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Abstract

Stunting is a chronic nutritional problem that requires accurate early identification because it affects child growth, cognitive development, and
long-term human capital. This study adapts the CLaGAtt model, a hybrid CNN-LSTM-GRU-Attention architecture, for stunting classification
using anthropometric sequence data. Rather than proposing a new deep learning architecture, the main contribution of this study lies in adapting
the existing CLaGAtt framework through an integrated preprocessing pipeline, sequence construction strategy, class balancing using SMOTE,
and an evaluation protocol specifically designed for stunting prediction. The preprocessing pipeline included irrelevant-column removal, data
transformation, label encoding, standard scaling, class balancing using SMOTE, and sequence generation with a time step of five and a step of
one. Three train—test split scenarios were evaluated, namely 90:10, 80:20, and 70:30. Experimental results showed that the 90:10 split produced
the best performance, with 91.42% accuracy, 91.50% precision, 91.50% recall, and 91.43% F1-score. The 80:20 and 70:30 scenarios achieved
87.14% and 85.71% accuracy, respectively, indicating that larger training proportions improved model generalization in the available dataset.
These findings suggest that the adapted CLaGAtt framework can effectively integrate convolutional feature extraction, sequential learning, and
temporal attention for stunting classification from structured anthropometric data. Future work should validate the model on external datasets
and integrate regional visualization to support priority intervention mapping.
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1. Introduction

Stunting is a form of chronic malnutrition in early life that affects the quality of human capital. Its impact is not limited
to physical growth, but also extends to cognitive ability, educational attainment, productivity in adulthood, and long-
term health risks [ 1], [2], [3], [4]. In Indonesia, reducing stunting has become a priority agenda, but challenges remain
due to uneven prevalence across regions and the fact that some areas still exhibit high-risk pockets [5], [6], [7], [8].
These conditions indicate the need for accurate classification models that can support early identification of stunting
risk. Although regional hotspot mapping and intervention-priority visualization are important for public health
planning, these components are not implemented in the present experiment and are positioned as future development
directions.

Monitoring of stunting in primary healthcare services generally relies on anthropometric data such as age, gender,
weight, and height or length. Such data is often available through Posyandu, Puskesmas, or nutrition reporting systems;
however, the quality of record-keeping, consistency of formats, and the utilization of longitudinal data remain
challenges. Descriptive analysis can aid reporting, but is not always sufficient to support rapid and consistent risk
identification. Consequently, machine learning and deep learning models are increasingly being used to detect stunting
status or risk from anthropometric data [9], [10], [11],[12], [13], [14], [15]. Previous research has shown mixed results.
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An LSTM model with SMOTE was reported to achieve an accuracy of 85.79%, whilst a Streamlit-based dashboard
approach using a BILSTM model and SMOTE reported very high performance on certain datasets [13], [16]. Another
study used Deep Neural Networks for the classification of stunting in infants with an accuracy of around 83.85%,
whilst LSTM optimization using a genetic algorithm achieved an accuracy of around 91.10% [10], [17]. Research
based on SVM, Random Forest, Decision Tree, and hybrid approaches also demonstrates strong potential in the
classification and risk mapping of stunting [5], [12], [18]. Nevertheless, the very high performance observed in some
studies should be interpreted with caution, as external validation, class distribution, and cross-regional generalization
have not always been discussed in depth.

This study presents an adaptation of the CLaGAtt architecture for stunting classification using structured
anthropometric data transformed into fixed-length sequential representations. Unlike the original CLaGAtt design,
which was developed for general sequential learning tasks, the proposed adaptation is specifically tailored to healthcare
classification by integrating sequence construction from anthropometric records, class balancing using SMOTE, and a
hybrid CNN-LSTM—GRU-Attention architecture. CNN is employed to capture local feature interactions among
anthropometric variables, while the parallel LSTM and GRU branches learn complementary sequential dependencies
from the constructed sequences. The attention mechanism further emphasizes the most informative sequence
representations before classification. Therefore, the scope of this study is limited to evaluating the classification
performance of the adapted CLaGAtt model. Hotspot mapping, regional intervention prioritization, and dashboard
development are not part of the current experimental implementation, but may be integrated in future work using the
model outputs as decision-support inputs.

2. Literature Review

Stunting classification has become an important research topic in health informatics because early identification can
support preventive intervention and child growth monitoring. Several previous studies have applied computational
methods to detect stunting risk using anthropometric and health-related variables. Husaini et al. [2] developed an
ensemble machine learning approach for early detection of stunting in toddlers, showing that machine learning can
assist health workers in identifying potential stunting cases more systematically. Kelvin et al. [4] also explored stunting
classification using a big data approach with Support Vector Regression, indicating that computational models can be
applied to health datasets collected from clinical or hospital environments.

Machine learning-based stunting detection has also been studied in mobile and decision-support contexts. Sabilillah et
al. [9] compared several machine learning algorithms for stunting detection in the Centing mobile application,
demonstrating that classification models can be integrated into digital health applications. Mulyani et al. [12] further
emphasized the role of machine learning not only for early detection but also for intervention recommendation. These
studies suggest that stunting prediction models should not only focus on classification accuracy, but also consider their
practical use as screening and decision-support tools.

