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The nutritional status of toddlers is a fundamental factor in supporting their growth
and development, particularly during the golden period of 0-5 years of age.
Malnutrition in toddlers can have detrimental effects on physical growth, cognitive
development, and immune function. In Indonesia, child malnutrition remains a
significant public health challenge, particularly in rural areas, necessitating improved
nutritional surveillance systems at primary health centers. The manual assessment of
nutritional status at community health centers (Puskesmas) often poses challenges in
promptly identifying toddlers with undernutrition or severe malnutrition. This study
aims to develop a toddler nutritional status classification system based on the
Random Forest method to assist healthcare workers in determining nutritional status
quickly and accurately. This study utilized a dataset of 2,612 toddler anthropometric
records collected from Tanah Pasir Community Health Center, North Aceh, between
November 2024 and January 2025. The dataset was split into training (2,090 records,
80%) and testing (522 records, 20%) sets using stratified random sampling. Key
variables included age (0-60 months), body weight (kg), and body height (cm).
Nutritional status categories were determined based on WHO Child Growth
Standards using the weight-for-age (W/A), height-for-age (H/A), and weight-for-
height (W/H) indices. The Random Forest method was chosen due to its ability to
construct multiple decision trees through ensemble learning, resulting in more
accurate predictions and better resistance to overfitting. The model was implemented
with 100 trees and evaluated using standard classification metrics. The experimental
results demonstrated that the system achieved strong classification performance,
with an accuracy of 93%, precision of 95%, recall of 98%, and an F1-score of 96%.
The high recall value is particularly significant in healthcare applications, ensuring
minimal false negatives in detecting malnourished toddlers. The developed system
facilitates healthcare workers in efficiently and systematically monitoring toddlers'
nutritional status with consistent classification standards. Therefore, this system is
expected to serve as a decision-support tool to improve community nutritional status
at the community health center level, enabling early intervention for at-risk children.

This is an open access article under the CC—BY-SA license.

I. INTRODUCTION

Nutritional health for toddlers is a crucial aspect that
requires careful attention, particularly from parents and
healthcare professionals. Nutritional status reflects the level
of success in meeting children's nutritional needs, which can

be determined through indicators of body weight and height.
This information serves as the foundation for assessing
children's nutritional health conditions. Nutritional status
plays an important role in achieving optimal health levels.
Malnutrition can result in stunted growth, decreased energy
for physical activities, weakened immune systems, and
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permanent brain function disorders, especially during the
growth period of toddlers aged 0-5 years. Conversely,
overnutrition also negatively impacts health, particularly
causing overweight or obesity which can lead to various
health risks [1].

Severe malnutrition or undernutrition is a problem
frequently experienced by toddler groups and impacts health,
growth, development, and productivity in adulthood. In
assessing nutritional status, anthropometric measurement
becomes a common approach by considering indicators of
body weight, age, height, and gender of toddlers.
Anthropometric measurement consists of a series of general
indicators, including weight-for-age ratio (W/A), weight-for-
height ratio (W/H), and height-for-age ratio (H/A). Generally,
the W/A ratio is used as a standard method for assessing child
growth, while the W/H ratio is considered the most sensitive
anthropometric indicator in describing current nutritional
status. The growth and health of toddlers play important roles
in the progress of society and the nation. Therefore,
collaboration from all parties is needed to fulfill shared
responsibility in ensuring future generations grow well.
Providing balanced nutritional intake appropriate to
developmental stages is crucial for supporting optimal growth
and forming healthy lifestyle habits in the future.

To understand the problem of malnutrition in toddlers in
Indonesia, it is necessary to know that this condition is
influenced by many factors, particularly food consumption
patterns. The key contributing factor is limited parental
nutritional knowledge, which is often influenced by low
education levels and poverty. Additionally, prevention efforts
must consider unhealthy environmental factors that
exacerbate malnutrition risks. The importance of increasing
public awareness about environmental hygiene, especially in
certain urban areas, becomes crucial because dirty
environments increase disease vulnerability in toddlers. It
should be understood that toddlers who frequently fall ill tend
to experience nutritional disorders. The serious impacts of this
condition include physical growth disorders and mental
development issues, which in turn can affect children's
learning abilities and cognitive development in the future [2].

