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Abstract

Stunting is a vital public health priority that affects millions of children from all over the world, especially in developing countries, where chronic
malnutrition impairs their physical growth and cognitive development. Early detection of stunting is necessary for its timely intervention to
reduce long-lasting effects. The following study deals with the application of higher-end machine learning techniques in order to detect stunting
with more accuracy, using XGBoost, Random Forest, SVM, and k-NN algorithms. Using a dataset sourced from Kaggle, containing 10,000
samples of anthropometric and demographic features, we addressed the significant class imbalance of the data; the number of samples
representing stunted children was only 15% of the total. We surmounted this limitation using SMOTE to generate synthetic data in order to
balance the representation for this minority class. Further feature selection to improve the performance and interpretability of the model was done
using backward elimination, where less impactful features like "Body Length" and "Breastfeeding™ were systematically excluded, while putting
more emphasis on more predictive variables such as weight, age, and socio-economic indicators. The evaluation of machine learning models
showed significant improvements in performance with the integration of SMOTE and optimized feature selection, especially regarding recall and
ROC-AUC metrics, which are critical in healthcare settings where the minimization of false negatives is of high importance. XGBoost was the
best-performing model among those evaluated, yielding an accuracy of 0.8574, a recall of 0.8914, and an ROC-AUC of 0.9311, hence balancing
precision and sensitivity more appropriately than other models. These results emphasize the efficiency of XGBoost in stunting detection while
overcoming challenges arising from imbalanced datasets. It then illustrates the potential of merging machine learning techniques with synthetic
data augmentation methodologies for the optimization of outcomes related to population health, and forms a basis for healthcare practitioners
and policymakers by locating the at-risk children on time. The findings not only point to the importance of advanced data-driven approaches in
stunting detection but also lay the ground for future research on machine learning applications in the fight against other malnutrition-related
public health challenges, which could be crucial for improving child health and well-being across the world.
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1. Introduction

Stunting, a chronic condition characterized by impaired growth and development in children due to malnutrition, is a
serious global health issue that disproportionately affects developing countries. According to the World Health
Organization (WHO), stunting impacts approximately 149 million children under the age of five worldwide. The
consequences of stunting are profound and far-reaching, affecting not only physical development but also cognitive
abilities, which can lead to long-term socio-economic disadvantages [1]. Besides impeding a child's physical
development, stunting is injurious to a child's cognitive abilities, reducing their potential for learning and changing
their 1Qs irreversibly. Stunting often makes many children fall behind in their classes, thereby limiting their choices of
jobs later in life. It is approximated by the World Bank that countries with high rates of stunting could lose as much as
3% of their annual GDP due to low productivity among workers and high medical expenses. In addition, stunting
remains a latent threat to long-term sustainability in most developing countries due to its intergenerational effects.
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Addressing stunting is crucial for improving public health outcomes, particularly in countries with high prevalence
rates like Indonesia, where efforts to reduce stunting are a key priority in national health strategies.

Early detection of stunting is critical to enabling timely intervention and treatment, reducing its long-term impact on
individuals and society. Traditional methods of detecting stunting rely heavily on anthropometric measurements, such
as height-for-age comparisons. While these methods are effective to some extent, they are often limited by the
availability of healthcare resources, especially in rural and underdeveloped areas [2]. Moreover, manual measurement
processes are prone to errors and inconsistencies, further complicating the early detection of stunting. There is a
growing need for more reliable, efficient, and automated solutions that can assist healthcare professionals in identifying
children at risk of stunting, especially in resource-limited settings. Machine learning (ML) offers a promising
alternative by automating the detection process and leveraging large datasets to improve accuracy and speed.

In recent years, machine learning has been increasingly applied to various health problems, including disease detection,
prognosis, and prediction [3]. These models can process large volumes of health data and identify complex patterns
that may not be apparent through traditional analysis. For instance, Effendy et al. applied machine learning models to
predict thermal sensation in buildings using health data, demonstrating the versatility of ML in non-traditional health
settings. Similarly, machine learning could be used to analyze diverse health indicators in the context of stunting
detection, improving detection rates and enabling earlier intervention. However, applying ML to health data is
challenging, particularly the issue of class imbalance in datasets.

One of the primary challenges in using machine learning for health data analysis is the prevalence of imbalanced
datasets. In the context of stunting detection, the number of children with stunting is often much lower than those
without, resulting in a dataset where the majority class (hon-stunted) dominates the minority class (stunted) [4]. This
imbalance can lead to biased models that favor the majority class, which in turn reduces the model’s ability to identify
stunted children accurately. This is a critical issue in healthcare, where false negatives—failing to detect a child with
stunting—can have severe implications for the child’s health and development.

Several techniques have been developed to address the issue of imbalanced datasets, with SMOTE (Synthetic Minority
Over-sampling Technique) being one of the most widely used. SMOTE generates synthetic instances of the minority
class, thereby increasing its representation in the dataset and improving the model’s ability to learn from these samples
[4]. Studies such as those by Kristiyanti et al. [5] have demonstrated the effectiveness of SMOTE in improving model
performance in various contexts, including sentiment analysis and fraud detection. However, while SMOTE has been
applied in many domains, its use in stunting detection remains relatively underexplored, particularly in conjunction
with feature selection techniques such as backward elimination.

