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The rise of social media platforms has provided researchers with unprecedented
access to vast amounts of user-generated content, offering a unique opportunity to
explore various aspects of human behavior, including mental health. This paper
presents a novel approach to identifying suicidal signals in tweets using Natural
Language Processing (NLP) techniques and Deep Learning algorithms. We propose
a multi-step methodology that involves data collection, preprocessing, feature
extraction, and classification. Leveraging state-of-the-art deep learning
architectures such as recurrent neural networks (RNNs) and transformer models,
our approach aims to accurately detect linguistic patterns indicative of suicidal
ideation and distress. We evaluate the effectiveness of our method using a large
dataset of annotated tweets and demonstrate promising results in terms of both
precision and recall. Furthermore, we discuss the ethical implications and potential
applications of our research in suicide prevention and mental health support

systems.

1. INTRODUCTION

1.1. Overview of the signifiance & challenges

The pervasive use of social media platforms in
recent years, has transformed the landscape of
communication, allowing individuals to express
themselves, share experiences, and connect with
others on a global scale. Among these platforms,
Twitter has emerged as a particularly influential
platform for users to share their thoughts, feelings,
and experiences in real-time. While Twitter
provides a platform for expression and connection,
it also serves as a rich source of data for
researchers interested in understanding various
aspects of human behavior, including Mental
Health [1, 2].

Mental health issues, such as depression, anxiety,
and suicidal ideation, are significant public health
concerns worldwide. Among them, ‘Suicide’ is a
pressing  public  health concern,  with
approximately 0.7 million deaths annually and

countless more attempting it, particularly among
the youth and middle-aged populations [3]. It ranks
as the second leading cause of death for individuals
aged 10 to 34 [4]. Suicidal ideation, the
contemplation of or preoccupation with thoughts
of ending one's own life, is a significant public
health concern worldwide, often stemming from
feelings of shock, anger, guilt, or symptoms of
depression and anxiety [5]. According to the World
Health Organization (WHO), close to 700,000
people die due to suicide every year, and for each
suicide, there are many more attempts. Identifying
individuals at risk of suicide and providing timely
intervention is critical for preventing loss of life
and promoting mental well-being [6].

The significance of detecting suicidal ideation from
tweets is of significant importance due to its
potential to save lives through early intervention,
its accessibility to a diverse population, its


https://journals.gaftim.com/index.php/ijtim/index
https://doi.org/10.1016/j.joitmc.2023.100034
https://doi.org/10.1016/j.joitmc.2023.100034

S. A. Feroze et al.

provision of data-driven insights into mental
health issues, as many people express their
emotions, struggles, and thoughts online, including
feelings of despair and hopelessness associated
with suicidal ideation, its complementarity to
traditional methods, its optimization of resource
allocation, and its role in reducing stigma
surrounding mental health. By leveraging
advanced technologies such as Natural Language
Processing and Deep Learning [7], researchers aim
to develop automated methods for detecting
linguistic patterns indicative of distress and
suicidal ideation on social media platforms like
Twitter. These efforts have the potential to
improve mental health outcomes, inform public
health interventions, and contribute to a deeper
understanding of suicidal behavior and its
underlying factors [8].

1.2. Importance of early detection and intervention
Early detection and intervention in cases of suicidal
ideation are imperative for saving lives and
improving mental health outcomes. Suicidal
thoughts often precede attempts or completed
suicides, making early identification crucial. Timely
intervention can alleviate psychological distress,
improve treatment outcomes, and enhance
individuals' quality of life. Additionally, early
detection reduces societal costs and helps De
stigmatize mental health issues, encouraging help-
seeking behavior. Overall, prioritizing early
detection and intervention is essential for
promoting mental health and preventing suicide.

1.3. NLP and Deep Learning Techniques for
detecting Suicidal Ideation

By observing the above Problems and Challenges,
we have decided to turn by addressing the
challenges posed by suicide by leveraging
advanced techniques in Natural Language
Processing (NLP) and Deep Learning to sift through
the vast expanse of social media texts, aiming to
identify signs of distress and intervene effectively.
This paper introduces a novel methodology aimed
at harnessing the power of NLP and Deep Learning
to identify suicidal signals within tweets. By
leveraging advanced techniques in text analysis
and machine learning, we seek to unveil distress
patterns concealed within the vast stream of social
media content.

