (Light Gradient
Boosting Machine), developed by Microsoft, is a gradient
boosting framework that uses tree-based learning algorithms.
It is known for its speed and efficiency, particularly on large
datasets with many features [5]. LightGBM uses a leaf-wise
growth strategy and supports techniques like Gradient-based
One-Side Sampling (GOSS) and Exclusive Feature Bundling
(EFB) to reduce training time and memory usage. Previous
studies have shown the successful implementation of
LightGBM in various domains, including finance, energy, and
healthcare. For instance, in medical research, LightGBM has
been used to predict diabetes, heart disease, and mortality risk
with considerable accuracy [6]. At the ¢-th iteration, the
predicted value for the i-th sample is denoted as:

i@ =+ f ()
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Where }'1'{} is the prediction result at iteration t,

Vi (t=1)is the result from the previous iteration, and f; (x;)is
the new model built at the current iteration. This concept
reflects the principle of boosting, which aims to correct the
errors from the previous iteration. Unlike the level-wise
approach that expands the tree evenly at each level,
LightGBM adopts a more flexible leaf-wise approach. Leaf-
wise growth adds branches only to the leaf node with the
greatest potential to reduce loss. This enables LightGBM to
achieve higher accuracy with the same tree depth. Its ability to
handle missing values and categorical variables without the
need for heavy preprocessing makes it suitable for real-world
health data applications. In the context of child nutrition, a few
studies have adopted ML techniques to classify children into
different nutritional status categories. For example, Putra et al.
used decision trees and random forest algorithms to classify
stunting status based on demographic and nutritional factors
[4]. However, these models often face limitations in accuracy
and generalization, especially when applied to rural datasets
with high variability and noise.

Confusion matrix-based performance evaluation is
commonly employed to assess classification models in
healthcare-related research. Metrics such as accuracy,
precision, recall, and Fl-score provide a comprehensive
picture of the model's ability to distinguish between different
classes, especially in imbalanced datasets [8]. For multiclass
problems like BB/U classification, these metrics are essential
to ensure that minority classes such as “Underweight” or
“Overweight” are accurately predicted. Furthermore, web-
based systems such as Streamlit have enabled the deployment
of machine learning models in a user-friendly environment.
simplifies the development of
applications by allowing developers to combine Python code
and frontend elements within a single framework [9]. For
public health applications, this means that complex predictive
models can be made accessible to non-technical users, such as
midwives or community health volunteers. Given these

Streamlit interactive

developments, integrating LightGBM with a web interface
like Streamlit can serve as a practical solution for real-time
nutritional assessment in rural communities. By leveraging
accurate classification models and interactive interfaces,
health workers can identify at-risk children earlier and take
necessary interventions, thereby supporting national efforts to
reduce malnutrition rates [10].

34

III. METHODOLOGY

This research applies a quantitative approach using
supervised machine learning to classify the nutritional status
of children under five years old based on the BB/U (Weight-
for-Age) indicator. The dataset used contains anthropometric
data such as age (in months), weight (kg), height (cm), and
gender. These features are used as input variables (features),
while the BB/U classification (Normal, Underweight,
Overweight) is used as the target output (label). The
LightGBM algorithm is chosen due to its speed and ability to
handle large-scale data efficiently. The research was
conducted in Desa Doko, Ngasem Subdistrict, Kediri
Regency, where community health centers (Posyandu)
routinely collect anthropometric data. Data collection was
based on real measurements conducted over a 10-month
period from June 2024 to March 2025. Each child's data was
recorded monthly, allowing the dataset to include temporal
changes in weight and height. This data is then cleaned,
normalized, and converted into a format suitable for machine
learning modeling.
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Figure 1. Research Flowchart

The data preprocessing phase begins with handling
missing values and converting categorical variables into
numerical form. For example, gender is encoded as 1 for male
and 0 for female. Only numeric features (age, weight, height,
gender) are retained for model input. The BB/U column is
retained as the classification target, while other nutritional
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indicators (TB/U, BB/TB, and their z-scores) are excluded
from the feature set to maintain focus and model simplicity.
After preprocessing, the dataset is divided into training and
testing subsets using four different ratios: 60:40, 70:30, 80:20,
and 90:10. This step ensures the model is evaluated under
various data distribution scenarios and is not overfitted to a
particular subset. The division is performed randomly but
consistently using a fixed random seed (e.g.,
random_state=42) for reproducibility.

Model training is carried out using the LightGBM
classifier. This algorithm builds decision trees sequentially,
using a gradient boosting technique to reduce prediction error
at each iteration. Unlike traditional algorithms that grow trees
level-wise, LightGBM uses a leaf-wise growth strategy, which
selects the leaf with the maximum loss reduction to split. This
approach increases accuracy but may lead to overfitting if not
controlled  with  parameters like  max depth  or
min_data_in leaf. Hyperparameter tuning is not explicitly
performed in this study to maintain a consistent training
process across data ratios. However, default parameters such
as learning rate, n_estimators, and verbosity are applied,
which already produce reliable performance based on prior
research. The evaluation uses key metrics including accuracy,
precision, recall, and Fl-score to assess the classification
results.

Each trained model is evaluated on its respective test set
using a confusion matrix, which allows visualization of
prediction accuracy for each class label. This helps identify
which classes are being correctly or incorrectly predicted. The
matrix is displayed for each data ratio, allowing the researcher
to compare the effect of training data proportion on prediction
performance. Among the four tested ratios, the 80:20
configuration produced the highest accuracy and F1-score.
Therefore, this model is selected as the final model and saved
using the pickle library for future use. The saved model
(Igbm_terlatih 80.pkl) is then integrated into a web-based
application using Streamlit to allow real-time nutritional status
prediction.

