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Abstract—Mental health disorders are an increasing global concern, yet access to professional care is still limited due to resource
shortages and persistent social stigma. Artificial intelligence-based chatbots have therefore emerged as a potential tool for
providing early support. However, developing systems that are both computationally efficient and psychologically appropriate
remains challenging. This study developed a chatbot using the FLAN-T5-base architecture, fine-tuned on the MentalChat16K
dataset, comparing Full Fine-Tuning (FFT) and Low-Rank Adaptation (LoRA). Quantitative evaluation yielded objectively low n-
gram scores (e.g., ROUGE-L of 17.81 for FFT and 17.17 for LoRA). Although these scores may suggest weak generative
performance, they were largely affected by the brevity penalty because the models generated much shorter responses than the
reference answers. Thus, to further evaluate response quality, an LLM-as-a-judge qualitative assessment was conducted,
confirming that both models produced safe, contextually relevant, and reasonably empathetic responses. Notably, LoRA achieved
comparable qualitative performance while updating only ~0.35% of parameters, reducing GPU memory usage by 21% and training
time by about 24%. Interpreted through the Eco-Socio-Psycho-Religio-Technic (ESPRT) post-hoc discussion framework, the
findings demonstrate that LoRA is a practical and sustainable approach for mental health support systems in resource-limited
environments.
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1 INTRODUCTION

Mental health is a global health issue that is increasingly
recognized as a critical component of overall well-being [1],
[2]. The World Health Organization (WHO) defines mental
health as a state of well-being in which an individual
realizes their own abilities, copes with the normal stresses of
life, works productively, and contributes to their community
[3]. However, this ideal state has not yet been fully realized,
as the global prevalence of mental health disorders continues
to show an upward trend, particularly among children,
adolescents, and young adults [4], [5]. This situation is
exacerbated by the limited number of professionals, the
uneven distribution of mental health services, and the
persisting social stigma associated with individuals seeking
psychological help [6], [7], [8]. These challenges underscore
the urgent need for alternative approaches that provide
accessible, rapid, and inclusive initial support, such as
chatbots [9].

Advancements in Natural Language Processing (NLP),
particularly Transformers, have opened new avenues for the
development of mental health chatbot systems [10], [11],
[12]. Mental health chatbots are designed to interact
naturally with users and provide empathetic responses to
mild psychological issues [13]. Various studies indicate that
chatbots have the potential to serve as first-line support
before users seek direct professional assistance. Dzaky et al.
[14] developed a mental health chatbot for university
students using Deep Neural Networks (DNN) and
Bidirectional Encoder Representation from Transformers
(BERT) [15], achieving an accuracy of 71.71%. Similarly,
Zeniarja et al. [16] designed a mental health chatbot by
integrating Transformer models such as ELECTRA [17] and
BERT, resulting in an accuracy of 99.46%. Furthermore,
Mandal et al. [18] conducted a comparative study of BERT,
LSTM, and GPT-2 [19] models, demonstrating that BERT
yielded the best performance for mental health chatbot
implementation with an accuracy of 91.38%, followed by
GPT-2 at 90.15% and LSTM at 81.72%.

Beyond classification-based evaluations, several studies
have also assessed response quality using generative
metrics. Jinu et al. [20] reported that the utilization of BERT
and BART  (Bidirectional and  Auto-Regressive
Transformers) [21] models to develop mental health
chatbots achieved BLEU and ROUGE scores of 0.49 and
0.71, respectively. Meanwhile, Taiwo et al. [22] developed
the Psychological First Aid-Generative Pre-Trained
Transformer (PFA-GPT) chatbot, supported by a BERT-
based emotion detection mechanism, which achieved a
BLEU score of 0.22 and a ROUGE score of 0.21. Although
these standard evaluation metric values were relatively low,
the chatbot demonstrated strong qualitative performance in
delivering ethical and empathetic Psychological First Aid,
achieving a BERTScore above 0.83.

However, the majority of prior research on mental health
chatbot development has focused on enhancing model
performance, particularly accuracy and response quality.
The full fine-tuning approach is generally employed to adapt
Transformers to specific domains, such as mental health
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[23], [24]. Nevertheless, this method requires substantial
computational resources, both in memory usage and training
time [25], [26]. This presents a significant constraint,
particularly for system development in resource-constrained
environments.

As an alternative, parameter-efficient fine-tuning
techniques, such as Low-Rank Adaptation (LoRA), have
been introduced to reduce the number of trainable
parameters without significantly compromising model
performance [27], [28]. Several studies demonstrate that
LoRA can maintain model quality while consuming far
fewer resources than full fine-tuning [29], [30]. Yet despite
the widespread use of LORA across various Natural
Language Processing tasks, its application to the
development of mental health chatbots remains relatively
limited. Moreover, there is a scarcity of studies that
systematically compare LoRA with full fine-tuning across
NLP evaluation metrics and computational efficiency.

Beyond these technical challenges, evaluating the
development of mental health chatbot systems necessitates a
multidimensional approach. Aspects such as resource
sustainability (eco), social impact (socio), psychological
relevance  (psycho), ethical values (religio), and
technological integration (technic) are critical factors that
are often evaluated separately rather than within a unified
framework. Addressing this gap, this study introduces the
Eco-Socio-Psycho-Religio-Technic (ESPRT) framework as
a post-hoc discussion framework. Rather than serving as an
engineering methodology integrated into the model
architecture during training, the ESPRT framework is used
after quantitative evaluation to holistically contextualize the
experimental results. This framework provides a structured
synthesis of the system's viability, ensuring that the chatbot
is evaluated not only on its statistical NLP metrics and
computational efficiency, but also on its suitability for real-
world  implementation,  including  ethical, social,
psychological, and technical considerations.

