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Abstract — the promotion of mental health and positive
mental health's maintenance have been a significant problem
on the global level. Anxiety, depression, OCD, Bipolar
disorder, stress, eating disorders, the pressure of work, and
education are some of the common mental health issues that
people are usually grappling with across the globe. This will
make solving the complexity of the human mind the number
one need for the attribution of ongoing initiatives to hasten
that process. The mental issue is to be alleviated as it stands.
Hence, implementation of technologies for evaluation and
support is suggested and the strategy prioritises technological
interventions here. The classical mechanisms of mental
health assessments go head-to-head with a considerable
number of challenges including societal stigmatisation,
financial implications, and accessibility limitations. To this
end, our novel software remains as a tool for digital treatment,
which actually costs less and ensures user privacy. Our
system organises a thorough evaluation process to diagnose
the patient's problem and proffer custom-made solutions.
Furthermore, it layers a chatbot for the user to supply crucial
emotional backup. The system collects data of various kinds
and kinds of data, including unstructured files, refined
datasets, questionnaires, and data from APIs, all of which are
stored in a specific database to facilitate prediction modelling.
Then starts with an automated web-based questionnaire, the
BRIEF MENTAL HEALTH SCREENING, which has been
created and tested to aid the users with insights into their
mental well-being. With the help of machine learning
algorithms, the system determines if people are suffering
from mental health problems. In cases where the feedback is
too general, the tool conducts an intensive breakdown of the
data. Age-based questions form the basis of this phase, where
the indication of psychological health will be through
unheard-of features such as musical tastes, dietary
preferences, facial recognition, and screen time. Post the
detection of a mental health problem, a series of tests,
including the battery screens, which may reveal a range of
conditions such as depression, anxiety, stress, social anxiety,
and bipolar illness, will be conducted. The collective overall
score from these evaluations can be the central point for a
comprehensive decision on the user's situation. Post-
diagnosis, our system extends its support further by offering
an interaction platform with an emotionally attuned chatbot.
This dynamic chatbot adapts its responses to align with the
user's emotional state, providing an empathetic and
personalised interaction. Whether the user is in distress or
feeling down, the chatbot's responses mirror their emotional
disposition, fostering a sense of confidence and
encouragement. By Adopting An All-encompassing
methodology, our system strives to comprehensively address
mental health challenges, sparing no effort to enhance well-
being.
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I. INTRODUCTION

In today's fast developing world the importance of giving
precedence to our mental state and the importance of well-
being cannot be overemphasised. More and more people
worldwide can be seen battling the different kinds of mental
issues, from pressure, anxiety, tension, and even depression.
Emotional chains are therefore usually brought by the
avenues such as the stress at work and in studies, coupled with
the pressure they bring. Therefore, in need of taming such, it
has resulted in devising relieving mechanisms of the massive
rate of mental disorder cases.

WHO states that mental health is an essential
component of a human being. Saliently, depression is one of
the causes of health being seen as a costly affair, whereas
suicide ranks as the fourth major cause in the group of people
aged between 15 to 29 years. Yet the treatment cost is equally
low, and implementation of the treatment is not that much.[,
Mental health has deteriorated by demographic changes
throughout the entire globe. Has led by a percentage of 13 %
to the rise in the occurrence of mental health conditions and
substance use disorders cites WHO. Posing to about 20 % of
adults aged from 15 TO 29 years at some point in life mental
health challenges. Has also cut across the economy of the
world because it costs 1 trillion US dollars every year 21,

They do not feel comfortable discussing their
feelings with other people because they don't want to be
judged. Professionals to consult are also expensive and take
time, like the doctor or the counsellor. And here is our novel
system. It is an inexpensive and confidential computer
program that interacts with the user through customised
questions, understands the user's problem, and suggests
further guidance. Additionally, an algorithm known as a
computer chat friend, provides personal emotional support
via interacting with the feelings of the user, which elaborates
further on providing a sense of comfort and well-being. A
current research study demonstrates identifying the
manifestation of anxiety, depression, stress, and deploy-
emotion regulation strategies using DASS-21. The research
had been performed on 200 participants who had carried out
the filling of demographic information. These algorithms are
manifested in a demonstration where the identification of the
Survey based detection . Emotion Recognition through face
is the fast-growing technology for identification of mental
iliness. The model is trained with massive learning examples
to help in evolving the generalizability aspect in the emotion
recognition theory . The detection of depression using NLP
and ML is one of the widely reached methods of identifying
the existing mental health problems for people. Depression is
a common occurrence nowadays. Therefore, this technique is
able to identify that they used NLP strategies like sentiment
analysis, part-of-speech tagging, and named entity
recognition to gravitate emotion among users. They used

machine learning algorithms to detect and analyse the chats
5]
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This is trending nowadays. "Sentiment Analysis
using Chatbot and Mental Health Tracker" involves research
on the application of sentiment analysis in tracking and
counselling for mental health while employing a chatbot
interface. The authors proposed a system that could be useful
in providing real-time mental health analysis and assistance
by integrating a chatbot and a mental health tracker [,

Literature Review: A Study About Natural
Language Processing Chatbots for Mental Health. The
authors reviewed 25 different mental health chatbots to
determine their abilities in providing mental health help,
whether they are useful, and whether they are efficient. It was
found that chatbots could be effective with supporting
guidance, resourcing people with mental health concerns. The
study had applications of the Chatbots such as extension NLP
approaches, sentiment analysis, subject modelling, and
dialogue management to give customers correct aid that is
efficient and personalised "],

The embraces questionnaires and other data
submitted by the cardholders can fetch data from the many
heterogeneous sources to the unstructured files that have been
cleaned into data sets. The data remains secure in the
database, and from that data is an input for predicting
something. Then, using the data retrieved from the
questionnaire, forward features—for example, state of the art
machine learning and deep learning algorithms—are
forwarded toward the evaluation of mental health conditions.
For detailed analysis, age-specific questions are asked of
them.

