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Abstract—This paper presents an Al-driven chatbot designed to
enhance mental well-being through a more comprehensive and
context-aware approach compared to existing text-only systems. In
addition to natural language interaction, the proposed platform
integrates advanced analytics, including continuous sentiment and
emotion analysis, monitoring of daily lifestyle factors (such as sleep,
diet, and physical activity), and the use of standardized clinical
assessment tools like the PHQ-9.4 central feature of the system is its
automated risk detection and escalation mechanism, which identifies
early signs of psychological distress and facilitates timely referral to
a human counsellor or appropriate crisis support services when
necessary. Beyond individual interactions, the platform also
incorporates a moderated, always-available peer support micro-
community. This environment enables users to share experiences and
coping strategies in a safe and controlled setting. The system is
evaluated through simulated user interactions, employing proxy
metrics such as longitudinal changes in PHQ-9 scores, sentiment
trends, response relevance, and accuracy in early crisis detection.
Initial results indicate that the integration of multimodal data sources
improves mood monitoring and enables earlier intervention
compared to conventional text-based mental health chatbots.

Keywords— Mental health chatbot, sentiment analysis, lifestyle
tracking, risk escalation, peer support, personalization, game-based
learning,  educational analytics, behavioural assessment,
gamification.

I INTRODUCTION

Mental health disorders, such as depression and anxiety,
represent major public health challenges worldwide and are
among the leading causes of disability. Recent
epidemiological studies estimate that over one billion
individuals are affected by these conditions; however, a
substantial proportion still lack access to timely and
comprehensive professional care. Barriers such as social
stigma, financial limitations, shortage of trained clinicians,
and geographical constraints continue to restrict the
accessibility of mental health services.

In this context, artificial intelligence (Al), particularly
conversational agents (chatbots), hasemerged as a promising,
scalable, and accessible solution for mental health support. By
offering continuous availability and preserving user
anonymity, these systems help reduce barriers to care.
Contemporary mental health chatbots are increasingly utilized
to deliver psychoeducational content, conduct preliminary

screenings, and facilitate basic therapeutic interactions,
serving as a complement rather than a replacement for
traditional mental health services.

To address existing limitations, this work proposes a
multimodal mental health chatbot platform that integrates
diverse data streams and support mechanisms within a unified
framework. The chatbot engages users through open-ended
conversations while continuously analyzing linguistic cues to
assess sentiment and emotional tone. Simultaneously, the
system collects structured lifestyle and behavioral data—such
as sleep patterns, physical activity, and self-reported habits—
through periodic questionnaires or optional wearable device
integration. Additionally, validated clinical screening
instruments, including the PHQ-9, are administered
conversationally at regular intervals instead of through
standalone surveys.

By combining continuous emotional signals with
standardized clinical assessments, the system constructs a
comprehensive and longitudinal representation of an
individual’s mental state. Based on this integrated model,
adaptive personalization techniques dynamically tailor the
chatbot’s conversational style, pacing, and recommended
coping strategies according to the user’s history, preferences,
and evolving needs.

A key component of the platform is a continuous risk
prediction engine that monitors real-time data streams. When
predefinedrisk thresholds are exceeded—such as persistently
high PHQ-9 scores or language indicative of self-harm—an
automated escalation protocol is activated. This mechanism
connects users to appropriate human support, including trained
counselors, trusted contacts, or emergency services when
required. By embedding crisis detection and escalation at the
core of the system, the platform aligns with emerging ethical
and safety standards in digital mental health, prioritizing
timely intervention for high-risk individuals.

In addition to individualized support, the platform
incorporates a continuously available, professionally
moderated peer-support micro-community. This space enables
users to share experiences, provide encouragement, and
exchange coping strategies within a safe and supervised
environment. Active moderation ensures the quality of
discussions while minimizing the risk of misinformation. This
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social component complements chatbot-based support by
leveraging the well-established benefits of peer interaction in
mental health recovery.

The primary contributions of this work are summarized as
follows:

e A novel multimodal chatbot architecture integrating
natural language interaction with continuous emotion
analysis, lifestyle and behavioral tracking, and validated
mental health assessments.

e Adaptive personalization mechanisms that tailor
conversational behavior and interventions based on
individual user profiles and longitudinal data.

e An automated crisis detection and escalation module that
enables timely transition from high-risk users to
appropriate human support systems.

e An integrated and professionally moderated peer-support
community that enhances individual care through social
reinforcement.

