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ABSTRACT:

Mental health problems within the student community, such as stress, anxiety, burnout, and depression, have become increasingly pervasive and seriously affect
academic performance, interpersonal relationships, and lifelong wellbeing. With platforms such as Wysa and MindPeers already making self-help counseling and
mental health screening tools widely Among these, a number of key limitations remain, including real-time. monitoring, institutional-level analytics, cultural and
linguistic Adaptability and multimodal emotional assessment: Artificial Intelligence has now emerged to bridge the gap, apparently. These gaps through
intelligent conversational agents, affective computing, and personalized well-being insights. This review has analyzed current Al-driven advancements, including
NLP-based ones. emotion recognition, deep learning models for stress classification, and wearable-based physiological tracking, supported by insights from four
key research contributions and real-world mental health systems. This study also points to critical Research gaps: Limited deployment in campus environments,
the lack of anonymous peer support structures, weak integration of biometric signals, and minimum involvement in education. stakeholders. In response to these
deficits, we propose an integrated, student-centric solution framework called MINDLEAP-AI Powered Mental Wellness System, designed to provide 24/7
emotional support, anonymous peer interaction, data-driven Mental state visualization, institutional dashboards, psychoeducation resources, and multilingual
access. The review concludes that Emphasis is put on the multimodal wellness ecosystems powered by Al; as MINDLEAP, will have a transformative influence
on university mental health care; and making it predictive, preventive, and Participatory model of early intervention and creating a healthier Academic

environment.

Keywords: Artificial Intelligence, Mental Wellness, Emotion Recognition, Conversational AI, Wearable Sensing, RAG, Student Support Systems,
Higher Education Mental Health, Behavioral Analytics, CBT

1. Introduction

Mental well-being is an important component of learning efficiency, interpersonal communication, and social functioning. among youth. According to
the World Health Organization, One out of every four students experiences psychological distress yearly, but a very small percent seek professional
help due to stigma, accessibility issues, and a lack of early detection mechanisms. The shift toward digitized learning stress has risen in environments
since the COVID-19 pandemic. more pronounced anxiety, depression, and loneliness among higher education students. Artificial Intelligence has
emerged as a transformative tool in mental health support through continuous monitoring, early-risk identification, and personalized emotional support.
Al-driven systems will be able to monitor emotional cues from text, voice, face expressions, and physiological signals enable proactive care much
before a crisis escalates. This paper reviews state-of-the-art Al mental wellness techniques, including NLP-based therapy chatbots. affective computing,
or facial and vocal emotion recognition, Wearable driven stress sensing; Peer-support mechanisms We propose MINDLEAP, an Al-powered mental
wellness ecosystem for college campuses in India, addressing gaps in multilingual accessibility, anonymous peer connectivity, and institutional
analytics dashboards. It contributes by: 1. Structured review of Al technologies in mental health support 2. Identification of limitations in current Digital

Mental Health Platforms 3. A new integrated solution Architecture for students

2. Literature Review

2.1 Background and Related Work

Artificial Intelligence has dramatically altered the landscape of digital mental health interventions by introducing capabilities that traditional healthcare
systems struggle to match, especially in terms of scalability, immediacy, and personalised engagement. The merge of affective com- putting, advanced
Natural Language Processing, and physiological signal monitoring has enabled early detection of Psychological distress enables timely intervention of.
may prevent escalation. However, despite these advances, significant obstacles remain, especially when trying to implement these technologies in
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diverse, real-world settings such as among India’s vast student population. Issues of accessibility, cultural sensitivity, linguistic diversity, and practical
deployment are persistent challenges that must be overcome. for widespread adoption.

A. Alin Mental Health Support Systems

Recent breakthroughs in Large Language Models (LLMs) have paved the way for conversational Al agents that move beyond simple question-and-
answer interactions. These systems are now capable of engaging users in sustained dialogue, psycho-educational support, and guiding them.

through evidence-based frameworks such as Cognitive Be- Behavioral Therapy. For example, NEJM Al, 2024 Study shown, Al driven chatbots are
able not only to detect subtle linguistic cues indicative of emotional distress, but also Empathetic and contextual responses in line with established
psychological protocols. The benefits are obvious: Al agents can offer any time availability, anonymity, and a judgment-free space, which are
particularly valuable in Cultures where stigma dominates mental health concerns. However, these systems are not without limitations. AI models may
also fail when it comes to high stress conversations, not being able to and interpret emotional nuance, or resonate with the unique lived experiences of
young adults from diverse cultural backgrounds There is also the persistent problem of “hallucination,” where Al-generated responses, though
plausible-sounding, lack factual or clinical grounding. Further, skepticism and mis- trust in machine mediated emotional support remains rather
widespread, especially when it comes to sensitive mental health concerns. Thus, while conversational Al has promise for extending the reach of mental
health support, its deployment must be carefully regulated. Ensuring domain- specific personalization, tight control, and clear communication of the
system’s capabilities and limitations is essential before these tools could be considered a viable option. alternative-or even a supplement-to human
therapists.