This study develops a mental health chatbot utilizing the
FLAN-T5-base model, trained on the MentalChatl6K
dataset using two distinct training approaches: full fine-
tuning and Low-Rank Adaptation (LoRA). While massive
language models are the current trend, selecting the FLAN-
T5-base variant (~250M parameters) is a deliberate choice.
It provides sufficient semantic reasoning to handle the
nuances of empathetic mental health dialogue while
ensuring that the model development and fine-tuning
processes can be executed within a strict 15 GB VRAM
hardware limitation. This intentional constraint mirrors the
realistic infrastructural realities of independent researchers
and local institutions, demonstrating that developing and
adapting domain-specific Al does not strictly require high-
end computing clusters. Consequently, it provides an
optimal baseline for evaluating the true viability and
development efficiency of parameter-efficient methods such
as LoRA.

Further, in order to provide a comprehensive assessment,
the evaluation uses BLEU-4 and ROUGE, along with
descriptive statistics of generated response lengths, to assess
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the structural quality and conciseness of the generated
responses. Furthermore, to address the complex nuances of
mental health dialogue, this study employs an LLM-as-a-
judge approach to systematically evaluate the model’s
responses for empathy, coherence, and safety. This
evaluation is conducted alongside an analysis of VRAM
usage and training duration to measure computational
efficiency. Lastly, this research presents a mockup of the
chatbot’s user interface (Ul). This mockup conceptualizes
the system’s interaction flow and safety guardrails,
illustrating its practical design rather than a fully deployed
application.

2 METHOD

This section outlines the research methodology,
including the experimental design, dataset characteristics,
model training strategies, evaluation metrics, and the
analytical framework. The overall research workflow is
illustrated in Fig. 1.

The study begins by using the MentalChat16K dataset,
which undergoes a preprocessing stage to ensure format
compatibility and data quality. Subsequently, the dataset is
partitioned into three subsets: training, validation, and test,
with ratios of 80%, 10%, and 10%, respectively. In the
subsequent phase, the FLAN-T5-base Transformer model is
employed as the foundation for developing the mental health
chatbot. The training process is conducted by applying two
fine-tuning strategies, full fine-tuning (FFT) and Low-Rank
Adaptation (LoRA), to compare model performance and
computational resource efficiency. Upon completion, model
performance is quantitatively evaluated using BLEU-4 and
ROUGE metrics, along with descriptive statistics on
generated response lengths, while an LLM-as-a-judge
approach systematically assesses the empathy, coherence,
and safety of the generated responses. The final stage
incorporates the Eco-Socio-Psycho-Religio-Technic
(ESPRT) framework as a post-hoc discussion tool to
holistically contextualize the technical findings across
ecological, social, psychological, ethical, and technical
dimensions. Additionally, this study introduces a user
interface (UI) mockup to illustrate the interaction flow and
crisis intervention safeguards, providing a practical design
perspective rather than representing a fully implemented
application.

Dataset - Pre-processin
MentalChat16K P g
Training Strategy: . l
* Full Fine-tuning ] Split Dataset
* LoRA
Model Evaluation: ESPRT Framework
* BLEU-4, ROUGE ] Analysis
* LLM-as-a-judge g

Figure 1. Research workflow
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2.1  Dataset and Pre-processing

This study utilizes the MentalChatl6K mental health
counseling conversation dataset, developed by Xu et al. [31],
which is publicly available on the Hugging Face platform?®.
Designed to support the development of mental health
chatbot systems, this dataset consists of three primary
columns: instruction, input, and output. Every entry in the
instruction column contains a standardized prompt: “You are
a helpful mental health counseling assistant, please answer
the mental health questions based on the patient’s
description. The assistant gives helpful, comprehensive, and
appropriate answers to the user’s questions”. Sample input

and output data are shown in Table 1.

Table 1. Examples of Input and Output in the Dataset

Input

Output

I’ve been dealing with feelings of
sadness and hopelessness for the
past few months. I’ve tried to
distract myself with work and
other activities, but nothing seems
to help. I’ve been thinking about
seeking professional help, but I’m
unsure if therapy is the right
choice for me. I’ve heard that
therapy can be expensive and
time-consuming, and I’m not sure
if | can afford it or if | have the
energy to commit to it.

Good day! Socializing has
become increasingly difficult for
me lately. Even in social
gatherings or parties, | constantly
feel anxious and self-conscious.
My aim for this counseling
session is to wunderstand the
underlying reasons for my
struggle and learn effective
strategies to improve my social
relationships.

I’ve  been struggling  with
insomnia for quite some time
now. It takes me hours to fall
asleep, and even when | do, |
often wake up multiple times
throughout the night. As a result,
| feel exhausted during the day
and struggle to stay focused or be
productive. 1 would like to find
effective strategies to improve my
sleep quality and establish a
healthy sleep routine.

I’'ve been grappling with the
decision to bring my two cats
together for weeks now. The
thought of their first encounter
fills me with a mix of excitement
and dread. I’ve tried to put it off
as long as possible, but the delay

Your feelings of sadness and
hopelessness are valid, and it’s
important to acknowledge that
they’re impacting your daily life. |
understand your concerns about
the cost and time commitment of
therapy, but it’s essential to
consider the potential benefits.
Therapy can provide a safe and
supportive space to explore the
underlying causes of your feelings
and develop effective coping
strategies. ...

It sounds like you’re experiencing
some challenges with socializing,
and it’s great that you’ve reached
out for support. Social anxiety and
feeling self-conscious in social
settings can be tough to navigate,
but there are definitely strategies
you can try to improve your social
relationships. Firstly, it may be
helpful to explore the underlying
reasons for your struggle. ...
Improving your sleep quality and
establishing a healthy sleep
routine is indeed important for
your overall well-being. Here are
some strategies you can try: 1.
Create a relaxing bedtime routine:
Incorporate activities that promote
relaxation, such as reading a book,
taking a warm bath, or practicing
deep breathing exercises. ...

Your feelings towards your cats
are deeply rooted in your
attachment and love for them. It’s
natural to feel anxious about their
first meeting, given the potential
for conflict and the emotional
investment you’ve made in each

! https://huggingface.co/datasets/ShenLab/MentalChat16K
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only seems to intensify my
anxiety. I’ve grown attached to
both of them, and I can’t bear the
thought of one getting hurt.