Furthermore, a comprehensive evaluation framework is
proposed, based on simulated user interactions and proxy
outcome measures such as PHQ-9 score trajectories, sentiment
analysis accuracy, response relevance, and precision in crisis
detection.

II. RELATED WORKS

Digital mental health interventions have gained significant
scholarly attention over the past decade, as researchers and
practitioners increasingly recognize the need for scalable
solutions to address the global shortage of mental health
services. Among these approaches, conversational agents and
chatbots have emerged as particularly promising due to their
wide accessibility, ability to preserve user anonymity, and
capacity to engage individuals through natural language
interaction. Early work by Miner et al. demonstrated that
mental health chatbots can generate appropriate responses to a
broad range of psychological and emotional concerns,
positioning them as potential first-line support tools alongside
clinicians [1]. Their findings also suggest that such systems
can help overcome barriers such as stigma and hesitation,
which often prevent individuals from seeking traditional
mental health care.

Subsequent research has focused on the therapeutic
potential of chatbots within structured mental health
interventions. Fitzpatrick et al. developed a fully automated
conversational agent delivering cognitive behavioral therapy
(CBT) techniques to young adults and reported significant
reductions in symptoms of depression and anxiety following
short-term use [2]. Their randomized controlled trial
highlighted the clinical effectiveness of chatbot-based
interventions, particularly for individuals with mild to
moderate symptoms. However, the system relied heavily on
scripted interactions, prioritizing therapeutic content over
personalization, thereby limiting adaptability across diverse
user profiles.

Advancements in natural language processing (NLP) and
sentiment analysis have further enhanced the intelligence of
mental health chatbots. Calvo et al. explored affective
computing techniques to assess psychological states from
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textual data, identifying correlations between linguistic
features—such as pronoun usage and emotional valence—and
mental health indicators [5]. Similarly, Chancellor et al.
investigated predictive models capable of identifying risks of
depression and anxiety through social media language
patterns, demonstrating that machine learning can infer mental
health risks with reasonable accuracy [4]. While these studies
highlight the value of sentiment analysis, reliance on text-only
emotion detection remains limited due to its lack of contextual
depth and potential for misclassification.

Parallel efforts have examined the integration of
standardized mental health assessments into digital platforms.
Instruments such as the PHQ-9 and GAD-7 are well-validated
in clinical settings and have been successfully adapted for
digital use. Kroenke et al. established the reliability of the
PHQ-9 as a concise yet effective measure of depression
severity [8]. More recent studies suggest that delivering these
assessments through conversational interfaces maintains their
psychometric validity while improving user engagement.
However, such tools are often implemented as standalone
surveys and are not dynamically integrated with
conversational or emotional analysis.

A critical limitation identified across multiple studies is the
lack of robust automation in risk escalation and referral
mechanisms. Torous et al. highlight ethical concerns regarding
Al-driven mental health tools, particularly their inadequate
response to high-risk situations such as suicidal ideation [12].
Empirical evidence indicates that many chatbot systems either
delay intervention or fail to refer users to human professionals
when severe distress is expressed. This gap has led to the
recommendation of hybrid models in which Al supports
monitoring and early detection, while critical decision-making
remains under human supervision.

Another underexplored dimension in mental health chatbot
research is the integration of holistic well-being factors. While
the relationship between mental health and lifestyle
variables—such as sleep, physical activity, diet, and social
interaction—is well established in psychological literature,
most chatbot systems focus narrowly on conversational
therapy or symptom screening. Mohr et al. argue that
sustainable digital mental health interventions must
incorporate behavioral and lifestyle factors to achieve long-
term impact [15]. Despite this, few systems effectively
integrate lifestyle data into emotional analysis or risk
prediction models, limiting their ability to provide context-
aware and personalized support.

Social and peer-based support mechanisms represent an
additional gap in current research. Studies on online mental
health communities indicate that moderated peer interaction
can reduce loneliness, enhance adherence, and improve
emotional resilience. However, most chatbot systems operate
as isolated one-to-one tools without integrated community
support features. Where peer support exists, it is often
disconnected from Al-driven monitoring, resulting in
fragmented user experiences.

