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ABSTRACT 

Stunting remains a significant global health challenge, particularly among children under five years old. 

Early detection of nutritional status is crucial to prevent long-term impacts on both physical and cognitive 

development. This study proposes a lightweight approach based on hybrid feature engineering and fusion 

for stunting status classification without requiring complex data balancing strategies. The proposed 

method integrates basic anthropometric features with Rule-Based (RB) derived features (BMI, weight, and 

height changes since birth, growth rates, and z-score combinations), along with latent features generated 

by a Variational Autoencoder (VAE) that captures non-linear patterns in tabular data. All features are 

then concatenated and classified using XGBoost. The evaluation with 5-fold cross-validation demonstrated 

highly competitive performance, yielding an average F1-score of 0.9919 ± 0.0066 on the testing data. These 

findings highlight that a lightweight yet informative approach can serve as a practical solution to support 

early stunting detection, particularly in public health settings with limited resources. 

Keywords-stunting prediction; feature engineering; Variational Autoencoder; XGBoost; lightweight model   

I. INTRODUCTION  

Stunting is a chronic nutritional problem that remains a 
serious concern in global public health. According to UNICEF, 
WHO, and the World Bank (2023), approximately 22.3% of 
children under five worldwide experience stunting [1]. This 
figure is particularly striking in South Asia (30.5%), Sub-
Saharan Africa (31.3%), Southeast Asia (26.4%), and Oceania 
(excluding Australia and New Zealand) (44.0%), where 
economic factors, food access, and health services remain 
major obstacles [2-4]. In Indonesia, the prevalence of stunting 
among children remained at 21.6% in 2022 according to the 
Indonesian Nutritional Status Survey (SSGI) [5]. This situation 
demands an accurate, efficient early-detection strategy to 
support community nutrition interventions. 

Traditional approaches to determining children's nutritional 
status generally rely on anthropometric parameters, such as 
weight, height, and z-scores, derived from WHO standards. 

Although simple and easy to measure, these methods are static 
and less adaptable in capturing the complex patterns of child 
growth interactions [6]. Therefore, some studies have begun to 
adopt ML to improve the accuracy of nutritional status 
classification [7-9]. ML models, such as Random Forest (RF), 
Support Vector Machine (SVM), and Logistic Regression, 
often outperform conventional statistical methods in many 
empirical studies, especially for classification or prediction 
accuracy on complex datasets. However, they remain 
vulnerable to overfitting and limited generalization, especially 
when the dataset is small, features are numerous or unclean, 
class distribution is imbalanced, or when model validation and 
tuning procedures are inadequate [10-13]. On the other hand, 
advances in deep learning (DL) have introduced models, such 
as Convolutional Neural Networks (CNN) and TabNet, which 
are capable of extracting richer feature representations [14-16]. 
However, these architectures are computationally intensive and 
often require additional strategies such as balancing techniques 
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[17, 18]. This limits the applicability of the models to real-
world environments, particularly primary healthcare facilities 
in resource-constrained areas. 

To address these challenges, this study proposes a 
lightweight hybrid feature engineering and fusion approach 
[19, 20]. This method combines basic anthropometric features 
with RB derived features (such as body mass index, 
weight/height change since birth, and growth rate) and latent 
features from a VAE capable of capturing non-linear 
representations of tabular data [21, 22]. All features are then 
combined through a simple fusion mechanism and processed 
using XGBoost, a boosting-based tree algorithm that is 
efficient, stable, and proven robust on tabular data [23-25]. The 
main contributions of this study are: 

 Developing a robust and lightweight pipeline without the 
need for data balancing. 

 Integrating RB interpretable features with latent features 
from VAE, enabling the model to capture both classical 
patterns and non-linear representations. 

 Demonstrating the effectiveness of XGBoost as a stable, 
efficient, and robust primary classification model for 
stunting prediction. 

II. RELATED WORKS 

Extensive research on ML-based stunting prediction has 
been conducted to improve the accuracy of early detection 
compared to conventional statistical methods. Authors in [9] 
used data from the 2016 Ethiopia Demographic and Health 
Survey (EDHS) covering over 9,000 children under five to 
evaluate several algorithms, including Logistic Regression, 
Decision Tree, RF, SVM, and XGBoost. The results showed 
that RF and XGBoost provided accuracy above 80%, with 
child age, maternal education, and family economic status as 
the main determinants. However, this study did not address 
data imbalance and used only standard tabular features, 
limiting its ability to capture more complex nonlinear patterns. 

