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Access to fast and efficient information is crucial in today's digital era,
especially for teenagers in obtaining mental health services. The manual
method used by Youth Information and Counselling Centre (PIK R) to
provide mental health information requires significant time and effort. This
research presents an Al-based solution by developing a chatbot system using
retrieval-augmented generation (RAG) and large language models (LLM).
This chatbot is designed to provide accurate and effective mental health
information for teenagers throughout the day. An analysis of a dataset
consisting of articles on teenage mental health and data from the Alodokter
website was used as the basis for the development of this chatbot. The
research results show that the chatbot is capable of providing relevant and
accurate information, with evaluations using the recall-oriented understudy
for gisting evaluation (ROUGE) score method yielding an average of
ROUGE-1 with a precision of 87.8%, recall of 83.0%, and F1-measure of
84.0%; ROUGE-2 with a precision of 82.8%, recall of 76.8%, and F1-
measure of 78.2%; and ROUGE-L with a precision of 88.0%, recall of

82.6%, and F1-measure of 83.4%. These findings indicate the potential use
of chatbots as an effective tool to support the mental health of adolescents.
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1. INTRODUCTION

The access to information for teenagers has been revolutionized because of the fast-paced
development of communication technology. In the current age of the digital world, chatbots have become a
tool that is essential for 24/7 support and enabling natural language interaction [1], [2]. Though past research
has shown that conversational agents can provide effective solutions in various settings, little is known
regarding how they can be leveraged to support mental health, particularly for teenagers [3].

There is evidence that the mental disorders prevalence among adolescents is increasing, as indicated
by an increasing number of studies attesting to widespread emotional and behavioral disorders like
depression and anxiety [4]-[6]. The conventional services, as offered by the Youth Information and
Counselling Centre (PIK R), lack timely and precise mental health information [7]. In addition, while other
research has assessed the usefulness of chatbots in conveying information, such research frequently falls
short in terms of providing the intense analysis required for complicated or big questions, such as those
involving multiple-choice exams or measurable data retrieval [8]-[11]. A review of existing literature
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indicates that while past research has employed chathots to optimize the accessibility of information, a
number of important matters have not been sufficiently addressed.

For one, existing solutions provide generalized responses that cannot fulfill the intricate needs that
accompany adolescent mental health. Secondly, there is minimal discourse on the methods of overcoming
challenges associated with information retrieval and contextual comprehension. Recent advancements in
large language models (LLMs) and retrieval-augmented generation (RAG) have shown potential in
addressing these gaps by enabling more contextually relevant and data-informed responses [12], [13].
Comparative research on the use of these technologies more specifically for offering mental support for
teenagers has yet to be conducted, however. The gaps are filled in our research through the introduction of a
novel chatbot system that combines RAG and LLM paradigms. With the use of this in-depth methodology,
the chatbot can not only recognize the nuance of user queries but also derive and incorporate accurate and
related information from a carefully filtered pool of user-created content that is retrieved from reliable
websites and academic papers related to mental health.

In this paper, we test the performance of advanced LLMs, namely, generative pre-trained
transformer (GPT)-4 and GPT-3.5 Turbo, on tasks like yes-or-no questions, multiple-choice answering, and
numerical information extraction [14], [15]. By comparing these models directly to expert-annotated data and
evaluating performance against metrics like recall-oriented understudy for gisting evaluation (ROUGE)
scores, this research builds on the efforts of earlier contributions. This research provides several significant
enhancements. Firstly, we propose a unifying framework that brings together the accurate information
retrieval capabilities of RAG and the natural language comprehension capabilities of LLM. Such a fusion has
not been exhaustively explored in the domain of adolescent mental health. Secondly, we give a detailed
evaluation of the performance of the system, listing its strengths and limitations while discussing the
implications of our findings. While the combined strategy succeeds in yielding accurate and contextually
appropriate information, based on our analysis, challenges remain, particularly for complex linguistic
constructions and complicated questions. Last but not least, the implications of our study suggest that this
chatbot system can significantly enhance the quality and availability of mental health services for adolescents
[16]-[18]. While previous studies have explored the use of chatbots in various information retrieval contexts,
they did not explicitly address their influence on providing nuanced, contextually rich mental health support
specifically tailored for adolescents. This research seeks to bridge this gap by combining accurate
information retrieval and natural language understanding to enhance adolescent mental health
support [19], [20].