This occurs in a stepwise manner where firstly the
intelligence of users' thinking is established through their
comprehension by their musical preferences, eating habits,
face recognition, and screen time. In disease of the brain
detection, a cycle of testing will be completed in finding
specific disease of the brain that includes the following:
OCD, bipolar, social anxiety, phobia, and stress. The
cumulative score from an array of tests gives an overview of
the state of the user. At the time of making the diagnosis, our
system does not stop at just making the assessment; it goes
further to introduce an interactive chatbot. The chatbot gives
responses suitable to the users' feelings, providing empathy
or encouragement during high-stress moments. This holistic
approach emphasises our serious concern in seeing to it that
mental health issues are dealt with comprehensively and that
well-being is fostered in every dimension.

Il. LITERATURE SURVEY

The literature survey in the paper "Assessment and Prediction
of Depression and Anxiety Risk Factors in Schoolchildren:
Machine Learning Techniques Performance Analysis" will
probably give an outline of existing studies related to
depression and anxiety risk factors in schoolchildren, as well
as the methods one must use for their assessment and
prediction. It may narrate previous works on depression and
anxiety among this population group, pointing to a number of
risk factors already identified in the literature, namely socio-
economic status, family relations, academic pressure, and
social relationships. Alternatively, it could discuss previous
and current research on the presence of depression and
anxiety in this demographic, noting different risk factors

identified in the literature, among which were socio-
economic status, family relations, academic pressure, and
social relationships. Alternative to that, it could discuss
previous and recent research works based on previous
diagnosed depression and anxiety in this. The conducted
literature research is likely to serve as a basis for studies
involving machine learning methodologies in order to
appraise and predict depression and anxiety risk factors
among schoolchildren. This can be added to the existing body
of knowledge of this discipline.®

The literature review section in a research paper on
"Prediction of Anxiety, Depression, and Stress in Modern
Life using Machine Learning Techniques" most likely covers
the study that has already been conducted on the prediction
of mental issues such as anxiety, depression, and stress using
machine learning techniques. It outlines that there is an
increased prevalence of these mental health issues in modern
society and outlines some of the associated challenges in their
prompt diagnosis and treatment. The survey may also
consider the previous research works conducted on the
existence of variable risk factors and symptoms associated
with anxiety, depression, and stress, and their consequences
on the individual and public health. Furthermore, it may
outline the summations of the studies which include the usage
of learning machine algorithms in making mental health
predictions and how they have proven to fulfil their purpose
efficiently in the analysis of large datasets in order to identify
certain repeated behavioural patterns related to mental health
disorders. Overall, the literature survey possibly offers a
broad pastiche upon which the focus of the study on using
machine learning algorithms for the prediction of anxiety,
depression, and stress in contemporary life is based, thus
furthering mental health research and intervention strategies.
o1

The likely literature survey for the article "Mental
Health Prediction using Data Mining: A Systematic Review"
provides an in-depth exploration of existing studies related to
mental health prediction using data mining approaches. This
is likely to span sprawling research in the field, dealing with
ample methodologies, datasets, and outcomes. Such a survey
may touch on the prevalence and consequences of mental
health issues, paying a keen interest in the need for effective
prediction and intervention strategies. It may cover past
studies that have used data mining-based algorithms for
analysing diverse data. However, at the same time,
improvement in prediction ability was brought about by an
approach that pooled all the energy where feature selection
took place adaptable to electronic health record sources,
social media activity, and wearable sensor data in predicting
mental health outcomes. The critics could also identify the
challenges and hypotheses related to the current approaches
as the future direction lays the fertile ground for further
research and innovation. On the whole, the literature survey
was likely to summarise the state of the art in predicting
mental health by data mining, including methodology
improvement and predictive analytics in mental health care.
[10]

The normalisation of feelings and emotions will
likely be achieved through studying the available relevant
literature in the research paper, "A Review of Generalizable
Transfer Learning in Automatic Emotion Recognition," about
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the transfer learning aspects in the area of automatic emotion
recognition techniques. It probably spreads a range of efforts
in the research direction of exploiting pre-trained models with
knowledge from related domains to boost emotion
recognition performance on diverse datasets and applications.
In this survey, we are likely to focus on the different strategies
applied in transfer learning, like fine-tuning, domain
adaptation, and multi-task learning; we specify the efficiency,
limitations, advantages, and disadvantages of each with
respect to generalizability and robustness in emoation
recognition systems. Apart from that, it might look into those
conducted studies related to the effectiveness of transfer
learning to overcome issues such as dataset bias, domain
shift, and the availability of limited label data in emotion
recognition tasks. It is overall clear that the review of the
literature provides valuable insights in the current state-of-
the-art transfer learning for automatic emotion recognition
and informs the way how research approaches and
contributes to the area of affective computing through
advancements in affective computing research.[*4