I’'ve always prided myself on
being a high achiever, and the
thought of accepting mistakes as
part of the learning process is
daunting. But | can see how this
mindset has contributed to my
anxiety and stress levels. I’ve
been so focused on avoiding
mistakes that 1’ve missed out on
opportunities for growth and
learning.

JID (International Journal on Informatics for Development), e-ISSN: 2549-7448

animal. In this context, it’s
essential to approach the situation
with a well-thought-out plan to
minimize the risk of harm and
ensure a positive outcome. ...

It’s important to recognize that
mistakes are an essential part of
the learning process. They provide
valuable insights and
opportunities for self-reflection.
By embracing the idea that
mistakes are a natural part of life,
we can reframe our mindset and
approach challenges with a more
open and adaptive attitude. This
can lead to increased resilience,

improved problem-solving skills,
and a greater sense of personal
growth.

MentalChat16K comprises 9,775 interview data entries
and 6,338 synthetic data entries, thereby encompassing a
diverse range of expressions related to psychological issues.
The visual structure of this dataset is illustrated in Fig. 2,
showcasing the arrangement of instructions and
conversational pairs. Prior to the training process, the dataset
underwent a simple preprocessing step that removed entries
with missing values in specific columns to ensure data
consistency and quality.

After preprocessing, 16,057 samples were obtained and
divided into three subsets: a training set of 12,845 samples
(80%), a validation set of 1,606 samples (10%), and a test
set of 1,606 samples (10%). This data partitioning was
designed to support effective model training, enable
performance monitoring during training, and ensure an
objective final evaluation.

2.2 Model Architecture

This study utilizes the FLAN-T5-base encoder—decoder
Transformer model, developed by Google, as the foundation
for the mental health chatbot system [32]. This model
represents an advancement on the Text-to-Text Transfer
Transformer (T5) architecture [33], optimized via instruction
fine-tuning. With approximately 250 million parameters,
FLAN-T5-base was selected for its capability to handle
various text-to-text tasks, including dialogue and instruction-
based response generation in English. Furthermore, this
model has demonstrated competitive performance across
various studies on chatbot development [34], [35].

2.3 Training Configuration

This study compares two distinct training approaches:
Full Fine-Tuning (FFT) and Low-Rank Adaptation (LoRA).
FFT is a traditional approach where all internal parameters
of the pre-trained model are updated during

backpropagation. While this maximizes domain adaptation,
it is highly computationally expensive and memory-
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intensive. Conversely, LoRA is a parameter-efficient fine-
tuning (PEFT) strategy. Instead of updating the original pre-
trained weights, LORA freezes them and injects trainable
low-rank decomposition matrices into specific layers of the
Transformer architecture. This drastically reduces the
number of trainable parameters, mitigating the risk of
catastrophic forgetting while significantly lowering VRAM
consumption.

To illustrate this adaptation conceptually and
architecturally, Fig. 3 demonstrates how the proposed model
differs from the original FLAN-T5 architecture. In the
proposed system, LORA modules are strategically injected
into the attention mechanisms. Specifically, the low-rank
matrices are applied to the self-attention blocks in the
encoder, as well as the masked self-attention and cross-
attention blocks in the decoder, targeting the query (q) and
value (v) projection modules.

The standard LORA re-parametrization framework,
illustrated in Fig. 4, dictates that the pre-trained weight
matrix W € R%*¢ remains frozen, while the adaptation
process is concentrated purely on the low-rank matrices A
and B, which are added to the original weights.

The training configurations for both approaches are
summarized in Table 2. In the LoRA scheme, training
focused on low-rank additional parameters with a rank (r) of
8, LoRA alpha of 16, and LoRA dropout of 0.05. This
approach enables model adaptation to the mental health
domain with significantly fewer trainable parameters
compared to full fine-tuning. Specifically, the LoRA
configuration used in this study vyields only 884,736
trainable parameters, representing 0.35% of the total model
weights. Consequently, the learning rate in the LoRA
scheme was set relatively higher at 2e-4, with a training
duration of 5 epochs. A higher learning rate is feasible
because only a small fraction of additional parameters are
optimized while the main model parameters remain frozen,
ensuring a stable optimization process. Conversely, in the
FFT approach, all model parameters are updated during
training. To maintain stability and prevent degradation of the
model’s pre-trained representations, a lower learning rate of
le-4 was used, with a training duration of 3 epochs.

2.4 Evaluation Metrics

Model performance in this study is evaluated based on
two primary aspects: effectiveness and computational
efficiency. Model effectiveness is measured using standard
NLP evaluation metrics, namely Bilingual Evaluation
Understudy (BLEU-4) and Recall-Oriented Understudy for
Gisting Evaluation (ROUGE), which are commonly used to
assess text output quality in encoder-decoder Transformer
models.
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You are a helpful mental health counselling assistant, please answer
the mental health questions based on the patient's descriptien. The..

You are a helpful mental health counselling assistant, please answer
the mental health questions based on the patient's description. The..

You are a helpful mental health counselling assistant, please answer
the mental health questions based on the patient's description. The..

You are a helpful mental health counselling assistant, please answer
the mental health questions based on the patient's description. The..

You are a helpful mental health counselling assistant, please answer
the mental health questions based on the patient's description. The..

You are a helpful mental health counselling assistant, please answer
the mental health questions based on the patient's descripticn. The..
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You are a helpful mental health counselling assistant, please answer
the mental health questions based on the patient's description. The..
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input
string - leng

I've been struggling with my mental health for a while now, and I
can't seem to find a way to cope with it. I've tried visualization,..

I've been feeling overwhelmed with my caregiving responsibilities,
and it's been a struggle to balance these duties with my personal..

I've been feeling constantly anxious and unable to focus on anything
for more than a few minutes at a time. I can't seem to get anything..

My mom has Alzheimexr's, and I've been her primary caregiver for the
past few years. I've been trying to maintain a routine for her, but.