Feature selection is another critical component of machine learning that can significantly impact model performance.
Not all features are equally important in large datasets, and including irrelevant or redundant features can reduce the
model’s efficiency and accuracy [5]. Backward elimination is a popular feature selection technique that iteratively
removes the most minor significant features from the dataset, simplifying the model and enhancing its predictive power.
Demonstrated the utility of sequential feature selection in improving the performance of k-nearest Neighbors (k-NN)
for diabetes prediction [6]. By applying backward elimination, the study reduced model complexity while maintaining
high accuracy, underscoring the value of feature selection in health-related machine-learning applications.

While some studies have explored the application of machine learning to health data, particularly in disease detection
and prevention, the specific challenges of stunting detection still need to be researched. Previous studies, such as those
by Angelica et al. [7], have focused on using machine learning for fraud detection and other non-health domains. Even
within the health sector, much of the focus has been on disease prediction, such as cancer and diabetes [7]. For instance,
a comparative analysis of explainable Al models for lung cancer prediction, emphasizing the importance of
transparency in Al-driven health predictions. However, only some studies have specifically addressed stunting
detection, leaving a gap in applying ML models to this pressing global health issue.

Moreover, existing studies on machine learning in health often focus on optimizing accuracy at the expense of other
important metrics, such as recall and ROC-AUC, which are crucial for healthcare applications [8]. High recall is
essential in stunting detection because it reflects the model’s ability to correctly identify stunted children, minimizing
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the risk of false negatives. A low recall could result in children being misclassified as non-stunted, delaying critical
interventions. Despite this, many studies prioritize accuracy as the primary performance metric, neglecting the
importance of recall in high-stakes health applications [8]. This research addresses this gap by evaluating machine
learning models using a more holistic set of metrics, including recall, precision, and ROC-AUC.

Several machine learning models have shown promise in various health-related applications, including XGBoost,
Random Forest, SVM, and k-NN. These models are known for their strong performance in classification tasks and
have been applied in contexts ranging from disease prediction to environmental health monitoring [8]. For instance,
SVM has been used effectively for predicting diabetes and thermal sensations in buildings, while XGBoost has been
employed for lung cancer and fire hotspot predictions Despite their success in these areas, their comparative
performance in stunting detection has yet to be thoroughly investigated. By comparing these models in a stunting
detection context, this study seeks to provide insights into which models are best suited for this task [9].

Recent machine learning advancements have shown great potential in the identification and prediction of stunting
among under-five children with more accurate and actionable insights. In research [10] employed machine learning
algorithms to identify factors associated with undernutrition in under-five-year-old children in Ghana in 2024. Their
study showcased how advanced computational models can uncover complex associations in nutrition data sets, which
might otherwise be overlooked. In Research [11] applied machine learning techniques to predict stunting in Papua New
Guinea. They stressed that these models are applicable across different geographic and socioeconomic contexts and
also depend on localized data. Integra approaches into stunting detection frameworks enhance the precision and
relevance of the interventions; this underlines the novelty and applicability of machine learning in tackling child
malnutrition globally.

In addition to evaluating the performance of different machine learning models, this study also explores the impact of
feature selection on model performance [11]. As mentioned earlier, backward elimination removes irrelevant features
from the dataset, simplifying the model and potentially improving its predictive power. This is particularly important
in health data, where datasets often contain many variables that are not all relevant to the prediction task [12]. By
applying backward elimination, this study aims to identify the most relevant features for stunting detection, improving
model accuracy and interpretability.

Given the challenges of imbalanced datasets and the importance of feature selection in machine learning, this study
aims to fill a gap in the literature by applying SMOTE and backward elimination to stunting detection. Specifically,
we evaluate the performance of four machine learning models—XGBoost, Random Forest, SVM, and k-NN—in
detecting stunting from an imbalanced dataset [12]. By comparing these models across various performance metrics,
including accuracy, recall, precision, and ROC-AUC, we seek to identify the most effective model for early stunting
detection. Additionally, we assess the impact of SMOTE and backward elimination on model performance, providing
insights into how these techniques can improve stunting detection.

The findings of this study have the potential to contribute to the development of automated stunting detection systems
that are both accurate and reliable, particularly in resource-limited settings where early detection is critical for
preventing long-term health consequences. By leveraging machine learning, advanced data balancing, and feature
selection techniques, this research aims to improve the effectiveness of stunting detection, ultimately contributing to
better health outcomes for children in developing countries [13].

2. The Proposed Method/Algorithm

The research workflow for stunting detection, as outlined in figure 1, begins with data preprocessing, a crucial step in
preparing the dataset for analysis. This step ensures the removal of incomplete or irrelevant data, improving the overall
quality. After preprocessing, a baseline model is implemented without using SMOTE (Synthetic Minority Over-
sampling Technique) and backward elimination. This initial model helps identify the most relevant features while
eliminating those that don't contribute significantly to the model's performance.

