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Abstract

Mental well-being plays a vi- tal role in maintaining an individ- ual’s overall health, influencing emo-
tional stability, cognitive function, and social interactions. Over the past few years, mental health is- sues
such as anxiety, depression, and chronic stress have become increas- ingly prevalent, posing significant
global health challenges. Barriers such as social stigma, limited access to mental health services, and the
subjectivity of conventional diagno- sis methods often hinder early inter- vention and support.

To address these limitations, this research proposes a novel Al- powered mental health monitoring
system. The system utilizes machine learning techniques to process and analyze multimodal data—ranging
from physiological signals (like sleep duration, heart rate, and physical activity) to digital behavior
(including social media engagement and textual expressions). Through feature engineering, the system
generates  high-level indicators such as Routine Disruption Index, Mood-Stress Balance, and Social
Engagement Scores, helping quantify complex emotional states.

Using both regression and classifi- cation models, the system effectively predicts mental health metrics such
as anxiety levels, depression scores, and high-stress alerts. This allows for continuous, real-time monitoring
and supports early identification of potential mental health issues.

Beyond technical accuracy, the system incorporates ethical safe- guards, emphasizing data privacy,
user transparency, and responsible Al use. It also aligns with the United Nations’ Sustainable Devel-
opment Goal (SDG) 3 — “Ensure healthy lives and promote well-being for all at all ages” — by
providing a scalable and technology-driven ap- proach to mental health care.

Extensive validation demonstrates that the proposed system delivers strong predictive performance across
varied datasets. This work showcases the transformative potential of artifi- cial intelligence in enhancing
mental health support and building more ac- cessible, data-informed solutions for psychological well-being.

1 Introduction

Mental health is a fundamental aspect of human wellness, deeply affecting how indi- viduals think, feel, and
interact with oth- ers. It plays a critical role in maintain- ing personal relationships, achieving aca- demic
and professional success, and ensur- ing a high quality of life. In recent decades, mental health conditions such as
anxiety, depression, and chronic stress have become increasingly prevalent, posing major pub- lic health
challenges worldwide. As re- ported by the World Health Organization (WHO), over 264 million people are
affected by depression globally, making it a leading cause of disability. Anxiety disorders, of- ten occurring
alongside depression, are also among the most common mental health is- sues. Alarmingly, suicide has become
the second leading cause of death among young people aged 15 to 29, signaling the urgent need for effective
mental health solutions.

Despite the growing impact of mental

health disorders, several barriers limit early detection and appropriate care. These in- clude:

. Social Stigma: The ongoing stigma surrounding mental health often dis- courages individuals from
seeking sup- port, resulting in underdiagnosis and untreated cases.

. Inadequate Access to Care: Many individuals, particularly in remote or under-resourced areas,
lack access to qualified mental health professionals and appropriate care facilities.
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. Subjectivity in Diagnosis: Tradi- tional diagnostic tools like the GAD- 7 and PHQ-9 rely on
self-assessment, which can be influenced by personal bias, inaccurate recall, or reluctance to disclose
symptoms.

The integration of artificial intelligence (Al) into healthcare offers new possibili- ties for enhancing mental
health care. Al systems can process complex, high-volume datasets and identify subtle patterns that might go
unnoticed in conventional evalu- ations. In the context of mental health, these systems can analyze physiological
data (such as sleep, heart rate, and activ- ity), behavioral signals (such as screen time and mobility), and
emotional cues from lan- guage used in digital communication.

This research presents an Al-powered mental health monitoring platform that uses machine learning and
intelligent fea- ture engineering to assess and predict men- tal health conditions. The system processes
multiple data modalities, including:

* Physiological Metrics: Such as heart rate, sleep duration, and physi- cal activity.
=  Behavioral Indicators: Including screen time, location changes, and daily routines.

= Sentiment-Based Features: De- rived from user-generated text (e.g., social media posts) through
sentiment analysis techniques.

The key goals of this system are as fol- lows:

1. Precision in Prediction: Build ro- bust models to forecast mental health indicators with high
accuracy, using both regression (e.g., score prediction) and classification (e.g., risk level) ap- proaches.

2. Live Monitoring Capability: De- liver real-time insights through con- tinuous data processing and
on-the-fly feature extraction.

3. Ethical and Responsible Design: Uphold user privacy, data protection, and fairness, ensuring the
system com- plies with ethical guidelines.

By leveraging diverse data streams and state-of-the-art Al methodologies, this project contributes to global mental
health innovation and supports the objectives of Sustainable Development Goal (SDG) 3: Good Health and Well-
Being. The pro- posed system offers a scalable, accessible, and ethical approach to mental health as- sessment,
aiming to complement existing care models and expand reach to under- served populations.

The subsequent sections of this paper out- line the system’s design methodology, per- formance results, and
broader implications in real-world contexts.

2 Problem Statement

Mental health conditions such as anxiety, depression, and chronic stress have be- come increasingly
prevalent, affecting peo- ple across diverse age groups and back- grounds. The World Health Organization
(WHO) reports that more than 450 million individuals globally suffer from mental dis- orders, ranking them
among the primary causes of disability worldwide. Despite this alarming prevalence, existing mental health
evaluation and treatment systems remain limited in their ability to meet the grow- ing demand, leaving many
without timely or effective care.

The shortcomings of current approaches

can be broadly categorized into the follow- ing areas:

e High Degree of Subjectivity in Current Assessments: Present-day mental health diagnostics rely
heavily on patient-reported outcomes collected through instruments like the General- ized Anxiety Disorder Scale
(GAD-7) and the Patient Health Questionnaire (PHQ-9). These tools, while standard- ized, are inherently reliant
on individ- uals’ self-perception and openness in reporting their symptoms, which can lead to inconsistencies,
inaccurate re- sults, and undetected conditions.
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e Limited Accessibility and Re- source Dependence: Mental health care often demands specialized
pro- fessionals, clinical infrastructure, and time-consuming processes. These re- quirements pose major
obstacles in ar- eas where medical resources are lim- ited or mental health services are scarce. Additionally,
cultural and soci- etal stigma can discourage individuals from pursuing mental health support, deepening the
gap between need and care.

e Fragmented and Narrow Data Us- age: Traditional methods rarely in- corporate varied data
sources such as physiological signals (e.g., heart rate or sleep cycles), behavioral habits (e.g., physical activity or
screen time), or emotional cues extracted from digital text. This siloed approach limits the accuracy and depth of
mental health evaluations, which require a more inte- grated understanding of an individual’s overall state.

