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Abstract

Stunting remains a major public health challenge in Indonesia, affecting 21.6% of children under five nationally and
18.34% in Nusa Tenggara Barat (NTB), which strains the capacity of health cadres to deliver timely and accurate
nutrition education. This study aims to develop a consultation chatbot by integrating Large Language Models (LLMs)
with Retrieval-Augmented Generation (RAG) to provide context-aware stunting prevention guidance. A total of 45
journal articles and 7 books were curated to construct 7,642 question—answer pairs using a RAG-based pipeline. Text
preprocessing involved segmentation, embedding, and Byte Pair Encoding tokenization, followed by fine-tuning a
LLaMA 3 model on an NVIDIA L4 GPU. Model performance was evaluated using ROUGE and BERTScore metrics,
complemented by a small pilot usability assessment. The RAG-integrated model achieved a ROUGE-1 score of
81.03% and a BERTScore F1 of 93.48%, consistently outperforming baseline models. These findings demonstrate
the potential of RAG-enhanced LLMs to support scalable and accessible health informatics solutions for empowering
health cadres in resource-limited and rural settings.
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1. INTRODUCTION

Stunting is a global health problem characterized by impaired physical growth in children due to
chronic malnutrition [1][2]. This issue is prevalent in developing countries, particularly in Asia and
Africa [3]. According to a report by the United Nations International Children’s Emergency Fund
(UNICEF), approximately 148 million children under the age of five worldwide suffer from stunting
[4]. The impact of stunting extends beyond physical growth, affecting cognitive development, creativity,
skills, and academic achievement, which in turn influences future productivity [4].

Indonesia is one of the countries with a high prevalence of stunting in Southeast Asia [5][6] and
ranks fifth globally [7]. National data indicate that the prevalence of stunting among children under five
reaches 21.6% [8], while in the province of Nusa Tenggara Barat (NTB) it stands at 18.34% [9].
Therefore, this region has become one of the government’s priority areas for stunting intervention. In
this context, health cadres play a crucial role in providing education and consultation to the community.
However, they face several challenges, including a lack of continuous training, limited access to up-to-
date information, and difficulties in delivering complex medical content [1][10]. Conventional methods
such as manual training and traditional anthropometric measurements remain dominant, particularly in
remote or underdeveloped regions (3T areas) [1] [10].
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The utilization of Artificial Intelligence (AI) technology, particularly through the integration of
Large Language Models (LLMs) and Retrieval-Augmented Generation (RAG), is considered a
promising and innovative solution. LLMs possess the capability to understand natural language and
generate contextual responses; however, they remain limited in delivering up-to-date and locally
relevant information [11]. RAG addresses these limitations by integrating external knowledge sources
to produce accurate, relevant, and verifiable responses [12][13]. This approach also helps mitigate
hallucination risks in LLMs by relying on trusted documents, providing transparency through source
references, and enhancing the model’s ability to answer complex queries [14].

Recent advances in generative artificial intelligence further demonstrate the potential of LLM-
based agents in medical and nutritional domains. Large-scale reviews confirm that GenAl systems can
significantly enhance personalized dietary guidance, knowledge retrieval, and health education delivery
when combined with structured knowledge sources [15]. Al-driven agent systems and retrieval-based
architectures have also proven effective in ensuring traceable and context-aware responses in specialized
healthcare knowledge domains [16]. However, existing GenAl applications in nutrition and healthcare
are predominantly developed for professional or urban settings, with limited adaptation to community-
based preventive programs in low-resource regions.

Recent studies indicate that digital interventions and mobile health applications have become
increasingly prominent in supporting early stunting prevention and nutrition education. Systematic and
scoping reviews highlight that most stunting-related mobile applications in Indonesia focus on
information dissemination, growth monitoring, and maternal education, with limited interactivity and
decision-support capabilities [17][18][19]. Empirical studies further demonstrate that digital
interventions can improve parental awareness and early preventive behaviors; however, these systems
largely rely on static content and rule-based designs rather than adaptive conversational intelligence
[20][21]. Several Al-based educational initiatives and chatbot implementations have been introduced to
enhance public knowledge of nutrition and stunting prevention [22][23][24][25][26]. While these
approaches show promising results in improving engagement and literacy, they do not integrate
retrieval-augmented mechanisms to ensure factual grounding, contextual reasoning, and real-time
knowledge updating from verified health literature and policy documents.

