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Abstract: Depression has emerged as a major global health challenge, impacting more than 280 million individuals and creating severe
social, economic, and psychological consequences. Existing digital assessment tools are often cloud-dependent, fragmented, and limited
by high infrastructure costs, privacy concerns, and lack of integrated crisis management features. To overcome these challenges, the
proposed research presents an integrated, offline-capable depression risk identification and crisis intervention system built using a
lightweight NLP-based framework. The system performs real-time text analysis through a clinically validated emotion lexicon, detects
potential depressive tendencies, and triggers immediate crisis-response protocols when high-risk indicators appear. It also provides
simulated multimodal analysis—including text, voice, facial, and physiological cues—to enhance educational and research applications
without compromising data privacy.Experimental validation demonstrates 95 % accuracy in depression detection, 98 % sensitivity for
crisis identification, and 91 % correlation with clinical standards, while maintaining an average response time of 1.4 seconds. The
platform operates entirely offline, ensuring full data confidentiality and suitability for academic institutions, rural healthcare facilities,
and research environments. By integrating assessment, intervention, and reporting within a single privacy-preserving framework, the
project bridges the gap between research innovation and practical deployment, offering a scalable, ethical, and accessible solution for
global mental-health support.
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L
LINTRODUCTION The proposed framework addresses these limitations through

Mental health has emerged as a global public-health priority, an 1ntegrat.ed leXIC(?n'ba.Sed NLP .and .multlm()dfll anal}{s%s
with depression representing one of the most prevalent and system designed to identify depression risk and trigger crisis
disabling disorders across populations. Despite the widespread Intervention mecha.lnls.ms n .real tlr.ne. Imp lemente(.l as a locally
availability of online self-assessment tools and therapy hosted Flask application with a lightweight SQLite database,
platforms, effective early detection and crisis-level the model performs text processing, emotion quantification,
intervention remain major challenges—particularly  in and multi-factor de.pressmn scormg without external
academic, community, and rural environments where dependencies. The inclusion of simulated multimodal
connectivity, cost, and confidentiality constraints limit access @0dule§—coverlng voice, fac1§l, and p}?}fsmloglcal signal
to professional care. Traditional computer-aided screening dlmenSIOIlS—.further en.hanf:es lnt.erpretablllty a.nd research
systems generally focus on isolated functionalities such as value. Experimental validation achieved a detection accuracy
sentiment analysis or questionnaire-based scoring and depend of 95 %, crists sensitivity of 98 %, and a rapld.l'é.".second
heavily on cloud-based computation. These limitations create a response  time, Conﬁrml_ng the framework’s reliability for
persistent gap between automated screening, real-time institutional and community deployment.
intervention, and secure offline deployment. By combining accessibility, interpretability, and clinical
Recent advances in Natural Language Processing (NLP) and relevance, this work contributes toward democratizing digital
machine learning have demonstrated that linguistic markers, mental.-health assessment. It _prOVldeS a foundat19n ’for
lexical polarity, and semantic context can reveal early extending academic research into real-world applications
depressive tendencies. However, the translation of such where privacy, transparency, and inclusivity are essential. The
research outcomes into practical, deployable solutions has been system’s modular design also facilitates future integration with
hindered by the need for high-performance infrastructure, mobile, 10T, and edge-Al platforms, enabling scalable mental-
continuous internet access, and complex data-collection health monitoring ecosystems.
pipelines. Furthermore, privacy concerns associated with II LITERATURE SURVEY
storing. sensitive Pser data on. exte@al servers discourage 1 Lexicon-Based and Textual Depression Detection
institutional adoption. Academic settings, where technology o )
can support counseling and wellness programs, require e FEarly linguistic studies revealed that depressed
solutions that are explainable, offline-capable, and adaptable to individuals use .hlgher f.requencws of ﬁrst—pers9n
resource-constrained devices pronouns, negative emotion words, and absolutist
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terms; lexicon-based approaches exploit such markers
for scoring depressive intensity [1][2].

e Hybrid NLP models combining lexical sentiment
dictionaries and machine-learning classifiers (e.g.,
SVM, Naive Bayes) achieve reliable accuracy for
short social-media or journal-text inputs [3].

e  However, purely textual systems often lack contextual
awareness, cross-linguistic robustness, and clinical
interpretability, motivating multimodal extensions [4].

2 Deep-Learning and Hybrid Approaches

e Deep architectures such as CNN-LSTM and
Transformer-based models (BERT, RoBERTa)
outperform conventional sentiment models but
require large annotated datasets and substantial GPU
resources [5][6].

e Hybrid pipelines integrating lexicon cues with
contextual embeddings improve precision yet remain
cloud-dependent, raising issues of privacy and data
governance [7].

e The gap between high-performance research models
and lightweight offline deployment persists.

3 Crisis Detection and Real-Time Intervention

e (risis-aware systems (e.g., ChatSafe, ReachOut)
analyze linguistic urgency and suicidal ideation using
risk-scoring frameworks derived from psychological
lexicons [8][9].

e Most current implementations provide alerts or chat-
referrals only when online connectivity is present.
Offline crisis-response mechanisms remain an
underexplored area [10].

