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ABSTRACT

Stunting among children under five is a major public health concern
that can impair physical growth and cognitive development. This
study evaluates and compares GridSearchCV and RandomSearchCV
for hyperparameter tuning of the LightGBM algorithm in predicting
stunting using data from the Multiple Indicator Cluster Surveys
(MICS6) Bangladesh 2019. The dataset comprises demographic and
child health variables, and model performance was evaluated using
training-to-testing ratios of 70:30, 80:20, and 90:10. Accuracy,
precision, recall, F1-score, and execution time were used as evaluation
metrics. The results showed that the 90:10 split yielded the best overall
performance. Among the evaluated configurations, LightGBM with
RandomSearchCV achieved an accuracy of 98.09%, precision of
95.93%, recall of 97.08%, and an F1-score of 96.50%, with a reported
execution time of 0.1 seconds. Compared with the untuned model,
hyperparameter tuning provided only marginal improvements in
classification performance, while RandomSearchCV offered a
favorable balance between predictive performance and computational
efficiency. These findings demonstrate the potential of LightGBM-
based stunting prediction using (MICS6) Bangladesh 2019 data.
However, further evaluation using independent datasets is necessary
to assess the model's generalizability and its potential application in
early stunting detection.

Keywords: LightGBM, Hyperparameter Tuning, GridSearchCV,
RandomSearchCV, Stunting


https://doi.org/10.15408/jti.v19i2.54321
https://creativecommons.org/licenses/by-sa/4.0/
mailto:hendra.bayu@uinjkt.ac.id

Jurnal Teknik Informatika Vol. 19 No. 2, October 2026 (482-494)
ISSN: p-ISSN 1979-9160 (Print)| e-ISSN 2549-7901 (Online)

DOI: https://doi.org/10.15408/jti.vigi2.54321

1. INTRODUCTION

Stunting, a condition in which a child's
height falls below the average height of other
children of the same age based on
anthropometric growth measurement standards,
has become a significant global health issue [1].
This condition is influenced by various factors
such as age, weight and height, maternal
education, as well as social and child health
conditions, and most commonly occurs during
the First 1,000 Days of Life (HPK) [2].
According to UNICEF, stunting is defined as
children aged 0-59 months with a Z-score less
than minus two standard deviations (—2SD)
from the median [3].

In Bangladesh, the stunting rate remains
high and alarming. Based on the Bangladesh
Demographic and Health Survey (BDHS), in
2019, the prevalence of stunting among children
under five years was reported at 36.1% [3]. An
analysis of 23,099 children in Bangladesh [4]
indicated that the risk of stunting is higher
among children aged 0-59 months, infants with
low birth weight and length, children from
families with low socioeconomic status, certain
geographic regions, and those born to mothers
with low educational attainment. UNICEF,
through its global Multiple Indicator Cluster
Surveys (MICS6) in Bangladesh 2019, provided
a dataset with comprehensive and relevant
variables for detecting stunting in children
under five years old. The dataset includes
individual child health conditions along with
diverse variables such as age, gender, maternal
education level, and socioeconomic status [5].

The role of Machine Learning (ML) in
detecting stunting and malnutrition has become
increasingly significant in response to the
growing need for innovative solutions to this
global health problem [6][7][8]. One ML
algorithm that has demonstrated outstanding
performance in  various health-related
classification and prediction studies is the Light
Gradient Boosting Machine (LightGBM) [9].
The strength of LightGBM lies in its use of
histogram-based decision trees and leaf-wise
growth, which enable faster training and lower
memory  consumption  [10].  Although
LightGBM has been widely applied across
various domains, its use in research related to
stunting or malnutrition remains relatively rare,
and many existing studies rely on small datasets
[11][12].

The performance of LightGBM depends
heavily on the combination of hyperparameters
used. Default hyperparameters are often
suboptimal, and further optimization is
required, as each health dataset has unique
characteristics such as data size, feature
variation, and the complexity of relationships
between variables [13][14][15][16]. Several
studies have shown that hyperparameter tuning
significantly improves the accuracy and
precision of LightGBM. For example,
GridSearchCV has achieved an accuracy of
97.10% in airline review classification tasks
[13]. On the other hand, RandomSearchCV has
also proven effective in improving model
accuracy with more efficient computation time,
as demonstrated in a study with a stroke patient
dataset that reported significant improvements
in accuracy and precision [15].