B.  Multimodal Emotion Recognition

Affective Al improves the detection of emotional states by integrating multiple data streams; rather than relying solely These systems analyze, on
textual input, vocal tone, facial Expressions, body language, and behavioral patterns to infer. Emotional well-being. State-of-the-art models—such as
CNN, LSTM hybrid architectures and transformer-based encoders referenced in IEEE research (2023)—have demonstrated emotion recognition
accuracies of over 90. However, moving such technologies from controlled settings to real world educational environments introduces new
complexities. Indian classrooms and student dormitories are usually noisy and crowded, and may not possess the infrastructure needed for capturing
audio-visual data reliably. The students may consciously or unconsciously mask their emotions within groups, lessening the effectiveness of
behavioural monitoring. Technical challenges such as low resolution cameras along with low-quality microphones further impair data. quality. Beyond
logistics, ethical considerations loom large: many students feel uncomfortable with pervasive surveillance. citing concerns about privacy and the
potential misuse of sensitive data. Therefore, while multimodal emotion recognition systems are advancing rapidly in theory, yet their practical
application in unpredictable and privacy-sensitive educational natural environments remains a big challenge.

C. Wearable and Physiological Signal Integration

The integration of wearable technology introduces a new dimension in mention to digital mental health care by enabling the continuous monitoring of
physiological signals that correlate with psychological well-being. Wearable devices that monitor heart rate variability, blood oxygen saturation, sleep
cycles, skin temperature, and galvanic skin response, or GSR, have shown an ability to anticipate stress episodes before they become externally
Apparent: for example, recent research published on ArXiv. (2025) pointed out that predictive models using multi-modal wearable data to predict acute
stress events in students, Thus, it presents opportunities for proactive intervention. Yet despite these promising developments, actual adoptions and
integration of such biometric monitoring on Indian college campuses. Campuses remain minimal. The technological infrastructure available for the
real-time data analysis and intervention are often lacking, and most digital mental health platforms used in these settings do not incorporate physiological
inputs. This disconnect means that the potential for early detection and support— arguably one of the key, most compelling advantages of Al-driven
mental healthcare, therefore, remains largely unexploited in practice. Furthermore, issues of cost, accessibility, and user acceptance further come
facilitate the broad deployment of wearable- based systems in resource-constrained educational contexts.

2.2 Research Gaps and Problem with Existing solutions

Wysa and MindPeers have emerged as the leading digital mental health wellness platforms in India, catering to an increasingly growing number of
students seeking help for emotional and psychological challenges. But despite the popularity of both, platforms fall short in several key areas that
prevent them from fully catering for complex and diverse students’ needs. This is a pretty serious deficiency, especially in a high pressure academic

environment.

. Wysa is unique in its usage, starting with artificial intelligence to provide mental health support Based on the principles of cognitive-
behavioural therapy, Al powered chatbots lead users through techniques such as deep breathing exercises, journaling, and cognitive reframing. This
makes resources for mental health easily accessible. At any time. Research, including studies like Fitzpatrick et al. (2020), has demonstrated that
regular use of Wysa can lead to measurable reductions in symptoms of anxiety and depression. This immediate, on-demand support is especially for
students who may feel shy or unable to seek help through more traditional channels.
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. However, Wysa’s support is intrinsically reactive rather than proactive; the chatbot engages only when a user It initiates a conversation and
therefore cannot detect or respond to subtle shifts in mood or stress that might Wysa and MindPeers have emerged as leading digital mental health
Wellness platforms in India are catering to the needs of a growing Number of students seeking help for emotional and psychological challenges.
However, despite the popularity of both, platforms fall short in several key areas that prevent them from fully addressing the complex and multifarious
needs of the students. Especially in a high-pressure academic environment.

. Wysa appears to be the only such hub currently. artificial intelligence to provide mental health support Cognitive-behavioural therapy (CBT)
is grounded. This Al chatbot leads the user through such techniques as such as deep breathing exercises, journaling, and cognitive reframing, making
mental health resources easily accessible.

. However, Wysa’s support is fundamentally reactive rather than proactive. The chatbot engages only when a user Initiating a conversation
means it cannot detect or respond to subtle shifts in mood or stress that may be associated with stigma or sensitive issues. Language accessibility is
another challenge. Presently, MindPeers operates only in English, which This would exclude a sizeable section of Indian students who are more com
fortable in regional languages. This linguistic Apart from that, this barrier further restricts the platform’s reach and inclusivity. Finally, MindPeers does
not provide educational institutions with real-time analytics or aggregate data on student well-being, thereby limiting schools to identify and provide
support to at-risk students before problems escalate.

In general, both Wysa and MindPeers bring considerable value individually in tools to the table, their limitations highlight a broader need for innovation
in digital student mental health support. Students require solutions that go beyond individual intervention—they need places that provide a
feeling of community, respect linguistic and cultural diversity, and allow for easy collaboration between individuals and institutions. Continuous
automated monitoring, integration with campus support systems, access to affordable professional care, and peer-based support networks are all key
features that are missing in both Wysa and MindPeers. Until these gaps are addressed, many students will continue to face barriers in accessing timely,
holistic mental health support they deserve.

Comparison of Mental Wellness Platforms

MINDLEAP
Wysa
MindPeers
0 Low Medium High
[l Real-time monitoring [l Muttilingual support Peer support

B institutional analytics [} Wearable data integration

Fig.1 - Comparative performance of MINDLEAP, Wysa, and MindPeers across five mental health support features including real-time
monitoring, multilingual support, peer connectivity, institutional analytics, and biometric data integration.

