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Abstract: This study examines the integration of Question Answering (QA) technology into e-health education using a 

scaffolded method to address stunting prevention and understanding of early childhood nutrition in Indonesia. The 

research developed a computer-supported learning platform that combines adaptive QA systems with structured 

scaffolding techniques to support maternal knowledge development and informed nutrition practices. Data were 

collected from Indonesian stunting education programs and nutrition improvement initiatives targeting children under 

five years old. The platform implemented progressive learning modules that provided real-time responses to user 

queries while offering contextual support through scaffolded feedback mechanisms. Knowledge improvement was 

evaluated using a pre-test and post-test design administered before and after system interaction, with a follow-up 
assessment conducted four weeks later to measure retention. Results demonstrated improvements in knowledge 

retention scores (mean increase of 42%) and understanding of nutrition guidelines among participating mothers. The 

QA system helped clarify common misconceptions about complementary feeding practices while maintaining 

engagement through personalized learning paths. These findings indicate that scaffolded QA technology has potential as 

a supportive tool for e-health education in resource-limited settings, although broader implementation and long-term 

impact require further investigation. 

 

Index Terms: E-Health, Nutrition Education, QA System, Stunting. 

 

 

1. Introduction 

E-health education has emerged as a transformative approach in public health, enabling scalable and accessible 

learning for caregivers in both urban and rural communities [1,2]. In Indonesia, stunting affected approximately 24% of 

children under five according to the Indonesian Nutritional Status Survey (SSGI) conducted by the Ministry of Health 

[3]. This high prevalence highlights the need for effective educational strategies, and digital platforms offer a valuable 

opportunity to improve maternal knowledge of early childhood nutrition and feeding practices [4,5]. However, many 

existing e-health education systems face significant challenges [6,7], including limited interactivity [8,9], low user 

engagement [10,11], and insufficient support for learners with varying levels of digital and health literacy[12,13]. 

Traditional e-learning models often deliver static content without adapting to individual learning needs, resulting in 
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suboptimal knowledge retention and application. Early studies have also shown that caregivers frequently rely on online 

sources for health information, although the quality, usability, and reliability of such platforms vary considerably, 

highlighting the need for trustworthy and user-centered digital health systems [10,14]. 

Despite advancements in digital health, there remains a critical gap in intelligent, responsive systems capable of 

understanding and answering user-generated questions in real time using natural language processing (NLP) [15,16]. 

While question answering (QA) technologies have demonstrated success in other domains [17], their application in 

public health education, particularly for nutrition in low-resource settings remains limited [18]. Few systems are 

designed to provide evidence-based, culturally relevant responses in a conversational format that supports self-paced, 

scaffolded learning [19]. This lack of adaptive support restricts the potential of computer-supported learning to guide 

caregivers through complex nutritional concepts progressively. 

To address this gap, this study develops and integrates a QA system into an e-health education platform, 
specifically targeting stunting prevention and early childhood nutrition in Indonesia. The primary objective is to 

enhance maternal understanding through a computer-supported learning approach that combines NLP-driven QA with 

pedagogical scaffolding [20,21]. By enabling users to ask questions and receive tailored, real-time responses, the system 

supports personalized learning pathways and deeper cognitive engagement. 

The methodology draws on educational materials from Indonesian stunting prevention and nutrition improvement 

programs as the knowledge base. A natural language processing (NLP)-based QA model was implemented to interpret 

and respond to user inquiries accurately. The system was evaluated through usability testing and pre- and post-learning 

assessments to measure improvements in knowledge and user satisfaction. Knowledge retention was further assessed 

through a delayed post-test conducted four weeks after the intervention to examine short-term learning persistence.  

To provide a structured evaluation and ensure alignment between the study objectives and the experimental design, 

this study addresses the following research questions: 
 

RQ1: Does the QA-based learning system improve users’ knowledge of stunting and early childhood nutrition 

compared to conventional learning materials? 

RQ2: How do users perceive the system in terms of usability and acceptance? 

RQ3: Does the knowledge gained through the system persist over time? 

RQ4: Is there a relationship between perceived system usability and users’ learning outcomes? 

 

Prior studies suggest that interactive and adaptive learning systems may improve user engagement and learning 

outcomes compared to static content delivery [22,23]. 

This study provides empirical evidence on the integration of QA technology within a scaffolded e-health learning 

environment in the Indonesian context [24-26]. Rather than proposing a generalizable solution, the findings provide an 
initial evaluation of its feasibility and learning benefits within a specific application domain. 

The remainder of this paper is structured as follows: Section 2 presents the related work overview; Section 3 

details the methods, including data sources and system design; Section 4 reports results on knowledge improvement and 

usability; Section 5 discusses implications, limitations, and future directions; and Section 6 concludes with 

recommendations for implementing QA-enhanced learning in public health programs. 

2. Literature Review 

2.1. E-Health Education: Concepts and Prior Studies  

E-health education refers to the use of digital technologies to improve health literacy, promote preventive behavior, 

and support healthcare decision-making[1,2]. It integrates information technology, pedagogy, and health sciences to 
provide accessible, self-paced learning opportunities. In developing countries such as Indonesia, e-health education 

plays a vital role in addressing challenges like limited healthcare access and low nutrition awareness[27,28]. Earlier 

research has emphasized that usability, accessibility, and interaction quality are critical factors influencing user 

engagement and effectiveness in digital health information systems [29,30]. 

Previous research on e-health and online learning has demonstrated the effectiveness of mobile applications, web-

based platforms, and community-based learning systems in improving health knowledge. For example, several studies 

have reported that mobile health (mHealth) programs enhance mothers’ understanding of child nutrition and stunting 

prevention [31-33]. However, most e-health education systems rely on static content delivery, such as pre-defined 

modules or quizzes, which limits personalization and interactivity. As a result, many learners receive general 

information rather than adaptive or context-specific guidance [34,35]. 

2.2. Artificial Intelligence and Question Answering in Learning 

Advancements in Artificial Intelligence (AI) have transformed educational practices by enabling personalized and 
interactive learning environments [36]. Among these technologies, Question Answering (QA) systems have gained 

attention for their ability to simulate human-like dialogue and provide direct answers to learner queries. QA-based 



Integrating Question Answering Technology into E-Health Education: A Computer-Supported Learning Approach 

Volume 18 (2026), Issue 4 – Page 184 

systems have been successfully applied in various fields, including language learning [37], science education [38], and 

computer science [39], to support inquiry-based learning and improve comprehension [40]. 

In educational contexts, QA systems allow learners to explore content in a self-directed manner by asking 

questions and receiving contextually relevant explanations [38,39]. Previous studies suggest that such interactive 

exchanges can support learner engagement, motivation, and knowledge retention, particularly when compared to 

passive content consumption. Despite these advantages, the application of QA technologies in e-health education 

remains limited. Only a small number of studies have explored their use for improving public health literacy, especially 

in domains such as child nutrition and stunting prevention, where culturally appropriate and personalized information is 

essential [41]. 