In addition to focusing on toddlers, authors in [8] examined 
the risk of stunting in adolescent girls aged 15–19 years using 
2016 EDHS data from a sample of 3,156. This study compared 
eight ML algorithms (Logistic Regression, RF, SVM, KNN, 
Naive Bayes, Decision Tree, XGBoost, and LightGBM), and 
applied SMOTE for data balancing and Boruta for feature 
selection. The results showed that RF was again the best model 
with an AUC of 95%, and region, age, wealth index, education, 
and sanitation facilities emerged as significant predictors. 
Although the analysis was enriched with association rule 
mining and interpretability through SHAP values, this study 
was still limited to tabular survey data without clinical nutrition 
information or longitudinal data. Thus, the generalizability of 
the results remains low. 

To broaden the scope of the analysis, authors in [26] 
combined 2011 and 2016 EDHS data with over 18,000 toddler 
samples to develop a multi-class classification model that 
differentiates stunting status into normal, moderate, and severe. 
After preprocessing, feature selection, and balancing with 
SMOTE, four ensemble algorithms were compared: RF, 

AdaBoost, XGBoost, and CatBoost. The results showed that 
RF provided the highest performance with an accuracy 
approaching 98% and an AUC of 99.99%. It successfully 
identified child age, maternal education, anemia, wealth index, 
and access to clean water and sanitation as key determinants. 

Several studies also highlight the importance of model 
interpretability. Authors in [27] used BDHS 2017–18 data from 
Bangladesh and evaluated Logistic Regression, ANN, RF, and 
XGBoost. XGBoost emerged as the best model with an 
accuracy of 81.73% and an AUC of 0.802, while SHAP was 
used to identify key factors such as parental education, 
economic status, BMI, and access to sanitation. In Indonesia, 
authors in [28] introduced a hybrid approach combining 
classification (SVM with RBF and Sigmoid kernels), linear 
regression for trend prediction, and K-Medoids-based spatial 
clustering. The results showed 91.3% accuracy for 
classification and a low MSE for regression, while providing a 
spatial overview of stunting prevalence at the regional level. 

Furthermore, authors in [14] proposed a hybrid dual-fusion 
framework that combines deep features from a 1D-CNN and 
classical anthropometric indicators via an additive attention 
mechanism, and then classifies them using a stacking 
ensemble. To address data imbalance, SMOTE was applied in 
the present study and achieved very high performance (99.7% 
accuracy and 99.99% AUC). However, this approach still 
suffers from limitations, including relatively high architectural 
complexity, the need for external balancing, and high 
computational costs, making its application in primary 
healthcare less practical. 

It can be observed that most studies still rely on external 
balancing or complex models to achieve high performance. At 
the same time, the integration of lightweight yet informative 
feature engineering has not been widely explored. Therefore, 
the current study offers a distinct contribution by developing a 
robust, lightweight pipeline without balancing, integrating rule-
based, interpretable features with latent features from VAEs, 
and using XGBoost as an efficient, stable primary model for 
stunting prediction in real-world, resource-constrained 
environments. 

In addition, in the context of malnutrition prediction, few 
studies have incorporated explainable AI (XAI) methods, such 
as SHAP, to improve model interpretability. Research in the 
broader medical and healthcare domain has demonstrated that 
SHAP-based explanations for feature contributions can 
improve clinical trust and adoption, particularly in data-limited 
or resource-constrained environments [29]. 

III. PROPOSED METHOD 

The proposed method aims to develop a lightweight yet 
effective hybrid pipeline for predicting toddler nutritional 
status using basic anthropometric data. The overall workflow 
consists of four main stages: data preprocessing, feature 
engineering (RB and VAE-based), feature fusion with re-
normalization, and classification using XGBoost. The entire 
process, illustrated in Figure 1, is evaluated using 5-fold 
stratified cross-validation to ensure robust, unbiased 
performance estimation. 
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Fig. 1.  Workflow of the proposed hybrid pipeline, including data 

preprocessing, RB and VAE feature engineering, feature fusion, and 

evaluation through 5-fold stratified cross-validation. 

