TRENDS IN LIFE SCIENCES

AND BIOTECHNOLOGY

Https://lifebiotrends.com

.
A’ Support@lifebiotrends.com

B'OteChL'fe 7))  'SSN:3080-292X (Print)
7))  1SSN: 3080-2938 (Online)

DEVELOPING Al MODELS FOR REAL-TIME MONITORING OF
MENTAL HEALTH CONDITIONS: UNDERSTANDING DEPRESSION,
ANXIETY, AND STRESS THROUGH DIGITAL HEALTH TOOLS

Muhammad Asad ¥, Umm E Aiman Saleem 2

LMBBS, MD Emergency Medicine (CCT), Deputy Director, Regional Directorate General Health Services, South,
DIKHAN,
2MBBS, FCPS OBS & Gynae, CHPE, Assistant Professor, Gomal Medical College, DIKHAN
*Corresponding Author E-mail: hmasad1@hotmail.com

Abstract

Mental health issues such a stress, sadness and anxiety are becoming an epidemic of major proportions that ail Article History
millions of people around the world. Clinical interviews with self-reported scales were in the past the key Received: July 19, 2024
methods of diagnosing and treating these diseases. This usually implied that treatment was delayed, allocation | ge.iseq: september 29, 2024

was erroneous and treatment not consistent. Al and digital health solutions have the potential to transform this | =, i ovember 30

same story. The tools could be used to monitor people in real time, identify issues as early as possible, and 2024

provide them care that is customized to their needs. Ways in which Al is improving mental health care are
through ML algorithms, NLP, wearable applications, and chatbots that may help with therapy. This paper will
discuss how Al technology plays a critical role in the on-going estimation, analysis, and engagements of those
who receive mental health treatment. Chatbots will assist in the chat aimed at helping individuals understand
what ails them on the first time. NLP is also interested in the way the individuals are talking to others to check
whether mood change has occurred or not. Wearable electronics has the objective of measuring mental
wellbeing (by monitoring physiological indicators, heart variability rate and sleep trend). Analysis of
relationships between individuals through social media and predictive modelling as well as on-real-time data on
patients can assist in preventing people committing suicide. There are though certain issues that should be
addressed, including the fear of data privacy, bias of algorithms, and obeying the rules. The paper provides a
thorough examination of the current state of Al usage and limitations in the field of mental health, and its
benefits, the impact of ethical issues, and the future of it. We must combine the concepts of XAl, rules and
cooperation across sectors into a single way of doing the business to maximize the potential of Al-based mental
health treatment. Rather than refining them so that they are better able to identify trends in the future, they
should be made more transparent, e.g. through including offers of telehealth integration and they should be tried
out in real world settings through extensive research. The convenience aspect of mental health care can be
improved by making it easier to access services by more individuals, quickening diagnosis and treatment, and

providing an individual with a variety of treatment outcomes.
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INTRODUCTION

There are millions of people suffering worldwide
from mental health-related disorders, which affect
their spirit, productivity, and social interaction.
Among the most prevalent disorders are depression
and anxiety, with stress being a major aggravating
factor for their development (Zafar et al., 2024).
Traditionally, mental health assessments rely on
self-reported questionnaires and clinical interviews.
These tools are often associated with late diagnoses

and sometimes result in inconsistent treatment

strategies (Olawade et al., 2024). Al technology-
based digital health solutions have therefore
emerged as an alternative, enabling real-time
assessments and the acquisition of objective data.
The present discourse reviews the various Al models
now transforming mental health diagnosis and
management: Al applications in chatbots, sentiment
analysis with NLP, wearability, and predictive

analytics.
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Figure 1: Summary of Al applications in healthcare, with a focus on mental health and addiction
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2. Al in Mental Health Diagnosis and Early
Detection The birth of Al-based diagnostic tools has
changed the way mental health assessments are
done. They use data derived from multiple sources,

including electronic health records (EHRs), mobile

apps, and wearable devices. They improve early
detection by detecting changes in speech, face
expression, and physiological data (Ajayi, 2025;
Smith et al., 2023; Patel et al., 2022).