The literature survey in the research paper "Stress
detection using natural language processing and machine
learning over social interactions" Such diverse studies related
to the detection of generalised vocal stress by the use of NLP
and machine learning techniques based on the context of
social-interaction are likely to have been included in the
literature survey of the research paper. The chances are that
the survey may reflect several strands of research efforts to
analyse the level of stress of people based on linguistic cues,
sentiment, and discourse patterns, etc., during their social
interaction. Literature on various methodologies employed in
the past research works like feature selection from text data,
sentiment analysis, and classification algorithms. Literature
may also conclude with a state-of-the-art review based on the
usage of NLP and machine learning techniques for the
identification of the stress levels of different social contexts
and a study regarding the effect of different models on
different communication platforms. Therefore, the literature
review can help provide the scientific community with insight
into the current state of the art regarding ways leading to
stress detection using NLP and machine learning in this
methodology contribution, advancing the approaches taken
up in both mental health monitoring and intervention
accordingly.*4

Most likely, the literature review in this paper,
"Application of NLP and Machine Learning for Mental
Health Improvement,” will be an exhaustive review of
previous research reports focusing on the application of
natural language processing on addressing issues faced by
mental health. It likely comprises several research
endeavours to explore textual data, including information in
social media postings, blogs, and medical transcripts, for
linguistic markers using various mental health problems.
Probably, the review describes how sentiment analysis, topic
modelling, and classification algorithms work to
automatically pick up symptoms, stratify levels of risk
individuals might be exposed to, and—better still—
recommend interventions. It also gives a description of
studies that implement NLP or machine learning to other
modalities to provide in-service monitoring and personalised
support for people with disorders in real-life settings. More

concretely, the literature review is expected to set a
background with an in-depth review of how present-day
studies use NLP and machine learning to improve mental
health, mould the method of this study, and thus contribute to
the improvement of the computational methods of mental
health, (3!

The literature review presented in the research
article "Effect of Al chatbot emotional disclosure on user
satisfaction and reuse intention for mental health counselling:
a serial mediation model" is likely to provide a very strong
overview of research conducted within the context of the
relationship of Al chatbot emotional disclosure, user
satisfaction, and reuse intentions in mental health counselling
settings. It might include findings in the area of emotional
expression through human-computer interaction for empathy,
primarily in the context of support for mental health. Another
study involves a discussion on pre-existing research
associated with the effect of an emotional disclosing Al
chatbot on user experience, user engagement, trust, and
satisfaction with the recommended counselling service.
Moreover, it would be able to include research that tests the
mechanism behind emotional disclosure in relation to user
satisfaction and reuse intentions—for example, perceived
empathy, perceived usefulness, and perceived effectiveness
of the chatbot intervention. On the whole, it is expected that
the review of the literature could give important insights into
the current state-of-the-art with respect to Al Chatbot
intervention in mental health counselling, feeding the
conceptual framework of the present study, and contributing
to the advancement of technology-assisted mental healthcare.
[24]

The literature survey in the research paper
"Sentiment Analysis using Chatbot and Mental Tracker”
gives a brief outline of their existing studies related to use of
sentiment analysis techniques in design of chatbot
frameworks and mental health tracking systems. This most
likely covers a lot of research work on using sentiment
analysis towards the text data generated in chatbot interaction
scenarios and under mental health monitoring frameworks. It
might contain a wide range of research efforts to orient the
application of sentiment analysis in text data generated during
the interaction of chatbots within mental health. It is also
projected to discuss methods and algorithms of content-
analytical sentiment analysis, including lexicon-based
approaches, machine learning models, and deep learning
techniques. Particular consideration will be given to research
dedicated to analysing the depth to which it would be
effective to identify emotional states, fluctuating mood, and
symptoms related to mental health expressed in tangible data.
More to the point, the literature review justifies, in most
probability, through good reason, the current state of
sentiment analysis in chatbots and mental health tracking
systems, thus further guiding the methodology development
in this research work and enhancing the growth of
technology-driven mental health interventions [*51,

The literature survey in the research paper
"ldentifying Individuals with Eating Disorders Using Health
Administrative Data" The research paper, therefore, identifies
that an extensive literature review regarding the existing
studies in respect to the identification and assessment of
persons with eating disorders should have been carried out
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utilising health administrative data. Perhaps it contains some
algorithms and methodologies that would allow the
identification of cases of eating disorders with enough
accuracy from administrative databases. The previous study
in the same scope probably took the survey into consideration
with diagnostic codes, billing records, and patterns of
healthcare use for the eating disorder with such sensitivity
and specificity in the identification of the affected cases. The
literature review provides an opportunity to build a more solid
knowledge base around the current state of the art of using
administrative health data to identify and manage eating
disorders, inform study methodology, and help advance
strategies for population-based health management.[6]