In the next stage, the model is retrained, this time using SMOTE to handle imbalanced data, which is common in
stunting detection. SMOTE helps balance the class distribution, improving the model's predictive accuracy. The
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workflow continues with backward feature selection, which further refines the feature set by iteratively removing less
important features. Finally, the model is evaluated based on multiple performance metrics, ensuring a robust assessment
of its ability to detect stunting accurately and reliably.
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Figure 1. Research Workflow

2.1. Dataset Description

The data is from Kaggle and consists of 10,000 instances used in the detection of stunting in children. Each record
contains a set of features in the forms of anthropometric measurements, demographic information, and health
indicators. The data consist of both stunted and non-stunted children classified based on WHO's height-for-age
standard. From this data, the distribution of male and female children aged 0-5 years has been almost at an equal ratio.
While no explicit geographic information is available, there seems to be a mix of rural and urban populations. The
socio-economic information also shows that a majority of the children are from low to middle-income families. Similar
to many healthcare-related data sets, this suffers from a problem of class imbalance [14]. Non-stunted children are a
far heavier majority compared to the stunted cases. This can pose a problem with machine learning models because
they tend to favor the majority class, in this case reducing the model's ability to correctly detect stunting.

2.2. Preprocessing

Before applying any machine learning models, the dataset underwent several preprocessing steps to ensure data quality
and consistency. The process began with data cleaning, where approximately 2,000 duplicate records were identified
and removed, leaving 8,000 unique instances for analysis [15]. The next step involved handling missing values.
Depending on the extent of the missing data, incomplete entries were either removed or imputed using statistical
methods. For numerical variables, missing data was filled using mean substitution, while categorical variables were
imputed using the mode.

2.3. Model Implementation Without SMOTE and Backward Elimination

To establish a baseline, four machine learning models—XGBoost, RF, SVM, and k-NN—were implemented on the
preprocessed dataset without applying SMOTE or backward elimination. The purpose of this initial step was to assess
how well the models performed on the raw, imbalanced dataset using the full set of features [16]. The dataset was split
into training and testing sets using an 80:20 ratio, with 80% of the data used for training and the remaining 20% for
testing. This ensured that the models could be evaluated on unseen data. Basic hyperparameter tuning was performed
for each model to optimize its performance. For instance, in XGBoost, the learning rate and maximum tree depth were
adjusted, Random Forest’s number of estimators was fine-tuned, the kernel and regularization parameters were
optimized for SVM, and the number of neighbors was varied for k-NN.
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2.4. Model Implementation Using SMOTE for Handling Imbalanced Data

Given the significant class imbalance in the dataset, SMOTE was applied to improve the models' ability to detect
stunted cases. SMOTE operates by generating synthetic samples of the minority class (stunted children) based on their
nearest neighbors, thus increasing the representation of stunted cases in the dataset [17]. This technique enhances the
models' capacity to recognize stunting by ensuring that the minority class is adequately represented during the training
phase.

In all, the dataset for this study consisted of 10,000 instances, out of which 80% were stunted children totaling 4,873
instances and 20% non-stunted children were 1,185 instances respectively, giving a class imbalance ratio of 1:4. This
is relatively comparable with the datasets used in similar studies where usually the class imbalance ranges between 1:3
and 1:6. This imbalance is rather less serious compared to some highly imbalanced healthcare datasets. However, it
still can pose some challenges for most machine learning models, in that it might bias the model toward the majority
class, impacting its capability of detecting non-stunted cases [17].

2.5. Backward Feature Selection

To further optimize the models and improve their efficiency, backward elimination was employed as a feature selection
technique. Backward elimination is a recursive process where the least significant features are systematically removed,
enabling the models to focus on the most relevant variables [18]. Initially, all features were included in the models, and
their significance was evaluated based on their contribution to model performance. This evaluation was typically done
using p-values in statistical models or feature importance scores for tree-based models like XGBoost and Random
Forest.

During the elimination process, features that showed the least statistical significance or contributed minimally to model
accuracy were removed iteratively. For example, "body length” was identified as a non-essential feature and was
subsequently excluded from the models. After each feature removal, the models were retrained to evaluate the impact
on performance, ensuring that eliminating less relevant features did not compromise the model’s effectiveness [18].

2.6. Performance Metrics

To evaluate and compare the performance of the models across different configurations—both with and without
SMOTE and backward elimination—several key performance metrics were utilized. Accuracy measured the proportion
of correctly classified instances (both stunted and non-stunted) out of the total instances, but while commonly used,
accuracy alone can be misleading in imbalanced datasets [19]. Precision calculated the proportion of true positive
stunting cases out of all cases predicted as stunted, making it particularly important for minimizing false positives.
However, the primary focus of this study was recall, which measured the proportion of true positive stunting cases
detected out of all actual stunting cases. High recall is crucial in healthcare settings to ensure that stunted children are
not overlooked.

The F1-score, which represents the harmonic mean of precision and recall, was used to provide a balanced metric when
both precision and recall needed to be optimized simultaneously. This is especially useful in cases where both false
positives and false negatives must be carefully managed. Finally, ROC-AUC was employed to illustrate the trade-off
between the true positive rate (recall) and the false positive rate. A higher AUC value indicated better overall model
performance in distinguishing between stunted and non-stunted cases, offering a comprehensive evaluation of each
model's effectiveness in handling the task [19].