These limitations underscore several broader challenges facing conventional mental health monitoring:

1. Lack of Scalability: Existing sys- tems are not built for continuous, widespread, or real-time mental
health tracking, reducing their utility for large-scale or preventive applications.

2. Insufficient Personalization: Gen- eralized diagnostic models fail to adapt to personal differences in
lifestyle, en- vironment, and cultural background, which significantly influence mental health.

3. Inability to Offer Timely Insights: Without real-time data processing ca- pabilities, conventional
tools are reac- tive rather than proactive, limiting op- portunities for early intervention.

This research seeks to overcome these barriers by introducing a smart, Al-enabled mental health monitoring
system that uses a combination of machine learning tech- niques and engineered features to deliver precise, real-
time mental health assess- ments. The proposed system is designed to:

=  Minimize bias by utilizing objective data from physiological, behavioral, and textual sources.

= Improve reach and ease-of-use through a digital-first platform that removes the need for in-person
evaluations.

=  Enable holistic assessment through the integration of multiple data modalities into a single analytical
framework.

The overarching aim is to provide a sci- entifically rigorous yet practically applica- ble solution that
empowers individuals to take charge of their mental health. By com- bining Al capabilities with accessible
digi- tal technology, this project bridges the di- vide between traditional mental health care practices and
modern, scalable solutions that meet the evolving needs of global pop- ulations.

3 Literature Review

The field of mental health monitoring has undergone a substantial transforma- tion, shifting from
conventional clinical as- sessments toward intelligent, Al-powered frameworks. This section reviews both tra-
ditional and modern approaches, outlining their methodologies, strengths, limitations, and how they inform the
development of the proposed system.

Conventional Approaches

Historically, mental health evaluation has been rooted in psychological screenings, therapist-led sessions, and
standardized di- agnostic tools. While these approaches have been foundational in mental health care, they come
with significant limitations re- garding reach, scalability, and consistency.

= Diagnostic Tools: Instruments like the Patient Health Questionnaire (PHQ-9) and Generalized Anxiety
Disorder Scale (GAD-7) are widely used to screen for depressive and anxiety-related symptoms. Although
these provide structured ways to mea- sure mental health, their effectiveness is hampered by:

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 3



==
EEE N

VisIEMY

Y, ISJEM vnternational Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
Volume: 04 Issue: 04 | April - 2025 DOI: 10.55041/ISJEM02944
b Z An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

- Subjectivity: Individual re- sponses are often affected by per- sonal bias or reluctance to disclose
sensitive information.

- Temporal Constraints: These surveys capture a mental health snapshot rather than providing
continuous insights.

e  Therapeutic Interventions: Treat- ments such as psychotherapy and Cog- nitive Behavioral Therapy
(CBT) have proven to be effective. However, these interventions require consistent access to mental health
professionals, which is a challenge in regions with limited healthcare infrastructure or financial
constraints.

e Manual Observations: Clinicians and caregivers sometimes rely on be- havioral observations, which
are prone to inconsistencies and delays due to their qualitative and non-systematic nature.

Al-Powered Mental Health Systems

The integration of Al has opened new avenues for scalable, data-driven mental health assessment. These systems
leverage machine learning and natural language pro- cessing to analyze large, diverse datasets for more precise
insights.

e Emotion and Sentiment Analy- sis: With the use of Natural Lan- guage Processing (NLP),
algorithms such as VADER and TextBlob can interpret the emotional tone of user- generated content like
tweets or journal entries. This enables real-time tracking of mood fluctuations and mental well- being by
identifying trends in language and tone.

* Physiological Signal Processing: Wearables and smart devices can track real-time physiological
indicators such as heart rate variability, sleep quality, and physical activity. These biomark- ers offer
valuable insights, for example:

- Irregular sleep cycles are associ- ated with depressive symptoms.

- Elevated heart rate variability may suggest elevated stress or anxiety levels.

e  Predictive Analytics: Machine learning models can synthesize multi- modal datasets to recognize
complex patterns and forecast potential men- tal health conditions. Such models im- prove diagnostic
accuracy and support early intervention strategies.

Feature Derivation: Feature engi- neering enhances model performance by converting raw data into infor-
mative indicators. Features such as Disrupted Routine Scores, Emotional Variance, and Mood-Stress Ratios
have shown to improve the system’s predic- tive capability.

Challenges in Current Systems

Despite their promise, current Al-based mental health platforms are not without limitations:

e Bias in Training Data: Many datasets used to train predictive mod- els lack demographic diversity,
reduc- ing their reliability across different cul- tural or socioeconomic groups.

e Ethical and Privacy Risks: The sensitive nature of mental health data raises serious concerns
regarding user privacy and ethical compliance. Sys- tems must ensure transparency, in- formed consent, and
adherence to data protection regulations.

* Limited Real-Time Capabilities: Several solutions process data in batches, lacking the ability to
deliver live, actionable insights. This latency restricts the system’s usefulness during critical emotional
episodes.

e Fragmented Data Approaches: Some systems focus solely on one data modality—such as text or
biometric data—without integrating other di- mensions. This fragmentation can lead to incomplete or skewed
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assessments.

Summary: The literature underscores the shift toward Al-based solutions as a way to enhance mental
health diagnos- tics through increased accuracy, responsive- ness, and personalization. While traditional

methods remain relevant, they are often constrained by accessibility and subjectiv- ity. The need for
integrated, real-time, and ethically responsible systems is evident. The solution proposed in this research seeks
to address these issues by creating a unified platform that synthesizes textual, physio- logical, and behavioral
data for a more com- prehensive mental health evaluation.

4 Gap Analysis

Despite notable advancements in the ap- plication of artificial intelligence (Al) for mental health assessment,
several critical limitations persist within existing systems. These limitations hinder effective deploy- ment,
large-scale usability, and real-world impact. This section identifies the key shortcomings that this study
seeks to ad- dress.