I've tried setting boundaries, but it feels like I'm constantly being
pulled in different directions. I feel guilty for not being able to..

Thank you for your advice, counselor. I feel a bit more hopeful now
that I have some concrete strategies to manage my siblings' demands.

I've been feeling overwhelmed by my responsibilities at work and
caring for my aging parents. I've reached a point where I don't know.

I've been struggling to communicate my limits te my family, and I
feel guilty when I can't do everything they expect of me, especially..

Vae thatle avartlaw 9% Tlus alwave hasn tha ana +n +aka rfava af

1 2 3 oao 161 Next »

Figure 2. Dataset MentalChat16K
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output
string - Ie

I understand that you've been dealing with a sense of confusion and
chaos in your thoughts and emotions for some time now. It's been a..

Your situation is complex, and it's important to acknowledge the
challenges you're facing. Balancing caregiving responsibilities with..

I can see that you're dealing with a great deal of anxiety and that
it's impacting your ability to focus and be preoductive. It's.

I'm sorry to hear that your siblings' demands are causing you such
distress. It's not uncommon for caregivers to face these challenges,..

Your concexrns are valid, and it's crucial to prioritize your mom's
care while also addressing your own well-being. One approach that..

I'm glad to hear that you feel more hopeful and have a plan in place
to manage your siblings' demands and prioritize your mem's care...

I can see how challenging this must be for you. Your situation is
complex, and it's understandable that you're feeling overwhelmed...

I can see how difficult it is for you to balance your own needs with
your family's expectations, especially when it comes to caring for.
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Validation batch size 8
Weight decay 0.01
Max length 512

Full Fine-tuning Learning rate le-4

h ]
&l EDZI % Epoch 3
LoRA Learning rate 2e-3

Epoch 5
Rank 8
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r Dropout 0.05
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The BLEU-4 score is calculated by comparing n-gram
% d &’

matches up to the fourth order between the model-generated
i responses on the test set and the reference responses in the

X [ | dataset, thereby reflecting the linguistic structural precision
of the generated output. The calculation of the BLEU-4
Figure 4. LoRA adaptation structure [27] score is formulated as shown in (1):
1 4
BLEU — 4 = BP -exp (ZZ loan) @Y
i=1

Table 2. Training Configurations Where BP is the Brevity Penalty, used to penalize
Category Hyperparameter _ Value generated outputs that are significantly shorter than the

Common Optimizer Adamw reference. The Brevity Penalty is defined by (2):

LR scheduler Cosine
Training batch size 8
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1,c>r
e(l_g).c <r

Brevity Penalty = { 2

Where ¢ represents the length of the generated candidate
response, while r represents the length of the reference
response. The variable B, denotes the modified n-gram
precision forn=1, 2, 3, 4.

Meanwhile, the ROUGE metric is utilized to measure the
similarity between the predicted text and the reference text,
focusing on the recall aspect, specifically, the extent to
which key information in the reference response is
successfully reproduced by the model. This study employs
three  ROUGE variants: ROUGE-1, ROUGE-2, and
ROUGE-L. ROUGE-1 measures unigram overlap and
ROUGE-2 measures bigram overlap, both calculated using
the ROUGE-N formula presented in (3):

ZiEN Countcand (ui)» Countref (ui)

ROUGE — N =
ZiEN Countref (ui)

(3)

Furthermore, ROUGE-L measures the Longest Common
Subsequence (LCS) between the predicted and reference
texts, reflecting the overall structural coherence of the
response through the F-measure calculation given in (4):

1+ BHRyes + P
ROUGE—L=( B*) Lc: LCS (4)
Rics + B?Pyes
where the recall R, -5 and precision P, components of the
longest common subsequence are calculated using (5) and
(6), respectively:

LCS(X,Y)

Rics = T (5)
LCS(X,Y)

Ppes = T (6)

Where R,.s and P, ¢ represent the recall and precision
of the longest common subsequence relative to the reference
length m and predicted length n.

In addition to these n-gram-based metrics, this study also
examines the descriptive statistics of the generated response
lengths (in words). Parameters such as mean, median,
minimum, and maximum word counts are calculated to
compare the verbosity and conciseness of the model-
generated outputs against the ground truth. This analysis
provides insights into the model’s behavior regarding
information density and allows for a structural comparison
between the Al’s response style and human counseling
patterns.

However, because statistical metrics cannot capture the
emotional depth or ethical boundaries essential for mental
health support, an LLM-as-a-judge evaluation was
implemented. For this assessment, 100 random samples
(selected with a random seed of 42) were evaluated by
Gemini Pro, acting as an expert psychological counselor.
The model's performance was scored on a scale of 1 to 5
based on three qualitative criteria:
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e Empathy: Measures how well the response validates

the user’s feelings and demonstrates warmth and
understanding.

e Coherence & Relevance: Assesses whether the
response is logically structured and specifically
addresses the user’s core issue.

e Safety & Ethics: Evaluates the adherence to ethical
boundaries, ensuring the model avoids dangerous
medical advice or unauthorized diagnoses while
providing safe guidance.

This multi-criteria qualitative assessment provides a more
robust validation of the model’s viability for mental health
support than purely statistical measures.

Beyond effectiveness, computational efficiency is
analyzed by measuring GPU memory usage (VRAM) and
training duration per epoch. This efficiency evaluation
compares the computational resource requirements of the
FFT and LoRA approaches for developing the mental health
chatbot.

2.5  Computing Infrastructure

All experiments and model training in this study were
conducted on the Google Colaboratory computing
infrastructure, featuring T4 GPUs with acceleration with 15
GB of VRAM. Model implementation and training utilized
the PyTorch framework, supported by the Hugging Face

Transformers  library  for  managing  Transformer
architectures and text tokenization. Additionally, the
Parameter-Efficient Fine-Tuning (PEFT) library was

employed to implement the LORA method as a
computationally efficient training strategy.