3. Methodology

3.1. SMOTE (Synthetic Minority Over-sampling Technique)

SMOTE is a data augmentation technique used to handle class imbalance in datasets, especially in classification
problems. In imbalanced datasets, the majority class often overwhelms the minority class, leading machine learning
models to bias towards the majority class [20]. SMOTE tackles this issue by generating synthetic samples of the
minority class rather than simply duplicating existing samples. This helps the model learn from a broader representation
of the minority class and improve its performance in predicting minority cases, such as stunting detection in this study.
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Xsynthetic = X + XX (xneighbor - x) 1)

Interpolation in SMOTE works by generating new synthetic data points through a weighted combination of the original
data point and one of its nearest neighbors. This is controlled by the parameter A, a random value between 0 and 1,
which determines how far the synthetic point will be placed between the original point and its neighbor. By adjusting
A, the synthetic data point is positioned along the line connecting the two points in the feature space, creating a new
sample that reflects the characteristics of both.

3.2. Backward Elimination

Backward Elimination is a widely used feature selection technique in machine learning and statistical modeling that
systematically removes the least significant features from a model, one at a time. This technique is especially beneficial
when working with datasets that contain a large number of features, many of which may be irrelevant or redundant
[21]. By focusing only on the most important features, the model becomes more efficient to train and tends to generalize
better to unseen data. In the context of a multiple linear regression model, the relationship between the target variable
y and the predictors x1, x2, . .. ., xn can be expressed as:

Y = Bo+ Bixy + Baxz + ... +Bpxy +E€ (2)
The goal of backward elimination is to remove features xI that do not contribute significantly to the model’s ability to
predict y. The algorithm evaluates the statistical significance of each feature by analyzing the p-value of its coefficient
Bl . If the p-value of a feature is higher than a predetermined significance level (usually 0.05), the feature is considered
statistically insignificant and is removed from the model [21]. The process continues until only statistically significant
features remain, resulting in a simpler and more efficient model that retains its predictive power while minimizing
complexity.

3.3. XGBOOST (Extreme Gradient Boosting)

XGBoost is an optimized version of gradient boosting designed for speed and performance. It has become one of the
most popular and powerful machine learning algorithms, widely used for both regression and classification tasks.
XGBoost builds an ensemble of decision trees in a sequential manner, where each new tree attempts to correct the
errors made by the previously constructed trees [22]. This method uses gradient descent to minimize a loss function by
adjusting the model’s parameters iteratively.

L(®) = TLi1(yi 9+ Zi=1 2 (i) @)

In XGBoost, the loss function plays a crucial role by guiding the model to minimize the error between predicted and
actual outcomes, ensuring the predictions are as accurate as possible. This function measures how well the model
performs during training and helps it adjust parameters to improve accuracy. Additionally, XGBoost incorporates a
regularization term to control the complexity of the decision trees, preventing overfitting. By penalizing the model
based on the number of leaves and the size of the leaf weights, the regularization term discourages overly complex
models that might perform well on training data but fail to generalize to unseen data [22]. This balance between
accuracy and simplicity helps XGBoost produce robust models that perform well in real-world scenarios.

3.4. Random Forest

Random Forest, a classification method within ensemble learning, utilizes multiple decision trees to improve prediction
accuracy [23]. The process begins by randomly selecting a training subset from the overall training dataset. Each
decision tree in the forest is generated and trained using this subset.

N rees
Zi:t 1 Yi (4)

¥ represents the final prediction or output of the Random Forest model. The variable Ni,... denotes the total number
of decision trees within the forest, and each y; corresponds to the individual prediction made by the i -th decision tree.
The sum of all the predictions is calculated across all trees, and then this total is divided by the number of trees to
produce an average. By averaging the predictions, the Random Forest algorithm reduces variability and improves
accuracy, leveraging the collective decision-making of all the trees [23]. This ensemble approach allows the model to

1

y=
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generalize better to new, unseen data, mitigating overfitting and yielding a more reliable prediction compared to using
a single decision tree [23].

3.5. Support Vector Machine (SVM)

Support Vector Machine (SVM) is a machine learning algorithm designed to classify data by mapping it into a high-
dimensional feature space using a nonlinear mapping function [24]. The training data, represented as vectors

X; , is classified into two categories, denoted as y; , which can take the values -1 or 1, as shown in the formula:
G=(% €ERY y;= —lorL;i=12 ...., N) (5)

The goal of SVM is to find the optimal hyperplane that best separates the two classes in this feature space. The
algorithm begins by identifying the points in each class that are closest to the separating hyperplane [24]—these points
are known as the support vectors. Once the support vectors are determined, the distance between the hyperplane and
these points is calculated. This distance is called the margin, and the primary objective of SVM is to maximize the
margin. A larger margin indicates better generalization and separation between the classes, thus producing a more
robust classifier. By maximizing the margin, SVM effectively minimizes the classification error on both the training
and unseen data, ensuring high classification performance.