Several studies have used conventional machine learning algorithms for stunting prediction. Reza and Rohman [11]
implemented Random Forest with random search optimization to improve stunting prediction performance. Aziz et al.
[19] applied Learning Vector Quantization for classifying families at risk of stunting, showing that vector-based
learning methods can also be used for structured stunting data. Meanwhile, Shen et al. [14] investigated machine
learning algorithms for predicting stunting among under-five children in Papua New Guinea, indicating that stunting
prediction is not only relevant in Indonesia but also in broader public health contexts. However, conventional machine
learning models generally treat input data as static tabular features and may not fully capture sequential patterns in
anthropometric records.

Deep learning approaches have been introduced to address more complex representation learning in stunting data.
Lestari et al. [20] proposed a Deep Neural Network model for multiclass stunting prediction, showing that multilayer
neural networks can learn nonlinear relationships among health-related attributes. However, deep learning models
require careful preprocessing, sufficient data, and appropriate validation strategies to avoid overfitting. Therefore, the
use of deep learning for stunting classification should be accompanied by evaluation metrics beyond accuracy, such as
precision, recall, F1-score, and confusion matrix analysis.
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Class imbalance is another important issue in health classification tasks. In many medical datasets, minority classes
may represent clinically important cases, including children at risk of stunting. If the imbalance is not handled properly,
the model may produce biased predictions toward the majority class. Several studies in machine learning and health-
related classification have applied oversampling strategies such as SMOTE to improve minority-class recognition [21],
[22]. Although these references are not all specific to stunting, they provide methodological support for applying class
balancing in predictive modeling, especially when the goal is to improve the model’s sensitivity to underrepresented
classes.

Hybrid deep learning architectures have also shown potential in sequential and structured data classification. CNN-
based components are commonly used to extract local feature patterns, while recurrent layers such as LSTM and GRU
are used to model sequential dependencies. Previous research has shown that CNN-LSTM-based models can improve
representation learning in prediction tasks [23], [24]. GRU-based models have also been used because they provide a
simpler recurrent structure with fewer parameters than LSTM, making them computationally efficient for sequence
modeling [25]. In addition, attention mechanisms have been widely applied to improve model focus on the most
informative features or time steps [26]. These methodological developments support the design of a hybrid architecture
that combines CNN, LSTM, GRU, and attention mechanisms.

Based on the reviewed studies, several research gaps can be identified. First, many stunting classification studies still
rely on conventional machine learning models that focus on tabular classification without explicitly modeling
sequential representations. Second, although deep learning has been applied in stunting prediction, the integration of
local feature extraction, recurrent learning, and attention-based weighting remains limited. Third, some studies report
high accuracy, but their generalization capability m ay still depend on dataset characteristics, validation strategy, and
class distribution. Therefore, this study proposes the CLaGAtt model as a hybrid CNN-LSTM-GRU-Attention
architecture for stunting classification based on anthropometric sequences.

Although previous studies have demonstrated the effectiveness of machine learning and deep learning for stunting
prediction, several methodological limitations remain. Most existing studies process anthropometric variables as
independent tabular observations without explicitly modeling sequential relationships among measurements.
Furthermore, only a limited number of studies investigate hybrid architectures that simultaneously combine
convolutional feature extraction, recurrent sequence modeling, and attention mechanisms within a single framework.
Existing studies also rarely provide sufficient methodological details regarding sequence generation, class balancing
procedures, and training configuration, making reproducibility difficult. These limitations motivate the present study
to adapt the CLaGALtt architecture specifically for anthropometric sequence classification while providing a more
transparent experimental pipeline. To position this study more clearly, table 1 summarizes several related studies that
are relevant to stunting classification and methodological development.

Table 1. Summary of Related Studies on Stunting Classification

Study Method Research Focus Relevance to This Study

2] Ensergble Machine Early detection of stunting in toddlers Supppns the use of machine learning for
Learning stunting screening

[4] Support-Vector Big data-based stunting classification Shoyvs the use of computational modeling in
Regression clinical stunting data

[5] Hybrid Machine Classification, prediction, and clustering of Supports hybrid approaches for stunting
Learning stunting prevalence analysis

[9] Mach1n§ Learning Stunting detection for mobile application Shgws the potential integration of ML into
Comparison digital health systems

. . . Provi learni line f i
[20] Deep Neural Network ~ Multiclass stunting prediction rovides deep learning baseline for stunting

[11]

[19]

Random Forest +
Random Search
Learning Vector
Quantization

Optimized stunting prediction

Classification of families at risk of stunting

classification

Demonstrates the role of optimization in
improving model performance

Provides a conventional classification baseline
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[12] Machine Learning Early detectio.n and intervention .Connects. prediction results with practical
recommendation intervention support
[14] Machine Learning Prédiction of stunting among under-five Shows cross—?optext relevance of ML-based
Algorithms children stunting prediction
This CLaGALt CNN-LSTM-QRU-Attention for Integ.rates local feat~ure extraction, sequential
Study anthropometric sequences learning, and attention

Overall, previous studies confirm that machine learning and deep learning methods are relevant for stunting
classification. However, existing approaches still vary in terms of dataset structure, preprocessing method, model
architecture, validation protocol, and performance interpretation. The proposed CLaGAtt model contributes by
combining CNN for local feature extraction, LSTM and GRU for sequential representation learning, and attention for
emphasizing informative features. This hybrid design is expected to provide a stronger representation of anthropometric
sequences and support more reliable stunting classification.