The significance of this endeavor cannot be
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overstated. Identifying and responding to suicidal
signals in real-time can potentially save lives by
facilitating timely interventions and support
mechanisms. Moreover, by automating the
detection process, our methodology offers
scalability and efficiency, enabling continuous
monitoring of social media platforms for signs of
distress.

Thus, we set the stage for a detailed exploration of
our methodology, which encompasses data
collection, preprocessing, feature engineering,
model selection, training, evaluation, and
deployment. By elucidating each step of our
approach, we aim to provide a comprehensive
understanding of how NLP and Deep Learning
techniques can be leveraged to address critical
issues surrounding mental health and suicide
prevention in the digital age.

14 Main Contribution

e The main contribution of our paper is to
provide an in-depth examination of the
utilization of Natural Language Processing
(NLP) and Deep Learning techniques for
the detection of suicidal ideation within
tweets.

e Explore various NLP techniques for
analyzing textual data from tweets.

e Implement state-of-the-art Deep Learning
architectures for tweet classification

e Review the current landscape of research
in this field, including previous studies,
methodologies, and findings.

e Identify the challenges and opportunities
associated with utilizing NLP and Deep
Learning for suicidal ideation detection.

e Propose future research directions to
enhance the accuracy and reliability of
detection models, Identifying potential
applications of the methodology in mental
health support systems and promote
mental health and well-being.

2. THEORETICAL FRAMEWORK
The theoretical framework for this Research Study
draw several relevant theories and concepts in the
fields of natural language processing, deep
learning, psychology, and sociology. Here's an
outline of the theoretical framework:

e Planned Behavior

Publishe by GAFTIM, https://gaftim.com



S. A. Feroze et al.

e Ethical Framework

o Text Mining and Information Extraction
The above attributes encapsulate the essential
details of Detection of Suicidal Ideation through
Tweets.

¢ Planned Behavior: This attribute provide
insights into the psychological factors
underlying the expression of Suicidal
Signals in Tweets and how these signals are
influenced by Individuals' beliefs, attitudes,
and perceived social norms.

o Ethical Framework: Refers to the
principles from ethical frameworks such as
autonomy, beneficence, non-maleficence,
and justice would guide the development
and implementation of the Detection
Models.

e Text Mining & Information Extraction:
This attribute provide methodologies for
extracting meaningful information from
unstructured text data like text
preprocessing, feature extraction, and
pattern recognition, can inform the
development of algorithms for identifying
linguistic cues indicative of distress and
suicidal ideation in tweets.

2.1 Objectives

1. Evaluating the feasibility and effectiveness
of real-time implementation of the
developed system for identifying suicidal
signals in tweets, considering factors such
as scalability, latency, and user feedback.

2. Develop and refine preprocessing
techniques tailored specifically for tweets
to handle the wunique linguistic
characteristics and constraints of the
platform

3. Contribute to the advancement of mental
health intervention strategies by providing
a reliable and scalable tool for identifying
individuals at risk of suicide based on their
social media activity, facilitating timely
intervention and support

2.2 Research Questions
Numerous inquiries arise in the determination of
Smart Suicidal Detection through Tweet and
regulations within the framework. For Instance:
1. What challenges and opportunities exist in
implementing the developed system for
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identifying suicidal signals in tweets in
real-time, and how can scalability be
achieved?

2. How can we enhance the interpretability
and transparency of the developed models
to facilitate trust, understanding, and
accountability among stakeholders?

3. How can we ensure user privacy, consent,
and protection from potential harm while
developing and implementing the
detection system?

4. To what extent do the developed models
generalize across diverse linguistic,
demographic, and cultural groups, and how
can we enhance their robustness in real-
world settings?

5. How can we optimize hyper parameters
and training procedures to enhance the
performance and efficiency of the
developed models?