The proposed literature review for the thesis "A
Study of Mental Health Chatbots using NLP" holds the scope
of probably offering an in-depth overview of the existing
studies regarding chatbots for mental health using natural
language processing. A wide range of research efforts will be
covered, mainly focusing on the development,
implementation, and finally the evaluation of chatbot systems
designed for the support and intervention of mental health.
Insert very specific topics of discussion that you think the
survey could be covering: functionalities and features
relevant to mental health chatbots, and how effective or not
they are when it comes to the acceptance or rejection of ideas,
taking into consideration possible ethical considerations. It
may involve a review of studies pertaining to the application
of NLP algorithms using user-inputs or the detection of
emotional states to make recommendations that would be
useful to the user for therapeutic interaction. In an opening,
weaknesses or limitations in existing chatbot technologies
dealing with mental well-being can be suggested in relation
to future research and development in the field. Indeed, the
literature review is bound to provide vital insights into the
actual state of art regarding mental health chatbots using
NLP, in respect to the realisation of the research scope,
methodology, and contributions towards the advancement of
technology-enhanced mental health. It, most likely, will be
different from facial expressions analyses in general: finding
involved face points, changes in facial muscle movements, or
even the features extracted from noiseless emotional states.
There are a lot of various algorithms and techniques used in
facial feature recognition for emotion-detecting purposes
between conventional computer vision and deep learning
ones.'l

A literature survey in the research paper "Emotion
Detection through Facial Feature Recognition" likely gives an
idea of Research efforts on the emation recognition related to
facial features would likely be covered by existing studies
considering the aspects of facial expression, such as detecting
key facial landmarks, changes in facial muscle movements,
and extraction of features for different states of emotion.
Survey could reveal various methodologies and algorithms
suggested in the literature for emotion detection using facial
features; both traditional vision and deep learning might be

considered. In addition, it might include studies related to
application in several areas: human-computer interaction,
affective computing, and mental health assessment.
Moreover, the survey can be addressed to the problems in the
emotion recognition from facial expressions field, including
the expression variabilities in humans with an interpersonal
and cross-cultural approach, to specify ways of enhancing
accuracy and robustness. In any case, very likely, the
literature survey provides insight into the current state-of-the-
art in this field and into the algorithm adopted for face and
affective representativity in advance in affective computing
research.

I1l. PROPOSED SYSTEM

Our approach targets the global increasing incident level of
mental health challenges such as anxiety, depression, OCD,
bipolar disorder, stress, and eating disorders, augmented by
stigmatisation of society, financial constraints, and very poor
accessibility to the conventional evaluation methods. Our
approach recommends and insists that technology be
integrated to overcome barriers to effective assessment and
support. Our system proposes a more interactive chatbot that
provides the necessary emotional support, along with data-
driven provisions for the complete diagnosis of mental health.
The bedrock of our approach lies in the construction of a
seamless, web-based questionnaire for the easy and efficient
collection of various kinds of data from users, known as the
brief mental health screening instrument. This screening tool
is powered by machine learning algorithms that can give
insightful assessments by guiding users through a series of
age-specific queries that allow for the possibility of detecting
mental health disorders. What's new in our methodology is
the incorporation of novel indicators—music preferences,
dietary habits, face recognition, and screen time—to improve
the accuracy of detection. It also undertakes detailed analysis
for the presence of any mental disorder, such as depression,
anxiety, stress, social anxiety, bipolar disorder, OCD, etc.
Our strategy involves a series of different screenings for each
disorder to provide an accurate diagnosis. Further, it also
provides a platform for interaction through which diagnosis
is completed and supported with the help of an emotionally
tuned chatbot. This platform will, therefore, facilitate
empathetic engagement, followed by personalised guidance
and support based on the level of vulnerability or capacity to
help. Our solution offers effective mental health
management, using a holistic methodology in the quest for
better well-being. In the system, we integrate technologies,
data-driven assessment tools, and empathetic support
mechanisms to provide holistic solutions that drive positive
outcomes in mental health globally. It is illustrated in Fig. 1
below, a step-by-step procedure of how the flow of execution
goes down in predicting mental health emotions.
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A. Data Preprocessing and Collection: information may be drawn out by methods such as text
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Hours
per
day

Primary
streaming
service

Fav
genre

Instrumentalist Exploratory

Spotify 30 Latin

Pandora Rock
Video
Spotify game

Mmusic

YouTube

Music i

Spotify R&B

Foreign
languages

Frequency
[Hip hop]

Frequency
[Gospel]

Frequency
[Folk)

Frequency
[EDM]

Frequency
[Country]

Frequency

BPM.  [Glassical]

156.0 Rarely Never Rarely Never Never Sometimes

1190 Sometimes Never Never Rarely Sometimes Rarely

Very

Rarely
frequently Rarely

840 Sometimes Never Rarely Sometimes

107.0 Never Rarely Never Rarely

Table 1: datasets for mental health prediction

B. Data cleaning and exploration of the datasets

This would involve the removal of outliers, correction of
errors, and handling of missing values. Handling missing
values applies various techniques depending on data
characteristics and research requirements, such as imputation

or deletion. We have implemented Exploratory Data
Analysis—visualising data distributions, correlations, and
patterns. Descriptive statistics, histograms, scatter plots, and
heat maps give insight into data characteristics and potential
relationships which could exist between variables in the
dataset. Figure 2: Relationships of One Column to Another.
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Fig 2: heatmap, and checking correlation between columns