In summary, existing research provides strong evidence
that mental health chatbots, sentiment analysis, and digital
assessment tools can independently contribute to improved
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mental health support. Prior studies have demonstrated the
feasibility of conversational therapy, emotional state detection,
and digital screening mechanisms [1-5, 8]. Nevertheless,
significant gaps remain in areas such as multimodal
integration, personalization, automated risk escalation, holistic
lifestyle incorporation, and coordinated peer support. To
address these limitations, the present work proposes a unified
mental health support system that integrates conversational
Al sentiment analysis, structured assessments, lifestyle data,
automated escalation mechanisms, and a moderated peer-
support micro-community. By bridging these domains, the
proposed approach advances digital mental health toward a
more comprehensive, context-aware, and ethically responsible
framework.

I

To address the growing limitations of existing digital
mental health interventions—particularly in terms of early
detection, sustained engagement, and timely intervention—a
Multi-Modal AI Mental Health Companion System
(MMHCS) is proposed. Unlike conventional text-only chatbot
systems, MMHCS adopts an integrated and context-aware
framework that continuously evaluates users’ affective states
during ongoing interactions, rather than relying solely on
periodic self-assessments.

The proposed system is designed as a digital support
companion that complements, rather than replaces,
professional mental health services. Its primary objective is to
facilitate early risk identification, deliver personalized support,
and enable ethical and timely escalation when necessary. In
contrast to traditional approaches that depend heavily on static
questionnaires or repetitive scripted responses, MMHCS
integrates conversational artificial intelligence, sentiment and
emotion analysis, structured clinical assessments, lifestyle
tracking, and automated risk escalation into a unified
architecture.

Users interact naturally with the chatbot, while the system
simultaneously collects and processes multidimensional data,
including emotional expressions, behavioral patterns, and self-
reported lifestyle indicators such as sleep quality, work
routines, dietary habits, and physical activity. By synthesizing
these diverse data streams, MMHCS constructs a
comprehensive and dynamic representation of an individual’s
mental health, moving beyond isolated or one-dimensional
indicators.

The underlying premise of the model is that mental well -
being is influenced by an interplay of psychological,
behavioral, and lifestyle factors. By integrating these domains
into a centralized platform, the system aims to enhance user
engagement, encourage self-awareness, promote healthy
habits, and ensure timely professional intervention in high-risk
scenarios. Importantly, MMHCS functions as a continuous
monitoring layer that bridges the gap between users and
formal mental health services.

PROPOSED MODEL

A. System Architecture

The architecture of MMHCS follows a modular and
layered design, enabling the transformation of user
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interactions and lifestyle inputs into meaningful mental health
indicators. The system captures conversational data through a
natural language interface, while lifestyle and behavioral
information—such as sleep duration, work patterns, dietary
habits, and exercise routines—is collected via structured self-
reportsor optional integration with external health-tracking
platforms.

All input data are normalized and fused to generate a
holistic representation of the user’s mental state. A
continuously operating risk analysis engine evaluates
aggregated data against predefined clinical thresholds and
adaptive rules. When elevated or high-risk conditions are
detected, the system initiates an automated escalation
workflow, recommending professional consultation or
connecting users to appropriate crisis support services.

Additionally, the platform incorporates a moderated peer-
support micro-community, allowing users to share experiences
and receive emotional support in a controlled environment.
Through the integration of these components, MMHCS
transforms fragmented and episodic mental health monitoring
into a continuous, adaptive, and context-aware process aligned
with long-term well-being goals.

B. Proposed Algorithm: Multi-Modal Mental Health Scoring
(MMHCS)

The operational logic of MMHCS is based on a multi-stage
decision pipeline that processes conversational, emotional,
clinical, and lifestyle data to generate actionable insights. The
process begins with real-time user interactions via the chatbot
interface. Each input is analyzed using natural language
processing techniques to determine sentiment and classify
emotional states such as stress, sadness, neutrality, or
positivity.

Simultaneously, historical interaction data and periodic
assessment scores are retrieved to maintain contextual
continuity. Emotional signals derived from conversational
analysis, results from standardized assessments, and lifestyle
indicators are then integrated to compute a composite mental
health index.