6. How do different feature selection
strategies impact the performance of deep
learning models for identifying suicidal
signals in tweets?

7. What preprocessing techniques are
effective for handling the unique
characteristics of tweets, such as short
length, informal language, and emoticons?

3. LITERATURE REVIEW

In this section, we examine existing research in
both psychology and natural language processing
(NLP) related to detecting suicidal ideation.
Additionally, we explore previous works that have
concentrated on generating synthetic data for
various NLP tasks.

3.1 Exploring Social Factors Influencing Suicidal
Ideation

Suicidal ideation has been extensively studied
within the field of psychology. It is crucial to
comprehend the underlying elements and risk
factors associated with suicidal thoughts and
behaviors to develop effective prevention and
intervention strategies.

Research has extensively delved into identifying
risk factors linked with suicidal ideation, focusing
on psychological elements like depression, anxiety,
hopelessness, and feelings of worthlessness [9, 10].
Numerous studies have explored the strong
correlation between suicidal thoughts and
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conditions such as depression [11, 12], bipolar
disorder [13], borderline personality disorder [14],
and substance abuse [15]. By scrutinizing the
interplay among these conditions, researchers aim
to devise targeted interventions addressing the
unique challenges faced by individuals grappling
with suicidal ideation. Furthermore,
environmental factors such as a history of trauma,
social isolation, and access to lethal means have
been pinpointed as potential risk factors [16, 17,
18].

Psychology provides invaluable insights into the
multifaceted processes and factors that influence
suicide risk. Various psychological theories and
frameworks, including the interpersonal theory of
suicide [19], the cognitive model of suicidal
behavior [20], and the social-ecological model [21],
offer a theoretical basis for comprehending the

International Journal on Technology, Innovation and Management (LJTIM) 4(1) -2024- 23

vulnerabilities and environmental factors.

The substantial research undertaken on suicidal
ideation and related topics in psychology has
greatly advanced the understanding of the intricate
factors involved. Through unraveling the causes,
risk factors, and protective factors associated with
suicidal thoughts, researchers aspire to develop
effective prevention strategies, improve mental
health interventions, and ultimately alleviate the
global burden of suicide.

3.2 Comparative Analysis between Existing Method
& our Proposed Methodology

Table I down below provides a comprehensive
comparison between the Traditional Approaches
and the Advanced Proposed Approach presented in
"Unveiling Distress: Harnessing NLP & DL to
Identify Suicidal Signals in Tweets".

intricate interplay between individual
Table 1 : Comparative Analyses b/w Existing & Curent Méthodology
Aspect Existing Method Current Method
Typically manual or semi-automated | Utilizes Natural Language Processing (NLP) and
Focus approaches utilizing basic linguistic | Deep Learning techniques for automated
analysis and keyword matching detection of suicidal signals in tweets.
Involves preprocessing of tweets, including
May involve manual annotation or rely | tokenization, stemming, and vectorization,
Data on predefined dictionaries of keywords | followed by training deep learning models on
Processing and linguistic patterns. labeled data for classification tasks.
Advanced features extracted through deep
Features Basic features such as keyword | learning models, including word embeddings,
Used frequency, linguistic patterns, | contextual embeddings, attention mechanisms,
sentiment analysis, etc. etc.
Expected to achieve higher accuracy by learning
Accuracy May vary depending on the quality of | complex patterns and representations from
keyword lists and linguistic rules. data through deep learning models.
Can be limited by Performance could improve over time as the
Performance | comprehensiveness of the keyword lists | model learns from more data and fine-tuning of
and linguistic rules hyperparameters.
May be prone to noise and false | Robustness could improve with deep learning
Robustness | positives/negatives due to reliance on | models' ability to capture nuanced linguistic
static keyword lists. signals and adapt to different contexts.
Limited real-time processing | Real-time processing feasible with efficient
Real-time capabilities due to manual or rule-based | implementation of deep learning models,
Processing approaches. enabling timely interventions and support.
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Publishe by GAFTIM, https://gaftim.com



S. A. Feroze et al. International Journal on Technology, Innovation and Management (LJTIM) 4(1) -2024- 24

.Limited impact due to manual or rule-
Potential based approaches, primarily confined to
Impact research domains.