2.3 Proposed Solution

A. Concept and System Overview

Overview of the Concept and System MINDLEAP isn’t some Al tool, it’s a full mental wellness ecosystem built for higher education students. Most
mental health apps wait for students to reach out. MINDLEAP flips that approach. It watches for early signs of emotional distress, using predictive Al
and a mix of monitoring methods so that students won’t have to reach rock-bottom. before seeking assistance. Here’s how it works: The system combines
Al-based emotion recognition, anonymous peer support, stress data from wearables, and institutional dashboards. Together, these pieces create a real-
time, personal, and ongoing support loop—so Care isn’t just there in a crisis; it is always present.

B.  Objectives

MINDLEAP focuses on six core aims: 1- Continuous Emotional Monitoring — It tracks mental strain in real time, picking up on behavioral cues-what
Students type, and even physical signals like heart rate. 2. Punctual Al-driven support: always on and empathetic Assistant provides emotional coaching,
stress relief tools, and advice from cognitive behavioral therapy. 3- Stigma- Free Engagement: Students receive anonymous peer support, making it easier
to reach out without fear or shame. 4- Data-driven mental wellness insights: The platform gives students’ personal analytics for self-awareness and
provides schools with the data to intervene early when needed. 5- Cultural Linguistic Inclusion- With support for multiple Indian languages and regions,
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no student gets left behind. because of where they’re from or what language they speak. 6- Preventive Care Approach — By spotting problems early,
MindLeap reduces both crisis events and the slide in academic performance that follows. These targets hit the gaps left by apps like Wysa and MindPeers,
which still don’t offer real campus integration, lack live analytics and cannot be read across multiple channels. Immediately.

C. Functional Workflow

The workflow for MINDLEAP moves in a cycle: Monitor UCS- understands, supports, and evaluates. Step 1: Acquiring Data- Text from chatbot
conversations- Facial emotion cues (using computer vision); Wearable biometrics: heart rate variability, SpO, sleep cycles)—coming soon Step 2:
Multimodal Emotion Analysis- Sentiment analysis using natural language processing by Fa- Emotion recognition using convolutional neural networks
Biometric Inference of Stress enabled by Machine Learning Step 3: Autonomous Intervention- Chatbot offers coping strategies and support- Sound
therapy kicks in during peaks of stress- peer chat channels match students anonymously Step 4: Personalized Insights- Weekly and monthly emotional
trend reports- Visualizations that make behavior changes overt Step 5: Institutional Wellness Analytics- Dashboards for mentors showing anonymized
student Trends-Alerts flag high-risk groups so that the staff can intervene early. The loop is not static; it keeps learning and adapting and responding-so
each student gets support that fits their unique, changing needs. Together, these features create India’s first fully integrated campus mental wellness
ecosystem, going beyond reactive symptom management to ward preventive and predictive well-being care.

3. Methodology

MINDLEAP is designed as a modular, scalable system that combines leveraging multiple Al tools for real and ongoing mental wellness. support into
higher education settings. This isn’t just another app-it is designed for continuous emotional monitoring, personalized interventions, and active support
from the institution. The aim is to close the gaps that keep showing up in both. basic research and industrial offerings. The methodology breaks down
into five main pieces:

TABLE1

UNIQUE VALUE PROPOSITIONS OF MINDLEAP COMPARED WITH EXISTING PLATFORMS

Feature [Existing Platforms MINDLEAP Advantage
Chatbot Support [Wysa (CBT-based) [Emotion-aware, studentcentric Al support
Screening Tools MindPeers (basic self-assessments)  |Extended psychometric tools including PHQ-9,

(GAD-7, custom surveys

Real-Time Monitoring INot available [Wearables + continuous emotion sensing

[Peer Mental Support Limited or absent [Fully anonymous peer community platform
Institutional Analytics INot supported [Dashboard for mentors with early risk alerts
Multilingual Support Mostly English Regional Indian language adaptation
Intelligent Interventions Only guided meditation Al-triggered sound therapy during stress peaks

MINDLEAP - Al Powered Mental Wellness System
System Architecture Diagram
INPUTS Al MODULES OUTPUTS
a0 User Activity & Data
App 7 3 ‘

o | [ T

Wearable S. s Data > Foou.
HRY, Sieep, Sp02 CNN Facial [t Anaivsis Dashboard

E Y >
Video Recognition i Trends & ituti
Face Emotion Stream Lo Ang:;acs ot |ﬂ‘5't‘l:l'.lymml
Camera L ai
Engine Dashboard
s Emation
Queries/Responses NLP Chatbot | S*assification
Chatbot Text (LORA + RAG) = Real-time
Critical Risk Alerts
— — - — uo:ncnnom
Screening Forms “#| Questi ire
PHO-9, GAD-7 Form Responses | Scoring Engine Scored Results

Fig. 2 System architecture of the proposed MINDLEAP Al-powered mental wellness system showing multimodal data sources, core Al
modules, and institutional dashboards.
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3.1 Backend Architecture (Python-based System)

We use Python for the backend. It’s the obvious choice—Python’s ecosystem covers everything from Al to NLP to Computer Vision, right now Flask
runs as an application server, keeping the frontend integration simple and the whole System lightweight. But there’s a plan on the table to move With
FastAPI, which will bump up performance, let us handle requests asynchronously and scale out as microservices when student numbers grow. Core
backend responsibilities: User authentication and profile management Bot communication and emotional inference routing Logging data for mental

health analytics Secure anonymization so peersupport chats remain private
3.2 Al Chatbot System