Insufficient Multimodal Data Integration

Many existing Al tools for mental health monitoring focus on a single type of data—either physiological,
behavioral, or textual. However, mental well-being is shaped by a combination of physical health, emotional
expression, and daily behaviors. Examples include:

*  Heart rate variability, physical activity, and sleep quality serve as physiological markers of emotional
stress.

=  Online engagement, such as social me- dia updates and messaging behavior, can reflect underlying mood
states.

e  Behavior-related indicators like screen usage and daily movement patterns provide insight into overall
lifestyle and mental balance.

The lack of an integrated approach lim- its the system’s ability to detect patterns across multiple domains,
reducing both pre- diction accuracy and depth of understand- ing.

Limitations in Real-Time Monitoring

A significant drawback in current systems is the reliance on delayed, batch-based data processing, which
restricts timely interven- tion. Real-time capabilities are crucial in scenarios such as:

* ldentifying rapid changes in emotional states or stress levels.
e  Providing immediate support during emerging mental health crises.

Without real-time data analysis, the re- sponsiveness and practical usefulness of these systems are severely
diminished, par- ticularly in high-risk situations.

Challenges in Generaliz- ability and Scalability

Many mental health Al models are trained on narrow or demographically homogenous datasets. This leads to
several limitations:

e  Performance degradation when applied to users outside the training demo- graphic.
. Lack of cultural sensitivity in interpret- ing communication or behavior, lead- ing to misinterpretation.

= Inability to scale across regions with different technological, social, or eco- nomic backgrounds.
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The inability to generalize to diverse popu- lations limits the reach and inclusiveness of these tools.

Ethical and Data Privacy Concerns

Working with mental health data intro- duces serious ethical considerations. Some pressing issues include:

i Informed Consent: Users must be fully aware of what data is collected, how it’s used, and who has
access.

e  Security Risks: Sensitive personal data must be safeguarded against leaks, misuse, or unauthorized
access.

e Fairness and Bias: Models trained on biased data may produce discrim- inatory or skewed results,
leading to misdiagnosis or exclusion.

Ensuring ethical integrity is fundamental for user trust and the long-term sustainabil- ity of such systems.

Research Focus to Bridge the Identified Gaps

To overcome these limitations, this study proposes an Al-powered mental health monitoring system designed
with the follow- ing objectives:

e Holistic Data Fusion: Integrating biometric, behavioral, and linguistic data into a cohesive analytical
frame- work.

* Real-Time Analytics: Utilizing ma- chine learning models capable of con- tinuous monitoring and
instantaneous prediction.

e Scalable Design: Employing diverse training datasets and inclusive mod- eling strategies to ensure
adaptability across various demographics and re- gions.

= Ethical Compliance: Embedding privacy safeguards, consent protocols, and fairness audits throughout
the sys- tem architecture.

Summary: Bridging these technological and ethical gaps is essential for deliver- ing an intelligent,
responsible, and widely usable mental health monitoring solution. Through the use of multimodal data, real -
time processing, and inclusive design, this research aims to enhance the accuracy, eg- uity, and reach of Al
in mental health care.

5 Objectives

This study focuses on enhancing current ap- proaches to mental health monitoring by utilizing artificial
intelligence (Al) and ma- chine learning. The core objectives are as follows:

1. Establish a Predictive Model: Cre- ate an Al-powered framework capa- ble of forecasting various
mental health conditions, such as:

. Anxiety Scores: Estimating the severity of anxiety based on com- bined behavioral, emotional,
and physiological inputs.

. Depression Levels: Classifying depression into categories (e.g., High, Medium, Low, None) to
support tailored interventions.

. Stress Detection: Identifying elevated stress levels and analyz- ing contributing factors in real
time.

The model will undergo thorough val- idation to confirm its effectiveness and stability.

2. Fuse Multimodal Data Sources: Develop an integrated system that combines multiple types of user
data, including:
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. Physiological inputs like sleep quality, heart rate, body temper- ature, and physical activity.

. Behavioral cues from digital foot- prints such as location shifts, on- line engagement, and schedule
changes.

. Text-based sentiment extracted from user-generated content like comments, posts, and messages.
This integration supports a more com- prehensive analysis of mental well- being.

Enable Real-Time Functionality:

Implement dynamic data handling to:

. Continuously calculate advanced features such as Mood-Stress Ra- tio, Routine Disruption Index,
and Interaction Score.

. Deliver live predictions for anxi- ety, depression, and stress.

. Provide timely insights that sup- port early detection and interven- tion.

3.  Promote Scalability and Inclusive Access: Design the system to be:

. Scalable: Able to process large datasets and accommodate grow- ing user bases efficiently.

. User-Friendly: Accessible to people across different age groups, cultures, and digital literacy lev-
els.

. Platform-Ready:  Optimized for mobile devices and wearable technologies to encourage

daily use and adoption.

4. Incorporate Ethical Safeguards: Integrate ethical practices into all as- pects of the system by:

. Applying robust data protection techniques, including encryption and anonymization, in line with
privacy laws like GDPR.

. Establishing clear and transpar- ent consent processes.

. Identifying and mitigating bi- ases within machine learning al- gorithms to ensure equity.

. Enhancing interpretability of pre- dictions so users and professionals can better understand Al-

driven insights.

Together, these objectives aim to create a powerful, ethical, and accessible mental health monitoring
solution that contributes to global efforts for improved mental well- ness and aligns with the UN Sustainable De-
velopment Goal 3: Good Health and Well- being.

6 Exploring Data

Conducting an in-depth data exploration is a crucial initial phase in building a robust Al-based mental health
monitoring system. This process reveals hidden patterns and re- lationships that drive the development of
accurate predictive models. The dataset used in this study is multidimensional, com- bining physiological,
behavioral, and emo- tional data streams, along with engineered features tailored to enhance prediction ca-
pabilities.

Dataset Composition

The dataset integrates a wide range of at- tributes derived from user activities, bio- metric records, and online
behavior. These attributes are organized into four key cate- gories:

*  Physiological Indicators: Metrics reflecting physical states that influence psychological health:
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- Heart Rate: A physiological marker commonly associated with stress and anxiety.
- Body Temperature: Used to identify anomalies that might sig- nal physical distress.

- Sleep Duration: Tracks nightly rest, an important factor in men- tal stability.

