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The nutritional status of toddlers is a common issue many countries face worldwide. Various facts
indicate that malnutrition is a primary focus for many researchers. Several efforts have been made
to address this problem, including developing analytical models for identification, classification, and
prediction. This study aims to evaluate the nutritional status of children by utilizing a classification
analysis approach using Machine Learning. This research aims to improve the accuracy of the classi-
fication system and facilitate better decision-making in stunted toddlers, which is a priority, especially
in the health sector. The Machine Learning classification analysis process will later utilize the per-
formance of the Naive Bayes algorithm, the Support Vector Machine algorithm, and the Multilayer
Perceptron algorithm. ML performance can be optimized using gridsearchCV to produce optimal
classification analysis patterns. The data set of this study uses 6812 toddler data sourced from the
Health Center at the Tangerang Regency Health Office. Based on the research presented, Machine
Learning performance in analyzing nutritional status classification provides maximum results. The
results are reported based on a precision level with an accuracy of 88%. The results of this analysis
can also present a classification of nutritional status based on knowledge. This study can contribute
to and update the analysis model in determining nutritional status. The results of this study can also
provide benefits in handling nutritional status problems that occur in children.
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1. INTRODUCTION

Stunting is a condition characterized by impaired linear growth during childhood, representing the most prevalent form of
malnutrition worldwide. The physical and neurocognitive impairments associated with this growth disorder can be potentially per-
manent, posing a major challenge to human development [1]. Malnutrition affects muscle function, weakens the immune system,
impairs brain function, and can lead to issues with neurological development [2]. Between 2013 and 2021, Indonesia saw an annual
decrease in the stunting rate, averaging between 1.28% and 2.1% each year. In 2021, the Indonesian government set a goal, outlined
in Government Regulation No. 72 of 2021 on Accelerating Stunting Reduction, to lower the stunting rate to 14% by 2024. This
requires a total reduction of 10.4% or an average annual decrease of 3.4% [3].

This study [4] applies the Naive Bayes Classifier algorithm to identify stunting nutritional status in toddlers based on demo-
graphic and anthropometric attributes, using a dataset of 1,000 records. The data is divided with a ratio of 6% for training and 35%
for testing, achieving an accuracy rate of 94.65%. No data handling techniques were applied for imbalanced data, as the study in-
cluded an unequal distribution of stunting nutritional status, including categories of very short, short, and normal. In another study
[5], the sample consisted of 200 toddlers, 159 of whom were diagnosed with stunting, while 41 were not. The classification results
demonstrated significant effectiveness in both methods used, achieving success rates of over 90%. Research by [6] showed that the
Nave Bayes method can be used to classify stunting status in toddlers. The applied Naive Bayes algorithm achieved an average per-
formance with 58% accuracy, 68% precision, and 58% recall from the confusion matrix test, using 30% testing data and 70% training
data. A study conducted by [7] aimed at detecting children’s nutritional status using a dataset from Kaggle consisting of 121,000
records with four main features: age, gender, height, and nutritional status. The experimental results showed that SVM with an RBF
kernel and CNN achieved the highest accuracy of 98%, while Logistic Regression and MLP reached 76% and 97%, respectively.
SVM with an RBF kernel was selected as the best model due to its high accuracy and computational efficiency. In research by [8], the
dataset on nutritional status (Weight-for-Age) from the Health Department of Medan City consisted of 1,528 records. Classification
performance with optimization of the Support Vector Machine algorithm based on Particle Swarm Optimization, using Radial Basis
Function and Polynomial kernels, demonstrated improved performance. The best performance achieved was an increase in Accuracy
to 78%, Precision to 89%, Recall to 66%, and F1-Score to 72% using the Radial Basis Function kernel. Finally, the study by [9] used
a toddler dataset consisting of 8 attributes: gender, age, birth weight, birth length, weight, height, breastfeeding, and stunting, with a
total of 10,000 records. Encoding was performed to convert categorical data into numerical attributes for gender, breastfeeding, and
stunting. The study employed MLP integrated with GridSearchCV hyperparameter optimization, achieving an accuracy of 82.37%.

