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Abstract

In recent years, the importance of mental health has become increasingly recognized.
However, barriers such as stigma, lack of access, and high costs prevent many individuals
from seeking traditional mental health services. MindMend is a conversational chatbot
developed to offer an alternative by providing anonymous, accessible, and interactive mental
health support. Utilizing the GPT-3.5-turbo API on the Promptly platform, MindMend
engages users with personalized mental health advice and guided practices like mindfulness
and meditation. This paper describes the chatbot’s architecture, design considerations, and
potential impacts on users seeking emotional well-being assistance.

Keywords: Mental health chatbot, Conversational Al, NLP, Emotional well-being, User
engagement.

1. Introduction

Mental health has emerged as a critical issue globally, with millions of people struggling to
access timely and affordable support. Despite the growing awareness, many individuals
remain hesitant to seek professional help due to stigma, geographical constraints, or financial
barriers. Amid this context, digital solutions such as chatbots have gained much prominence

due to their immediacy, anonymity and cost-effectiveness as sources for mental health
assistance.

MindMend is a conversational Al which provides a supportive and non-judgmental space for the
user to communicate his or her feelings and worries. Based on the GPT-3.5-turbo API and hosted
on the Promptly platform, MindMend involves its users meaningfully in conversations to enable
improved mental wellbeing. The chatbot delivers features such as emotional support guided
relaxation techniques and customized advice to help deal with stress, anxiety, and all types of mental
wellness challenges.

The system applies advanced NLP techniques in the processing of user input to produce context-
specific responses. MindMend has made it possible for users to remain anonymous, allowing them
to receive practical tips and support that reduce the barriers associated with traditional mental health
services. This paper elaborates the architecture of the chatbot, interaction design, and its potential
in enhancing mental health support through Al-driven scalable technology.

Most of the existing solutions still have limitations despite the progress taken by many mental health
chatbots. Denecke et al. [1] claimed that emotion recognition remains a major problem. The lexicon-
based approach cannot include an entire scale of user emotions. Crasto et al. [2] implied that most
existing chatbots still cannot help with more complex mental health issues but require human
assistance to solve such problems. Ghoshal et al. [3] argued that the diagnosis using chatbots, which
are usually developed for complex psychological problems, lacks accuracy. Balcombe et al. [5]
outlined the ethical consequences of privacy and security regarding data in Al application systems
for mental health systems. Casu et al. [6] indicated that integrating chatbots into the existing health
care systems is highly challenging, especially concerning retention of users. These limitations form
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the motivation behind MindMend, to be designed to provide more accurate, empathetic, and secure
mental health support integrated seamlessly into the user’s mental health journey.

The rest of the paper is organized as follows, Section 2 introduces background and formulation of
contemporary research into mental health chatbots. Section 3 describes the design and development
of MindMend chatbot, further enlisted using Al-powered techniques including personalized
emotional support. Then, Section 4 outlines for architecture by mentioning the nature of its
conversational flow. Section 5: deals with the Mindmend result analysis of our proposed model.
Section 6: enumeration of the challenges in the process of implementation. Section 7: conclusion
of the paper: what is ahead, and directions for further advancement of Al-based support systems for
mental health.

2. Related Work

Denecke et al. [1] forwarded SERMO, which is a chatbot that followed CBT techniques with an
offline lexicon-based emotion recognition. Crasto et al. [2] built CareBot, which supported students
regarding managing their mental health through PHQ-9 and WHO-5, but succumbed at the
complexities that call for human interaction. Ghoshal et al. [3] introduced an NLP-based chatbot that
could report mental health disorders, but succumbed to accuracy at complexities. Omarov et al.
discussed Al chatbots, focusing in particular on ethical issues related to privacy and risk assessments.
Bal-combe et al. pointed out the scalability of Al chatbots but also reported issues related to data
privacy and bias. Casu et al. mentioned user engagement and integration into healthcare as obstacles
in implementing chatbots. Grov’e et al. [7] stressed co-design approaches for mental health chatbots
for youth, but noted limitations in replicating empathy. D’ Alfonso et al. [8] reviewed Al applications
in mental health, focusing on prediction and treatment using digital phenotyping and NLP, yet raised
concerns about ethical issues and the lack of emotional depth in Al. Ahmad et al. [9] highlighted
chatbot design limitations, particularly in handling complex conversations. Bendig et al. [10]
discussed the promise of chatbots in psychotherapy, but emphasized the need for more large-scale
validation.