The Chatbot is the front line of MINDLEAP. It handles emotional conversations, crisis moments, and cognitive reframing. This is where most students
will interact first. Technical approach: - Supports both third-party LLM APIs and our own finetuned models. - Uses LoRa on a dataset with a focus on
mental health over which to specialize its responses Implements Retrieval Augmented Generation (RAG) to pull in reliable, psychoeducational content
before answering. What does this get us? - Hallucinated responses are less likely to occur - More empathetic tone that fits student realities - The ability
to scale up and adapt to changing institutional content

3.3 Computer Vision FER Model

MINDLEAP’s FER catches: subtle emotional clues while students use the chatbot or app. It’s passive; no extra effort is needed from the user. How it
works: Deep learning using a CNN-based model for stress detection. sadness, anger, fear and neutral states - Designed to be lightweight, hence it handles
real-world camera conditions. Runs make inference locally for privacy and faster response It addresses real-life problems: Poor lighting in the dorms
glass or masks that obscure the expressions Fast emotional ups and downs due to stress This is supported by recent multimodal affective computing. The
research-yes, vision-based emotion detection helps. spot distress more quickly

3.4 Wearable Device Integration

Moving forward, the platform is poised to integrate easily with various wearable devices ranging from head caps, smart eyeglasses, and smartwatches,
continuous collection of rich biometric data such as heart rate variability, sleep quality metrics, blood oxygen saturation (SpO), and skin temperature. By
leveraging these real-time physiological signals, the system can assemble a rich and complex picture of each user’s wellbeing. Machine learning
algorithms are used to examine both short-term fluctuations and long-term trends in this data so that the system can not only detect acute stress
responses but also predict periods of Increased vulnerability: When early signs of distress are detected-perhaps a sudden drop in sleep quality or
persistently elevated heart rate, the system can immediately send personalized notifications, timely follow-ups, or trigger supportive Interventions
tailored to the user’s current state. Recent advances in biosignal research underline the particular value of physiological markers, which often show signs
of anxiety or mental strain well before a user may consciously recognize that fact. It positions the platform to intervene proactively by providing: it
provides assistance at the earliest possible stage, thereby possibly preventing more serious mental health issues from arising. Its integration process is
strong and well-pipelined: its first Raw data is securely captured using the wearable device’s SDK. Sensor data constitutes raw input that is then
subjected to advanced Signal processing techniques to filter out artifacts and extract clinically relevant features. Refined data is then fed into a
sophisticated stress classifier, constantly updated with new training data to improve prediction accuracy. When the System IDs patterns indicative of
impending distress. It can automatically trigger an Al-powered intervention. These Interventions are diverse and adaptive-they may include an
empathetic chatbot conversation, guided breathing exercises. sound-based relaxation therapies, or direct alerts to trusted Contacts, depending on the
user’s preferences and risk profile. Wearable integration therefore not only increases self- awareness but also forms the backbone of a responsive,
always-on mental health support system.

The integration process follows a robust pipeline: initially, the wearable device’s SDK is used to securely capture raw sensor data. This raw input is
then subjected to advanced signal processing techniques that filter out artifacts and extract clinically relevant features. The refined data is fed into a
sophisticated stress classifier, continuously updated with new training data to improve prediction accuracy. When the system identifies patterns
associated with impending distress, it can automatically initiate an Al-driven intervention. These interventions are diverse and adaptive—they may
include an empathetic chatbot conversation, guided breathing exercises, sound-based relaxation therapies, or direct alerts to trusted contacts, depending
on the user’s preferences and risk profile. As a result, the wearable integration not only augments self-awareness but also forms the backbone of a
responsive, always-on mental health support system.

in

Fig.3 - Multimodal emotional inference pipeline integrating webcam input, CNN-based FER model output, stress estimation, and automated
interventions.
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3.5 Screening & Clinical Questionnaires

To ensure that assessments remain scientifically robust The platform, actionable, includes gold-standard clinical questionnaires such as the PHQ-9 for
depression and the GAD?7 for anxiety, supplemented by customizable, in-depth surveys based on modern psychological research. These tools are designed
to capture a wide spectrum of symptoms and experiences, offering a granular understanding of each user’s mental health status. The Web-based system’s
intelligent scoring engine processes responses in real time, assigning evidence-based Labels and generating individualized feedback. Beyond simply
identifying risk, the platform provides clear, practical follow-up recommendations—everything from self-guided activities to professional counseling
referrals—based on the user’s unique profile and current needs. This integration of those assessments is a key innovation. with counselor dashboards,
ensuring human oversight remains central to the process. When users score above certain clinical thresholds or display problematic patterns, mental
health professionals are contacted and can intervene directly, providing a mix of digital and human support. It deals with a critical gap in most digital
mental health tools, which often lack mechanisms for expert review and continuous monitoring. Besides, the system monitors users’ responses over time.
The longitudinal mental health record that can reveal subtle changes, emerging patterns, and early signs of relapse. This enables both the users and the

clinicians to make informed decisions, optimize pathways of care, and ultimately improve Long-term outcomes.
3.5 System Workflow Architecture