Understanding the importance of the toddler period as the
golden phase of development, it should be recognized that this
period determines a person's quality of life in the future. Child
growth is not only measured by physical changes, but also
reflects nutritional adequacy. To optimize growth and
development, adequate nutritional fulfillment is absolutely
necessary, while malnutrition risks disrupting development.
In Indonesia, serious efforts are needed through regional
mapping to identify areas with undernutrition cases. Strategic
steps to improve the quality of nutritional intake are very
important to ensure that toddlers' nutritional needs are met and
to prevent the adverse effects of malnutrition [3].

Based on the background outlined above, a title can be
proposed: "Classification for Determining Nutritional Status
of Toddlers Using Random Forest at Tanah Pasir Primary

Health Center, North Aceh". It is hoped that this research can
identify malnutrition in toddlers.

II. METHODS

This research was conducted at Tanah Pasir Primary Health
Center, North Aceh Regency. The selection of this location
aims to facilitate the data collection process and references
needed to support system design so that it can function
optimally. The research was planned to take place from
November 2024 to an undetermined time, starting from the
research proposal preparation stage to the final research report
preparation.

A. Research Workflow
The following are several stages of steps in conducting
research:

1. Problem Analysis: Analyzing problems related to
determining nutritional status in toddlers.

2. Data Collection: Collecting data by obtaining or
requesting data from Tanah Pasir District Primary
Health Center and conducting interviews with Tanah
Pasir Primary Health Center staff regarding information
needed in this research.

3. Data Processing: Processing data obtained from Tanah
Pasir District Primary Health Center using Microsoft
Excel software as a data processing medium.

4. Method Application: In this research, the author applies
data mining techniques based on classification using the
Random Forest algorithm to obtain solutions to the
problems studied.

5. Data Testing: This stage is the process of testing the
system that has been designed previously.

6. Conclusion: When all processes are completed, it will
produce a conclusion obtained from the classification of
toddler nutritional status determination.

B. Data Mining Method

Data is a collection of facts or information that can be
measured, calculated, or processed. Data can be in the form
of numbers, text, images, or other formats. In the field of
computing, data is a digital representation of information that
can be stored, processed, and transmitted by computer
systems [4]. The data exploration process involves in-depth
analysis of data archives to reveal relationships, certain
patterns, or regularities in large datasets. The insights
generated from this analysis play an important role in
improving decision-making processes [5].

As part of Knowledge Discovery in Databases, data mining
aims to transform raw data into knowledge through
identification of significant patterns in historical data archives
[6]. This process enables organizations to make more accurate
data-driven decisions. Methodologically, data mining
implementation integrates various disciplines including
statistical analysis, mathematical models, intelligent systems,
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and machine learning techniques to filter crucial information
from the ocean of data [7].

The data mining process can be divided into several
interrelated and interactive stages [8]:

1. Data Cleaning: The dataset cleaning process aims to
remove invalid, inaccurate, or unnecessary data.
Meanwhile, data consolidation (data integration)
involves collecting data from various sources into one
integrated database.

2. Data Selection: To make analysis more efficient and
precise, only relevant and necessary data will be
selected from the database, considering that not all
stored information will be used.

3. Data Transformation: To be analyzed effectively in
data mining, data needs to be converted or unified into
a compatible and standardized format.

4. Mining Process: This process becomes the heart of the
activity where various algorithms are implemented to
extract potential knowledge contained in the data.
Several techniques are available for use, adapted to the
type of analysis in data exploration.

5. Pattern Evaluation: Its main function is to detect
meaningful relationships in data for further integration
into the formed knowledge repository.

6. Knowledge Presentation: This process involves
graphical representation and insight delivery about the
approaches used, so that analysis results can be
presented to users in an intuitive and easily digestible
format.

C. Classification Method

One of the most important stages in data processing is
classification [9]. Classification is the process of grouping or
labeling new data or objects based on certain characteristics.
Classification techniques are performed by analyzing
variables generated from available data. The core of the
categorization process is to determine labels or groups of
unidentified entities. Stages in the classification system
include model construction, model application, and
evaluation process [10]. Essentially, this technique seeks to
find a mathematical model capable of characterizing and
separating various data classes, which can then be applied to
predict classification of new data [11].

