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Internal heartiness is defined as the lack of internal health problems. Instead, internal health is a state of well-
being that allows employees to manage their work, accomplish their goals, learn and work efficiently, and
positively influence their working environment. Employers' internal problems have a variety of detrimental
effects on the association. Their ability to think, act, feel, socialize, and form relationships is also adversely
affected. Therefore, it is imperative to promptly address the underlying health situation and implement
appropriate treatments. This study's primary goal is to develop a machine literacy model that can predict
employees' internal health conditions and the need for treatments. For this study, employees from non-
technical, specialized businesses were used. Using techniques like Decision Tree (J48), Support Vector
Machine (SVM), Random Forest, and Ensemble Learning, the gathered data samples are pre-processed and
analysed. The delicacy position of the ensemble literacy that merged the algorithms below was 93.16.
Ensemble literacy is the fashionable algorithm to read the position of the need for therapies for workers'
internal health when compared to the J48.

1 INTRODUCTION

The problem of mental health disorders, such as
anxiety, depression, and stress-related conditions is a
pressing concern in healthcare. Assessments, leading
to delays in diagnosis and treatment. To address this,
a model is proposed to predict whether an employee
needs mental treatments.
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Figure 1: Mapping of the research questions and objectives.

This model uses advanced technologies like EEG
for brain activity analysis, NLP for sentiment
analysis, and facial recognition for emotion detection.
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The goal is to enhance early detection, provide timely
interventions, and promote overall well-being.
However, the challenge lies in integrating diverse
data sources into a unified prediction model, which
can be challenging due to the lack of comforting
careers, job insurance, and job.

Figure 1 shows the mapping of the research
questions and objectives. This study aims to identify
employees with mental health disorders using
machine learning and develop a model for assistance,
with the research questions and objectives outlined in
Section II and Section II1.

2 LITERATURE REVIEW

Brain Chemistry & Mental Illness — Imbalances in
brain chemistry contribute to mental disorders like
depression and ADHD. Depression in Daily Life
Depression is frequently portrayed as brief sadness,
but it can have significant emotional and financial
consequences. Mental Health and Public Perception
Understanding public perceptions of mental health
aids in funding and policymaking (DelPozo-Banos et
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al., 2024). Data Mining in Mental Health — Machine
learning methods analyse and classify mental health
data for better insights. Social and cognitive skill
development is slowed down in both ADHD and
PDD (Kothari, R., & Kanchana, R. (2024)). Mental
Well-Being and the Environment a person's mental
well-being is influenced by their mindset and the
environment around them (Xu et al., 2023).
Definition of Mental Illness — Mental illnesses are
diagnosable conditions affecting thoughts, emotions,
or behaviour (Pourkeyvan et al., 2023). Impact of
Clinical Depression: Clinical depression affects one
in ten people and has an impact on society and
finances. Machine Learning in Diagnosis — Al models
help classify and predict depression using patient data
(Alanazi et al., 2022). Language & Mental Health —
Language patterns can indicate psychological states
with over 80% accuracy (Maniyar et al., 2022).
Virtual Training for Clinicians — Al-based virtual
training improves clinicians’ empathy skills
(Espinola et al., 2022). Workplace & Depression —
The workplace environment significantly affects
employees’ mental health (Alanazi et al.,, 2022).
Healthcare Worker Stress — Psychological distress is
high among healthcare workers due to socio-
demographic factors (Maniyar et al.,, 2022).
Generalized Prediction Models — Large datasets and
optimization techniques improve mental health
predictions (Espinola et al., 2022). Workplace Mental
Health Benefits — Companies offering mental health
benefits see better employee well-being (Manikanda
Kumaran et al., 2021). Technology’s Role in Society
— Rapid advancements in technology and policies
affect mental health (Prabha et al., 2024). Data
Mining for Disease Prediction — Machine learning
aids in predicting diseases, including mental disorders
(Katarya, R., & Maan, S. (2021).). Proposed Model
for Employees — A new model using EEG, NLP, and
facial recognition predicts employees needing mental
health treatment. Challenges in Data Integration —
Combining different data sources for prediction is
difficult due to job security and insurance issues.
Impact of Work Pressure — Employee stress leads to
missed interventions and reduced workplace
productivity. Algorithms for Mental Health — J48,
Random Forest, and Naive Bayes help analyse
employer mental health data. Personality Disorders
and Substance Abuse: KNN and Naive Bayes are
used in studies to predict these disorders, with KNN
providing the highest level of accuracy
(Oktafiqurahman et al., 2022). Audio-Based Mental
Health Detection — Using noise-cancelled recordings,
studies analyse voices for mental disorder detection
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(Rundensteiner, E., et al. 2022). SVM & Random
Forest in WEKA — These models are used in WEKA
for mental health classification (Singh, A., et al.
2021). DASS-21 for Stress, Anxiety & Depression —
Decision Trees, Random Forest, and SVM classify
mental health conditions using survey data (Chung,
J., & Teo, J. 2022). Stacking Ensemble Models —
Multi-layered ML models improve accuracy by
optimizing classifiers (Chung, J., & Teo, J. 2022).
Super Learner Ensemble — This method selects the
best-performing model based on accuracy and
prediction time (Kessler, R. C., et al. 2020). Research
Gap — There is a lack of supervised machine learning
models for predicting employees needing mental
health treatment. Study Objective — The study aims to
develop a machine learning model integrating diverse
data sources for early mental health detection.
Summary of literature is given in table 1.