Naik et al. [11] presented CareBot, integrating sentiment analysis and emotion detection
through Rasa framework. However, it struggles with predefined stories, limiting emotion
recognition accuracy. Limpanopparat et al. [12] reviewed chatbot engagement in mental health
interventions, noting demographic factors impacting effectiveness. Park et al. [13] studied the
effect of emotional disclosure in chatbots, finding that it increases user satisfaction and reuse
intention. Sanabria et al. [14] evaluated Tabatha-YYC, designed for youth mental health,
highlighting privacy but limited by sample size diversity. MacNeill et al. [15] evaluate whether
Wysa can address mental health for chronic disease patients, which shows an optimistic result
even though the intervention was very short. Tewari et al. [16] gave an overall review of the
different NLP techniques applied to mental health chatbots, proposing MentalEase where
there’s a limitation in managing complex emotions. Meadows et al. [17] attitudinal discussion
of mental health chatbots with the users being concerned about long-term effectiveness. Song
et al. [18] investigated LLMs in mental health-introduced “therapeutic alignment” but
remarked to have risks of dangerous advice as well as cultural bias.

3. Methodology

3.1 Chatbot Design and Development

With the development of MindMend as a conversational interface and end to offer mental
health support, the GPT-3.5-turbo API was used. This was implemented on the Promptly
platform with the ideas that users will be supported and guided through meaningful
conversations while the overall process of creating an intuitive compassion-ate interaction
will be targeted during the development. The essential features were included to make the
interaction feel as natural as possible not to keep a user waiting and reduce the hesitation in
interacting with the system. Fig. 1 shows MindMend’s user interface and gives an impression
of how simple it is, easy to access.
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1, Emotional Support: Share
2.Guided Practices: Ac
3 Personalized Advice: Get p
4 Avallable 24/7: Chat with
Your Mental Health Matters:

Fig. 1: MindMend Chatbot Interface

3.2 Natural Language Processing

At the heart of MindMend’s functioning lies its ability to correctly comprehend and process user
inputs. The chatbot applies advanced NLP techniques in its ability to interpret text and understand
emotive content and thus will provide appropriate responses. It has been trained on a diverse range
of datasets, including mental health literature and users’ behaviour patterns. Such training helps it
come up with certain specific responses relevant to a user’s input.

MindMend uses sentiment analysis to determine the emotional state of its users and classifies inputs
as anxious, stressed, or calm, among many other sentiments. Fig. 2 shows user sentiment over time
as extracted from interaction data, showing how this would shift the tone of the chatbot
appropriately.

User Sentiment Distribution During Conversations

Happy

Neutral

Anxious

Calm

Stressed

Fig. 2: Distribution of User Sentiments During Conversations
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These emotions are, therefore, utilized to derive dynamic tone and contents to suit the most
relevant response. Moreover, intent recognition is used to interpret user requests, which allows
classifying the conversation under relevant categories, such as stress management, mindfulness
practices, or self-care advice.

3.3 Guided Practices and Mindfulness Techniques

MindMend offers many different exercises in mindfulness and relaxation, which are activated
depending on the user’s input or request for stress management. This would take the user through
breathing exercises and body scans in order to eliminate what is causing the stressors and gain
much-needed mental clarity.