This study has 6,812 toddler records, which are the results of direct measurements of toddlers. We balance the data on toddler
measurement data, which some researchers did not do. Handling data imbalance is an important step in determining whether a
majority class or a minority class is handling missing data. In the proposed study, we will use Stratified k-fold and hyperparameter
tuning with GridSearchCV [10].

The difference in this study lies in the handling of data imbalance, as the data obtained is imbalanced and undergoes balancing.
The purpose of data balancing is to address situations where class differences are too wide so that balanced data will yield less
disparity between classes, thus reducing uncertainty in the toddler nutritional status dataset, which typically contains a majority
class. This study employs three algorithms: Support Vector Machine (SVM), NaNa|veve Bayes (NB), and Multi-Layer Perceptron
(MLP). The SMOTE technique is proposed to address data imbalance to achieve class balance within the dataset. The results show
that Multi-Layer Perceptron (MLP) achieves an accuracy of 65% and a precision of 88% through hyperparameter optimization with
GridSearchCV. These findings can positively contribute to relevant stakeholders, particularly in the healthcare sector, predicting
toddlers’ stunting.

This paper is structured as follows: Section 1 presents an introduction that includes a problem background, a literature review,
research gaps, and systematic information about the article. Section 2 explains the research methodology used, while section 3
contains research results and comments. Section 4 is the conclusion, which contains the findings of the investigation.

2.  RESEARCH METHOD

This study includes several stages in classifying data sets using machine learning. The steps involved are initiating, developing
a classification model, and generating classification results that can produce predictions processed in the machine learning model.
The first stage, initiation, involves identifying the population prevalence [10] of stunting from the collected data, data initiation on
stunting aims to measure the prevalence among children under five years of age. The second stage focuses on model development and
selection of machine learning algorithms, such as Multilayer Perceptrons (MLP), which can detect implicit patterns in data [11], Naive
Bayes algorithm addresses data uncertainty in health-related datasets [12], Support Vector Machines (SVM) can predict stunting by
analyzing nutritional factors [13]. Using dataset samples representing all dataset variables’ minimum, mean, and maximum values
ultimately classifies the dataset to extract information and insights from the available data.
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We propose a machine learning design as in Figure 1, where there is a process that begins with checking the toddler dataset;
starting from cleaning and missing values, we normalize the dataset, and then we check the balance of the dataset. If there is
unbalanced data or one class is monotonically higher than the other class, we use the Synthetic Minority Oversampling Technique
(SMOTE) to handle compositional data inequality. The SMOTE algorithm generates synthetic data points in a particular class by
combining its features [14]. After the classes (data) are balanced, feature selection is performed using the split method to divide the
dataset, which is then processed with machine learning. We initialize the dataset with 7 columns, 6 attributes, and 1 target. Table
1 provides the distribution of attribute data. In Table 1, BB/TB (birth weight/birth height) is the target for toddler nutritional status
(stunting).

Table 1. Table Dataset Column/Variable Stunting

Variable/column Count
Age at measurement 6813
Birth weight 6806
Birth height 6806
Weigh 6813
Height 6813
upper arm circumference (LiLA) 3585
Birth weight/ Birth height 6813

Each number’s distribution is known thanks to the dataset in Table 1. Next, we examined the dataset to see if any missing
values existed. The figure below illustrates how processing missing values resulted in over half of the upper arm circumference
(LiLA) measurements being missing. In Table 2, we show the process of handling missed values, where previously there were 13
columns, and handling missing values or missing data was carried out. Then, a dataset of 6812 was obtained with 7 columns. In
Table 2, the proposed variables will be processed to determine the nutritional classification consisting of age at measurement, birth
weight, birth height, weight, height, and upper arm circumference. This data is taken based on measurements of the toddler’s body
condition, with the distribution of data sets with weights or values so that the normalization process can be carried out, which we
propose in Table 3.