C. Feature Engineering:

After data exploration, new features can be engendered from
the already existing ones in order to capture more information
that might turn out to be relevant for mental health prediction.
For example, aggregate features might be created from time
series data or textual features from survey responses.
Identifying the most informative features allows for

dimensionality reduction of the dataset and model
performance improvement. Some of the techniques used are
correlation analysis, ranking by feature importance, and
model-based selection. Fig 3 below presents a bar graph of
the importance of the features; this tells us what the most
valued feature and least valued feature are in terms of
predicting the target column.
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Fig 3: feature importance bar graph

D. Training the models:

The machine learning algorithms used are based on data
characteristics and how complex the problem could be. In this
study, logistic regression, decision trees, random forests, k-
nearest neighbours, CatBoost, and stacking classifiers are
considered as the best algorithms for classification tasks. K-
fold cross-validation allows assuring that the model will
generalise well by splitting data into a train set and validation
set iteratively. It provides an estimation of the model
performance on unseen data and also is able to detect
overfitting. Model parameters optimization for better
predictive performance: Grid Search and Randomised Search
enable one to explore the space of all possible parameters and
get back the best configuration. Ensemble techniques
combine several models into one, including stacking, in order
to improve prediction accuracy and be more robust against
noise or variability in the data.

The proposed algorithms intended to use are:

1) Logistic Regression: Logistic regression is a technique
used when the research variable in the study is a nominal
one. This model gives a chance of occurrence of a
particular target variable based on one or more predictor
variables. It is just a very basic, but actually a very good
method for binary classification; it shows the result in
terms of probability and is thus easier to read.

2) Decision Trees: Decision Trees, which serve as
classification and regression algorithms, are capable of
achieving the desired results. For the described feature
space, the decision trees structure the predictors into
categories and decision boundary values where fast and
reliable predictions are made according to the simple
rules deduced from the data. Given that they are
completely clear and straightforward, they can be

3)

4)

E.
1)

2)

employed for the sake of interpretation and explanation
when making decisions about the model.

Random Forest: A random-forest algorithm involves
training numerous individual decision trees and then
combining the results together to yield a single
prediction. The accuracy of a model is therefore
enhanced and the performance in novel data is increased
by this method which deducts the projections to be too
high or too low with the help of numerous trees'
predictions.

K-Nearest Neighbours: KNN is perhaps the simplest and
the best classification and regression algorithms.
Understandably, it is the K nearest neighbours which can
be found around the specified data point in the first case
and for the classification the label which occurs most in
all the neighbours or for regression the average values
shall be taken. No model needs to be internally trained;
hence, these are very writable in applications that are not
S0 heavy on computation.

Testing and evaluation:

Testing with Unseen Data: Model performance is
assessed on unseen data to evaluate generalisation
ability. This ensures that the model can make accurate
predictions on new observations.

([49 2

[ 3 115]]
Fig 4: confusion matrix showing exactly what it is

predicting concerning actual variables.

Performance Metrics: Accuracy, precision, recall, F1-
score, and ROC-AUC quantify model performance.
These measures give ideas into the effectiveness of the
model and provide an idea on how to help in comparing
different algorithms. Below Fig. 5: Confusion Matrix,
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Accuracy Score, and Recall for Logistic Regression
Model.

Confusion Matrix
0 1

Predictions

Fig. 5: confusion matrix, accuracy, recall of logistic
regression

Model Interpretability: To know how the model is
making its predictions and which factor is the most that
causes mental health disorders, the interpretability of the
model is a must. Many techniques are used for model
interpretation, one of which features importance analysis
values. As shown in Fig 3, the most important features
are represented through a bar graph. The following graph
is constructed to shed light on the features at hand from
the perspective of the target column.

Deploying:

Web Interface: Flask 4 is a small and lightweight
Python web framework, which shall be used for
implementing the website interface. It's one of the
powerful frameworks that contain several tools and
features useful for the process of web application
development, like routing and handling of requests and
template rendering.

Model Deployment: The trained models are further
deployed to the backend server of the website with the
help of Flask APIs. This will show the real input of the
mental health condition on the screen.

Database Integration: This interaction will be utilised to
communicate with databases MySQL ?* and MongoDB
1231 for storing and retrieving details of users and
predictions from the model for data integrity and
availability. Connections Fig 7 Overview of MongoDB
and Fig 16 Overview of MySQL are shown in it.
Scalability and Performance: The design of the
deployment architecture is done in such a way that it
reduces the system load while ensuring overall
performance during heavy usage. This is achieved with
load balancing, caching, and optimization techniques.

Screening process

Screening Tests:

a) Full Suite: The examination is intensified for a total
combination of ages and relevant risk factors-based
tests. The tests are a comprehensive set of age-
specific factors along with factors that can also have
an impact on the emotional health (e.g. TV
watching, food intake, social relations, etc...) of an
individual's life.

b) Age related Parameters: The tests dealing with
emotional health of children and adults will be
determined by age-related issues. E.g. different
stressors or coping mechanisms applicable to
children will vary from those for middle-aged adults
or older adults.