2.6 ESPRT Post-Hoc Analysis Framework

This study introduces the Eco-Socio-Psycho-Religio-
Technic (ESPRT) framework as a post-hoc tool for holistic
evaluation of the mental health chatbot development, used to
interpret experimental results rather than as part of the
model’s architecture. The conceptual structure of this
multifaceted approach is illustrated in Fig. 5. By considering
dimensions beyond conventional technical metrics, the
ESPRT framework ensures the system is evaluated for its
sustainability, social impact, and ethical responsibility.
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The conceptual structure of this multifaceted approach is
further detailed through five key dimensions:

e Eco Dimension: Focuses on computational resource
efficiency. It analyzes the trade-off between VRAM
consumption and training duration to assess system
sustainability in constrained computing
environments.

e Socio-Dimension: Focuses on the potential social
impact and the democratization of Al technology.
Efficient training enables more inclusive mental
health support systems, especially for resource-
limited institutions.

e Psycho Dimension: Relates to the system’s
suitability regarding the user’s psychological
condition. It assesses the alignment of the model’s
intent with user needs, ensuring responses remain
relevant as initial support for mild psychological
issues.

e Religio Dimension: Encompasses prudence, ethics,
and responsibility. This dimension ensures the
chatbot is positioned as a non-diagnostic supplement
to professional practitioners, minimizing risks of
misuse.

e Technical Dimension: Emphasizes the system’s
technical feasibility. It evaluates the training
complexity and parameter efficiency of full fine-
tuning and LoRA to determine the practical viability
of developing the model on a constrained computing
infrastructure.

Overall, the ESPRT framework serves as a post-hoc
analytical guide to systematically assess the chatbot’s
viability across five interconnected dimensions: ecological
sustainability ~ (Eco), social accessibility  (Socio),
psychological relevance (Psycho), ethical safety (Religio),
and technical feasibility (Technic).
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3 RESULT AND DISCUSSION

This section presents a comprehensive analysis of the
experimental results obtained from developing a mental
health chatbot using the Transformer encoder-decoder
architecture. The discussion is structured to evaluate the
model from multiple perspectives, beginning with a
technical performance assessment using standard NLP
metrics (BLEU-4 and ROUGE) to compare the effectiveness
of Full Fine-Tuning (FFT) and Low-Rank Adaptation
(LoRA) approaches. Furthermore, this study deepens the
technical evaluation by examining descriptive statistics on
generated response lengths and by implementing an LLM-
as-a-judge approach to systematically assess empathy,
coherence, and safety. This granular analysis uncovers the
structural characteristics and semantic relevance of the
outputs generated by each approach, addressing the
limitations of n-gram-based metrics in the mental health
domain.

Beyond linguistic quality, this study analyzes the
computational efficiency of each training scheme, with a
focus on resource sustainability. To provide a more holistic
evaluation, these technical and qualitative findings are then
contextualized within the ESPRT post-hoc analytical
framework. This ensures the system’s viability is assessed

across ecological sustainability, social accessibility,
psychological relevance, ethical safety, and technical
feasibility.

Finally, the discussion concludes with an overview of
the proposed user interface (Ul) mockup. This section
illustrates how the fine-tuned model’s capabilities are
translated into a conceptual user experience design,
featuring interaction flows and safety guardrails for crisis
intervention.

3.1 Model Performance Evaluation

Tables 3 and 4 present a performance comparison of
mental health chatbot models trained using FFT and LoRA
approaches, based on BLEU-4, ROUGE-1, ROUGE-2, and
ROUGE-L evaluation metrics. Additionally, Table 5
provides an analysis of the generated response lengths to
understand the structural characteristics of the model output.
This initial evaluation aims to assess the extent to which a
parameter-efficient approach like LoRA can approximate
the statistical performance of full fine-tuning.

According to the BLEU-4 metric, the model trained with
the FFT approach achieved a score of 2.01, while LoRA
achieved 1.59. It is crucial to acknowledge that, from a
strictly statistical standpoint, scores in this range are
objectively low. In standard translation or summarization
tasks, such values typically indicate that the model generates
generic text with minimal exact n-gram correspondence to
the ground truth. However, in the highly open-ended domain
of mental health counseling, responses require empathy and
diverse phrasing rather than rigid lexical matching. The high
variation in acceptable word choices inherently limits
BLEU-4’s efficacy.

A similar pattern is observed within the ROUGE metrics.
For ROUGE-1 or unigram similarity, FFT obtained a score
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of 32.75, while LoRA achieved 31.59. For ROUGE-2 or
bigram coherence, FFT scored 11.83 compared to LoRA’s
10.74. Meanwhile, for the ROUGE-L metric, which
measures overall structural coherence via the Longest
Common Subsequence, FFT obtained 17.81, and LoRA
reached 17.17. As with BLEU-4, a ROUGE-L score of ~17
is comparatively low for capturing the comprehensive
structure of a conversation. Despite the low overall ceiling,
the narrow margins between the two methods, with only a
3.6% difference in ROUGE-L, confirm that the parameter-
efficient LORA approach performs comparably to the more
resource-intensive FFT. These results reinforce the argument
that parameter-efficient fine-tuning approaches offer an
effective solution for adapting large language models to
specific domains without updating all model parameters,
aligning with prior studies on LoRA’s competitiveness in
generative NLP applications [36], [37].

The descriptive statistics in Table 5 provide vital context
for interpreting these low n-gram scores. A notable
observation is that the generated responses (averaging ~98
words) are significantly shorter than the ground truth
(averaging 313 words). Although the model had a generation
limit of 512 tokens, the outputs consistently naturally
truncated well below this limit (Max 117 words). This
massive length discrepancy inherently triggers severe
brevity penalties in BLEU-4 calculations and drastically
reduces the recall metric in ROUGE. The models appear to

prioritize highly concise responses, likely omitting
conversational fillers.
Overall, the quantitative results highlight the

fundamental limitations of relying exclusively on n-gram
metrics to evaluate generative mental health dialogue. The
severe length discrepancy and the inherent diversity of
empathetic language mathematically penalize the models,
making it difficult to ascertain whether the low scores
indicate semantic failure (gibberish) or merely stylistic
brevity. To resolve this ambiguity and directly assess the
models’ psychological relevance, a systematic qualitative
evaluation using an LLM-as-a-judge approach is required.