4 Multimodal Emotion Analysis

e Combining textual, vocal, and visual cues yields more
reliable affective inference. Research in speech
prosody and facial-expression recognition
demonstrates improved detection of hidden distress
[11][12].

e  Multimodal fusion methods (feature-level or decision-
level) enhance robustness but demand extensive
sensor data and high-bandwidth transfer [13].

e Simulated or synthetic multimodal modules provide
an educational proxy without violating data-collection
ethics,  aligning  with  academic-deployment
constraints [14].

5 Offline and Privacy-Preserving Mental-Health Systems

e Lightweight, on-device Al frameworks using SQLite
and Flask architectures have emerged for rural and
educational contexts [15].
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e FEdge-Al and federated-learning paradigms reduce
dependence on cloud servers while maintaining model
accuracy [16].

e  Existing literature still lacks a fully integrated offline
model combining depression risk identification, crisis
response, and multimodal simulation within a single
academic-ready platform [17][18].

III PROBLEM STATEMENT

Existing depression detection systems are often limited to
specific modalities and lack integrated real-time crisis
intervention capabilities. Many of these systems rely on cloud-
based architectures, which introduce privacy risks and restrict
usability in offline or resource-limited environments. Current
approaches generally address either emotion recognition or
depression classification but fail to provide a unified
framework that connects screening, intervention, and
multimodal analysis.

There is a pressing need for an offline, lightweight, and
academically deployable system that can identify depression
risk through lexicon-based Natural Language Processing
(NLP), detect crisis-level emotional states, and initiate
appropriate interventions in real time. Furthermore, the system
should integrate simulated multimodal inputs to enhance
interpretability and educational value while maintaining ethical
standards for data security and privacy.

IV OBJECTIVES

1. To develop an integrated framework for depression
risk identification and crisis intervention using
lexicon-based NLP techniques.

2. To design a modular, offline, and resource-efficient
architecture suitable for academic and community
deployment.

3. To implement a simulated multimodal analysis
component (text, voice, facial, and physiological) to
enhance interpretability and user engagement.

4. To ensure data privacy and ethical compliance
through local storage and processing mechanisms.

5. To evaluate the model’s accuracy, sensitivity, and
response time in detecting depression and crisis-level
conditions within controlled datasets.

V SYSTEM ARCHITECTURE

The proposed Integrated Depression Risk Identification and
Crisis Intervention Framework is built on a modular, offline-
capable architecture that ensures secure, interpretable, and
real-time analysis of emotional states. The system is
implemented using Python, Flask, and a lightweight SQLite
database, with optional scalability to PostgreSQL for
institutional deployment. Figure 1 (to be inserted later)
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illustrates the overall system architecture, which comprises six
core modules integrated within a unified processing pipeline.
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Figure: System Architecture Diagram

This module collects textual input from users through a locally
hosted web interface. All data are stored and processed offline
to ensure privacy. The preprocessing layer performs
tokenization, stop-word removal, stemming, and negation
handling to prepare the text for lexicon-based analysis. The
system also allows optional inclusion of simulated voice or
facial data for multimodal extension without requiring live
sensors or external APIs.

At the core of the system lies a lexicon-based sentiment and
emotion analysis engine. It utilizes a custom-weighted
dictionary of depressive indicators such as hopelessness, self-
referential language, and affective intensity. Each token is
assigned polarity and strength values, which are aggregated to
compute the Depression Score (Ds). The model applies
contextual modifiers to adjust scores based on negation and
sentence structure, ensuring semantic accuracy even for
complex linguistic patterns.

VI RESULTS

The developed offline framework achieved strong performance
in detecting depression and initiating
intervention. Testing on a curated text dataset yielded an
overall accuracy of 95 %, crisis-sensitivity of 98 %, and
average response time of 1.4 s, with about 91 % correlation to
clinical indicators.

real-time  crisis

The integrated modules—lexicon-based NLP, crisis detection,
and simulated multimodal analysis—worked cohesively to
provide rapid, explainable results without cloud dependency.
The system effectively bridged screening and intervention
while ensuring complete data privacy.
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Designed for academic and community deployment, the tool
offers high educational value through its transparent, modular
design. It can serve as a base for future research involving real
multimodal data, federated learning, or regional-language
adaptation.

VII CONCLUSION

The proposed system successfully demonstrates how artificial
intelligence and natural language processing can be harnessed
to create an integrated, offline-capable digital mental health
framework for depression detection and crisis intervention.
Unlike conventional cloud-based models, this solution
achieves complete data privacy, instant response capability,
and multimodal educational simulation, making it highly
suitable for both academic and clinical settings. Experimental
validation confirmed 95% detection accuracy, 98%
sensitivity in crisis identification, and strong clinical
correlation with DSM-5 standards.

By combining emotion detection, depression risk prediction,
and real-time intervention in a single unified platform, the
system effectively bridges the long-standing gap between
research innovation and practical deployment. Its offline
functionality ensures accessibility in rural or resource-
constrained regions, open-source architecture
supports academic use, interdisciplinary research, and future

while its

extensions.

In essence, this work contributes to the democratization of
digital mental health technology—making reliable, privacy-
preserving, and educationally useful tools available to students,
researchers, clinicians, and community programs alike. It lays
the groundwork for future advancements such as multilingual
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expansion, sensor-based multimodal integration, and real-time
longitudinal monitoring toward more inclusive and intelligent
mental-health support ecosystems.
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