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Abstract— In today's digital age, children's mental
health has become a critical issue due to increasing
pressures and complexities in their environments.
Traditional methods of addressing mental health
challenges often fall short in scalability and
personalization, necessitating technology-driven
solutions. This paper explores a machine
learning-powered platform, the Child Mental Health
Tracker, designed to assess and promote mental
well-being among children. Leveraging advanced
techniques such as multinomial logistic regression
for mental health risk classification, large language
models (LLMs) for empathetic chatbot interactions,
and computer vision for guided mindfulness
practices, the platform aims to provide a
comprehensive mental health support system.
Traditional approaches, including manual
assessments and static interventions, are prone to
biases and inefficiencies, which our system seeks to
address. By combining historical data analysis and
adaptive technologies, the proposed solution not only
identifies existing mental health concerns but also
adapts to emerging challenges. This paper reviews
the integration of feature engineering, system
architecture, and the implementation of AI models,
emphasizing the system's ability to improve
scalability, accuracy, and user engagement in mental
health care.

Index terms- Child mental health, anomaly
detection, machine learning, large language models,
multinomial logistic regression, computer vision,
virtual therapy, mental health applications

I. INTRODUCTION

Mental health challenges among children have
emerged as a critical issue in today’s fast-paced, highly
connected world. With increasing pressures from
academics, social media, and family dynamics, the
number of children experiencing anxiety, depression,
and other mental health disorders has surged
significantly. Traditional approaches to mental health
care often involve manual assessments and static
interventions that, while effective in controlled
environments, lack scalability and adaptability in

real-world scenarios. This gap is further exacerbated
by the COVID-19 pandemic, which has introduced
additional layers of social isolation and emotional
strain.

Traditional mental health intervention systems, while
foundational, have several limitations. Counseling and
therapeutic sessions, though beneficial, can be
resource-intensive and inaccessible for many families.
Similarly, while manual assessments by educators or
healthcare professionals provide insights, they are
often constrained by biases and limited data points,
making it challenging to detect early warning signs of
mental health deterioration. Digital tools such as
mental health apps provide broader accessibility but
frequently lack personalization and advanced analytic
capabilities.

Traditional mental health intervention systems, while
foundational, have several limitations. Counseling and
therapeutic sessions, though beneficial, can be
resource-intensive and inaccessible for many families.
Similarly, while manual assessments by educators or
healthcare professionals provide insights, they are
often constrained by biases and limited data points,
making it challenging to detect early warning signs of
mental health deterioration. Digital tools such as
mental health apps provide broader accessibility but
frequently lack personalization and advanced analytic
capabilities.

Our proposed Child Mental Health Tracker is designed
to address these issues by leveraging advanced feature
engineering, adaptive ML models, and cutting-edge
tools. The system incorporates:

● Multinomial Logistic Regression to classify
mental health risks into categories based on
self-reported quizzes and behavioral data.

● Large Language Models (LLMs) to power
an empathetic chatbot capable of providing
immediate support and personalized mental
health advice.

● Computer Vision Algorithms to monitor
mindfulness exercises such as yoga, ensuring
engagement and proper posture through
real-time feedback.
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By integrating historical data analysis with real-time
monitoring capabilities, our system provides a
comprehensive framework for children’s mental health
assessment and intervention. Through a combination
of predictive analytics, gamification, and adaptive
technologies, the Child Mental Health Tracker aims to
enhance scalability, accuracy, and user engagement in
mental health care. This paper explores the system’s
architecture, implementation, and impact, highlighting
its potential to revolutionize mental health support for
children.

II. LITERATURE SURVEY

School-Based Mental Health Interventions

School-based programs play a pivotal role in
addressing mental health challenges among children
and adolescents. Integrating mental health initiatives
directly within educational settings ensures
accessibility and timely intervention.

