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individuals and to facilitate early intervention. Social media websites are also a popular

medium for the expression of feelings like distress and suicide, and therefore detection with

Keywords: the support of automation is the starting point towards monitoring mental health. The article

Suicide  Detection Twitter employs an open-source collection of 9,119 pre-processed tweets that are labelled as suicidal

Machine Learning, NLP, TF-IDF,
Mental Health

or non-suicidal, removing special characters, emails, and tokenization to give the data clean-
liness. Text data were numerically represented using TF-IDF vectorization in which unigram
and bigram features were preserved in order to facilitate correct training of the model. Four
supervised models, including Logistic Regression, Naive Bayes, Decision Tree, and Linear
Support Vector Classifier (Linear SVC), were trained on 80% of data and evaluated on 20%
of data using accuracy, precision, recall, and FI-score measures. Confusion matrices were
calculated to determine true positives, false positives, and other outcomes of the classifica-
tions across all models, and a straightforward demo prediction was added to test tweets to
illustrate real-world application. Among models tested, Linear SVC performed best overall at
92%, followed by the Logistic Regression model, then the Naive Bayes and the Decision Tree
model with lower though still superior performance. Ethical concerns were noted, including
anonymization, privacy, and handling sensitive data. The study presents a reproducible and
Jfeasible method for auto-detection of suicidal tweets from Twitter and proves the effectiveness
of NLP and machine learning methods in supporting mental health interventions, reducing

harm, and facilitating timely intervention of vulnerable groups.




1.0 INTRODUCTION

- Social networking platforms have become an essential part of

modern communication, where people actively share their
thoughts, emotions, and daily life experiences. Among these
platforms, Twitter is widely used for posting short, emotional-
ly expressive messages that often reflect personal struggles,
distress, and in some cases, suicidal ideation (Kitchen et al.,
2025). While social media provides opportunities for commu-
nication and emotional support, it can also reveal hidden
psychological distress signals. If these signals are not identi-
fied in time, they may lead to severe outcomes such as
self-harm or suicide. Therefore, early detection of suicidal
intent from social media content is an important and timely
research area with significant real-world impact. Suicide is a
major global public health problem and accounts for a large
number of preventable deaths every year. Traditional suicide
prevention approaches such as clinical interviews, coun-
seling, and helplines depend heavily on self-reporting and
direct human interaction, which may not always be available
or accessible for at-risk individuals (Kim et al., 2025). In
contrast, social media platforms generate massive amounts of
user-created data that can be analyzed using computational
methods. This opens new opportunities to complement

traditional approaches with automated detection systems.

Recent advancements in Machine Learning (ML) and Natural
Language Processing (NLP) have shown strong potential in
analyzing textual data for mental health applications. NLP
techniques such as tokenization, TF-IDF vectorization, and
n-gram modeling convert unstructured text into structured
numerical representations suitable for machine learning
models. These features allow algorithms to identify patterns
associated with suicidal ideation. Commonly used classifiers
such as Logistic Regression, Naive Bayes, Decision Trees,
and Support Vector Machines have been successfully applied
in sentiment analysis, cyberbullying detection, and mental
health prediction tasks. These computational approaches
provide scalable and cost-effective solutions for identifying
at-risk individuals from social media data (Belouali et al.,
2025). Despite these advantages, several challenges still exist.
Social media language is highly informal and includes slang,
abbreviations, emojis, and irregular sentence structures,
which make text processing difficult. Tweets are often very
short and may lack sufficient context, making accurate
interpretation challenging.
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es such as user privacy, informed

consent, and responsible handling of sensitive data are

extremely important in this domain. Without proper
safeguards, automated systems may lead to misclassification
or misuse of personal information. Therefore, strong data
preprocessing, anonymization, and secure handling mecha-

nisms are necessary.

