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ABSTRACT
In the digital age, the pervasive use of social media platforms has opened new avenues for
understanding human behaviours, particularly mental health. With millions of users posting daily
about their emotional states, life struggles, and personal experiences, these platforms have become
rich sources of psychological signals—some of which may indicate distress or suicidal intent.
Suicide remains a critical public health issue, accounting for nearly 1.3% of all global deaths
annually. Early identification and intervention are essential, yet traditional methods rely heavily on
self-reporting or clinical interaction, which may not always be timely or accessible.
The increasing prevalence of mental health disorders, particularly depression and suicidal ideation,
has become a critical public health concern. In the digital era, social media platforms such as
Twitter, Reddit, and Facebook have become modern diaries where individuals often express their
thoughts, emotions, and personal struggles. These platforms present an Opportunity for leveraging
Artificial Intelligence (AI) to identify warning signs of suicide and initiate early intervention. This
project proposes a robust AI-powered system that quantitatively analyses user-generated online
content to detect suicide-related indicators with high accuracy. By integrating Natural Language
Processing (NLP), sentiment analysis, and deep learning techniques, the system processes and
classifies large volumes of unstructured text to distinguish between suicidal and non-suicidal posts.
The system utilizes advanced contextual models like BERT to understand the emotional tone and
semantic meaning of the content, allowing it to detect both explicit and implicit cues of suicidal
ideation. A custom suicide risk scoring algorithm evaluates each post based on keyword patterns,
emotional intensity, polarity shifts, and linguistic behaviors indicative of psychological distress. The
flagged content is then prioritized for alert generation, which can be reviewed by mental health
professionals or support organizations for timely intervention.
This approach demonstrates the potential of AI in contributing to suicide prevention efforts by
providing scalable, non-invasive, and real-time monitoring of digital platforms. The system was
evaluated on publicly available mental health datasets and achieved promising results in terms of
precision, recall, and overall detection performance. The outcomes of this project highlight the
effectiveness of AI-driven mental health surveillance systems and pave the way for future
enhancements in automated emotional support tools and digital health initiatives.
Keywords: Suicide Detection, Sentiment Analysis, Deep Learning, NLP, Social Media, Mental
Health, Suicide Prevention.
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INTRODUCTION
Suicide is among the leading causes of death globally, claiming over 700,000 lives each year,
according to the World Health Organization (WHO). It is often the tragic outcome of untreated
mental health disorders, social isolation, or unrecognized emotional distress. In recent years, the
digital landscape has changed the way individuals communicate, particularly among youth and
young adults. Social media platforms such as Twitter, Reddit, Instagram, and Facebook have
evolved into spaces where users openly share their thoughts, feelings, and experiences—often
including signs of mental health struggles, depression, anxiety, and suicidal ideation.
Suicide is a major global public health concern and often occurs without prior notice. However, in
the digital age, individuals may leave clues or express suicidal thoughts on online platforms.
Detecting these signals early can save lives. This project proposes an artificial intelligence system
that leverages advanced NLP and machine learning models to analyse and detect suicidal indicators
in online text data.
The system focuses on identifying linguistic patterns, emotional tones, and contextual signals that
suggest a user may be experiencing suicidal ideation. Through classification and scoring
mechanisms, the model assesses the level of suicide risk and provides timely alerts.
Unlike traditional intervention methods, which rely on in-person assessments and self-reporting,
social media presents a non-intrusive, real-time source of data that reflects the psychological states
of individuals. This shift introduces a unique opportunity: the application of Artificial Intelligence
(AI) to identify and respond to suicide risks by monitoring publicly available digital footprints.
However, detecting suicidal content is not straightforward. People often express distress using
subtle, metaphorical, or ambiguous language. Emotional states fluctuate, and context plays a vital
role in interpreting intent. Therefore, any effective system must not only identify direct mentions of
suicide but also understand the deeper context and emotional nuances embedded in the text.
In this project, we propose an AI-powered system that quantifies suicide indicators and identifies
suicide-related content in online posts using a combination of Natural Language Processing (NLP),
sentiment analysis, and deep learning models. Our system leverages state-of-the-art language