Behavioral Patterns: Metrics that reflect daily routines and technology use:

- Physical Activity: Measured viasteps or movement data, often linked with mood levels.

- Social Media Activity: Cap- tures interactions and content generation as indicators of social
engagement.

- Screen Time: Tracks device us- age duration, which has been cor- related with stress and fatigue.

Sentiment-Based Features: Emo- tional tone extracted from textual data:

- Content such as posts and com- ments is analyzed using the VADER Sentiment Analyzer.

- Sentiments are categorized into Positive, Neutral, or Negative to gauge mood trends.

e Engineered Features: Custom met- rics developed to capture nuanced be- havioral and emotional
dynamics:

- Routine Disruption Index: Evaluates inconsistencies in daily habits.

- Mood-Stress Ratio: Repre- sents the balance between emo- tional expression and stress mark-
ers.

- Engagement Score: Measures the frequency and quality of so- cial media participation.
Extensive preprocessing was performed to clean and enhance the dataset. This included imputing missing

values, scaling numerical features, encoding non-numeric data, and generating derived variables like sentiment
scores and custom metrics to im- prove the model’s ability to predict mental health conditions.

Descriptive Statistics

To gain a better understanding of the dataset, statistical summaries of key vari- ables were computed. These
statistics help identify central tendencies and variability, as well as potential outliers. Table 1 presents a concise
overview of select fea- tures.

Table 1: Summary Statistics of Key Fea- tures

Feature Min |Max |Mean [Std Dev
Heart Rate (bpm) 40 100 70 20

Sleep Hours 1.0 12.0 6.5 2.0
Activity Level 500 20000 (10000  |1500
Post Sentiment -1.0 1.0 0.1 0.5
Engagement Score 5 100 50 10

Data Visualization and In- sights
Visual analysis was employed to reveal cor- relations and trends that may not be evi- dent from statistics alone.
Notable findings include:

e Heart Rate vs. Anxiety: Users with consistently elevated heart rates often displayed higher
anxiety levels, supporting the link between physiolog- ical stress and mental strain.
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e Sentiment Trends: Posts with neg- ative sentiment strongly aligned with higher depression scores,
suggesting that textual content is a reliable mood indicator.

e  Sleep Patterns: Individuals averag- ing fewer than four hours of sleep per night were more likely to
report ele- vated stress and emotional distress.

e Activity Correlation: Lower phys- ical activity was associated with increased reports of anxiety and
de- pressive symptoms.

7 Statistical Analysis

A thorough statistical investigation was conducted to explore the relationships be- tween user attributes and
mental health outcomes. Both descriptive and inferen- tial approaches were applied to validate pat- terns in the
data and guide the development of predictive algorithms.
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Figure 1 provides a graphical representa- tion of the distribution of depression sever- ity levels in the dataset,
showing the fre- quency of each category.

Distribution of Depression Levels

No

High

Medium

Figure 1: Distribution of Depression Levels

These exploratory insights lay the groundwork for effective feature selection, model design, and training,
ensuring that the final system captures a rich and multi- faceted view of each user’s mental health state.
Descriptive Overview

Descriptive statistics were employed to summarize the central tendencies, disper- sion, and distributional
properties of the dataset. This initial analysis ensured data integrity and informed the selection of rele- vant
features for modeling.

e Measures of Central Tendency:

- Heart Rate: The dataset shows a mean heart rate of 70 bpm and a median of 72 bpm, indicating
rel- atively symmetrical distribution.

- Sleep Duration: With an aver- age of 6.5 hours, users generally fall within a typical sleep range,
although some variation exists.

e Dispersion Metrics:

- Interaction Frequency: Stan- dard deviation of 15 suggests no- table variation in how users en-
gage online.

- Physical Activity: A wide spread is evident (SD = 1500 steps), reflecting differ- ing
lifestyles across the user base.

e Distribution Shapes:

- Heart Rate: Generally follows a normal distribution with slight skew due to outliers.

- Sleep Hours: Shows skewness with peaks at both low and
high extremes—suggesting irreg- ular sleep behavior among some users.

- Sentiment Scores: Displays a relatively balanced spread across positive, neutral, and negative
tones.

Inferential Analysis
© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 10
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Inferential statistics were used to uncover deeper relationships and test the signifi- cance of associations between
features and mental health indicators.

e Correlation Analysis:
- Heart Rate and Anxiety: A strong positive correlation (r = 0.65) suggests that elevated heart
rates often accompany heightened anxiety.

- Sentiment and Depression: A moderate inverse relationship (r
-0.45) indicates that more pos- itive online expressions are linked to lower levels of depression.

Regression Analysis:

- Sleep Hours: Regression coeffi- cients revealed a statistically sig- nificant negative relationship with
anxiety (p j 0.01), implying that sleep deprivation contributes to increased anxiety symptoms.

- Engagement Score: A mild but notable effect was observed on stress levels, with higher engage-
ment correlating with reduced stress (p j 0.05).

e Hypothesis Testing:
- Independent t-tests showed sig- nificant differences between high- stress and low-stress users.
- High-stress individuals scored lower on sentiment metrics and higher on routine disruption (p j 0.001).

- Low-stress users demonstrated healthier behavior, with increased physical activity and better sleep (p
i 0.01).

Summary of Insights
Key takeaways from the statistical analysis include:

e Highly Informative Features: Heart rate, sentiment polarity, and sleep hours were consistently
linked to key mental health conditions.

e  Moderate Indicators: Features such as engagement level and daily routine stability showed moderate
yet mean- ingful associations with stress and anx- iety.

e  Multidimensional Value: Emo- tional sentiment derived from user- generated content effectively
comple- ments physical metrics, enhancing the depth of mental health assessment.

In conclusion, the results of this statis- tical evaluation support the validity of the selected features and reinforce
the dataset’s suitability for machine learning. These in- sights provide a solid analytical foundation for building
accurate, interpretable, and re- liable predictive models.

8 Proposed System

The Al-Driven Mental Health Monitoring System is a comprehensive framework de- signed to detect and track
mental health conditions such as anxiety, depression, and elevated stress levels. By combining data from multiple
modalities—physiological sig- nals, behavioral trends, and sentiment cues—the system offers timely, actionable
insights for users and caregivers. This sec- tion outlines the major components, bene- fits, and workflow of the
proposed solution.