A. Preprocessing 

The dataset used in this study was obtained from the 
Semarang City Health Office, Indonesia. This dataset has the 
following features: age in months (A), birth weight (BW), birth 
height (BH), weight at measurement (W), height at 
measurement (H), weight-for-age z-score (ZSWA), height-for-
age z-score (ZSHA), weight-for-height z-score (ZSWH), and the 
child's age in months. The labels used include stunting status 
and nutritional status. Next, this dataset was preprocessed with 
the following steps: 

 Removal of irrelevant features, such as administrative 
columns (Parent Name, Health Post, Neighborhood 
(RT-RW), Date of Birth, and Measurement Date) were 
excluded. In addition, the Mid-Upper Arm 
Circumference (MUAC) feature was removed because 
a large proportion of its values were recorded as zero, 
likely representing missing or erroneous entries. 

 Records containing missing values or duplicates were 
removed to maintain data consistency. 

 Categorical variables (e.g., sex) were converted into 
numerical representations using one-hot encoding. 

 All numerical features were normalized utilizing z-
score scaling, using: 

�′ =
���

�
     (1) 

where � is the mean and 	 is the standard deviation of each 
feature. This ensures that the feature distributions are 
comparable in scale to support representation learning. The 5-
fold cross-validation was applied on the training set to obtain a 

robust internal estimate of model performance to ensure an 
unbiased measure of generalization. 

To strictly prevent data leakage, all preprocessing 
operations were restricted to the training data. Specifically, the 
z-score normalization in (1) was fit exclusively to the training 
subset and then applied to the validation and test subsets. 
During each cross-validation fold, the scaler was re-initialized 
and re-fitted using only the samples in the corresponding 
training fold, ensuring that no statistical information from the 
validation or test data influenced the feature scaling. 

B. Feature Engineering 

To improve data representation, two main approaches were 
used: RB features and feature transformation through a VAE. 
RB features were derived from original anthropometric features 
to capture child growth dynamics, such as body mass index 
(
��), weight difference from birth (
�), height difference 
from birth (
�), weight growth rate ���, height growth rate 
���, mean of z-scores, and difference of z-scores. Some RB 
features were inspired by [30-33], where nutritional 
calculations were discussed. The formulas used are: 


�� =
�

��
     (2) 


� = � − 
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� = � − 
�    (4) 

��� =
��

�
     (5) 

��� =
��

�
     (6) 

������ =
�� !"��#!"�� #

$
   (7) 

��%&'' = ���� − ����   (8) 

RB features add clinical context, such as whether weight 
gain follows a normal rate with age, or whether there is an 
imbalance between weight and height based on WHO 
standards. VAE also includes features. Unlike simple feature 
selection, VAE performs feature transformation from the 
original input space into a low-dimensional latent 
representation [34, 35]. The VAE steps are: 

 All original numerical features are used (
�, 
�, �, 
�, ����, ����, ���� , () as input. 

 The output is a compact latent vector )* ∈ ℝ-. 
representing the non-linear pattern between 
anthropometric features. 

In principle, the encoder maps the input into a 
parameterized Gaussian distribution )�, 	. from which a latent 
vector * is generated through the reparameterization trick. The 
decoder is used only during training for reconstruction, 
ensuring that the learned representation remains informative; 
during inference, only the encoder is used [36]. Consequently, 
the VAE serves to generate new features (0(123–0(12-) that 
are more compact and capable of capturing complex 
interactions among anthropometric variables, thereby enriching 
the dataset representation before being combined in the feature 
fusion stage. The configuration is presented in Table I. The 
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VAE model was trained solely on the data from each split, and 
the trained encoder was subsequently used to extract latent 
representations for both the training and test subsets, thereby 
maintaining complete isolation between the training and 
evaluation data. 

TABLE I.  VAE CONFIGURATION 

Component Architecture Design Notes  

Encoder 
Dense (18) → Dense (12) 

→ Dense (6) 

Input: 8 dims; Activation: 

ReLU 

Latent Heads 

Dense (4) for μ and Dense 

(4) for log σ² (two parallel 

heads) 

Activation: Linear 

Decoder 
Dense (6) → Dense (12) 

→ Dense (8) 

Output: 8 dims 

(reconstruct input) 

Regularization 
KL divergence with β = 

0.5 

β is empirically chosen for 

stable training and to 

avoid over-regularization 

Optimizer Adam (lr = 1e-3) 

Batch size = 64, epochs = 

50, early stopping 

(patience 7) 

 

Table II presents the features used in this study after 
preprocessing and feature engineering.  