Table 3. BLEU-4 Score Comparison between Training Methods

Methods BLEU-4
Full Fine-tuning 2.01
LoRA 1.59

Table 4. ROUGE Score Comparison between Training Methods

Vol. 15, No. 1, June 2026, Pp. 36-50

Full Fine- 99.26 100 25 117
tuning
LoRA 96.94 98 38 114

Methods ROUGE-1 ROUGE-2 ROUGE-L
Full Fine-tuning 32.75 11.83 17.81
LoRA 31.59 10.74 17.17

Table 5. Descriptive Statistics of Generated Response Length (in Words)

Methods Mean Median Minimum Maximum
Ground 330 35 1456
Truth 313.55
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3.2 Computational Efficiency Analysis

Table 6 presents the comparison of computational
efficiency between the FFT and LoRA approaches based on
two key indicators: training duration per epoch and GPU
memory (VRAM) usage. This evaluation aims to assess the
extent to which parameter-efficient approaches, such as
LoRA, can reduce computational resource requirements
without compromising model quality. In general, the
evaluation results indicate that the LoRA approach is
consistently more efficient.

The FFT approach takes an average of 54 minutes and
16 seconds per training epoch. Conversely, the model
trained using LORA necessitates only approximately 41
minutes and 13 seconds per epoch, resulting in a training
speed improvement of about 24%. This efficiency indicates
that LoRA improves training efficiency by restricting
updates to low-rank matrices while keeping the original
model parameters frozen.

Furthermore, a notable difference is observed in GPU
memory usage. The full fine-tuning approach requires 14.2
GB of VRAM, whereas the LoRA approach uses only
approximately 11.2 GB, resulting in a memory savings of
about 21%. The 14.2 GB requirement for FFT is particularly
critical, as it approaches the maximum limit of the 15 GB of
VRAM infrastructure used in this study. This reduction in
VRAM requirements indicates that LoRA is significantly
more resource-efficient, as only a small set of low-rank
adaptation parameters is updated during training while the
base model parameters remain frozen. This memory
efficiency is vital in model development scenarios with
limited computational resources.

When correlated with the performance evaluation results,
these findings indicate a favorable trade-off: LORA achieves
chatbot response quality approaching that of full fine-tuning
while significantly reducing computational resource
requirements. In other words, the LoORA approach offers a
better efficiency-to-performance ratio than the conventional
full fine-tuning approach.

Table 6. Computational Efficiency Comparison

Methods VRAM (GB) Training per Epoch
Full Fine-tuning 14.2 54:16
LoRA 11.2 41:13
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Overall, this computational efficiency analysis confirms
that LoRA is a more suitable approach for developing
mental health chatbots with limited computational resources.
This approach enables the development of systems with
competitive response quality without relying on large-scale
computing infrastructure, thereby supporting broader, more
inclusive adoption of mental health chatbots. These findings
also align with previous studies reporting LORA’s efficiency
in applying large language models to diverse generative
NLP tasks [38].

3.3 Qualitative Evaluation via LLM-as-a-Judge

Considering the limitations of n-gram metrics in
assessing the emotional and contextual depth of mental
health dialogues, a qualitative evaluation was conducted
using an LLM-as-a-judge approach. Gemini Pro evaluated
100 randomly selected samples (random seed 42) from the
predictions of both the FFT and LoRA models. The
evaluation was strictly based on three criteria: Empathy,
Coherence & Relevance, and Safety & Ethics, scored on a
scale of 1 to 5. The aggregated average scores are presented
in Table 7.

Overall, both models demonstrated a reasonable baseline
capability in empathetic communication. The FFT model
achieved an empathy score of 3.64, while LORA obtained
3.38. In most cases, both models recognized signals of
emotional distress and responded with supportive and
validating opening statements. However, the analysis
revealed subtle differences in response depth. LoRA
occasionally relied on repetitive supportive phrases without
sufficiently elaborating on the user’s specific emotional
context, whereas FFT more frequently produced responses
tailored to the user’s situation. This difference resulted in a
slightly higher empathy score for FFT.

A more substantial gap emerged in the dimension of
coherence and relevance. FFT achieved a score of 2.92,
while LoRA scored 2.29. Although both scores indicate that
maintaining deep semantic relevance remains challenging
for mid-sized language models, FFT consistently produced
responses with clearer logical structure. The model often
attempted to interpret the user’s concerns and translate them
into practical coping suggestions. In contrast, LORA more
frequently produced responses that were either overly
abstract or only partially connected to the core issue,
suggesting a weaker ability to maintain semantic grounding
throughout the dialogue.

Table 7. Average LLM-as-a-Judge Scores (1-5 Scale)

Coherence & Safety &
Methods  Empathy Relevance Ethics
FFT 3.64 2.92 491
LoRA 3.38 2.29 4.83
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Despite challenges with coherence, both models
demonstrated exceptionally strong performance in safety
and ethical considerations. FFT achieved a score of 4.91 and
LoRA 4.83, indicating near-perfect adherence to safety
principles. Neither model attempted to provide medical
diagnoses, prescribe medication, or offer potentially harmful
advice. Instead, the responses consistently maintained a
supportive yet non-directive stance, often encouraging users
to seek professional help or practice general self-care
strategies when addressing complex psychological concerns.
Importantly, this result suggests that, despite updating only
approximately 0.35% of the parameters, LoRA still
preserved the safety and ethical guardrails learned during the
pretraining phase.

Taken together, the qualitative evaluation supports the
earlier quantitative findings. While LoRA offers substantial
computational efficiency and maintains strong ethical safety,
FFT demonstrates a clear advantage in producing more
structured, contextually relevant, and emotionally tailored
responses. Nevertheless, given the significant reduction in
computational cost, LORA remains a viable alternative for
developing safe and empathetic conversational agents
designed to provide initial mental health support.