3 EXISTING SYSTEM

Existing mental health systems rely on manual
assessments and basic HR metrics, lacking predictive
analytics to identify mental health needs proactively.
Inefficient use of employee data and poor resource
allocation  hinder  personalized interventions,
negatively affecting workplace well-being and
productivity. A predictive model using machine
learning can improve early identification and targeted
support for better mental health outcomes.
Disadvantages
e Data Quality Issues: Incomplete or
inconsistent input data can reduce prediction
accuracy, leading to biased and unreliable

outcomes.
e Complexity: Handling large, high-
dimensional datasets increases model

complexity, requiring more computational
power and making maintenance difficult.

e  Opverfitting: The model may perform well
on training data but poorly on new data by
learning irrelevant patterns, reducing
generalization.

e Interpretability: Complex models, like
deep learning, may lack transparency,
making it hard for professionals to
understand predictions.

e Data Privacy Concerns: Sensitive mental
health data requires strict privacy and
security measures to prevent unauthorized
access and data breaches.
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Table 1: Summary of Literature.

classification and
design implications.

Ref Data Methodology Objective(s) Limitations
Singh et al., Online IoT, ML (KNN, Identify work Needs testing with
2024 questionnaire Naive Bayes, pressure and detect different ML
Decision Tree) employees needing algorithms to detect
mental health stress attacks.
assistance.
Rundensteiner, | Online social data Pilot study, Develop Short-Term Hard to calculate
E., etal. (2022) (smartphones, SVM, Random Depression Detector actual sleep time;
smartwatches) Forest for group low co-relation due

to insufficient data

on social activeness.

Espinola et al.,
2020

Psychiatric ward
data (78 patients)

Vocal acoustic
analysis, ML

Support diagnosis of
mental disorders and
anxiety using vocal

Small sample size;
insufficient for ML-
based research

data and ML.

4 PROPOSED SYSTEM

The designed model integrates multi-modal data
sources facial expressions, EEG data, and text
analysis to enhance mental health prediction
accuracy. Facial expressions will be analysed to
detect emotional states and behavioural patterns
linked to stress, anxiety, and depression. EEG data
will assess brain activity patterns to identify
emotional and cognitive stress. Text analysis using
sentiment analysis and NLP will extract emotional
tones and psychological patterns from written
communications. The combined data will improve
prediction accuracy and enable early intervention. A
chatbot will provide customized mental health
treatment suggestions based on predictions, handling
multiple employees simultaneously and offering
tailored support.
Advantages
e Improved Data Quality and Accuracy: The
proposed system enhances mental health
assessment by continuously  monitoring
emotional states, brain activity (EEG), and
sentiment from text, leading to faster and more
targeted intervention
e Reduced Complexity through Data
Integration: It simplifies data processing and
improves model efficiency by integrating
diverse data sources into a unified framework,
overcoming the complexity of high-dimensional
data.

4.1

Minimized Overfitting: The system reduces
overfitting by using a balanced combination of
facial, EEG, and text data, helping the model
focus on meaningful patterns rather than noise.

Enhanced Interpretability: Unlike existing
black-box models, the proposed system
improves interpretability by providing clear
insights from facial expressions, brain activity,
and text analysis, helping healthcare
professionals make informed decisions.

Early Detection and Faster
Intervention: Real-time processing and
analysis of facial expressions enable early
detection of mental health issues, leading to
timely interventions.

Better Privacy and Data Security: Secure data
handling and encryption methods protect
sensitive mental health information from
unauthorized access and breaches.

System Architecture

Figure 2: System architecture.
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Figure 2 illustrated the System Architecture and
figure 3 shows the conceptual framework.

4.2 Methodology and Techniques

The proposed system for mental health prediction
uses advanced techniques such as facial expression
analysis, brain activity monitoring through EEG
devices, text analysis, and machine learning models.
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Figure 3: Conceptual framework.