At this stage, classification of toddler nutritional status is
performed through the application of the Random Forest
algorithm. The advantages of this method include the ability
to maintain accuracy despite missing values, robustness
against extreme data, and optimization of storage space usage.
Additional features in the form of attribute selection
mechanisms help identify the most significant variables,
which ultimately improve the quality of the classification
model [12].

D. Random Forest Method
Random Forest is a machine learning technique that
combines several decision trees to produce conclusions. This

algorithm can be applied for both grouping and forecasting,
such as categorizing data or calculating variables from
various models to predict results. In Random Forest, many
decision trees are built, and the output from each tree is then
combined to obtain the final prediction. Random Forest is
known for its ability to overcome various machine learning
problems, both classification and regression [13].

The algorithm utilizes many decision trees built randomly,
where each tree is created independently. The differences
between trees and their independent nature make Random
Forest more resistant to overfitting. The dataset splitting
process involves grouping data into several different subsets,
each having a specific role in the data analysis flow. Before
training the classification model with Random Forest, the
main data is first divided into two main parts: training set to
build the model and testing set to test its performance [14]. To
build an optimal decision tree model, the following workflow
and mathematical formulations need to be applied [15].

1. Entropy Formula
The entropy formula is shown in equation

Entropy (S) = 2%21 —pi * logzpi* .cocoeeinn.. (1)

Where:

- S is defined as all research data to be processed

- A functions as determining variables to be evaluated for each
data point in S

- n is needed to divide S into smaller sub-groups for more
focused analysis

- Pi is useful for understanding data distribution by showing
the relative contribution of each sub-group to the total dataset.

2. Determining Gain using equation

Gain (S,A) = Entropy (S) — %=1 |Sil/|S| *
Entropy(Si) * coeeveeeeeeeene 2)

Where:

- S defines the entire data population that is the subject of
research

- A serves as a key parameter to be evaluated for each element
inS

- n is important for classifying data based on variations in
parameter A values

- |Si| is useful for measuring the prevalence of each category,
while |S| provides proportional context by showing the total
dataset size.

III. RESULT

The results of this research reveal that the application of the
Random Forest algorithm can be used to assess the nutritional
status of toddlers at Tanah Pasir Primary Health Center, North
Aceh, enabling malnourished toddlers to receive necessary
interventions. This algorithm classifies nutritional status
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based on parameters such as age, weight, and height. Data
originating from Tanah Pasir Primary Health Center is
processed into a new dataset for classification purposes. The
output of this application is information related to toddler
nutritional categories that have been determined through the
classification process. This research is designed to create a
system capable of categorizing the nutritional status of
toddlers in the region by utilizing the Random Forest
algorithm. With this approach, the system can automatically
predict nutritional status based on body measurement data
such as age, weight, and height.

A.  Problem Identification

The main problem addressed is the difficulty in
determining the nutritional status of toddlers quickly and
accurately in the Primary Health Center environment. Many
toddlers are still not handled in a timely manner due to
limitations in manual nutritional monitoring systems. The
problems identified in this research include the lack of
automatic systems for nutritional status classification in the
Primary Health Center environment. Nutritional status
assessment is still conducted manually, which potentially
causes delays in handling malnourished toddlers. An efficient
and accurate classification method is needed to process
toddler anthropometric data. With this problem background,
the Random Forest algorithm is implemented because it is
capable of managing complex data and providing good
classification results.

B.  Data Analysis

The purpose of using data in this research is to train and
test the toddler nutritional status classification model with the
Random Forest algorithm. Data was obtained from Tanah
Pasir Primary Health Center, North Aceh, including variables
such as age (months), weight (kg), height (cm), and nutritional
status categories (W/A, W/H, H/A) based on WHO standards.
This dataset serves as the main foundation in developing the
classification system.

The dataset used in this study comprises a total of 2,612
toddler records collected from Tanah Pasir Primary Health
Center, North Aceh. The data includes key anthropometric
measurements: age (in months), body weight (in kilograms),
and body height (in centimeters). The age range of toddlers in
the dataset spans from 0 to 60 months, representing the critical
golden period of child development.

Nutritional status categories were determined based on
three anthropometric indices following WHO standards:
weight-for-age (W/A), height-for-age (H/A), and weight-for-
height (W/H). Each toddler was classified into one of four
categories: Good Nutrition, Undernutrition, Overnutrition, or
Severe Malnutrition, based on their anthropometric
measurements and corresponding z-scores.