Table 2. Weighted Values Derived Following the Accounting for Missing Data

Age at measurement  Birth Weight (BB) Blrt?TI;?ght Weight Height Upper arm circumference (LiLA)
0 36.0 2.6 52.0 15.0 95.0 15.731.726
1 37.0 2.8 48.0 14.5 95.0 15.731.726
2 23.0 2.9 50.0 11.0 83.0 15.731.726
3 34.0 2.7 47.0 12.5 92.0 15.731.726
4 50.0 2.7 48.0 15.5 99.0 15.731.726
6808 25.0 34 50.0 13.0 87.0 15.731.726
6809 20.0 2.8 48.0 11.3 83.0 15.731.726
6810 50.0 2.9 49.0 15.0 98.0 15.731.726
6811 46.0 3.0 49.0 17.0 101.0 15.731.726
6812 27.0 3.5 49.0 13.2 85.3 15.500.129
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238 O3 ISSN: 2476-9843

Table 3 displays the data in relation to the pre-normalization process. When displaying the data’s descriptive statistics, note its
distribution, as well as its minimum, maximum, average, and standard deviation, and if it only collects within specific quartile ranges.
For us to perform further preprocessing [15], this is crucial.

Table 3. Minimum and Maximum Value Results

Age at Birth Weight Birth Height Weight Height Upper arm Gender BB/TB
measurement circumference

count  6.813.000.000  6.813.000.000  6.813.000.000  6.813.000.000 6.813.000.000  6.813.000.000  6.813.000.000  6.813.000.000
mean 39.039.337 10.851.270 49.633.072 15.624.616 94.932.071 15.693.493 0.459269 0.548657

std 13.842.539 148.898.215 57.607.358 106.767.134 10.451.184 1.713.650 0.498375 1.522.734
min 0.000000 0.000000 0.000000 2.000.000 1.000.000 0.160000 0.000000 0.000000
25% 29.000.000 2.900.000 48.000.000 12.800.000 90.000.000 15.500.129 0.000000 0.000000
50% 41.000.000 3.000.000 49.000.000 14.600.000 98.000.000 15.731.726 0.000000 0.000000
75% 50.000.000 3.300.000 50.000.000 16.400.000 102.000.000 16.000.000 1.000.000 0.000000
max 60.000.000 3.300.000.000  4.749.000.000  8.824.000.000 115.000.000 98.000.000 1.000.000 6.000.000

We propose the Min-Max normalization [16] method to perform scaling on data so that the value is within a certain range, 0 to
1. This method is also known as Min-Max scaling or Min-Max normalization. Min-Max Normalization aims to change the values of
various features in the toddler nutritional status dataset so that they all have a similar scale without changing the relative distribution
between the feature values of a toddler nutritional status dataset that we are working on, but this must be ensured in sensitivity to
outliers if not handled properly, the formula 12.

X — X,
Min-M lizationX oy = — 0 1
in-Max normalization X X, (1
Min-M lingX, oo, = ————— 2
in-Max scaling X, X X, )

A variation called Min-Max scaling is used to normalize the training data for machine learning models or to scale numerical
values uniformly. Because the gradient varies consistently rather than abruptly owing to disparate scales, the model learns and
converges more quickly as a result. The dataset is displayed in Table 4 following Min-Max scaling normalization. As you can see,
there are 6812 datasets and 6 columns in this data once it has been normalized.

Table 4. Dataset Normalization Results with Min-Max Scaling

Birth Weight  Birth Height Upper arm circumference

Age at measurement Weight Height

(BB) (TB) (LiLA)

0 0.600000 0.000788 0.010950 0.001474  0.824561 0.159155

1 0.616667 0.000848 0.010107 0.001417  0.824561 0.159155
2 0.383333 0.000879 0.010529 0.001020  0.719296 0.159155
3 0.566667 0.000818 0.009697 0.001190  0.796246 0.159155
4 0.833333 0.000818 0.010107 0.001530  0.859649 0.159155
6808 0.416667 0.001030 0.010529 0.001247  0.754386 0.159155
6809 0.333333 0.000848 0.010107 0.001054  0.719296 0.159155
6810 0.833333 0.000879 0.010318 0.001474  0.850877 0.159155
6811 0.766667 0.000909 0.010318 0.001700  0.877193 0.159155
6812 0.450000 0.001061 0.010318 0.001270  0.156788 0.156788

3. RESULT AND ANALYSIS

We propose this research and take several steps starting from collecting toddler nutritional status dataset, conducting ex-
ploratory data analysis with the aim of preprocessing, overcoming missing values to know the completeness of variables from a data,
and handling incomplete data or missing values, then normalizing. We propose checking the data to see if there is unbalanced data.
SMOTE generates additional instances using linear interpolation between existing sample data from the minority class and its nearest
neighbors in a collection of toddler nutritional status datasets. This technique aims to reduce doubts in the nutritional status dataset
of toddlers, which usually contains a majority class. Figure 2 shows class imbalance in the toddler nutritional status dataset. We
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propose SMOTE to be able to overcome the class imbalance in the toddler nutritional status dataset by generating synthetic samples
for the minority class, thereby balancing the class distribution.