System Architecture and Components

The system comprises six core components that facilitate a smooth pipeline from raw data acquisition to
intelligent prediction:

e Data Acquisition:

- Wearables: Sensors from wear- able devices provide continuous tracking of heart rate, sleep dura-
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tion, physical activity, and body temperature.

- Social Media Streams: User- generated content—including posts, status updates, and comments—is
collected to in- fer emotional states through language analysis.

. Data Preprocessing:

- Missing values are imputed us- ing appropriate technigques (e.g., median replacement for numerical
fields).

- Feature scaling is applied to nu- merical data via Min-Max nor- malization for improved model
performance.

- Natural language processing (NLP) techniques, such as the VADER  Sentiment  Analyzer, are
used to compute compound sentiment scores.

* Feature Engineering:
- Routine Disruption Score: Captures deviations in daily rou- tines using calendar events and lo-

cation variance.

- Mood-Stress Ratio: Quanti- fies the balance between emo- tional expression and physiologi- cal
stress indicators.

- Average Sentiment: Aggre- gates sentiment polarity from user texts to summarize emotional tra-
jectory.

* Sentiment Analysis:

- Text inputs are categorized into positive, neutral, or negative classes.

- Fluctuations in sentiment are tracked and linked to mental health conditions such as mood disorders and
anxiety.

* Machine Learning Integration:

- Regression Models: Estimate severity scores for anxiety and de- pression based on multi-source in-
puts.

- Classification Algorithms: Categorize users into mental health risk levels—none, low, moderate,
or high.

- Logistic Regression: Predicts the probability of acute stress us- ing real-time metrics.
* Real-Time Monitoring and Feed- back:

- Enables dynamic computation of features and instantaneous pre- dictions.
— Delivers live updates and alerts to support proactive intervention strategies.

Benefits of the Proposed Framework
The system brings together innovation, scalability, and ethical responsibility, offer- ing several distinct
advantages:

e  Comprehensive Evaluation: Inte- grates diverse data modalities for a full- spectrum analysis of mental
health.

. Instantaneous Feedback: Equips users with timely updates, enhanc- ing responsiveness to mental
health changes.
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* High Scalability: Designed to ac- commodate varying user bases across geographic and demographic
bound- aries.

e Ethical and Secure: Adheres to data protection laws (e.g., GDPR), ensures informed consent, and
anonymizes sen- sitive information.

e Advanced Feature Set: Employs innovative composite metrics—such as Mood-Stress Ratio—to
increase predic- tive accuracy.

e  Personalization Ready: Tailors feedback and insights based on individ- ual behavioral and
physiological base- lines.

System Workflow

The operational flow of the system consists of the following sequential steps:

1. Collection of physiological and behav- ioral data from devices and digital plat- forms. Data cleansing,
normalization, and augmentation through feature engi- neering.

2. Sentiment classification using natural language processing tools.
3. Model-driven prediction of mental health scores and classification.

4. Real-time visualization and user feed- back delivery for timely action.

The system has been tested using bench- mark metrics to ensure its accuracy, respon- siveness, and
generalizability. Its modular design and user-centric focus make it an ef- fective and scalable solution for
supporting mental well-being in diverse settings.

9 System Architecture Diagrams

To provide a visual and structured un- derstanding of the system design and its operational flow, this section
includes the Flow Chart, Entity-Relationship (ER) Dia- gram, and multi-level Data Flow Diagrams (DFD).
These diagrams illustrate how data moves through the system and how vari- ous components interact to
produce mental health predictions.

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 13



£= =,
£,

7
N . C . .
Y, ISJEM vInternational Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
w Volume: 04 Issue: 04 | April - 2025 DOIL: 10.55041/ISJEM02944
% Z An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata
Flow Chart
| .Import Ubranes.\]
|/ Read Dataget\J
I I
l\, Explore Dataset ;I
| Handle Missing Values‘j
- -
I\
| Mormalize Data |
JE 2
| Split Dataset ,|
|/ Perform Feature Engi neerlng‘ | |‘/Handle Errors‘ |
I: Calculate Anxiety & Depression Scores :I
N -

| Classify Anxiety & Depression Levels |
P,

N
| wisualize Features |

s Y - ™
| Train Models | | Skip to Predictions |

—

-~
| Perform Hyperparameter Tuning |
\ y.

v
| Make Predictions |

B 2

-
| Generate Results |

{Uzer nputr Hex(@)

Yes

-
| Accept User Data |

L

™
| Perform Sentiment Analysis |

¥

| Dynamically Generate Features |
. -

I 2

~
| Predict Using Models |
L

= =

Figure 2: System Flow Chart

Figure 2 presents the high-level flow of the proposed system, highlighting the step-by- step process from data
intake to predic- tion output. It demonstrates how physio- logical, behavioral, and sentiment data are processed
and fused to deliver real-time in- sights.
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Main Workflow Stages

Data Acquisition: Collects data from wearable devices and social media sources.

Data Preprocessing: Cleans, nor- malizes, and prepares the data for anal- ysis.

Feature Engineering: Constructs advanced metrics to improve model ac- curacy.

. Model Training and Prediction: Applies machine learning algorithms for mental health
estimation.

5. Insight Generation: Outputs in- clude predicted levels of stress, anxiety, and depression.

Bwne

Entity-Relationship (ER) Diagram

The ER Diagram shown in Figure 3 mod- els the core entities and their interrelation- ships within the
system. This representa- tion helps visualize the logical structure of the database and its support for real-
time mental health analysis.