Could have significant societal impact by
providing early intervention and support to
individuals at risk of suicidal behavior,
potentially saving lives..

3.3 Research Gap and Problem Statement

The research gap lies in the insufficient attention
given to harnessing the combined power of natural
language processing (NLP) and deep learning to
accurately detect suicidal signals within the vast
expanse of tweets. While existing literature has
explored sentiment analysis and mental health
detection in social media data, the specific
identification of suicidal indicators remains largely
uncharted territory. Tweets, with their brevity and
informal language, present a unique challenge in
capturing the intricacies of suicidal ideation and
intent. Furthermore, ethical concerns surrounding
privacy invasion and the potential for false
positives require careful consideration.
Additionally, there is a dearth of research
addressing the generalizability of detection models
across diverse linguistic and demographic groups,
highlighting the need for comprehensive and
culturally sensitive approaches. Therefore, there
exists a notable research gap in developing robust
methodologies that leverage NLP and deep
learning techniques to unveil distress and
accurately identify suicidal signals within tweets,
while also addressing ethical considerations and
ensuring applicability across varied populations.
Consequently, the problem statement emerges:
there is an urgent need to develop robust
methodologies that leverage NLP and deep
learning to accurately unveil distress and identify
suicidal signals within tweets while simultaneously
addressing ethical concerns and ensuring the
applicability of the models across varied
populations

Therefore, this study aims to develop and evaluate
NLP and Deep Learning Models specifically tailored
for detecting Suicidal Signals in Tweets, while also

considering ethical implications and
generalizability across languages and
demographics

https.//doi.org/10.54489/ijtim.v4i1.366

3.4 Hypotheses and Research Model

Ho1: Utilizing Advanced NLP Techniques and Deep
Learning Algorithme can lead to the development
of a highly accurate model for identifying suicidal
signals within Tweets.

Ho2: The developed Model is anticipated to
demonstrate robustness and generalizability
across diverse linguistic and demographic groups.

Dataset
(Tweets)

Conversion of Random Data Pre-processing

G Text Pre- Tweet /Suicide ando

Encoding processing Column of

data-frame to
list

tweets from Tokenization &

throuah NLP)

(Text Normalization, Feature

the list Padding Sequence Extraction

Prediction of Representation
Model on Test of Accuracy &
Data (Random Loss Curve of

Tweets) DL in Graph

Evaluation DL Models

Model Applying Splitting of

Potential Nota
Suicide Suicide Database Test
Twest Tweet Integration Data

Figure 1: Research Model of a Proposed System

4. METHODOLOGY AND RESEARCH DESIGN

The designed methodology for unveiling distress
and harnessing NLP and Deep Learning to identify
suicidal signals in tweets can be structured as
follows:

4.1. Data Collection

In our research, acquiring high-quality and diverse
data is crucial for our models' effectiveness and
relevance. We've sourced datasets from 'Kaggle'
(kaggle.com/datasets/aunanya875/suicidal-
tweet-detection-dataset), that offer a
comprehensive perspective on a collection of
tweets as shown in Table II, each annotated to
indicate its relation to suicide. The main goal of this
dataset is to support the development and
assessment of Deep Learning Models and Natural
Language Processing Techniques for categorizing
Tweets based on whether they express Suicidal
Sentiments or Not.
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Table II : Data set containing Tweets

International Journal on Technology, Innovation and Management (LJTIM) 4(1) -2024- 25

Serial No Tweet Status

making some lunch Not Suicide post
0

@Alexia You want his money. Not Suicide post
1
2 @dizzyhrvy that crap took me forever | Potential Suicide post

to put to...
3 @jnaylor #kiwitweets Hey Jer! Since | Not Suicide post

when did y...

Trying out &quot;Delicious Library | Not Suicide post
4 2&quot; wit...

@ValenValdez Oh, that's good to hear. | Not Suicide post
5 But is i...

@mcm180 u've got a list for fellow | Not Suicide post
6 #hotties? Y...

