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Abstract: This paper presents a survey of Al-powered mental health companions that are intended to enhance mental
health and offer emotional support is presented in this paper. These systems simulate conversations and help users with
stress, anxiety, and depression by utilising artificial intelligence, which includes chatbots, natural language processing,
and emotion recognition. We examine current advancements, widely used applications, important technologies, and
difficulties like accuracy, privacy, and moral dilemmas. The future potential of incorporating Al technologies into easily
accessible, secure, and encouraging mental health services is also highlighted in the paper.
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I. INTRODUCTION

In today's technologically advanced, fast-paced world, mental health has emerged as a significant concern. Stress, anxiety,
depression, and burnout have all noticeably increased as a result of the growing demands of modern life, as well as social
disconnection, economic uncertainty, and academic pressure. Students and working professionals, who frequently find it
difficult to strike a balance between their personal obligations and professional expectations, are especially affected by
these problems. These issues have been made worse by the COVID-19 pandemic, underscoring the critical need for
scalable and easily accessible mental health care.

Even though mental health is becoming more widely recognized, many people still encounter major obstacles when trying
to get traditional therapy. These include lengthy wait times, high expenses, a dearth of local mental health services, and
social stigma. Some people are unable to openly discuss their emotional difficulties with a human therapist due to worries
about judgment and privacy. Because of this, a lot of people suffer in silence without getting the help they require.
Alternative support systems, especially those that are easily accessible, reasonably priced, and private, have benefited
from this gap in mental health care.

Artificial intelligence (AI) has become a potent tool in recent years for tackling these mental health issues. Artificial
intelligence (Al)-powered mental health companions use technologies like affective computing, machine learning, and
natural language processing (NLP) to have therapeutic conversations with users. These virtual friends offer individualized
coping mechanisms, mimic sympathetic interactions, and identify emotional cues. They give users a convenient way to
manage their mental health on a daily basis and are accessible through web platforms or smartphones.

Applications such as Woebot, Wysa, and Youper are prime examples of how Al can be used practically to support mental
health. To help users develop emotional resilience, these tools employ research-proven techniques like mood monitoring,
mindfulness training, and cognitive behavioral therapy (CBT). Younger users who are accustomed to digital
communication will find them particularly appealing because of their nonjudgmental, always accessible, and user-
friendly design. These applications can assist users in recognizing negative thought patterns, lowering stress levels, and
gradually forming healthier mental habits by providing prompt emotional support.

However, despite their benefits, Al mental health companions are not without limitations. One major concern is the ethical
use of sensitive data, as users often share personal information during interactions. Ensuring data privacy, transparency,
and user consent is critical to maintaining trust in these systems. Additionally, while Al can simulate empathy, it cannot
fully replicate human understanding or deliver crisis intervention in severe situations. Over-reliance on virtual
companions without human oversight may pose risks for individuals with complex mental health conditions.

In the future, inclusive design and ethical principles must direct the creation of AI mental health tools. To increase the
accuracy, cultural sensitivity, and long-term efficacy of emotion recognition, more research is required. To guarantee that
these tools are secure, efficient, and used appropriately, cooperation between technologists, psychologists, ethicists, and
legislators will be crucial. Al can be a useful addition to conventional mental health care with the right regulation and
careful application, enabling more people to get the help they require in a world that is changing quickly.
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II. LITERATURE SURVEY

The application of Al-powered conversational agents in mental health care has been widely explored in recent years.
Multiple studies have assessed the effectiveness, user engagement, and technological design of these systems, especially
in delivering interventions for conditions like depression, anxiety, and stress.

2.1 Woebot: Preliminary Proof of AI-Powered Cognitive Therapy

One of the first randomized controlled trials was carried out by Fitzpatrick et al. (2017) to assess Woebot, an Al chatbot
that provides young adults with Cognitive Behavioral Therapy (CBT). When compared to a control group, participants
who engaged with Woebot every day for two weeks demonstrated a significant decrease in depressive symptoms.
Particularly for users who are hesitant to seek traditional care, the study demonstrated Woebot's potential to deliver
evidence-based therapy through scalable and natural conversations.

2.2 Wysa: Empathy and Real-World Engagement

Inkster et al. (2018) examined real-world data from more than 100,000 users of Wysa, an Al chatbot with empathy that
combines mindfulness, dialectical behavior therapy (DBT), and cognitive behavioral therapy (CBT). Positive user
engagement, mood enhancements, and emotional resilience over time were reported by the study. The main reasons for
Wysa's acceptance, particularly among people who are stigmatized or have accessibility issues, were its privacy,
accessibility, and nonjudgmental tone.