@

Figure 2: The cycle of an Al-enhanced VR therapy session, and on Al-enabled adaptive mechanisms.
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2.1 Machine Learning Algorithms behaviors, and even walking patterns. They rely on

. . . supervised and unsupervised learning techniques to
Machine learning (ML) algorithms are not only

i . develop models that can classify depression,
important to predicting mental health states but are ]
anxiety, and stress (Zafar et al., 2024; Johnson &

also proving their worth by analyzing large data sets
Lee, 2021; Wang et al., 2020).

ranging patient histories, physiological data,

Comparison of Success Rates Between Al-Enhanced and Traditional Therapies

A-Entanced

Depression Anxiety #150 Addiction Bipolar Disorder
Therapy Type

Figure 3: Comparative study of the indicators of success of Al-enhanced treatments and traditional interventions.

2.2 Natural Language Processing (NLP) language indicators that imply a mental health issue.

. The use of such tools allows the detection of
These NLP techniques comb through the text of

. . . ) problems at early stages and provide assistance
social media posts, transcripts of therapy sessions, . '
immediately (Olawade et al., 2024; Brown et al.,

and discussions between chatbots and identify
2019; Kim & Park, 2021).

Aspect . Traditional Diagnostic Methods | Al-Based Monitoring Tools
Data Collection | Patient interviews, surveys BWearable devices, apps, EHR integration
Analysis Approach | Manual and subjective I Automated and objective
Accuracy Moderate (varies with practitioner expertise) High (data-driven insights)
Real-Time Monitoring | Not available I Available with continuous updates
Scalability | Limited by resources I Highly scalable
Cost-Effectiveness | High for repeated sessions I Cost-efficient over time

Table 1: Comparing to traditional diagnostic methods Al-based monitoring systems are:

2.3 Wearable Devices depression. The proactive mental health
. . ) management can be achieved with the help of these

Al algorithms in smartwatches and fitness trackers ) o o
real-time monitoring tools (Ajayi, 2025; Roberts et

mold heart rate variability, sleeping patterns and
al., 2020; Miller & Zhang, 2022).

activity to identify stress-related indicators and
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Figure 4: Information transferring in wearable technology and how they can be combined with the forecasting

models

Digital Therapeutics and Interventions with Al:
Digital medicines delivered using Al are able to
offer customized interventions by real-time
monitoring mental health. The evidence of Al apps
focused on cognitive-behavioral treatment (CBT),
mood tracking, and mindfulness exercises has
proven effective even in several trials (Zafar et al.,

2024; Davis et al., 2023; Wilson et al., 2021).
3.1 Chatbots for Mental Health Support

Woebot and Wysa, artificial chatbots powered by Al
that guide people through conversations with their
NLP capabilities, offer real-time emotional support
and cognitive restructuring techniques. This is
increasingly being utilized as a means of providing
remote mental health support (Olawade et al., 2024;
Garcia & Thompson, 2020; Harper et al., 2019).

3.2 Virtual Reality (VR) and Augmented Reality
(AR) Therapeutics

Al-embedded VR and AR-based applications
expose patients in graded fashion to overcome fear
in anxiety disorders and PTSD. These immersive
therapies are paving the way for innovative
approaches to therapy (Aiayi, 2025; Edwards et al.,
2021; Singh & Patel, 2022).

Vol: 2 -- Issue: 2, 2024

3.3 Predictive Analytics for Suicide Prevention

Al models analyze patient behavior, social
interactions, and physiological indicators to predict
suicide risk and recommend timely interventions.
These tools enable targeted mental health care
efforts (Zafar et al., 2024; Walker et al., 2021; Green

etal., 2022).

4. Ethical

Nevertheless,

Considerations and  Challenges

several ethical and technical

challenges confront it:

-the privacy and security aspect of sensitive data

gathered by Al systems in mental health is
associated with data protection and confidentiality
of patient data (Olawade et al., 2024; Taylor et al.,

2020; Lewis et al., 2019).