Data preprocessing was conducted using Microsoft Excel
to ensure data quality and consistency. This process included
data cleaning to remove incomplete records, particularly
those missing critical values for age, weight, or height. Data

format standardization was performed to ensure compatibility
with the Random Forest algorithm. Records with missing
values in key variables were excluded from the analysis to
maintain data integrity. Following the cleaning process, data
labeling was conducted to determine nutritional class labels
based on anthropometric index calculations.

The cleaned dataset was then split into training and testing
sets using an 80:20 ratio. Specifically, 2,090 records (80%)
were allocated for training the Random Forest model, while
522 records (20%) were reserved for testing and validation.
This split ratio was chosen to provide sufficient data for model
training while maintaining an adequate testing set for reliable
performance evaluation. The random splitting method was
employed to ensure unbiased representation of all nutritional
status categories in both training and testing sets.

Random Forest was selected for this classification task due
to its advantages in handling datasets with many features,
resistance to overfitting, and ability to provide high accuracy
in classification data. Each decision tree in Random Forest is
built using random subsets of data and random subsets of
features (attributes). The collective voting process from all
trees is used to produce the final prediction, which enhances
the model's robustness and reliability.

For research purposes, a toddler nutritional status database
officially obtained from Tanah Pasir Primary Health Center
in North Aceh Regency is used as the primary data source.
The following is an example of infant nutrition data.

TABLE 1.
INFANT NUTRITION DATA

No Attribute Description Example
1 NIK Population 110813261118000
Identification Number 1
2 NAME Toddler Name misyari altaf h
3 GENDER Gender (F=Female, M
M=Male)
4 Birth Date Birth date in Year, 26-11-2018
Month, Date format
5 Birth Weight Toddler's weight at 3.00
birth
6 Birth Height Toddler's height at 49.0
birth
7 Parent Name Toddler's parent name suryati
8 District Village or Sub-district Tanah pasir
of toddler's origin
9 Regency/City Regency of toddler's Aceh Utara
residence
10 Province Toddler's province Aceh
11 W/A Weight for Age Normal Weight
12 H/A Height for Age Normal
13 W/H Weight for Height Normal

The following is a table of children's data with parameters
of age, weight, height, and labels.

TABLE 2.
CHILDREN DATA WITH PARAMETERS

No Name Age | Weight | Height Label
(cm)
1 Nadia agustina 12 6.5 70 Undernutrition
2 Aiswa Nahla 14 7 72 Undernutrition
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3 | Arsyia Falisha 13 5.5 68 Severe values exceeding 80 are classified as obesity. The threshold is
4 M.Sultan Alfatih 15 8 74 M?\lfnumtion setat 73 cm.
Sultan atl orma . . .
5 | M Alkhabir T 25 s Normal The following is the age parameter table with age values
6 Muhammad Rizki 17 10 76 Overnutrition for each label:
7 Fagzll Haq.lql 18 11.5 80 Obesity TABLE 5.
8 Zainal Aulia 14 9 74 Normal AGE PARAMETER TABLE
9 Suci Nazira 12 7.2 70 Undernutrition
10 | Marzia Kamila 15 11 78 Obesity Age Label
12 Severe Malnutrition
. . . . 13 Severe Malnutrition
The following is the weight parameter table: " Undermutrition
TABLE 3. 15 0 Normgl_
WEIGHT PARAMETER TABLE 7 vernutrition
18 Obesity
Weight Label
5.5 Severe Malnutrition a) Age<14.5 —[12, 13, 14] — Undernutrition, Severe
6.5 Undernutrition .-
3 Normal Malnutrition

35 Normal b) Age>14.5—[15,17, 18] — Normal, Overnutrition,

10 Obesity Obesity

11.5 Obesity

a) Weight<8.5 — [5.5, 6.5, 8.0, 8.5] — Labels:
Severe Malnutrition, Undernutrition, Normal.

b) Weight > 8.5 — [10.0, 11.5] — Labels:
Overnutrition, Obesity.

In the weight parameter table, each label has kg values. The
threshold value for the weight parameter is 8.5. If weight is
below 5.5, it results in severe malnutrition label; if the value
is above 5.5 and below 6.5, it results in undernutrition label;
if the value is above 8.0 and less than or equal to 8.5, it results
in normal label; if the value is above 8.5 and below or equal
to 10.0, it results in overnutrition label; and if the value is
more than 10.0, it results in obesity label. Threshold: 8.5 kg.

