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Abstract—The problem of mental health becomes more widespread in the
world, whereas the possibility to receive timely and stigma-free help is
minimal. This research will help to satisfy the demand of a convenient and
smart system of mental health assistance by designing the role of Al-based
companion that would monitor emotions 24/7 and provide personalized tips
on how to take care of oneself. The suggested system incorporates
multimodal affective analysis, as it unites sentiment analysis of text based on
VADER, stress classification based on decision tree models supplemented
by LSTM and BiLSTM networks, visual emotional recognition via facial,
and vocal emotion recognition based on speech to text analysis. A small
TinyLLaMA chatbot provides sensitive and context- sensitive conversations
based on the emotional condition of the user. Being a Flask-based web
application, the platform allows tracking mood in real-time, adaptive support
in conversations, and tailored coping suggestions. The main contribution of
the work is that it consists of a unified multimodal representation and a
computationally feasible design, which may be successfully applied to the
real world. Through experimental assessment, there have been evidences of
greater emotional awareness and effective stress monitoring and meaningful
user interaction, which show how the system could serve as an aiding non-
invasive mental health companion.

Keywords—Mental Health Al, Multimodal Emotion Recognition, Sentiment
Analysis, Stress Detection, Conversational Agents, Affective Computing,
Self-Care Systems.

1 INTRODUCTION

Mental health has become important global concern in the world affecting
the health of persons, their social interaction, work productivity and general
standards of living. Such factors as rapid urbanization, academic stress,
workplace stress, social isolation and lifestyle shifts have also led to a
progressive increase in the levels of anxiety, depression, emotional
instability and burnout in various population groups. The problems do not
stem sporadically to certain age groups or careers but afflict the working
adult professionals, their students, caregivers as well as their elderly. With
this heightened awareness, some of them remain silent because of a stigma,
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fear to expose themselves, mental health illiteracy as well as accessibility by
professional services, especially in semi-urban and rural areas [1]. Through
this, a need to have other supportive systems that can be used to supplement
mental health care and offer emotional support at the right time has
increased.Mental health interventions which include conventional methods
of counseling, psychotherapy and peer support are still fundamental and
beneficial but are usually associated with these barriers of cost,
accessibility, and scalability. In most places such as developing and highly
populated places, the mental health practitioners are not enough to cater to
the soaring demand. As well, the patients suffering emotionally might
hesitate to seek assistance because of the stigma socially attached to it or
feeling of privacy invasion. This unfulfilled demand and supply has
prompted researchers and practitioners to consider technology-related
solutions that can provide instant, confidential, and user-focused services.
Digital mental health tools, such as mobile applications and web-based
systems proved to be promising in offering self- help content, mood
monitoring, and psychoeducation, and many of them are not equipped with
emotional intelligence and personalization [2]. Artificial intelligence can
change the system of human emotions and mood support through innovative
ways that will allow systems to perceive, interpret and respond to human
feelings and emotions. With recent progress in machine learning, natural
language processing, and affective computing, it is now achievable to process
some types of emotional cues more than just text, facial expressions, and
speech. As opposed to conventional rule-based systems, Al-powered
companions may evolve patterns with time and adjust to a specific user, and
provide individual guidance. These abilities are more specifically useful in
the mental health situation, in which the states of emotions are complicated,
dynamic, and very personal. The incorporation of computational intelligence
with human-centered design principles, Al systems can become companions
that can help an individual self-reflect and stay conscious of their own
feelings [3]. One of the most frequent means of expressing emotions through
text is still used by people in the digital sphere. Personal narrations, chat, and
brief contemplations give an in- depth view into the state of emotion of a
person. Polarization and intensity of the free-text input can be effectively
assessed by using the sentiment analysis methods like VADER, which is
appropriate in real-time emotional evaluation. Nevertheless, emotional well-
being depends on several factors other than temporary affect, which are
individual stressors, social relationships, and existence patterns. The
complexity can be resolved by using machine learning algorithms like
decision trees with sequential algorithms like LSTM and BiLSTM to learn
both static and dynamic configurations of stress to provide a more
comprehensive view of user well-being. The visual and audio data also adds
to the emotional evaluation through the non-verbal expressions, which are
not expressed clearly in the text. Facial emotion recognition enables the
system to detect several affective states (e.g. happiness, sadness, anger, or
fatigue) with the help of real- time image analysis, whereas vocal emotion
analysis allows detecting stress, tension or emotional burden based on speech
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patterns. The modalities come in handy especially when the user might not
be capable of expressing them orally. By incorporating multimodal cues of
emotions, one can improve the use of data that would have been relied upon
only by a single source of data, as well as the inherent strength and accuracy
of emotion extrapolation. These multimodal methods are compatible with
human emotional communication that inherently incorporates both a verbal
and non-verbal communication [4]. Although emotion recognition cannot be
ignored, the tone in which feedbacks and guidance are provided plays a major
role in determining the level of user participation and confidence. Lightweight
language model- driven conversational agents provide a useful interface that
allows an empathetic experience. The companionship can be created by these
agents through maintaining a context- sensitive conversation and using
supportive wording without trying to substitute professional care. It is
particularly lightweight models to use in web based system since they create
a balance between computational efficiency and quality of conversation. As a
responsible part of the method, conversational Al can promote healthy
coping, mindfulness, and behavioral changes and disclose boundaries vis-a-
vis clinical diagnosis or treatment [5]. The fact that these technologies are
united to create a single, readily accessible platform is a giant leap in the
direction of the scalability of mental health support. A web- based
implementation will be used to ensure the cross-device access and ease of
use, that allow the users to seek the help whenever they experience emotional
discomfort. Minute-by- minute emotional monitoring enables users to
identify the trends and trends and build resiliency and self-awareness.
Notably, these systems are created to supplement professional mental
healthcare, which is supposed to support rather than to substitute it as an early
intervention program that can refer users to relevant resources at an opportune
time. The work will be based on previous studies, providing a unified
multimodal Al framework with the focus on emotional intelligence, ethical
accountability, and deployability, as part of the new era of technology-
supported mental health.