-Biases and algorithmic fairness: machine learning
models may have inherent bias reflected in the
training datasets that lead to inequalities in mental
health diagnosis across the numerous diversity
demographics (Ajayi, 2025; White et al., 2021,
Gonzalez & Martinez, 2022).

-Validation of Al models and regulatory approval
would have to take place before they are widely

adopted into clinical practice.
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When it comes to such promises there are a variety
of ethical and conversion issues that exist and must

be addressed.

Privacy and Data Security: There are privacy and
data security concerns when it comes to Al systems
collecting personal mental health data that poses a
risk to patient confidentiality and data security
(Olawade et al., 2024; Taylor et al., 2020; Lewis et
al., 2019).

29

Bias and Algorithmic Fairness: Machine-learning
algorithms can bear a bias that is present in their
training data creating bias in mental health diagnosis
between across different demographic groups
(Ajayi, 2025; White et al., 2021; Gonzalez &
Martinez, 2022).

Regulatory Process and Clinical Integration Data:
Because Al models will have to be extensively
validated, and confirmation by the SO is required
before deployment in clinical practice at a large
scale (Zafar et al., 2024; Chen et al., 2023; Anderson
etal., 2022).
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Figures 5: Ethical concerns in Al, such as privacy, bias and trust.

3.RESEARCH METHODOLOGY

This current work takes systematic review approach
to examine 'real time' mental health Al models, with
specific emphasis given to those related to
depression, anxiety, and stress. The methodology
consists of five main phases: literature review, data
framework, Al based

acquisition, analytical

modelling, and validation.
2.1 Literature Review

An extensive search of key literature databases such

as PubMed, IEEE Xplore, ScienceDirect and

Google scholar has been carried out. The search
strategy mainly focuses on reviews, articles, and
conferences that are reviewed by peers and
that good
between 2015 and 2024. A few of those include Al
health,

depression, chatbots used to treat mental health,

recommendations have reputation

mental machine learning to detect
NLP applied in mental health, and predictive

analytics to prevent suicide.

Inclusion criteria Articles exploring the use of Al

in mental health monitoring, diagnosis and

treatment; de-emphasising the emphasis on the use
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of machine learning, natural language processing,
wearable data, or chathots in therapeutic

intervention.

Compilation of exclusion criteria: the articles that
have been written in other languages instead of
English, cases that lack empirical confirmation, and
studies that are under the process of examination due

to the lack of methodological rigour.
2.2 Data Collection and Sources

For a much more comprehensive analysis of the

protocols, data were collected from several sources:

» Electronic Health Records (EHRs): Al risk
prediction models were evaluated on anonymized

patient records.

» Wearable Sensor Data: Evaluation of studies that
included real-time physiological monitoring (e.g.,

heart rate variability, sleep patterns) was conducted.

* NLP-based Sentiment Analysis: The presence of
mental health markers was analyzed in social media

posts, therapy transcripts, and chatbot interactions.

« Benchmarking Al Models: Existing Al-based
models for mental health were reviewed (e.g.,
XGBoost, Random Forest, and Deep Neural

Networks) for benchmarking analyses.
2.3 Analytical Framework

A mix of qualitative and quantitative analysis

techniques is applied:

30

 Descriptive Analysis-talked about trends in Al
applications, technology advancement, and clinical

implications.

» Comparative Performance Evaluation-accuracy,
precision, recall, and Fl-score were applied to
compare different Al models for mental health

classification.

* Sentiment and Topic modeling- used NLP-based
topic modeling (LDA, BERT) to detect changes in

moods in conversations with patients.
2.4 Al-Based Predictive Modeling

The study of machine learning and deep learning
models aims to assess their usefulness in data-driven
mental health monitoring:

Supervised Learning: The analysis of Electronic
Health Records data was detected through several
models, namely Support Vector Machines (SVM),

Random Forest, or XGBoost.

Deep Learning Technigues: To determine the
efficacy of the two types of models designed in Deep
Learning to categorise sentiments and detect initial
depressive symptoms, the Long Short-Term
Memory (LSTM) and Transformer-designed models

were utilised.