The following is the height parameter table with cm values

for each label:

TABLE 4.
HEIGHT PARAMETER TABLE
Height Label

68 Severe Malnutrition
70 Undernutrition
72 Undernutrition
74 Normal

76 Overnutrition

80 Obesity

a) Height < 73 — [68, 70, 72] — Undernutrition,
Severe Malnutrition

b) Height > 73 — [74, 76, 80]
Overnutrition, Obesity

—  Normal,

In the height parameter table, each label has cm values. The
threshold value for the height parameter is 73. If the value is
less than or equal to 68, it is categorized as severe
malnutrition. For values greater than 68 but not exceeding 70,
it falls into the undernutrition category. Values above 70 up
to a maximum of 73 are classified as normal nutrition. Values
between 73 to 80 fall into the overnutrition category, while

In the age parameter table, each label has age values. The
threshold value for the age parameter is 14.5. If the value is
less than 14, it results in severe malnutrition; if the value is 14
and below 14.5, it results in undernutrition; if the value is 14.5
and above but below 17, it results in overnutrition; and if
above 17, it results in obesity.

The following is a test table with Normal results:

TABLE 6.
TEST TABLE WITH NORMAL RESULTS
NO | NAME Age Weight Height Label
(months) (kg) (cm)
1 Alfarizki 15 8.2 73 Normal

The following are the prediction results:

TABLE 7.
PREDICTION RESULTS

Prediction Results
(Weight): 8.2 <8.5 — Normal
(Height): 73 <73 — Undernutrition
(Age): 15> 14.5 — Normal

a) The weight value is 8.2, so the prediction result for the
weight parameter is Normal because 8.2 is between 8.0
and 8.5

b) The height value is 73, so the prediction result for the
height parameter is Undernutrition because 73 is between
70 and 74

c) The age value is 15, so the prediction result for the age
parameter is Normal because 15 is between 14.5 and 15.

The following are the majority voting results:

TABLE 8.
MAJORITY VOTING RESULTS

Majority Voting

Normal: 2 votes

Undernutrition: 1 vote

Normal
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From the voting results, Normal Nutrition has 2 votes while
Undernutrition has 1 vote. Therefore, in testing Alfarizki's
data, the result is Normal Nutrition.

The evaluation process begins by displaying the confusion
matrix from the system results, then continues with
calculating precision, recall, F1-Score, and accuracy metrics.
These parameters are used to measure the effectiveness of the
Random Forest-based classification system. The detailed
calculations are as follows.

a. Precision
Precision = 0.94612068965517 x 100% = 95%

Of all system predictions stating that toddlers fall into a
certain nutritional class (for example "Normal Nutrition"),
95% of these predictions are correct. This means the system
rarely mistakenly thinks toddlers who are not actually in that
class belong to it.

b. Recall
Recall = 0.97772828507795 x 100% = 98%

A recall of 98% means: Of all toddlers who actually belong
to a certain nutritional class, the system successfully identifies
98% of them. So, this system very rarely misses cases of
problematic nutrition (low false negative).

c. F1-Score

F1 — Score = 0.96166484118291 x 100% = 96%

With an F1-Score reaching 96%, it can be seen that: The
balance between Precision (95%) and Recall (98%) values is
very good. This indicator is particularly relevant for cases
where it is necessary to consider both false positives and false
negatives in a balanced way, such as in determining toddler
nutritional status which is a sensitive matter.

d. Accuracy
Accuracy = 0.92911877394636 x 100% = 93%

An accuracy of 93% means: Of all test data entered, 93%
are correctly classified by the system. However, accuracy can
be misleading if the data is unbalanced (for example, too
much "Normal").