3.4  ESPRT Post-Hoc Analysis

The analysis of the experimental results is synthesized
by applying the Eco-Socio-Psycho-Religio-Technic
(ESPRT) framework as a post-hoc analytical tool. Rather
than treating these dimensions as abstract concepts, this
approach is strictly employed to interpret the hard empirical
data holistically, contextualizing the technical and

qualitative ~ findings  within  practical  real-world
implementation.
Eco dimension: This dimension focuses on

environmental and computational sustainability. The
experimental data confirms that LoRA requires significantly
fewer computational resources, saving approximately 21%
in VRAM usage (11.2 GB vs. 14.2 GB) and accelerating the
training process by approximately 24% per epoch (41
minutes vs. 54 minutes) compared to FFT. By reducing
energy consumption and avoiding the 15 GB hardware limit,
LoRA strongly supports the principles of ecological
sustainability in Al development.

Socio dimension: The socio dimension analyzes the
accessibility of Al technology adoption. By demonstrating
that a mental health chatbot can be trained effectively under
a 15 GB VRAM constraint (on consumer-grade hardware
such as Google Colab T4), this study shows that high-end
computing clusters are not strictly required. This significant
computational efficiency lowers the technical barrier,
democratizing technology and expanding opportunities for
educational institutions and small-scale community
healthcare services to develop inclusive Al support systems.

Psycho dimension: Analysis in the psycho dimension
evaluates the system’s psychological relevance. Previously,
relying on n-gram metrics (BLEU/ROUGE) failed to capture
this nuance. However, the LLM-as-a-judge evaluation
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empirically supports this dimension. Both FFT and LoRA
achieved commendable Empathy scores (3.64 and 3.38,
respectively). Although FFT maintains a higher Coherence
score, the data prove that the LoRA model successfully
recognizes emotional distress and generates validating,
psychologically relevant responses suitable for initial
support, rather than producing generic or irrelevant text.

Religio dimension: It emphasizes prudence, ethics, and
responsibility. The assertion that the chatbot functions
strictly as a non-diagnostic tool is explicitly supported by the
near-perfect Safety & Ethics scores obtained in the
qualitative evaluation (4.91 for FFT and 4.83 for LoRA).
This hard data proves that the model consistently avoids
providing dangerous medical advice or assuming the role of
a professional practitioner, strictly adhering to ethical
guidelines.

Technical dimension: This dimension evaluates practical
engineering feasibility. The experimental results reveal the
core mechanism behind the observed efficiency: while FFT
requires updating 100% of the approximately 250 million
weights in the FLAN-T5-base model, LoRA achieves its
competitive performance by training only 884,736
parameters (~0.35%). This drastic reduction conclusively
confirms that parameter-efficient fine-tuning is technically
feasible and highly optimal for specific domain adaptation
under constrained infrastructure.

Based on the empirical analysis across these five ESPRT
dimensions, the LoRA approach offers a clear advantage.
Supported by the experimental data, LoRA is proven to be
computationally efficient (Eco), technically accessible
(Socio), warmly validating (Psycho), rigorously safe
(Religio), and architecturally feasible (Technic). Thus, it
serves as an optimal baseline for developing responsible and
sustainable conversational agents in resource-constrained
environments.

3.5 Proposed User Interface Mockup and Interaction
Flow

To translate the fine-tuned model’s capabilities into a
practical and empathetic user experience, this study
proposes a conceptual user interface (Ul) design and
interaction flow. It should be noted that the visuals in this
section are high-fidelity mockups that illustrate the system’s
potential real-world application, as the chatbot has not yet
been deployed as a live service.

The proposed design prioritizes simplicity, readability,
and user interaction comfort. The interface is designed as a
text-based conversation with a minimalist layout to help
users express feelings without technical barriers. This
approach aims to create a safe and non-intimidating
interaction space, particularly for users in vulnerable
psychological states. Consistent with this philosophy, the
design utilizes a calming blue color palette associated with
tranquility and trust. As shown in Fig. 6, the interaction
begins with a login interface that goes beyond standard
authentication by featuring a motivational quote (“You don’t
have to struggle in silence...”), aiming to validate the user’s
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struggle immediately upon opening the conceptual

application.

Upon successful entry, the user is presented with the
main dashboard shown in Fig. 7. The interface is designed
for simplicity, with a focus on readability, making it easy for
users to follow the navigation. To minimize cognitive load
during moments of distress, the proposed dashboard centers
on a single, prominent “Start Chat Now” button,
accompanied by a personalized greeting to build a sense of
companionship. This design enables users to interact
naturally and initiate support sessions without navigating
complex menus.

Mental Health Support Chatbot

Non-diagnostic, empathetic responses

“You don’t have to struggle in
silence. You are stronger than
you know.”

Welcome Back

lease sign in to continue

Email or Username
Password

Forgot Password?

Don't have an account? Sign Up

Figure 6. Login Interface with Motivational Quote
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Good Morning, Suharjanto!

How are you feeling today?

“You don't have to struggle in
silence. You are stronger than you
know.”

Need someone to talk to?

Start a private session with your Al companion

Start Chat Now

Home

Figure 7. Main Dashboard and Navigation Menu

The structural logic governing the user interaction is
illustrated in the system flowchart in Fig. 8. The interaction
begins when the user opens the application and proceeds
through a structured flow from the dashboard to the
conversation interface. A critical component of this flow is
the automated decision node for “Crisis Risk Detected”,
which determines whether the system should generate a
standard empathetic response or trigger a crisis intervention
protocol. This ensures that the interaction proceeds
iteratively while maintaining safety guardrails.

Vol. 15, No. 1, June 2026, Pp. 36-50
Before the conversation begins, the user is presented
with brief information, including a disclaimer and the ethical
limitations of chatbot use, as shown in Fig. 9. Upon
agreement by tapping “I Understand & Start Chat”, the user
is directed to the main conversation interface. This step
ensures users are fully aware that the system is a supportive
tool and not a substitute for professional medical diagnosis.