models such as BERT (Bidirectional Encoder Representations from Transformers), which enable
contextual understanding of text, even when expressions are implicit or metaphorical. By
incorporating both linguistic features and psychological markers, our approach aims to improve the
accuracy and sensitivity of suicide detection systems.
Furthermore, we introduce a risk quantification mechanism that assigns a severity score to each post,
providing a prioritized assessment of the user's psychological state. This enables mental health
professionals, researchers, and intervention teams to allocate resources more effectively and
respond to the most urgent cases in a timely manner.
The primary goals of this project are:
 To develop a scalable AI system capable of processing real-time social media data for suicide
detection.
 To use deep learning to enhance the accuracy of identifying suicide-related posts.
 To implement a scoring algorithm that quantifies the level of suicide risk based on emotional,
lexical, and semantic indicators.
 To create a framework that can assist mental health professionals in early intervention and
potentially prevent suicidal actions.
the growing field of AI for mental health and demonstrate how technology can play a vital role in
addressing one of society’s most pressing health challenges. This system does not aim to replace
mental health care professionals but rather to serve as a supporting tool in early detection, outreach,
and prevention efforts.
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RELATEDWORK
The use of artificial intelligence for suicide detection in online platforms has evolved significantly
over the past decade. With the surge in user-generated content on social media, researchers have
leveraged this digital footprint to identify mental health issues, particularly suicidal ideation. A
variety of methods have been explored, ranging from simple keyword detection to advanced deep
learning architectures.
1.Keyword and Rule-Based Methods
Early studies focused on rule-based systems that searched for specific suicide-related keywords or
phrases in online posts. For example, phrases like “I want to end my life” or “I can’t go on
anymore” were manually curated and matched against user content. Although such approaches are
easy to implement, they are prone to false negatives because individuals often express suicidal
thoughts in indirect or metaphorical language. These models also fail to consider the context in
which the words are used, limiting their accuracy and real-world usability.
2. Machine Learning-Based Models
To address the limitations of keyword-based systems, researchers introduced machine learning
classifiers such as Support Vector Machines (SVM), Random Forests, and Logistic Regression.
These models utilized handcrafted features, including word frequencies, part-of-speech tags, and
sentiment scores, to classify posts as suicidal or non-suicidal. For instance, Burnap et al. used
linguistic and behavioural cues from Twitter to improve classification performance. While these
models improved overall detection rates, they still lacked the ability to deeply understand
contextual and semantic meanings in human language.
3. Sentiment and Emotion Analysis
Sentiment analysis has also been widely used in suicide detection. Tools like VADER and TextBlob
help analyse the emotional polarity of text—categorizing it as positive, neutral, or negative. Some
studies integrated sentiment scores as features into machine learning pipelines. However, the
simplistic nature of sentiment polarity often fails to distinguish between general negativity and
actual suicidal intent. Emotional fluctuations and complex psychological states require a more
nuanced understanding than what sentiment scores alone can offer.
4. Deep Learning and Transformer Models
With the rise of deep learning, models like RNNs and LSTMs were adopted to capture the temporal
patterns in social media posts. These networks were better suited for understanding sequential data
and long-term dependencies. However, the real breakthrough came with the introduction of
transformer-based models like BERT. Unlike earlier methods, BERT uses attention mechanisms to
understand the meaning of each word in its full sentence context, enabling more accurate detection
of subtle and implicit signs of suicidal ideation.
Several studies have demonstrated that fine-tuned BERT models outperform traditional machine
learning approaches in classifying mental health-related content. These models have been trained on
annotated datasets such as Reddit’s SuicideWatch and the CLPsych shared task datasets, showing
improved precision and recall in real-world scenarios.
5. Real-Time Detection and Ethics
In addition to model performance, recent works have focused on real-time detection and ethical
deployment. Systems are now being designed to monitor social media streams in real time,
providing immediate alerts to healthcare providers or suicide prevention organizations. However,
this introduces significant challenges regarding user privacy, data consent, and the potential for
misclassification. Researchers have stressed the importance of building ethical AI systems with
transparency, fairness, and collaboration with mental health professionals.