This index captures both short-term emotional fluctuations
and long-term behavioral trends, enabling the system to track
mental health trajectories over time rather than relying on
isolated observations. When the computed index falls within
low-risk thresholds, the chatbot provides supportive,
empathetic responses along with personalized coping
strategies and general wellness recommendations tailored to
the user’s profile.

In cases where moderate risk is detected, the system issues
proactive alerts, encourages consultation with mental health
professionals, and provides access to verified support
resources. For high-risk or critical scenarios, the system
activates an escalation protocol, including immediate
recommendations for professional intervention and options to
contact emergency services, thereby ensuring timely and
appropriate support.

C. Methodology

The proposed system was developed as a prototype web-
based platform comprising three primary layers: a user
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interface layer, Al-driven processing modules, and a secure
data management layer. To evaluate system performance,
simulated user interactions were generated to represent a wide
range of emotional states, behavioral patterns, and mental
health trajectories across varying risk levels.
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Evaluation metrics focused on key performance indicators,
including the accuracy of sentiment classification, consistency
of assessment scores, precision in early risk detection, and
relevance of chatbot responses. Longitudinal simulations were
conducted to assess the system’s ability to identify gradual
deterioration in mental health over time.

The outcomes are evaluated in comparison with traditional
classroom assessment practices and prior studies on
gamification-based educational models. The comparison is
based on key performance indicators, including attendance,
assignment submission rates, student motivation, engagement
levels, academic performance, and overall satisfaction.

Previous research in educational gamification has
generally reported moderate improvements; however, such
studies are often constrained by online-only implementations,
short evaluation durations, and limited assessment parameters.
In contrast, the proposed Gamified Student Assessment
System (GSAS) was implemented over an entire academic
semester within a fully offline undergraduate classroom
setting, enabling a more comprehensive and sustained
evaluation of its effectiveness.

For quantitative comparison with existing research, a
cohort of 100 students was considered. The comparative
results across major engagement and performance indicators
are presented in the corresponding table.

IV. RESULTS AND DISCUSSION

The performance of the proposed Multi-Modal Al Mental
Health Companion System (MMHCS) was evaluated through
a comparative analysis against outcomes reported in prior
digital mental health chatbot research. Since real-world
deployment was beyond the scope of this study, evaluation
was conducted using simulated user data designed to reflect
realistic emotional trajectories, assessment patterns, and
engagement behaviors commonly reported in the literature.
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Performance metrics focused on emotional monitoring
accuracy, early risk detection, user engagement, and perceived
usefulness, which are widely accepted indicators in digital
mental health evaluation studies.

TABLE I. Comparative Outcomes Between Prior Research and Proposed

MMHCS
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The effectiveness of the proposed Multi-Modal Al Mental
Health Companion System (MMHCS) was evaluated through
a comparative analysis with results reported in prior digital
mental health chatbot studies. As real-world deployment was
beyond the scope of this research, the evaluation was
conducted using simulated user data designed to replicate
realistic emotional patterns, assessment behaviors, and
engagement trends documented in existing literature. The
performance assessment focused on key metrics, including
emotional monitoring accuracy, early risk detection precision,
user engagement, and perceived usefulness, which are widely
recognized benchmarks in digital mental health evaluation. As
illustrated in Table I, the proposed MMHCS consistently
outperforms previously reported mental health chatbot
systems across all evaluated dimensions.

A. Emotional Monitoring and Sentiment Accuracy

Accurate identification of emotional states is fundamental
to any Al-driven mental health system. Prior research reports
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sentiment and emotion classification accuracy in the range of
70-78%, largely due to reliance on isolated text inputs and
generalized emotion models.

In the simulated evaluation, MMHCS achieved an emotion
detection accuracy of 88%, representing a significant
improvement over existing benchmarks. This enhancement
can be attributed to the system’s longitudinal sentiment
tracking mechanism, which analyzes emotional patterns across
multiple interactions rather than relying on single, context-free
messages.

Furthermore, MMHCS integrates sentiment signals with
lifestyle data and standardized assessment responses, thereby
reducing false positives that may arise from temporary mood
fluctuations. This context-aware emotional modeling approach
provides a more stable and reliable representation of user well-
being, demonstrating the effectiveness of multimodal
integration in improving sentiment analysis accuracy.