The overall architecture of the system is designed for comprehensive, multimodal engagement and proactive support. The workflow starts the instant a
user connects-whether via a mobile application, a wearable device, or through other input channels. The platform immediately begins gathering a
holistic array of data, including but not limited to text and voice input. but also, in facial expressions and physiological biosignals. This multimodal
approach allows the system to cross-validate distress signals, hence enhancing its reliability and sensitivity in its assessments. Central to the workflow is
a powerful, multimodal Al engine that synthesizes these diverse data streams to generate a real-time assessment of the user’s mental state. This
assessment is then interpreted by the recommendation engine, which dynamically determines the most appropriate next steps, which might may include
starting a helpful chatbot session, linking the Refer client to peer support groups and recommend evidence-based relaxation protocols such as sound or
mindfulness therapy, or-if the risk profile warrants-escalating the case to institutional Follow up would be made by either administrators or human
counsellors. Both user and institutional stakeholders benefit from transparent, configurable dashboards that visualize key metrics, trends, and action
items. This allows the design to ensure support is not just reactive but anticipatory; the system can spot, identify worrisome trends and mobilize resources
before a crisis develops. By closing the feedback loop between users,

Clinical Screening Pipeline in MINDLEAP

personalized
PHQ-S, recommendations
GAD-7, 5 scoring 3 risk
custom engine labeling
campus form
Al chatbot +
mentor review

Fig.4 - PHQ-9, GAD-7, and custom questionnaire data processing pipeline in MINDLEAP with risk scoring and Al-driven support
recommendations.
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Fig. 5 System architecture of the proposed MINDLEAP Al-powered mental wellness system.

Digital Coupled with interventions and human experts, the platform creates a truly One integrated ecosystem for mental health management. that
empowers individuals while keeping institutions actively Involved in monitoring, prevention, and early intervention. This Holistic approach represents

a significant evolution beyond traditional, siloed mental health tools, fostering a culture of Continuous support and shared responsibility.

4. Dataset Description

Developing a student-centered mental wellness platform like MINDLEAP requires more than sophisticated algorithmic design; it fundamentally
depends upon the availability and Thoughtful integration of authentic, diverse data that reflects real-life language, behaviors, and emotional states of
students through difficult times, including stress, anxiety, and depression. The strength of MINDLEAP’s multimodal mental wellness Al is built on a
robust data backbone, which integrates well respected open-source data sets and a growing repository of proprietary and carefully curated data. The
hybrid approach here will ensure the platform is not only scientifically grounded but also contextually tuned to the unique needs of its user base.

A. Chatbot Training Dataset

At the core of MINDLEAP lies its conversational chatbot. It is designed to provide sympathetic and relevant support, and its success is based on the
quality and range of its training data. For this purpose, the development team sourced specialized dialogue datasets from Kaggle and other public
repositories, each emphasizing mental health-related exchanges. These resources include: Authentic human—AI counseling dialogues that capture the
nuances of therapeutic interactions- Examples of cognitive reframing, which model ways of helping users reinterpret Negative Thoughts Supportive
message templates tailored for those suffering from stress or depressive symptoms Comprehensive mood-focused question—answer pairs regulation and
emotional well-being The activities have been deliberately designed to be highly flexible because it is recognized that cultural and educational context
significantly influence the ways in which students communicate and request assistance. The team augmented these datasets with a targeted layer of
domain-specific instruction prompts. Working from a Retrieval Augmented Generation (RAG) framework, they incorporated curated psycho-
educational materials, such as stress management tips and self-care advice to enhance the chatbot’s ability to deliver context-aware, relevant guidance.
Such enrichment allows for interactions that might more meaningfully resonate with Indian students, reflecting their experiences and specific
challenges.
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Dataset Overview for MINDLEAP Al Mental Wellness System

Data Volume (Count) Dataset Composition by Type

Questionnaire Entries
o~ (200+, ~0.2%)
T _ e " : 7

Chatbot Diaiogues

(50.000, -39 8%)
ki

FER Images

Questionnai'e Enires ’ 200+
(75,000, ~60.0%)

0 20,00% 40% B0% 80
W FERImages Il Cratbot Dialoguos Questionnaire Entrios

Note: Wearable Data consists of continuous prototype signals and is not represented in these charts by a discrete count.

Fig.6 - Training and real-world accuracy comparison of the MINDLEAP facial emotion recognition(FER) model on student mental state
detection.

B. Questionnaire Psychometric Dataset

Standardized tools such as the PHQ-9 and GAD-7 are recognized internationally to measure depression and anxiety. However, Yet, there is a noticeable
lack of publicly available datasets that align with these instruments with the cultural realities of Indian students. To bridge this gulf, MINDLEAP’s
researchers undertook the creation of a customized dataset engineered to be both scientifically rigorous and locally meaningful, the dataset features: A
tailor-made questionnaire in line with PHQ-9 and GAD-7 standards, supplemented by more than 25 additional questions probing broader aspects of
well-being, such as social connectedness, academic pressure, and sleep quality in detail. mapping of emotional patterns to cumulative psychometric
scores, and thus nuanced classification of users into mental health categories ranging from minimal symptoms to severe distress- Stringent ground truth
validation achieved by systematic cross-referencing with global scoring rubrics and Expert clinical input ensures that the resulting data maintains both
reliability and diagnostic accuracy All the data collection and processing methods adhere strictly to Following ethical protocols, ensuring participant
anonymity, and observing the highest standards of clinical relevance.