2.3 The Wide Range of AI Mental Health Tools

A thorough analysis of conversational agents used in psychiatry was presented by Vaidyam et al. (2019). The study
classified tools that target a variety of conditions, such as substance use disorders, anxiety, and PTSD. The technologies
underlying these systems, such as natural language processing, machine learning, and behavioral analytics, were also
examined, and their value in offering scalable, real-time crisis support and psychoeducation was emphasized.

2.4 Safety and Effectiveness: Results from Meta-Analysis

Abd-Alrazaq et al. (2020) conducted a meta-analysis and systematic review with over 1,400 participants and 13 studies.
According to their research, Al chatbots significantly decreased the symptoms of anxiety and depression during short-
term interventions (two to eight weeks). While pointing out that chatbot safety profiles remained generally positive with
few reported side effects, the authors highlighted advantages like immediacy, anonymity, and high user satisfaction.

2.5 Chatbots for University Student Support

198 college students participated in an RCT by Liu et al. (2022) to assess a self-help chatbot intervention for depression.
Over the course of four weeks, the chatbot used motivational interviewing and cognitive behavioral therapy. As evidenced
by the results, which showed a statistically significant decrease in depression symptoms in the intervention group,
especially among students with moderate baseline symptoms, the chatbot has the potential to be a useful academic support
tool.

III. OBJECTIVES

Delivering easily accessible, tailored, and stigma-free emotional support via intelligent, responsive systems is the main
goal of Al-powered mental health companions. The primary functions and benefits of these Al tools in the context of
mental health care are outlined in the following main objectives.

1.Recognition of Emotions

Accurately identifying and interpreting a user's emotional state is a core objective of Al mental health companions. These
systems utilize advanced emotion recognition technologies that analyze a variety of inputs—such as vocal tone, facial
expressions, text sentiment, and behavioral patterns. Even if the user doesn't express them directly, the Al can identify
subtle emotional cues like stress, anxiety, or sadness thanks to this multimodal approach. For instance, a shaky voice, a
delayed reaction, or emotionally charged words can trigger context-aware, empathetic interactions tailored to the user's
current

2.Non-Judgmental Safe Space

Al companions seek to establish a private, secure, and accepting space for emotional expression. Many people are more
willing to open up to a virtual assistant than to a real person, particularly those who are struggling with stigma,
embarrassment, or fear of being judged. These virtual friends encourage users to discuss delicate topics like trauma, self-
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doubt, or suicidal thoughts by offering a neutral and sympathetic presence. Al gives users a constant listening space and
unwavering support, which makes them feel understood and validated.

3. Personalized Resource Suggestions

Offering users individualized mental health resources that meet their unique emotional needs is another key goal. Al
systems can suggest appropriate resources like self-help articles, mindfulness exercises, breathing exercises, motivational
videos, and journaling prompts based on user history and real-time emotional analysis. This degree of customization
improves the efficacy of the assistance by providing timely, relevant, and user-focused guidance.

4. 24/7 Availability

Al mental health companions are made to be accessible 24/7, guaranteeing ongoing emotional support free from
scheduling or time zone restrictions. This round-the-clock accessibility is especially helpful on weekends, late at night,
or in emergency situations when it may be difficult to contact human therapists. Having immediate access to support can
help users feel less alone, feel more comfortable right away, and stay emotionally stable when things get tough.

IV. METHODOLOGY

A methodical, qualitative approach was used to gather, assess, and synthesize data from industry and scholarly sources
in order to carry out this survey on Al-powered mental health companions. The research design, data sources, selection
criteria, comparative framework, tools examined, evaluation metrics, limitations, and visual representations are all
covered in the methodology's various parts.

4.1 System Architecture

4.1.1 User Interface (UI)

The interface is user-friendly, emotionally supportive, and works well on different devices. It is built with frameworks
like React.js or Flutter. The chatbot Ul allows real-time voice and text communication. It engages users in natural and
empathetic conversations through secure APIs or WebSockets..

4.1.2 Emotion & Mental State Labeling

Datasets with labeled emotional cues, such as sadness, anxiety, calm, and stress, are used to train the emotion recognition
module. Experts refine the annotations through consensus and validate them with cross-cultural references. This process
addresses culturally sensitive ways of expressing distress or mood.