The practices are designed to be accessible and flexible enough for the user to use them for any length
of time-from short, stress-relief-oriented sessions to longer, more contemplative ones, depending on
a user’s needs. Fig. 3 MindIfness usage shows how often various mindfulness techniques were used,
giving an indication of which practices are most popular.
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Fig. 3: Frequency of Mindfulness Practices Used by Users

3.4 Personalization and Adaptive Learning

MindMend uses the technique of adaptive learning to respond to users in a manner that it has
learned from its patterns through the behaviour of users. The system adopts user engagement
patterns, such as particular advice or practices, and changes future responses by them. Such a
practice is such that it will ensure an enhanced usability by the individual, mainly since
individuals expressing certain concerns will receive response messages adapted to their
emotional and behavioural patterns.

This chatbot also evaluates its advice by analyzing responses in terms of user feedback and
engagement. If a user responds positively to certain coping strategies, MindMend will focus
more on those similar techniques in subsequent conversations, thus creating a personalized
approach for each individual.

3.5 Ethical Considerations and Data Security

Because the mental health issues were those whose sources would be data about the
individuals, ethical consideration featured hugely in the design and implementation of
MindMend. All interactions are encrypted, and no PII is collected during the con-versation.
The system ensures that users are aware with crystal-clear policies on the privacy policies
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regarding the data collection processes, sticking to best practices for a digital mental health
solution.

Additionally, clinical diagnoses as well as medical advice are eschewed; and instead, it refers
them to professional mental health services if they perceive that their symptoms lie beyond
the support scope of the provided chatbot. This ensures that the chatbot is merely an aid and
not a replacement for professional care.

4. System Design

4.1 Chatbot Architecture

MindMend uses the modular architecture with the GPT-3.5-turbo API from the Promptly
platform. It processes the user inputs in real time so that there is non-intermittent interaction
between the user and the chatbot. So many tasks, such as intent recognition, sentiment
analysis, and conversation management, are handled by the architecture to enable the chatbot
to contextually respond and appropriately. When the input is generated, the natural processing
engine processes the text, getting to know the intentions of the user and his emotional state.
It becomes flexible enough to interpret the varied intent and hence differentiates between
conversations in order for the system to provide the user with interactive, personalized
messages, including support emotions or stress management techniques. The modular
architecture of MindMend is shown below (Fig. 4)

Input Text

/User\\ Openfl AP

Input Text Receive Response Process Input Recognize Intent

Sentiment Analysis
Manage Conversation )

Generate Response

Receive Response

Fig. 4: Modular architecture of MindMend Chatbot for Real-time interaction

4.2 Natural Language Processing Framework

A framework of NLP is integral for the interpretation of user inputs and generation of
responses accordingly. User input is passed through the preprocessing stage first, including
tokenization and text normalisation. Diverse forms of expressions in a language are treated
uniformly. It uses sentiment analysis to discover the emotional state of a user and thus
MindMend can tailor its responses according to the emotional tone of the user. The sentiment
analysis model classifies the inputs as positive or negative emotions or neutral sentiments. In
contrast, a more advanced emotion recognition system would be to identify emotions, such as
feeling anxious or feeling calm. The intent recognition allows the chatbot to classify user
questions as belonging to a predefined class that may drive the conversation toward the
solution like anxiety management or mindfulness techniques.
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4.3 Conversational Flow

MindMend is a conversational design: it manages both structured and unstructured dialogues,
and retains context over multi-turn interactions for continuity. If the user mention somewhere
in the conversation that he is feeling anxious, the system will recall that and suggest coping
mechanisms pertaining to it. The interactive feel with the chatbot is due to the adaptability of
user inputs by the chat-bot, thus handling changes in topics very clearly without any jarring
effects. This dynamic flow reduces frustration among users and increases engagement, hence
giving a user a chance to venture through a series of mental health concerns without any form
of interruption.

4.4 Backend and Data Management

MindMend is facilitated by a scalable cloud-based backend that manages user inter-actions
and stores information safely. These operate in real-time processing of user inputs and enforce
their system’s scalability so as to accommodate large user volumes. Data is stored securely,
with conversations anonymized to guarantee safety of personal data. Personal information is
not collected, and encryption methods ensure that users’ interactions with one another remain
private. All the gathered information is used to enhance the chatbot’s learning models so that
sentiment analysis and responses can be done with precision.