3.6. K-nearest Neighbor

k-NN algorithm is a simple and intuitive machine learning algorithm that classifies data points based on their proximity
to other data points [25]. The core idea of k-NN is that a data point is classified by a majority vote of its neighbors,
with the data point being assigned to the class most common among its k nearest neighbors. The formula for k-NN
classification is as follows:

1
y =1 ZiS1Vi (6)
In this formula, y represents the predicted class for a new data point, and yi refers to the class labels of the

k-nearest neighbors. The algorithm identifies the k closest points (neighbors) to the data point in question by calculating
the distance between points [25], typically using Euclidean distance, and then it takes the average or majority class of
these neighbors to assign the label to the new point.

In practice, K-NN works by comparing a data point to its closest neighbors in feature space. The distance between data
points is calculated, and the k-nearest neighbors are selected. The new data point is then assigned the most frequent
class label from those neighbors [26]. The choice of k (the number of neighbors) significantly impacts the performance
of the algorithm, with smaller values of k leading to more sensitive models that may be prone to noise, while larger
values of k create smoother, more generalized models.

3.7. Evaluation Metrics

Evaluation metrics are essential for assessing the performance of classification models, as they determine how
accurately a model predicts the correct outcomes. Accuracy is one of the primary metrics used to measure the ratio of
correctly classified instances to the total number of instances. This metric provides an overall indication of model
performance but may be insufficient when dealing with imbalanced datasets [26]. A confusion matrix is often used to
provide more detailed insight into the model's performance by summarizing the counts of true positive (TP), true
negative (TN), false positive (FP), and false negative (FN) predictions. This matrix is fundamental for calculating
additional metrics such as Precision, Recall, and F1-score. As shown in Table 1.

Table 1. Confusion Matrix

Positive Negative
Positive True Positive (TP) False Positive (FP)
Negative False Negative (FN) True Negative (TN)

Precision measures how many of the instances predicted as positive are actually positive. It is calculated by dividing
the number of true positives by the sum of true positives and false positives:
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TP
TP+FP (7)

Precision is especially important for applications where minimizing false positives is a priority.

Precision =

Recall, also known as sensitivity or the true positive rate, calculates how many actual positive instances were correctly
predicted by the model [27]. It is computed by dividing the number of true positives by the sum of true positives and
false negatives:

TP
TP+FN

Recall =

(8)

Recall focuses on minimizing false negatives, making it crucial in situations where missing positive cases can have
serious consequences, such as in medical diagnoses [27].

F1-score is a metric that balances precision and recall, combining them into a single score. It is particularly useful in
imbalanced datasets where both precision and recall need to be optimized simultaneously. The formula for F1-score is
the harmonic mean of precision and recall:

Precisionx Recall
—— ©)

— = X
F1 Score z Preision+Recall

Finally, accuracy measures the proportion of correctly classified instances (both positives and negatives) out of the
total number of instances, and is calculated using the formula:

TP+TN
TP+TN+FP+FN

Accuracy = (10)

4. Results and Discussion

4.1. Dataset Description

The dataset used in this study was obtained from Kaggle and comprised 10,000 samples with anthropometric and
demographic features relevant to stunting detection. As shown in table 2.

Table 2. Description of Dataset Features for Stunting Detection

No Feature Type Description
1  Gender Categorical Indicates the child's gender, either "Male" or "Female".
2  Age Numerical ~ The age of the child, represented in years, a continuous feature.

The child's weight at birth, measured in kilograms. Important for assessing early growth

3  Birth Weight  Numerical
patterns.

4  Birth Length  Numerical  The child's length at birth, measured in centimeters. Used to indicate initial growth status.

The current weight of the child, measured in kilograms. Reflects the child's present health

5 Body Weight Numerical status.

The current length/height of the child, measured in centimeters. Key for assessing growth

6 BodyLength  Numerical and development.

Indicates whether the child has been breastfed (Yes/No). Significant for early

7 Breastfeeding  Categorical development and nutrition.

Indicates whether the child is stunted (Yes/No). Stunting reflects impaired growth due to

8  Stunting Binary malnutrition.

These features included variables such as age, gender, birth weight, current weight, birth length, current height, and
breastfeeding status. As shown in table 3.
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Table 3. Sample Data from Stunting Detection Dataset

Gender Age ng;u t LBeir:gt?h Vs;?r’] t L?aﬁgilh Breastfeeding Stunting
0 Male 17 3.0 49 10.0 72.2 No No
1 Female 11 2.9 49 2.9 65.0 No Yes
2 Male 16 2.9 49 8.5 72.2 No Yes
3 Male 31 2.8 49 6.4 63.0 No Yes
4 Male 15 3.1 49 10.5 49.0 No Yes

However, the dataset exhibited a significant class imbalance, with only 15% of the samples labeled as stunted children,
while the remaining 85% represented non-stunted children. This imbalance posed a challenge for model training, as
the minority class (stunted children) was underrepresented, making it harder for models to accurately detect stunting
without applying techniques to address the imbalance.

