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Abstract: Mental health evaluation has traditionally relied on static, standardized questionnaires that fail to capture the nuanced
emotional context of a patient. This paper introduces PsychSync, an AI-powered, web- based portal designed to facilitate mental health
self-assessment, emotional tracking, and personalized resource recommendation. By integrating clinically validated tools (such as the
PHQ-9 and GAD-7) with Generative Artificial Intelligence (Google Gemini API), the system provides empathetic, context-aware
feedback based on severity scores. Furthermore, the platform utilizes Natural Language Processing (NLP) to extract mindset tags and
environmental triggers from unstructured digital journal entries. These tags power a Machine Learning (ML) recommendation engine
utilizing Cosine Similarity to match users with curated psychological resources. The proposed system effectively bridges the gap between
static clinical evaluation and proactive, personalized mental health management while maintaining strict data privacy through an

anonymous tracking mode.

Keywords: Mental Health Application, Generative AI, Natural Language Processing, Machine Learning, Self-Assessment,

Recommender Systems.
1. Introduction

Mental health is an essential aspect of overall human
well-being. In the fast-paced modern digital era,
conditions such as generalized anxiety, major depressive
disorder, and chronic burnout have significantly increased.
Traditional clinical pathways are often obstructed by
financial constraints, social stigma, and long waiting
periods. As a result, early detection through digital self-
assessment tools has become a critical first step in promoting
mental wellness [8]. Existing mental health evaluation
platforms rely heavily on manual interpretation or rigid,
static web forms. While they provide basic screening,
they suffer from significant technological limitations [9].
Assessment results are identical for any user within a
specific score range, failing to account for individual
emotional context. Furthermore, re- source
recommendations (such as coping articles or videos) are
typically generalized lists rather than personalized
interventions.

To address these limitations, this paper proposes Psych-
Sync, an intelligent digital platform that replaces static
evaluation with an automated, Al-driven approach. The
system employs standard validated tools but enhances them
drastically using Large Language Models (LLMs) and
Natural Language Processing (NLP) [10]. By actively
parsing user diary entries to extract structured emotional
metadata, Psych- Sync acts as an intelligent digital
companion, improving user self-awareness and dynamically
routing personalized coping mechanisms to the user based
on their real-time psychological state.

2. Related Works

Recent research has increasingly focused on the intersection
of Artificial Intelligence and digital psychiatry,

demonstrating the efficacy of ML and NLP in cognitive
analysis [11].

Shatte et al. [1] demonstrated the use of machine learning
models to personalize mental health screening, proving that
users are significantly more engaged when clinical feedback
adapts to their historical data. Similarly, Rajkomar et al. [2]
utilized ML classifiers applied to self-reported clinical
questionnaires (like the PHQ-9) for the early detection of
anxiety and depression.

In the domain of unstructured text analysis, Calvo et al.
[3] validated that NLP technologies can successfully enable
emotion detection, sentiment analysis, and environmental
trigger identification from non-clinical diary entries.
Complementary studies by Eichstaedt et al. [12] show that
text- based algorithms can reliably predict depressive
patterns. Furthermore, Tlachac et al. [4] established that
ML-based recommender systems in digital mental health
platforms significantly improve patient engagement
compared to static resource libraries. Conversational
models have also seen growth, with API-based interventions
showing high efficacy in early-stage emotional triage [15].

These studies demonstrate that integrating NLP context
extraction with clinical scoring matrices can drastically im-
prove the accuracy and empathy of digital emergency
response and mental health systems.

3. Outlined Method

The development of PsychSync follows a structured
methodology integrating Django-based web technologies,
external Generative Al APIs, and Machine Learning algo-
rithms.
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3.1 System Architecture
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Figure 1: High-Level System Architecture of the PsychSync
Platform

The system architecture consists of a secure Presentation
Layer (HTMLS, Tailwind CSS, Chart.js), an Application
Layer (Django MVT), an Al/Logic Layer (NLP extraction
and ML matching), and a Data Tier (Relational DB).

Users interact with the frontend to complete clinical
assessments and log daily journals. The Application
Layer NLP Journal Processing
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Figure 2: NLP pipeline for extracting mindset tags using the
Gemini API.

Traditional journaling applications store data as plain text.

PsychSync employs a prompt-engineered pipeline to sanitize

and structure this text. When a journal is submitted, the API

extracts three core elements:

1) Primary Emotion: The dominant affective state.

2) Environmental Triggers: Contextual stressors (e.g.,
workplace, family).

3) Mindset Tags: Comma-separated keywords
representing the user’s cognitive state.

3.2 Machine Learning Recommendation

Figure 3: Content-based filtering flow utilizing Cosine
Similarity.