4.2. One-Hot Encoding

In our proposed study, one-hot encoding plays a
pivotal role in converting textual data, such as
tweets, into a numerical format that are suitable for
input into Deep Learning Models, particularly in

represented in Sparse Binary Vectors, where each
word is uniquely encoded. This enables the Neural
Network to process the Tweet Data, to learn
patterns, and classify tweets into categories such as
'Suicidal’ or 'Non-Suicidal' as shown in Table III.

Neural Networks. As words in tweets are
Table III : One-Hot Encoding of a Tweet
S.No. | Tweet Suicide
0 making some lunch 0
1 @Alexia You want his money. 0
2 @dizzyhrvy that crap took me forever to put to 1
3 @jnaylor #kiwitweets Hey Jer! Since when did y... 0
4 Trying out &quot;Delicious Library 2&quot; wit... 0
5 @ValenValdez Oh, that's good to hear. But is i... 0

One-hot encoding further ensures that fixed-size
Input Vectors for Neural Networks and facilitates
the analysis of Tweets for identifying Distress
Signals.

https.//doi.org/10.54489/ijtim.v4i1.366

4.3. Text Pre-Processing

This is the initial step involve in the analysis of
Tweet Data Preprocessing to Clean and Format it
for further Analysis and Modeling. This begins with
segmenting the tweet data into two columns: one
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for the Tweet Content and another indicating
whether the tweet is related to Suicide or Not as
shown in Fig 2. This segmentation organizes the
data into a 'Class: List' format within a data frame.
Subsequently, the data is examined to classify
random tweets as either 'Potential Suicide' or 'Not
a Suicide' based on predefined criteria. This
process lays the groundwork for subsequent
Analysis and Modeling of the Tweet Data shown in
Fig 3.

*list" >
"list'>

<class
<class

Type is:
Type is:

Figure 2: Conversion of Data into a Class:List

Tueet is:

Potential Suicide(1)

I thought IZ2ve hated myself before but now i really truly hate myself so god damn much.

Figure 3: Checking Random Tweet from Class: List

4.4. Data Pre-Processing

After the initial pre-processing of Textual Data,
further Data Pre-processing is essential to prepare
Tweet Data for analysis using NLP and Deep
Learning Techniques. This involves a series of
steps including Textual Pre-processed Data
Collection, Text Cleaning, Tokenization,
Normalization, Stop-word Removal, Padding
Sequence, Encoding, Data Splitting, and Handling
Imbalanced Data. These steps collectively ensure
that the Tweet Data is Cleaned, Standardized, and
Transformed into a suitable format for subsequent
Analysis and Modeling, Enabling effective
utilization of NLP and DL Methodologies.

4.5. Feature Extraction

This step involves capturing of a relevant
information from tweet data to identify suicidal
signals effectively. Some key aspects in our design
methodology includes Linguistic Features, such as
Word Frequency and Syntactic Patterns, Semantic
Features using Word Embeddings and Sentiment
Analysis, Domain-specific Features like Keywords
related to Distress, and Techniques such as TF-IDF,
word N-grams, and Topic Modeling. By extracting
Diverse Features, the methodology aims to provide
Comprehensive Input to NLP and Deep Learning
Models, facilitating the identification of Distress or

https.//doi.org/10.54489/ijtim.v4i1.366
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Suicidal behavior in Tweets.

4.6. Model Architecture

a. NLP & Deep Learning Architecture
In the realm of unraveling distress signals within
the vast landscape of social media, Natural
Language Processing (NLP) architectures stand as
pivotal instruments. This Architectures are
meticulously crafted to decode the intricate
linguistic nuances present in Tweets, enabling the
identification of subtle cues indicative of Suicidal
Ideation.
Leveraging  sophisticated neural network
structures, such as convolutional neural networks
(CNNs) that excel in capturing local textual
features, it not only identify explicit linguistic cues
associated with suicidal ideation but also grasp
implicit subtleties embedded within the language,
but also thereby offering a more comprehensive
and nuanced approach to detecting distress in
tweets. Through iterative training and refinement,
these architectures continuously adapt to evolving
linguistic trends and user behaviors, offering a
robust framework for real-time detection of
distress signals in tweets.