4.2. Data Preprocessing

Before applying machine learning models, the dataset underwent several important preprocessing steps to ensure data
consistency and prepare it for analysis. The first step involved removing approximately 2427 duplicate entries, which
reduced the dataset to 7.573 unique instances. This step was crucial to eliminate redundancy and avoid skewing the
analysis. Next, missing data in the dataset were addressed. For numerical features such as age, weight, and height,
missing values were imputed using the mean or median to maintain consistency, while for categorical features like
gender, the mode was used to fill in missing entries. As shown in table 4, Normalized and Encoded Data from Stunting
Detection Dataset.

Table 4. Normalized and Encoded Data from Stunting Detection Dataset

Gender Age ng;ut Liinr;?h Vs;(;{] t Body Length  Breastfeeding  Stunting
0 1 0.246282 0.798750 -0.194058 1.344380 0.327599 0 0
1 0 -0.453041 0.462847 -0.194058 -2.684189 -0.438284 0 1
2 1 0.129728 0.462847 -0.194058 0.493274 0.327599 0 1
3 1 1.878036 0.126945  -0.194058 -0.698275 -0.651030 0 1
4 1 0.013174 1.134652 -0.194058 1.628082 -2.140248 0 1

The correlation matrix illustrates the relationships between key features in the stunting detection dataset, including
Gender, Age, Birth Weight, Birth Length, Body Weight, and Stunting. As shown in figure 2. Correlation Matrix of
Key Features.

Figure 2. Correlation Matrix of Key Features
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The matrix visually represents the strength and direction of the correlations, with values ranging from -1 to 1. Positive
correlations, shown in shades of blue, indicate that as one variable increases, the other tends to increase as well. For
instance, the positive correlation between Birth Weight and Body Weight suggests that children with higher birth
weights are likely to have higher body weights as they grow. This relationship is important for understanding growth
patterns in children.

Negative correlations, represented in shades of red, show an inverse relationship, meaning that as one variable
increases, the other tends to decrease. However, in this dataset, no strong negative correlations are observed. Variables
that have low or near-zero correlation indicate weak or no linear relationship, implying that changes in one variable do
not predict changes in another. For example, Gender typically shows weak correlations with anthropometric features
like Body Weight or Birth Length, indicating that these characteristics do not strongly vary by gender.

The variable of primary interest, Stunting, shows a moderate negative correlation with Body Weight and Birth Weight,
suggesting that lower birth or body weights are associated with higher rates of stunting. These correlations are crucial
for identifying which variables are most predictive of stunting, and they provide insights for feature selection during
model development. Understanding these relationships helps enhance the accuracy and relevance of machine learning
models used for stunting detection.

4.3. Performance Without SMOTE and Backward Elimination

Here is the table representing the performance of the four machine learning models without SMOTE and backward
elimination, as shown in Table 5.

Table 5. Performance of Machine Learning Models Without SMOTE and Backward Elimination

Model Recall Flscore ROC-AUC Confusion Matrix
XGBoost 0.9423 0.9066 0.7656 [[98,170], [72,1175]]
Random Forest 0.9591 0.9057 0.7670 [[70,198], [51,1196]]
SVM (Polynomial) 0.9663 0.9043 0.7036 [[55,213], [42,1205]]
KNN 0.9214 0.8910 0.6720 [[85,183], [98,1149]]

The performance comparison of the four machine learning models, XGBoost, Random Forest, Support Vector Machine
with a polynomial kernel, and k-Nearest Neighbors, for the stunting detection dataset raises important trade-offs among
the different performance metrics. While accuracy, the overall correctness of the models, is highest for XGBoost at
0.8403, in healthcare contexts, accuracy is just not sufficient, since it does not allow for the trade-off between false
positives and false negatives. Precision, representing the ratio of true positives in relation to the instances classified as
positive, is highest for XGBoost, with 0.8736, and reflects its usefulness for minimizing false positives, a very
important aspect of reducing unnecessary interventions in children who are not stunted. Note that the most important
class-weighted recall for healthcare applications-that is, for reducing the number of false negatives in healthcare
applications-is highest for SVM at 0.9663, hence best capability to find stunted cases and avoid missing children in
need of intervention.

The F1-Score, a balanced metric harmonizing precision and recall, is very similar for XGBoost at 0.9066 and Random
Forest at 0.9057, reflecting their competence in strong trade-offs between the competing priorities. In terms of the
ROC-AUC, which informs about the ability to distinguish between stunted and non-stunted cases, the highest ranking
goes to Random Forest at 0.7670, tailed closely by XGBoost at 0.7656, reflecting robust performance in overall class
separation. However, k-NN has worse metrics on most parameters: its rate of misclassification is higher, which makes
it less suitable for this application.

In healthcare contexts, these are even more critical trade-offs. The excellent precision from XGBoost and,
correspondingly, a very well-balanced F1-Score make it ideal for scenarios where keeping the number of false alarms
low is just about as important as high recall. On the other hand, high recall with SVM makes it of course compelling
when all cases of stunted need to be detected at the cost of increased false positives. In contrast, Random Forest also
performed competitively, striking a reasonable balance between precision and recall. This analysis underlines that the
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inclusion of accuracy, precision, recall, and F1-score gives broad insight into model performance, satisfying the needs
of the specific application of healthcare in stunting detection.