C. Facial Emotion Recognition Dataset

The computer vision module of MINDLEAP is designed to interpret students’ facial expressions as an additional, nonverbal a dimension of mental
health assessment. To train this module, the platform draws on three leading datasets for facial emotion recognition: FER-2013, which includes a wide
variety of annotated facial expressions. images across different demographic groups like RAF-DB that provides richly labeled data on both basic and
compound emotional states- CK+ (Extended Cohn-Kanade Dataset), renowned for its high-quality recordings of facial micro expressions by using
these complementary sources, MINDLEAP ensures its Al is able to pick up on even the subtlest of emotional cues-from f leeting expressions of surprise
or fear to Sustained indicators of sadness or anger. Once detected, these facial states are algorithmically mapped and correlated with self-reported data
that furnishes holistic insights into a student’s current mental wellbeing. This multimodal fusion enhances the platform’s diagnostic sensitivity and
helps identify those at risk. people who might otherwise go unnoticed.

D. Ethical Handling and Privacy Compliance

At the heart of MINDLEAP’s vision lies an enduring concern for ethical integrity and user privacy. The platform implements an all-encompassing
privacy framework which includes:- Informed consent: Anyone using this app must know and be in a position where he or she can give informed
consent to the data collection, processing, and sharing. Communication about Data Usage and Protections- Robust anonymization protocols ensure that
no personally identifiable information is ever stored locally, such as raw facial images. or transmitted insecurely- End-to-end encryption for all data
streams, including both wearable sensor signals and protect survey responses, housing sensitive information. from unauthorized access- Full
compliance with the mental health and data protection policies as laid down by NIMHANS, Customized for the Indian educational context: Continuous
auditing and reviews to keep in step with changing ethical standards. and technological best practices by putting these safeguards in place, MINDLEAP
not only the configurator builds trust with its users but also establishes a model for responsible, student centric mental health technology in India and
beyond.
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Table I Dataset Overview

Dataset Type Source Size Primary Use

Chatbot Dialogs Kaggle ~50k INLP response generation for mental
health support

FER Images FER-2013, RAF-DB, CK+ |<75k [Facial emotion recognition model
training

Wearable Signals IPrototype tests Continuous Stress inference via HRV and sleep
data

Questionnaires Self-curated + public scales 200+ entries [Mood scoring severity (PHQ-
9,GAD-7)

5. Results and Performance Evaluation

This section measures MINDLEAP’s modules based on technical performance and user-experience benefits compared to existing platforms such as

Wysa MindPeers.
A. Chatbot Response Efficiency Two versions were evaluated:
1- LoRa-fine-tuned chatbot
2- API-based generative model (RAG-enhanced)
Table III
ChatBot Performance Evaluation
|Evaluation Metric LoRa Fine- Tuned RAG + API
IAvg. Response Time 4.2 sec 1.9 sec
[Empathy Score (User Good Study) [Excellent
[Mental Health Accuracy Moderate High
B. Face-Emotion Recognition Model Performance

The CNN-driven facial emotion recognition model showed excellent performance: the training accuracy reached 92.1 percent. In practical, real-world
classroom environments, its accuracy remained high at 88.3 percent, indicating having strong generalizability outside of controlled settings. The modest
decrease in performance outside the laboratory can largely be attributed to a number of real-world challenges, including variable lighting conditions,
differences in camera hardware quality, and intentional suppression or masking of emotions by students. These factors emphasize the complexity of
accurately interpreting human emotions dynamically, everyday in contexts where slight facial cues may be more subtle or intentionally hidden. To
enhance the robustness further, This will enhance the model’s potential for efficiency and reliability in future versions that could incorporate additional
modalities, including the analysis of the tone and prosody of students’ voices together with facial expressions. This multimodal approach can potentially
capture more spectra of emotional signals and helps the system more. Accurately interpret more nuanced or ambiguous affective states. Enhancements
such as these could make the FER model even more effective for applications like remote learning, mental health monitoring, or adaptive educational

technologies.
FER Model Performance in Training vs Real Environment
94 ~&— MINDLEAP FER Model Accuracy
92
92 -—
90 S <
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Fig.7 - Training and real-world accuracy comparison of the MINDLEAP facial emotion recognition (FER) model on student mental state
detection.
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C.  User Feedback Study (Pilot)

A survey was conducted among 40 students after interacting with MINDLEAP for 1 week:

Table IV
User Experience Feedback Survey Results

Feedback Parameter Satisfaction Rate
Ease of Use 92%
(Comfort with Anonymous Peer Support 88%
Helpful Chatbot Guidance 85%
Feeling of Improved Well-Being 76%

Student Feedback After 1-Week MINDLEAP Pilot

Ease of use

Sense of well-being
improvement

Anonymous
| peer comfort

~ o

Helpful chatbot guidance

Fig.8 - Student experience feedback from a one-week pilot study measuring usability, anonymous peer comfort, chatbot helpfulness, and

perceived well-being improvement.

D. Institutional Analytics Outcomes
Unlike Wysa/MindPeers, MINDLEAP offers: Campus-wide stress pattern alerts High-risk student identification (privacy preserved) Evaluation of
mentor interventions This enables universities to take preventive action rather than reactive counseling requests.
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6. Discussion

Early results from MINDLEAP show real promise. This Al powered mental wellness system pulls together conversation It has everything-included tool,
emotion sensing, analytics, and accessibility. place, and actually puts students first. It’s changing how psychological support works at colleges and
universities. Here’s A look at what it does well and what it does poorly, the roadblocks to get it up and running, and how it fits with the national
education framework.