GridSearchCV explores all predefined
parameter combinations, making it capable of
identifying the best configuration, though at the
cost of higher computational time [17].
Meanwhile, RandomSearchCV  randomly
samples parameter combinations, making it
more time-efficient while still having the
potential to identify competitive configurations
[18]. This study applies GridSearchCV and
RandomSearchCV to the LightGBM model
using 24,686 data records and 15 variables,
testing hyperparameter combinations tailored to
stunting data in order to optimize performance
and compare the effectiveness of both methods.

2. METHODS

The research methodology employed for
the analysis of LightGBM algorithm
optimization with hyperparameter tuning using
GridSearchCV and RandomSearchCV in
predicting stunting among children under five
years old begins with data collection methods
and a quantitative approach to analyze stunting
data..

2.1  Machine Learning

Machine learning is a field of study that
enables computers to learn without being
explicitly programmed while processing data
more efficiently. Its applications include
prediction, pattern recognition, and
recommendation systems [18]. Machine
learning has several main categories, such as
supervised learning, which predicts specific
outcomes using labeled data [19]; unsupervised
learning, which analyzes unlabeled data to
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discover patterns [18]; and ensemble learning,
which combines multiple models to improve
accuracy, particularly in imbalanced datasets
[20].

Ensemble learning is a technique that
combines two or more machine learning
algorithms to produce better performance than
a single algorithm [21]. One method is
boosting, which transforms weak learners into
strong classifiers by focusing on errors made in
the early iterations [22]. Another method is
bagging, which trains multiple random subsets
of data and combines the results using majority
voting [23].

2.2 LightGBM

LightGBM  employs two  main
techniques, Gradient-Based One-Sided
Sampling (GOSS) and Exclusive Feature
Bundling (EFB), ensuring faster training and
higher accuracy (Mienye & Sun, 2021). GOSS
modifies the gradient boosting technique by
prioritizing training instances with larger
gradients, thereby accelerating learning and
reducing model complexity. Meanwhile, EFB
bundles sparse and mutually exclusive features,
reducing the number of attributes to process.
This feature reduction speeds up training while
preserving essential information in the
LightGBM model [24]

2.3 Hyperparameter Tuning

The process of finding the most suitable
hyperparameters is known as hyperparameter
tuning. In general, machine learning requires
hyperparameter optimization to select the most
optimal set for improving model performance
and effectiveness [25].

a. GridSearchCV

GridSearchCV is a hyperparameter
optimization method that determines the
optimal values by exhaustively exploring
all points in the search space, forming a
“grid” of all parameter combinations. It
tries every possible hyperparameter
combination in the predefined search
space [26]

b. RandomSearchCV
RandomSearchCV is a
hyperparameter optimization method
that randomly selects parameter
combinations from the predefined search
space and evaluates model performance
for each. It is far more time- and
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resource-efficient,  especially  when
dealing with large parameter spaces [27].

2.4  Cross-Validation

Cross-validation is a technique that splits
data into multiple subsets (folds) to ensure that
the model generalizes well to unseen data [28].
The dataset is divided into several folds, where
the model is trained on some folds and tested on
the remaining fold. This process is repeated
until the final result is the average performance
across all folds, thereby reducing bias and
variance in model evaluation [29].

2.5 SMOTE (Synthetic Minority
Oversampling Technique)

Imbalanced data distribution can affect
classification  results [30]. Resampling
effectively addresses this issue, which can be
done through oversampling (adding samples to
the minority class) or undersampling (reducing
samples from the majority class). SMOTE is a
statistical technique that increases the number
of minority class samples by generating
synthetic instances.

2.6 Evaluation Methods

The confusion matrix is a table used to
evaluate the performance of classification
models in machine learning. It displays the
number of correct and incorrect predictions
made by the model by comparing actual labels
and predicted labels for each class .

a. Accuracy, measures the proportion of
correct predictions across all test data

(TP + TN) divided by the total

predictions

b. Recall, (sensitivity) focuses on the
model’s ability to correctly identify
positive cases: TP divided by (TP + FN).
c. Precision, measures the accuracy of
positive predictions: TP divided by (TP

+ FP).

d. F1-Score, harmonizes precision and
recall into a single metric, useful when
there is a trade-off between the two.