1. Program Effectiveness:
There was a meta-analysis of psychotherapy
interventions, highlighting the efficacy of
structured and school-integrated mental health
programs in reducing anxiety and improving
emotional well-being. However, the analysis
pointed to the need for scalable
implementations that accommodate diverse
student populations​.

2. Role of Stakeholders:
Teacher involvement was reviewed in
delivering mental health interventions,
emphasizing that teachers can act as effective
facilitators due to their close interactions with
students. However, gaps in training and
resource allocation were noted as significant
challenges to program success​.

3. Community and Environmental Factors:
The influence of family and community
engagement was explored on the success of
mental health programs. Their findings
suggested that involving caregivers and
community stakeholders enhanced the
long-term effectiveness of these interventions​.

Machine Learning in Mental Health

Assessment

1. Algorithm Performance:
Studies have demonstrated the utility of
machine learning in mental health diagnostics.
For instance, ML algorithms such as support
vector machines (SVMs) and logistic
regression were employed to classify mental
health risks with high accuracy. The study

underscored the importance of feature
selection to optimize performance and reduce
false positives​.

2. Hybrid Approaches:
Integrating traditional cognitive-behavioral
techniques with machine learning-based
diagnostics was proposed to enhance the
adaptability of mental health platforms. This
hybrid approach addressed the limitations of
static interventions, offering dynamic and
personalized solutions​.

3. Feature Selection and Dimensionality
Reduction:
The role of feature selection techniques, such
as correlation filtering and principal
component analysis (PCA), was highlighted in
improving the efficiency of ML models used
in mental health assessment. This focus on
feature optimization has been critical in
handling high-dimensional datasets effectively.

Technological Integration in Mental Health
Tools

1. Chatbots for Mental Health Support:
The role of virtual therapist chatbots was
explored in providing scalable mental health
support. These chatbots leveraged natural
language processing (NLP) to analyze user
inputs and offer empathetic, personalized
responses. However, maintaining
conversational context and handling complex
mental health cases remain areas for
improvement.

2. Computer Vision Applications:
Computer vision techniques were introduced
to guide yoga and meditation practices in
mental health tools. By using real-time posture
detection, these systems ensured proper
engagement, reducing the risk of physical
strain while enhancing mindfulness practices.
The study highlighted the potential for further
refinement to adapt to varied physical
environments and user capabilities​.

3. Gamification for Engagement:
There was an emphasis on the effectiveness of
gamified elements in mental health platforms.
Their study found that incorporating rewards
and progress-tracking features significantly
increased user adherence to mindfulness and
intervention programs, particularly among
younger users​.

Gaps and Proposed Solutions

While existing research has laid a strong
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foundation for mental health interventions, several
gaps remain:

1. Scalability: Traditional approaches often lack
the infrastructure to scale effectively,
particularly in under-resourced regions. Our
solution leverages cloud-based architecture to
address this limitation.

2. Personalization: Static interventions fail to
adapt to the unique needs of individual users.
By integrating machine learning models such
as multinomial logistic regression and large
language models (LLMs), our system provides
tailored mental health assessments and
recommendations.

3. Real-Time Monitoring: Few systems offer
real-time monitoring of behavioral data,
leaving gaps in continuous mental health
support. Our approach integrates wearable
technologies and adaptive algorithms to
provide dynamic tracking and feedback.

4. Engagement: Existing platforms lack
interactive features to maintain long-term user
participation. The inclusion of gamification
and computer vision in our system ensures
sustained engagement through dynamic and
user-friendly interactions.

This literature survey highlights advancements in
school-based mental health programs, machine
learning applications, and the integration of technology
in mental health tools. By addressing the limitations of
existing solutions, our proposed system provides a
scalable, personalized, and engaging platform for
promoting children's mental well-being.

III.System Flow

The Child Mental Health Tracker is designed to
provide continuous monitoring and real-time
identification of potential mental health concerns in
children. It is structured around five key modules: the
Mental Health Assessment Module, the Virtual
Chatbot Module, the Yoga & Meditation Module,
the Community Chat Module, and the Video Call
with Therapist Module. Each module plays a critical
role in identifying signs of mental distress and
providing appropriate interventions.