3. Methodology

This study employs a computational experimental approach to evaluate the proposed CLaGAtt model on stunting
classification data. The overall research workflow is illustrated in figure 1. In general, the process begins with data
preparation and preprocessing, followed by feature extraction using Convolutional Neural Network (CNN), sequence
modeling using parallel Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), attention mechanism
processing, and final classification through the output layer. As illustrated in figure 1, this workflow was designed to
capture both local feature patterns and sequential dependencies within the stunting dataset.

Input Sequence (T % F) Feature Extraction Sequential Modeling Attention Mechanism Output Layer

" En_msn LSTM | |G

| Long-Term Memory “ ‘

rﬁ_ = =l ®
CNN Short-Term Memory + @

T T 1 :
Hidden States

Feature Modelling
Predicted Class

Risk Score

Probabilities

Figure 1. Experimental Workflow of the CLaGAtt Model

3.1. Dataset and Preprocessing

The dataset used in this study consists of structured anthropometric records for binary stunting classification. The data
contain demographic and anthropometric variables commonly used in child growth assessment, including age, sex,
body weight, body height or length, and additional nutritional attributes. The target variable consists of two classes
representing stunting and non-stunting status based on anthropometric assessment. The original dataset was first
subjected to data quality assessment before preprocessing. Duplicate records, incomplete observations, and irrelevant
attributes were identified and removed to ensure data consistency and reliability.

Prior to model development, several preprocessing steps were performed, including irrelevant-column removal, data
transformation, label encoding, and feature standardization using StandardScaler. These steps were conducted to
improve data quality, reduce inconsistencies among variables, and ensure comparable feature scales during model
optimization [23], [27]. Because the original dataset exhibited class imbalance, the Synthetic Minority Oversampling
Technique (SMOTE) was applied to the training data to improve the representation of the minority class while
preventing the evaluation results from being biased toward the majority class. The validation and testing datasets were
retained for performance evaluation without additional resampling. SMOTE has been widely used in imbalanced
classification tasks to improve minority-class recognition and reduce prediction bias toward the majority class.

After preprocessing, the structured anthropometric records were transformed into fixed-length sequential
representations using a sliding-window strategy with a time step of five and a step size of one. This transformation
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enables the proposed CLaGAtt architecture to capture local feature interactions through the CNN layer and sequential
dependencies through the parallel LSTM and GRU layers before the attention mechanism identifies the most
informative sequence representations.

To avoid temporal inconsistency and potential data leakage, the balancing procedure was performed after sequence
construction and data partitioning. The generated sequences were first divided into training, validation, and testing sets.
SMOTE was then applied only to the training sequences, while the validation and testing sequences were kept
unchanged. Applying SMOTE before sequence construction may introduce artificial temporal patterns because
synthetic tabular records could be combined into sequences that do not reflect realistic anthropometric progression.
Therefore, oversampling was performed at the sequence-level training data to preserve temporal consistency in the
validation and testing sets and to ensure unbiased model evaluation [28], [29], [21], [30]. The distribution of the
processed dataset across the three experimental split scenarios is presented in table 2.

Table 2. Dataset Distribution After Sequence Construction and SMOTE

Split Train 0 Train 1 Val. 0 Val. 1 Test 0 Test 1
90:10 314 312 18 17 18 17
80:20 279 277 35 35 35 35
70:30 244 243 52 52 53 52

3.2. Sequence Construction

After preprocessing, the structured anthropometric records were transformed into fixed-length sequential
representations using a sliding-window strategy. A time step of five and a step size of one were used to construct the
input sequences. The time step of five was selected to provide sufficient contextual information for the recurrent layers
while maintaining a compact input representation suitable for the available dataset size. A shorter sequence may
provide limited contextual patterns, whereas a longer sequence may reduce the number of generated samples and
increase the risk of overfitting.

To avoid temporal inconsistency and potential data leakage, sequence construction was performed before data
balancing. The generated sequences were first divided into training, validation, and testing sets. SMOTE was then
applied only to the training sequences, while the validation and testing sequences were kept unchanged. This procedure
was used to prevent synthetic samples from influencing the evaluation data and to preserve temporal consistency.

A potential leakage risk may still occur if measurements from the same child appear in both training and testing sets.
Therefore, future experiments should apply subject-level splitting when child identifiers are available. In this study,
alternative sequence lengths were not evaluated; thus, the selected time step should be interpreted as an initial
experimental configuration rather than an optimized sequence length. Future work should conduct sensitivity analysis
using different sequence lengths, such as three, five, seven, and ten time steps.

3.3. CLaGAtt Architecture

The proposed CLaGALtt architecture combines Convolutional Neural Network (CNN), Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), and Attention mechanisms into a hybrid deep learning framework. The
architecture begins with a sequence-based input layer consisting of stunting-related health data. The input data are first
processed using a Conv1D layer to extract local feature representations and important spatial patterns from the dataset
[31].