2.7 Data Preprocessing

Before applying the dataset to the
algorithm, preprocessing is necessary. Data
cleaning removes anomalies, selects correlated
features with the target, and transforms dataset
values.
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a. Missing data: handled by ignoring or
imputing values using the mean.

b. Outliers: identified using the
Interquartile Range (IQR), where data
points below Q1 — 1.5XIQR or above Q3
+ 1.5xIQR are considered outliers [31].

c. Duplicate Data: detected when records
have identical values across all columns.

d. Normalization: scales numerical values
to a uniform range using the formula
min-max

2.8 Split Ratio

The dataset was split into training and
testing sets using ratios of 70:30, 80:20, and
90:10. As in [32], the 80:20 ratio achieved the
best performance with Decision Tree
Regression, reaching 100% accuracy, while the
70:30 ratio produced consistent results, and the
90:10 ratio also maintained stable performance.

2.9 Method of Data Collection

A literature study was conducted by
reviewing previous research relevant to this
context, providing a foundation for designing
more appropriate approaches. The review
included journals, articles, and e-books related
to machine learning, particularly LightGBM
optimization. This exploration allowed for a
deeper understanding of the issues and potential
solutions tested in prior studies, strengthening
the theoretical basis and conceptual framework
of the research. In this study, the dataset used
comes from the Multiple Indicator Cluster
Surveys  (MICS6)  Bangladesh 2019,
specifically the "ch" (Child Under Five Years)
dataset.

3. RESULTS AND DISCUSSION

After training the model using default
parameters without applying hyperparameter
tuning, evaluations with GridSearchCV and
RandomSearchCV were conducted to assess
the model’s performance under different train-
test split ratios, namely 70:30, 80:20, and
90:10.

3.1. LightGBM without Tuning

The evaluation of the model without
hyperparameter tuning across several train-test
split scenarios is presented in Table 1.

Table 1. Without Tuning

Ratio Accura Precisi Reca  F1- Execute
cy on 1l Score time (/s)
80:20 0,9645 09454 0,92 09339 0,04
27
70:30 0,9675 0,9497 0,93 0,9398 0,06
02
90:10 0,9795 0,9544 0,97 0,9625 0,03
08

The results indicate that the 90:10 split
ratio achieved the best performance across all
evaluation metrics

Confusion Matrix Heatmap
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Figure 1. Confusion matrix without tuning (90:10)

The confusion matrix for the 90:10 split
is shown in Figure 1. The matrix demonstrates
that the model performed very well in
classification. A total of 1,534 negative cases
were correctly predicted as negative (true
negatives), while only 27 negative cases were
misclassified as positive (false positives). On
the other hand, 565 positive cases were correctly
predicted (true positives), and only 17 positive
cases were misclassified as negative (false
negatives). The high values of true positives and
true negatives, combined with the relatively
small number of misclassifications, indicate that
the model achieved high accuracy, precision,
recall, and F1-score. Therefore, the model can
be considered reliable in distinguishing between
the two target classes with minimal
classification errorThe results indicate that the
90:10 split ratio achieved the best performance
across all evaluation metrics.

3.2. LightGBM with GridSearchCV

The evaluation of the model tuned with
GridSearchCV across different train-test split
scenarios is presented in Table 2.
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Table 2. With GridSearchCV

Hyperparameter Tuning Range  Hyperparameter Optimal
Values
Ratio
80:20  70:30  90:10
boosting_type goss goss goss goss

n_estimators
learning_rate

100, 200, 500 500 500 100
0.01,0.1,0.2 0,05 0.05 0,1

num_leaves 30,50,100,150 50 50 50
max_depth 3,5, 10, 15 9 12 12
min_child_sample 10, 30, 50 10 10 10

The results show that the 90:10 ratio
consistently yielded the best performance.
Each split ratio generated different sets of
optimal hyperparameters.

Table 3. Best Parameters GridSearchCV

Rati Accuracy  Precisi  Reca  F1- Execut
o} on 1l Score e
time

(s)
80:2 09645 09454 092 09339 0,04

0 27
70:3  0,9675 0,9497 093 09398 0,06
0 02
90:1  0,9795 0,9544 097 09625 0,03
0 08

The confusion matrix with

GridSearchCV for the 90:10 split is shown in
Figure 2.
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Figure 2. Confusion matrix with GridSearchCV (90:10)

accurate predictions: 1,535 cases were
correctly classified as negative (true negatives),
and 565 cases were correctly classified as
positive (true positives). Meanwhile, 26
negative cases were misclassified as positive
(false positives), and 17 positive cases were
misclassified as negative (false negatives).The
proportion of correct classifications was
substantially higher than incorrect ones,
suggesting that the model demonstrated strong
performance in distinguishing both classes.
These results reflect high accuracy, precision,
and recall, with a relatively balanced error
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distribution, highlighting the model’s reliability
for binary classification tasks.