The main motivation of this study is to develop a reliable and
reproducible framework for detecting suicidal intent from
tweets using machine learning and NLP techniques. This
research contributes to existing work by evaluating multiple
classification models, comparing their performance, and
demonstrating their applicability in real-world scenarios
(Hussen et al., 2026). Using a publicly available dataset of
suicidal and non-suicidal tweets, the study investigates how
different models perform in terms of accuracy, precision,
recall, and Fl-score, and how preprocessing and feature
extraction affect classification results. The problem addressed
in this research is the automatic detection of suicidal ideation
from short social media text. Specifically, the study focuses
on identifying which machine learning model performs best
for this task, how preprocessing and feature engineering
impact model performance, and what ethical considerations
must be taken into account when deploying such systems in
real-world environments.

The objectives of this study are as follows: (1) to preprocess
and clean Twitter data by removing noise such as special
characters, URLs, and irrelevant content while preserving
meaningful information; (2) to extract textual features using
TF-IDF and n-gram techniques for numerical representation;
(3) to train and evaluate multiple supervised machine learning
models including Logistic Regression, Naive Bayes, Decision
Tree, and Linear Support Vector Classifier (LinearSVC); (4)
to analyze model performance using evaluation metrics such
as accuracy, precision, recall, F1-score, and confusion matrix;
and (5) to address ethical concerns including privacy protec-
tion, data anonymization, and responsible use of automated
detection systems (Mamun et al., 2025). The scope of this
study is limited to English-language tweets with binary
classification labels (suicidal and non-suicidal). It does not
include other social media platforms, multimodal data such as
images or videos, or long-form text analysis.




Additionally, the model is intended for ¢
_

preventive purposes rather than clinical d13gn051s Any
real-world application must involve collaboration with
mental health professionals to ensure ethical and safe usage.
In summary, this introduction highlights the importance of
suicide detection from social media, outlines the research
motivation, problem statement, objectives, and limitations,
and establishes a foundation for the subsequent sections of the
study, including methodology, experiments, and results
analysis in the field of computational mental health.

2.0 LITERATURE REVIEW

Suicidality detection from social media is an emerging
research area due to the high prevalence of mental health
issues and the extensive use of platforms such as Twitter,
Facebook, and Instagram. Literature shows that individuals
often express distress, hopelessness, and suicidal thoughts
through tweets and posts, providing opportunities for compu-
tational techniques to identify vulnerable users. Automated
systems attempt to utilize these signals for early intervention,
offering scalable support alongside traditional mental health
screening (Hsin et al., 2025). Natural Language Processing
(NLP) plays a key role in processing social media text by
converting unstructured data into structured features for
machine learning models. Common preprocessing steps
include tokenization, removal of special characters, stopword
removal, and text normalization through lowercasing or
stemming. TF-IDF vectorization is widely used to measure
word importance in a corpus, while n-gram models capture
sequential word context. These techniques transform text into
a format suitable for identifying suicidal ideation patterns.
Machine learning models are widely used for suicidal and
non-suicidal classification (Abdelmoteleb, Ghallab, & IsHak,
2025).

Logistic Regression provides an efficient binary classification
method with interpretable coefficients reflecting feature
importance (Sreevalsan-Nair et al., 2025). Naive Bayes is
simple and effective for text classification but assumes
feature independence. Decision Trees enable hierarchical
decision- making and capture non-linear relationships,
though they may overfit if not properly controlled (Lestandy
et al., 2025). Linear Support Vector Classifier (LinearSVC)
performs well in high-dimensional text space by separating
classes using hyperplanes.

varies depending on preprocessing,
feature representatlon and dataset characteristics, making
careful model selection necessary. Evaluation metrics are
essential for assessing model performance. Accuracy meas-
ures overall correctness, precision evaluates correctly identi-
fied suicidal posts, recall measures detection of actual suicid-
al posts, and F1-score balances precision and recall. Confu-
sion matrices provide detailed insight into true positives, false
positives, true negatives, and false negatives for error analy-
sis.
Model explainability is also important in mental health appli-

cations to ensure predictions are interpretable and reliable.