Several prior studies have explored the integration of Large Language Models (LLMs) and
Retrieval-Augmented Generation (RAG) in healthcare applications. DermAl applies LLMs for
dermatological diagnosis but does not support preventive consultation or nutrition education [27]. LLM-
based healthcare systems developed for Hajj pilgrims utilize RAG to enhance information reliability;
however, their scope is limited to situational clinical assistance and partially localized knowledge,
without addressing long-term nutrition education or stunting prevention [28]. ThaiNutriChat provides
general dietary information through a chatbot interface, yet it does not employ a retrieval-augmented
approach nor target stunting-related preventive education [29]. Other studies applying LLMs have
primarily focused on mental health support [30] [31] or pregnancy nutrition advice [32], thereby limiting
their applicability to child nutrition and community-level stunting prevention. Moreover, existing
systems are generally designed for professional or general users, are predominantly monolingual, and
do not integrate local policy documents or village-level preventive programs. To date, there remains a
lack of LLM—RAG-based models that are explicitly designed to support health cadres with locally
grounded, preventive stunting consultation in low-resource community settings.

Despite the growing adoption of digital applications, chatbots, and Al-assisted educational tools
for stunting prevention in Indonesia [17-25], most existing solutions emphasize awareness and
monitoring rather than interactive preventive consultation. Bibliometric and empirical studies confirm
that chatbot-based nutrition education improves user engagement but remains limited in reasoning
depth, local grounding, and explainability [22][23][26].
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Moreover, current LLMs or chatbot-based healthcare systems are primarily monolingual,
detached from local policy and village-level data, and designed for general or professional healthcare
environments rather than health cadres as frontline implementers. Multimodal accessibility, such as
SMS-based or low-bandwidth consultation, is rarely addressed despite being critical for underserved
rural communities. This reveals a clear research gap: the absence of a locally grounded, bilingual,
retrieval-augmented LLM chatbot specifically designed to support health cadres in preventive stunting
consultation.

Accordingly, this study aims to develop an LLM-RAG based consultation chatbot that
incorporates bilingual language understanding at the model level to support health cadres’ preventive
stunting services in village-level settings in Nusa Tenggara Barat, Indonesia.

2. METHOD

This study integrates LLMs and the RAG approach to assist health cadres in providing
consultations related to stunting prevention. The proposed model consists of five main stages. The
process begins with the collection of textual data from journals and books. The collected data are then
segmented, converted into vector representations using an embedding model, and stored in a vector
database. Next, the Q&A data undergo preprocessing, which includes data splitting, tokenization, and
embedding, followed by training and fine-tuning of the LLM. The model evaluation is conducted using
ROUGE and BERTScore metrics to assess the quality and relevance of the generated text. In the final
stage, the model is implemented using the RAG framework, where each user query is matched with the
most relevant documents from the vector database to produce context-aware, real-time responses. The
research methodology is illustrated in Figure 1.
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Figure 1. Research flow model stunting

2.1. Documents

In the initial stage of this study, the primary data sources were obtained from documents
consisting of two main types of references: books that comprehensively discuss stunting-related topics
and medical journals that specifically examine the scientific aspects of stunting, including its causes,
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impacts, and preventive measures. The stunting-related books were selected to provide a strong
theoretical foundation and comprehensive general knowledge on chronic child malnutrition issues,
while the medical journals were utilized to obtain up-to-date, research-based, and empirical information.
These two types of documents complement each other by providing a rich and diverse dataset, which
serves as the foundation for knowledge extraction and the creation of a Q&A dataset through the RAG
approach a crucial stage in developing a health consultation model for stunting prevention.

2.2. Generate (Q&A) with RAG

The approach employed in this study utilizes the RAG framework to design a dataset related to
consultation and stunting prevention systems. RAG is a method that combines retrieval techniques
(information retrieval) with generation techniques (text generation) using LLMs [33]. Through this
approach, the system does not rely solely on the language model to generate responses; instead, it
retrieves relevant information from external knowledge sources before producing an answer. The
documents were constructed from health journals (PubMed, Scopus) and books on stunting. These
documents were converted into text, translated into Indonesian using DeepL, and then segmented into
smaller chunks to facilitate processing [33]. The resulting dataset serves as input for the embedding
model, which transforms each chunk into numerical vector representations and stores them in a Vector
Database functioning as an embedding search engine [34][35]. Within this multidimensional vector
space, the system interprets documents based on semantic similarity rather than mere word matching.
When receiving a user query, the system retrieves the most relevant documents by calculating the vector
distance between the query and document embeddings, returning the Top-K most relevant documents.
This RAG framework operates in two main stages, formally defined as in Eq. (1) [36]:

T
PRAG-Seq(y[Z) = Z py(2lz) - Hpﬁ‘(y!‘mszay]:! 1), (1)
B A
2€Top-k(p(z)) Retriever t=1 Generator

The system begins with the retrieval process, which involves identifying and extracting relevant
information from external sources such as databases or large text corpora through search and fetch
operations. This retrieved information provides additional contextual knowledge that may not be
contained within the LLM itself. Subsequently, the generation stage takes place, in which the LLM, now
enriched with supplementary contextual information, produces a final response that is more relevant,
accurate, and aligned with the user’s needs. This is achieved by leveraging the most recent and
contextually pertinent information obtained during the retrieval phase.

2.3. Preprocessing

Before processing with the Transformer-based LLM, the data must be preprocessed to match the
expected format, ensuring that the model can operate optimally and generate accurate responses. In this
study, data were collected from articles and books using the RAG technique, which leverages an
information retrieval engine to extract relevant content and construct a Question and Answer (Q&A)-
formatted dataset. Subsequently, data cleansing, normalization, and deduplication processes were
performed to ensure that the dataset used was cleaner, more relevant, and less prone to bias or errors
during model training. Afterward, information extraction was conducted to identify key data points,
which were then split into 90% for training and 10% for testing, considering that this ratio remains
representative for evaluating model performance, particularly in large and complex datasets [37]. To
improve robustness and reduce potential data bias, model evaluation was further validated using 5-fold
cross-validation (k=5). This strategy allows the dataset to be systematically partitioned into multiple
training and validation subsets, ensuring that model performance is consistently assessed across different
data distributions and reducing the risk of overfitting. Following the data split, the text was processed
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through tokenization using Byte Pair Encoding (BPE) [38] to generate vector representations, which
were subsequently stored in the Vector Database for efficient retrieval and embedding operations.

2.4. Finetuning Model

The Llama 3 Transformer model was utilized in this study to develop the stunting prevention
model. Llama 3 demonstrates highly competitive performance, matching or even surpassing other
models such as GPT-4 across various benchmarks, including language understanding, reasoning, and
question answering tasks [39]. The Llama 3 model was further enhanced through fine-tuning using the
stunting-related dataset. Fine-tuning allows the pre-trained model to adapt more effectively to the
specific domain, making it more contextually relevant for stunting prevention. Within Llama 3, text is
tokenized into smaller units (tokens) and then converted into vector representations through the
embedding process to capture semantic relationships. These representations are normalized using Root
Mean Square Normalization (RMSNorm) to maintain training stability and prevent issues such as
exploding or vanishing gradients [39]. By referring to the Llama 3 architecture illustrated in Figure 2,
this approach enables the model to generate coherent and contextually relevant responses, thereby
making it effective for application in a stunting prevention consultation system [39].
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Figure 2. System Architecture of the RAG-LLM-Based Stunting Consultation Model

At the core stage, the model employs the Self-Attention mechanism to comprehend the global
context of the text. The Grouped Multi-Query Attention (GQA) variant enhances computational
efficiency by grouping multiple queries, particularly for long text sequences. Meanwhile, the Key-Value
(KV) Cache accelerates inference by storing previously computed Key (K) and Value (V) pairs, thereby
avoiding redundant recalculations at each step. This process is formally defined in Eq. (2).
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k

After the Self-Attention process, the output is passed through a Feed-Forward layer that employs
the Switch-Gated Linear Unit (SwiGLU) activation function. The SwiGLU function provides a balance
between linearity and non-linearity, enhancing computational efficiency without compromising model
performance. In this architecture, the outputs from the Self-Attention and Feed-Forward layers are
combined using a Residual Connection, a technique that preserves information from previous layers to
prevent data loss during propagation through the network. This mechanism is formally defined in Eq.
3).