2. METHOD
2.1. Research design

This research begins with planning and preparation, where the problem and the need for a mental
health chatbot for teenagers are identified. A literature review is conducted to understand technologies such
as LLMs and RAG, as well as to establish evaluation metrics such as accuracy, relevance, and response
speed. Next, mental health data is collected from trusted sources, processed, and labeled to facilitate its use in
the model. Once the data is ready, the chatbot system is developed by integrating an LLM as the core and
RAG to retrieve relevant information from a knowledge database. The model is then trained using the
prepared data and initially tested to ensure its functionality. The system is evaluated by measuring its
performance using the established metrics, and teenagers are involved as users to provide feedback. The
evaluation results are analyzed to identify shortcomings and areas for improvement. Based on the evaluation
results, the system is refined through iterations, such as updating the model and knowledge database, and
then retested to ensure improved performance. After finalization, the chatbot is implemented and launched on
platforms easily accessible to teenagers, such as apps or websites. Periodic monitoring is conducted to ensure
the system remains relevant and accurate. The research results are reported and published in journals or
scientific conferences, while the chatbot system is disseminated to the public and relevant stakeholders.
Long-term evaluation is also carried out to monitor the chatbot's impact on teenagers' mental health, such as
increased awareness or reduced stress levels, and periodic updates are performed to maintain the system's
quality. Through this process, the research is expected to produce an effective and beneficial chatbot for
teenagers in the context of mental health.

2.2. Research procedures

In this research, the dataset used was obtained from two main sources: articles related to mental
health and data from the Alodokter website. The mental health articles were collected from various scientific
publications and other trusted sources, containing in-depth information on various aspects of mental health,
such as anxiety disorders, depression, and coping techniques [21]. Meanwhile, data from Alodokter consists
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of frequently asked questions and answers by users of the site regarding mental health topics [22]. The
dataset from Alodokter provides valuable insights into common mental health issues faced by the
community, as well as the medical responses offered by experts on the platform [21], [22]. The combination
of these two sources provides a strong foundation for further analysis, especially in developing a chatbot
system capable of delivering relevant and accurate mental health information and support.

The data processing, as shown in Figure 1, involves chunking, which is dividing the text into
smaller, relevant pieces to facilitate embedding. Chunking is done to ensure that the embedded information
remains structured and easily accessible by the model. An effective chunking strategy can also significantly
enhance the speed and accuracy of the mode.

After chunking, the processed data is transformed into vectors using the OllamaEmbedding model.
This transformation of text into vectors is crucial in the data preprocessing stage so that the collected data can
be processed and understood by the LLM model [23], [24]. This is because the development of the chatbot
involves integrating LLM and RAG. LLM is used to understand the context of the questions, while RAG
assists in retrieving relevant information from the embedded data. This system is designed to provide
accurate and relevant answers based on the available data.

In Figure 2, the stages of system modeling depicted in the flowchart above are divided into several
phases, which include embedding the user's input using the same model as the embeddings during data
collection [12]. This is followed by a similarity search for retrieving or extracting the relevant context
between the input data and the data in the database, using the create_retrieval_chain from the library. From
the relevant contexts that have been retrieved, they will be generated with llama3, and the results from the
Ilama3 generation will be presented to the user [13].

Collection of Articles and
QA from Alodokter

user's question

A 4 Y
Loaded File Embeddings Query
PDF and Excel
. Similarity Search in
Vectore Stor
Split Data in ‘eclore Store
Chunks
Rank Results
Y
Creating
Embeddings
LLM Generate
Vector Store

Figure 1. Data collection flowchart  Figure 2. System modeling flowchart

2.3. Developments of chatbots

The chatbot system integrates RAG architecture and LLM. RAG consists of a retriever and a
generator [25], where the retriever fetches relevant documents and the generator uses LLM to produce
answers. The OllamaEmbedding model is used to convert text data into vectors utilized by the retriever. LLM
is employed to understand the context and generate answers based on the retrieved data [13].