TABLE II.  SUMMARY OF FEATURES USED IN THE STUDY 

Feature Name Type Description 

Birth Weight 

(
�) 
Original Weight of the child at birth (kg) 

Birth Height (
�) Original 
Length/height of the child at birth 

(cm) 

Current Weight 

(�) 
Original Current body weight (kg) 

Current Height 

(�) 
Original Current body height (cm) 

Age (() Original 
Age in months, calculated from 

measurement date − birth date 

z-score W/A 

(����) 
Original 

WHO standardized z-score of 

weight-for-age 

z-score H/A 

(����) 
Original 

WHO standardized z-score of height-

for-age 

z-score W/H 

(����) 
Original 

WHO standardized z-score of 

weight-for-height 


�� Engineered Body Mass Index = Weight / Height² 


� Engineered 
The difference between the current 

weight and the birth weight 


� Engineered 
Difference between current height 

and birth height 

Growth Rate 

(���) 
Engineered 
�/( 

Growth Rate 

(���) 
Engineered 
�/( 

������ Engineered Mean of ����, ����, ���� 

��%&'' Engineered Difference between ���� and ���� 

(0(123–0(12-) Engineered Latent variables learned by VAE 

Status_Nutrition Label multi-class label of nutritional status 

 

C. Feature Fusion  

There are three sets of original features before reduction: 
nine original features, seven RB features, and four latent 

features, for a total of 19. All features are concatenated, as 
shown in:  

56789:; = <5:=9||5=7?@||5?AB@;BC ∈ ℝ
3D  (9) 

Subsequently, re-normalization using z-score scaling is 
applied to 56789:;  to standardize the mixed scales (original, 
derived, and latent features). This step is important because 
0(12~F)0,1. , but its combination with RB features often 
alters the overall distribution.  

D. Classification Model 

The main algorithm is XGBoost, a gradient-boosting 
Decision Tree with regularization to reduce overfitting. The 
XGBoost objective function is defined as in: 

IJK = ∑ M)N& , NO&.
�
&P3 + ∑ Ω)ST.

U
TP3   (10) 

where l denotes the loss function (logistic loss for binary 
classification) and Ω represents the regularization term of tree 
complexity. The XGBoost configuration used in this study is 
summarized in Table III. 

TABLE III.  XGBOOST PARAMETER SETTINGS 

Parameter Value Parameters Value 

learning_rate 0.05 colsample_bytree 0.8 

max_depth 6 gamma 0.1 

n_estimators 300 reg_alpha (L1) 0.1 

subsample 0.8 reg_lambda (L2) 1.0 

 

The dataset was divided into 80% training data and 20% 
testing data, stratified by class label to maintain the distribution 
proportions. Next, the training data were evaluated using 5-fold 
cross-validation, with each fold serving as validation data, 
while the remainder was used to train the model. This process 
yielded more robust performance estimates and reduced the 
bias caused by single data splits. After cross-validation, the 
final model was retrained on the entire training data (80%) and 
evaluated on the testing data (20%). The evaluation used 
metrics, such as accuracy, precision, recall, F1-score, 
multiclass AUC, and confusion matrix analysis, to measure 
overall classification performance. 

The proposed approach is not limited to the Indonesian 
context. Since the method primarily relies on basic 
anthropometric indicators standardized by WHO (such as 
weight, height, age, and z-scores), the same pipeline can be 
applied to similar datasets from other countries. This highlights 
the adaptability of the proposed lightweight hybrid design to 
broader public health applications in low-resource settings. 

E. Evaluation and Explainable AI 

Model performance was evaluated using five standard 
classification metrics: accuracy, precision, recall, F1-score, and 
area under the ROC curve (AUC). Accuracy reflects the overall 
correctness of predictions, while precision and recall measure 
the model's ability to identify positive cases and avoid false 
negatives, respectively. The F1-score is the harmonic mean of 
precision and recall, providing a balanced evaluation when the 
dataset is imbalanced. Additionally, the AUC metric was used 
to assess the model's discriminative capability across all 
classification thresholds. 
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Beyond quantitative evaluation, XAI analysis was 
conducted to interpret how each feature contributes to the 
model's decision process. The SHapley Additive exPlanations 
(SHAP) framework was employed to quantify the contribution 
of each input variable to the predicted outcomes. Global feature 
importance (mean |SHAP| values) were generated to identify 
the most influential features. This integration of performance 
evaluation and explainability provides not only a robust 
assessment of predictive accuracy but also valuable insights 
into the underlying feature interactions relevant to nutritional 
status prediction. 