2.3. Research Gap, Contribution, and Novelty 

While numerous studies have explored digital and AI-based learning, several research gaps remain [42]. Existing 
e-health education systems seldom integrate NLP-driven QA mechanisms that adapt to users’ specific learning needs 

[29], [43]. Most prior works also lack empirical evaluation of how such systems affect knowledge improvement and 

usability among community learners[44]. Furthermore, few studies have examined the role of QA-based systems in 

promoting health education within developing countries [45,46]. 

This study addresses these gaps by developing and evaluating a QA-based learning system tailored for stunting 

prevention and early childhood nutrition education in Indonesia. The system integrates NLP-driven question answering 

within a scaffolded learning framework to support interactive and context-aware information access. Rather than 

proposing a broadly generalizable solution, this study provides an initial empirical evaluation of the feasibility, usability, 

and learning impact of QA-supported e-health education within a specific public health application context. The 

findings contribute to the ongoing discussion on digital health literacy and the practical integration of AI-based learning 

tools in resource-constrained environments. 

3. Methodology 

3.1. Proposed Research Design 

The proposed research introduces an AI-driven Question Answering (QA) system designed to enhance digital 

health education, particularly in the domain of stunting prevention and early childhood nutrition in Indonesia. This 

framework combines Natural Language Processing (NLP) techniques and computer-supported learning principles to 

create an adaptive and interactive learning environment. The system enables users primarily mothers, health educators, 

and students to ask questions in natural language and receive accurate, context-based explanations derived from verified 

health resources. 

The research framework follows an iterative learning cycle, integrating data retrieval, model reasoning, user 
interaction, and feedback adaptation. This approach not only supports immediate knowledge delivery but also allows 

the system to evolve dynamically through continuous data refinement and user feedback. The main process flow is 

illustrated in Fig. 1. 

Fig. 1 illustrates the end-to-end workflow of the proposed system. The process starts with user input, where 

learners submit health-related questions in natural language form. The system then performs NLP parsing, which 

includes text preprocessing, tokenization, and intent recognition to understand the user’s query. 

Subsequently, the data retrieval module searches for relevant information from multiple trusted sources such as 

educational content on stunting and nutrition, Indonesian health guidelines, and previous user interaction logs. The 

retrieved content is then processed by the Question Answering System, which employs NLP models and AI reasoning 

to extract or generate the most suitable response. 

The response generation stage produces a human-readable answer, which is displayed to the user through the e-
learning interface. Following each interaction, the feedback collection component gathers user reactions, satisfaction 

ratings, and interaction data. These inputs are used in the learning and improvement cycle to refine both the dataset and 

model parameters. 

The framework demonstrates a continuous learning loop, ensuring that the system not only provides accurate and 

reliable answers but also adapts to user behaviour and evolving educational needs. This architecture supports 

sustainable improvement in digital health literacy and knowledge dissemination within Indonesia’s e-health education 

ecosystem. 
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Fig. 1. Proposed System Flow of the QA-Based E-Health Education Framework. 

3.2. Materials and Dataset Description 

3.2.1. Data Sources and Collection 

The knowledge base for this QA system is constructed from authoritative health education sources to ensure 
accuracy and reliability of information. Primary data sources include educational modules from the Indonesian Ministry 

of Health, which serve as the primary reference for national context, as well as World Health Organization (WHO) 

guidelines and UNICEF child nutrition recommendations used as complementary global references to ensure alignment 

with international health standards, along with existing Indonesian e-learning materials on child nutrition. These sources 

provide comprehensive coverage of evidence-based information about stunting prevention, child growth monitoring, 

nutritional interventions, and public health policies. 

The selection criteria for source materials emphasized relevance to Indonesian context, accessibility for lay 

audiences, and alignment with national health priorities. Materials published after 2018 were prioritized to ensure 

current information, while foundational documents were retained for their enduring value in understanding the 

epidemiology and prevention strategies for childhood stunting. 

Additional publicly accessible sources were also utilized to capture frequently asked questions and practical health 
communication patterns, including materials from the National Stunting Reduction Program (https://stunting.go.id) and 

publicly available health information platforms such as detikHealth and Halodoc. All collected materials were reviewed 

to ensure consistency with official health guidelines and evidence-based recommendations. 

The construction of question–answer (QA) pairs was conducted through a semi-manual annotation process. The 

collected materials were first segmented into key informational units representing core concepts related to stunting 

prevention and child nutrition. Questions were then formulated to reflect natural information needs commonly 

expressed by parents, caregivers, and community health users. Answers were authored by summarizing, simplifying, 

and restructuring the corresponding source content into clear and concise Indonesian while preserving the original 

medical meaning. All QA pairs were written in original form through paraphrasing and content reorganization, and no 

source text was copied verbatim. 

https://stunting.go.id/
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Each QA pair was independently reviewed by two annotators with backgrounds in public health and health 

communication. Discrepancies between annotators were resolved through discussion and, when necessary, consultation 

with a licensed healthcare professional. Inter-annotator agreement was assessed using percentage agreement, which 

reached 91%, indicating high consistency and reliability of the validated content. 

The dataset used in this study was compiled from publicly available health education materials. Due to copyright 

and licensing considerations associated with several source platforms, the compiled QA dataset is not publicly 

distributed. However, it can be made available for academic research purposes upon reasonable request to the 

corresponding author. 

3.2.2. Dataset Structure and Categories 

The finalized dataset consists of 2,847 validated question–answer (QA) pairs, systematically organized into eight 

thematic categories reflecting key dimensions of stunting prevention and child nutrition. These categories encompass: 
 

(1) Definition and Basic Concepts (312 entries), covering the fundamental understanding of stunting, growth 

standards, and child development milestones; 

(2) Prevention Strategies (456 entries), detailing primary prevention measures such as balanced nutrition, 

sanitation practices, and healthcare access; 

(3) Nutritional Requirements (398 entries), describing the essential macronutrient and micronutrient needs for 

children under five; 

(4) Impact and Consequences (287 entries), outlining both short- and long-term developmental effects of stunting; 

(5) Detection and Monitoring (356 entries), focusing on growth assessment techniques, measurement tools, and 

early identification indicators; 

(6) Policy and Programs (312 entries), documenting government and institutional efforts in national stunting 
reduction programs; 

(7) Micronutrition (426 entries), presenting information on vitamin and mineral supplementation; and 

(8) Community Interventions (300 entries), describing community-level initiatives and social support strategies 

related to child nutrition. 