C. System Implementation
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Figure 1. Login Page
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The page above is the login page where users can enter
their username and password to access the system. If
successful, it will redirect to the dashboard page.
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Figure 2. Dashboard Page

The image above shows the dashboard page. On this page,
users can view several pieces of information in the system,
namely the total count.
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Figure 3. Children Data Page

The image above shows the children data page. This page
is designed to manage children's data as a dataset for
classification, perform preprocessing such as editing or
manual validation before applying to the Random Forest
algorithm, and serve as an important part of the child
nutritional status detection or evaluation system.
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Figure 4. Testing Page

This display shows that the application has successfully
implemented the Random Forest model for child nutritional
status classification, clearly displays evaluation metrics, and
provides individual prediction results, useful for decision-
making in nutritional interventions.
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Figure 5. Export Page

EEoe@E

The purpose of this feature is to document the results of
child nutritional status classification testing. It is useful in
reporting to health agencies, social services, or internal
storage. The PDF format allows for neater and more formal
storage and distribution.

oo Muer-BecCcoerBfREeDEN ~aG Y ean il
Figure 6. Change Password Page

This password change feature allows administrators to
make changes independently as part of the system security
mechanism. This capability is vital for protecting user
accounts, especially when dealing with sensitive data
processing such as toddler nutritional status records.

IV. DISCUSSION

A.  Interpretation of Classification Performance

The Random Forest model achieved a classification
accuracy of 93%, which demonstrates strong performance in
determining toddler nutritional status. In the context of public
health screening, this accuracy level is considered highly
acceptable and reliable for supporting clinical decision-
making at primary health center settings. The 7% error rate,
while present, is substantially lower than the potential for
human error in manual assessment, particularly in high-
volume screening scenarios where healthcare workers face
time constraints and heavy workloads.

The precision value of 95% indicates that when the system
predicts a toddler belongs to a specific nutritional category, it
is correct 95% of the time. This high precision is particularly
valuable in reducing false alarms, which could otherwise lead
to unnecessary interventions or cause undue concern among
parents and caregivers. Meanwhile, the recall of 98%
demonstrates the model's exceptional ability to identify
toddlers who actually belong to each nutritional status
category, with only 2% of cases being missed. This high recall
is especially critical in the context of malnutrition screening,
where failing to identify at-risk toddlers (false negatives)
could have serious health consequences, including delayed
intervention and potential long-term developmental impacts.

The Fl-score of 96% reflects an excellent balance
between precision and recall, indicating that the model
performs consistently well across all nutritional status
categories without significantly favoring one metric over the
other. This balanced performance is essential in healthcare
applications where both false positives and false negatives
carry distinct but equally important implications for patient
care and resource allocation.

B.  Comparison with Manual Assessment Methods

Traditional manual nutritional status assessment at Tanah
Pasir Primary Health Center relies on healthcare workers
manually measuring anthropometric parameters and cross-
referencing them with WHO growth charts or reference
tables. This process is time-consuming, prone to transcription
errors, and dependent on the experience and workload of
individual staff members. Based on informal observations
during data collection, manual assessment typically requires
5-10 minutes per child, including measurement, chart
consultation, and documentation.

In contrast, the Random Forest-based system can process
and classify nutritional status in seconds once measurements
are entered, providing immediate feedback to healthcare
workers. This significant time reduction allows staff to screen
more children within the same timeframe, particularly
valuable during peak hours or community health campaigns.
Moreover, the automated system provides consistent
classification regardless of staff experience level or fatigue,
reducing inter-observer variability that commonly affects
manual assessments.
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However, it is important to emphasize that this system is
designed as a decision-support tool rather than a replacement
for professional clinical judgment. Healthcare workers should
use the system's predictions as a screening aid, with final
decisions considering additional clinical factors such as
medical history, recent illness, and family circumstances that
the model does not capture.

C. Advantages and Limitations of Random Forest

The Random Forest algorithm proved particularly well-
suited for this nutritional status classification task for several
reasons. First, its ensemble approach, combining predictions
from multiple decision trees, provides robust classification
even when individual trees might misclassify certain cases.
This robustness is valuable when dealing with borderline
cases where anthropometric measurements fall near category
boundaries.

Second, Random Forest's resistance to overfitting is
crucial given the relatively modest dataset size of 2,612
records. While larger datasets would potentially improve
performance further, the algorithm's ensemble nature and
built-in regularization through random feature selection
prevent the model from memorizing training data patterns that
do not generalize well to new cases.

Third, the algorithm's ability to handle non-linear
relationships between features naturally accommodates the
complex interactions between age, weight, and height in
determining nutritional status. Growth patterns in toddlers are
inherently non-linear, and Random Forest captures these
patterns without requiring explicit mathematical modeling of
growth curves.