2 LITERATURE SURVEY AND RELATED WORKS

Academic pressure, social isolation, overexposure to technology, alongside
the inability to access the timely assistance of the professionals have become
the burning issue because of mental health problems faced by students and
vulnerable populations. The quick breakthrough of the artificial intelligence
made possible the creation of smart digital companions that can help in the
process of reducing the existing gap between the demand and supply of mental
health services. These systems use conversational interfaces, sentiment
analysis, emotion recognition and personalization to give constant,
nonjudgmental, and an approachable support. The Al-driven companions as
opposed to the traditional therapy models are scalable, real-time and cost
effective, which makes them well-suited to learning settings. Assuring
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ethical implementation, data privacy, emotional consistency and clinical
relevance, however, is one of the primary research components. In recent
research, the focus on the user-centered design, contextual awareness, and
adaptive learning mechanisms is regarded in order to improve the trust and
engagement. The current literature review will analyze the current Al-based
mental health companion systems, its methodology, strengths, and limitations
to trace research gaps that can be utilized to develop student-focused
mental wellness platforms.A range of literature has reported intelligent
companion assistant students that can specifically address the mental health
expectations of students, including natural language processing and
sentiment analysis to recognize the pattern of stress, anxiety, and emotional
distress. Real-time conversational support systems have been shown to have
better emotional expression and self-awareness in the users [6]. As part of
the continuity and user confidence in the continuity of a long interaction,
research highlights the importance of authentication, data privacy, and
conversational history [7]. On some of them, the dialogue is not the only
approach, with the counselor being alerted of a possible intervention by crisis
management tools and alert protocols once the high-risk emotional states are
identified, thus, automating and humanizing the process [8]. It has also been
found that the introduction of therapeutic music and mood- based
recommendations contributes to the improvement of emotional control and
engagement among the users. All these papers raise awareness of the
strengths of Al companions in early diagnosis and initial assistance and
emphasize the importance of the security of the sensitive psychological
information.

In addition to text-based communication, new studies are oriented at the
concept of multi-modal emotion recognition to enhance accuracy and
situational cognition. With the addition of personality recognition of speech,
facial expressions, and behavioral indications, sophisticated systems are
expected to offer a more detailed emotional evaluation, especially trauma
treatment and emotion control [9]. Self-reflection and stress management
Self-reflection and strain management artificially intelligent companions
with day reminders and adaptive feedback have shown a potential in
boosting these practices [10]. Larger language models in conversational
therapy bots provide better responses that show empathy and situational
awareness that would be more therapeutic and believable, with increased
coherence and depth [11]. Moreover, the detection of the disorder and the
implementation of the escalation measures have been implemented by
chatbot frameworks that use machine learning classifiers like random forests
and support vector machines [12]. Although these methods foster
responsiveness and personalization, the issue of model bias and
interpretability as well as over-dependence on automated empathy are also
considerable concerns.