B. Early Risk Detection Performance

Early detection of mental health deterioration remains a
critical challenge in digital psychiatry. Existing chatbot-based
systems typically report moderate risk detection accuracy,
often ranging between 60% and 68%, and frequently struggle
with timely and appropriate escalation.

In contrast, the proposed MMHCS achieves an early risk
detection accuracy of 84%, as shown in Table L This
substantial improvement highlights the advantage of
integrating multiple data streams—including conversational
sentiment analysis, standardized clinical assessment scores,
and longitudinal lifestyle and behavioral patterns—within a
unified risk modeling framework.

By combining these complementary inputs into a
composite risk index, the system effectively captures subtle
and gradual changes in user well-being that may precede
explicit signs of distress. Unlike conventional approaches that
rely on predefined keywords or static threshold values,
MMHCS emphasizes temporal trends and behavioral
trajectories. This trend-aware design enables the system to
identify emerging risks proactively and initiate preventive
interventions before critical thresholds are reached.

TABLE II. Comparison of Risk Detection Precision Across Digital Mental
Health Models
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moderate alignment between chatbot-generated responses and
assessment scores, primarily because these components are
often implemented in isolation.

Furthermore, approximately 90% of simulated users reported
increased awareness of their emotional states and behavioral
patterns. This improvement suggests that embedding
assessment mechanisms within conversational interactions
enhances user understanding and reflection, compared to
traditional survey-based approaches that lack contextual depth.

D. User Engagement and System Adoption

Sustained user engagement remains a persistent limitation
in many digital mental health interventions. Existing literature
reports retention rates ranging from 58% to 66%, with a
noticeable decline in usage after the initial novelty phase.

In comparison, MMHCS achieves a sustained engagement
rate of 87%, reflecting a substantial improvement. This
enhanced engagement can be attributed to the system’s
adaptive personalization, integration of holistic wellness
monitoring, and the inclusion of a moderated peer-support
micro-community.

By simultaneously addressing emotional, behavioral, and
social dimensions of well-being, MMHCS maintains user
relevance and encourages continued interaction over extended
periods. This comprehensive approach contributes to
improved system adoption and long-term user retention.

TABLE III. Comparison of User Engagement Levels

Model 20 40 60 80 100
Authors Year T Users | Users | Users | Users | Users
ype %) | ) | () | ) | W)
Fitzpatrick |, | CBT-Based |0 1 634 | 640 | 648 | 655
etal Chatbot
ch I NLP-Based
ANeeTOT 12020 | Detection | 653 | 66.1 | 669 | 674 | 68.0
etal.
Model
Torouset | 5gyq | Monitoring |0y g | 629 | 637 | 642 | 650
al. Framework
Proposed Multi-
Model 2025 Modal Al 75.6 78.4 80.1 823 84.0
(MMHCS) Companion

C. Consistency of Assessment and Mental Health Awareness

Ensuring consistency between conversational feedback and
standardized clinical assessments remains a significant
challenge in digital mental health systems. Prior studies report

20 40 60 80 100
Authors Year Model Type Users | Users | Users | Users | Users
) | B | P | ) | (W)
Mineret | 54 | Conversational | o5 | 15 | 624 | 63.1 | 638
al. Agent
Calvoetal. | 2017 |  Emotion- 628 | 640 | 651 | 660 | 665
Aware System
Shatteet | 5419 | ML-Based | 597 | 609 | 618 | 626 | 63.0
al. Platform
Proposed Multi-Modal
Model 2025 Al 70.5 74.2 78.1 82.6 87.0
(MMHCS) Companion
E. Satisfaction and Perceived Usefulness
The long-term adoption potential of digital mental health
systems is commonly evaluated using user satisfaction as a
key indicator. Existing studies on mental health chatbots
report satisfaction levels ranging from 68% to 80%, often
limited by restricted personalization and the absence of
integrated human support mechanisms.
TABLE IV. Comparison of User Satisfaction Levels
Model 20 40 60 80 100
Authors Year T Users | Users | Users | Users | Users
ype ) | W | W | |
Fitzpatrick | g5 | CBT-Based |5y 1 999 | 740 | 751 | 76.0
etal Chatbot
Mohretal. | 2016 | Behavioral 1m35 0y 0 959 | 770 | 7811
Technology
Torouset 1 ygpo | Monitoring | o5 1 710 | 726 | 738 | 750
al. Application
Proposed Multi-
Model 2025 | Modal Al | 783 | 821 | 864 | 89.0 | 92.0
(MMHCS) Companion
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In comparison, the proposed MMHCS achieves a
significantly higher user satisfaction score of 92%. This
improvement can be attributed to several factors, including
transparent and context-aware feedback, timely and reliable
escalation mechanisms, and the incorporation of lifestyle-
related factors that users perceive as integral to their mental
well-being. These features collectively enhance user trust,
perceived usefulness, and overall system acceptance.