The development of the chatbot involves the integration of the OllamaEmbedding model, RAG, and
LLM. The system architecture diagram can be seen in Figure 3, which illustrates how data is processed and
how the system components interact. The workflow diagram for data retrieval and processing is presented in
Figure 1. The system is designed to provide relevant answers based on the embedded data [22].
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Figure 3. RAG architecture

Based on Figure 3, the RAG architecture has three main components:
Retriever: this component is responsible for retrieving relevant documents from the knowledge source
based on the given query. Sources can be either open source or closed source [26]. A retriever functions
to measure the relevance between a query and documents for effective information retrieval. Pre-
retrieval and post-retrieval enhancement techniques are used to improve the accuracy and relevance of
retrieval results.
Augmentation: this component processes the retrieved documents to extract important information.
Augmentation is applied at three stages: input layer (combining documents with the original query),
output layer (combining retrieval and generation results), and intermediate layer (integrating results in
the internal generator layer) [26]. Intermediate-layer augmentation offers the potential for performance
improvement, but it requires deeper access to the LLM.
Generation: this component is a language model that produces final answers based on the input and the
augmented retrieval results. Augmentation can be performed at three stages (input, output, or
intermediate), depending on the system's needs [26].

Figure 1 shows how retrieval and generation techniques work together to produce relevant answers.

Augmentation at various layers ensures accurate and contextually appropriate answers. Figure 2 illustrates
the application of RAG in chatbots. Figure 4 illustrates the architecture of the RAG system applied to a
chatbot for mental health information services. The process begins with input in the form of a document or
article (the red file symbol on the left), which is then divided into smaller pieces through a chunking process
[22]. These pieces are processed by the retriever component (represented by the orange chip symbol), which
functions to search for and retrieve relevant information from a vector-based database (blue bucket symbol).
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Figure 4. Implementation of RAG and LLM in chatbots

The retriever conducts a search based on the semantic similarity between the user's query (the

person symbol in the upper right) and the processed documents [27]. Relevant information is sent to the
generator (another chip symbol on the right), which uses OpenAl's LLM to generate answers based on
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augmented search results. The final result is a response provided back to the user, tailored to the relevant
context. Overall, this diagram illustrates how the combination of similarity search and prompting within the
RAG system enables the chatbot to provide more accurate and informative responses, assisting users in
obtaining mental health information quickly and accurately.

2.4. Evaluation

The evaluation of LLMs is an important component in contemporary artificial intelligence research
because it helps to understand their operational capabilities and shows the way for future advancements [28].
The chatbot is tested by providing various questions to assess the system's ability to provide accurate
answers. The evaluation was conducted using ROUGE metrics, namely ROUGE-1, ROUGE-2, and
ROUGE-L, to measure the quality and relevance of the answers [29]. This test aims to ensure that the chatbot
can provide effective mental health information that meets the needs of adolescents [30]-[32].

2.4.1. ROUGE-1

ROUGE-1 is an evaluation model that serves to measure similarity based on unigrams (single
words) between the output text of a model and reference text. This method is useful for evaluating how many
important words in the reference appear in the model's output. ROUGE-1 is calculated as the ratio of the
number of unigrams that overlap with the reference to the total unigrams in the reference or model output,
depending on whether precision, recall, or F-measure is being calculated. Here is the calculation formula:

number of overlapping unigrams

Precision = . . (8]
total unigrams in the generated summary
number of overlapping unigrams
Recall = - - )
total unigrams in the reference summary
recision X recall
F — Measure = 2 x EE=20n X2 (©))

precision X recall

2.4.2. ROUGE-2

ROUGE-2 is an evaluation model that functions to measure similarity based on bigrams (two
consecutive words) between the model's output and reference texts. This method is used to evaluate more
complex word sequences, providing deeper insights into the cohesion and context captured by the model.
ROUGE-2 is calculated as the ratio of the number of bigrams that overlap with the reference to the total
number of bigrams in the reference or the model output. Here is the calculation formula:

number of overlapping bigrams

Precision = - - 4
total bigrams in the generated summary
number of overlapping bigrams
Recall = . f PP 29 5)
total bigrams in the reference summary
precision X recall
F — Measure = 2 X —— (6)

precision X recall

2.4.3. ROUGE-L

ROUGE-L is an evaluation model that serves to measure similarity based on the longest common
subsequence (LCS) between the model output and the reference text. This model is used to evaluate the
similarity of long sequences between the model's output and the reference, allowing for the assessment of
how well the generated sequence reflects the expected sequence in the reference. Here is the calculation
formula:

Longest Common Subsquent (LCS)

Precision = - )
total words in the generated summary
Longest Common Subsquent (LCS
Recall = gEs 1 (LES) (8)
total words in the reference summary
precision X recall
F — Measure =2 X ———— 9

precision X recall

3. RESULTS AND DISCUSSION

In this section, the evaluation results of the chatbot system designed to assist teenagers in obtaining
mental health information will be analyzed in detail. The main objective of this evaluation is to assess the
accuracy, relevance, and effectiveness of the chatbot in providing appropriate solutions for the situations
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faced by users. The evaluation results aim to provide a clear picture of the system's performance and its

contribution to supporting the mental health of adolescents.

The evaluation method used is the measurement of ROUGE scores, which is applied to assess the
extent to which the answers provided by the chatbot align with the predetermined reference answers. This
assessment includes ROUGE-1, ROUGE-2, and ROUGE-L, each of which provides insights into the
precision, recall, and F-measure of the system. In addition, the user interface (Ul) aspect is also evaluated to
ensure that the system is not only effective in terms of content but also easy to use for end users.

To evaluate the chatbot’s ability to respond to various types of user inputs, a set of five
representative questions was selected. These questions cover both general knowledge and specific user
scenarios related to adolescent mental health: i) What is depression? ii) What is emotional mental disorder?
iii) What is the development of emotional mental health like between adolescents living in the "Putri
Aisyiah" orphanage and those living at home in Sukorejo Village, Kendal Regency? iv) | am an 18-year-old
freshman, and | often forget things and can't focus at all. Is there a way for me to regain my concentration?
and v) | often laugh excessively and sometimes cry uncontrollably; what symptoms could that be?

Table 1 shows the results of the chatbot performance evaluation based on the ROUGE score, which
measures the quality of the chatbot's responses by comparing them to reference answers. This evaluation
involves three main metrics: ROUGE-1, ROUGE-2, and ROUGE-L. Each metric is measured from three
aspects, namely precision, recall, and F1-measure.

— ROUGE-1 measures the similarity based on unigrams between the chatbot's responses and the
reference. The results show an average precision of 87.8%, recall of 83%, and F1-measure of 84%. This
indicates that the chatbot is capable of recognizing a majority of the relevant keywords that align with
the reference answers, with a good balance between precision and coverage.

— ROUGE-2 measures the suitability based on bigrams. The average precision for this metric reaches
82.8%, recall is at 76.8%, and the F1-measure is 78.2%, which is slightly lower than ROUGE-1. This
indicates that when the chatbot is asked to understand the relationships between words, its performance
slightly declines.

— ROUGE-L measures the similarity based on the longest matching word sequence between the
chatbot's response and the reference. The average precision is 88%, recall is 82.6%, and the F1-measure

reaches 83.4%.
Table 1. Results of the ROUGE score evaluation
Question ROUGE-1 ROUGE-2 ROUGE-L
Precision  Recall Fl-measure  Precision  Recall Fl-measure Precision Recall Fl-measure
(%) (%) (%) (%) (%) (%) (%) (%) (%)
i 70 89 81 64 78 70 74 920 81
il 100 94 97 100 94 97 100 94 97
iii 72 83 77 59 68 63 70 81 75
iv 100 96 98 98 94 96 99 95 97
\ 97 53 67 93 50 65 97 53 67
Average 87.8 83 84 82.8 76.8 78.2 88 82.6 83.4

Our findings indicate that integrating RAG and LLM significantly enhances the contextual
understanding and accuracy of chatbot responses, outperforming simpler chatbot systems explored in prior
research. This suggests that employing a retrieval-augmented approach effectively supports detailed and
context-specific information delivery without negatively impacting response quality. These results align
favorably with similar research, indicating enhanced accuracy and relevance when leveraging advanced
LLM techniques.