However, the study also acknowledges several limitations.
First, the model's performance is tied to the quality and
representativeness of the training data from Tanah Pasir
Primary Health Center. Generalization to other regions with
different demographic characteristics, socioeconomic
conditions, or genetic backgrounds may require model
retraining or  recalibration.  Second, the current
implementation does not account for temporal changes, such
as rapid weight loss due to illness or seasonal variations in
food availability, which could affect classification accuracy
in real-world deployment.

D.  Clinical Implications of Classification Errors

In nutritional status classification, not all errors carry
equal weight from a clinical perspective. False negatives—
where the system fails to identify a malnourished child—are
generally more concerning than false positives. A missed case
of severe malnutrition could delay critical intervention,
potentially resulting in irreversible developmental damage or,
in extreme cases, mortality. The model's high recall of 98%
specifically addresses this concern by minimizing the risk of
missing at-risk children.

Conversely, false positives—where the system incorrectly
flags a well-nourished child as malnourished—primarily
result in unnecessary follow-up assessments. While this

creates additional workload for healthcare staff and may cause
temporary parental concern, these consequences are generally
less severe than missing true malnutrition cases. The precision
of 95% indicates that false positives occur in only about 5%
of predicted malnutrition cases, maintaining a reasonable
balance between sensitivity and specificity.

The system's threshold parameters (8.5 kg for weight, 73
cm for height, and 14.5 months for age) were derived from
the training data distribution and align broadly with WHO
growth standards adapted for the local population
characteristics observed in the dataset. These thresholds
should be periodically reviewed and potentially adjusted
based on ongoing monitoring data and consultation with
pediatric nutrition specialists.

E.  Practical Implementation Considerations

Successful deployment of this classification system at
Tanah Pasir Primary Health Center and potentially other
health facilities requires addressing several practical
considerations. First, healthcare workers need training not
only in system operation but also in interpreting predictions
and understanding the model's limitations. The system should
clearly communicate prediction confidence levels, allowing
staff to identify borderline cases requiring more careful
evaluation.

Second, the system requires consistent and accurate
anthropometric measurements as input. Measurement
errors—such as inaccurate scales, improper height
measurement technique, or incorrect age recording—will
propagate through to classification errors. Standardized
measurement protocols and regular equipment calibration are
essential for maintaining system accuracy in practice.

Third, integration with existing health information
systems and workflows is crucial for adoption. The web-
based implementation with PDF export functionality
facilitates documentation and reporting, but further
integration with electronic medical records systems could
enhance efficiency and enable longitudinal tracking of
children's nutritional status over time.

F. Comparison with Alternative Machine Learning
Methods

While this study focused on Random Forest, it is worth
noting how this approach compares to alternative machine
learning methods that could be applied to nutritional status
classification. Decision Trees, the building blocks of Random
Forest, offer excellent interpretability but are more prone to
overfitting on training data. Support Vector Machines (SVM)
can achieve high accuracy but require careful feature scaling
and hyperparameter tuning, and their "black box" nature
makes predictions harder to explain to healthcare workers.

Naive Bayes classifiers, while computationally efficient,
assume feature independence—an assumption violated by the
correlated nature of anthropometric measurements. Logistic
Regression provides interpretable coefficients but may
struggle with the non-linear relationships between age,

Classification For Determining Nutritional Status Of Toddlers Using Random Forest Method at Tanah Pasir Primary Health

Center, North Aceh (Indana Zulfa, Mukti Qamal, Ar Razi)



3320

e-ISSN: 2548-6861

weight, and height in determining nutritional status. Deep
learning approaches like neural networks might achieve
marginally better performance with larger datasets but require
substantially more training data and computational resources
while offering limited interpretability—a significant
drawback in healthcare applications where explainability
builds trust and adoption.

Random Forest strikes a favorable balance between
accuracy, robustness, interpretability, and computational
efficiency for this application. The feature importance metrics
it provides can help healthcare workers understand which
measurements most strongly influence classifications,
supporting both trust in the system and educational
opportunities about growth patterns.

G. Limitations of the Study

Several limitations should be acknowledged regarding this
research. First, the dataset was collected from a single primary
health center in Aceh Utara, potentially limiting
generalizability to other regions with different population
characteristics. Validation across multiple sites with diverse
demographic profiles would strengthen confidence in the
model's broader applicability.