3.3. LightGBM with RandomSearchCV

The evaluation results of the LightGBM
model optimized using RandomSearchCV
across several training-to-testing data split
scenarios are presented in Table 4. The table
provides a comparative overview of the model's
performance under different data partition
configurations, allowing the classification
results obtained from each scenario to be
examined systematically. This evaluation aims
to illustrate how variations in the training-to-
testing split ratios are associated with
differences in the performance of the model
after hyperparameter optimization using
RandomSearchCV. The results summarized in
Table 4 serve as the basis for comparing the
model's evaluation performance across the
experimental scenarios considered in this study.

Table 4. Best Parameters RandomSearchCV

Hyperparamete  Tuning Hyperparameter
r Range Optimal Values
Ratio
80:20 70:30 9
1
0
boosting_type goss goss goss go
Ss
n_estimators 100, 250, 500 500 500 25
0
learning_rate 0.01, 0.05, 0,05 0.05 0,
0.1 05
num_leaves 31, 40, 50 50 50 50
max_depth 3,9,12 12 12 9
min_child_sam 10, 30, 50 30 30 10

ple

The optimal hyperparameter values
obtained through RandomSearchCV varied
across the different training-to-testing data split
ratios evaluated in this study. This variation
indicates that each data partition may resultin a
different set of hyperparameter configurations
that optimize the model's performance under
the corresponding experimental conditions.
The following section presents the optimal
hyperparameter ~ values  identified by
RandomSearchCV for each data split ratio,
providing a detailed overview of the
configurations selected during the optimization
process.
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Table 5. Best Parameters RandomSearchCV

Ratio Accur Precisio Recal F1- Executi
acy n | Score  on
time(/s)

80:20 0,9704  0,9568 0,933  0,9448 0,06
0

70:30 0,9676  0,9508 0929 09398 09
0

90:10 0,9809  0,9593 0970 0,950 0,1
8

Each data split ratio yielded different
hyperparameter values. The following presents
the optimal hyperparameter values obtained
using GridSearchCV. In addition, the confusion
matrices generated using RandomSearchCV for
the wvarious training-to-testing data split
scenarios are presented below.

The confusion matrix for the 90:10 split
is shown in Figure 3
Confusion Matrix Heatmap
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Figure 3. Confusion Matrix with RandomSearchCV (90:10)

The confusion matrix indicates that the
model  achieved  strong  classification
performance on the evaluated dataset. A total of
1,537 negative cases were correctly classified
as negative (true negatives), while 565 positive
cases were correctly classified as positive (true
positives). These results suggest that the model
was able to distinguish between the two classes
effectively within the evaluated sample.

The model produced 24 false positives,
in which negative cases were incorrectly
classified as positive, and 17 false negatives, in
which positive cases were incorrectly classified
as negative. Compared with the number of
correct predictions, these errors were relatively
limited. However, their potential implications
depend on the context of the classification task,
particularly the consequences of incorrectly
identifying positive or negative cases.

Overall, the confusion matrix provides
evidence of  favorable classification
performance on the evaluated dataset, with
relatively few misclassifications in both
classes. Nevertheless, these results alone are
insufficient to establish the model’s reliability
or generalizability to unseen populations.
Further  evaluation  using  appropriate
performance metrics, repeated data partitioning
or cross-validation, and independent validation
data is needed to assess the consistency of the
model’s predictions.

3.4. Best Ratio (LightGBM without
Hyperparameter Tuning)

At the 90:10 training-to-testing ratio, the
model achieved an accuracy of 0.9795,
demonstrating a high level of overall
classification performance. The precision value
of 0.9544 indicates that approximately 95.44%
of all instances predicted as positive were
correctly classified, reflecting the model’s
ability to minimize false-positive predictions.
Meanwhile, the recall value of 0.9708 indicates
that the model successfully identified 97.08%
of all actual positive instances, demonstrating
its effectiveness in detecting positive cases. The
combination of these precision and recall
values resulted in an Fl-score of 0.9625,
indicating a strong balance between the
model’s ability to make accurate positive
predictions and its capacity to identify actual
positive instances.