The extracted features are then forwarded into two parallel recurrent branches, namely LSTM and GRU. The LSTM
branch is used to capture long-term sequential dependencies [24], [32], while the GRU branch provides a more
computationally efficient recurrent mechanism for learning sequential information [25]. The outputs from both
recurrent layers are subsequently combined using a concatenation layer.

An Attention mechanism is then applied to highlight the most relevant sequential features generated by the recurrent
layers [26]. This mechanism enables the model to focus more effectively on informative patterns that contribute
significantly to stunting classification. The attention output is subsequently processed using global average pooling,
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followed by a dense layer and dropout regularization before generating the final classification result through the output
layer. The mathematical formulation of the proposed CLaGALtt architecture is described as follows. The input sequence
is represented as:

X={X1,X2,...,XT},xtE]RF (1)

X denotes one input sequence, 7 represents the number of time steps, and F represents the number of features at each
time step. In this study, each sequence consists of anthropometric features arranged into a fixed-length window.
Therefore, x; represents the feature vector at time step .

The CNN layer performs feature extraction as follows:
Z = o(ConvlD(X; W, b.)) 2)

W, denotes the convolution kernel weights, b, is the bias term, and o(.) represents the activation function, such as
ReLU. This layer is used to capture local interactions among anthropometric features within the constructed
sequence. The output Z={z1, z2, ...,zT} represents the extracted feature sequence produced by the convolutional layer.
The extracted CNN features are processed in parallel using LSTM and GRU:

ht = LSTM(z, hE_)

3
h§ = GRU(z,, h{_,) ©)

ht and h¢ denote the hidden representations generated by the LSTM and GRU branches at time step t, respectively.
The previous hidden states ht_; and h¢_; allow both recurrent layers to learn sequential dependencies from earlier
time steps. The LSTM branch is intended to capture longer-term dependencies, while the GRU branch provides a more
compact recurrent representation. The outputs of both recurrent layers are concatenated to combine sequential
representations:

he = [ht; hi] “4)
[;] denotes the concatenation operation. This operation combines the complementary information learned by the

LSTM and GRU branches into a single representation /4, for each time step. The temporal attention mechanism
calculates the relevance score for each time step:

e, = vT tanh(W,h, + b,)
_ exp(et) (%)
Yhk=1exp(e;)

W,, hy, and v are trainable attention parameters. The value e; represents the relevance score of the hidden representation
at time step ¢. The softmax function converts these scores into normalized attention weights o, where higher values
indicate that the corresponding time step contributes more strongly to the classification decision.

t

In this study, the attention mechanism was implemented as additive temporal attention after the concatenation of the
LSTM and GRU outputs. Additive attention was selected because it learns a trainable scoring function to measure the
relevance of each time-step representation. The relevance score is computed using a feed-forward transformation
followed by a non-linear activation, as shown in Equation (5). Therefore, the attention mechanism used in this model
is not multiplicative attention or self-attention, but an additive attention mechanism applied to the recurrent sequence
representations. The attention layer assigns different weights to the sequential representations generated by the
recurrent branches, allowing the model to emphasize more informative time steps before global average pooling and
final classification. Thus, the attention mechanism functions as a feature-weighting component rather than as a separate
classifier. The context vector is computed as:

Cc = Z?=1 atht (6)
¢ represents the weighted summary of all sequential representations. Each hidden representation 4, is multiplied by its

corresponding attention weight a,, so the final context vector gives greater influence to more informative time steps.
The final binary classification output is generated using the sigmoid activation function:



Journal of Applied Data Sciences ISSN 2723-6471
Vol. 7, No. 3, September 2026, pp. 2249-2264 2255

y =oW,c + by) (7)

W, and b, denote the output layer weight and bias, while ¥ represents the predicted probability of the positive class.
Because this study uses binary stunting classification, the sigmoid function maps the output value into a probability
range between 0 and 1. The binary cross-entropy loss function used in this study is defined as:

L =—[ylog¥) + (1 - y)log(1 =] ®)
y denotes the actual class label and § denotes the predicted probability. This loss function penalizes incorrect
predictions by increasing the loss when the predicted probability differs from the actual label. Therefore, minimizing
this loss during training helps the model improve its binary classification performance. A summary of the proposed
CLaGALtt architecture is presented in table 3.

Table 3. Summary of the proposed CLaGALtt architecture

Layer Output shape Parameters
Input 5x14 0
ConvlD 5x 64 2,752
Batch normalization 5x 64 256
Max pooling 2x64 0
Dropout 2x 64 0
LSTM 2x 64 33,024
GRU 2x 64 24,960
Concatenate 2x 128 0
Attention 2x 128 0
Global average pooling 128 0
Dense + dropout 64 8,256
Output dense | 65

Based on table 3, the proposed architecture integrates multiple deep learning components into a unified framework.
The LSTM and GRU layers contribute the largest number of trainable parameters because they are responsible for
learning sequential dependencies from the input data. Meanwhile, the attention mechanism enhances the model’s
ability to emphasize important sequential representations that contribute to the final classification decision.

The proposed CLaGAtt model should therefore be interpreted as an adaptation of the hybrid CNN-LSTM-GRU-
Attention architecture rather than as an entirely new deep learning model. The main novelty of this work lies in adapting
this architecture to anthropometric sequence-based stunting classification through an integrated preprocessing pipeline,
sequence construction strategy, class balancing procedure, and evaluation protocol specifically designed for the
stunting prediction task.