Dataset

+ 1D (PK)

+ HeartRate

+ SleepHours

+ ActivityLevel

+ BodyTemperature

+ SocialPosts

+ InteractionfFrequency
+ ScreenTime

+ LocationChanges

+ CalendarEvents
+ Mood
+ StresslLevel

produces
h 4
Engineered Features

+ 1D (PK)

+ PhysicalRiskScore

+ RoutineDisruptionScore
+ AveragesSentiment

+ Sentimentvariance

+ EngagementScore

+ MoodStressRatio

+ ActiveHours

+ SleepDeprivation

+ MobileUser

+ MoodSentimentinteraction
+ InteractionPostRatio

used to calculate
Y

Scores and Levels

+ 1D (PK)

+ AnxietyScore

+ AnxietyLewvel

+ DepressionScore
+ DepressionLewvel

inputs for
A 4
Models

+ 1D (PK)

+ AnxietyScorehModel

+ AnxietylLevelModel

+ DepressionScoreiModel
+ DepressionLevelldodel
+ HighStressModel

lcenerate
v

Predictions

+ 1D (P
+ PredictedAnxiety Score

+ PredictedAnxiety Lewvel

+ PredictedDepressionScore
+ PredictedDepressionLevel
+ PredictedHighStress

Figure 3: Entity-Relationship Diagram
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Key Entities and Relationships

=  Users: Include demographic details and serve as the central entity linking all other data.
=  Metrics: Store raw and engineered features derived from user activity, sen- timent, and physiology.

e Predictions: Capture outputs from predictive models, including risk levels for stress, anxiety, and
depression.

Data Flow Diagrams (DFDs)

The DFDs offer a hierarchical view of how information flows through the system. Each level provides
increasing detail, from a high- level overview to specific data transforma- tions and model interactions.

Level 1: System Overview

The Level 1 DFD in Figure 4 highlights the core subsystems, showing how data moves from acquisition to model
inference.

T Dataset Source

User

Provide User Data |Provide Raw Dataset

Output Predictions Mental Health Monitoring System ‘

Generate Pred:tonsy/Sture DN’UH‘H Feature Engineering

Dataset

‘ Engineered Features ‘

Predictions ‘

Figure 4: Level 1 Data Flow Diagram

Level 2: Data Processing Pipeline

Figure 5 drills deeper into the data prepro- cessing and feature engineering stage, illus- trating processes such as
normalization, im- putation, and feature computation.

| Dataset Source |

User

Provide User Data /Provide Raw Dataset

Preprocess Data

Store Processed Dataset ™ Pass Preprocessed Data

Dataset

Output Predictions Store Engineered Features ‘\Pass Features for Training

Feature Engineering

‘ Engineered Features ‘ Train Models ‘

Store Trained Models |Pass Trained Models

‘ Trained Models ‘ ‘ Make Predictions |

Mans

Predictions ‘

Figure 5: Level 2 Data Flow Diagram
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Level 3: Prediction System

Figure 6 focuses on the prediction engine, showing how input features are used by ma- chine learning models to
forecast mental health outcomes.

Preprocess Data ‘ ‘ Raw Dataset ‘

Raw Data

Y

‘ Handle Missing Values ‘

Cleaned Data

Y
Normalize Data

Normalized Data
A

Y
‘ Split Dataset

Store Processed Dataset

Y

‘ Processed Dataset ‘

Figure 6: Level 3 Data Flow Diagram

Summary of Diagram- matic Representation

Collectively, these diagrams offer a multi- faceted view of the system by illustrating:

*  Workflow Overview: Clear progres- sion from raw data to insights.

=  Entity Interactions: Logical connec- tions between users, data, and predic- tions.

e Data Transformation: Detailed breakdown of how raw input is pro- cessed into meaningful output.

These visual aids serve to clarify the in- ternal workings of the Al-driven system and support its technical
feasibility and archi- tectural soundness.
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10 Methodology

The development of the Al-Driven Mental Health Monitoring System follows a struc- tured methodology that
emphasizes predic- tive accuracy, scalability, and ethical in- tegrity. The system fuses multimodal data
sources—physiological, behavioral, and tex- tual—with advanced feature engineering and machine learning
algorithms to detect mental health conditions such as anxiety, depression, and stress.

Data Collection

Data is gathered from heterogeneous sources to provide a multidimensional view of users’ mental well-being:

*  Physiological Data: Collected via wearable devices, including heart rate, sleep duration, body
temperature, and physical activity. These indicators form the physiological foundation for mental health
analysis.

e Behavioral Metrics: Captures usage patterns such as social media activ- ity frequency, post volume,
and daily screen time, reflecting engagement and behavioral routines.

e  Textual Content: User-generated so- cial media content—including posts, comments, and updates—is
mined for sentiment and emotional cues using NLP techniques.

Data Preprocessing

Robust preprocessing is essential to ensure data quality and readiness for modeling:

1. Missing Value Handling:

Median imputation is used for nu- merical fields to minimize the in- fluence of outliers.
. Text fields with missing entries are filled with “Unknown” to maintain consistency.

2. Normalization: All numeric at- tributes are scaled to the [0, 1] range using Min-Max normalization,
improv- ing model performance and conver- gence.

3. Sentiment Scoring: The VADER Sentiment Analyzer is used to com- pute compound sentiment scores
from text data, categorizing them as posi- tive, neutral, or negative.

Feature Engineering

Engineered features provide additional pre- dictive power by capturing complex behav- ioral and emotional
dynamics:

= Routine Disruption Score: Quan- tifies inconsistency in daily schedules based on changes in location
and cal- endar usage.

e Mood-Stress Ratio: Reflects emo- tional stability by analyzing the bal- ance between mood indicators
and stress metrics.

* Engagement Score: Aggregates in- teraction data—such as social posts, messages, and screen usage—
to assess digital engagement.

e Sentiment Variance: Measures fluc- tuations in sentiment across multiple entries, identifying
emotional volatility.

=  Physical Risk Score: Integrates physical health metrics to flag risks re- lated to inactivity, abnormal
vitals, or sleep deprivation.
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Machine Learning Models
A hybrid modeling strategy is adopted, combining regression and classification technigues:

Regression Models: Linear regres- sion predicts continuous outcomes, in- cluding anxiety and depression
scores, offering nuanced insights.

. Classification Models:

- Random Forest classifiers cate- gorize mental health levels (e.g., High, Medium, Low, None).

- Logistic Regression is used for bi- nary classification tasks, such as identifying users with high
stress.

Prediction Pipeline

The end-to-end prediction pipeline is struc- tured for automation and real-time perfor- mance:
1. Preprocessing: Normalization, im- putation, and sentiment scoring are ap- plied to raw data.

2. Feature Computation: Dynamic features such as Routine Disruption and Mood-Stress Ratio are
generated.

3. Model Inference: The processed data is passed through trained ma- chine learning models to generate
men- tal health predictions.