4.5 Personalization and Adaptive Learning

MindMend is adapted on an adaptive learning mechanism. The chatbot tracks user preferences
as well as interaction patterns that will enable it to make subsequent responses based on the
preferences and predilection of individual users. For instance, when there is usually a request
for mindfulness exercises; the system will give priority to similar techniques in subsequent
interactions. This kind of personalization of experience also improves user engagement as
well as effectiveness of the chatbot. Constant users’ feedback allows for the improvement of
the proposed recommendations by the system, and therefore, a more responsive and adaptive
MindMend over time.

4.6 Ethical and Security Considerations

Given the very private nature of mental health data, an ethical focus has been made in the
design and implementation of MindMend. All interactions are encrypted, and no personally
identifiable information (PII) is collected throughout the conversation process to maintain
anonymity. The system maintains strict data privacy standards, thereby keeping the user
informed about transparent and complete privacy policies outlining data handling practices.
Best practices in digital mental health solutions are therefore what ensure that MindMend
upholds the highest standards of confidentiality and protection for the user.

Further, MindMend does not make a claim to a clinical diagnosis or provision of medical
advice. It simply assists a patient refer to professional mental health care when symptoms are
beyond the purview of the chatbot. This ensures that Mind-Mend supplements instead of
replacing traditional mental health care responsibly and acknowledges the limitation of Al in
dealing with complexities of emotional and psychological issues.

5 Result Analysis

The results from MindMend’s deployment were evaluated based on both quantitative metrics such
as user engagement and system performance, and qualitative feedback from users. The following
sections provide a comprehensive analysis of how effective MindMend was in supporting mental
health.

5.1 User Engagement Metrics

MindMend was deployed on the Promptly platform, tracking user interactions over a 60-day period.
A total of 510 unique users engaged with the system, each participating in sessions where their
interaction patterns were carefully monitored. Engagement metrics such as the number of sessions,
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average session duration, messages exchanged per session, and repeat user rate were analysed. The
interaction between user and chatbot is represented in Table 1.

Table 1 presents the key user engagement statistics:

Table 1 User Engagement Metrics

Metric Value

Total Unique Users 510
Average Session Duration (minutes) 125
Messages Exchanged per Session 15.8
Repeat User Rate (%) 35.2

The data shows high engagement levels, with average session duration of 12.5 minutes and
approximately 16 messages exchanged per session. A repeat user rate of 35.2% indicates strong
user retention, suggesting the chatbot’s ability to provide meaningful mental health support.

Fig. 5 illustrates the distribution of session durations, showcasing the variability in the time users
spent interacting with the system. The majority of sessions fell within the range of 10 to 15
minutes, reinforcing the average session duration of 12.5 minutes.

Distribution of Average Session Duration
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Fig. 5: Distribution of Average Session Duration (in minutes)

5.2 Chatbot Engagement Trends

The analysis of engagement trends over the 60-day period revealed notable fluctuations in
both the number of daily sessions and unique users interacting with MindMend. As depicted
in Fig. 6, there were consistent engagement peaks throughout the eval-uation period, with an
average of 120 sessions and 80 unique users per day. These variations suggest that many users
frequently returned to the chatbot, while others engaged sporadically, potentially due to the
nature of mental health needs. This data highlights MindMend’s ability to attract and retain
users consistently, demonstrating its usefulness in providing continuous mental health
support.

This section provides a deeper analysis of user interaction patterns and should be included
under the Results section, immediately following the User Engagement Metrics subsection. It
offers valuable insights into the long-term effectiveness of the chatbot by highlighting its
capacity to maintain user interest over time.
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5.3 User Feedback and Satisfaction

Post-session surveys were conducted to capture user feedback on their experience with
MindMend. Users rated the chatbot based on a rating system from 1 to 5, where 5 is the most
satisfied (Fig. 7). the results showed that 78% of users rated their experience as either 4 or 5,
indicating high levels of user satisfaction. The personalized responses and guided mindfulness
exercises were frequently cited as the chatbot’s most helpful features.