¢) Relevant Risk Factors: The screening tests are
targeted at identifying the risk factors that have been
associated with mental health disorders. This may
involve OCD, Social Anxiety, Bipolar disorder,
Depression, Anxiety, and stress.

d) Comprehensive Assessment: These tests are
designed to give a complete picture of the
individual's mental condition by evaluating all of his
behaviours and life aspects. A couple of other
unique and new indicators are the use of mental
health-related songs, facial recognition that involves
detecting the features expressed on the face as
depicted in fig 12, and speech recognition, where the
user can feed voice scripts and these will be shown
in fig 11.

2) Detection Algorithms:

— Advanced techniques include sophisticated
algorithms that analyse the outcome of screening
tests, spotting possible indicators of mental health
disorders. Such algorithms make use of machine
learning, pattern recognition, and statistical
analytical techniques in order to enable the detection
of subtle patterns and correlations within the data.

—  Specific Disorders: The algorithms for detection are
then tuned to a wide array of mental health disorders,
which include, among others, OCD, social anxiety,
depression, and bipolar disorder. Each algorithm is
designed to detect specific symptoms and
manifestations associated with a target disorder.

— Integration with the results of screening: The
algorithms utilise the results of the screening tests
and incorporate additional responses from the user
in fine-tuning this detection process. This method
combines several sources of information to increase
the accuracy and reliability of the detection process.

3) Severity Assessment:

— Quantitative assessment: This assesses the severity
of the disorders detected with regard to clinical
practice guidelines using standardised metrics. This,
in turn, provides a quantitative measurement for the
severity of the disorders detected and hence an
objective evaluation.

— Clinical Guidance: The severity assessment drives
the appropriateness of levels and choices of
intervention. In this regard, those with more serious
problems of mental health may require a greater
intervention, such as therapy or medication, while
less severely incapacitated patients may be offered
less intrusive interventions or self-care strategies.
After accessing all those new indicators and mental

health services, the website will show the Know Your Result
button, which captures the output of all the services and stores
it in the database. Now, know your result shows all the
outputs and the overall predicted output as shown in fig 14.
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H. Chatbot:

Our approach combines safeguarding the mental health of
people with a variety of services and providing a mental
health chatbot. The way we're thinking about doing this is we
are going to create a chatbot tailor-made for mental health.
This chatbot will be a great help for those people who prefer
to connect with a machine rather than a person. It's like
having a friend who always listens to you and provides you
with the necessary advice you need. We let the chatbot only
talk about mental health topics and ask other questions, but it
won't respond. We are also using a database to keep track of
questions that aren't about mental health. This helps us make
sure we're not missing any important topics. In our program,
we use two equally valuable technologies: MongoDB and
OpenAl's GPT-3.5-turbo model. MongoDB is a tool that
assists in data management and the chatbot is capable of
thinking using OpenAl's model. It flows this way: The bot
checks whether what you are asking is related to mental
health or not. If it is, then it relies on OpenAl's model for a
proper response; otherwise, it keeps mum. We have set this
up so the chatbot can converse with users and advise them on
different matters through a web app. It is the combination of
MongoDB and OpenAl's technology that forms a platform
where you get to communicate with the chatbot, in turn
helping you get through hard times related to mental health.
It's quite a basic tool that holds a lot of power for the ordinary
man.

IV. RESULTS

c=mx=x=m
ngmmmﬂ

Fig. 6: Mental Health Website

As shown in fig 6, the Index page of the website is
the gateway to a comprehensive portal for mental health
assessment. The user is greeted with an interactive interface
showing an option of questionnaires testing mental health in
different ways. The user has to fill in a username and then
submit. This creates, upon form submission, a table in the
database that is customised for the user. It then collects all the
information that it considers vital, such as users' responses, in
order to review the indicators of mental health. The website
pays great concern to user privacy, thus it creates a secure and
private setting in which users can go deeply into issues
relating to mental health.
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Fig. 7: table creation with username

Once the user inputs their username, a table is
generated in the database with specific columns including
‘age’, 'voice_recog’, ‘face_recog’, 'food_analysis',
'detect_songs', 'ocd’, 'social_anxiety', 'anxiety and_stress',
‘depression_pred', ‘bipolar_disorder’, and
‘predicted_outcome'’. After entering the username and
submitting the response, Figure 7 above is displayed.

Dot g Pecnagh s ge

Fig. 8: services provided.
Figure 8: Services Provided by the Website for User's Mental
Health Assessment

This website is designed in such a way that different
modules have to be clicked, and the responses have to be
given to the website. Upon submission of responses, the
predicted outcome will be made available in the service
interface as shown. This predicted result is saved in the
username table so that the user can retrieve it again by using
the "know your result" option. Each service is applicable in
different techniques and questionnaires to check mental
health and pinpoint areas of concern exactly.