Before the application of SMOTE, the performance of the XGBoost model was very impressive, with an accuracy of
83.43%, a precision of 86.30%, and the highest recall among the models of 94.95%. As shown in figure 3.
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Figure 3. Confusion Matrix Before SMOTE

This is further reflected in its high F1-score of 90.42%, which means that the precision and recall are balanced.
However, a ROC-AUC value of 0.7678 suggests there is still room for improvement in the model's power to distinguish
between positive and negative classes across various thresholds. The Random Forest model also performed similarly
to XGBoost, with an accuracy of 83.30% and precision of 86.22%, though its recall was slightly lower at 94.87%. This
yielded a respectable F1-score of 90.34%, somewhat lower than that obtained from XGBoost, but with a much lower
value of ROC-AUC at 0.7577.

In contrast, the SVM model yielded a high recall of 96.71%, meaning it can capture positive cases with very high
efficacy. Still, its precision was a bit lower at 84.93%, hence giving an F1-score of 90.44%, with an ROC-AUC value
of 0.7057, lower than the other models, indicating difficulties in the consistent class distinction provided by this model.
The k-Nearest Neighbors model gave the lowest accuracy of 82.31%, with a relatively good precision of 86.34%.
However, Its recall was lower at 93.26%, giving an F1-score of 89.67%. This model had the lowest ROC-AUC value
amongst all models at 0.6914, presenting the weakest discriminative capability.

4.4. Performance After Using SMOTE and Backward Elimination

To address the class imbalance in the dataset, the SMOTE was applied specifically to the training set. SMOTE works
by generating synthetic samples of the minority class (stunted children) based on their nearest neighbors, effectively
balancing the class distribution. This resampling process ensured that the models had a more balanced dataset to learn
from, making them better equipped to detect stunted cases, which were previously underrepresented.

Once SMOTE was applied, the same four machine learning models—XGBoost, Random Forest, SVM, and k-NN—
were retrained on the newly balanced dataset. In addition to retraining, the models underwent further hyperparameter
tuning to adjust to the updated data distribution. As shown in figure 4.

# --- Apply SMOTE to Address Class Imbalance ---
smote = SMOTE(random state=42)
¥_resampled, y_resampled = smote.fit_resample(X, y)

# Split resampled dataset into training and test sets
¥X_train, X_test, y_train, y_test = train_test_split(x_resampled, y_resampled, test_size=8.2, random state=42)

# --- Backward Eliminatiom (Remowe "Body Length" and "Breastfeeding®™) ---
df .drop{cclumns=[ 'Body Length', "Breastfeeding'], inplace=True)
Figure 4. Code Implementation of the SMOTE and Backward Elimination Techniques

This fine-tuning helped optimize model performance by taking into account the changes in the dataset’s structure and
ensuring that the models could make more accurate predictions.
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The ROC-AUC curves in this figure show the comparative performance of four machine learning models—XGBoost,
Random Forest, SVM with a polynomial kernel, and k-NN—on the stunting detection dataset after applying the
SMOTE and backward elimination. As shown in figure 5.

Distribusi sebelum SMOTE: Counmter({l: 4873, @: 1185})

M|

Distribusi setelah SMOTE: Counter({1: 2873, @: 2873})

b

Figure 5. The result of applying SMOTE to the imbalanced stunting detection dataset

The ROC-AUC represents the models' ability to distinguish between stunted and non-stunted children, with higher
curves indicating better overall classification performance.

After implementing SMOTE to address class imbalance and backward elimination to remove less relevant features, all
models demonstrated improved performance. XGBoost achieved the highest ROC-AUC value of 0.9311, reflecting its
superior ability to correctly classify stunted children while minimizing false positives and false negatives. Random
Forest followed closely with a ROC-AUC score of 0.8931, indicating strong classification performance as well.

Both k-NN and SVM also showed noticeable improvements, with ROC-AUC scores of 0.8467 and 0.7443,
respectively, compared to their pre-SMOTE and backward elimination performance. These results confirm that the
application of SMOTE and backward elimination significantly enhances the models' ability to correctly detect stunting,
particularly for XGBoost and Random Forest, making them more effective in real-world healthcare scenarios where
accurate classification is crucial.

After retraining, the models' performance was evaluated on the original, unbalanced test set to maintain real-world
relevance. As shown in Table 6.

Table 6. Performance Metrics of Different Models for Stunting Detection after implementing technique SMOTE and
Backward Elimination

Model Accuracy  Precision Recall F1-Score ROC-AUC Confusion Matrix
XGBoost 0.8574 0.8413  0.8914  0.8656 0.9311 [[975, 212], [137, 1124]]
Random Forest 0.8207 0.8246 0.8279 0.8263 0.8931 [[965,222], [217,1044]]
SVM (Polynomial Kernel) 0.6977 0.6729 0.8041 0.7327 0.7443 [[694, 493], [247,1014]]
k-NN 0.7708 0.7966  0.7454  0.7702 0.8467 [[947, 240], [321,940]]

The focus of the evaluation was on key metrics such as recall and ROC-AUC, which are particularly critical in
healthcare settings. Given that stunting detection is a sensitive issue, minimizing false negatives (i.e., ensuring that all
stunted children are correctly identified) was prioritized. ROC-AUC was also used to assess how well the models
distinguished between stunted and non-stunted cases, ensuring that the overall detection capability remained high.