 

Each QA-pair was validated by certified healthcare professionals to ensure factual accuracy, contextual 

appropriateness, and adherence to evidence-based health education standards. The questions were formulated using 

natural Indonesian language patterns drawn from actual communication by parents and healthcare workers, while the 

answers were curated to maintain scientific validity yet remain understandable to the general public. 

Table 1 presents a structured overview of the educational dataset on stunting, comprising five columns: ID, context, 

question, answer, and category. The dataset integrates key thematic areas such as the causes and prevention of stunting, 
nutritional requirements for infants and toddlers, and relevant public health policies. Each entry reflects evidence-based 

educational content emphasizing the interrelated roles of nutrition, health education, sanitation, and micronutrient 

supplementation in addressing child growth and development challenges. This table exemplifies how textual data were 

transformed into question–answer pairs for model training and evaluation within the proposed QA-based e-health 

education framework. 

Table 1. Question–Answer Example Pairs in Bahasa Indonesia. 

ID Context  Question  Answer  Category 

QA001 

Stunting is a growth failure 

condition in children caused 

by chronic malnutrition, 

especially during the first 

1,000 days of life. Children 

with stunting have a lower 

height than the standard for 

their age. 

Apa penyebab utama 

stunting pada anak? 

(in English: What is 

stunting?) 

Kekurangan gizi kronis pada 

1000 hari pertama. 

(In English: Chronic malnutrition 

during the first 1,000 days of 

life.) 

Definition & 

Causes 

QA002 

Adequate nutrition during 

pregnancy is essential to 

prevent stunting. Pregnant 

women should consume 

balanced foods containing 

protein, iron, and folic acid. 

Mengapa ibu hamil harus 

makan makanan bergizi 

seimbang? 

(in English: How can 

pregnant women prevent 

stunting in their babies?) 

Gizi seimbang mendukung 

pertumbuhan janin dan 

mencegah stunting. 

(In English: Balanced nutrition 

supports fetal growth and 

prevents stunting.)  

Prevention 

QA003 

Children over six months old 

should receive 

complementary foods (MP-

ASI) that contain 

carbohydrates, animal 

protein, fat, and vitamins to 

support growth. 

Apa yang harus diberikan 

kepada anak setelah usia 6 

bulan?  

(in English: What kind of 

food should be given to 

children over six months 

old?) 

MP-ASI bergizi seimbang dengan 

karbohidrat, protein hewani, 

lemak, dan vitamin. 

(In English: Complementary 

foods with carbs, animal protein, 

fat, and vitamins.)  

Child 

Nutrition 
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QA004 

Stunting can be prevented by 

giving exclusive 

breastfeeding for the first six 

months, followed by 

appropriate complementary 

feeding. 

Bagaimana cara mencegah 

stunting pada bayi?  

(in English: How does 

exclusive breastfeeding help 

prevent stunting?) 

ASI eksklusif dan MP-ASI bergizi 

sesuai usia. 

(In English: Exclusive 

breastfeeding and continued 

nutritious complementary 

feeding.)  

Prevention 

QA005 

Stunted children are at risk of 

impaired brain development, 

poor academic achievement, 

and reduced productivity in 

adulthood. 

Apa dampak jangka panjang 

stunting?  

(in English: What are the 

long-term effects of 

stunting?) 

Gangguan otak dan produktivitas 

rendah. 

(In English: Impaired brain 

development and lower 

productivity.)  

Impacts 

QA006 

The national stunting 

prevention program includes 

specific interventions such as 

nutrient supplementation, 

immunization, and 

community nutrition 

education. 

Apa saja program 

pemerintah untuk mencegah 

stunting? 

(in English: What programs 

are included in Indonesia’s 

stunting prevention 

initiative?) 

Suplementasi, imunisasi, dan 

edukasi gizi. 

(In English: Supplementation, 

immunization, and nutrition 

education programs.)  

Policy 

QA007 

Iron deficiency in children 

can cause anemia, which 

worsens stunting conditions. 

Apa hubungan anemia 

dengan stunting? 

(in English: How does iron 

deficiency affect stunting?) 

Kekurangan zat besi 

menyebabkan anemia dan 

memperparah stunting. 

(In English: Iron deficiency 

causes anemia that worsens 

stunting.)  

Micronutrients 

QA008 

Education for mothers and 

families is essential to 

promote understanding of 

healthy eating patterns and 

good environmental 

sanitation. 

Mengapa edukasi keluarga 

penting dalam mencegah 

stunting? 

(in English: Why is family 

education important in 

preventing stunting?) 

Keluarga menjaga gizi, 

kebersihan, dan tumbuh kembang 

anak. 

(In English: Families ensure 

nutrition, hygiene, and child 

growth support.)  

Education 

QA009 

Poor environmental 

sanitation can cause repeated 

infections that inhibit nutrient 

absorption. 

Bagaimana hubungan 

sanitasi dengan stunting?  

(in English: How does poor 

sanitation contribute to 

stunting?)  

Sanitasi buruk menyebabkan 

infeksi dan gangguan penyerapan 

gizi. 

(In English: Poor sanitation 

causes infections that hinder 

nutrient absorption.)  

Environment 

QA010 

Toddlers need nutritious food 

daily with a variety of menus 

to meet vitamin and mineral 

requirements. 

Seberapa sering anak harus 

mendapat makanan bergizi? 

(in English: How can 

toddlers’ nutritional needs be 

met daily?) 

Variasi menu harian memenuhi 

kebutuhan gizi anak. 

(In English:Daily varied meals 

meet children’s nutritional 

needs.)  

Dietary 

Patterns 

3.2.3. Data Preprocessing Pipeline 

The data preprocessing pipeline was designed to ensure that all textual materials meet both technical compatibility 

and linguistic clarity requirements of the QA system. The workflow comprises five main stages: text cleaning, 

tokenization, semantic annotation, question generation, and quality assurance. 

In the text cleaning stage, raw materials collected from diverse sources were standardized through the removal of 

formatting inconsistencies, normalization of Indonesian character encodings, and elimination of redundant or non-

informative content. Particular care was taken to preserve medical terminology and to simplify syntactic complexity, 

ensuring that the resulting text remains accurate yet readable for non-specialist audiences. 

The tokenization and segmentation process employed Indonesian-specific linguistic rules to divide the text into 

semantically coherent units. This step addressed the morphological richness of Bahasa Indonesia, handling variations 

such as affixation and reduplication that influence contextual meaning and downstream model interpretation. 

Subsequently, a semantic annotation layer was added, tagging each segment with metadata related to topic 
relevance, difficulty level, and intended audience. These annotations enable the QA model to deliver context-sensitive 

and age-appropriate responses by aligning system outputs with user profiles and query intent. 