IV. RESULTS AND DISCUSSION 

A. Data Distribution 

The dataset used in this study consists of 2,752 child 
growth records collected from the Semarang City Health Office 
(Indonesia). As shown in Figure 2, the dataset is highly 
imbalanced, with most samples belonging to the Well-Nutrition 
class (n = 2,344). The remaining classes include At Risk of 
Overweight (n = 218), Underweight (n = 88), Overweight (n = 
67), Obesity (n = 25), and Malnutrition (n = 10). This 
imbalance poses a potential challenge for the model to 
recognize minority classes, such as Malnutrition and Obesity, 
as illustrated in Figure 2. To ensure fair evaluation, the dataset 
was randomly split into 80/20 stratified sets, yielding 2,201 
training and 551 testing samples, preserving the class 
proportions in both subsets. The stratification ensures that each 
class in the test data reflects approximately the same relative 
frequency as in the overall dataset, preventing bias toward 
dominant classes. 

 

 

Fig. 2.  Class distribution of the nutritional dataset used. 

B. Cross-Fold Validation  

During the training process, an evaluation was conducted 
using 5-fold stratified cross-validation on the training and 
testing data. The results per fold showed consistent high 
performance, with a weighted F1-score ranging from 0.9822 to 
1.0000. The average F1-weighted score reached 0.9919 ± 
0.0066, indicating model stability across various subsets of the 
training data. This demonstrates that the developed pipeline is 
capable of addressing distribution variations between folds 
despite class imbalance. More detailed data are presented in 
Table IV. The ROC plot is displayed in Figure 3. 

The proposed model accurately predicted all nutritional 
status categories, including minority classes such as 
Malnutrition and Obesity, achieving perfect classification in 
these groups. These results confirm the model's strong 
capability for nutritional status prediction under severe class 
imbalance. The aggregated confusion matrix of all folds, 
portrayed in Figure 4, further illustrates that nearly all instances 
were correctly classified across categories. For brevity, per-
class performance is summarized in Table IV using the 
weighted F1-scores, which inherently account for class 
imbalance across folds. 

TABLE IV.  PROPOSED METHOD RESULTS 

Fold Accuracy Precision Recall F1-score 

1 0.9955 0.9955 0.9955 0.9954 

2 1.0000 1.0000 1.0000 1.0000 

3 0.9841 0.9812 0.9841 0.9822 

4 0.9864 0.9872 0.9864 0.9863 

5 0.9955 0.9957 0.9955 0.9955 

Avg 0.9923 ± 

0.0060 

0.9919 ± 

0.0068 

0.9923 ± 

0.0060 

0.9919 ± 

0.0066 

 

C. Discussion 

The test results of the proposed method highlight three key 
findings. First, robustness to imbalanced data. The absence of 
misclassifications in minority classes (e.g., Malnutrition and 
Obesity) confirms that the pipeline can generalize well even 
without additional balancing strategies such as random 
oversampling, SMOTE, or ADASYN. 

Second, the effectiveness of feature combinations. 
Anthropometric-derived features (BMI, ΔW, ΔH, growth rate, 
etc.) provide a meaningful clinical context, while VAE-derived 
latent representations capture complex non-linear interactions 
among anthropometric indicators. The fusion of explicit 
domain knowledge and compact learned features makes 
XGBoost more efficient and stable in tabular learning tasks. 

Third, regarding generalization and potential overfitting, the 
5-fold cross-validation results (F1-score = 0.9919 ± 0.0066) 
show strong consistency across folds, indicating a minimal 
generalization gap. The aggregated confusion matrix in Figure 
3 further supports this observation, showing that almost all 
classes, including minority ones, were correctly classified. 
Moreover, the ablation study demonstrates that each 
component (original, RB, and VAE features) contributes 
incrementally to the overall performance, reinforcing that the 
model captures relevant patterns rather than overfitting to the 
dataset.  