The Streamlit application allows particularly
healthcare workers, to input data such as gender, age, weight,
and height. The system then displays the predicted BB/U
status, along with additional information about ideal growth
indicators and health recommendations based on the child’s
nutritional classification. This implementation aims to
simplify access to Al-based decision support tools in rural and

users,

community health settings. The final output of this research is
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not only a predictive model but also an interactive application
that facilitates the early detection of nutritional problems.
Through this integration, the research contributes to public
health monitoring efforts by offering a practical tool that
supports interventions at the grassroots level.

IV. RESULT AND DISCUSSION

The classification model was implemented using the
LightGBM algorithm with a focus on the BB/U (Weight-for-
Age) indicator. After data preprocessing and feature selection,
the dataset was split into training and testing subsets using
four different ratios: 60:40, 70:30, 80:20, and 90:10. The
features used for training include gender, age in months,
weight, and height. The label or target variable is the BB/U
status with three classes: “Normal,” “Underweight,” and
“Overweight.” For each split ratio, a LightGBM model was
trained and evaluated. The classification performance was
measured using standard evaluation metrics such as accuracy,
precision, recall, and Fl-score. These metrics provide a
comprehensive overview of how well the model performs in
distinguishing between the three BB/U categories. In addition,
confusion matrices were used to examine the number of
correct and incorrect predictions for each class.

At a 60:40 ratio, the model achieved an accuracy of 96%,
but the precision, recall, and F1-score were relatively lower at
0.68. This indicates that while the model was generally
accurate, it struggled with balance across the three classes due
to less training data. A larger test set may also introduce more
variance that the model has not been trained to handle. At the
70:30 ratio, the model's accuracy improved to 97%, with
recall, to 0.94. This
configuration providled a more balanced performance,
demonstrating better generalization from the training data to
unseen test data. The results suggest that increasing the
training set size enhances the model’s ability to learn
meaningful patterns. The best performance was obtained at the
80:20 ratio, where the model achieved an accuracy of 97%,
precision of 0.94, recall of 0.95, and an F1-score of 0.94. This
split offered an optimal balance between training depth and
test set variability, indicating that the model could effectively
differentiate between the three BB/U categories without
overfitting. Interestingly, the 90:10 ratio also yielded high
accuracy (97%), but due to the limited test data size, the

precision, and Fl-score rising

performance evaluation metrics were slightly more variable.
While the training performance was strong, a small test set
may not provide a reliable measure of real-world performance.
Thus, although this split is efficient in training, it may not
offer the best validation scenario.
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Based on these findings, the 80:20 ratio in Figure 2 was
selected as the final model configuration. This model was then
saved using the Python pickle library to allow for deployment
without retraining. Saving the trained model enables
integration into practical applications and makes it accessible
for use in real-time prediction systems. The saved model was
deployed in a Streamlit-based web application. This interface
allows users to input the child’s age, gender, weight, and
height to obtain an immediate BB/U classification. The
application also provides additional information based on age
category and gender, including ideal weight and height, along
advice. To
experience, the application displays a table of ideal values for
different age groups and gender categories. The table is

with personalized nutritional improve user

divided into male and female references, derived from
pediatric growth standards, providing a comparison between
the user's input and recommended anthropometric ranges.

This contextual feedback aids caregivers in understanding
their child’s health status more comprehensively. Visual
elements such as colored notifications and interactive
predictions enhance usability for non-technical users, such as
health workers or caregivers at Posyandu (integrated health
posts). This user-centric design ensures that the system is not
only technically effective but also accessible and practical for
frontline use. In conclusion, the results show that LightGBM
can successfully classify the nutritional status of children
based on BB/U indicators. With the deployment of this model
into a web-based interface, the research bridges the gap
between machine learning and public health service, providing
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a digital solution that can assist in early detection and
intervention in child malnutrition.

V. CONCLUSION

This research implemented the Light Gradient Boosting
Machine (LightGBM) algorithm to classify the nutritional
status of children under five based on the Weight-for-Age
(BB/U) indicator. The system utilized anthropometric features,
including gender, age in months, body weight, and height.
Four different training-to-testing ratios (60:40, 70:30, 80:20,
and 90:10) were tested to determine the most optimal model
performance. Among these, the 80:20 ratio yielded the best
results, with accuracy, precision, recall, and Fl-score all
reaching above 94%. The model was saved and deployed in a
web-based application using Streamlit, enabling real-time
predictions of children’s nutritional status based on input data.

The final system provides not only BB/U predictions but
also supportive information, including ideal anthropometric
benchmarks per age and gender, as well as actionable
nutritional advice. This empowers health workers and
caregivers to monitor and address early signs of malnutrition.
The application’s intuitive design ensures accessibility for
users in community health centers, especially Posyandu, and
supports the broader public health objective of early stunting
prevention. However, this study is limited to a single target
classification (BB/U). Future research could extend the
classification to include other indices such as TB/U (Height-
for-Age) and BB/TB (Weight-for-Height), or even perform
multi-output addition, hyperparameter
tuning, which was not deeply explored in this study, could

classification. In

further improve model accuracy and generalizability.

Another potential improvement lies in integrating broader
datasets across regions and time periods to enhance the
robustness and applicability of the model on a national scale.
Incorporating longitudinal data could also enable not just
classification, but forecasting of nutritional trends among
children over time. In conclusion, this research successfully
demonstrates the effectiveness of LightGBM in addressing
public health challenges through digital solutions. The
integration of machine learning with a web interface opens up
new possibilities for preventive nutrition services. It is hoped
that the model and application developed here can serve as a
practical tool in the early identification and management of
nutritional problems among Indonesian children.
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