The question generation phase transformed declarative content into natural-language questions using a 

combination of template-based and neural generation methods. Each generated question was manually reviewed by 

human annotators to ensure linguistic naturalness, contextual accuracy, and alignment with frequently asked health-

related topics. This process resulted in a diverse query set that enhances the model’s ability to generalize across varied 

user inputs. 

Finally, the quality assurance stage implemented a multi-level validation protocol combining automated checks 

and expert evaluation. The dataset was subjected to consistency verification, medical content review by healthcare 

professionals, and readability assessment using standardized linguistic metrics. This comprehensive validation ensured 

that the final corpus adheres to both technical robustness and educational reliability standards required for health 
information dissemination. 
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3.3. Question Answering Model Development 

3.3.1. Model Architecture Selection 

The core Question Answering (QA) engine was developed using BERT-Indo, a variant of the Bidirectional 

Encoder Representations from Transformers (BERT) model that has been pretrained on extensive Indonesian language 

corpora. This model was chosen for its strong contextual comprehension in Indonesian, supporting accurate 

interpretation of medical queries and nuanced phrasing within health information retrieval tasks. 

Several architectural modifications were introduced to enhance the base BERT-Indo framework. First, domain 

adaptation was performed through further fine-tuning on health-related Indonesian datasets, including medical journals, 

educational resources, and patient discussions. This adaptation strengthened the model’s ability to process domain-

specific terminology and contextual semantics. 

Second, a multi-task learning strategy was implemented, enabling the model to jointly learn question answering, 
text classification, and semantic similarity tasks. This multi-objective setup was intended to support generalization 

across varied query types. Lastly, attention mechanism refinement was applied by integrating custom medical-focused 

attention layers designed to emphasize key biomedical terms and concepts. This enhancement was designed to increase 

the model’s focus on medically relevant content during answer identification and generation. A summary of the 

architectural configuration is presented in Table 2. 

The BERT-Indo model was fine-tuned using the AdamW optimizer with a learning rate of 2×10⁻⁵ and a batch size 

of 16 for four training epochs. The dataset was split into training (80%), validation (10%), and testing (10%) subsets. 

Early stopping based on validation loss was applied to prevent overfitting. 

Table 2. Summary of the BERT-Indo–based Question Answering Model Architecture. 

Component Description 

Base Model BERT-Indo 

Adaptation Method Fine-tuning on Indonesian health corpora 

Learning Strategy Multi-task learning (QA, classification, semantic similarity) 

Attention Enhancement Custom medical term-focused attention 

3.3.2. Retrieval-Augmented Generation (RAG) Implementation 

To balance factual accuracy with linguistic fluency, the system employs a Retrieval-Augmented Generation (RAG) 

architecture that integrates dense retrieval and generative modelling. This hybrid setup is intended to reduce the 

limitations of retrieval-only systems, which may be rigid, and generation-only systems, which may produce fluent but 

inconsistent responses. 

The document indexing stage converts all knowledge base entries into dense vector embeddings using sentence-

transformers trained on Indonesian health-related text. These embeddings capture semantic similarity beyond keyword 

overlap, allowing concept-level retrieval. 

During the retrieval process, the system executes approximate nearest neighbour (ANN) searches to locate the 

most semantically relevant passages. Multiple relevance indicators are used, including semantic proximity, medical 

terminology overlap, and content recency. For each query, the system retrieves the top-5 most relevant passages (top-k 
= 5), which are used as contextual input for the generation stage. 

In the response generation phase, retrieved text segments are supplied as conditioning context to a fine-tuned T5-

Indo model. The generative model is constrained to use information strictly derived from the retrieved content, aiming 

to improve factual consistency while maintaining conversational naturalness. The T5-Indo model was fine-tuned using a 

learning rate of 3×10⁻⁵ with a batch size of 8 for three epochs. Early stopping based on validation performance was 

applied to maintain generalization. 

Finally, a quality filtering module evaluates generated responses using automated metrics covering relevance, 

coherence, and domain accuracy. Outputs failing to meet thresholds are reprocessed or escalated for human validation 

to maintain reliability. The core components of the implemented RAG framework are summarized in Table 3 to provide 

a structured overview of the retrieval, generation, and validation processes. 

Table 3. Key Components of the Retrieval-Augmented Generation (RAG) Framework. 

Component Description 

Retrieval Encoder Sentence-transformer (Indonesian health text) 

Search Mechanism Approximate Nearest Neighbour (ANN) 

Generative Model T5-Indo (fine-tuned) 

Validation Module Automated quality filtering (relevance, coherence, accuracy) 
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3.3.3. Technical Implementation Details 

The system was implemented using Python 3.9, supported by several specialized libraries for natural language 

processing (NLP) and machine learning tasks. The Hugging Face Transformers and TensorFlow 2.8 frameworks were 

employed for model development and fine-tuning, while FAISS was integrated to enable high-performance similarity 

searches on dense vector representations. For semantic encoding and retrieval, Sentence Transformers provided 

efficient document embeddings. 

Model training and inference were executed on an NVIDIA Tesla V100 GPU environment equipped with 64 GB 

of RAM, allowing for large-scale processing of textual data. A distributed training architecture using Horovod was 

adopted to ensure scalability and efficient utilization of computational resources. 

To enhance deployment efficiency, multiple optimization strategies were implemented. Quantization was applied 

to minimize model size with minimal loss of accuracy, while knowledge distillation produced lightweight models 
suitable for edge devices. Additionally, caching mechanisms were incorporated to reduce latency by pre-storing 

frequently accessed embeddings and query results. A consolidated summary of the implementation environment, 

supporting libraries, hardware configuration, and applied optimization techniques is presented in Table 4. 

Table 4. Summary of Technical Implementation Environment and Optimization Strategies. 

Component Description 

Programming Language Python 3.9 

Core Libraries Transformers, TensorFlow 2.8, FAISS, Sentence Transformers 

Hardware NVIDIA Tesla V100 GPU, 64 GB RAM 

Distributed Framework Horovod 

Optimization Quantization, Knowledge Distillation, Caching Strategy 

3.4. System Integration and Learning Platform 

3.4.1. System Architecture Overview 

The learning platform is built on a microservices-based architecture that prioritizes scalability, modularity, and 

ease of maintenance. Each subsystem operates independently and communicates through well-defined APIs, ensuring 

that updates or failures in one component do not disrupt the entire platform. This architectural approach enables 

continuous improvement, streamlined deployment, and robust system resilience across diverse operational conditions. 

The presentation layer is implemented using React.js to support dynamic content rendering and responsive 

interaction. Material-UI provides a coherent and adaptable design system, while Progressive Web App features extend 

usability through offline access and mobile-friendly performance. These choices ensure that the user interface remains 

consistent, accessible, and reliable across devices ranging from smartphones to desktop environments, providing users 
with a seamless experience regardless of their connectivity conditions. 