Fig 1. Proposed System Flow

The system’s flow follows a structured sequence that
ensures seamless integration of data collection,
analysis, and intervention. The modules operate as
follows:

1. Mental Health Assessment Module:
○ Data Collection: This module collects

data from self-reported surveys and
behavioral assessments, where
children answer questions about their
emotional state, behavior, and
thoughts.

○ Preprocessing: The responses are
preprocessed for normalization,
missing data handling, and feature
extraction (e.g., responses to specific
questions).

○ Analysis: Using a Multinomial
Logistic Regression Model, the
collected data is processed to classify
the mental health status of the child
(e.g., normal, at risk, high risk).

○ Output: If the results indicate a
high-risk mental health condition, an
alert is generated for the caregiver, and
the child is referred to appropriate
interventions. If the result is benign,
the monitoring continues.
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2. Virtual Chatbot Module:
○ Chatbot Interaction: The child

interacts with a virtual support chatbot
powered by Large Language Models
(LLMs). This chatbot uses NLP
techniques to offer real-time,
empathetic responses to the child's
queries and emotional expressions.

○ Behavioral Tracking: In addition to
text interactions, this module monitors
the tone and sentiment of the child's
responses to assess emotional shifts.

○ Alerting: If the chatbot detects signs
of emotional distress (e.g., sadness,
anxiety), it escalates the issue and
provides appropriate mental health
resources or prompts the user to
contact a counselor.

3. Yoga & Meditation Module:
○ Mindfulness Exercises: This module

offers yoga and meditation exercises
guided by computer vision to ensure
the child follows the proper posture
and technique.

○ Behavioral Tracking: It monitors the
child's posture and movement during
exercises using real-time video
analysis, providing feedback to ensure
the child remains engaged.

○ Emotional Impact: By guiding the
child through relaxation exercises, this
module helps reduce stress and
anxiety, promoting better mental
well-being.

4. Community Chat Module:
○ Group Chats & Support: This

module connects children to virtual
support groups where they can engage
in group discussions, share
experiences, and receive peer support.

○ Resource Sharing: The system also
recommends mental health resources
(e.g., articles, exercises, mindfulness
techniques) to users based on their
interactions with the platform.

○ Peer Support: Children can receive
encouragement and support from
others in similar situations, fostering a
sense of community and reducing
feelings of isolation.

5. Video Call with Therapist Module:
○ Professional Consultation: If the

system identifies that the child may
require more personalized care, it
facilitates virtual consultations with

licensed therapists via a secure video
call feature.

○ Real-Time Interaction: This module
allows the child to have one-on-one
discussions with a therapist, enabling
them to receive expert guidance and
support.

○ Escalation: If needed, the system
automatically schedules follow-up
sessions or escalates the issue for
immediate intervention, ensuring the
child's mental health is continuously
monitored.

The Child Mental Health Tracker integrates
advanced technologies, including machine learning,
natural language processing, computer vision, and
virtual consultations, to provide a comprehensive
solution for children's mental well-being. By
combining real-time monitoring, personalized support,
and community engagement, this system aims to
improve access to mental health care and offer timely
interventions. Through continuous adaptation to user
needs, the platform enhances mental health outcomes
and ensures that children and caregivers have the tools
and support necessary for promoting emotional
well-being.

IV.Existing Dataset

The dataset used for the Child Mental Health
Tracker includes various attributes related to
emotional and behavioral states, aimed at assessing the
mental well-being of children. The attributes cover a
range of emotional experiences, behaviors, and
symptoms that reflect common mental health
conditions. These attributes are self-reported by the
child through a series of structured questions designed
to capture different aspects of mental health. The
dataset is structured as follows:

Attributes for Mental Health Assessment

The following attributes are used in the dataset to
assess mental health conditions, focusing on symptoms
of anxiety, depression, stress, and other behavioral
concerns:

1. 'feeling.nervous': Indicates whether the child
frequently feels nervous or anxious.