Beyond its strong classification
performance, the model configured with the
90:10 ratio also demonstrated superior
computational efficiency in terms of prediction
execution time. Specifically, the model
required only 0.03 seconds to complete the
prediction  process, outperforming the
configurations with 80:20 and 70:30 ratios,
which required 0.04 and 0.06 seconds,
respectively. These results indicate that the
90:10 ratio provided the shortest execution time
among the three evaluated configurations,
suggesting that this data-splitting strategy
enabled the model to deliver predictions more
efficiently under the experimental conditions.
Furthermore, the relatively short execution time
indicates that the model can perform the
prediction process with minimal computational
delay.
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Overall, the experimental results
demonstrate that the 90:10 training-to-testing
ratio provided the best combination of
classification performance and computational
efficiency under the no-tuning scenario. The
model achieved an accuracy of 97.95%, a
precision of 95.44%, a recall of 97.08%, and an
F1-score of 96.25%, while requiring only 0.03
seconds for prediction. These findings suggest
that the 90:10 ratio was the most effective
configuration among the evaluated data-
splitting strategies for the experimental setup
considered in this study. Nevertheless, the
selection of this configuration as the optimal
approach should be interpreted within the scope
of the experimental design, as further
evaluation using repeated experiments or cross-
validation may be necessary to establish the
robustness and generalizability of the observed
performance.

3.5. Best Ratio (LightGBM with
GridSearchCV)

The evaluation conducted using
GridSearchCV with training-to-testing data
split ratios of 80:20, 70:30, and 90:10
demonstrated that the 90:10 ratio achieved the
best overall classification performance. Under
this configuration, the model attained an
accuracy of 97.99%, a precision of 95.69%, a
recall of 97.08%, and an F1-score of 96.33%.
These results indicate that the model exhibited
a high level of predictive accuracy and
maintained a strong balance between precision
and recall, reflecting its ability to generate
reliable positive predictions while effectively
identifying  actual  positive  instances.
Furthermore, the model required only 0.5
seconds to complete the execution process,
representing the shortest execution time among
the three evaluated configurations.

In comparison, the model configured
with an 80:20 training-to-testing ratio achieved
an accuracy of 96.80%, a precision of 94.69%,
a recall of 93.47%, and an F1-score of 94.08%.
Meanwhile, the 70:30 ratio produced an
accuracy of 96.76%, a precision of 95.08%, a
recall of 92.90%, and an F1-score of 93.98%.
Although both configurations demonstrated
relatively high classification performance, their
accuracy, recall, and Fl-score values were
lower than those obtained using the 90:10 ratio.
These differences suggest that the proportion of
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data allocated for training may have influenced
the model's ability to learn relevant patterns and
generalize its predictions to unseen data.
Nevertheless, the comparatively higher
precision achieved by the 70:30 configuration
indicates that its positive predictions were
proportionally more accurate than those of the
80:20 configuration.

Overall, the experimental findings
indicate that the 90:10 training-to-testing ratio
provided the most favorable results among the
evaluated configurations when GridSearchCV
was applied. The combination of the highest
accuracy, precision, recall, and F1-score,
together with the shortest execution time of 0.5
seconds, suggests that this configuration
offered the most effective balance between
predictive performance and computational
efficiency in the conducted experiments.
Although the 80:20 and 70:30 ratios provided
larger testing sets, their lower performance on
several key evaluation metrics indicates that
allocating a greater proportion of data for
training may have benefited the model under
the conditions examined in this study.
However, further validation using repeated
experiments or cross-validation would be
necessary to determine whether the observed
advantage of the 90:10 ratio remains consistent
across different data partitions.