A.  Strengths of the Proposed System

One of the biggest strengths of MINDLEAP is how it blends different ways to track mental health: you’ve got students checking in on their own moods,
while Al watches for emotional cues through facial expressions—and soon, even The wearable devices will feed in signals. Such a kind of setup helps
spot early signs of a student’s mood heading downbhill, so support can kick in before things get too tough. The anonymous peer-support network really
changes things. It gives them space to open up without any apprehension of stigma, which is a huge deal in Indian colleges where mental Health can be
a taboo subject. The built-in screening and Analytics tools won’t just give generic advice; instead, they will show students identify real patterns in their
mental health. Meanwhile, The mentors have a better view of who may potentially struggle, and all while respecting individual privacy-only group-level
results are made available. MindLeap doesn’t stop at just English speakers in cities. either. It’s got regional language support and psychoeducation
resources, so even students in rural areas or those less comfortable with English aren’t left out. When the Al notices if someone’s stress starts spiking, it
can jump in with something: practical—such as the binaural audio therapy—to help students man- age the day-to-day pressures.

B.  Where the Prototype Still Needs Work

There is still a lot to iron out. The custom chatbot, for example, can lag and requires deeper understanding of Psychology to really help students. The
wearable module isn’t ready for prime time yet; it still needs to be tested with real biometric data. The facial emotion recognition model can struggle in
bad lighting or when students aren’t showing their true feelings on camera. Plus, there’s a long way to go before MINDLEAP gets rolled out at scale
across all kinds of Indian Campuses- this will require robust partnerships and sound ethical guidelines

C. Deployment Constraints

Where scaling up is going to be a real test, the backend cannot remain on a simple Flask server forever; moving to FastAPI and a Setup with containerized
microservices is next on the list. Data Privacy and ethics aren’t just boxes to check, they’re make- make-or-break, especially when colleges start to utilize
these tools. Students have to have faith in the system, so being open about how the Al works and ensuring data sharing is always Opt-in is not negotiable.
And then there is the hardware side: the availability and standardization of cameras and wearables is needed. or students from less privileged backgrounds
may get left behind. Behind.

D. Alignment with NEP 2020 Indian Student Support Vision

The National Education Policy 2020 has put big spotting in India. Mental health, peer mentorship, and leveraging technology to make Learning less
stressful and more flexible. MINDLEARP lines They align perfectly with this vision by helping students build emotional resilience, personalized support,
and breaking down stigma through anonymous community spaces and giving colleges data-driven ways to steer campus well-being. In short, MINDLEAP
supports the push to build campuses. where students aren’t just getting by—they’re thriving, both in their studies and in their mental health.

7. Conclusion and Future Scope

Mental health issues among students continue to deteriorate. Academic stress, pressure to fit in, and not enough timely psychological support all play a
part. Traditional Counseling just can’t keep up; it doesn’t offer that ongoing proactive help students need. This research shows that Al- Technology-
driven tools can really change the way colleges and universities support mental health. They allow the process of understanding the emotions in real-
time, monitor behavior from different angles, and allow students to ask for support without disclosing their identity. MINDLEAP brings everything
together in one place: con- Conversational empathy, emotion detection from facial expressions, data from wearables, and psychometric assessments.
Most digital tools out there work in isolation, but MINDLEAP takes a different route. It focuses on early warning, personal- individualizing support for
every student, and giving institutions a greater picture so they can step in before things get out of hand. With features including multilingual support,
smart sound therapy, and privacy-first analytics are designed to tackle the cultural, linguistic and accessibility barriers faced by Indian students. The
technology behind MINDLEAP keeps moving forward. At present, this work provides a solid basis for intelligent mental health systems built for
predictive care-exactly the Type of approach that befits national priorities such as NEP. 2020 is focused on holistic well-being and sustainability.
academics. As development continues, clinical trials, adaptive Care powered by reinforcement learning, and deeper wearable Integration will all help in
making the system more accurate. reliable, and effective. In the end, MINDLEAP demonstrates how Al can push mental health care away from just
reacting to crises and toward a model that’s truly proactive, preventive, and personal. The goal is simple-build emotionally strong campuses and give
students a better quality of life. This research doesn’t just present a new solution—it points the way to a brighter future for student mental health
technology.
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Already, with the current prototype, MINDLEAP shows a lot of promise for real-time mental wellness support in colleges and universities, but the big
vision is turning it into a Clinically proven, completely independent mental health Companion. What’s next? Easier to Use, Smarter in Prediction issues,
more inclusive for different cultures, and ready for the real world.

A. Edge Al Private, Real-Time Monitoring

Soon, MINDLEAP will use more of its brainpower directly. on your device. That means it’ll pick up on facial emotions. and early signs of stress right
there, without always pinging the cloud. This serves a number of important functions: Cuts down on lag and maintains the system running smoothly.
Keep sensitive data private-your face and feelings never have to leave your device Helps students who live in places with spotty internet Using this edge
processing, students can check in much safer, quicker, and more conveniently even offline because of their well-being, more reliable.