b. Model Evaluation
The accuracy of a Deep Learning (DL) model in
detecting distress signals within social media
content is a critical aspect, dependent on various
factors such as the quality of training data, the
number of possible suicidal and non-suicidal
tweets utilized, and the threshold values for
classification. Higher quality training data tends to
yield greater accuracy.
In this particular case, after applying the DL Model,
the System achieves an  Accuracy of
0.9525139927864075 i.e. 95.25% shown in Fig 4.
This high accuracy signifies the Model's capability
to correctly identify tweets containing Suicidal
Signals while minimizing false positives.

[ ] - 05 3ns/step - loss: 0.1515 - accuracy: 0.9525
Test Loss: 0.1514628827571869
Test Accuracy: 0.9525139927864675

Figure 4: Model Evaluation Accuracy

By rigorously evaluating the performance of NLP
and Deep Learning Models, We can refine and
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enhance these Algorithms iteratively, leading to the

International Journal on Technology, Innovation and Management (LJTIM) 4(1) -2024- 27

Signals in Tweets as shown in Fig 5.

development of more effective and responsible
tools for identifying and addressing Distress

Figure 5: (a) Training vs. Validation Accuracy

accuracy

loss

—— training_accuracy
— val_BCCuracy

o s 10 15 20

epochs

— training_loss
— val_loss

(a)

4. DATA ANALYSIS
4.1 Application Areas
Table IV : Application Areas of Detection of Tweets in Social Media Platform

(b) Training vs. Validation Loss Accuracies

Table IV summarizes the current application areas
where this system is being utilized.

S. No.

Applications

Description

Sentiment Analysis

Analyzing the sentiment of social media posts, comments, and
interactions to understand public opinion, detect trends, and
gauge user satisfaction or dissatisfaction.

Topic Detection

Identifying and categorizing topics or themes discussed in social
media conversations, facilitating content discovery, trend
analysis, and targeted marketing campaigns.

Social Network Analysis

Analyzing the structure, dynamics, and interactions within
social networks to understand influence, connectivity, and
information diffusion patterns among users.

Emotion Detection

Detecting emotions expressed in social media posts and
comments to understand user sentiment, engagement levels,
and emotional responses to products or events.

Event Detection and

Tracking

Monitoring social media for real-time detection and tracking of
events, emergencies, and breaking news, enabling rapid
response, and crisis management.

Hate Speech Detection

Detecting and mitigating hate speech, harassment, and abusive
language in social media content to create safer and more
inclusive online communities.

Named Entity Recognition

Extracting named entities such as people, organizations,
locations, and events mentioned in social media posts for
information retrieval and targeted advertising.

Here, in Fig 6 down below, the occurrences of the
aforementioned Application Areas are depicted,
highlighting their relative utilization within the

system,

indicating  their

importance.

https.//doi.org/10.54489/ijtim.v4i1.366

significance

and
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Application Areas in terms
of a Social Media Platform

NAME ENTITY...

HATE SPEECH DETECTION
EVENTDETECTION &...
EMOTION DETECTION |
SOCIAL N/W ANALYSIS |
TOPICDETECTION |
SENTIMENT ANALYSIS |

0 5 10 15 20

Field/Total Areas

Figure 6: Graphical Representation of Diverse
Application Areas in Social Media Domain

4.2 Total Suicidal Ratio per Year using Social Media
Platform

Every year, the Total Suicidal Ratio is a poignant
indicator of the global mental health landscape,
reflecting the profound struggles faced by
individuals across diverse cultures and
circumstances. Through the lens of Twitter, a
platform often utilized for both expression and
outreach, the Total Suicidal Ratio per year
encapsulates a mosaic of narratives, from cries for
help to messages of resilience. These tweets form a
digital tapestry, revealing the intricate interplay of
societal factors, personal challenges, and mental
health awareness efforts. They serve as poignant
reminders of the importance of destigmatizing
mental health discussions and fostering supportive

communities worldwide shown in Fig 7.
WHO targets 10% cut in suicides by 2020

One person commits suicide every 40 seconds

= Suicides by age and

= Male/female ratio of suicide rates by age group
country income level

Total: 803,900 and country Income level

= High- = Low- and middle-
income income

1 I l
—— | =
514 1528 2049 s0-69 700
Sura: Wort Haat Organicason (2012 fures) are

Figure 7: World Wide Suicidal Rate by WHO till the Year
2020

ow- and
middie-inc:

ome
Total: 606,700 (76.5%)