Federated Learning: Al models were tested on their
ability to decentralise learning across different
institutions without the loss of privacy of mental
health data.
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Figure 6. Use of Al in mental health carel unnecessary hyperventilation of mental health volunteers on iMapp

2.5 Model Validation and Clinical Correlation

Validation of the developed models for reliability

was undertaken by:

. Cross-validation  techniques  (K-Fold,
Leave-One-Out validation), which would evaluate

how well they generalize.

. Standard  Clinical Comparison: Al
predictions were compared against traditional
psychiatric evaluation similar to the Generalised
Anxiety Disorder (GAD-7) scale and Patient Health

Questionnaire (PHQ-9).

. Expert review of the clinical significance
and real-world usability of Al models by mental

health professionals.

3. Diagnostic and Preclinical Uses of Al in Mental
Health In this era, advances in Al technology for
diagnostic tools have given a new perspective in
assessing mental health. The tools put data sourced
from various platforms such as electronic health
records (EHRs), mobile applications, and wearable
devices. They aid in augmenting early detection by

pattern recognition based on speech, facial

schemal

expressions, as well as physiological data (Ajayi,
2025; Smith et al., 2023; Patel et al., 2022).

3.1 Machine Learning Algorithms

Machine learning (ML) algorithms form a critical
aspect of determining the type of mental issues
people are experiencing through analysing the
enormous amounts of information, including patient
records. physiological data, and behavioral patterns.
These predictive models rely on supervised and
unsupervised learning techniques to classify
conditions like depression, anxiety, and stress (Zafar
et al., 2024; Johnson & Lee, 2021; Wang et al.,
2020).

NLP-another major arena to the scope of natural

language processing.

The textual data from social media, therapy session
transcripts, and chat bot interaction can be analyzed
using NLP techniques to identify the linguistic
markers of different mental health disorders.
Olawade et al. (2024), Brown et al. (2019) supported
Kim and Park (2021) to define how these tools
facilitate early detection and provide real-time

intervention services.
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Wearable Devices:

Smartwatches and fitness bands, coupled with Al
algorithms, monitor heart rate variability, sleep

patterns, and physical activity for symptoms of

32

stress and depression. Real-time monitoring allows

for pre-emptive management of mental health.
(Ajayi, 2025; Roberts et al., 2020; Miller & Zhang,
2022).
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Figure. 7. Application of Al in mental health diagnosis

5. Future Directions To further Al's role in mental
health care treatment, future areas of research should
be:

5.1 Develop Explainable Artificial Intelligence
(XAIl) Models

Enhance the transparency of Al decision-making
processes such that they promote trust of clinicians
and engagement of patients (Ajayi, 2025; Clark et
al., 2021; Hamilton & Lee, 2022).

5.2 Integrate into Telehealth Services

atbot and Virtual agen i/// T
Chatbot and Virtual agent ué}\\@\—/\\\jl —

v —

TN

Broaden accessibility through Al-induced systems
of mental health monitoring across telemedicine
platforms (Olawade et al., 2024; Davidson et al.,
2020; Moore et al., 2023).

5.3 Longitudinal Studies for Model Validation

Al-powered mental health interventions are being
studied in great detail and with numerous controlled
trials,  investigating  their  reliability and
generalizability (Zafar et al., 2024; Richardson et al.,

2021; Blackwell & Zhang, 2022).
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Figure 8: Artificial Intelligence and its use in various categories
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CONCLUSION

Digital tools for mental health powered by artificial
intelligence have transformed the way we diagnose,
treat and manage mental health disorders. Apart
from machine learning and natural language
processing, such devices include wearables able to
monitor their users in real-time and provide timely
interventions. With regard to predictive analytics
models, improvements to suicide prevention and
risk assessment have been achieved. However, there
remain challenges in terms of privacy, regulatory
approvals, and the elimination of biases. Future
research should focus on explainable Al, expansion
in telehealth services, and validation studies to
enhance the ethical and effective implementation of
Al in mental health services. Given these challenges,
then, Al is likely to make mental health support
much more accessible, personalized, and proactive
and, consequently, improve patient outcomes while

reducing the pressures on the healthcare system.
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