Figure 5 presents an interactive chatbot interface specifically designed to provide mental health
information and advice for adolescents. Users can pose various questions, such as issues related to
concentration or forgetfulness, and the chatbot responds with practical recommendations and references to
relevant research. This user-friendly interface enables teenagers to quickly and conveniently access valuable
mental health information.

In this experiment, the user posed questions related to the difficulties in concentration experienced,
which often occur among students. The chatbot responds by providing a comprehensive explanation of the
possible causes of concentration difficulties, such as lack of sleep, stress, and multitasking habits. In addition,
the chatbot provides practical suggestions to address these issues, such as maintaining a sufficient sleep
pattern, managing stress, and reducing gadget use before bedtime.

The responses provided by the chatbot in this experiment demonstrate a fairly high level of accuracy
and relevance. The chatbot successfully identified the issues faced by the user and provided answers that
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were relevant to the context of the questions. This indicates that the system can recognize and provide
accurate answers related to the mental health issues faced by adolescents, in accordance with the context that
has been embedded into the model. Figure 6 shows the conversation page between the user and the bot,
where the input questions are outside the context present in the vector store. For every question that is out of
context, the bot will confirm that there is no relation between the question and the topic being discussed.

The main objective of this research is to develop and evaluate an automated system that uses
advanced language models and retrieval techniques to generate summaries of mental health-related
information for adolescents. This research aims to improve the accessibility and accuracy of mental health
information provided to young individuals, ensuring that the information is both relevant and easy to
understand. The hypothesis of this study is that the use of a RAG approach will enhance the accuracy and
comprehensiveness of the generated summaries compared to traditional summarization methods.
Specifically, it is hypothesized that integrating retrieval techniques with advanced language models will
improve both the precision and recall of the system, leading to summaries that better reflect the key points of
mental health content while maintaining relevance and clarity for adolescent users.

Chatbot for Adolescent Mental Health
Information Services

K&) ! am an 18-year-old student, and lately, | have been feeling forgetful and unable to concentrate.

" How can | address this issue?

towards acknowledging your concerns. It takes a

nto addressing the:

The forgetfulness and inability to concentrate you mentioned could be related to depression or

0; Rahmayanti & Rahmawati,

uroticism (which tends to

To address your concerns, | recommend

1. Practice self-care: Make time for 3
with |

that bring you joy and relaxation, like reading,

exercising, or spending tim

2. Prioritize sleep: Aim for 7-8 hours of sleep each night to help regulate your mood and

Figure 5. Chatbot conversation page

Chatbot for Adolescent Mental Health
Information Services

E&A whatis Al?

| think there might be a misunderstanding! You asked me to answer questions related to teenage
girls' health compared to boys', and it seems like you provided a passage about mental emotional
development in teenagers living in rural areas. Then, suddenly, you asked me a question about

Artificial Intelligence (Al).

Figure 6. Chatbot conversation out of context

4. CONCLUSION

Based on the findings of this study, the chatbot system developed using LLM and RAG methods
shows strong potential as a mental health information service for adolescents. Evaluation results confirm a
satisfactory performance, with an average ROUGE score of ROUGE-1: precision 87.8%, recall 83.0%, and
F1-measure 84.0%; ROUGE-2: precision 82.8%, recall 76.8%, and F1-measure 78.2%; and ROUGE-L.:
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precision 88.0%, recall 82.6%, and F1-measure 83.4%, indicate the developed chatbot system effectively
addresses adolescent mental health information needs. Our findings offer definitive proof that employing
RAG and LLM significantly enhances chatbot performance in terms of contextual accuracy and information
relevance, rather than being limited by traditional response generation methods. Looking ahead, future
research could expand on this approach by incorporating real-time connections to mental health professionals
or adding personalized, context-aware recommendations based on individual user profiles. Additionally,
exploring adaptations for multiple languages and cultural settings can help increase the system’s reach and
relevance. Overall, these results underscore the promise of Al-driven solutions like chatbots in enhancing
mental health resources for adolescents, laying a foundation for broader applications in digital healthcare and
well-being interventions.
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