Social media language is highly informal, containing slang,
abbreviations, emoticons, and irregular grammar, which
makes traditional NLP processing difficult. Tweets are often
short and lack context, and their meaning may depend on
external or prior information. In addition, labeled datasets are
often limited or biased, which may affect model performance.
Ethical issues such as privacy, consent, and responsible data
handling are critical in this domain and require careful
consideration. Further challenges include cross-platform
generalization and the need for multimodal analysis involving
text, images, or videos. Feature extraction techniques such as
sentiment analysis, part-of-speech tagging, and keyword
extraction help detect implicit emotional cues. Ensemble
methods combining multiple classifiers have shown strong
performance in improving precision-recall balance. Real-time
monitoring systems have also been developed for continuous
analysis of social media streams for early intervention.
Integration of automated systems with professional mental
health support is increasingly recognized as a useful
approach, enabling early detection while maintaining ethical
standards and user confidentiality.

Overall, existing literature confirms that suicide detection
through social media is a complex task enabled by NLP and
machine learning techniques. Models such as Logistic
Regression, Naive Bayes, Decision Trees, and LinearSVC are
commonly used, with performance evaluated using precision,
recall, F1-score, and confusion matrices. However, challeng-
es such as informal language, contextual dependency, imbal-
anced datasets, and ethical concerns still remain. Addressing
these issues requires the development of standardized,
interpretable, and ethical frameworks for large-scale mental

health intervention. This review serves as the foundation
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for the next sections of the research, including

ration, methodology, and model evaluation for suicida tweet

detection.

3.0 DATASET DESCRIPTION AND ETHICAL ISSUES
The dataset used in this research consists of publicly available
English tweets collected from Twitter for suicidal ideation
detection. Twitter is widely used for expressing emotions and
personal experiences, making it a suitable platform for
analyzing mental health-related text data. The dataset
contains a total of 9,119 tweets, labeled into two categories:
suicidal (1) and non-suicidal (0). It includes 3,998 suicidal
tweets and 5,121 non-suicidal tweets, ensuring a balanced
distribution for supervised learning. Data collection followed
ethical guidelines for publicly available social media
research. Tweets were gathered using keyword-based search-
ing related to suicidal behavior and mental health expres-
sions. Only public posts were included, while private or
protected content was excluded to respect user privacy and
consent. Personally identifiable information such as user IDs
was removed to ensure anonymity. Preprocessing was applied
to clean and normalize the text data. Unnecessary elements
such as URLs, email addresses, punctuation, and special
characters were removed to reduce noise. All text was
converted to lowercase, and tokenization was performed to
split sentences into individual words. Stopwords were
retained selectively to preserve emotional and contextual
meaning relevant to suicidal expression. TF-IDF vectoriza-
tion was then applied to convert text into numerical feature
representations. Additionally, unigram and bigram features
were used to capture contextual word patterns in short social
media text.

Ethical considerations were strictly followed throughout the
dataset preparation. All data was anonymized, and no attempt
was made to identify users. The dataset was used only for
research purposes, and sensitive content was handled careful-
ly. It is important to note that the dataset is intended for
computational analysis only and not for clinical diagnosis.
Proper evaluation metrics such as precision, recall, F1-score,
and confusion matrices were used to ensure reliable and
responsible model assessment. Figure 1: illustrates the class
distribution of the dataset, showing the number of suicidal (1)
versus non-suicidal (0) tweets used for model training and

evaluation
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Figure 1: Class Distribution Plot

4.0 METHODOLOGY

The proposed methodology consists of a sequence of interde-
pendent steps, including data preprocessing, feature extrac-
tion, train-test splitting, model training, and evaluation. These
steps are designed to ensure efficiency, accuracy, and repro-
ducibility in detecting suicidal ideation from Twitter data
(Werdin & Wyss, 2024).