Second, the study employed a single random train-test
split rather than more robust validation approaches such as k-
fold cross-validation or external validation on an independent
dataset. While the 80:20 split provides a reasonable estimate
of model performance, multiple random splits or stratified
cross-validation would offer more reliable performance
estimates and better assess model stability.

Third, the current implementation does not incorporate
additional potentially relevant features such as feeding
practices, maternal education, household income, or recent
illness history, which are known to influence nutritional status
but were not available in the dataset. Including such variables
could potentially improve classification accuracy and provide
more comprehensive risk assessment.

Fourth, the study does not examine model performance
across different age groups or nutritional status categories
individually. Some categories might be classified more
accurately than others, and model performance might vary for
different age ranges within the 0-60 month spectrum. Future
work should investigate these performance variations to
identify areas needing improvement.

H. Recommendations for Future Research

Based on the findings and limitations of this study, several
directions for future research emerge. First, expanding the
dataset to include multiple health centers across diverse
geographic regions would enable assessment of model
generalizability and identification of region-specific patterns
requiring model adaptation.

Second, implementing longitudinal tracking where
individual children's nutritional status is monitored over
multiple visits would enable prediction of nutritional

trajectories and identification of children at risk of declining
status, facilitating proactive rather than reactive interventions.

Third, incorporating additional socioeconomic and
clinical variables into the model could enhance prediction
accuracy and provide more comprehensive risk assessment.
Feature importance analysis could then identify the most
critical factors influencing nutritional status in the local
context, informing targeted intervention strategies.

Fourth, comparative studies rigorously evaluating
Random Forest against other machine learning algorithms
using the same dataset with proper cross-validation would
provide empirical evidence for method selection rather than
relying on theoretical advantages.

Finally, prospective validation studies where the system is
deployed in real clinical settings and its predictions are
compared with expert clinician assessments would provide
the most convincing evidence of practical utility and identify
operational challenges requiring attention before widespread
adoption.

I Broader Implications for Public Health

Beyond the immediate application at Tanah Pasir Primary
Health Center, this research demonstrates the potential for
machine learning approaches to strengthen nutritional
surveillance and screening systems in resource-constrained
settings. Automated classification systems can extend the
effective reach of limited healthcare personnel, enabling more
systematic and frequent monitoring of child nutritional status
across populations.

The web-based implementation makes the system
accessible from various devices and locations, potentially
supporting community health workers conducting field
screenings or enabling parents to input measurements for
preliminary assessment before clinic visits. Such expanded
access could improve early detection of nutritional problems
and increase healthcare-seeking behavior among families
concerned about their children's growth.

Furthermore, aggregated data from automated
classification systems can provide valuable epidemiological
insights for health planning and resource allocation.
Identifying geographic or demographic patterns in
malnutrition prevalence can guide targeted intervention
programs and enable more efficient distribution of nutritional
supplementation resources.

However, it is crucial to acknowledge that technological
solutions like this classification system address only one
component of the complex, multifaceted challenge of child
malnutrition. Sustainable improvements in child nutritional
status require comprehensive approaches addressing
underlying determinants including food security, clean water
access, sanitation, maternal education, and poverty reduction.
The classification system should be viewed as a tool
supporting, but not replacing, these broader public health
interventions.
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V. CONCLUSION

The research and implementation of a system for
classifying nutritional status of toddlers using the Random
Forest algorithm yielded several important findings. The
developed system effectively utilized the Random Forest
approach to determine children's nutritional categories based
on age, weight, and height criteria, following three assessment
standards:  weight-for-age  (BB/U),  weight-for-height
(BB/TB), and height-for-age (TB/U). Random Forest
demonstrated its capability in performing classification
effectively, with system testing results showing evaluation
metrics of 93% accuracy, 95% precision, 98% recall, and 96%
Fl-score. These results prove that Random Forest is reliable
in detecting toddlers with poor or severely poor nutritional
status. The system facilitates primary health centers in
detecting and managing toddler nutritional status data quickly
and efficiently. To enhance efficiency and accuracy, the
system has transitioned from manual methods to more
structured and documented automatic processes. The
objective of developing this web-based system is to create a
better data storage solution with superior features such as PDF

export, centralized data management, and security

mechanisms through updatable password settings.
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