V. CONCLUSION

his paper presents the design, implementation, and
evaluation of a Multi-Modal Al Mental Health Companion
System (MMHCS), developed to address key limitations of
existing digital mental health support solutions. Conventional
chatbot-based systems primarily rely on unidimensional text
interactions or isolated assessment tools, which restrict their
ability to capture the complexity and dynamic nature of human
psychological states. In contrast, the proposed architecture
adopts a comprehensive and context-aware approach by
integrating conversational artificial intelligence, sentiment and
emotion analytics, structured mental health assessments,
lifestyle monitoring, automated risk escalation, and moderated
peer support. By synthesizing these components, MMHCS
transforms fragmented mental health interactions into a
continuous, adaptive, and user-centric support system.

The evaluation, conducted using simulated yet realistic
user data, demonstrates that MMHCS outperforms existing
chatbot-based systems across key performance indicators.
Significant improvements are observed in emotional state
detection, early identification of high-risk conditions,
sustained user engagement, and overall user satisfaction. The
system’s ability to correlate longitudinal sentiment patterns
with clinical assessment scores and lifestyle indicators
enhances consistency and reduces false positives, while
enabling timely referral to professional support services.
These findings highlight the effectiveness of multimodal
integration and trend-based analysis over traditional single-
input or static screening approaches.

mental health professionals. Longitudinal studies will be
indispensable to determine sustained engagement, long-term-
efficacy, clinical relevance of either sustained-'Long-term'
Lanhart E. Auscultatory Efficacy: Renaming Twin Networks
in Twins Diseases through Cardiovascular and Metabolic
Benefits. Longitudinal investigations will be indispensable for
returning out progressing engagement in, long term efficiency
and clinical relevantities all the while used. Additional
refinements may involve the addition of richer multimodal
sensing using wearable devices, the introduction of more
advanced types of predictive modelling methodologies, and
the addition of explainable artificial intelligence techniques in
order to improve a system's transparency and boost user trust.

In conclusion, this paper provides empirical evidence that
an exquisitely designed artificial intelligence (Al)-based
mental health companion can have significant benefits on
emotional monitoring, early risk detection, and user
engagement than existing digital Mental Health solutions. The
MMHCS model provides a flexible, adaptable and ethical
approach that provides a strong foundation for future research
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and practice in the emerging areas of digital psychiatry and
mental health technology.

A major contribution of this work lies in advancing digital
mental health systems beyond text-centric chatbot paradigms
toward a holistic, ethically grounded framework. The
proposed model operationalizes a multifactorial understanding
of mental well-being by incorporating contextual lifestyle
dimensions such as sleep, occupational activity, diet, and
physical exercise. The inclusion of an automated escalation
mechanism addresses critical safety concerns by ensuring that
high-risk users are appropriately directed to human-mediated
interventions. Additionally, the integration of a moderated
peer-support micro-community introduces a social dimension
that complements Al-driven assistance while maintaining
safeguards against misinformation and harmful interactions.

Future work will focus on real-world pilot

implementations across diverse user populations in
collaboration with mental health professionals. Longitudinal
studies will be essential to evaluate sustained engagement,
long-term effectiveness, and clinical relevance. Further
enhancements may include the integration of advanced
multimodal sensing through wearable devices, the application
of more sophisticated predictive modeling techniques, and the
incorporation of explainable Al methods to improve system
transparency and user trust.
In conclusion, this study provides strong evidence that a well-
designed Al-based mental health companion system can
significantly enhance emotional monitoring, early risk
detection, and user engagement compared to existing digital
mental health solutions. The MMHCS framework offers a
flexible, scalable, and ethically aligned foundation for future
research and practical applications in the evolving field of
digital psychiatry and mental health technologies.
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