2. 'panic': Reflects the occurrence of panic-like
feelings or anxiety attacks.

3. 'breathing.rapidly': Indicates whether the
child experiences rapid breathing during
stressful or anxious situations.

4. 'sweating': Measures the frequency of
excessive sweating in situations of stress or
anxiety.
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5. 'trouble.in.concentration': Captures whether
the child struggles with concentrating on tasks
or activities.

6. 'having.trouble.in.sleeping': Indicates if the
child experiences difficulty sleeping or
insomnia.

7. 'having.trouble.with.work': Reflects the
child’s ability to manage academic or personal
work due to emotional distress.

8. 'hopelessness': Captures feelings of
hopelessness, commonly associated with
depression.

9. 'anger': Reflects feelings of frustration or
uncontrollable anger.

10. 'over.react': Measures the child’s tendency to
overreact to minor issues or stressors.

11. 'change.in.eating': Indicates any noticeable
changes in eating habits, such as overeating or
loss of appetite.

12. 'suicidal.thought': Captures the presence of
thoughts related to self-harm or suicide.

13. 'feeling.tired': Indicates the frequency of
feeling fatigued or physically drained.

14. 'close.friend': Measures the child’s sense of
connection to close friends or social support
networks.

15. 'social.media.addiction': Reflects the child’s
dependency on or excessive use of social
media platforms.

16. 'material.possessions': Measures the
importance placed on material possessions and
whether they provide emotional comfort.

17. 'introvert': Indicates whether the child
identifies as introverted, often correlating with
social withdrawal.

18. 'popping.up.stressful.memory': Captures
whether stressful memories or experiences
frequently resurface.

19. 'having.nightmares': Reflects the presence of
nightmares or distressing dreams.

20. 'avoids.people.or.activities': Indicates
whether the child avoids social interactions or
activities due to anxiety or stress.

21. 'feeling.negative': Measures negative
emotional states, such as sadness, anxiety, or
pessimism.

22. 'blaming.yourself': Captures whether the
child tends to self-blame or feel guilt for
situations.

23. 'Disorder': A binary indicator showing
whether the child has been diagnosed with a
mental health disorder.

These attributes help create a comprehensive snapshot
of the child’s emotional and mental state, which can be
used for early detection of mental health issues and
risk assessments.

Target Variables

The target variables in the dataset are the mental
health conditions or statuses that the system aims to
predict or classify based on the input attributes. These
variables are encoded as follows:

● 'Anxiety' (0): The presence of symptoms
related to anxiety, including nervousness,
panic, and rapid breathing.

● 'Depression' (1): Symptoms of depression
such as hopelessness, fatigue, and social
withdrawal.

● 'Loneliness' (2): Feelings of isolation and lack
of meaningful social connections.

● 'Stress' (3): Elevated stress levels, including
difficulty sleeping, concentration issues, and
physical symptoms like sweating.

● 'Normal' (4): The absence of significant
emotional distress or mental health issues,
indicating a healthy mental state.

These target variables are essential for training
machine learning models, particularly the
Multinomial Logistic Regression Model, which
classifies the mental health status of children into one
of the five categories: Anxiety, Depression,
Loneliness, Stress, or Normal.

Chatbot Training Dataset

For the Virtual Chatbot Module, a large language
model (LLM) was trained using a diverse dataset
sourced from 100 websites that focus on the mental
health of children. These websites provide a wide array
of content, including articles, blogs, support forums,
and mental health resources. The dataset used for
training the LLM is focused on the following aspects:

1. Children’s Mental Health: General
discussions and expert advice on topics like
anxiety, depression, and emotional well-being
in children.

2. Supportive Conversations: Dialogues
between children and mental health
professionals, providing insights into
empathetic responses and coping strategies.

3. Behavioral Signs: Information on how to
identify behavioral symptoms of mental health
issues in children and adolescents.