At the service layer, the backend is developed using FastAPI to leverage asynchronous request handling and 

automated API documentation. Core modules include user authentication, natural language query processing, answer 

generation, and analytic monitoring, each deployed inside isolated Docker containers for predictable scaling and fault 

containment. The data layer employs a hybrid storage strategy combining PostgreSQL for structured information, 

SQLite for lightweight local operations, and Pinecone as a vector database to manage high-dimensional embeddings for 

semantic search. Together, these components create a responsive and efficient system capable of handling varied 

workloads and supporting advanced retrieval capabilities. 

3.4.2. Learning Management Features 

The learning management component expands the platform’s capabilities beyond simple question answering, 

offering a structured and adaptive educational environment. Its design supports guided learning, continuous monitoring, 
and community-driven engagement, enabling users to deepen their understanding of child nutrition and stunting 

prevention in a systematic and personalized manner. By integrating interactive content, performance analytics, and 

collaborative tools, the platform delivers a holistic learning experience that aligns with diverse user needs. 

The platform provides interactive learning modules that organize material into progressive levels of complexity. 

Each module blends multimedia elements such as instructional videos, infographics, and hands-on assessments to 

support different learning styles and improve long-term retention. Alongside these modules, the system implements 

detailed progress tracking, using built-in analytics to analyse engagement patterns and identify individual learning gaps. 

These insights drive personalized content recommendations, ensuring that users receive reinforcement where it is most 

needed. 

Assessment tools are embedded throughout the learning journey to evaluate comprehension at multiple stages. A 

dynamic testing engine adjusts question difficulty based on user performance, maintaining an appropriate level of 

challenge and sustaining motivation. Complementing these evaluative features, the platform includes community-based 
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components such as moderated discussion forums and peer-support channels. These spaces allow users to exchange 

experiences, validate understanding, and cultivate a collaborative learning culture while ensuring the accuracy and 

reliability of shared information. 

3.4.3. Integration Strategies 

The platform incorporates a set of integration mechanisms designed to ensure secure, reliable, and scalable 

interaction with external systems. These strategies enable the learning environment to operate within a broader digital 

ecosystem, maintaining consistent performance while supporting real-time, context-aware functionality. By centralizing 

communication, leveraging dynamic data sources, and streamlining user access, the system strengthens its operational 

flexibility and relevance in practical health education settings. 

A centralized API Gateway coordinates all inbound and outbound communication, handling authentication, request 

routing, and rate limiting. This structure provides a unified control point for managing interoperability with third-party 
platforms, ensuring that external integrations follow the same security and access control protocols as internal services. 

Beyond this communication layer, the platform connects to external data sources such as national nutrition surveillance 

feeds and contextual datasets including weather indicators that influence food availability. These integrations enable the 

system to deliver recommendations that are both timely and regionally tailored. 

To support seamless professional access, the system implements Single Sign-On mechanisms that integrate with 

existing authentication services used by healthcare workers. The federated identity approach allows multiple 

authentication providers to coexist, simplifying user onboarding while maintaining strict privacy and security 

guarantees. This strategy ensures that authorized personnel can access the platform efficiently without compromising 

data protection standards. 

3.5. Educational Evaluation Methods 

System performance was evaluated using a combination of technical, expert-based, usability, and educational 
metrics appropriate for domain-specific health question answering systems. The quality of generated responses was 

primarily assessed based on factual correctness and contextual relevance. A subset of system responses was 

independently evaluated by two healthcare experts to determine medical accuracy, clarity, and actionability. Based on 

expert annotations, Precision, Recall, and F1-score were calculated to quantify response correctness. 

To complement expert evaluation, automatic text similarity metrics were computed on a validation subset using 

expert-written reference answers. BLEU and ROUGE-L were used to measure lexical overlap, while BERTScore was 

applied to assess semantic similarity between generated and reference responses. These automatic metrics were treated 

as secondary indicators, as factual correctness is more critical than lexical similarity in health education contexts. 

System efficiency was evaluated using average response time during real-time interaction. 

Usability testing was conducted as a separate evaluation involving 50 participants (30 healthcare workers and 20 

parents). This phase applied think-aloud protocols and the System Usability Scale (SUS) to assess perceived usability. 
Post-interaction questionnaires were also used to measure user satisfaction, perceived usefulness, ease of use, and the 

relevance of system responses based on Technology Acceptance Model (TAM) constructs. 

Educational effectiveness was evaluated through a controlled experimental study involving 120 participants. 

Participants were divided into an experimental group using the QA-based learning system and a control group using 

conventional learning materials. The control group received structured text-based learning materials covering the same 

stunting prevention and child nutrition topics as the experimental group. These materials were compiled from official 

health education sources and presented in a static format without interactive features. Both groups were given equal 

learning duration and were instructed to complete the learning session under the same time and study conditions to 

ensure comparable exposure. 

Knowledge improvement was assessed using a standardized pre-test and post-test design. Participants completed a 

baseline assessment prior to system use and an immediate post-test after the learning session. To measure knowledge 

retention, a delayed post-test was administered four weeks after the intervention. 
The assessment consisted of validated multiple-choice items covering key concepts in stunting prevention and 

child nutrition. All scores were normalized to a 0–100 scale. Learning improvement and retention were calculated using 

gain scores between pre-test and post-test results. Statistical analysis included significance testing to compare learning 

outcomes between groups, effect size estimation to assess the magnitude of differences, and confidence interval analysis 

to evaluate the reliability of the observed results. 

3.6. Ethical Considerations 

All data derive from open-access educational sources; no personal medical records are used. Anonymization, 

encryption, and minimal data retention ensure compliance with Indonesian and international privacy standards. 

Participants provide informed consent under institutional ethics approval, following the Declaration of Helsinki. The 

system includes disclaimers and referral mechanisms for medical emergencies to uphold beneficence principles. Bias 

mitigation involves dataset balance checks and fairness evaluation across demographics. Culturally adapted language 
and WCAG-compliant interfaces ensure inclusivity and accessibility. 
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3.7. Limitations and Mitigation 

Dialectal variations may challenge language models; regional fine-tuning addresses this. Automated content 

monitoring maintains data currency. Model compression and edge computing reduce computational load. Current 

coverage focuses on stunting and nutrition; future extensions will include maternal and infectious health. Progressive 

enhancement supports complex query handling, while disclaimers and hotline links manage emergency cases. Limited 

sample size constrains generalizability; multi-region trials are planned. Current findings emphasize short-term learning; 

longitudinal studies will assess sustained outcomes. Cultural and socioeconomic adaptations will further refine context 

alignment. 