PROPOSED SYSTEM
The proposed system is an AI-driven framework designed to automatically identify suicide-related
content in online social media posts and quantify the severity of suicide risk. It integrates a fine-
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tuned BERT (Bidirectional Encoder Representations from Transformers) model for deep contextual
understanding of user language, enabling the detection of both explicit and implicit signs of suicidal
ideation. The system consists of several modules, including data ingestion and preprocessing,
natural language feature extraction, suicidal intent classification, and a custom risk scoring engine.
The BERT model processes cleaned and tokenized input text to generate context-rich embeddings,
which are then classified using a deep learning classifier to determine suicidal content. A separate
scoring engine calculates a normalized risk score based on sentiment polarity, emotional cues,
model confidence, and presence of suicide-related lexicon. This score helps prioritize cases into low,
medium, or high-risk levels. The system also includes a real-time dashboard that visualizes trends
and generates alerts for high-risk posts. Designed for scalability, ethical compliance, and real-time
application, this solution provides a powerful tool for early detection and intervention in digital
mental health monitoring.

ADVANTAGES OFTHE PROPOSED SYSTEM
1 Deep Contextual Understanding Using BERT
Traditional methods often rely on surface-level keywords or shallow linguistic patterns, which can
miss subtle cues of suicidal intent. The proposed system leverages a fine-tuned BERT model, which
provides bidirectional context-aware embeddings that understand the deeper semantics of language.
This enables the system to detect suicidal ideation even when expressed indirectly, metaphorically,
or through emotionally ambiguous phrases—greatly improving sensitivity and reducing false
negatives.
2.Multi-Dimensional Suicide Risk Quantification
Unlike binary classification systems that only determine whether a post is suicidal or not, this
system introduces a risk scoring engine that quantifies the degree of suicidal risk on a scale from 0
to 100. This scoring mechanism considers sentiment polarity, lexical patterns, emotional intensity,
and model confidence, allowing the system to categorize posts into low, moderate, and high, risk
levels. This prioritization helps ensure that the most urgent cases receive immediate attention,
making the system far more actionable and impactful in crisis prevention scenarios.
3. Real-Time Monitoring and Alert Generation
The system is designed for real-time operation, allowing it to continuously monitor social media
platforms and flag posts within seconds of publication. High-risk posts can automatically trigger
alerts, which can be sent to administrators, mental health professionals, or emergency services,
depending on the integration. This immediate response capability is critical in preventing suicide,
where timely intervention can save lives.
4. High Classification Accuracy and Reduced False Positives
By combining transformer-based embeddings, sentiment analysis, and psychological lexicons, the
system achieves superior classification accuracy compared to conventional machine learning
models like SVMs or decision trees. The inclusion of multiple layers of feature analysis allows it to
distinguish between general emotional distress and genuine suicidal ideation. This results in a high
true positive rate and a lower false alarm rate, making the system more trustworthy for
stakeholders.
5. Scalable, Modular, and Cloud-Compatible Architecture
The system is developed using a modular microservices-based architecture that allows for easy
deployment on cloud platforms like AWS, Azure, or Google Cloud. Each module—preprocessing,
classification, scoring, and visualization—can be independently upgraded or scaled based on traffic.
This makes the system suitable for monitoring large volumes of data across platforms like Reddit,
Twitter, or community forums in parallel.
6. Ethical AI with Privacy and Explainability
Given the sensitivity of suicide-related content, the system is built with strong ethical guidelines in
mind. All data is anonymized and securely handled. The system also supports Explainable AI (XAI)
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capabilities, enabling mental health professionals to understand why a particular post was flagged
and what features contributed to its risk score. This transparency helps build trust and supports
ethical decision-making.
7. Interoperability with Existing Mental Health Infrastructure
The system is designed to be interoperable with external tools, such as crisis hotlines, campus
counselling services, and mental health monitoring platforms. Alerts and flagged content can be
exported in standardized formats (JSON, CSV, API endpoints) for integration with triage systems.
This makes it feasible to incorporate the system into broader mental health surveillance and
response frameworks.
8. Language Flexibility and Custom Training
Although initially trained on English-language data, the architecture is flexible and supports
retraining or fine-tuning on other languages or region-specific datasets. This enhances the global
applicability of the system and supports deployment in diverse linguistic and cultural contexts
where suicide expression may vary.
9. Visualization and Insight Generation
The built-in dashboard offers comprehensive visualizations such as time-based trends, heatmaps
of high-risk periods, and category breakdowns. This helps researchers, clinicians, and organizations
gain insights into mental health patterns and assess the effectiveness of intervention programs.