4. Reverse Normalization: Predicted values are converted back to inter- pretable scales for user-friendly
output.

Ethical Considerations

Ethics and data responsibility are core pil- lars of the methodology:
=  Privacy Protection: All user data is anonymized to safeguard identity and confidentiality.

=  Transparency: Predictions are made interpretable to allow users and profes- sionals to understand decision
logic.

. Informed Consent: Data collection and usage are based on explicit user consent, with clear
communication of intended outcomes.

* Bias Mitigation: Algorithmic fair- ness is ensured by detecting and ad- dressing demographic and
behavioral biases in training data.

Advantages of the Methodology

* Holistic View: The integration of multimodal data allows for a compre- hensive analysis of mental
health.

 Timely Interventions: Real-time predictions enable early detection and proactive support.

e  Scalability: The system’s modular design supports deployment across di- verse user bases and geographic
re- gions.

This methodology ensures that the pro- posed system is not only technically robust and accurate but also
ethically sound and suitable for deployment in real-world men- tal health applications.
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11 Results

The Al-Driven Mental Health Monitoring System was rigorously evaluated across var- ious tasks using
standard performance met- rics such as accuracy, RMSE (Root Mean Square Error), and classification scores.
The results affirm the system’s effective- ness in predicting mental health indica- tors—specifically anxiety,
depression, and stress—and its potential for real-world ap- plication.

Model Performance

Performance was measured separately for both regression and classification tasks:
e Anxiety Score (Regression):

- RMSE: 0.0621, indicating a low margin of prediction error.

- Correlation: Strong alignment between predicted and actual val- ues confirms the model’s
reliabil- ity in estimating anxiety levels.

e Depression Score (Regression):

- RMSE: 0.0667, demonstrating robust predictive performance.

- Observations: Regression out- puts track closely with actual scores, validating model accuracy.

Anxiety Level (Classification):

- Accuracy: 78.59%, with high precision, recall, and F1-scores across all levels (No, Low, Medium,
High).

- Balance: Classification perfor- mance is consistent across classes, avoiding major skew or bias.
e Depression Level (Classification):

- Accuracy: 72.67%.

- Performance: Reliable classifi- cation across different user pro- files demonstrates the model’s
adaptability.

e High Stress (Binary Classifica- tion):

- Accuracy: 100%.

- Confidence: High-stress identifi- cation is highly precise, supported by calibrated probability
outputs.

Prediction Examples

Two datasets were used to evaluate real- world usability:

e Sample Dataset: Predictions re- mained within expected ranges, vali- dating the consistency of the
system.

e  User Dataset: User-provided data led to accurate and interpretable pre- dictions, confirming practical
deploy- ment viability.
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Visualization of Results

Graphical representations help convey the distribution and reliability of the predic- tions:

e  Figure 7: Shows the spread of pre- dicted anxiety scores across users, highlighting both typical and
outlier values.

. Figure 8: Depicts the distribution of depression scores, supporting the model’s stability.

Distribution of Predicted Anxiety Scores (Box Plot)

Dom—-

20 n a0 60 70 80

s
Anxiety Score

Figure 7: Distribution of Predicted Anxiety Scores

Figure 8: Distribution of Predicted Depres- sion Scores

Key Observations

e Strong Correlation: Regression models show high alignment between predictions and actual mental
health scores.

=  Sentiment Insights: Negative senti- ment in text data consistently corre- sponds to elevated anxiety and
depres- sion levels.

e  Stress Detection: The binary classi- fication model for high stress achieved flawless accuracy,
demonstrating clear detection capabilities.

Discussion of Results
The results confirm the system’s strengths:
* Reliable mental health predictions us- ing a multimodal approach.

e  Real-time feedback facilitates early in- tervention and mental health support.
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e The architecture supports scalability, making the system suitable for diverse populations.
Areas for Improvement:

e Dataset Diversity: Incorporating data from a broader demographic will enhance model
generalizability.

e Model Enhancement: Employing deep learning techniques (e.g., LSTMs for text, CNNs for temporal
signals) could further boost accuracy.

e  Ethical Refinement: Continued fo- cus on privacy, fairness, and user transparency will strengthen
long-term adoption and trust.

In conclusion, the system demonstrates high performance and practical relevance, underscoring its value as a
predictive tool in the domain of mental health monitoring.

12 References
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(2011). Scikit- learn: Machine Learning in Python. Journal of Machine Learning Research, 12, 2825-2830.
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5. Patel, R., & Patel, H. (2020). Ma- chine Learning Applications in Men- tal Health Monitoring.
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scoping review of methods and applications. Psycholog- ical Medicine, 49(9), 1426-1448. Pro- vided a
comprehensive review of ML applications in mental health, influenc- ing the model selection and scope of
this project.
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Practice. Re- trieved from https://www.who.int/ mental_health/evidence/en/. In- formed the ethical and
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- Spearheaded feature engineering efforts, including the creation of advanced metrics such as Rou-
tine Disruption Score and Mood- Stress Ratio.

- Managed data preprocessing, in- cluding handling missing values and applying normalization
tech- niques.
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- Performed sentiment analysis us- ing the VADER Sentiment Ana- lyzer and integrated findings
into model development.
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14 Screenshots of Run- ning Project
This section presents key screenshots illus- trating the real-time execution and outputs of the Al-Driven Mental

Health Monitor- ing System. The visuals highlight differ- ent stages of the system pipeline, including data
handling, sentiment analysis, and pre- diction generation.

The data taken from user:

Stresstevel DailyReflections
9

°

0 looking smart,depr

@ wrong ,got myself

Figure 9: System Initialization and Data Loading

Sentiment Analysis Results:

PostsWwithText PostSentiment \
@ strong,feeing powerful, 0.4215

CommentsOnPosts CommentSentiment \
@ looking smart,de| ,not good , verry bad ,... 0.4404

Statusy, es  StatusSentiment
@ wrong ,got myself lost,everything is too go

Figure 10: Sentiment Analysis Output from User-Generated Text

Predictions:

Anxiety Score : 64.38134964683933
Anxiety Level: High

Depression Score : 79.14083606967502
Depression Level : High
High Stress : Yes

Figure 11: Final Mental Health Predictions

The screenshots above demonstrate the end-to-end functionality of the system, cap- turing essential stages such
as:

Data Loading: Importing user data for processing.
Sentiment Analysis: Extracting emotional indicators from textual in- puts.
Prediction Generation: Delivering model-based outputs for anxiety, de- pression, and stress levels.