3.4.Training Configuration

To improve reproducibility, all experimental scenarios were trained using the same configuration. The proposed
CLaGAtt model was optimized using the Adam optimizer with a learning rate of 0.001. Binary cross-entropy was used
as the loss function because the task was formulated as binary stunting classification. The model was trained using a
batch size of 32 for a maximum of 100 epochs. Early stopping was applied by monitoring validation loss, with a
patience value of 10 epochs, and the best model weights were restored for final evaluation. A fixed random seed was
used during data splitting, model initialization, and training to reduce experimental variability and ensure more
consistent results across runs.

3.5. Evaluation Setting

The evaluation process was conducted to measure the performance of the proposed CLaGAtt model in classifying
stunting data. Several evaluation metrics were used, including accuracy, precision, recall, and F1-score. Accuracy
measures the overall proportion of correct predictions, while precision and recall evaluate the balance between false
positive and false negative predictions. The Fl-score was used as a combined metric to assess classification
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performance more comprehensively. In addition to these metrics, confusion matrix analysis was employed to observe
the distribution of prediction errors across classes. The evaluation results were then analyzed to determine the
effectiveness of the proposed hybrid architecture in supporting stunting classification.

The evaluation was conducted using three train—test split scenarios, namely 90:10, 80:20, and 70:30. These scenarios
were selected to observe how different proportions of training and testing data influence the performance of the adapted
CLaGAtt model. However, this validation strategy should be interpreted as an internal split-based evaluation rather
than a full robustness assessment. Cross-validation was not applied in the present experiment; therefore, the reported
results may still be influenced by data partitioning. Future studies should employ stratified k-fold cross-validation or
external validation datasets to provide stronger evidence of model robustness and generalization.

4. Results and Discussion

4.1. Overall Performance

Table 4 presents the performance comparison of the proposed CLaGAtt model across three data split scenarios, namely
90:10, 80:20, and 70:30. The evaluation was conducted using accuracy, precision, recall, and F1-score. Based on the
results, the 90:10 split achieved the highest observed performance, with an accuracy of 91.42%, precision of 91.50%,
recall of 91.50%, and F1-score of 91.43%. This result is likely influenced by the larger amount of training data available
in the 90:10 scenario, which allows the model to learn more patterns from the dataset.

The 80:20 split scenario achieved an accuracy of 87.14%, precision of 87.92%, recall of 87.14%, and F1-score of
87.08%. Meanwhile, the 70:30 split scenario produced the lowest observed performance, with an accuracy of 85.71%,
precision of 86.06%, recall of 85.67%, and Fl-score of 85.67%. As shown in table 4, the decrease in performance
across the different data split scenarios suggests that reducing the amount of training data may affect the model’s ability
to learn sequential patterns effectively.

Table 4. Performance comparison across split scenarios

Split Accuracy Precision Recall F1-score
90:10 91.42% 91.50% 91.50% 91.43%
80:20 87.14% 87.92% 87.14% 87.08%
70:30 85.71% 86.06% 85.67% 85.67%

The performance difference between the 90:10 and 70:30 scenarios reached 5.71 percentage points in accuracy and
5.76 percentage points in Fl-score. However, this finding should not be interpreted as evidence of stronger
generalization because the 90:10 scenario uses a smaller testing set and may not fully represent broader data variation.
Therefore, the 90:10 result indicates better internal split-based performance, while further validation using cross-
validation or external datasets is required to assess generalization more rigorously.

Figure 2 illustrates the comparison of classification metrics across the three split scenarios. The bar chart shows that
the 90:10 split consistently achieved the highest values for accuracy, precision, recall, and F1-score. The metric values
gradually decreased in the 80:20 and 70:30 scenarios, reflecting the influence of reduced training data on model
performance within the internal split-based evaluation.

It should also be noted that this study does not include statistical significance testing or confidence interval estimation.
Consequently, the observed performance differences among the three train—test split scenarios may be influenced by
sampling variability associated with different data partitions. The differences shown in figure 2 should be interpreted
as descriptive comparisons and not as evidence of statistically significant differences.
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Figure 2. Comparison of classification metrics across data splits

The visualization also demonstrates that the differences among the four evaluation metrics are relatively small within
each split scenario. This indicates that the proposed CLaGAtt model produces balanced classification performance
without significant discrepancies between precision and recall. Such balanced performance suggests that the model is
capable of minimizing both false positive and false negative predictions effectively.

4.2. Configuration Matrix Analysis

The confusion matrix analysis shows that the 90:10 scenario produced 32 correct predictions out of 35 test samples,
comprising 16 correct predictions for class 0 and 16 correct predictions for class 1. Misclassifications consisted of one
class 0 sample predicted as class 1 and two class 1 samples predicted as class 0. In the 80:20 scenario, the model
correctly classified 61 out of 70 test samples, while the 70:30 scenario correctly classified 90 out of 105 test samples.
However, the confusion matrix also indicates that the testing set is relatively small, particularly in the 90:10 scenario,
which contains only 35 test samples. Consequently, the reported performance metrics for this split should be interpreted
with caution, as a small number of misclassifications can noticeably influence the calculated accuracy, precision, recall,
and F1-score. Therefore, the results are best regarded as an initial internal validation rather than conclusive evidence
of the model's robustness. A summary of the confusion matrix is presented in table 5.