6000

1000

o] 1 2 3 4 5 6
BB/TB

Figure 2. Imbalanced dataset
We propose an over-sampling and under-sampling technique with SMOTE to balance the data, as seen in Figure 3. Previously,
the toddler nutrition dataset showed an imbalance in Figure 2. The synthetic minority over-sampling technique duplicates instances

of the minority class to balance the class distribution so that the toddler nutrition dataset shows balance, which can then be processed
in the next step.
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Figure 3. Balanced dataset

Table 5 shows a dataset with class imbalance; class imbalance affects the performance of classification models [17], indicating
substantial inequality between classes. This imbalance affects the performance of the model [18], leading to inaccuracies in evaluation
and biased learning in machine learning towards the majority class, which results in better classification performance [19], especially
regarding recall and F1 score, and underlines the importance of accurately identifying the minority class, which is often critical in
many scenarios.

Table 5. The Number of Samples for Each Class Imbalance

Sampler class  Count

0 5992
1 1000
2 1000
3 1000
4 1000
5 1000
6 1000

Determining Toddler’s Nutritional . . . (Taufik Hidayat)



240 O ISSN: 2476-9843

Table 6 shows the adjusted information; this proposes an arbitrary beneath sampler to adjust the number of tests in an im-
balanced dataset. With a programmed inspecting technique, which means it’ll adjust the minority lesson with the same number as
the larger part course with settled arbitrary esteem of 42, this settled arbitrary esteem of 42 is utilized to guarantee that the comes
about gotten from the irregular prepare (such as information part or test determination) will be steady each time the code is run,
with the esteem 42 utilized as the esteem to initialize the irregular number generator. Utilized to guarantee steady comes about. The
undersampled information is *x_resampled’ and "y _resampled’. After the total undersampling handle, the code prints the number of
tests for each undersampled course utilizing *Counter.’

from imblearn.under_sampling import RandomUnderSampler

from collections import Counter

RandomUnderSampler = RandomUnderSampler(sampling_strategy='auto', random_state=42)
X_resampled, y_resampled = RandomUnderSampler.fit_resample(X_resampled

, y_resampled)
print("Jumlah sampel per kelas setelah SMOTE:", Counter(y_resampled))

Figure 4. Python source code of random under sampler module from imblearn.under_sampling and Counter

Table 6. The Number of Samplers for Each Class is Balanced

Sampler class  Count

0 1000
1 1000
2 1000
3 1000
4 1000
5 1000
6 1000

We propose a box plot visualization that represents the data distribution by visually displaying the spread and central tendency
of the data to compare the distributions in terms of extreme values, medians, and quartiles, thus getting an idea of the presented
attributes/variables that we generally suspect could be the main differentiators. between 6 (six) classes. Figure 5 visualizes body
weight data based on the original class or before normalization, where the data does not yet show a distribution of weight data values
from each class, so this improves the visualization of reading the data.

—_—— —— —— ——

0 1 2 3 4 5 6
BB/TB

Figure 5. Boxplot of original BB data

Meanwhile, Figure 6 illustrates how body weight data across different classes have been normalized for easy visualization. The
figure shows classes where outlier data, representing values significantly different from most toddler nutrition datasets, are absent.
These toddler nutrition datasets typically reflect average weights from normally distributed data.
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Figure 6. Boxplot of normalized BB data

Meanwhile, Figure 7 shows normalized toddler nutritional data, with a distribution showing that one class has no outliers and
several classes have outliers; however, on average, the data is normally distributed.