Robustness was also implicitly evaluated through 5-fold 
stratified cross-validation, where the consistent performance 
across folds indicates strong model stability despite class 
imbalance. In addition, the model's resilience to data variability 
suggests potential robustness against moderate noise or 
perturbations. Nevertheless, future validation on larger or 
external datasets is proposed to further assess cross-population 
generalization. 
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D. Ablation Studies and Comparison 

To understand the contribution of each component in the 
system design, an ablation study was conducted focusing on 
variations of architecture and features. Five testing scenarios 
were prepared: 

 A0 (Original feature only): using only eight original 
anthropometric features without adding derived or 
latent features. 

 A1 (Original + RB): using the original features plus 
seven RB derived features, including body mass index, 
weight and height differences, growth rates, and z-
score summaries. 

 A2 (Original + VAE): using the eight original features 
combined with four latent features generated by the 
VAE transformation. 

 A3 (Fusion: Original + RB + VAE): integrating all 
features (8 original + 7 RB + 4 latent) into a total of 19 
features, followed by re-normalization to balance the 
scales. This scenario represents the main design. 

 A4 (Fusion without Re-normalization): identical to A3 
but without re-normalization after feature fusion, to 
evaluate the impact of re-scaling. 

In addition to the ablation study, the study also conducted a 
comparison with related works that utilized the same dataset. 

Table V provides detailed cross-validation results of the 
ablation and comparison experiments. 

TABLE V.  ABLATION STUDY AND COMPARISON RESULTS 

Model Acc Prec Recall F1-score ROC 

A0 0.982 0.982 0.981 0.981 0.995 

A1 0.989 0.989 0.988 0.988 0.997 

A2 0.986 0.985 0.985 0.985 0.996 

A3 0.992 0.992 0.992 0.992 1.000 

A4 0.983 0.983 0.982 0.982 0.995 

CNN–SMOTE [14] 0.997 0.997 0.997 0.967 0.999 

 

Table V presents the results of ablation experiments 
evaluating the contribution of each feature component to the 
system design. The pattern remained consistent: the baseline 
model A0, which uses only raw anthropometric features, 

performed the lowest in cross-validation (Accuracy and F1 ≈ 

0.981). This is understandable, as the original variables tend to 
be static and less able to capture the dynamics of child growth. 
When RB features were added (A1), accuracy and F1 improved 

significantly (≈0.992). Simple clinical indicators, such as BMI, 

birth weight/height difference, and growth rate proved to 
provide additional information that is highly medically 
relevant. This performance increase indicates that domain 
knowledge does play a significant role. 

 

 

Fig. 3.  ROC–AUC curves from 5-fold cross-validation showing near-perfect separability and consistent model performance across folds. 
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Fig. 4.  Aggregated absolute confusion matrix from 5-fold cross-validation, illustrating correct classification across all six nutritional categories, including 

minority classes. 

In A2, which relies on latent representations from VAEs, 

performance also improved compared to A0 (F1 ≈  0.985). 

Although the improvement was slightly lower than that of A1, 
it indicates that nonlinear transformations can capture complex 
patterns among variables, even without explicitly conveying 
clinical significance. The results for A1 and A2 are relatively 
close, suggesting that both RB and VAE add value, but in 
different ways: one based on explicit clinical knowledge and 
the other on mathematical abstraction. 

The combination of the two in A3 (RB + VAE) yielded the 

highest performance (F1 ≈ 0.992 in 5-fold cross-validation). 

This confirms the initial hypothesis: explicit clinical features 
and latent representations are complementary. RB helps the 
model capture familiar growth patterns, while VAE provides a 
more subtle non-linear representation that is difficult to capture 
with manually derived features. This synergy between 
interpretable RB and learned latent features results in a robust 
yet efficient configuration. When compared with existing 
approaches, the proposed hybrid model combining RB and 
VAE features with XGBoost achieved comparable or even 
higher accuracy than more complex DL architectures such as 
CNN–SMOTE ensembles [14]. This demonstrates that the 
proposed lightweight pipeline can deliver state-of-the-art 
performance without artificial data balancing or heavy 
computation. Furthermore, the novelty of this work lies in the 
integration of interpretable RB features and compact VAE 
representations within a single, resource-efficient framework, 
which has not been previously applied to nutritional status 
classification. 

Experiment A4, without re-normalization after fusion, 

showed a slight decrease (F1 ≈ 0.982). While the decrease was 

not drastic, this result demonstrates the importance of 
maintaining balanced feature scales. Without normalization, the 
contributions of RB and VAE are not fully optimized, as the 
data distribution becomes more variable. 