The second potential research area is designing Al companions to fit certain
demographic attributes and applications. Special emotional requirements
have been suggested by gender sensitive and age specific designs, i.e., the
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mental wellbeing of women and the emotional wellbeing of the elders [13].
Culturally adaptive and multilingual conversational agents will increase both
accessibility and inclusivity especially with diverse populations [14].
Gamification means such as avatars and immersive space have been added to
the technological tools to enhance motivation and retention of users in mental
health applications in the long term [15]. Smart wearable or embedded
hardware-based systems of mobile-based monitoring also broaden the
potential of continuous emotional tracking and intervention [16]. These
studies indicate that personalization and contextual adaptation impact
greatly on user acceptance and effectiveness, but also complicate the system
and add ethical responsibility.

The recent developments also delve into hybrid systems integrating mental
health services with other complementary services such as career advice and
psychological testing and mindfulness-based interventions. Platforms that
detect emotions using assessment scale Amazon incorporate standard
assessments which allow systematic mental health identification as well as
the conversational assistance [17]. Mindfulness-based cognitive therapy
companions focus more on situation-specific intervention and emotional
prediction in leading users to healthier coping patterns [18]. Physical
communication and physical contact through robot and soft robot
companions present new ways of stress-release such as physical and tactile
feedback which extend the definition of companionship beyond the digital
interface [19]. There has been an emergence of new technologies like brain
computer interfaces that are being explored in objective diagnosis of mental
disorders in special populations and this is signaling a future of greater
physiological integration [20]. However, even when offering encouraging
results, such systems have some limitation issues: with respect to scale,
ethical support, and empirical validation. In general, the literature review
highlights the increasing opportunities of Al-based mental health
companions and demonstrates that the balanced approach to the
technological innovation, human control, and ethical protection should be
established in the student- centered use of Al

3 METHODOLOGY

The suggested system adheres to a modular, but integrated approach in order
to facilitate the ongoing assessment of emotions and the adaptive approach
to mental health by multimodal affective computing. The structure is focused
on the technical strength, processing power, and ethical implementation
without compromising smooth response. Its methodology includes data
collection, emotion signal recognition, stress recognition by machine
learning, conversational artificial intelligence, system integration, and
deployment aspects. All the parts are made to work separately and to construct
a full emotional intelligence system that can aid in analyzing it in real-time
and providing individual advice as shown in figure 1.
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Fig. 1. System architecture

3.1 Data Acquisition and Multimodal Input Handling

The system gathers emotions data using various channels of interaction between
the user such as with texts, facial images as well as speech signals. The free-form
journaling, and conversation allow the text to be gathered and interpreted into the
form of the text, which is based on emotion. Image frames by cameras capture facial
data when users interact with the system on optional messages, and consent is
therefore acquired. The speech input occurs through a speech-to-text pipeline
which encodes speech to text without losing speech characteristics which serve to
analyze emotions. Each of the inputs is time stamped and synchronized to allow
time correlation across modalities. In order to assure consistency and reliability of
the data obtained, preprocessing like noise reduction, normalization and frame
selection are done.

3.2 Textual Sentiment and Emotional Polarity Analysis

VADER sentiment analysis is used to obtain emotional insights through text, and
it is optimized to work with very brief and informal texts, as is common with
conversational and reflective inputs. The analyzer calculates the scores of
polarities of positive, negative, neutral and compound emotional values. Based on
these scores, one can give an immediate estimate of the emotional tone of the user
and it is used as a baseline measure of mood tracking. The emotion counts are
recorded throughout the time in order to know the trends and emotional swings.
This is a lightweight model that allows processing in real time without much
computation being done and therefore is conveniently used in continuous
monitoring in a web based (internet) setting.

3.3 Stress Classification Using Hybrid Machine Learning Models

In order to learn more detailed stress pattern, the system uses a hybrid
classification model consisting of decision tree models combined with LSTM and
BiLSTM networks. Decision trees take structured feeds like self-reported stress
factors, lifestyle factors and social factors and are used to derive interpretable
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baseline classification. Sequential models handle emotional data over time to
identify states of stress change and dependence over time.The BiLSTM
architecture expands the contextual insight by using past emotional series as well
as future emotional series. The outputs of the models are then combined to come
up with a consolidated stress level which can then be used to make individualized
recommendations, which rely on the present and past emotional situations.

3.4 Facial Emotion Recognition Module

Facial emotion recognition element examines the visual stimulation to determine
the emotion of happy, sad, angry, fierce, and neutral. The facial landmarks and
emotion-relevant features of the image frames are obtained with the help of pre-
trained convolutional neural networks. The system works in close real time giving
it the capability to dynamically infer emotional information as the user engages
with the system. Probably, Sensed emotions are rated and combined with text or
speech to lower the levels of ambiguity. This type of visual channel can be used to
improve the accuracy of detection of emotions, especially on instances where a
user might not clearly describe how he or she might be feeling by writing or
speaking.