Trafth

0 1 2 4 5 6

3
BBITB

Figure 7. Boxplot of normalized TB data

Figure 8 shows the distribution of nutritional data for toddlers based on the relationship between variables. For example,
the variable relationship between upper arm circumference (LiLA) and age, when measured, shows that almost all toddlers have
a measurement of 0 — 25 cm from the age of 0 — 60 months. Thus, Figure 8 will provide an information visualization of each
relationship between variables.

o ong L

s ﬁ JR——

Figure 8. Shows the relationship between variables
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Figure 9 displays the distribution of nutritional data for toddlers categorized by gender, encompassing both male and female
groups. The visualization provides insight into how height correlates with age at measurement. Notably, it highlights a prevalence of
higher values among males compared to females.

&

Figure 9. Variable relationships based on gender

The classes in the sklearn.feature_selection module can be used to improve the estimator’s performance on very high-dimensional
datasets or to raise its accuracy score for feature selection and dimensionality reduction on sample sets. Figures 10 and 11 illustrate
the variations in feature selection; Figure 10 details feature selection before normalization and class balance, while Figure 11 indicates
that the data has undergone these processes.

Figure 10. Original data feature selection

Figure 11. Selection of normalized and balanced data features
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Splitting data into training data (training set) and test data (testing set) with train_test_split where; X _train, X_test, y_train, y_test
= train_test_split(df_feat, df_target, test_size=0.30, random_state=0), with information namely X_train: training data attributes, X_test:
test data attributes, y_train: training data label/class, y_test: test data label/class.

Finally, two good working processes were obtained on Naive Bayes, Support Vector Machine, and Multilayer Perceptron,
namely the first with Statifed k-fold then with GridsearchCV, for more details we show the results below;

3.1. Startifed k-fold

In Table 7, we present the outcomes of our testing using stratified k-fold cross-validation [20], where stratified K-fold ensures
that each fold maintains the same proportion of class labels as the entire dataset, which is especially important for imbalanced datasets
such as those often found in medical diagnostics. Another research [5], the sample used was 200 toddlers, of which 159 toddlers
were diagnosed with stunting, and 41 toddlers were not diagnosed; the accuracy results of both methods showed a success rate of
more than 90%; this study did not use data balance treatment. While we obtained an SVM value reaching an accuracy of 48%, Naive
Bayes reached 37%, and MLP reached 65%; from the values we obtained, we have used stratified K-fold in data handling to ensure
that model evaluation is not biased toward the majority class.

Table 7. Test Results with Stratified k-fold

. SVM NB MLP
Stratifed k-fold % % %

Accuracy 428% 37% 61%
Precision 75% 76% 83%

Recall 95% 27% 94%
f1-score 84% 40% 88%

3.2. GridsearchCV

We have improved or selected the optimal algorithm by gridsearchCV to find out which of these three algorithms has a value
that is optimal enough to be selected. Table 8 shows the increase in test results obtained by the multilayer perceptron (MLP) with
an accuracy of 0.65 from the previous 0.61 and a precision of 0.88 from the previous 0.83. Compared to other research [9] using
stratified k-fold and hyperparameters achieving an accuracy value of 0.82 and a precision of 0.55, we think the results we obtained
are quite good.

Table 8. Optimal Algorithm Test Results

SVM NB MLP

GridsearchCV % % %
Accuracy 61% 37%  65%
Precision 82% 76% 88%

Recall 9%  73% 96%
fl-score 90% 61% 92%

4. CONCLUSION

This study recommends a data separation technique to distinguish training and testing datasets, followed by feature selection
to eliminate irrelevant attributes, enhancing the precision and accuracy of learning and result interpretation. The training process
employs a Support Vector Machine (SVM), Naive Bayes (NB), and Multilayer Perceptron (MLP) with Stratified K-Fold cross-
validation. Hyperparameter tuning using GridSearchCV results in SVM achieving a precision of 0.88% and an accuracy of 0.61%,
NB reaching 0.37%, and MLP attaining 0.65%. This research provides insights into methods such as data balancing, Stratified K-Fold
cross-validation, and hyperparameter optimization (GridSearchCV), comparing the findings with previous studies. Future research
directions include exploring additional features, utilizing ensemble algorithms, and implementing cross-validation techniques to
improve model generalization to new data. This study employs three algorithms: Support Vector Machine (SVM), Naive Bayes
(NB), and Multilayer Perceptron (MLP).
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