Malelemale rato
v
———
—

% 5 6 70 8
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5. DISCUSSION ON THE RESULTS

"Unveiling Distress: Harnessing NLP and Deep
Learning to Identify Suicidal Signals in Tweets"
explores the intersection of artificial intelligence,
natural language processing (NLP), and deep
learning in the realm of mental health. With the
pervasive use of social media platforms like
Twitter, researchers are leveraging advanced
computational techniques to detect potential
suicidal signals embedded within users' tweets. It
is quite a Fast Approach in term of this Domain for
any Organization that are working on it and yet
increases the work efficiency.

The above results showcase the effectiveness of the
proposed methodology in accurately detecting
distress and suicidal signals in tweets. Through the
utilization of advanced NLP and Deep Learning
models, the study achieves High Accuracy, in
classifying tweets into categories such as 'suicidal’
or 'non-suicidal'. Fig 8 illustrate the Comparative
Bar Graph Ratio of State of Tweets between
Potential Suicide vs. Non Suicidal Tweet.

Bar graph of tweets class

1000 -

800 1

600

400 +

200

not suicide post potential suicide post

Figure 8: Total Ratio of State of Tweets: Potential
Suicide vs Not Suicide

In this research study, efforts have been made to
identify tweets as either 'suicidal’ or 'not suicidal'
and to automatically label them in real-time.
Various analysis functions, as outlined in the
Method Section of the research study, are being
generated for this purpose.

Initially, Textual data like Tweets undergo One-Hot
Encoding to convert them into a Numerical Format
suitable for Deep Learning Models. Following this,
a series of preprocessing steps are applied to clean
and format the tweets, segmenting them into two
parts: the tweet content and an indication of

Publishe by GAFTIM, https://gaftim.com
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whether it relates to suicide. This segmentation
organizes the data into a 'Class: List' format within
a data frame, facilitating further analysis and
modeling. Subsequently, the preprocessed textual
data undergo additional preprocessing stages
including Tokenization, Normalization, Stop-Word
Removal, Padding Sequence, Encoding, and Data
Splitting to Standardize the Data and prepare it for
Model Analysis.

Now by analyzing linguistic patterns, sentiment,
and context embedded within tweets, these
advanced DL Models can identify subtle cues
indicative of suicidal ideation or distress. Through
the extraction of key features such as the use of
negative language, expressions of hopelessness, or
mentions of self-harm, these Models can flag
concerning content for further intervention or
support.

As social media continues to play an integral role in
communication and  expression, thereby
harnessing the power of NLP and Deep Learning in
identifying suicidal signals represents a crucial
step forward in mental health surveillance and
intervention.

5.1 Model Prediction

In conclusion, the predictive model demonstrates
high performance, evidenced by its accuracy and
the confusion matrix, in categorizing tweets into
'suicidal' or 'non-suicidal' categories. Fig 9
illustrates the Model Prediction on Random Tweets
as either a Suicidal or Non-Suicidal.

[ ] userdef_tweet()

Enter a tweet: T you've ever been su suicidal, T hope this video helps you in any way. You..Are.Not.Alone.

Figure 9: Prediction of a Random Tweet as Potential
Suicide/Not a Suicide

5.2 WordCloud

The study involved analyzing a pre-processed
textual dataset to identify occurrences of suicidal
thoughts and assess differences in lexicon usage.
Researchers calculated the frequencies of
individual words (unigrams) in both suicidal and
non-suicidal tweets. The top 200 unigrams from
each category were selected using Python's
WordCloud visualization package to explore their

https.//doi.org/10.54489/ijtim.v4i1.366
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characteristics and their association with suicidal
thoughts.