Qualitative feedback highlighted the system’s capacity to provide calming, empathetic, and
non-judgmental responses, which users found comforting during times

Chatbot Engagement Trends Over 60 Days
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Fig. 6: Chatbot Engagement Trends Over 60 Days
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Fig. 7: Distribution of User Satisfaction Ratings

of stress or anxiety. Some users, however, noted that during extended sessions, the chatbot
responses occasionally felt repetitive.

Cuest.fisioter.2025.54(4):187-197 194



Avijit Bose!, Mrinal Mondal?, MindMend: A Conversational Al for Mental Health

Subhabrata Sengupta®, Rupayan Support
Das®, Satyajit Chakrabarti®

5.4 System Performance

MindMend was also evaluated based on technical performance metrics such as response time,
intent accuracy, and overall system reliability. The average response time was measured at
1.3 seconds, ensuring users had a smooth and uninterrupted conversation.

The intent recognition algorithm demonstrated an accuracy of 92%, ensuring that user
intents were understood and addressed effectively. This accuracy was validated through
human evaluators, confirming that the chatbot’s responses were appropriate and relevant
in 92% of the tested cases.

The performance distribution of response time is illustrated in Fig. 8:

Distribution of Chatbot Response Times
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Fig. 8: Distribution of Chatbot Response Times (in seconds)

System reliability was robust, with minimal downtime and no reported major technical issues
over the 60-day evaluation period.

5.5 Mathematical Analysis of Intent Accuracy

To assess the intent recognition model’s accuracy, we measured the accuracy rate A as the
ratio of correct intents recognlzed (Iconect) to the total intents processed (lta). The formula for
intent accuracy is expressed as Eqn (1

correct
A= ol x 100 (D)
With 510 users and approximately 16 messages per session, a total of 8160 intents were

processed. Given a 92% accuracy rate, the number of correctly recognized intents was
calculated using Eqgn (2):

lcorrect = 0.92 x 8160 = 7507.2 intents
)
Thus, MindMend successfully recognized approximately 7507 intents out of 8160 total
intents, leading to an accuracy rate of 92%.
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5.6 Challenges and Limitations

We encountered a number of challenges that needed to be addressed. The primary challenge was the
absence of long-term memory for conversations. Users who returned to the chatbot could not
continue from where they left off, as the system did not retain past session information. Additionally,
some users reported that the chatbot’s responses became repetitive during extended interactions. One
of the limitations is that there is no medical supervision. It can only provide functional advice, and
its diagnosis and treatment capabilities are non-existent. Future updates of the system might include
improvements in memory and integration with licensed mental health professionals in order to
provide more advanced support.

6. Conclusion

MindMend is an innovation step for conversational Al in providing mental health sup-port. By
utilizing the functions of the GPT-3.5-turbo API, the chatbot offers guided mindfulness techniques,
coping mechanisms, and personalized emotional care within a safe and anonymous setting. Users’
interaction with the system shows strong engage-ment and satisfaction, and the approach to people
is described as non-judgmental and calming.

However, despite its success, MindMend is not without limitations. The absence of long-term
memory and clinical oversight limits its ability to provide continuous care or handle severe mental
health conditions. Future developments could focus on integrating memory capabilities for multi-
session conversations and collaborating with mental health professionals to enhance the system’s
scope. Additionally, improving the chatbot’s ability to offer more diverse and less repetitive
responses during prolonged interactions would further elevate the user experience.

What MindMend specifically brings to the digital mental health support field is as follows:

» Developed conversational Al that melt sentiment analysis and intent recognition, thereby
making possible personal intervention on mental health.

» Designed a system which can provide real-time emotional guidance coupled with
mindfulness to cut down human intervention in the process at the immediate level.

» For overcoming the prevalent limitations, the chatbots addressed engagement retention,
response time efficiency, and adaptive learning for more personalized interactions.

+ Designed architecture that was highly scalable and secure but ensured user privacy with
high ethical standards in mental health interventions.

These contributions evidence the potential MindMend holds in complementing traditional mental
health services by providing accessibility of scalable emotional support toward a large base of users.
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