The Haar Cascade Classifier and OpenCV are
used for real-time face recognition and expression
classification, while EEG devices like Emotiv and
NeuroSky measure brainwave patterns associated
with mental health conditions. The XGBoost machine
learning model is used for predictive analysis,
efficiently managing missing data and outliers. The
BERT algorithm is used for text data analysis,
extracting sentiment, tone, and emotional context
from text, identifying signs of mental distress or
emotional imbalance. ChatGPT is integrated to
provide personalized suggestions and
recommendations to help employees manage stress,
anxiety, and other mental health challenges
effectively.
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4.3 Ensemble Learning Algorithm

Ensemble Learning is used in a model for predicting
mental health treatments for employees. It combines
multiple machine learning models, such as Decision
Trees, Support Vector Machines (SVM), and
Random Forest, to analyse various data. Bagging and
boosting techniques are applied to aggregate outputs
and minimize prediction errors. Bagging reduces
variance and improves model stability by averaging
or voting on outputs. Boosting creates a series of
models, each correcting previous one, enhancing
model accuracy. XG Boost, a powerful boosting
algorithm, is integrated to handle complex
relationships and missing data. This ensemble-based
approach enhances generalization capability,
capturing diverse patterns in employee data and
improving decision-making.

5 IMPLEMENTATIONS

Data Collection: High-quality, multi-modal data is
gathered from facial expressions (using Haar Cascade
Classifier and OpenCV), EEG signals (from Emotiv
and NeuroSky), and text data (using BERT) to analyse
emotional, neurological, and psychological states.
Data Preprocessing: Data is cleaned, normalized,
and scaled to improve learning efficiency. Text data is
processed using tokenization and stemming, and
categorical data is encoded numerically for consistent
model input.

Feature Selection: Key features are extracted from
facial expressions (smile intensity, eye movement),
EEG patterns (alpha, beta, theta waves), and text data
(sentiment polarity, emotional tone). PCA reduces
dimensionality to focus on the most meaningful data.
Model Selection: XGBoost is selected for its
predictive strength. Other ensemble models like
Random Forest and Bagging are also tested for
improved generalization.

Ensemble Learning Method: Bagging averages
multiple models to reduce variance, while Boosting
(using XGBoost) corrects errors from previous
models, improving accuracy and consistency.
Training: The models are trained using processed
data, with hyperparameter tuning and cross-validation
to enhance accuracy and prevent overfitting.
Evaluation: Performance is evaluated using
accuracy, precision, recall, F1 score, and confusion
matrix to measure prediction reliability and identify
improvement areas.
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Interpretation: ChatGPT generates personalized
recommendations based on emotional states,
providing visual reports for better decision-making
and addressing specific mental health issues in the
workplace.

6 RESULT & DISCUSSION
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Figure 4: Registration page.
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Figure 5: Login page.

Figure 6: Facial expression analysis.

f dda
-»q'?ﬂ

)

B oRoEE
J € CEuE
EHEE

Figure 7: EEG expression analysis.
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Figure 8: Text data analysis & ChatGPT is integrated to
provide personalized suggestions and recommendations.

Figure 4 shows the Registration Page, Figure 5
presents the Login Page, Figure 6 displays the Facial
Expression Analysis, Figure 7 illustrates the EEG
Expression Analysis, and Figure 8 integrates Text
Data Analysis using ChatGPT for personalized
recommendations.

7 CONCLUSIONS

The HR system utilizes Haar Cascade Classifier,
BERT, EEG, and sentiment analysis to predict
employees' mental health. This ensemble learning-
based system enhances predictive accuracy and
reduces error rates by combining multiple models. It
helps identify stress patterns, emotional states, and
cognitive health issues, enabling HR departments to
design targeted interventions, improving employee
well-being and  productivity.This  innovative
approach demonstrates the potential of machine
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learning and Al in enhancing mental health care and
promoting a healthier work environment.

8 FUTURE WORK

The mental health prediction system for employees
uses ensemble learning techniques and multi-modal
data analysis to identify and address mental health
challenges. Future work will focus on improving data
quality, expanding the model's capabilities,
enhancing real-time analysis, and incorporating
additional ~mental health indicators. Data
enhancement and diversity are key areas for future
work, including incorporating physiological data,
contextual data, and real-time analysis.

Real-time analysis and monitoring will be crucial,
enabling the system to detect stress and emotional
distress as they occur. Personalized models can be
created for different job roles and stress levels,
improving the relevance and effectiveness of the
recommendations. Integration with mental health
support systems, such as employee assistance
programs, therapy platforms, and mental health
hotlines, will facilitate immediate support for
employees. Advanced algorithms like XGBoost,
Bagging, and Boosting can further improve accuracy,
especially for complex patterns in time-series data
like EEG signals and facial expressions. Enhanced
privacy and data security will be a critical focus, with
advanced encryption methods and secure data storage
protocols. Ethical considerations and bias reduction
will also be prioritized, with the system regularly
audited for potential biases based on race, gender,
age, and other factors.
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