These visual artifacts confirm the suc- cessful integration of data processing, fea- ture extraction, sentiment
computation, and machine learning prediction compo- nents into a cohesive, functional pipeline.

15 GitHub Repository

The complete implementation of the Al- Driven Mental Health Monitoring System is available on GitHub.
This public repository promotes transparency, reproducibility, and collaborative development, supporting fur-
ther research and practical deployment in the field of Al-based mental health moni- toring.

The repository includes:
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=  Full source code covering data prepro- cessing, feature engineering, sentiment analysis, and predictive
modeling.

=  Sample datasets for training, valida- tion, and testing purposes.
e  Step-by-step setup instructions for ex- ecuting the project in a local environ- ment.
=  Visual assets, such as screenshots and plots, to illustrate system behavior and outputs.

The GitHub repository can be accessed via the following link:
e GitHub Link: https: //github.com/username/ mental-health-monitoring-ai

Contributions are highly encouraged. Re- searchers, developers, and mental health advocates are welcome
to:

e  Clone and experiment with the system for educational or professional use.
=  Propose enhancements or additional features through pull requests.
= Provide feedback or raise issues to sup- port continuous improvement.

Through open-source collaboration, this project aims to accelerate innovation in mental health technology and
broaden the impact of Al in well-being and healthcare.

16 Project Outcome

The development and implementation of the Al-Driven Mental Health Monitoring System have yielded several
impactful out- comes, validating both its technical sound- ness and practical relevance. These out- comes are
summarized as follows:

e Accurate Predictions: The sys- tem achieves high accuracy in forecast- ing mental health
indicators, includ- ing anxiety scores, depression levels, and high-stress states. Evaluation met- rics such as
Root Mean Square Error (RMSE) and classification accuracy af- firm the robustness and reliability of the
predictive models.

= Real-Time Analysis: Through dy- namic feature engineering, the system processes user data in real
time, en- abling prompt mental health assess- ments. This capability supports early detection and proactive
mental health interventions.

e Multimodal Data Integration: By integrating physiological metrics (e.g., heart rate, sleep),
behavioral patterns (e.g., screen time, social interactions), and sentiment analysis from text, the system
delivers a holistic perspective on mental well-being.

e  Scalability: The system’s modular and extensible architecture supports scalability, making it adaptable
for large-scale deployment across varied demographic and geographic contexts, including underserved
communities.

*  Practical Utility: The solution aligns with global mental health strate- gies by offering an Al-
powered tool for early screening and continuous moni- toring. Its ability to complement tra- ditional clinical
methods highlights its potential for real-world healthcare in- tegration.

These outcomes demonstrate the transfor- mative potential of artificial intelligence in mental health monitoring.
The system lays the groundwork for accessible, scalable, and data-driven mental healthcare, with the ability to
positively impact users’ well-being on both individual and societal levels.
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17 Research Group Mapping

This research intersects multiple academic and applied domains, underscoring its inter- disciplinary nature and
broad applicability. The following research groups and thematic areas are fundamental to the design, imple-
mentation, and impact of the project:

= Artificial Intelligence and Ma- chine Learning: Central to devel- oping predictive models,
conducting sentiment analysis, and implement- ing classification and regression algo- rithms. This
domain drives innovation in model optimization, learning strate- gies, and real-time analytics.

e Mental Health and Psychology: Psychological principles inform the se- lection of features such as
stress indi- cators, mood fluctuations, and behav- ioral patterns. This ensures the system aligns with validated
clinical frame- works and supports mental health as- sessment.

e Data Science and Big Data An- alytics: Essential for handling mul- timodal datasets, performing
prepro- cessing, and engineering meaningful features. Techniques such as nor- malization, imputation, and
statistical evaluation enhance model performance and reliability.

e  Social Computing: Focuses on an- alyzing digital interactions through user-generated content (e.g., social
me- dia posts), enabling the detection of emotional and behavioral cues. This domain bridges computational
meth- ods with social behavior insights.

e Healthcare Informatics: Facilitates the integration of Al into clinical set- tings, addressing issues
such as scal- ability, accessibility, and compliance with ethical and legal standards. This domain ensures
that the system is vi- able for real-world healthcare environ- ments.

The convergence of these research domains reflects the project’s comprehensive ap- proach to solving complex
challenges in mental health care. By fostering interdisci- plinary collaboration, the system leverages the strengths
of diverse fields to enable a more accurate, ethical, and scalable mental health monitoring solution.

18 Sustainable Develop- ment Goal

This project aligns with the United Nations’ Sustainable Development Goal (SDG) 3: Good Health and
Well-Being, which aims to ensure healthy lives and promote well-being for all at all ages. Specifically, the
system contributes to:

*  Reducing the burden of non- communicable diseases, including mental health disorders, through pre-
vention, early detection, and effective management.

e Expanding access to essential health services, particularly in underserved and marginalized
communities.

Contribution of the Pro- posed System
The Al-Driven Mental Health Monitoring System supports these objectives by offer- ing:

e Early Detection and Manage- ment: Facilitating timely identifica- tion and intervention for
conditions such as anxiety, depression, and high stress through predictive modeling.

. Improved  Accessibility: Delivering a scalable, affordable, and user-friendly solution that can be
deployed across a wide range of environments, including remote or resource-limited areas.

*  Fostering Self-Awareness: Empow- ering individuals with real-time feed- back and insights into their
mental health, encouraging proactive self-care and mindfulness.

Reducing the Mental Health Gap: Addressing barriers such as stigma, lack of resources, and limited access
to mental health professionals by provid- ing an alternative digital health tool.
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Significance in the Global Context

This initiative demonstrates the potential of Al and data-driven technologies to trans- form global mental
health care. By en- hancing the reach, precision, and effec- tiveness of mental health monitoring, the system
advances equitable access to men- tal well-being, contributing meaningfully to the achievement of SDG 3
and promoting a more inclusive and resilient healthcare ecosystem.
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