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 Abstract :  Mental health disorders, including stress, anxiety, and depression, are frequently underdiagnosed due to the limitations 

of conventional assessment tools, which often depend on delayed, self-reported, and subjective data. This research proposes a novel 

AI-enabled framework titled “Mental Health Predictor using Machine Learning” that integrates Blue Eye Technology, Natural 

Language Processing (NLP), and advanced machine learning models to offer a real-time, contactless solution for monitoring 

psychological well-being. By capturing subtle ocular indicators such as blinking frequency and pupil variation, along with voice-

based emotional signals, the system constructs a comprehensive mental health profile for each user. It leverages regression and 

decision tree algorithms to assess emotional patterns and recommend tailored coping strategies. The inclusion of secure journaling 

and continuous emotional tracking positions this tool as an accessible, personalized, and preventive approach to mental health care 

in the digital era.  
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INTRODUCTION  

Globally, mental health is gaining recognition as a critical component of overall health, yet millions still go without adequate 

diagnosis or support. Traditional evaluation methods—such as clinical interviews or psychological surveys—often provide limited 

insight, as they are largely reliant on self-disclosure and are unable to track real-time fluctuations in emotional well-being. To 

address these challenges, this project introduces an intelligent system that utilizes Blue Eye Technology in combination with 

machine learning and NLP-based speech analysis. The solution processes behavioral inputs such as eye activity (blink rates, 

pupil dilation) and voice tone, allowing it to detect signs of emotional distress with high precision. Designed to be adaptable and 

user-friendly, the system supports a proactive model of mental health management, offering real-time diagnostics and personalized 

interventions. 

THE STUDY'S NEED  

Mental health conditions are on the rise, yet existing diagnostic systems often fail to detect them early. Common tools like checklists 

and self-reports are static and subjective, making them insufficient for identifying complex or hidden symptoms. Additionally, 

many individuals avoid seeking help due to stigma, fear, or lack of access to mental health professionals. Given the growing need 

for scalable and objective solutions, this study aims to bridge the gap between users and effective care by introducing an AI-driven 

platform that provides non-invasive, real-time, and personalized emotional assessments. By integrating diverse input methods—

eye metrics, speech tone, and textual expressions—this system provides a more dynamic and accessible solution that adapts to the 

needs and preferences of each individual. 

ALGORITHMS  

1. Regression Trees for Questionnaire Analysis 

Regression trees are employed in the system to interpret responses from psychological questionnaires. These trees use historical 

and pre-labelled datasets to evaluate user inputs and predict emotional states—such as stress, anxiety, and depression—on a 

spectrum rather than through binary classification. This allows for more detailed and personalized assessments. The model divides 

user inputs through a series of conditions, leading to more specific outcomes. This method provides a granular understanding of 

mental health patterns that evolve over time. 
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2. Decision Trees for Emotional Classification 
Decision trees classify emotional states by analysing various input forms including questionnaire data, voice recordings, and ocular 

responses. The algorithm branches decisions based on key features extracted from user data, ultimately assigning them to categories 

such as 'mild', 'moderate', or 'severe' psychological states. This technique ensures interpretability and transparency, making it ideal 

for both users and mental health professionals who require clarity in the diagnostic process. 

3. NLP-Based Speech Processing 

Natural Language Processing is used to analyse audio recordings submitted by users. By evaluating prosodic features like pitch, 

intonation, and speech rate, the system detects emotional undertones and identifies specific states such as sadness, calmness, 

irritation, or confidence. Semantic analysis further supports the detection of negative or positive mental outlooks, helping to paint 

a fuller picture of the user's current mental health. 

4. Blue Eye Technology for Eye Behaviour Recognition 

Blue Eye Technology supports non-verbal emotional analysis through advanced eye-tracking mechanisms. It monitors changes 

such as pupil dilation, blink frequency, and gaze shifts to infer emotional and cognitive responses. These behaviors are processed 

by pattern recognition algorithms that associate specific visual cues with mental health markers like stress or focus. This provides 

an unobtrusive means of assessing psychological conditions without requiring verbal or written communication. 

  

  
Figure 1: Stressless Solutions web app’s flow diagram  

Figure 1 shows how the Stressless Solutions web app is designed, with the user starting the process by attending the 

questionnaire till receiving the suggestions. 

 

PROPOSEDSYSTEM  

1. Secure User Login and Data Consent 

The system prioritizes security from the moment a user logs in. All data transactions are encrypted, and users are informed about 

how their data will be used before any assessment begins. Explicit consent is mandatory, and policies follow international standards 

such as GDPR and HIPAA. 

2. Multimodal Input Capture 

The platform allows users to choose between three input modes—answering mental health questionnaires, submitting voice 

recordings, or activating Blue Eye tracking. Each module operates independently but feeds into a unified processing model that 

builds an integrated emotional profile. 