FFD(z) = max(0,zW; + b)) W, + b, 3)

This process is repeated N times so that the model better understands the relationships between
tokens. The final result is passed to the Linear Output Layer, which converts it into a probability
distribution using Softmax. This function ensures that the total probability of all classes is 1, enabling
accurate predictions, defined as in Eq (4).

exp (z]-)

P(y) = sofmax(z) = P R 4)
k=1 exp (Zk)

2.5. Stunting model with RAG

The stunting model with RAG is a combined approach between the LLM (LLaMA 3) model and
an information retrieval mechanism from external documents. This model is designed to answer
questions related to stunting prevention with higher accuracy and contextual relevance. RAG enables
the model to extract important information from trusted sources, such as books and medical journals,
and incorporate this information into the response generation process. As a result, the system does not
rely solely on knowledge acquired during model training, but also generates answers grounded in up-
to-date data and contextual evidence. The retrieval-augmented generation pipeline was implemented
using LangChain to manage document chunking, embedding retrieval, and query orchestration across
the LLM and knowledge base components.

2.6. Evaluation of stunting models

Evaluation of LLMs and RAGs, this study uses three metric methods to measure natural language
understanding performance and semantic similarity between predicted texts.

2.6.1. ROUGE

Recall-Oriented Understudy for Gisting Evaluation (ROUGE) is an automated evaluation method
often used to assess the quality of machine-generated summaries by comparing them to human-made
reference summaries. ROUGE calculates the number of overlapping words or n-grams between the
system-generated summary and the reference summary, defined as in Eq (5), (6) dan (7) [40].

ROUNGE -1
Number of matching unigrams (5)

" Total number of nigrams in the reference

ROUNGE -2
Number of matching bigrams (6)

" Total number of bigrams in the reference
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LCS(Result text, References)
ROUNGE — L = @)
Reference Length

(1) ROUGE-1: Measuring the extent to which the generated text covers individual words (called
unigrams) from the reference text, ROUGE-2: This metric uses bigrams (sequences of two words) to
compare the model's generated text with the reference text, ROUGE-L: Uses the concept of Longest
Common Subsequence (LCS) to evaluate the quality of the generated text compared to the reference
text, Number of matching unigrams: Total words that appear in the generated text and also exist in the
reference text, Total number of unigrams in the reference: Total of all words in the reference text without
repetition, Number of matching bigrams: Number of bigrams that are exactly the same between the text
generated by the model and the reference text, Total number of bigrams in the reference: Total number
of bigrams in the reference text, LCS (Result text, Reference): Length of the longest common
subsequence between the generated text and the reference text, Reference length: Number of words in
the reference text.

2.6.2. BertScore

BERTScore is a metric used in Natural Language Processing (NLP) workflows to measure textual
similarity between candidate texts and reference texts. Unlike ROUGE and traditional n-gram similarity
measures, this metric utilizes trained BERT embeddings to capture the semantic and contextual
information of words and phrases in candidate texts and reference texts. This approach makes
BERTScore more effective in assessing the quality of candidate text because it considers not only exact
word matching but also overall meaning, fluency, and output order, defined as in Eq (8) [41].

cosine similarity

1
R —_ ax NEN
e |#] 2 e N (3)
B IS Y a——

greedy matching

(i) Pggrr: This is a score calculated using the BERT model to evaluate the similarity between

. 1 . ..
two texts (often the reference text and the predicted text), =k Normalization factor that divides the total

value by the length or number of vectors in the set x" (reference or target text), Y %; € x : Shows
repetition for each token X; in the candidate sentence X, maxy, e, : Using the greedy matching method,
each token %; matched with a token x; in the reference sentence x, choosing the partner with the highest
similarity score, x; %; : Calculating cosine similarity between token vector representations x; (from the

reference) dan ; (from the candidates).

2.7. Implementation Details

Model training and evaluation were implemented using the Hugging Face Transformers library.
The experiments were conducted on an NVIDIA L4 GPU with 24GB VRAM and a TFLOPs speed of
121 to ensure stable fine-tuning and efficient inference performance.

2.8. Multimodal Extension (Voice-Based Input)

As a potential multimodal extension, the system design allows for voice-based user queries
through a speech-to-text module. Audio inputs can be converted into textual queries using the Whisper
API, which are subsequently processed by the RAG-LLM pipeline. Although the current evaluation
focuses on text-based interaction, this extension enables future support for low-literacy and hands-free
consultation scenarios.
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2.9. Ethical Considerations

This study did not involve human subjects, personal data, or clinical interventions. All datasets
were constructed exclusively from publicly available scientific literature and policy documents.
Therefore, ethical approval or institutional review board (IRB) clearance was not required.