4. Results and Discussion 

The evaluation of the NLP-based Question Answering (QA) system for stunting-related health education was 

conducted through two separate phases: (1) a controlled experimental study to measure learning effectiveness and (2) an 

independent usability study to assess user experience. The overall goal of these evaluations was to examine the system’s 

effectiveness in supporting learning outcomes and user interaction. 

The experimental study focused on knowledge improvement using pre- and post-tests administered before and 

after system interaction. System performance within the learning environment was also monitored based on answer 

accuracy, response time, and the relevance of the provided information. 

The learning effectiveness evaluation involved 120 participants, consisting of healthcare workers (30%), medical 

students (25%), mothers of toddlers (35%), and general users (10%). Participants were divided into a control group 

using conventional educational materials and an experimental group using the QA-based learning system. 

The usability evaluation was conducted as a separate study involving an additional 50 participants. Usability was 
assessed using the System Usability Scale (SUS), the Technology Acceptance Model (TAM), and user satisfaction 

measures to evaluate perceived usefulness, ease of use, and overall interaction quality. 

4.1. System Performance Evaluation 

The performance of the QA system was evaluated to assess response accuracy, relevance, semantic quality, and 

operational efficiency in a health education context. A total of 300 randomly selected question–answer interactions were 

independently reviewed by two healthcare experts. Each response was evaluated for medical correctness and contextual 

appropriateness. Disagreements were resolved through discussion to produce final labels. 

Based on expert validation, Precision, Recall, and F1-score were calculated. In addition, the proportion of 

responses judged as relevant and actionable was recorded. To provide complementary text quality assessment, 

automatic evaluation metrics were computed on a validation subset using expert-written reference answers. BLEU and 

ROUGE-L measure lexical similarity, while BERTScore reflects semantic similarity between generated and reference 
responses. System efficiency was measured using average response time during live interaction. Table 5 presents the 

overall system performance metrics. 

Table 5. System Performance Metrics. 

Metric Value 

Answer Accuracy (Expert) 85.6% 

Precision 86.2% 

Recall 87.3% 

F1-score 86.7% 

Relevant Responses (Expert-

rated) 
88.4% 

BLEU 0.62 

ROUGE-L 0.74 

BERTScore (F1) 0.89 

Average Response Time 1.8 seconds 

 
The results indicate that the system provides responses that are factually accurate and contextually appropriate for 

most user queries. The relatively moderate BLEU and ROUGE scores reflect expected paraphrasing in educational 

responses, while the high BERTScore suggests strong semantic alignment with expert references. The average response 

time of 1.8 seconds supports real-time interaction requirements for e-health learning applications. 
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4.2. Knowledge Improvement Results 

4.2.1. Pre-test and Post-test Analysis 

The evaluation results showed a substantial improvement in participants’ knowledge after using the QA system. A 

digital learning evaluation framework commonly applied in health education research was used to assess the magnitude 

of learning gains [47]. A summary of the pre-test, post-test, and gain score results for both groups is provided in Table 6. 

Table 6. Pre-test and Post-test Scores of the Experimental and Control Groups. 

Group N Pre-test Mean (SD) Post-test Mean (SD) Gain Score p-value 

Experimental (QA) 60 42.3 (12.5) 78.6 (8.9) +36.3 < 0.001 

Control 

(Conventional) 
60 43.1 (11.8) 61.2 (10.3) +18.1 < 0.001 

Difference – - 0.8 17.4 18.2 < 0.001 

 

The experimental group demonstrated significantly higher learning gains compared to the control group (p < 

0.001). The QA system produced an average improvement of 36.3 points (85.8%), while the control group improved by 

18.1 points (42.0%). These results suggest that the QA system was associated with greater learning gains compared to 

the conventional approach within the study setting. 

4.2.2. Domain-Specific Knowledge Improvement 

A deeper analysis revealed variations in knowledge improvement across different stunting-related domains. The 

QA system consistently enhanced understanding in all topic areas, with the largest improvement observed in prevention 

and intervention content. The detailed distribution of knowledge gains across domains is presented in Table 7. 

Table 7. Domain-Specific Knowledge Gains of the Experimental and Control Groups. 

Topic Domain Pre-test (%) Post-test (%) Improvement (%) 

Definition of Stunting 52.3 91.7 +39.4 

Causes and Risk 

Factors 
38.5 85.2 +46.7 

Prevention and 

Interventions 
35.8 88.9 +53.1 

Toddler Nutrition 41.2 86.4 +45.2 

Long-term Impacts 29.7 79.3 +49.6 

Policies and Programs 31.4 72.8 +41.4 

Early Detection 44.6 83.5 +38.9 

Micronutrient Intake 37.9 81.6 +43.7 

 

The highest improvement occurred in the “Prevention and Interventions” domain (+53.1%), indicating that the QA 

system was particularly effective in delivering practical, action-oriented content that users could apply directly. In 

addition, all domains showed consistent upward trends, suggesting that the system supported broad improvements 
across multiple topic areas rather than isolated gains.  This pattern demonstrates the system’s ability to strengthen both 

foundational knowledge and applied health concepts across diverse user groups. 

4.2.3. Interpretation of Findings 

The combined results from the overall scores and domain-specific analysis indicate that the QA system contributed 

to measurable improvements in users’ understanding of stunting. The learning gains suggest that interactive question–

answer mechanisms may support more active engagement with health content compared to conventional text-based 

materials. The consistent improvements across all domains also show that the system supports diverse user backgrounds 

without performance degradation. Overall, these findings indicate the potential usefulness of NLP-driven QA systems 

for supporting health knowledge acquisition. 

4.2.4. Effect Size Analysis 

To evaluate the magnitude of the intervention’s impact, Cohen’s d was computed using the post-test means and the 
pooled standard deviation of both groups. The calculations were as follows: 

 

 Mean difference: 78.6 − 61.2 = 17.4 

 Pooled standard deviation: ≈ 9.69 
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 Cohen’s d: 17.4 / 9.69 = 1.79 

 

A Cohen’s d value of 1.79 indicates a large observed effect within the study context. Although this value exceeds 

the commonly reported range for educational interventions, the magnitude should be interpreted with caution. The 

observed effect may be influenced by contextual factors, including the novelty of the interactive QA-based learning 

system, increased user engagement compared to conventional materials, and the short-term nature of the assessment. 

Therefore, the reported effect reflects the controlled experimental setting, and further studies involving longer-term 

evaluation and more diverse populations are required to confirm the stability and generalizability of the findings. 

4.2.5. Retention Analysis 

A follow-up assessment was conducted four weeks after the initial evaluation to measure knowledge retention. The 
experimental group retained 82.4% of the knowledge gained, while the control group retained only 61.3%. These 

findings suggest improved short-term retention among users who engaged with the QA system, in line with prior 

research on self-directed learning and memory consolidation. Studies have shown that self-directed learning promotes 

deeper cognitive engagement and that techniques like spaced practice and retrieval practice significantly enhance long-

term memory retention [48,49]. Moreover, biological evidence from systems consolidation models further supports that 

memory becomes more stable over time [50]. 