4.1 Data Pre-processing

Data preprocessing is a fundamental stage in handling raw
and noisy social media text. Twitter data is highly unstruc-
tured and often contains irrelevant or redundant elements that
can negatively affect model performance. Therefore, the
dataset was carefully cleaned by removing URLs, email
addresses, user mentions, punctuation marks, and special
characters. These elements do not contribute to semantic
meaning and may introduce noise during feature extraction.
All text was converted into lowercase to ensure uniformity
and reduce redundancy caused by case sensitivity. Tokeniza-
tion was then applied to split each sentence into individual
words, making the text suitable for numerical transformation.
Because social media language is highly informal, additional
preprocessing considerations were required. This includes
handling slang terms, abbreviations, and repeated characters
commonly found in tweets. Stopword handling was
performed selectively. While traditional NLP pipelines often
remove stopwords, this study retained certain words when
they contributed to emotional or contextual meaning. For
example, words that help express intensity or emotional state
were preserved when relevant to suicidal ideation detection.
The final output of this stage was a clean, normalized, and
structured dataset ready for feature extraction.




 Feature Extraction

~_After preprocessing, the textual data was

numerical form using TF-IDF (Term Frequency— Inverse
Document Frequency). TF-IDF is a widely used technique in
text classification that assigns higher weights to words that
are important within a document while reducing the influence
of frequently occurring common words across the dataset
(Liao et al., 2024). This ensures that meaningful terms related
to suicidal ideation receive higher importance in the model.
To enhance contextual understanding, both unigram and
bigram features were used. Unigrams capture individual
words, while bigrams capture pairs of consecutive words.
This is important because suicidal expressions often appear in
phrases rather than isolated words. For example, phrases such

MG

as “feel hopeless,” “want die,” or “no reason live” carry
stronger meaning than single words alone. The final feature
space was limited to 5,000 dimensions to maintain a balance
between performance and computational efficiency. This
dimensionality reduction helps reduce overfitting while
preserving the most informative linguistic patterns (Ivey-Ste-
phenson, 2024). The resulting feature matrix serves as input

for machine learning models.

4.3 Model Selection and Training

Four supervised machine learning models were selected for
classification: Logistic Regression, Naive Bayes, Decision
Tree, and Linear Support Vector Classifier (LinearSVC).
These models were chosen to represent different learning
paradigms, including probabilistic, linear, and tree-based
approaches. Logistic Regression is a linear model used for
binary classification. It is simple, efficient, and provides
interpretable results by estimating the probability of class
membership. [t performs well with sparse text data generated
from TF-IDF features. Naive Bayes is a probabilistic classifi-
er based on Bayes’ theorem. It assumes feature independence
and is widely used in text classification due to its speed and
effectiveness. Despite its simplicity, it often performs well in
high-dimensional datasets. Decision Tree is a non-linear
model that splits data into subsets based on feature condi-
tions. It can capture complex relationships between features
but is prone to overfitting. To prevent this, constraints such as
maximum depth were applied during training. LinearSVCis a
Support Vector Machine-based classifier that performs well
in high-dimensional spaces. It finds an optimal hyperplane
that separates classes with maximum margin. It is particularly
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« rse text data and is known for strong perfor-
mance in classification tasks involving TF-IDF representa-
tions. All models were trained using the processed dataset
with appropriate hyperparameter tuning to improve perfor-
mance. The training process focused on maximizing predic-
tive accuracy while maintaining generalization ability and

avoiding overfitting.

4.4 Train-Test Split
The dataset was divided into training and testing sets using an

80:20 ratios. The training set was used to build and optimize
the models, while the testing set was used to evaluate their
performance on unseen data. This ensures unbiased evalua-
tion and measures how well the model generalizes to new
inputs. Stratified sampling was applied during splitting to
maintain equal representation of suicidal and non-suicidal
classes in both sets. This is important because class imbalance
can lead to biased models that favor the majority class. Strati-

fication ensures fair evaluation across both categories.