3.6. Best Ratio (LightGBM with
RandomSearchCV)

The LightGBM model evaluated using
RandomSearchCV with three training-to-
testing data split ratios (80:20, 70:30, and
90:10) demonstrated the best overall
performance at the 90:10 ratio. Under this
configuration, the model achieved an accuracy
of 98.09%, a precision of 95.93%, a recall of
97.08%, and an F1-score of 96.50%, indicating
a high level of classification performance and a
strong balance between precision and recall. In
addition to its superior predictive performance,
the model required only 0.1 seconds of training
time, demonstrating its computational
efficiency under the experimental conditions.
These results suggest that the model was able to
learn relevant patterns from the training data
and generate accurate predictions while
maintaining a favorable balance between false-
positive and false-negative classifications.
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In comparison, the model configured
with an 80:20 training-to-testing ratio achieved
an accuracy of 97.04% and an F1-score of
94.48%, with an execution time of 0.06
seconds.  Although  this  configuration
demonstrated relatively high classification
performance and a shorter execution time than
the 90:10 configuration, its accuracy and F1-
score remained lower. Meanwhile, the model
evaluated using a 70:30 ratio achieved an
accuracy of 96.76% and an F1-score of 93.98%,
with an execution time of 0.9 seconds. The
results indicate a slight decline in classification
performance  under this  configuration,
accompanied by a longer execution time. These
differences suggest that the choice of training-
to-testing data split ratio may influence both the
predictive performance and computational
efficiency of the LightGBM model when
optimized using RandomSearchCV.

Overall, the experimental findings
indicate that the 90:10 training-to-testing ratio
provided the most favorable combination of
classification performance and training
efficiency among the three evaluated
configurations. The highest accuracy of
98.09%, precision of 95.93%, recall of 97.08%,
and Fl-score of 96.50% demonstrate the
model's strong classification capability under
this configuration. These findings suggest that
allocating a larger proportion of the available
data for training may improve the model's
ability to identify relevant patterns and enhance
its predictive performance. Nevertheless,
because the 90:10 ratio leaves a relatively small
proportion of data for testing, its superior
results should be interpreted cautiously. Further
validation through repeated data partitioning or
cross-validation is recommended to assess the
stability and generalizability of the model's
performance.

3.7. Comparison Result

The training and evaluation processes
were conducted comprehensively to ensure
optimal  performance.  Through  these
experiments, it became evident that each tuning
method had different impacts on the quality of
the model’s predictions. Evaluations were
performed using various train-test split ratios,
with the best results consistently obtained at the
90:10 ratio. This demonstrates that allocating a
larger proportion of data for training provides
the model with greater opportunity to learn from

sufficient information, leading to optimal
evaluation performance. In other words, the
90:10 ratio strikes an effective balance between
sufficient training data and representative test
data, enabling each tuning method to achieve its
best performance under this configuration.
97,99%
98,50% 97.95% 98,09%
98,00%

97,08%

97,50% 97,08% = 97,08%

96,50%
96,33%

97,00%
96,25%

96,50%

95,93%

96,00%
95,50%
95,00%

94,50%

94,00%
Accuracy Precision Recall F1-Score

mWithout Tuning  mGridSearchCV  m RandomSearchCV

Figure 4. Comparison Result (90:10)

Figure 4 presents a comparison of
evaluation results. The LightGBM model
evaluated using three configurations—default
(without  tuning),  GridSearchCV, and
RandomSearchCV—under the 90:10 split
showed excellent performance across key
metrics. The evaluation results indicate:

a. Accuracy: RandomSearchCV achieved
the highest at 98.09%, demonstrating
strong overall predictive capability.

b. Precision: RandomSearchCV produced
the best result at 95.60%, indicating
fewer false positives.

c. Recall: All three methods achieved the
same recall value of 97.08%, showing
consistency in detecting most positive
cases.

d. Fl-score: RandomSearchCV achieved
the highest at 96.50%, representing the
best balance between precision and
recall.

e. Execution Time: RandomSearchCV
required 0.1 seconds, which was faster
than GridSearchCV (0.5 seconds) but
slightly slower than the untuned model
(0.03 seconds).

Although hyperparameter tuning with
GridSearchCV and RandomSearchCV resulted
in performance improvements, the gains were
relatively small.

a. The accuracy of the untuned model
already reached 97.95%, increasing only
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slightly to 97.99% and 98.09% after
tuning—an improvement of just 0.04% to
0.14%.

b. This phenomenon suggests that when
data is already clean, balanced, and the
chosen algorithm has strong baseline
performance, tuning does not necessarily
yield substantial performance gains. This
finding aligns with [33], where
LightGBM without tuning achieved
97.07% accuracy after SMOTE+RUS
preprocessing, and tuning improved it
only marginally to 97.11%.

c. Thus, tuning primarily contributes to
efficiency and stability in parameter
search rather than significantly enhancing
performance metrics.