To curate personalized interventions, the system utilizes a
content-based filtering approach. Let the user’s aggregated
mindset tags be represented as vector U, and a curated re-
source’s target tags be represented as vector R. The system
calculates the Cosine Similarity to rank the relevance of re-
sources:

Similarity (U, R)= — R (D

. Ul = IRl
routes unstructured journal text to the Gemini Al API, which
acts as the NLP processor. The Al extracts specific metadata
tags, which are subsequently stored in the Database and uti-
lized by the ML Recommender to populate the user’s dash-
board with relevant media.

Resources with the highest similarity scores are
dynamically rendered to the user’s feed as privacy-embedded
videos and articles.

3.3 Data Modeling and Storage

The PsychSync portal utilizes a relational database
architecture to securely manage user profiles, clinical
assessments, and Al-generated logs. The primary datasets
include the Assessment DB (storing PHQ-9 and GAD-7
scores), the Journal DB (storing raw diary content and Al-
extracted mindset tags), and the Resource DB (storing
curated intervention URLs). The system utilizes an
anonymous tracking mechanism, ensuring that all macro-
level data aggregation securely masks personally identifiable
information (PII), aligning with digital health ethical
protocols [13].

4. Results & Discussion
4.1 System Performance and Functionality

The PsychSync platform demonstrates highly effective
performance in providing context-aware emotional feedback
and automated resource recommendations. The generative
Al module successfully outputs grounded, blunt, and highly
empathetic 3-paragraph insights based on the combination
of a user’s numerical severity score and their most recent
NLP mindset tags. The integration of Django, the Gemini
API, and Chart.js ensures that the application operates
reliably during critical self-assessment phases.

4.2 Test Cases and Outcomes
Several test cases were conducted to evaluate the reliability

and efficiency of the PsychSync portal. The system was
tested under different scenarios including clinical quiz sub-
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mission, unstructured journal logging, NLP tag extraction,
and ML resource matching.

During these tests, the application successfully captured the
user’s text, communicated with the external Gemini API
with minimal latency, and accurately parsed the returned
JSON into structured metadata. The testing results indicate
that the data processing time was minimal and the Cosine
Similarity algorithms correctly prioritized relevant coping
videos.

Table 1: System Test Cases and Execution Outcomes

Module Scenario Result
Assessment Engine | Calculate PHQ-9 Severity Pass
NLP Processor Extract Emotion Meta- Data | Pass
ML Recommender | Cosine Similarity Filtering Pass
Privacy Anonymous Mode Masking Pass

Data Analytics Chart.js Trend Rendering Pass

4.3 Performance Evaluation

The performance evaluation of the PsychSync platform was
conducted by analyzing key system components such as quiz
scoring  accuracy, NLP  extraction  consistency,
recommendation relevance, and overall system stability.

— 100
e\i 100 M 99
= ==
&
v
5]
A 95
B A
=
=
5] 91
[+
a0 |_|
ol £ .
o oF o S
QO Q'b— B !
o %"ﬁ 1@.7'}“% N

Figure 4: Performance Analysis of Core PsychSync
Modules

The results (as shown in Fig. 4) indicate that the sys- tem
performs highly efficiently in transforming unstructured
emotional text into actionable clinical data. The integration
of modern web technologies such as Django and Google’s
Generative Al ensures that the system operates smoothly.
The overall performance analysis confirms that the proposed
system can serve as a reliable digital companion for users.

4.4 Data Visualization and Analytics

A core optimization of the system is the integration of
isolated progress tracking. Using Chart.js, the system
renders historical clinical scores into visual line graphs,
allowing users to map their emotional trends over time. For
administrative  optimization, the platform aggregates
platform-wide NLP tags wusing Python’s collections.
Counter. This provides administrators with a macro-level
visualization of prominent emotional triggers across the user
base without compromising ethical tracking boundaries.

4.5 Comparative Analysis

A comparison with traditional mental health forms
highlights significant improvements. Conventional methods
re- quire manual evaluation and offer generic coping
strategies. PsychSync automates the evaluation pipeline,
significantly reducing the friction of self-reflection. The
automated ML recommendation engine acts as an instant
digital triage mechanism, connecting users to relevant
coping strategies before professional human intervention is
required.

5. Conclusion

The PsychSync platform provides an effective, secure, and
intelligent solution for mental health self-assessment and
tracking. By integrating standard psychological frameworks
with advanced Data Science techniques- specifically NLP
data extraction, Machine Learning recommendations, and
Generative Al feedback- the system transcends traditional
static questionnaires.

The successful implementation of visually interactive
dashboards, automated resource routing, and anonymous
macro-level analytics proves that web technologies can
safely empower proactive mental health management.

Future enhancements of the system include the integration
of Predictive ML models to forecast potential depressive
episodes based on declining progress trajectories [14], as
well as a Retrieval-Augmented Generation (RAG)
architecture that allows users to securely query their past
journals to identify long-term behavioral patterns.
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