B.  Multilingual Rollout

India is a patchwork of languages and cultures, so MINDLEAP is getting a serious language upgrade. Here’s what’s coming: Support for over 10 regional
languages. including Hindi, Marathi, Tamil, Telugu, Bengali, Gujarati, and many more Smarter understanding of how people express emotions in
Different languages Voice support, so that people of rural areas and those having low Literacy, or anyone having Easily used by people with vision issues.
This makes MINDLEAP more inviting, and brings it into line with government rules about accessibility

C.  Adaptive Emotional Care with Reinforcement Learning

The chatbot and support tools are about to get a lot more personal. MINDLEAP will, through reinforcement learning, actually learn what works for each
student—over time. You’ll see: More reflective, empathetic dialogue Automatic adjustments in how it chats - based on your responses Smarter, more
relevant advice and coping strategies built on your personal History MINDLEAP will not just be another chatbot. It will feel more like a real companion
that grows with you.

D. Real-Time Crisis Alerts

One of the biggest upgrades is real-time crisis detection. MINDLEAP will point out warning signs including: Sudden drops in heart rate variability, or
weird sleep patterns Tiny facial cues that reflect tension Negative speech changes response to questions or interaction with others Sharp declines in mood
or mental health questionnaire scores. When these markers pop up, MINDLEAP will quietly alert your assigned mentor or the campus mental health
team-always respecting your privacy. The goal is to catch problems at the outset, before things spiral into panic attacks or worse.

E. Clinical Validation and Healthcare Partnerships

For MINDLEAP to be truly trustworthy, it must follow strict medical standards. Okay, so here is what’s on deck: Working directly with licensed
psychologists and psychiatrists Running pilot programs in schools, colleges, and even Hospital mental health clinics following international guidelines
of the WHO and DSM-5 Getting all the right approvals for handling real student data. These partnerships will help prove that recommendations given by
MINDLEAP are appropriate, and safe, hence students can rely on the support they receive.

F.  Summary of Future Direction

MINDLEAP will evolve over time into a: Preventive, INTELLIGENT, CLINICALLY RELIABLE AI MENTAL HEALTH GUARDIAN FOR
Students

Future Enhancements of MINDLEAP

Reinforcement Clinical validation
Edge Al real-time Muitilingual learning Crisis detection + institutional
monitoring rollout personalization and alerts partnerships

Fig.10 - Planned system enhancements including edge AI monitoring, multilingual deployment, reinforcement learning personalization, crisis
alerts, and clinical validation partnerships.



International Journal of Research Publication and Reviews, Vol (6), Issue (12), December (2025), Page — 2044-2057 2057

REFERENCES:

—_

Fitzpatrick et al. (2020)--Delivering Cognitive Behavioral Therapy Using a Conversational Agent (Woebot) JMIR Mental Health, 7(7):e14817

]
[2] MindPeers Mental Strengths Research (2023)--Psychological Wellness Index and Screening Framework MindPeers Research Highlights
[3] Emotion Recognition of Shadow and Social Personalities using IoT-Enabled Video Analytics Publisher: IEEE
[4] IEEE INTERCON (2024). CBT Chatbot for Exam Stress using ChatGPT
[5] Wysa — Al-powered mental wellness chatbot & self-help toolkit (free + premium human support) https:/www.wysa.com
[6] MindPeers — Online mental wellness screening & self-assessment platform https://www.mindpeers.co
7 The Performance of Wearable Al in Detecting Stress Among Students: Systematic Review and Meta-Analysis (JMIR, 2024)
[8] The Role of Al-Powered Chatbots in Reducing Student Anxiety in Online Learning Environments (IJRASET, 2025)
[9] Implementing Cognitive Behavioral Therapy in Chatbots to Reduce Students’ Exam Stress Using ChatGPT (Conference Paper, 2025)

[10] Detection and Monitoring of Stress Using Wearables (2024 Review)
[11] Students' Burnout Symptoms Detection Using Smartwatch AI (2025)



https://mental.jmir.org/2017/2/e19/?utm_source=chatgpt.com
https://mental.jmir.org/2017/2/e19/?utm_source=chatgpt.com
https://www.mindpeers.co/science?utm_source=chatgpt.com
https://www.mindpeers.co/science?utm_source=chatgpt.com
https://ieeexplore.ieee.org/document/11254753
https://ieeexplore.ieee.org/document/11254753
https://www.researchgate.net/publication/388202029
https://www.wysa.com/?utm_source=chatgpt.com
https://www.mindpeers.co/?utm_source=chatgpt.com
https://www.jmir.org/2024/1/e52622/?utm_source=chatgpt.com
https://www.jmir.org/2024/1/e52622/?utm_source=chatgpt.com
https://www.ijraset.com/research-paper/the-role-of-ai-powered-chatbots-in-reducing-student-anxiety?utm_source=chatgpt.com
https://www.ijraset.com/research-paper/the-role-of-ai-powered-chatbots-in-reducing-student-anxiety?utm_source=chatgpt.com
https://www.researchgate.net/publication/388202029_Implementing_Cognitive_Behavioral_Therapy_in_Chatbots_to_Reduce_Students%27_Exam_Stress_using_ChatGPT?utm_source=chatgpt.com
https://www.researchgate.net/publication/388202029_Implementing_Cognitive_Behavioral_Therapy_in_Chatbots_to_Reduce_Students%27_Exam_Stress_using_ChatGPT?utm_source=chatgpt.com
https://www.frontiersin.org/articles/10.3389/fcomp.2024.1478851/full%20%20%20Frontiers
https://www.mdpi.com/3042-5999/1/1/2?utm_source=chatgpt.com