3.8.  Comparison with Previous Studies

This study compares the findings
obtained by the authors with those reported in
the previous study conducted by Intan et al.
(2024), focusing on the application of
hyperparameter optimization techniques for
stunting prediction. Both studies employed
GridSearchCV ~ as  the  hyperparameter
optimization method and used a dataset
comprising 10,000 records. The use of the same
optimization technique and an equivalent
dataset size provides a basis for examining the
methodological similarities between the two
studies. However, despite these similarities, the
studies differed in the machine learning
algorithms used to develop the predictive
models. The present study applied the
LightGBM algorithm, whereas Intan et al.
(2024) employed the Multilayer Perceptron
(MLP) algorithm.

These  methodological  differences
provide an opportunity to examine the
performance of different machine learning
algorithms when applied to stunting prediction
under the respective experimental settings.
Although both studies utilized GridSearchCV
to identify  suitable hyperparameter
configurations, the characteristics of
LightGBM and MLP may influence their
respective classification performance.
Therefore, comparing the findings of the
present study with those of Intan et al. (2024)
can  provide additional context for
understanding the application of different

490

machine learning algorithms to stunting
prediction. Nevertheless, any conclusions
regarding the relative performance of the two
algorithms should be drawn cautiously, taking
into account the evaluation metrics,
experimental configurations, and validation
procedures reported in each study.

0,
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Figure 5. Comparison with Previous Studies

From the evaluation results it can be seen that:

a. LightGBM accuracy reached 98.09%,
significantly higher than MLP's 81.78%.
This indicates that LightGBM is capable
of classifying data more correctly across
almost all samples.

b. In the precision metric, which measures
the proportion of correct positive
predictions, LightGBM also
outperformed MLP with a score of
95.93%, compared to MLP's 85.00%.
This indicates that LightGBM is more
effective at avoiding false positives.

c. Recall, which indicates the model's
ability to capture all true positive data,
was also better for LightGBM (97.08%)
than MLP (94.34%), indicating that
LightGBM was more accurate in
detecting all positive cases without many
missed false negatives.

d. The Fl1-score, a combined metric that
balances precision and recall, confirms
the superiority of LightGBM (96.50%)
over MLP (89.43%), indicating balanced
and consistent performance.

CONCLUSION

This study compared the performance of
LightGBM without hyperparameter tuning,
LightGBM optimized using GridSearchCV, and
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LightGBM optimized using RandomSearchCV
for stunting prediction among children under
five years of age using the (MICS6) Bangladesh
2019 dataset. The experimental results showed
that the 90:10 training-to-testing ratio achieved
the best overall classification performance
among the evaluated data-splitting
configurations. Under this setting, LightGBM
with RandomSearchCV obtained an accuracy of
98.09%, precision of 95.93%, recall of 97.08%,
and an Fl-score of 96.50%. These results
indicate that RandomSearchCV delivered the
best predictive performance among the
evaluated configurations, particularly in
balancing precision and recall.

The comparison also revealed that
hyperparameter tuning yielded only marginal
improvements over the untuned LightGBM
model, which had already achieved an accuracy
of 97.95% and an F1-score of 96.25%. This
finding suggests that the effectiveness of
hyperparameter optimization depends on the
baseline  model performance and the
characteristics of the dataset. Although
RandomSearchCV  achieved the highest
accuracy and F1-score in this study, the
observed differences should be interpreted
within the experimental setting and do not
establish the universal superiority of this
optimization method over GridSearchCV.

Despite the promising results, several
limitations should be acknowledged. The
evaluation was conducted using a single dataset
and a limited number of training-to-testing
ratios. Furthermore, the 90:10 split allocated
only 10% of the data for testing, which may
limit the representativeness of the evaluation
and the assessment of model generalizability.
Future research should employ repeated
stratified experiments or cross-validation,
evaluate the model on independent datasets
from different populations, and examine the
effects of class distribution and relevant
predictive variables on model performance.
Such investigations would provide stronger
evidence of the model's robustness and
applicability.

In conclusion, LightGBM optimized
using GridSearchCV demonstrated promising
performance for stunting classification using the
(MICS6) Bangladesh 2019 dataset. However,
the model should be regarded as a potential
analytical tool rather than a validated clinical or
public health screening system. Further external
validation, model interpretability analysis, and
assessment in relevant public health settings are

necessary before considering its practical
application in early stunting risk identification.
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