3.  RESULT

3.1. Text Data Processing

This study produced a curated dataset constructed from reliable sources, consisting of 45 scientific
journal articles accessed through Scopus and PubMed, as well as 7 standard reference books related to
stunting prevention. Using the retrieval-augmented generation (RAG) approach, relevant information
was extracted and organized into a Question—Answer (Q&A) format. The dataset was stored in JSON
format and resulted in a total of 7,642 stunting-related Q&A pairs, as summarized in Table 2. Each Q&A
pair represents validated information on child growth, nutrition, maternal health, and government
stunting prevention programs.

Table 1. Q&A dataset using RAG technicque

No Question Answer
1 What are the characteristics ~ Children who experience stunting tend to
of children who experience  be short, stunted, and thin, but their bodies
stunting? remain proportional.
2 When should preventive Preventive measures to reduce the
measures to reduce the incidence of stunting should begin before
incidence of stunting birth through perinatal care and maternal
begin? nutrition.
7.641 When is head Head circumference measurements are
circumference carried out every 3 months in children aged
measurement performed on 0-12 months.
children aged 0-12 months?
7.642 What are the priorities in Pregnant women and children aged 0-2
the stunting prevention years or households of 1000 hpk.

program in Indonesia?

3.2. Preprocessing

From the total dataset of 7,642 Q&A records, 90% (6,878 entries) were allocated for training and
10% (764 entries) for validation. This split was used to ensure effective learning while enabling
performance monitoring during fine-tuning. The dataset was further validated using 5-fold cross-validation
(k = 5) to improve robustness and reduce potential bias.

All text data underwent tokenization using the Byte Pair Encoding (BPE) method, followed by

embedding into fixed-dimensional vector representations. These vectors were stored in a vector database
to support semantic retrieval during the RAG process.

3.3. Model Fine-Tuning

The LLM-based stunting consultation model was fine-tuned using an NVIDIA L4 GPU with 24
GB VRAM. Training was conducted for approximately 3 epochs, processing a total of 19,009,976 input
tokens. Table 3 summarizes the fine-tuning results, including training loss, runtime, and computational
cost.
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Table 2. Matrik Pelatihan

Matrix Value
Epoch 3

Num input tokens seen ~ 19.009.976
Total flos 799.440.666

Train loss 0.872

Train runtime 1:06:36
Train samples persecond 5.737
Train steps persecond 0.358

Figure 3 illustrates the training loss curve across training steps. The smoothed loss trajectory
shows a consistent downward trend, indicating convergence throughout the fine-tuning process.

original

8] —— smoothed

1.6

1.4

1.2

loss

1.0 A

0.8 1

0.6 A

0.4 4

(') 2('JO 460 6(')0 8(')0 10'00 IZbO 14'00
step
Figure 3. Stunting model training loss graph

3.4. Model Evaluation

Evaluation was conducted using 50 expert-validated test queries under two experimental settings:
(1) the baseline LLM stunting model and (2) the LLM integrated with RAG.
3.4.1. ROUGE Evaluation

Figure 4 presents the ROUGE evaluation results. The RAG-enhanced model achieved higher
scores across all ROUGE metrics, with ROUGE-1 improving from 72.34% to 81.03%, ROUGE-2 from
64.54% to 74.10%, ROUGE-L from 70.42% to 79.83%, and ROUGE-Lsum from 70.96% to 79.71%.

100

EmE Stunting Model
w stunting model using RAG

80 1

60 4

ROUGE Score (%)

209

o0

ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum

Figure 4. ROUGE Evaluation of the stunting model and the model stunting using RAG
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3.4.2. BERTScore Evaluation

Figure 5 shows the BERTScore evaluation results, where the RAG-based model achieved a
Precision score of 93.54%, Recall of 93.51%, and an F1 score of 93.48%. In contrast, the baseline LLM
model demonstrated lower scores across all three metrics.

100

80

60 4

Acuracy (%)

204

Precision Recall F1 Score

Il Stunting Model m Stunting model using RAG

Figure 5. Bert Score Evaluation of the stunting model and the model stunting using RAG

3.5. Additional Evaluation Findings

Further analysis based on a manual inspection of responses to 50 evaluation queries revealed that
fewer than 5% of the outputs generated by the RAG-integrated model contained hallucinated
information, defined as content not supported by the retrieved documents. In addition, a small pilot
usability feedback session involving 15 health cadres indicated that 82% of participants expressed a
preference for responses generated using the RAG-based model compared to baseline outputs.