4.3. Usability Evaluation Results 

4.3.1. System Usability Scale (SUS) Results 

The usability of the system was assessed using the 10-item System Usability Scale (SUS). The overall SUS score 

was 82.6 (SD = 11.3), which is categorized as “Excellent” based on SUS benchmarks [51]. Table 8 presents the SUS 

scores across the different user segments. 

Table 8. System Usability Scale (SUS) Results Across User Segments. 

User Segment N SUS Mean (SD) Category 

Health Workers 18 85.2 (9.8) Excellent 

Medical Students 15 84.7 (10.2) Excellent 

Mothers of Toddlers 21 79.8 (12.1) Good 

General Users 6 76.3 (13.5) Good 

Total 60 82.6 (11.3) Excellent 

 

These results indicate that users across various backgrounds generally perceived the system as easy to use, with the 

majority falling within the Excellent range. Health workers and medical students demonstrated the strongest usability 
ratings, suggesting smooth interaction even among users with demanding information needs. The consistent 

performance across segments also implies that the system design accommodates both expert and nonexpert users 

effectively. 

4.3.2. Technology Acceptance Model (TAM) Analysis 

The Technology Acceptance Model was used to evaluate user perceptions of usefulness, ease of use, intention to 

use, and actual usage behaviour. All constructs scored above the threshold of 4.0 on a 5-point scale,indicating strong 

acceptance [52]. Table 9. provides an overview of the TAM results. 

Table 9. Technology Acceptance Model (TAM) Results. 

Construct Mean SD 

Perceived Usefulness (PU) 4.21 0.68 

Perceived Ease of Use (PEOU) 4.08 0.72 

Behavioural Intention to Use (BI) 4.15 0.65 

Actual System Use 3.97 0.71 

 
These results show that users perceived the system as both beneficial and easy to operate, reinforcing its overall 

practical value in supporting health-related information tasks. The strong behavioural-intention score indicates that 

users are highly likely to continue using the system, reflecting solid acceptance and perceived long-term utility. 

Although the actual-use score is slightly lower than the intention metrics, it remains robust and likely reflects 
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differences in users’ prior experience with digital health platforms. Collectively, these scores indicate positive user 

acceptance across the key TAM constructs within the study sample. 

4.3.3. User Satisfaction Survey 

User satisfaction was measured using a structured 5-point Likert questionnaire to capture users’ perceived quality 

of interaction with the system. This assessment focused on usability, clarity, response performance, and overall 

experience. The results provide a clear picture of how well the system meets user expectations across practical and 

informational aspects. Table 10. summarizes the satisfaction metrics for each indicator. 

Table 10. User Satisfaction Indicators. 

Indicator Mean (SD) % Very Satisfied / Satisfied 

Ease of Use 4.23 (0.71) 89.3% 

Clarity of Information 4.31 (0.68) 91.7% 

Response Speed 4.18 (0.74) 87.5% 

Answer Relevance 4.25 (0.69) 90.2% 

Interface Design 4.12 (0.77) 85.8% 

Overall Satisfaction 4.22 (0.70) 88.9% 

 

The high levels of satisfaction across all indicators demonstrate that users valued both the functionality and the 

interaction quality offered by the system. Clarity of information received the highest rating, indicating that the system 

effectively delivers understandable and meaningful content. Overall satisfaction levels above 88% suggest that the 

system was well received by participants in terms of usability and information quality. 

4.3.4. Task Completion Rate 

The high completion rate indicates that the system workflow is logical and requires minimal user effort. The faster 

completion time supports the notion that the QA system reduces the cognitive and operational burden typically 

encountered in conventional learning methods. These results collectively demonstrate that the system enables efficient, 

streamlined user interaction. 

Formula Used: 
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Task performance was evaluated through task completion success and the time required to finish each assigned 

task. To ensure transparency of the reported metrics, the computation basis is presented in Table 11. These values form 

the source of the 94.2% completion rate and the 3.2-minute mean completion time reported in this subsection. 

Table 11. Task Performance Summary. 

Metric Value 

Total Assigned Tasks 312 

Tasks Successfully Completed 294 

Task Completion Rate 94.2% 

Mean Completion Time 3.2 min 

Baseline Completion Time 5.8 min 

 

The results show that 94.2% of users successfully completed all assigned tasks. The average task completion time 
was 3.2 minutes, substantially faster than the conventional baseline of 5.8 minutes. The high completion rate indicates 

that the workflow is clear and requires minimal user effort. The faster completion time further suggests that the QA 

system reduces unnecessary cognitive and operational steps. Collectively, these results suggest that the system supports 

relatively efficient user interaction compared to the baseline condition. 
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4.3.5. Error Rate Analysis 

User interaction errors were analyzed to assess system clarity and identify potential usability bottlenecks. Table 12 

provides the underlying error counts and total user-interaction events used to derive the percentage values presented in 

this subsection. 

Formula Used: 
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Table 12. Error Summary and Computation Basis. 

Error Type Count % of Total Actions 

Navigation Errors 19 2.3% 

Input Errors 34 4.1% 

Interpretation Errors 15 1.8% 

Total Errors 68 8.2% 

Total User Actions Logged 830 – 

 
The overall error rate was 8.2%, composed of navigation errors (2.3%), input errors (4.1%), and interpretation 

errors (1.8%). The relatively low error distribution indicates that users generally understood the interface structure and 

system feedback. Most errors were minor and did not disrupt task completion, reflecting a clear and well-designed 

interaction flow. These findings are consistent with usability research in health information systems, which shows that 

well-designed interfaces significantly reduce user error [51,52]. Moreover, contemporary evaluations highlight that low 

error occurrence is a key indicator of effective usability methods in digital health applications [53,54]. 

4.4. Discussion 

4.4.1. Learning Performance and Usability Insights 

The relationship between usability and learning outcomes in this study indicates a positive association. Higher 

usability scores were strongly associated with greater knowledge gains, indicating that users who experienced smoother 

interactions were better able to absorb the educational content. This pattern aligns with Cognitive Load Theory, which 
argues that well-structured interfaces minimize extraneous cognitive demands and allow users to process essential 

information more effectively. These findings suggest that usability may play an important role in supporting learning 

performance in digital health environments. 

The magnitude of knowledge improvement observed in this evaluation appears higher than ranges reported in 

several previous studies, which commonly document increases of 45–70%. This outcome is consistent with literature 

showing that interactive question–answer systems support engagement and comprehension in health education contexts. 

The results provide preliminary evidence that NLP-driven QA systems may contribute to improved understanding 

within the evaluated context. 