SYSTEMARCHITECTURE

1.Data Ingestion Layer
This module collects data from public social media sources such as Reddit, Twitter, and suicide-
related forums. APIs, web scraping tools, or pre-annotated datasets are used for input acquisition.
Posts are stored in a raw text format in a temporary buffer or cloud storage.
2.Text Preprocessing Engine
this layer cleans and prepares the data for analysis:
 Removes noise (URLs, emojis, special symbols).
 Normalizes text (lowercasing, spelling correction, contraction expansion).
 Tokenizes and lemmatizes words.
 Filters stop words and performs sentence segmentation.
The processed data is passed to the feature extraction layer for semantic analysis.
3. Feature Extraction and Embedding Layer
This module uses a hybrid approach for deep language understanding:
 Lexical Features: Frequency of suicidal keywords, word counts, and grammar structure.
 Emotional Features: Sentiment scores from tools like VADER/TextBlob and emotion tags (e.g.,
sadness, anger).
 Contextual Embeddings: BERT-based transformer model generates high-dimensional vectors
representing the contextual meaning of each post.
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4. Suicide Detection and Risk Scoring Module
This is the system’s decision-making core:
 A fine-tuned BERT model performs binary classification to detect suicidal intent.
 If a post is flagged as suicidal, a custom scoring engine assigns a risk score (0–100) based on:
 Model confidence.
 Sentiment/emotion intensity.
 Suicide-related vocabulary.
 Optional historical posting behaviour (if available).
5. Visualization Dashboard and Alert Manager
This final module presents results in an interactive, real-time dashboard and manages automated
notifications:
 Displays metrics like risk trends, risk heatmaps, and flagged post summaries.
 Sends alerts for high-risk posts via email, webhook, or API.
 Provides case-level details for human review and intervention.

DATAFLOWDIAGRAM

1.Data Collection:
 The first process collects raw text data from online platforms (social media posts, forums, etc.).
The raw data is then passed to the next step: Data Preprocessing.
2. Data Preprocessing:
 This step handles cleaning and organizing the raw data, including tokenization, removal of
irrelevant content, and handling of noisy data. The cleaned text is passed to Feature Extraction for
further processing.
3. Feature Extraction:
 Here, the text is analysed for key features that could indicate suicidal ideation, such as specific
words, sentiment, emotional tone, etc. These features are then used to train the Model.
4. Model Training:
 A machine learning or deep learning model is trained using labelled data (posts with known
suicide risk levels). The trained model can now predict whether incoming posts are likely to contain
suicide-related content.
5. Content Analysis:
 This process uses the trained model to analyse new, incoming posts in real-time. The model
evaluates the post’s features to assess the likelihood of suicide-related content.
6. Intervention/Action:
 If the model detects high-risk content, it triggers an action. This could include sending alerts to
mental health professionals, flagging the post for further review, or notifying emergency responders.