In the context of stunting detection, false negative errors require particular attention as they may result in at-risk
children not being prioritized for follow-up. Therefore, recall is an important metric alongside accuracy. As shown in
table 5, the 90:10 data split achieved the highest aggregate recall, whereas the 70:30 split exhibited a lower recall for
Class 1, suggesting that additional training data or adjustment of the classification threshold may further improve the
model's performance.

Table 5. Confusion matrix summary

Split True 0 Pred. 0 True 0 Pred. 1 True 1 Pred. 0 True 1 Pred. 1
90:10 16 1 2 16
80:20 33 2 7 28
70:30 48 5 10 42

Based on table 5, the 90:10 split scenario produced the most balanced classification result, with relatively low
misclassification in both classes. The 80:20 scenario showed an increase in false negative errors, where seven class 1
samples were incorrectly classified as class 0. Meanwhile, the 70:30 scenario produced the highest number of false
negative cases, with ten class 1 samples misclassified as class 0. This indicates that reducing the proportion of training
data may affect the model’s ability to detect class 1 patterns. Therefore, the 90:10 split can be considered the most
effective scenario for the proposed CLaGAtt model in this experiment.
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4.3. Discussion

The findings suggest that the integrated CNN, LSTM, GRU, and attention architecture is relevant for stunting
classification based on anthropometric sequences. CNN is designed to capture local feature interactions, LSTM and
GRU are used to model sequential representations, and the attention mechanism is intended to emphasize informative
time-step representations. However, this study did not conduct an ablation analysis by removing individual components
from the architecture. Therefore, the specific contribution of each module to the final performance cannot be
determined conclusively from the current experiment.

When compared with previous studies, the best result of 91.42% provides a general indication that the proposed
approach performs competitively within the existing literature. For example, this result is higher than the DNN-based
study reporting 83.85% accuracy and is close to the LSTM model optimized using a genetic algorithm, which reported
approximately 91.10% accuracy [12]. However, this comparison should not be interpreted as a direct superiority claim
because previous studies used different datasets, validation designs, sample sizes, class distributions, and preprocessing
procedures. Several studies reported very high accuracy, for example above 98%, but these results also need to be
interpreted carefully in relation to their validation design, data size, class distribution, and potential overfitting risk
[11], [14], [15]. Therefore, the current result should be viewed as preliminary internal evidence rather than definitive
proof that the proposed architecture outperforms previous methods.

A limitation of this study is that the evaluation is still based on internal data and has not yet undergone external
validation across regions or healthcare facilities. Furthermore, the functions of mapping priority area hotspots and the
GUI planned in the initial proposal have not been the primary focus of this experiment’s results. Future development
should test the model on external data, incorporate contextual variables such as sanitation, parental education, and
socio-economic factors, and integrate the prediction results with a dashboard for priority intervention areas.

4.4. Class-Level Interpretation

The class-level evaluation provides deeper insight into the classification behavior of the proposed CLaGAtt model
beyond overall accuracy. In the 90:10 split scenario, class 0 achieved a precision of 0.889, recall of 0.941, and F1-score
of 0.914, while class 1 achieved a precision of 0.941, recall of 0.889, and F1-score of 0.914. These results indicate that
the model produced balanced performance between both classes in the best-performing split scenario. The 80:20 split
scenario still showed relatively strong performance; however, the recall value for class 1 decreased to 0.800, indicating
an increase in false negative predictions. A similar pattern was observed in the 70:30 scenario, where the recall for
class 1 decreased to 0.807.

These findings suggest that evaluating stunting classification using only accuracy is insufficient. From a public health
perspective, false negative predictions are particularly critical because children who are actually at risk of stunting may
not receive appropriate early intervention. The results presented in table 6 suggest that future implementation should
incorporate threshold optimization or cost-sensitive evaluation strategies to improve recall for the at-risk class, which
is particularly important in early screening settings.

Table 6. Class-level performance summary

Split Class Precision Recall F1-score Support
90:10 0 0.889 0.941 0.914 17
90:10 1 0.941 0.889 0.914 18
80:20 0 0.825 0.943 0.880 35
80:20 1 0.933 0.800 0.862 35
70:30 0 0.828 0.906 0.865 53
70:30 1 0.896 0.807 0.849 52

Based on table 6, the model consistently achieved higher precision values for class 1 compared to class 0 across all
split scenarios. However, the recall values for class 1 gradually decreased as the proportion of testing data increased.
This trend indicates that the model became less effective in identifying all positive stunting cases when the amount of
training data was reduced. Nevertheless, the Fl-score values remained relatively stable across all scenarios,
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demonstrating that the proposed CLaGAtt architecture maintained balanced classification capability despite variations
in data split configurations.

Figure 3 presents the confusion matrix comparison for each split scenario. The visualization illustrates the distribution
of correct and incorrect predictions across classes in the 90:10, 80:20, and 70:30 scenarios. In the 90:10 scenario, the
confusion matrix shows that most samples were correctly classified, with only a small number of misclassifications
between classes. The 80:20 and 70:30 scenarios exhibited a gradual increase in false negative predictions, particularly
for class 1, which is consistent with the decrease in recall values reported in figure 3.