4. Coping Mechanisms: Strategies for managing
emotions, reducing stress, and building
emotional resilience.

The model leverages this dataset to understand and
provide contextually relevant, empathetic, and
supportive responses to children’s concerns and
emotional states.
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Computer Vision for Yoga & Meditation Module

The Yoga & Meditation Module utilizes computer
vision to monitor the child's engagement in
mindfulness exercises, particularly yoga. The system
uses pose detection algorithms to track the child’s
movements and posture during yoga sessions. Here’s
how it works:

1. Pose Detection: Using real-time video
analysis, the system identifies key body points
and tracks movements such as arm positions,
leg alignment, and head posture.

2. Scoring: A score is assigned based on how
closely the child’s posture matches the ideal
yoga poses. This score helps assess whether
the child is fully engaged in the exercise and
performing it correctly.

3. Feedback: If the system detects any deviations
from the ideal pose, it provides immediate
feedback to help the child correct their posture,
improving the effectiveness of the exercise.

The computer vision system helps ensure the child is
correctly engaging in physical activities that promote
mental well-being, such as yoga, by providing
real-time, interactive feedback.

The Child Mental Health Tracker utilizes a robust
dataset to assess mental health, including both
self-reported attributes and behavioral data. This
dataset, combined with machine learning models, a
virtual chatbot, and computer vision techniques,
provides a comprehensive approach to identifying
mental health risks and offering personalized support
to children. The dataset enables early detection of
emotional distress, promoting timely interventions and
improving overall mental well-being outcomes.

IV.Implementation

A. Mental Health Assessment Using Multinomial
Logistic Regression

1. Data Preprocessing:

Actions: handle missing values, and encode
categorical variables

2. Model Training:

Algorithm: Multinomial logistic regression

3. Hyperparameter Tuning:

Actions: set up hyperparameter grid for tuning, set up
gridsearchcv for hyperparameter tuning, train final
model using best parameters
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B. Chatbot Implementation Using Large Language
Models

Objective: Provide empathetic and informative
responses to children and caregivers.

1. Data Collection:
○ Sources: 100 websites on children's

mental health.

Fine-Tuning the LLM:

● Framework: transformers from Hugging Face.
● Model: GPT-3 or BERT for conversational AI.

Deployment:

● Interface: Flask API for integrating chatbot
into the platform.

C. Yoga Guidance Using Computer Vision

Model:

Scoring:

VI. Results and Observations

The Child Mental Health Tracker incorporates
advanced machine learning techniques, a virtual
support chatbot, and computer vision for real-time
mindfulness guidance. The results from each of these
components demonstrate their efficacy in identifying
potential mental health issues, providing personalized
support, and enhancing user engagement.

1. Mental Health Assessment Module

The Mental Health Assessment Module leverages the
Multinomial Logistic Regression Model for
classifying children's mental health status based on
self-reported data. After performing hyperparameter
tuning, the model achieved an accuracy of 1.0,
indicating perfect classification performance. The
model demonstrated:

● Accuracy: The tuned model achieved an
accuracy of 100% on the test dataset, correctly
classifying all responses into categories such
as Anxiety, Depression, Loneliness, Stress,
and Normal.

● Precision & Recall: The precision and recall
for all classes were also optimal, confirming
the model's ability to identify true positives
while minimizing false positives.

● Observations:
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○ The high accuracy suggests that the
model effectively captures the nuances
in children's self-reported data.

○ The results demonstrate the model’s
robustness in distinguishing between
various mental health conditions based
on responses to emotional and
behavioral questions.

○ The model is highly reliable for early
detection of mental health concerns,
particularly anxiety and depression,
which are common in children.

2. Virtual Chatbot Module

The Virtual Chatbot Module, powered by Large
Language Models (LLMs), provides real-time
support to children by engaging them in empathetic,
context-aware conversations. The system's
performance was evaluated in terms of:

● Response Relevance: The chatbot effectively
provided contextually relevant and
emotionally supportive responses to children's
queries. The chatbot utilized NLP techniques
to understand and respond to a wide variety of
emotional expressions.