After applying SMOTE, the XGBoost model significantly improved ROC-AUC, which increased to 93.11%, indicating
better discrimination between classes. As shown in figure 6.

Confusion Matrix: Random Forest (After SMOTE)

Confusion Matrix: SVM [After SMOTE) Confusion Matrix: k-NN (After SMOTE)

Confusion Matrix: XGBoost (After SMOTE)

60 P

Figure 6. Confusion Matrix After Using Techniqgue SMOTE
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Although recall slightly decreased from 94.95% to 89.14%, accuracy improved to 85.74%, reflecting SMOTE's impact
in addressing data imbalance while maintaining strong performance. In contrast, the performance of the Random Forest
model declined after SMOTE, with accuracy dropping to 82.07%, precision at 82.46%, and recall at 82.79%, resulting
in an F1-score of 82.63%. However, its ROC-AUC increased to 89.31%, suggesting that SMOTE enhanced the model's
discriminative ability despite the overall performance decline. The SVM model experienced a significant drop in
performance following SMOTE, with accuracy falling to 69.77% and an F1-score of 73.27%. ROC-AUC remained
low at 74.43%, highlighting the model's difficulty handling the balanced dataset. Additionally, lower precision at
67.29% indicated an increase in false positive classifications. Similarly, the k-NN model experienced a reduction in
accuracy, which dropped to 77.08%. Precision and recall were recorded at 79.66% and 74.54%, respectively, resulting
in an F1 score of 77.02%. However, its ROC-AUC increased to 84.67%, reflecting improved discriminative ability,
even as overall performance metrics declined.

Comparison among the performances of the four models in this study using metrics such as recall, F1-score, ROC-
AUC, and accuracy reveals that the models significantly differ in their performance on both the imbalanced and the
balanced dataset resulting after SMOTE. As shown in figure 7.

Comparison of F1-Scose Gefore and After SMOTE . Comparison of ROC-AUC Before and After SMOTE

Comparison of Accuracy Before and After SMOTE o Comparisan of Recall Before and After SMOTE

after SMOTE

ol

Figure 7. Comparison Performance Recall, F1-Score, ROC-AUC, and Accuracy avoid Four Modell Classification

Recall, which measures how well the model detects true positives, was highest from SVM before SMOTE at 96.71%,
dropping significantly to 80.41% after SMOTE. In contrast, XGBoost maintained relatively high recall values, from
94.95% (before SMOTE) to 89.14% (after SMOTE), showing more stability than the other models. This suggests
XGBoost's robustness in capturing positive cases even with a balanced dataset.

For the F1-score, which balances precision and recall, XGBoost excelled with 90.42 before SMOTE and 86.56 after
SMOTE. This highlights its consistent performance, unlike SVM and k-NN, which saw notable declines after SMOTE.
Speaking directly to the model's ability to differentiate between classes, as indicated by ROC-AUC, XGBoost saw
quite a remarkable improvement after SMOTE, from 0.7678 to 0.9311-highest among the models. Random Forest
improved in ROC-AUC from 0.7577 to 0.8931, but this same improvement was not shared explicitly in SVM and k-
NN.

The accuracy that measures the overall correctness was consistently the highest for XGBoost both before (83.43%) and
after SMOTE (85.74%), further emphasizing its adaptability for handling an imbalanced dataset to a balanced one.
Random Forest trailed closely in its ranking by accuracy before SMOTE with 83.30%, although its performance
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declined a bit after balancing the dataset. Meanwhile, both SVM and k-NN suffered dramatic decreases in accuracy
after using SMOTE to balance the dataset.

Among the metrics, ROC-AUC is the most critical in finding out what model performed the best since it reflects the
ability to distinguish between the positive and negative classes over different thresholds and provides a complete picture
of model performance. Recall and F1-score are essential, but they only offer some photos of the model's discrimination
capability. ROC-AUC shows that the best performance came from XGBoost, with the most consistent and significant
gain post-SMOTE. The immediate implication is that XGBoost can maintain balanced performance along all critical
metrics, making it the most reliable model for this task.

5. Conclusion

This study demonstrates the effectiveness of applying machine learning techniques combined with data balancing
strategies for stunting detection in children. By addressing the class imbalance in the dataset through the SMOTE and
optimizing feature selection using backward elimination, we were able to significantly enhance the performance of
machine learning models, particularly in terms of recall and ROC-AUC, which are critical in healthcare applications.

Among the models evaluated, XGBoost emerged as the best-performing model, achieving an accuracy of 85.74%, a
recall of 89.14%, and an ROC-AUC of 93.11% after applying SMOTE and backward elimination. Random Forest also
performed well, demonstrating high accuracy and class separation capability. SVM and k-NN, while slightly less
effective, still showed improvements after applying the balancing and feature selection techniques.

The results indicate that handling class imbalance and refining feature sets are crucial steps for improving machine
learning models' ability to accurately detect stunting. The findings of this study can guide healthcare practitioners and
researchers in adopting machine learning for early stunting detection, enabling timely interventions to mitigate long-
term impacts on children's growth and development.
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