90:10 80:20 70:30

True 0 True 0 True 0

True 1 True 1 True 1

Pred 0O Pred 1 Pred 0 Pred 1 Pred 0 Pred 1

Figure 3. Confusion matrix comparison for each split scenario

4.5. Practical Implications

For implementation, several safeguards are needed. The input data must be standardized, measurement errors should
be checked, and missing values should be handled transparently. The system should also store a clear log of predictions
and provide interpretable summaries for users. These steps are important because stunting-related decisions may affect
intervention allocation and public health planning. However, the present study does not include an explainability
analysis to identify which anthropometric variables or temporal patterns contribute most strongly to the model
predictions. Therefore, the proposed model should be regarded as a decision-support tool rather than a replacement for
clinical judgment. Future work should integrate Explainable Artificial Intelligence (XAI) techniques, such as feature
attribution or attention visualization, to improve model transparency, support interpretation by health professionals,
and increase trust in practical healthcare applications.

4.6. Limitation and Future Work

This study has several limitations. The evaluation relies on internal train—test split scenarios rather than external
validation across independent regions or healthcare facilities. Consequently, the reported performance should be
interpreted as an initial experimental result rather than evidence of broad generalization. In addition, the validation
strategy is limited to three train—test split scenarios without cross-validation. Although this design provides an initial
comparison of model performance under different training and testing proportions, it does not fully assess the
robustness of the proposed model across multiple random data partitions. Furthermore, the dataset is limited to
structured anthropometric features, whereas stunting risk is also influenced by contextual factors such as sanitation,
maternal education, household economic status, infection history, and dietary patterns.

Although the proposed CLaGAtt model shows promising performance for stunting classification, the current evidence
is not yet sufficient to claim definitive performance improvement over existing approaches. The present experiment
did not conduct statistical significance testing, confidence interval estimation, extensive baseline comparison, or
ablation analysis. Consequently, the observed performance differences among the evaluated split scenarios may be
influenced by sampling variability and cannot be interpreted as statistically significant differences. Therefore, the
reported results should be interpreted as preliminary evidence of feasibility rather than conclusive proof of model
superiority.

Future work should evaluate the proposed model using more rigorous validation protocols, such as stratified k-fold
cross-validation, repeated holdout validation, leave-region-out validation, or prospective testing on newly collected
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data. External validation using datasets from different regions or healthcare facilities is also necessary to assess the
model's generalizability. Statistical significance testing and confidence interval estimation should also be incorporated
to determine whether observed performance differences are statistically reliable across multiple experimental runs. Fair
baseline comparisons using conventional machine learning models, single deep learning models, and reduced variants
of CLaGAtt should also be conducted to assess the specific contribution of each architectural component. In addition,
ablation analysis is needed by removing or modifying the CNN, LSTM, GRU, and attention components to identify
their individual effects on classification performance.

Because this model is intended for healthcare-related screening support, leakage control and explainability should also
be prioritized. Future studies should ensure that data splitting, sequence construction, and SMOTE are performed
without information leakage between training and testing data. Explainable Al techniques should be incorporated to
improve model interpretability and enable health workers to better understand which variables or temporal patterns
contribute most significantly to the prediction. Finally, the hotspot mapping module should be developed and validated
to ensure that aggregated prediction results can provide meaningful regional intervention priorities.

4.7. Comparison with Previous Studies

The proposed model was compared with several recent studies to provide a general context for its performance rather
than to establish a direct superiority claim. Because previous studies employed different datasets, data characteristics,
class distributions, validation protocols, and experimental settings, the reported performance values should not be
interpreted as results obtained under identical benchmarking conditions. Therefore, the comparison presented in this
study is intended to position the proposed approach within the existing literature rather than to provide a strictly
controlled performance ranking. Table 7 shows that CLaGAtt achieves better performance than the DNN model
reported by Lestari et al. and is close to the LSTM model optimized with genetic algorithm. The result is lower than
studies reporting extremely high accuracy, such as BILSTM+SMOTE and Random Forest with grid search
optimization. However, very high accuracy should be interpreted carefully because differences in data source, label
construction, class balance, and validation protocol can strongly influence the reported scores.

Compared with single sequential models, CLaGAtt combines local feature extraction and recurrent modeling within a
unified architecture. However, differences in reported accuracy across studies should be interpreted with caution
because they are influenced by variations in dataset characteristics, sample size, class distribution, preprocessing
strategies, validation procedures, and evaluation protocols. Consequently, the comparison presented in table 7 should
be regarded as a qualitative comparison of methodological approaches rather than definitive evidence that the proposed
model outperforms all previous methods. A fairer comparison would require standardized benchmark datasets and
identical experimental settings across all evaluated models.