4.5 Evaluation Metrics
Model performance was assessed using standard evaluation

metrics: accuracy, precision, recall, and Fl-score. Accuracy
measures the overall proportion of correct predictions. Preci-
sion evaluates the proportion of correctly identified suicidal
tweets among all tweets predicted as suicidal. Recall meas-
ures the ability of the model to correctly identify all actual
suicidal tweets. Fl-score provides a balanced measure
between precision and recall. In addition, confusion matrices
were used to analyze model predictions in detail. They
provide a breakdown of true positives, false positives, true
negatives, and false negatives. This helps in understanding
classification errors and identifying areas for improvement in
model performance. Overall, this methodology integrates
preprocessing, feature extraction, multiple machine learning
models, structured data splitting, and comprehensive evalua-
tion techniques to build a reliable framework for suicidal

ideation detection from social media text.

5.0 RESULTS AND DISCUSSION
This section evaluates the effectiveness of supervised

machine learning techniques in classifying suicidal tweet

content. Four models Logistic Regression, Naive Bayes,

Decision Tree, and
7\




r Support Vector Classifier (LinearSVC

‘on an 80% data split and validated on the remaining 2

su'engths for real-world mental health surveillance.

performance was quantified using accuracy, precision,

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
LinearSVC 92.16 91.68 89.39 90.52
Logistic Regression | 90.68 93.29 83.77 88.27
Naive Bayes 88.93 85.03 89.27 87.09
Decision Tree 88.05 89.35 80.76 84.83

5.1 Model Performance Comparison

As shown in Table 1, performance varied significantly across
the different classification paradigms. While accuracy
provides a general overview, the precision- recall trade-off is
more critical in the context of sensitive suicidal content detec-

tion.

Table 1: Comparative Performance Metrics for Suicidal
Intent Detection

5.2 Analytical Insights

vbtions:

« Linear SVC: Achieved the highest overall performance.
Its high recall (89.39%) and precision (91.68%)
indicate that it is equally adept at identifying genuine suicidal
posts while minimizing false alarms. This stability
makes it the most suitable model for high-dimensional
TF-IDF feature spaces.

« Logistic Regression: Demonstrated the highest precision
(93.29%). However, its lower recall (83.77%)

suggests a "cautious" classification approach, which reduces
false positives but increases the risk of missing

vulnerable individuals.

. Naive Bayes: While maintaining a strong recall (89.27%),
it suffered from poor precision (85.03%). This

indicates a tendency to over-predict suicidal intent, which
could lead to high false-alarm rates in monitoring

systems.

« Decision Tree: Although inherently interpretable, this model
showed the poorest recall (80.76%). Its struggle

with sparse, high-dimensional data often leads to under-esti-
mating high-risk cases, making it less reliable for

this specific dataset.

The confusion matrices further confirmed these patterns,
highlighting how LinearSVC successfully balances the sensi-
tivity-specificity trade-off compared to the over-estimation

seen in Naive Bayes or the under-estimation in Decision Trees.

Figure 2: illustrates a bar chart comparing model perfor-
mance metrics such as Accuracy, Precision, Recall, and

F1-score for all four classifiers.

Madel Performance Compariscn
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Figure 2: Model Performance Comparison Bar Chart




5.3 Predictive Analysis £
Additional testing of test tweet model performance once m

reveals true performance. For instance, the setence "I feel so
hopeless and want to give up" was rightly classified as suicid-
al (1) by Logistic Regression, Naive Bayes, and LinearSVC
but wrongly classified as non-suicidal (0) by Decision Tree.
On the other hand, a case of a non-suicidal positive sample
such as "I am having a good day, everything is wonderful!"
was correctly identified as non-suicidal (0) by all except
Decision Tree, which performed steadily but dropped in
sensitivity. That deviation indicates that linear models (Line-
arSVC and Logistic Regression) are better under the sparsity
of high-dimensional text data created through TF-IDF vector-
ization. Probabilistic nature of Naive Bayes ensures it to
obtain very high recall but could over-predict and sensitivity
and specificity will have to be sacrificed. Decision Trees,
although explainable and non-linear pattern detection
enabled, could have a little lower performance on sparse and
high-dimensional data prevalent in short social media

updates.