4.1.3 Handling Data Imbalance

Emotion-specific datasets often have too many examples of neutral or calm states. To prevent the system from struggling
with rare but important emotional states, such as suicidal thoughts, researchers use class-weighted loss functions and
augmentation techniques.

4.2 Feature Extraction & Embeddings

4.2.1 Multilingual & Multimodal Input Handling

Considering the Indian linguistic landscape, speech and text inputs in English, Hindi, Kannada, and Tamil are processed
using script normalization, transliteration, and multilingual embeddings from IndicBERT or XLM-R. We also extract
voice-based tone features for context.

4.3 Model Selection & Training

4.3.1 Classical Models
Traditional models like Naive Bayes and SVMs serve as standards for tasks such as text classification, sentiment
analysis, and intent detection.

4.3.2 Transformer-Based Al

Pretrained models, such as mBERT and GPT-based models, are fine-tuned on conversations that are rich in emotion and
on self-report datasets. Using data augmentation methods like back-translation and synonym substitution helps address
the issue of data sparsity.
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4.3.3 Optimization Techniques
Grid search and Bayesian optimization methods are used to tune hyperparameters. Dropout layers and early stopping help
ensure the models generalize well across emotional states and languages.

4.4 Evaluation & Metrics

4.4.1 Performance Metrics
Evaluation includes accuracy, precision, recall, F1-score, and therapeutic alliance scores. NLP-specific metrics like NLU
accuracy and response appropriateness are used along with emotional resonance scores from user feedback.

4.4.2 Cross-Language Testing
The system is tested on code-mixed inputs, such as Hinglish and Tamlish, as well as regional expressions. This checks
how well it works for different user groups and their communication styles.

e NE Nl N

Personalised Emfﬁ-oum Remote Health
Assistance Support Monitoring
4 N ~ " 4 "
Anatomy of 5 Mood transition
Emaotion detection
. engagement tracking : :
Cycles of L J ||\ J |\ J Cycles of positivity
negativity $ r 3\ - ~\ (e e e o s S 7 o) associated with
associated with ood aggregation activity :
mental disordors Activity benk Sentiment analysis and reporting m«::t
\ J 1) O
. A \ o
= . B 4 v,
Activities bos;,d Positive Third part
on persona cainforcamnent interve ""°_""
\L experiences y \; 1/ \ (where required) /
R —

4> ey 55

 Constructs will be used as appropriate to enable each phase of the process

[l

[ Repository of constructs and representative content J

V. CHALLENGES

5.1 Linguistic & Cultural Diversity

With many Indian languages, creating NLP models that understand emotions and context is complicated. Differences in
scripts, such as Devanagari and Tamil, along with culturally rooted emotional expressions, demand thorough linguistic
analysis.

5.2 Code-Mixing & Informal Text
Indian users often mix languages. For example, they might say, “I’m feeling thumba sad today.” They also use English
letters to write their local languages. This makes it harder to break down text, detect emotions, and categorize content.

5.3 Data Scarcity for Mental Health
Labeled datasets in Indian languages for detecting emotions or mental states are scarce. It's hard to annotate realistic data
that shows distress, coping, or psychological states because of privacy issues and the need for expertise.

5.4 Class Imbalance
Critical emotional states, such as depression or suicidal thoughts, are often underrepresented in datasets. It is important
to address this imbalance while maintaining sensitivity and accuracy for safety.

5.5 Subjectivity & Ambiguity

Mental states are subjective and depend on the context. Sarcasm, denial, and metaphorical language (“I want to
disappear”) require a strong understanding of context. They may also need human involvement to ensure safe
interventions. This can include undersampling or algorithmic methods, which might introduce noise or lead to overfittin
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VI. CONCLUSION

Al-powered mental health companions provide a scalable and accessible way to support emotional well-being. This paper
outlined a clear method for designing and evaluating these systems in India, focusing on emotion recognition,
multilingual processing, and personalized engagement.

Recent advancements in transformer-based Al, along with culturally relevant design principles, show promising potential.
Still, success hinges on addressing linguistic challenges, limited data, ethical issues, and ensuring user trust and safety
during emotionally sensitive moments.

Future work should focus on:

* Cross-cultural empathy modeling

* Crisis detection with escalation protocols
* Clear explanations of Al decisions

» Community-driven dataset development

With collaboration across different fields, these systems can become vital tools for mental wellness in India and beyond.
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