When a user selects a service, say Sentiment
Analysis, the user is then prompted with a random question
about their life and daily routine, as shown below in Figure 9.
They have to answer the question truthfully. The sentiment
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analysis uses the vader_model, an NLP model that analyses
the user's response. The model thus stores the user's response,

Helessress that had taken resdenca in his soul

Sertrment negative

Sentiment Analysis
Tell us on how your day went today/ yesterday in no more than 1000 words.
Evter Teut

Sabwny
Erterad Text: The alarm's persistent wail shattered the fragle sanctusry of skeep, dragging lohn into a rew day ha had fittle desire to face, The harsh realiy of depression clung to him
ke a sulfocating shroud a3 he wrestied vath the lithargy that cumped down on his every moverment, Draggeg imsel out of bed feit the mtemptng % Gt & meuntain. and the
mundane tasks of maming became Sayphaan trals As he mecharicaly orepared 1of the day, the rmirror reflected o holiow Qaze stanng back ot him-—3 silent et 00 the Datthes

detecting the emotion associated with the same and displays
it on the website, as shown below.

Fig. 9: emotion detection through their passage being typed.

Fig. 9 reveals mental health problems in the user.
This forms a good example of an innovative method for
detecting mental problems based on everyday activities.
Other methods that have been used in the detection of mental
health include food screening and facial and voice
recognition procedures. In the process of food screening,
users are asked to enter the foods they have taken during the
day. These fluctuations can then be noted through the use of
the Edamam API[], returning nutrient information from these
inputs to find the correct mental health value. The diagram
below, Fig 10, shows how the nutrients are displayed based
upon the intake by the user.

Results

Tile: orange Juice
Calories: 213
Protein: 1.3723999999999998 g
Fat: 0.1752 g
Carbohydrates: 54,72799999936611 g
Fiber: 3.504 g
Sugar: 51.07599999936737 g

Fig. 10: intakes nutrient values

Similarly, one can find out mental health from facial
expression 9 with the voice analysis using deep learning
models trained on images and audio files run on huge
datasets. The raw data is pre-processed to form matrices each
of dimensions, and the facial expression matrices are
smoothed before being fed into a sequential model trained
over 1000 epochs using the Adam optimizer to exactly
identify emotions. After training, the model is deployed on
the main website using Flask. Also, our team has come up
with a very unique technique to recognize voice emotions.
Through the website, users upload WAV files, which are
loaded and preprocessed by extracting only the essential
features. These features are resized where necessary and used
to predict the emotions from a list that was defined earlier,
including sadness, happiness, disgust, fear, and neutrality. A
sequential deep learning model is trained for the prediction
function to an accuracy of 98%, then deployed on the website
for public access. Figures 11 and 12: Capturing and Storing
Facial and Voice Files in the Database.
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Fig. 11: Voice emotion recognition

Facial Expression Detection

Fig. 12: face emotion recognition interface, image is hidden due to security constraints.

Table 2 shows the emotions that are being saved in
the database, different facial emotions are being captured and
saved in the table for overall prediction of mental health
purposes.
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happiness
happiness
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Table 2: Emotion detected
We have developed a new age group-based mental
health concern detection method. When this service is
available, the user shall be classified into a certain age group.
This means that if a user is 18 years old, then they will have
access to the adult category. This means that working
individuals can use the employees' modules. Doing so shall
ensure that the user identifies with a question they are
answering and answers it in the best way. Both of these
modules make use of machine learning. First of all, cleaning
of the data in the CSV file is done using pandas, removing
null values, outliers, and any unidentified data present in it.
After this, it cleans out columns that do not meet their

required criteria through hypothesis testing.
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Mental Health Prediction

Fig 13: questionnaire for users to answer

For the final model, logistic regression, random
forest, K-nearest neighbours classifier, decision tree
classifier, and stacking classifier are ready to be trained.
Again, the stacking classifier is going to train with logistic
regression, random forest, decision tree, and KNN to boost
the accuracy of the whole model up to 99%. Compressing the
model using the pickle library, uploading it to the website,
and gathering input using the POST method are all done.
Again, these inputs are fed into the loaded model and the
accurate results are produced. As shown in Figure 13, it is
presented to users with a number of questions where they can
opt for suitable options and submit those. Again these inputs
are fed into the used machine learning model and generate
outputs.

Other predictions related to mental health include
OCD, Social Anxiety Prediction, Stress and Anxiety
Prediction, and Bipolar Prediction. All of these make their
predictions on different algorithms and then choose the one
which provides maximum accuracy.

1) Random Forest Classifier: Random forests, otherwise
known as random choice forests, are a method of
ensemble learning for classification, regression, and
other tasks. The basic approach is that many decision
trees are created during the training process. After this,

the final output class for classification is decided by the
class that gets the majority vote by the trees.

Logistic Regression: Logistic regression is another
classification technique which also comes from statistics
but is in common use today in machine learning and
others. It deals with one or more independent variables
that makes the outcome and makes a prediction based on
probability.

Decision Tree Classifier: This classifier constructs a
classification model by constructing a decision tree. Each
node in the tree has an associated class label and
represents testing of an attribute; the branches
descending from a node are possible attribute values.
Stacking Classifier: This is another ensemble technique
wherein all of the different classifier outputs get stacked
together and are fed into a meta-classifier to make the
final classification. It really works well for multi-
classification problems.