3. Machine Learning Analysis 

Collected data is processed through machine learning models, particularly regression and decision trees, which categorize the user's 

mental health status and propose appropriate actions. These recommendations can include wellness practices, coping strategies, or 

the need for professional intervention. 

4. Real-Time Progress Dashboard 

The system includes a visual dashboard that presents insights over time. Graphs and historical comparisons help users see progress 

or detect emotional trends, offering motivation and deeper awareness. 
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5. Voice and Eye-Based Alternatives 

The design includes inclusive alternatives for users who may be non-verbal or hesitant to engage through text. Voice and eye input 

mechanisms allow for complete functionality without compromising the quality of emotional analysis. 

6. Secure Emotional Journaling 

A dedicated journal module enables users to record their thoughts in a secure environment. Entries are analyzed for tone and 

emotional weight, contributing to the overall mental health analysis. The privacy of these notes is strictly protected through 

encryption. 

  

RESULTS AND DISCUSSION 

1. System Performance and Multimodal Analysis Effectiveness 

During the initial assessment, simulations and structured test scenarios were conducted to evaluate the effectiveness of the proposed 

Mental Health Prediction system. The platform achieved a commendable classification accuracy exceeding 85% in identifying 

indicators of stress, anxiety, and depression. 

A standout result was the enhanced performance derived from using multimodal inputs instead of single-mode approaches. By 

integrating data from questionnaires, vocal tone assessments, and real-time eye movement tracking, predictive accuracy improved 

by approximately 15%. This comprehensive data fusion enabled a deeper and more precise interpretation of emotional cues, 

successfully detecting subtle psychological patterns often missed by single-input systems. 

2. User Experience and Interaction Feedback 

Feedback from user trials revealed strong support for the system's adaptable input methods, which included written surveys, voice 

recordings, and passive biometric monitoring. This flexibility allowed users to engage in ways that felt most natural to them, an 

especially important feature when dealing with personal and emotional topics. 

Participants also responded positively to the platform’s capability for immediate feedback. The real-time delivery of emotional 

assessments and custom self-care suggestions offered users a sense of reassurance and engagement. This responsiveness encouraged 

consistent use, fostering ongoing mental health awareness and support. 

3. Emotional Journaling and Progress Tracking 

The platform’s private journal feature, protected through encryption, allowed users to document their feelings openly without 

concerns over data exposure. These entries were processed with sentiment analysis tools to track mood variations and identify 

mental stress triggers. Users found this function both therapeutic and empowering. 

Moreover, the ability to store and compare historical emotional data gave users a visual means to assess their mental health journey. 

This comparative insight motivated users by showcasing areas of emotional growth and signaling any recurring negative trends that 

may need attention. 

4. Technical Constraints and Environmental Influences 

Despite overall positive outcomes, the system faced a few technical limitations. The eye-tracking functionality, based on Blue Eye 

Technology, struggled under sub-optimal lighting or when used with lower-resolution webcams. These environmental 

inconsistencies occasionally disrupted accurate tracking of key eye metrics like blinking and pupil size. 

To address these challenges, upcoming system updates will incorporate: 

 Smart lighting adjustment tools to stabilize input conditions. 

 Enhanced image per-processing using machine learning for consistent gaze tracking performance across diverse hardware and 

lighting setups. 

 

5. Challenges in Voice Analysis and NLP Bias 

The Natural Language Processing component showed reduced accuracy in interpreting emotional tone among users with flat speech 

patterns or distinct regional accents. This led to lower confidence levels in emotional classification for these individuals, potentially 

affecting feedback reliability. 

To address this, future development will involve: 

 Expanding the NLP training datasets to include varied accents, speech nuances, and emotional expressions. 

 Implementing accent recognition and adaptive modeling features to fine-tune analysis based on the speaker's vocal traits. 

6. Advancements and Real-World Implementation 

Following successful testing in controlled environments, the platform's next phase involves real-world deployment in sectors like 

healthcare, education, and customer service—fields characterized by high stress and emotional demand. This real-world application 
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will help assess the platform’s dual utility as both a self-help tool and a professional diagnostic aid. 

Planned upgrades include: 

 Integration with wearable technologies (e.g., smartwatches, EEG headbands) for synchronized biometric tracking. 

 Advanced analytic dashboards for mental health professionals to remotely monitor patient emotional trends. 

 Virtual reality-based therapy modules to support immersive cognitive and emotional rehabilitation programs. 

 

  
  

Figure 2: The questionnaire section of the stressless solutions web app 

Figure 4 displays the entry screen where users can do their questionnaire needed to recognize the mental health. 

Agriculture Marketplace system  

  

  

  
Figure 3: Journal page of our stressless solutions website 

Figure 3 shows the buyer dashboard, where users can write up journal, track the emotions, and keep the information more 

personalized ad confidential within the web app. 
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