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I. INTRODUCTION

Mental health disorders, such as depression, anxiety, atten-
tion deficit hyperactivity disorder (ADHD), bipolar disorder,
personality disorder (PD), and post-traumatic stress disorder
(PTSD), are growing global concerns that affect millions of in-
dividuals across all age groups and backgrounds. These condi-
tions not only impair emotional and psychological well-being,
but also hinder social relationships, academic performance,
and professional productivity [1]. Deep neural networks have
achieved high accuracy in detecting conditions from social
media text and other user-generated content [2].

This research focuses on developing an AI-driven mental
health framework comprising a user-centred interactive inter-
face for intuitive engagement, a deep learning (DL) model
for mental health status detection, and a knowledge-based
recommendation system (KBRS) for adaptive, personalised
interventions. With the DL model successfully developed and
validated, the next phase focuses on implementing the user-
centred interface and enhancing the KBRS.

A. Current Discussions and Research Gaps

DL has greatly advanced mental health research, with mod-
els that achieve high precision in detecting conditions such
as depression and anxiety [3]. Hybrid models that combine
textual and audio features further enhance the accuracy of the
classification [4]. However, most DL-based systems focus on

single-condition classification, making them less effective in
detecting co-occurring disorders such as bipolar disorder [1]
and personality disorder [5].

Another key gap is the lack of adaptive intervention mech-
anisms. Although KBRS has been applied in mental health,
many remain static, unable to dynamically adapt to user inputs
and changing conditions [6]. Studies show that integrating
sentiment analysis with KBRS improves personalised support,
but adaptive intervention mechanisms in real time remain un-
derexplored [7]. In addition, many applications lack accessible
and engaging interfaces that are tailored for people in distress.
Research in Human-Computer Interaction (HCI) suggests that
HCI features significantly improve engagement but remain
underutilised in AI-based tools [8].

This research tackles these gaps by integrating DL-based
diagnostics with an adaptive KBRS, supported by a user-
centred interface. Unlike existing systems that focus solely on
detection or intervention, this framework ensures a seamless
transition from assessment to personalised care, bridging the
gap between diagnosis and customised mental health support.

II. MATERIALS AND METHODS

This research integrates principles from HCI, DL, and
KBRS to develop an interactive system for the detection and
intervention of mental health.

A. Research Design

This study employs a qualitative approach, using text-
based data to refine diagnostic models and KBRS func-
tionalities, while proportional stratified sampling ensures a
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diverse representation of mental health conditions. To ensure
an effective deep learning model for detecting mental health
conditions, multiple transformer-based models were trained
and evaluated. The models explored in this study included
BERT-base-uncased, DistilBERT-base-uncased, ELECTRA-
base-discriminator, ELECTRA-base-generator, and MiniLM-
L12-H384-uncased. Each model was trained using the same
dataset and evaluated based on standardised performance met-
rics, including accuracy, precision, recall, and F1 score.

By comparing the predictive strengths and weaknesses of
each model, a final selection was made based on the balance of
efficiency, accuracy, and reliability. Complementing the model,
a user-centred interface design with progressive disclosure,
accessibility-focused features, and soothing colour schemes to
accommodate individuals with mental health challenges. The
KBRS component integrates decision-making theories and is
enhanced with time-based rules and feedback loops to sup-
port personalised, adaptive, and context-sensitive interventions
based on user progress and situational triggers.

B. Data Collection Methods

This study relies on publicly available secondary datasets
to develop and evaluate the system.

• Sentiment Analysis for Mental Health Dataset1: Provides
textual data with sentiment annotations, helping to iden-
tify emotional patterns and mental health indicators.

• Reddit-Mental-Illness-82 dataset2: Contains user-
generated mental health related posts, categorised by
conditions such as depression, anxiety, and PTSD.

The datasets were combined, modified, and preprocessed
under the guidance of a psychotherapist to create a compre-
hensive dataset for training and validation, ensuring diverse
linguistic and contextual coverage.

III. RESULTS AND DISCUSSION

BERT-base-uncased demonstrated a strong classification
capabilities, achieving an overall accuracy of 82.03%, but
minor misclassifications in bipolar & personality disorders.
DistilBERT-base-uncased, showed a slight improvement over
its predecessor with an accuracy of 82.95% also efficient,
and lower computational cost. ELECTRA-base-discriminator
was also assessed and achieved an accuracy of 81.92%,
slightly lower than both BERT and DistilBERT, and it also
struggled with personality disorder classification. ELECTRA-
base-generator exhibited a noticeable decrease in performance,
achieving an accuracy of 79.01%, and misclassified personal-
ity disorder. MiniLM-L12-H384-uncased recorded the lowest
overall performance with an accuracy of 75.64%.

The best-performing model, DistilBERT-base-uncased was
selected based on standardised performance metrics. Following
the fine-tuning process, as shown in TABLE I, the model
demonstrated a high classification accuracy of 97.15%, par-
ticularly in detecting our targeted mental health disorders.

1https://kaggle.com/datasets/suchintikasarkar/
sentiment-analysis-for-mental-health/

2https://huggingface.co/datasets/mavinsao/reddit-mental-illness-82/

TABLE I
CLASSIFICATION REPORT

Label Precision Recall F1 score Support
ADHD 0.98 0.97 0.97 1137
Anxiety 0.96 0.96 0.96 1241
Bipolar 0.96 0.97 0.96 1163

Depression 0.98 0.98 0.98 2120
Normal 0.99 0.98 0.99 1866
PTSD 0.95 0.96 0.96 1188

PD 0.96 0.97 0.97 1724

IV. CONCLUSION AND FUTURE WORK

This research introduces an integrated framework that
combines a user-centred interface, a DL model, and a KBRS
to detect and Mitigate Mental Health Conditions. The DL
model for mental health status detection has been successfully
developed, and future work will focus on implementing the
interactive interface and improving KBRS, ensuring a holistic
AI-driven mental health support system.
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