CatBoost Classifier: To summarise, CatBoost is a
gradient-boosting approach in  machine learning,
particularly used on datasets containing categorical
features. It does very well in the making of correct
predictions from categorical data.
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Table 2: bipolar prediction data values

The above figure shows that the input values of
bipolar prediction questions are being saved in a database for

further overall predictions. In the same, Table 3 and Table 4
are generated for social anxiety and OCD predictions.
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Table 3: for social anxiety, predicted values.
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Once all the modules or services offered have been
used by the user, for each service, the result will be stored in
Table 5, with one additional column for "predicted_output,”
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Table 4: for OCD, predicted values.

which is the major target to be predicted from the outcome
outputs listed.
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Table 5: Know your result predicted outcome table.

inside their interface with the net predicted mental health
status. Figure 14 shows how the emotions of every service are
listed followed by an overall predicted outcome.

The results are now live and viewable in the "Know
Your Result" section that has been given in the website. As
the user clicks the button, the machine learning model
predicts the inputs and produces the outputs for every service

Mental Health Prediction

Welcome, akhil!

Here's

Your Result:

Deprassion Prediction: 1sty Crtmmd
Hipalar Disorder: s Datpcad
Prudicted Outcome; N

Conclusion In all, our uniquely designed chatbot,
which would serve as a means of motivation to the user that
is uncomfortable when chatting with people, will have secure
access to our main chatbot stream. This chatbot will handle
mental health alone. It is built with the help of an OpenAl API

Fig. 14: overall emotions/ outputs of every service along with the overall predicted outcome.

key and further re-purposed to work on mental health alone.
Thus, the chatbot does not respond to questions that do not
relate to mental health. Figure 15 below shows an example of
the restraint of the chatbot to discussions involving mental
health and is unable to respond on other topics.

Mental Health Detection

Your Mental

Wis pecivida @ e of seavices and anadyss Dasth 1o hewip you undarstand and
MPeoye Yo mamal haalth

-"‘-ﬂﬂq“\wm ST

Health Matters

Fig. 15: not replying to other topics.

Now, an example of how the chatbot will respond to
any input concerning mental health is shown in Figure 16

below. Further to increase the accuracy, we have
implemented MongoDB, a database that stores data not
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related to mental health. In such a database, one can check
whether there is any vital keyword concerning mental health
that is missing in our database. Below is evidence that chatbot

responses are stored in the database as illustrated by the
figure.

A

_1d

guestion:

question: "1 want to know at

guestion: “H

.. J

Fig. 16: the response of non-mental health keywords.

At the back end, this system acts as glue between an
instance of MongoDB used for managing the data and
OpenAl GPT-3.5 Turbo model used for answering. Thus, the
code connects to a MongoDB Database named
'mental_health' and uses the collection 'user_data’ to store the
questions by the user. It makes the system recognize the
context appropriately by a well-chosen list of pre-selected
prompts related to mental health. Of course, an API key will
be provided that will integrate with the OpenAl API. It has,
however, been cleverly designed to process the user inputs
against predefined prompts and use the GPT-3.5 turbo model
in generating responses. This guided conversation is driven
through an API route probably embedded in some web
application, together with a system message. There is an
advanced combination of MongoDB and OpenAl
technologies with a converse interface specially tailored for
mental health inquiries, which can help demonstrate the
effectiveness of the system implemented within the sphere of
mental health informatics.

V. CONCLUSION AND FUTURE SCOPE

The potential future, in this field of wearable technology.
Work is visualised on sensors making further improvements
on them to make them even more reliable and accurate in
obtaining vital signs and behavioural characteristics. The
immediate attempt is also to be given to make them so small
and comfortable that the wearer while using them completely
forgets about them. Thus ongoing monitoring would be
another field that will be worked out with the provision of
real-time tracking of mental health indicators, and
interventions that are personalised for the support needed.

Cognitive Behavioral Therapy, as a core treatment
for mental health, will continue to be developed and
innovated.  Specifically, research on  personalised
interventions with the use of Al algorithms that will facilitate
anew form of CBT intervention personalised to the needs and
the preference of the user is going to be done. The effect is
further substantiated in terms of user experience and
motivation during CBT sessions. Potential application to
virtual reality environments should also be considered for
immersive exposure therapy and skill building exercises,
thereby providing new therapeutic possibilities.

Augmented Reality The potential for augmented
reality in augmenting mental health support systems is
enormous. There will also be a focus within the future on real-
world AR guidance and feedback of contextual information
on customising interventions based on mental health needs.
The next work will move toward the development of AR-
enhanced communication platforms that will power virtual
support groups and peer interactions to gain connectedness
and a sense of community. AR simulations may also be
applied for the purpose of practising coping and relaxation
techniques in a simulated scenario, hence generating new
possibilities for practising these skills.

Longitudinal monitoring strategies are crucial for
mental health management and intervention. This means the
study will bring about predictive models to be developed
based on longitudinal data to predict the trends in mental
health and identify crises before they occur. The long-term
behavioural data can be put into pattern analysis to help
interventions and care strategies that are personalised
according to the individual's unique requirements. Efforts are
also going to be made in order to enable remote monitoring
of mental health indicators in underserved areas to increase
access to mental health services and reduce inequities
regarding the provision of services.
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