3.5 Speech-to-Text and Vocal Emotion Analysis

Emotional assessment by the use of speech entails a two pipelining process of
automatic speech recognition followed by vocal emotion features extraction. The
speech is transformed into a written form and analyzed by sentiment, whereas
such acoustic characteristics as tone changes, vitality of voice, and speed of speech
are tested to determine stress or emotional tension. These phonemic signs give
clues about the feelings that can be not seen through the lexical context. It has a
cumulative effect to detect finer emotions and facilitates the multimodal
consistency verification, enhancing overall emotional deduction.

3.6 Conversational Agent and System Integration

The system has a lightweight TinyLLaMA chatbot interaction layer that provides
context-sensitive and empathetic replies. The multimodal analysis modules
provide the agent with emotional state summaries, which results in a modification
of the dialogue used by the agent. The complete structure is embedded into a web
application based on the Flask framework that facilitates the circulation of
information, user sessions, and live feedback. The focus is made on privacy,
transparency, and explicit statement of limitations of the system. The modular
architecture guarantees scalability, maintainability, and application to real life
application.

4 RESULTS AND DISCUSSION

To measure the effectiveness of the proposed Al-based mental health companion,
the authors utilized both quantitative and qualitative measures and observations
to assess the effectiveness in emotional detection, stress classification, and the
quality of user interactions. A trained multimodal dataset including text entries,
facial images, and speech samples that were taken under controlled conditions
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was experimented on. The consideration was put on the accuracy of sentiments,
reliability of the stress prediction, and responsiveness of the system as a whole. The
combination of multimodal signals showed definite improvements compared to
single modality one, which proves the right design decision to use text, visual, and
auditory cues to assess the emotions.Sentiment analysis of text with the help of
VADER was found to be consistent with the emotional labels manually labeled.
The model successfully mimicked the changes in the polarity of short reflective
texts and conversational inputs, therefore, it should be used in real-time mood
tracking. Nevertheless, sentiment polarity was not enough to give complete stress
evaluation especially when the users used neutral words yet they were under some
hidden stress. Hybrid machine learning approaches dealing with structured stress
factors and time modeling have been used to overcome this drawback. The
decision tree classifier delivered easy to understand information on prevailing
stress factors, whilst LSTM and BiLSTM models led to significant emotional
relationships, which produced more realistic stress degree forecasts. The facial
emotion recognition module was demonstrated to be consistently high at all the
commonly expressed emotions, including happiness, sadness, and neutrality and
also a little lower at more subtle emotions, including the fear and fatigue. The
conditions of lighting and the face block influenced detection levels, which point
to practical issues with real world applications. However, with the inclusion of the
facial cues and text and speech information, the system was able to show better
durability and minimize misclassification. In the same way, vocal emotion
analysis was found to improve detection of stress especially in the assessment of
tension and anxiety based on pitch changes and speech rate, even during the
analysis of seemingly neutral or positive text. Table 1 shows the performance
statistics of each certain element of emotional analysis. This supports the fact that
multimodal affective computing is closer to the human emotional perception that
is based on a set of simultaneous signals.

Module Accuracy (%) Precision (%) Re;;all Sf;;e
| )
Text Sentiment  [82.4 81.7 80.9 81.3
(VADER)
Facial Emotion [78.6 77.9 76.8 77.3
Recognition
Vocal Emotion  [80.2 79.4 78.6 79.0
Analysis
Multimodal 88.9 88.1 87.6 87.8
Fusion

Table 1. Performance of Individual Emotional Analysis Modules

There was a comparison of stress classification performance based on
decision tree, LSTM, and BiLSTM models with and without working as
hybrids. There was high interpretability but reduced sensitivity to changes in
time shown in the decision tree model. LSTM was more effective in
detecting changing patterns of stress, and BiLSTM was even more effective
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by making contextual aware of a stress occurrence by taking into account bi-
directional relationships. The hybrid fusion method obtained the highest
performance, which validates the usefulness of an interpretable and deep
learning model fusion. In table 2, the results of the classification using the
stress classification criteria are summarized in the various models.