The results also carry important theoretical and practical implications. Theoretically, the study reinforces 

Constructivist Learning Theory by showing that active inquiry enabled through QA exchanges promotes higher-order 

cognitive processing. The findings also validate the relevance of the Technology Acceptance Model (TAM) for 

assessing user perceptions of e-health systems in Indonesia. Further, the evaluation contributes to emerging research by 
providing empirical evidence on the educational effectiveness of NLP-based QA tools. Practically, the system may be 

considered for further exploration within public health learning initiatives, telemedicine workflows, and community 

education programs. Its modular design also provides a basis for potential extension to related health domains such as 

maternal health, nutrition, and chronic disease management. 

Cross-segment analysis highlights notable differences in system engagement and learning patterns. Health workers 

showed moderate learning gains but the highest interaction frequency, reflecting their familiarity with digital health 

resources. Mothers of toddlers achieved the largest improvement scores and reported strong satisfaction, indicating that 

the system effectively serves users with immediate personal health needs. Medical students displayed balanced 

outcomes across engagement and learning metrics, consistent with their intermediate domain expertise. These patterns 

demonstrate that the system accommodates users with varying health literacy levels and supports learning across 

diverse demographic groups. 
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Taken together, the findings indicate that the system was effective within the study context and demonstrated 

acceptable usability across user groups. The integration of NLP-based question-answering mechanisms supported 

consistent learning performance across segments, while the usability profile suggests accessibility for users with 

varying technical experience. The results emphasize the importance of user-centered design in shaping learning 

outcomes and engagement. Further evaluation is required before broader deployment in public health or telehealth 

environments. 

4.4.2. System Outcomes, Limitations, and Research Directions 

The evaluation produced several clear outcomes regarding the system’s overall performance. Knowledge 

improvement was substantial, with the experimental group achieving significantly higher gains than the control group 

(85.8% vs. 42.0%). Usability ratings were consistently strong across user segments, as reflected in the average SUS 

score of 82.6. Retention outcomes were also robust, with users retaining 82.4% of their acquired knowledge after four 
weeks, and task completion rates reached 94.2%. The positive and statistically significant correlation between usability 

and knowledge gains (r = 0.68, p < 0.001) suggests that interaction quality may influence learning effectiveness. 

The study’s hypotheses were supported by the empirical findings. The first hypothesis, stating that the QA system 

enhances user knowledge, was validated with strong statistical significance. The second hypothesis, which proposed 

that the system would exhibit high usability and acceptance, was confirmed through both quantitative and qualitative 

indicators. The third hypothesis, predicting a positive association between usability and learning outcomes, was also 

validated, supporting theoretical expectations that more intuitive interfaces enable more efficient cognitive processing. 

Despite these strengths, several limitations warrant attention. The Policy and Program content area produced lower 

relative gains, suggesting that the instructional materials in this domain may require restructuring, clearer examples, or 

additional contextual explanations. Users with limited digital literacy may also benefit from enhanced onboarding 

mechanisms, such as guided tutorials or simplified navigation cues. The inclusion of multimodal learning elements, 
such as images, animations, or scenario-based microlearning could strengthen user engagement and support broader 

comprehension across diverse audiences. 

The findings open several pathways for future research. Longitudinal studies are needed to explore whether 

sustained system use leads to behavioral changes or improvements in real-world decision-making. Expanding the 

system to support multiple languages will improve accessibility across Indonesia’s culturally and linguistically diverse 

population. Integrating the QA system with Electronic Health Records (EHR) could enable personalized content 

delivery based on user history and health status. Comparative evaluations using contemporary generative AI models 

will also help clarify the relative strengths of QA-centric architectures and inform the development of next-generation 

digital health learning solutions. 

5. Conclusion 

This study developed and empirically evaluated an NLP-based Question Answering (QA) system designed to 

enhance public health education on stunting. The findings indicate that the system demonstrated acceptable 

performance within the study context across accuracy, usability, and learning-related measures. First, the QA engine 

delivered precise and contextually relevant responses, achieving an accuracy of 85.6%, with a precision of 86.2% and 

recall of 87.3%. These results suggest that the system was able to interpret user questions and retrieve information from 

the curated knowledge base with reasonable reliability. Second, the integration of IndoBERT with a Retrieval-

Augmented Generation (RAG) pipeline was designed to constrain responses to retrieved reference content, helping 

reduce the risk of unsupported information in health education settings. Third, the user-centered interface contributed to 

a positive interaction experience, reflected in an 89% satisfaction rate and a usability score of 4.2 out of 5, indicating 

that the system was generally acceptable to participants with varying levels of technical experience. 

5.1. Limitations 

Despite the overall success, several limitations must be acknowledged. The current dataset covers only eight 

primary topic categories, limiting the system’s ability to address highly specific or complex clinical scenarios. 

Expanding the dataset to include edge cases and detailed subtopics will improve domain coverage. The learning 

effectiveness evaluation involved 120 participants, while usability testing was conducted with a separate group of 50 

participants; larger and more diverse samples are needed to better represent real-world populations and usage conditions. 

Additionally, the system currently supports only Indonesian, which restricts adoption in multilingual regions across the 

country. Incorporating local dialects and regional languages will improve accessibility and inclusiveness. 

Furthermore, the system was evaluated in a controlled study environment, and real-world deployment constraints 

were not examined. Practical factors such as internet connectivity, device availability, infrastructure reliability, and the 

workload of healthcare workers may influence system adoption and sustained use, particularly in low-resource settings. 

As a result, the scalability and deployment potential discussed in this study should be interpreted as preliminary, and 
field-based evaluations are required to assess feasibility and operational performance under real-world conditions. 
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5.2. Recommendations for Future Work 

Future work should focus on improving both technical capability and real-world applicability. Enhancing the 

system toward multimodal functionality, such as processing images or visual health information (e.g., growth charts or 

feeding practices), may expand its educational value. Personalization based on user characteristics, including child age, 

risk factors, or regional context, could support more tailored and context-aware guidance. Improvements in multi-turn 

dialogue management are also needed to support longer interactions and maintain conversational coherence. 

Beyond technical enhancements, future research should expand the system’s content coverage to additional public 

health domains, including immunization, maternal care, and infectious disease prevention. Integration with telemedicine 

platforms or Electronic Health Records (EHR) could enable more personalized information delivery where appropriate. 

Developing a mobile application with offline functionality may also improve accessibility in low-connectivity settings. 

Further evaluation should involve longitudinal studies to examine the system’s longer-term influence on caregiver 
knowledge and behavior. Large-scale implementations within community or public health programs would provide 

more realistic operational insights. Finally, cross-regional or cross-country evaluations may help assess the adaptability 

and generalizability of the approach across different health contexts. 
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