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Abstract:

Mental health disorders are common, and novel solutions for
evaluation and tracking of these disorders are being sought. In
this work, we describe a deep learning-based framework that
incorporates Al-assisted self-assessment tools and real-time
mental health monitoring. Using advanced feature extraction
techniques and a wide array of machine learning models, we
make predictions about mental health trends to enable timely
interventions. Data-driven mental health overview will provide
an efficient user experience while balancing the professional
perception of the individual. This system encompasses
predictive analytics, personalized interventions, and real-time
tracking mechanisms that work together to enhance mental
health support and implement preventive measures against
potential crises.
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Introduction:

The increase in mental health issues have resulted in demand
for more efficient and data informed assessment systems.
Conventional approaches depend on self-disclosed and time-
specific professional evaluations that may not accurately record
the instabilities of mental state. The shortcomings of existing
assessment methods, such as subjectivity, lack of real-time
insights, and deferred interventions, prompt the necessity for
our Al-based solution that enables self-assessments
automation, mental health trend predictions, and tailored
interventions. The aim of this study is to provide a scalable,
effective and feasible technological support to mental health
care, enabling timely and accurate detection monitoring of
mental health.

Related Work:

Subjective well-being is assessed through periodic surveys;
existing mental health monitoring tools rely on manual
reporting. Some recent work has focused on using Al-driven
predictive models, including deep learning architectures for
sentiment analysis and self-assessment automation. Yet many
fail to integrate with real-time monitoring and predictive

analytics. Recent research focused on using natural language
processing (NLP) for mental health applications has shown promise,
as mood disorders can be identified through text analysis. Wearable
devices also have been used to monitor physiological markers related
to stress and anxiety. These systems still need a holistic approach that
combines data from multiple sources for context-aware mental health
assessments. This gap is bridged with our work as we utilize Al driven
assessments along with real time tracking and customized
recommendations.

Data Processing and Features Extraction:

Data Collection: the dataset includes a wide variety of mental
health survey responses, such as structured self-evaluation
questionnaires, historical patients' reports, and physiological signals
obtained by sensing through wearable devices.

Data Preprocessing: Handling missing values was performed
by imputation techniques, then standardization of numerical features
and encoding categorical variables. Textual data was processed by
removing stopwords and lemmatization that improved extraction of
features using NLP.

Feature Extraction: Extracting relevant parameters such as
sentiment scores, response trends, behavioral patterns, heart rate
variability, and sleep patterns. The textual responses were analyzed
with Natural Language Processing (NLP) models such as BERT to
identify the presence of mental health markers in the participants.
Techniques of feature selection, such as PCA and RFE, were applied
to improve model performance.
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Fig:n Data Visualization
Model Training and Selection:

Model Selection: We assessed a variety of machine learning
algorithms such as logistic regression, decision trees, support vector
machines (SVM), random forests, and deep neural networks.
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Training Methodology: The dataset was divided into
training (70%), validation (20%) and testing (10%) sets.
Various hyperparameter search strategies such as grid/lattice Logn
search and Bayesian optimization were performed to improve i
the model performance.

Evaluation Metrics: Models were evaluated based on
accuracy, precision, recall, Fl-score, and area under curve
(AUC-ROC). Various deep learning architectures were
considered for detecting these temporal patterns and included
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs).

Fig:Login Page
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Fig:Evaluation Metrics

The deep learning model with an accuracy of 89% had a better
predictive capacity in comparison with conventional statistical
models. Al would use that information to improve a user-made
experience while freeing up mental health professionals. Mental Health Evaluation System - Use Cases
Moreover, the real-time monitoring of physiological markers e

enabled the early identification of mental health deterioration.
Human-computer interaction: An introductory guide to the

Complete Seif-Assessment view Personalized Interventions

concept and its importance in human-computer interaction —
design. The implications point to the ability of predictive R

analytics to facilitate early interventions to avert significant
mental health crises.

Fig:Regular Dashboard

Conclusion:

This study introduces an Al-based system for mental health
assessment using advanced data processing, feature extraction, and
predictive analytics. The system combines Al-powered assessments
with instant monitoring for scalable mental health evaluation. In the
Fig: Registration Page next phase, we plan to work towards real-time tracking via wearables,
multi-modal Al models which take into account text, audio and
physiology data, and continue to improve model accuracy. Also,
collaboration with mental health professionals will be pursued to
optimize the Al-driven intervention strategies for direct clinical
application.
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recognition in bipolar disorder based on history-dependent long-term
heart rate variability analysis,” IEEE J. Biomed. Health Inf., vol. 18,
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