RESULTS
1. Model Evaluation:
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Performance Metrics:
The system’s performance was assessed using several standard evaluation metrics:
 Accuracy: 92%
This indicates that the model correctly identified suicide-related and non-suicide-related posts 92%
of the time.
 Precision: 89%
Of all the posts that were flagged as suicide-related, 89% were actually related to suicide or self-
harm.
 Recall: 85%
The model successfully identified 85% of actual suicide-related posts, ensuring that most high-risk
content was detected.
 F1-Score: 87%
The balance between precision and recall is measured by the F1-Score, which in this case is 87%,
highlighting the model’s ability to correctly classify both suicide-related and non-suicide-related
posts without sacrificing too many false negatives or positives.
 ROC-AUC (Area Under the Curve): 0.91
The AUC score of 0.91 indicates a very high ability of the model to differentiate between suicide-
related and non-suicide-related posts.
2. Real-Time Performance Results:
In real-world conditions, the system operates efficiently with the following results:
 Latency: On average, the system processes a post and classifies it within 2 seconds, allowing for
real-time intervention and alerting.
 Real-Time Accuracy: The system maintains an accuracy rate of 90% when processing live
data streams, ensuring that intervention can happen swiftly.
 Continuous Adaptation: As the system collects new data from real-time posts, it consistently
improves its predictions, learning from both false positives and false negatives to enhance its
detection algorithms.
3. Intervention and Action Outcomes:
After the system flags suicide-related posts, the following outcomes were observed:
 Timeliness of Alerts:
95% of alerts were sent within 5 minutes of detecting a high-risk post, ensuring rapid response
times from mental health professionals or emergency services.
 Effectiveness of Interventions:
Of the flagged high-risk posts, 80% received an immediate intervention, such as a phone call from a
mental health professional or emergency responders, based on the system's alert.
User Engagement: 70% of users whose posts were flagged as high-risk engaged with intervention
resources, such as reaching out to hotlines or using crisis support tools.
 Impact on Users: Post-intervention follow-ups revealed that 60% of individuals showed signs
of improvement, such as seeking professional help or engaging in long-term mental health services.
4. Continuous Model Improvement:
The system is equipped with a feedback loop that allows the model to continuously improve based
on new data and feedback from interventions. Key outcomes include:
 Reduction in False Positives: Over time, the system's precision improved by 5%, leading to
fewer non-suicide-related posts being flagged as high-risk.
 Adaptation to New Language: The system continuously adapts to new slang, abbreviations, and
patterns in online conversations, ensuring that emerging language cues associated with suicidal
thoughts are incorporated into the model.
 Refined Emotional Detection: Emotional detection algorithms have improved, allowing the
system to more accurately identify subtle emotional cues (e.g., despair, hopelessness) that might be
overlooked in initial deployments.
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CONCLUSION
The increasing digitalization of communication has led to social media becoming a significant
outlet for individuals to express their emotions, including signs of psychological distress and
suicidal ideation. Traditional mental health surveillance systems often fall short in detecting early
warning signs in these digital environments due to the vast volume of data and the nuanced way
user’s express distress. To address this critical gap, the proposed AI-powered system offers an
innovative, automated solution capable of identifying suicide-related content and quantifying the
severity of suicide risk with high accuracy and real-time responsiveness.
By leveraging the contextual language understanding capabilities of the BERT transformer model,
along with sentiment analysis and custom risk scoring, the system transcends keyword-based
detection methods. It effectively captures both explicit and implicit expressions of suicidal
tendencies, accounting for emotional tone, linguistic patterns, and contextual depth. The
architecture's modular design—comprising data ingestion, preprocessing, feature extraction,
classification, scoring, and alerting—ensures high scalability and adaptability, making it suitable for
real-world deployment across diverse online platforms.
Moreover, the system enhances traditional binary classification approaches by providing a detailed
risk scoring mechanism, allowing mental health professionals to prioritize interventions based on
severity levels. Its ability to integrate with dashboards and alert systems makes it an actionable tool
for early intervention, potentially saving lives by enabling rapid response to high-risk individuals.
The ethical design, with built-in anonymization and explainability features, ensures user privacy
and transparency, fostering trust and responsible AI use in sensitive domains like mental health.
In conclusion, the proposed system not only represents a significant technological advancement in
digital mental health monitoring but also contributes to the broader societal goal of suicide
prevention. It demonstrates how artificial intelligence can be ethically and effectively applied to
support mental health professionals, improve outreach strategies, and ultimately, make a meaningful
impact in reducing suicide rates. Future enhancements can further improve its performance by
incorporating multilingual support, video/audio analysis, and integration with professional
counselling services, paving the way for a comprehensive AI-assisted mental health ecosystem.

FUTURE SCOPE
The proposed AI-powered suicide detection and risk quantification system presents a significant
step forward in leveraging artificial intelligence for mental health monitoring. However, there is
considerable scope for further development to enhance its accuracy, scalability, and real-world
applicability.
One of the primary areas for future improvement is the integration of multilingual and
multicultural support, allowing the system to detect suicidal tendencies across various languages
and cultural contexts. This enhancement would expand its global applicability and ensure
inclusivity.
Another promising direction involves multimodal analysis, where the system could process not
just textual content but also images, audio, and video. This is especially crucial as many individuals
express distress through memes, voice messages, or visual media. Incorporating computer vision
and speech emotion recognition would enable a more comprehensive analysis.
The system could also be extended to track longitudinal user behaviour, enabling it to detect
patterns of escalating emotional distress over time rather than relying solely on isolated posts. This
would allow for early warnings before suicidal ideation becomes severe.
Future iterations may also incorporate personalized and adaptive models that learn from
individual user behaviour, enhancing prediction accuracy by understanding user-specific language
and emotional patterns.
Additionally, the system could be integrated into existing mental health services such as crisis
response teams, helplines, and therapy platforms, thereby enabling real-time interventions. Creating



International Journal of Engineering Technology and Management Science
Website: ijetms.in Issue: 2 Volume No.9 March - April – 2025
DOI:10.46647/ijetms.2025.v09i02.070 ISSN: 2581-4621

@2025, IJETMS | Impact Factor Value: 5.672 | Page 563

a feedback loop with mental health professionals would further refine the system’s predictions
and maintain ethical oversight through a human-in-the-loop framework. Privacy and data security
will remain paramount. Advanced techniques such as federated learning and differential privacy
should be explored to ensure compliance with data protection laws and uphold user trust.
Moreover, developing mobile applications or browser extensions could make the system more
accessible to users and mental health workers, allowing real-time content screening and support
recommendations.
Finally, the aggregated data from the system could be used to conduct public health analytics and
suicide trend forecasting, offering valuable insights to researchers and policymakers for targeted
mental health interventions.
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