4.  DISCUSSIONS

Combining RAG with LLMs in this study significantly improved the accuracy and relevance of
stunting prevention consultation chatbot responses. The experimental results show an increase in
ROUGE-1 to 81.03%, ROUGE-2 to 74.10%, ROUGE-L to 79.83%, ROUGE-Lsum to 79.71%, and
BERTScore for precision to 93.54%, recall to 93.51%, and F1 Score to 93.48%. These findings are
consistent with studies [14] and [37], which highlight RAG's ability to enrich LLMs with the latest
information from reliable sources (stunting books, Pubmed, and Scopus). However, unlike previous
studies such as [18], which focused on telemedicine interfaces without utilizing the generative
capabilities of LLMs, this model offers a more adaptive and measurable solution for remote areas.
Implementation through a local platform (e-Posyandu) and SMS [43] enables high accessibility, even
in areas with limited infrastructure. From a technical perspective, high computational requirements
(799.44 billion FLOPs) pose a major challenge. Optimization through 8-bit quantization and pruning
[44] successfully reduced the model size by 60% without significant accuracy loss. A serverless cloud-
based solution (AWS Lambda) was also tested to enable efficient inference on low-end devices.

Figure 6 shows a comparison of ROUGE scores from eight tested LLM models. The results show
that the Stunting model with RAG consistently obtained the highest scores on all ROUGE metrics,
followed by the base Stunting-8B model. In contrast, the LLaMA3 and Deepseek variants showed
significantly lower performance, indicating suboptimal summarization capabilities. Interestingly, RAG
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integration generally improves performance, especially in the Mistral and Deepseek-R1 models. These
findings confirm the superiority of the Stunting model, particularly when combined with the RAG
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Figure 6. Comparison of ROUGE scores of eight LLMs models

Figure 7 presents a comparison of BERTScore scores from eight LLM models based on three
main metrics: Precision, Recall, and F1. The Stunting model with RAG consistently showed the highest
performance on all three metrics, followed by the base Stunting model. Meanwhile, the LLaMA3 model
and its variants showed the lowest performance, particularly on the Precision and F1 metrics. The
application of RAG appears to provide a significant performance improvement on several models,
especially Mistral and Deepseek-R1. Overall, these results reinforce previous findings that the Stunting
model with RAG has superior semantic understanding quality in generating relevant and coherent text.
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Figure 7. BERTScore Comparison between Models in Precision, Recall, and F1 Metrics

Figure 8 consists of two graphs comparing the performance of eight LLM models based on the
ROUGE and BERTScore metrics. In the ROUGE graph, it can be seen that the Stunting model with
RAG and the Stunting model significantly outperform the other models, with much higher ROUGE-1,
ROUGE-2, ROUGE-L, and ROUGE-Lsum scores. The other models show low and relatively uniform
scores. In the BERTScore graph, the same pattern is seen: the Stunting model with RAG dominates in
all metrics (Precision, Recall, and F1), followed by the Stunting model. Meanwhile, the LLaMA3 and
Mistral models show a fairly drastic decline in performance, especially in the Precision metric. This
visualization confirms that the Stunting model, especially with RAG integration, has a consistent
advantage in summary quality both lexically (ROUGE) and semantically (BERTScore).
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5. CONCLUSION

This study demonstrates that integrating Retrieval-Augmented Generation (RAG) with Large
Language Models significantly enhances the accuracy and contextual relevance of stunting prevention
consultations. The proposed RAG-LLM chatbot consistently outperformed baseline models across
ROUGE and BERTScore metrics, confirming the effectiveness of grounding generative responses in
trusted and locally relevant knowledge sources. By supporting health cadres with accessible, data-
driven, and bilingual consultation capabilities, the system helps bridge information gaps at the
community level, particularly in resource-limited and rural areas of Nusa Tenggara Barat (NTB).
Practical deployment through platforms such as e-Posyandu and SMS further underscores the model’s
potential for scalable public health informatics. Future research should focus on longitudinal field
validation, multilingual expansion for 3T areas, and cost—benefit analysis through large-scale trials to
strengthen evidence for real-world implementation in national stunting reduction programs.
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