Figure 3: illustrates sample tweet predictions, displaying
example tweets with their predicted labels (0 for non-suicidal,

1 for suicidal) generated by the trained models.

Figure 3: Demo Predictions Screenshot

5.4 Error Analysis

Error analysis provides important insights into the limitations
and improvement areas of the models. False negatives
(suicidal posts classified as non-suicidal) are the most critical
errors because they may delay necessary intervention.
LinearSVC and Logistic Regression produced fewer false
negatives compared to other models, although no model
completely eliminated them. False positives were more
common in Naive Bayes, which may lead to unnecessary
alerts or concern. Misclassifications mainly occurred in
tweets with vague expressions, sarcasm, or implicit emotional

distress. Very short tweets with limited context were also
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difficult to classify correctly. In some cases, cultural expres-
sions and idiomatic language further reduced accuracy. These
results suggest that richer contextual understanding, such as
embeddings or transformer-based models, could improve

performance in future work.

6.0 KEY INSIGHTS

The results highlight that LinearSVC provides the best
balance between precision and recall, making it suitable for
monitoring systems. Naive Bayes performs well in recall but
increases false positives, while Decision Tree offers interpret-
ability but lower stability. This shows a clear trade-off
between performance and interpretability. TF-IDF
representation and proper text cleaning significantly improve
classification performance. Stratified train-test splitting also
ensures fair evaluation by maintaining class balance. Finally,
ethical responsibility is essentialwhen interpreting results.
These models should support mental health analysis, not
replace clinical diagnosis. Misclassifications must be handled
carefully, and results should always be used with human

oversight and professional support.

6.1 Practical Implications

The findings suggest that LinearSVC and similar models can
be integrated into early warning systems for detecting suicid-
al content in social media. However, combining automated
systems with human review is necessary to ensure both
accuracy and ethical safety. Continuous improvement using

error feedback can further enhance system performance.

6.2 Case Study

A simple case study was conducted using sample tweets to
evaluate model behavior. Two tweets were selected: “I feel so
hopeless and want to give up” (suicidal) and “I am having a
great day, everything is awesome!” (non-suicidal). After
preprocessing and TF-IDF transformation, all models were
tested. Logistic Regression, Naive Bayes, and LinearSVC
correctly classified both tweets. However, Decision Tree
misclassified the suicidal tweet, showing limitations in
handling sparse text data. This comparison shows that linear
and probabilistic models are more reliable for such tasks,

while Decision Trees may struggle with contextual meaning.




, Ethical Issues
Ethical considerations are essential in this re

'Only publicly available data was used, and all personal identi-

fiers were removed during preprocessing to ensure anonymity
and privacy. The model outputs are not clinical diagnoses and
should not be treated as final judgments. Misclassifications
may have serious consequences, so results must be interpret-
ed carefully. These systems are designed to support mental
health professionals, not replace them. Due to the informal
and ambiguous nature of social media language, models may
still misinterpret slang, sarcasm, or emotional expressions.
Therefore, human supervision, ethical deployment, and
continuous monitoring are necessary to ensure safe and

responsible use of automated suicide detection systems.

7.0 CONCLUSION
This study presents an end-to-end framework for suicidal

tweet detection using text preprocessing, TF-IDF feature
extraction, and supervised machine learning models. Four
classifiers Logistic Regression, Naive Bayes, Decision Tree,
and LinearSVC were evaluated using accuracy, precision,
recall, Fl-score, and confusion matrix analysis. Among the
models, LinearSVC achieved the best performance due to its
effectiveness in handling high-dimensional sparse text data
and maintaining a strong balance between precision and
recall. Logistic Regression also showed stable and interpreta-
ble results, making it suitable for binary classification tasks.
Naive Bayes performed well in identifying suicidal cases
with higher recall but produced more false positives. Decision
Tree provided interpretability but was less stable compared to
linear models. Overall, the study demonstrates a structured
and effective approach for classifying suicidal content in

social media text.
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