Model Type | Accuracy AUC Sensitivity | Specificity
(%) Score (%) (%)
Decision Tree | 76.8 0.79 74.2 78.6
LSTM 83.5 0.86 82.1 84.4
BiLSTM 85.2 0.88 84.6 85.9
Hybrid DT +
BIiLSTM 90.1 0.93 894 90.7

Table 2. Stress Classification Performance Comparison

1.0 4

0.6 4

0.4 4

True Positive Rate

0.2 4

0.0 1 — ROC Curve (AUC = 1.00)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 1. ROC Curve

Figure 2 shows the competition models of the model under stress classification. The
area under the curve is the largest with the hybrid DT + BiLSTM model, which
means that it has better discrimination between stressed and non-stressed states. The
curve shows a high level of equilibrium between the true positive and the false
positive rates, which validates the fact that the proposed classification strategy can
be used in real- life situations when emotional ambiguities prevail.In order to
further analyze the behavior of learning. The curve shows a high level of
equilibrium between the true positive and the false positive rates, which validates
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the fact that the proposed classification strategy can be used in real- life situations
when emotional ambiguities prevail. In order to further analyze the behavior of
learning.

Figure 3 shows the accuracy curves with training epochs of the LSTM and
BiLSTM models. The BiLSTM model was found to converge quicker and

0.90 4 —— LSTM Accuracy
—— BILSTM Accuracy

0.85 4

0.80 -

Accuracy

0.75 1

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Epochs

Fig. 2 . Training accuracy curve

more stable to learn with minimal variation between validation accuracies.
This stability indicates that there is enhanced generalization as well as
decreased overfitting quality which is necessary during the deployment in
continuous monitoring systems where data distributions can also vary over
a time

920

80

Non-Stress - 70

60

50

True label

40
Stress 30

20

10

Non-Stress Stress
Predicted label

Fig. 3. Confusion matrix

Confusion matrix was used to determine the consistency of user-level
classification. The results of the confusion matrix of the hybrid stress
classification model are illustrated in Figure 4. The matrix indicates that there
is a high true positive and true negative rate with least misclassification of
the moderate and high stress group. The majority of the errors happened
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around the edges of the classes and this is understandable considering that the
subjective and continuous character of the stress. Notably, the system had
low false- negative concern on high-stress cases, which is essential in
relation to prompt intervention and support. Qualitative evaluation of the
performance of the conversational agent was done on how relevant the
responses were, emotional compatibility, and the flow of the conversation.
The agent based on TinyLLaMA was able to change its tone and
recommendations according to supposed emotional conditions and offer
helpful and unobtrusive advice. The behavior of improved emotional
awareness and perceived empathy was mentioned by users. Although the
agent does not involve clinical recommendation, the way in which it
promotes reflection, relaxation methods, and positive coping mechanisms had
a positive impact on the engagement of users.

Evaluation Aspect Metric Value
Emotional . o
Detection Multimodal Accuracy (%) 28.9
Accuracy
Stress Prediction Hybrid Model Accuracy (%) [90.1
Reliability
Conversational User Satisfaction Score (/5) 4.3
Relevance
System Average Response Time (ms) 210
Responsiveness

Table 3. Overall System Evaluation Metrics

In general, the findings indicate that the suggested multimodal Al model is
useful to promote emotional intelligence and stress recognition when used
in contrast to unimodal solutions. Affective computing when combined with
lightweight conversational Al provides opportunities to achieve
meaningful real-time mental health assistance. Although issues of
environmental variability and subjective expression of emotions need to be
sorted out, the system demonstrates a great potential in terms of being a
scalable and available mental health companion that can supplement more
traditional support services

5 CONCLUSION

This work has introduced an affective-conscious, multimodal artificial
intelligence platform of ongoing emotional track, and adaptive mental health
assistance by joining text, facial, and speech emotional cues to lightweight
conversational intelligence. The system is able to augment emotional
awareness and offer tailor-made self-care advice in an accessible and non-
intrusive way by using sentiment analysis, hybrid stress classification model,
and empathetic dialogue generation. The Flask-based application proves that
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it is practically possible to deploy emotionally intelligent mental health
companions to other devices without crossing moral thresholds and gaining
trust in the user market. These findings show that multimodal fusion is much
more effective than other forms of single-Modality in terms of accuracy of
emotional inferences and reliability of stress detection and useful
intervention to meaningful user interaction and timely emotional support.

6 FUTURE WORKS

The future of work will be on the expansion of emotional categories,
enhancement of strength when experiencing various environmental
conditions, and enhanced long-term personalization using adaptive learning.
Inclusion of culturally sensitive emotional models and safe access to
professional mental health services can also be an even more powerful
addition to real-world effects and, therefore, such systems can be considered
valuable additional services to the existing mental health care system.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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