Table 7. Comparison with related stunting classification studies

Study Method Reported result Main note

[16] LSTM + SMOTE 85.79% accuracy Anthropometry data
[13] BiLSTM + SMOTE 99.43% accuracy Dashboard and visualization
[17] DNN 83.85% accuracy Regularized deep model
[10] LSTM + GA 91.10% accuracy Learning-rate optimization
[18] RF + grid search 99.59% accuracy Conventional ML baseline
This study CLaGAtt 91.42% accuracy CNN-LSTM-GRU-Attention

From the perspective of applied health informatics, the model does not need to be interpreted only as a competition for
the highest accuracy. The more important contribution is whether the model can support early screening, provide
consistent risk estimation, and become part of a larger workflow for monitoring child growth. Therefore, the next stage
should combine model evaluation with usability testing, data governance assessment, and validation with health
program stakeholders.
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4.8. Reproducibility Consideration

Reproducibility is a critical issue for deep learning studies in health data because small differences in preprocessing
can produce different evaluation results. In this experiment, the most influential steps are label encoding, feature
standardization, class balancing using SMOTE, and sequence generation. Each step should be documented in the final
experimental repository so that future researchers can reproduce the same train-validation-test partitions and verify
whether the observed performance is stable.

Another important issue is data leakage. Because the dataset is transformed into sequences, records that originate from
the same child or from temporally adjacent measurements should be handled carefully when splitting data. If related
samples appear in both training and testing sets, the model may appear to generalize well even though it only learns
repeated patterns from the same subject. For that reason, future experiments should use subject-level or region-level
splitting when the data structure allows it.

The current report shows promising results but should be considered an internal validation stage. A stronger manuscript
would benefit from additional information such as dataset size before and after SMOTE, the exact list of input variables,
random seed, optimizer setting, number of epochs, batch size, and early stopping criteria. Providing these details will
improve transparency and help reviewers assess whether the proposed model can be fairly compared with previous
stunting classification studies. For practical deployment, reproducibility also relates to system maintenance. A
deployed screening model must be updated when measurement standards, population characteristics, or data-entry
practices change. Therefore, the next version of this work should include a model monitoring plan, periodic
recalibration, and a mechanism to flag uncertain predictions for manual review by health workers.

For practical deployment, reproducibility also relates to system maintenance. A deployed screening model must be
updated when measurement standards, population characteristics, or data-entry practices change. Therefore, future
development should include a model monitoring plan, periodic recalibration, and a mechanism to flag uncertain
predictions for manual review by health workers. To facilitate reproducibility, future versions of this work should
provide the complete preprocessing workflow, sequence construction algorithm, model hyperparameters, random seed
initialization, and training scripts. These implementation details are essential to ensure that the reported performance
can be independently verified and fairly compared with future studies.

5. Conclusion

This study adapted the CLaGAtt model for stunting classification based on anthropometric sequences by combining
Conv1D, LSTM, GRU, and attention mechanisms. The experimental pipeline included the removal of irrelevant
columns, data transformation, label encoding, standardization, sequence formation with a time step of 5 and a step size
of 1, and class balancing using SMOTE. The experimental results show that the 90:10 scenario achieved the highest
observed performance, with an accuracy of 91.42%, precision of 91.50%, recall of 91.50%, and F1-score of 91.43%.
The 80:20 and 70:30 scenarios also yielded performance above 85%, but showed a decline compared to the 90:10
scenario.

These findings suggest that the adapted CLaGAtt model has potential as an initial computational approach for
anthropometric data-based stunting classification, particularly when sufficient training data are available and class
imbalance is properly handled. The main contribution of this article is to provide preliminary empirical evidence that
the integration of local feature extraction, sequential learning, and attention mechanisms is feasible for stunting
classification on structured anthropometric data. However, because this study did not compare the proposed
architecture with simpler baseline models trained on the same dataset, the results should not be interpreted as conclusive
evidence of performance improvement over existing methods.

Further research is needed to validate the model on external datasets, evaluate thresholds to reduce false negatives, and
conduct direct baseline comparisons using simpler machine learning and deep learning models on the same dataset.
Future work should also develop a priority area mapping dashboard so that prediction results can support more targeted
nutritional interventions. However, priority area mapping and dashboard development were not implemented in the
present experiment and should be considered future development directions rather than part of the current study scope.
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  X = {   X 1 ,   X 2 , . . . ,   X  T } ,   x  t ∈  ℝ  F


  Z   =   𝜎 ( C o n v 1 D ( X ;     W  c ,     b  c ) )


    W  c


    b  c


   h  t  L = L S T M  (   z  t ,  h  t − 1  L )


   h  t  G = G R U  (   z  t ,  h  t − 1  G )


   h  t  G = G R U  (   z  t ,  h  t − 1  G )


   h  t  L


   h  t  G


   h  t − 1  L


   h  t − 1  G


   h  t = [  h  t  L ;  h  t  G ]


    e  t =   v  T  tanh ⁡   (   W  a  h  t +     b  a )


    𝛼  t =   exp ⁡ (   e  t )    ∑  k = 1  T  exp ⁡ (   e  t )


    𝛼  t =   exp ⁡ (   e  t )    ∑  k = 1  T  exp ⁡ (   e  t )


    W  a   ,   h  t ,   and   v


  c =   ∑  t = 1  T    𝛼  t  h  t


    ŷ   =   𝜎 (   W  y   c   +     b  y )


  ŷ


  ℒ = −  [ y  log ⁡  (   y ^ ) + ( 1 − y ) log ⁡ ( 1 −   y ^ ) ]


    y ^