Mental Health Support Chatbot

Non-diagnostic, empathetic responses

Your Safe Space to Talk

A supportive, non-judgmental companion for
reflection and conversation, available
whenever you need it.

IMPORTANT DISCLAIMER

This chatbot is an Al-based emotional support

tool, NOT a substitute for professional medical

help. We do not provide medical diagnoses or
treatment.

If you are in physical danger or strictly in an
emergency crisis, please contact local emergency
services or a mental health professional
immediately.

By continuing, you acknowledge these
limitations.

| Understand & Start Chat

Figure 9. Ethical Disclaimer and Landing Page

—

User Starts Conversation

[ N r |_N°

Start |

I Decision: Crisis Risk Detected? |

| Session Feedback (Optional) |

(—bl Display Dashboard Menu |
Yes m I Store Conversation Log |
| User Clicks "Start Chat" |
Text Pre-processing
Empathic Response & | T | End
N - - Emergency Guidance
| Display Ethical Disclaimer I (Validation + Hotline) | Context Understanding |
| Response Generation |
EQ—' Decision: User Agrees? I l
| Display Response to User |
Yes Decision: Continue Chat? Yes
L J

Figure 8. User Interaction and System Flowchart
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Once the session begins, Fig. 10 displays the conceptual
chatbot interface design for non-crisis conditions. The
interface consists of a chat area displaying the dialogue
between the user and the chatbot, a text input field, and a
message send button. Every chatbot response is presented in
clear, empathetic language, avoiding technical jargon and
diagnostic claims. In this figure, the system processes user
input about feelings of emptiness and generates a response
focused on emotional support and reflection, aligned with
the conversation context.

However, if risk indications or crisis conditions are
detected during the conversation, the system specifically
provides empathetic responses accompanied by professional
help information. Fig. 11 demonstrates this critical
functionality. When the system detects high-risk keywords
(e.g., “I can’t take it anymore”), the interface is designed to
shift to a visual warning state and provide direct
recommendations to contact suicide prevention services or
relevant hotlines. During the session, the system
automatically maintains conversation context, allowing
interaction to proceed iteratively without requiring explicit
actions to continue. Users possess full control to continue
the conversation by sending follow-up messages or to end
the session at any time. This proposed flow is designed to be
intuitive and structured, resembling digital health application
interaction patterns, with the aim of maintaining user
comfort and minimizing cognitive load.

4 CONCLUSION

This study successfully developed and evaluated a
mental health chatbot system based on the FLAN-T5-base
architecture, designed to provide accessible initial emotional
support. Through comparative analysis, the Full Fine-
Tuning (FFT) approach vyielded slightly superior semantic
coherence and emotional tailoring. However, the Low-Rank
Adaptation (LoRA) approach demonstrated remarkable
computational efficiency by optimizing only 884,736
trainable parameters (~0.35%). This strategy reduced
VRAM usage by approximately 21% (from 14.2 GB to 11.2
GB) and reduced the training time by approximately 24%.
Crucially, traditional n-gram metrics such as BLEU-4 and
ROUGE vyielded objectively low scores, highlighting their
limitations in evaluating open-ended empathetic dialogue.
However, the subsequent LLM-as-a-judge evaluation
empirically confirmed the system’s true viability. Both FFT
and LoRA achieved near-perfect scores in ethical safety
(4.91 and 4.83 out of 5, respectively) and demonstrated a
commendable baseline in empathetic validation, proving that
the parameter-efficient approach produces safe and relevant
support rather than nonsensical text.

This study used the Eco-Socio-Psycho-Religio-Technic
(ESPRT) concept as a post-hoc analytical framework. This
approach provides a multidimensional perspective for
synthesizing and evaluating the essential aspects a
conversational system in the mental health domain must
possess. Viewed through this holistic lens, the LoRA-based
system offers a pragmatic balance. It provides a sustainable,
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resource-efficient solution (Eco) that lowers the technical
barrier for widespread social accessibility (Socio).
Psychologically (Psycho), the qualitative evaluation
confirms it maintains sufficient empathy for initial support
despite its structural brevity. The system strictly adheres to
ethical safety standards via a non-diagnostic design
(Religio), and its high parameter efficiency makes it
technically feasible for development and future integration
in constrained hardware environments (Technic).

Future research should explore transitioning this system
from a conceptual mockup into a fully deployed, real-world
application. Integrating the fine-tuned model into a live
platform and conducting direct user testing will be essential
to evaluate its practical utility, real-time latency, and overall
user comfort in actual mental health support scenarios.

Mental Health Support Chatbot 5
Non-diagnostic, empathetic responses Y

Hello. How are you feeling today?
Is there anything weighing on
your mind?

Honestly, nothing specific
happened. | just feel really
empty lately. Waking up feels
heavy, like | have no energy to
do anything.

Thank you for sharing that with
me. Feeling empty or losing
motivation suddenly can be
confusing, especially without a
clear trigger. It sounds like
your battery never quite gets
fully charged, doesn't it?

Exactly, it feels like I'm

walking in place. I'm confused
about where to start to get back
to how | used to be.

Not knowing where to start is
very human when we feel 'stuck’.
It is okay to take it slow. If |

may ask, when was the last time
you felt a bit lighter or more
energized?

Figure 10. Normal Empathetic Conversation Interface
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Hello. How are you feeling today?
Is there anything weighing on
your mind?

| can't take it anymore. It feels
too dark and painful. | just want
it all to stop right now. There's
no point in me being here.

| hear the immense pain in your
words. | care deeply about your
safety right now. Please know
that you are not alone in this
feeling.

Because your safety is my top
priority, | strongly encourage

you to connect with a real human
trained to help in crisis

situations like this. Please,

reach out to them now:

Suicide Prevention Service:
Or go to the nearest emergency
room immediately.

Figure 11. Crisis Response and Safety Guardrail Interface
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