The study conducted analyzed word clouds from
Fig 10 representing tweets categorized as
potentially suicidal and not suicidal, respectively.
Fig 10 displayed word clouds for both potentially
suicidal and not suicidal tweets. The analysis
revealed that suicidal tweets depicted terms such
as 'Fucks!’, 'shit’, 'hate’, 'pain’, T'm tired,’ and
'worthlessness’, along with negation phrases like
'don’t want', never', and 'nothing' whereas, non-
suicidal tweets often contained unigrams
expressing Happiness, Positive Attitudes, and
Emotions such as 'I'm happy', 'want fun', 'laugh
loud’, and 'beautiful feel'. Based on the word cloud
analysis in the system, it was determined to be
Non-Suicidal, as it contained wunigrams like
‘Forward’, ‘Great’, ‘New’, ‘already’, representing
and Positive

expressions of Happiness, Joy,
Attitudes etc.

forward

margﬂ1504

starting

Flgure 1 0: Word Cloudfor both Potentzal Suice & Not
Suicide Random Tweet

5.3 Comparative Analysis of Classifier Performance:
Accuracies, Precision, Recall, & F1-Scores compared
to Existing Méthodologies

The study conducted frequency analysis during an
experimental technique for detecting suicide
thoughts using Natural Language Processing (NLP)
and Deep Learning (DL) models. The researchers
employed word embedding on DL models and
utilized evaluation matrices to compare the
performance of both NLP and DL models after
training. A comparative analysis was then
conducted between an existing model and the
current performance of the classification model.
Table V presents a comparison of all classification
results for various classifiers based on the
evaluation matrices.
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Table V: Classifier Performance of (Curent & Existing) Models

Comparative Study
Model Name

Accuracy Precision F1-Score

Recall

Baseline Classifier 0.75 0.68 0.82 0.74
Conventional Approach 0.72 0.65 0.78 0.71
Traditional NLP Model 0.75 0.69 0.80 0.74
Current Proposed
Methodology (Unveiling
Distress) 0.949 0.91 0.95 0.93

6. CONCLUSION

In Conclusion, the study "Unveiling Distress"
showcases a significant breakthrough in digital
mental health interventions by utilizing advanced
NLP and Deep Learning to accurately detect
suicidal signals in tweets. This offers a valuable tool
for early intervention and highlights the potential
of technology to enhance suicide prevention efforts
while addressing ethical concerns. Integrating
these tools into mental health platforms could save
lives and promote well-being in the Digital Age.

o Recommendations

This Research Study represents a significant step
forward in leveraging technology for suicide
prevention efforts, several limitations and avenues
for future research should be acknowledged.
Firstly, the effectiveness of the models may vary
depending on the characteristics of the dataset
used for training, including the diversity of
languages, cultures, and demographics
represented. Future research could focus on
expanding the dataset to encompass a broader
range of populations and languages to improve the
models' generalizability.

Additionally, while the study addresses Ethical
considerations related to User Privacy and Data
Protection, further exploration of Ethical
Implications, such as Potential Biases in the Data or
unintended consequences of intervention
strategies, is warranted. Furthermore, the
Interpretability of the Models remains a challenge,
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as complex Deep Learning Architectures often
operate as black boxes, hindering the
understanding of how decisions are made.

Future research could explore methods for
improving Model Interpretability and
Transparency to enhance trust and acceptance
among stakeholders. Lastly, the scalability of the
methodology to real-world applications, such as
large-scale social media platforms, requires careful
consideration of computational resources and
infrastructure. Future research efforts should focus
on optimizing the methodology for deployment in
real-time settings, enabling timely intervention
and support for individuals in distress.

Despite these limitations, the methodology holds
promise for advancing suicide prevention efforts
through the proactive identification and support of
individuals at risk of suicide within online
communities. Continued research and
collaboration are essential to address these
challenges and realize the full potential of
technology in promoting mental well-being and
saving lives.
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