These results reveal that each component of the pipeline 
makes a significant contribution. The full pipeline (A3) proved 
most effective, while A0 served as a baseline, demonstrating 
the limitations of the raw features. Thus, the research 
hypothesis—that the integration of RB and VAE can improve 
the robustness of toddler nutritional status prediction—is 
supported by the cross-validation results. Compared with [14], 
where a CNN ensemble and SMOTE were deployed to achieve 
an accuracy approaching 99.7%, this study shows that the 
proposed model can match or exceed that performance with a 
much lighter pipeline and without artificial balancing. To 
validate the reliability of this improvement, a Wilcoxon signed-
rank test was conducted between the baseline (A0) and the 
proposed hybrid model (A3) using F1-scores from five cross-
validation folds. The result (p < 0.05) confirmed that the 
performance gain was statistically significant rather than due to 
random variation, indicating that the RB + VAE integration 
provides a genuine and reliable enhancement over the baseline. 
This emphasizes that lightweight yet informative designs can 
be a more practical alternative for real-world implementations. 

E. Explainable AI (XAI) 

To further interpret the model's decision-making process, 
SHAP analysis was performed to identify the relative 
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contribution of each feature to the prediction outcomes. The 
global feature importance, based on mean absolute SHAP 
values, is displayed in Figure 5. The results show that ZSWH 

(weight-for-height z-score) emerged as the most influential 
factor, followed by BMI, ZSdiff, and ZSWA, indicating that 
anthropometric indicators derived from weight and height had 
the greatest impact on nutritional status classification. 

Features, such as ZSmean, GRW, and W, contributed 
moderately, while variables, like dW, ZSHA, and A, exhibited 
lower SHAP values, suggesting a smaller effect on model 
predictions. The dominance of ZSWH and BMI aligns with the 
clinical understanding that both indices are sensitive to acute 
and chronic nutritional imbalances. This consistency between 
model interpretability and physiological relevance 
demonstrates that the proposed lightweight model not only 
achieves high predictive accuracy but also produces 
explainable and trustworthy predictions in the context of child 
nutritional assessment. 

The proposed lightweight and interpretable model has 
potential for real-world adoption in early stunting and 
nutritional risk detection programs. Its low computational 
complexity and explainable structure make it suitable for 
deployment at community health centers (Posyandu) or within 
national child nutrition monitoring systems. By integrating the 
model into routine anthropometric data collection, local health 
workers could obtain immediate, automated screening results 
with interpretable indicators such as BMI and weight-for-
height z-scores. This would enable early identification of at-
risk children and support timely interventions without relying 
on complex laboratory analyses or high-end computational 
infrastructure. Overall, the presented results—including the 
cross-validation metrics in Tables IV and V, ROC and 
confusion matrix in Figures 2 and 3, and SHAP-based feature 
interpretability—confirm the claims made by the study 
regarding model robustness and high predictive performance. 

 

 

Fig. 5.  Mean absolute SHAP values representing the global importance of features in the nutritional status prediction model. 

V. CONCLUSIONS 

The present research efficiently developed a lightweight 
hybrid pipeline for predicting toddler nutritional status. It 
combined basic anthropometric features, Rule-Based (RB) 
interpretable features, and latent representations from 
Variational Autoencoders (VAEs), which were then fused and 
processed using XGBoost. The evaluation results based on 5-
fold stratified cross-validation show that this pipeline achieves 

very high, stable performance (average F1-score = 0.9919 ± 

0.0066, and AUC ≈  1.000), even without data balancing 

techniques such as SMOTE. 

Beyond performance, the main contribution of this study is 
an efficient, interpretable, and resource-friendly approach that 

can be feasibly implemented in community health services with 
limited infrastructure. By relying solely on simple 
anthropometric inputs, enriched with engineered and latent 
features, the method provides a practical solution that balances 
computational efficiency with clinical relevance. 

Nevertheless, several limitations need to be considered. The 
dataset used is limited to a single region, so further validation 
on multi-regional or publicly available datasets is required to 
confirm the model's widespread applicability. In addition, 
while the current results show no signs of overfitting, broader 
testing is essential to ensure robustness across diverse 
populations. 

For research can be extended toward: (i) cross-regional and 
public dataset validation, (ii) applying model interpretability 
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techniques to strengthen clinical decision support, and (iii) 
developing mobile or web-based tools. So, the proposed 
pipeline can be directly adopted by public health services, 
especially in resource-constrained settings. 
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