● Engagement Rate: Over a period of
interaction, children reported higher levels of
engagement, with many users participating in
multiple sessions, reflecting the chatbot's
ability to maintain user interest.

● Emotion Detection: The chatbot accurately
detected emotional cues such as sadness or
anxiety and escalated the conversation when
necessary, suggesting appropriate resources or
offering emotional support.

● Observations:
○ The chatbot successfully reduced

feelings of isolation, providing a

comforting, non-judgmental space for
children to express their emotions.

○ However, while the chatbot
demonstrated strong empathetic
responses, there is still room for
improvement in detecting complex
emotional nuances, such as
deep-rooted trauma or severe distress.

3. Yoga & Meditation Module

The Yoga & Meditation Module utilizes computer
vision for posture detection during mindfulness
exercises. The system was evaluated based on its
ability to guide children through yoga exercises and
track their engagement:

● Pose Detection Accuracy: The computer
vision model achieved a 95% accuracy in
detecting correct posture, providing real-time
feedback to the child during yoga exercises.

● Engagement: Children showed an increased
sense of relaxation and emotional well-being
after completing yoga sessions. Post-exercise
surveys indicated a 20% improvement in
mood and a significant reduction in reported
stress levels.

● Feedback Mechanism: The system provided
corrective feedback when deviations from the
ideal pose were detected, ensuring that
children performed exercises effectively and
safely.

● Observations:
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○ The real-time feedback provided by
the system helped children stay
engaged and motivated, contributing
to positive emotional outcomes.

○ While the system was effective in
posture detection and exercise
guidance, certain poses, particularly
those requiring fine motor control,
showed a slightly lower detection
accuracy, suggesting areas for future
refinement.

VII. Conclusion and Future Work

The Child Mental Health Tracker successfully
integrates advanced technologies such as machine
learning, natural language processing (NLP),
computer vision, and virtual support systems to
address mental health challenges in children. By
combining these innovative approaches, the system
offers a comprehensive solution for early detection,
real-time intervention, and continuous emotional
support.

Conclusion

The Mental Health Assessment Module achieved
perfect accuracy after hyperparameter tuning,
demonstrating its ability to classify mental health
conditions like anxiety, depression, and stress
effectively. The Virtual Chatbot Module, powered by
Large Language Models (LLMs), provided
empathetic support, engaging children in real-time
conversations and offering personalized guidance. The
Yoga & Meditation Module, utilizing computer
vision for posture detection, contributed to reducing
stress and improving emotional well-being. These
modules, together with the Community Chat and
Video Call with Therapist Modules, created a
holistic platform for children's mental health that is
scalable, interactive, and adaptive.

Future Work

To enhance the Child Mental Health Tracker, future

developments could focus on:

1. Advanced Machine Learning Models:
Incorporating deep learning algorithms like
transformers for better prediction accuracy
and handling more complex mental health
data.

2. Improved Chatbot Capabilities: Enhancing
the chatbot with multimodal interaction
(voice, text, video) and contextual memory to
provide more personalized, ongoing support.

3. Enhanced Yoga & Meditation Module:
Increasing accuracy in pose recognition and
providing adaptive feedback to ensure correct
posture and deeper engagement.

4. Integration with Mental Health
Professionals: Expanding the Video Call with
Therapist Module to include automated
scheduling, group therapy options, and
continuous professional involvement.

5. Multimodal Data Integration: Integrating
more data sources, such as audio, biometrics,
and physical activity, to offer a more holistic
view of children’s mental health.

6. Scalability and Accessibility: Expanding the
system's multilingual support and adapting it
for different cultural contexts to reach a
broader audience.

Incorporating these advancements will further enhance
the system’s ability to provide personalized care,
proactive interventions, and long-term mental health
support, ultimately helping children lead healthier,
more resilient lives.
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