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Abstract- Early identification of suicidal intent on social media is vital for effective suicide prevention. This paper
proposes a robust system for detecting suicidal intent from Twitter data using a Support Vector Machine (SVM)
classifier as the core algorithmic component. The system pipeline includes text preprocessing, TF-IDF-based feature
extraction, sentiment score enrichment, and SVM-based binary classification. The SVM model with RBF kernel is
trained and evaluated on a labeled Twitter dataset, achieving an accuracy of 94.2%, precision of 92.5%, recall of
91.8%, and F1-Score of 93.3%. The proposed SVM-based approach offers a practical balance between classification
accuracy and computational efficiency, making it well-suited for real-time deployment in mental health monitoring
systems.
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I. INTRODUCTION

Suicide is a significant global public health concern,
accounting for hundreds of thousands of deaths
annually. Research consistently shows that
individuals in psychological distress frequently
express suicidal ideation on social media platforms
before seeking professional help. Platforms such as
Twitter have therefore emerged as valuable data
sources for early warning detection of at-risk
individuals [5], [7].

The volume of social media content makes manual
screening impractical. Automated machine learning
approaches are therefore essential for scalable, real-
time detection. Among supervised classification
algorithms, Support Vector Machine (SVM) has
consistently demonstrated strong performance on
high-dimensional text data, offering reliable
accuracy with low computational overhead [1], [8].

While deep learning models such as BERT and LSTM
achieve high accuracy, they require substantial
computational resources that limit their deployment
in real-time systems [11]. SVM, in contrast, provides
a computationally efficient alternative  with
competitive performance, especially when combined
with robust feature extraction techniques such as TF-
IDF and sentiment analysis.

This paper presents a suicidal intent detection

processes Twitter text through a structured
preprocessing and feature extraction pipeline before
applying the SVM model for binary classification. The
goal is to develop a lightweight, accurate, and
deployable tool to assist mental health professionals
in identifying at-risk individuals early.

Il. RELATED WORK

The application of machine learning to suicidal intent
detection has been widely studied. Coppersmith et
al. demonstrated that linguistic features from Twitter
can reliably indicate mental health conditions,
providing an early foundation for computational
approaches in this domain [5]. O'Dea et al.
subsequently validated the feasibility of automated
suicidality detection from social media, underscoring
its potential to support clinical professionals [7].

SVM has been among the most widely used
classifiers in text-based mental health detection.
Shrivastava and Bag demonstrated that SVM
combined with TF-IDF achieves strong results in
classifying suicidal ideation from social media text
[8]. Its effectiveness stems from its ability to find an
optimal hyperplane in high-dimensional feature
spaces, making it particularly well-suited for text
classification tasks [1].

have  shown  SVM

Comparative  studies

system built around an SVM classifier. The system outperforming Naive Bayes and Logistic Regression
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in suicidal ideation classification tasks. Albladi et al.
emphasized that feature engineering—particularly
preprocessing quality and TF-IDF weighting—has a
substantial impact on SVM performance [2]. Adding
sentiment features has been shown to further
improve detection accuracy by capturing the
emotional polarity inherent in distress-related posts.
Deep learning models including CNN, LSTM, and
BERT have also been applied to this problem. While
they offer improved contextual understanding, their
high computational requirements restrict their use in
real-time systems [11], [12]. Multimodal approaches
combining text with behavioral signals have shown
promise but add system complexity [9]. The SVM-
based approach therefore remains a practical and
competitive baseline for real-world deployment.

I1l. PROPOSED SYSTEM

A. System Overview

The proposed system detects suicidal intent from
Twitter data by applying a Support Vector Machine
(SVM) classifier to preprocessed and feature-
engineered text. The SVM algorithm forms the
decision-making core of the system. Input tweets are
cleaned, tokenized, transformed into TF-IDF vectors
enriched with sentiment scores, and classified by the
SVM model into suicidal or non-suicidal categories.

B. System Architecture

The architecture follows a modular, pipeline-based
design. The five core modules are: (1) Data Input —
raw tweet collection; (2) Preprocessing — noise
removal and text normalization; (3) Feature
Extraction — TF-IDF vectorization combined with
sentiment scores;

(4) SVM Classification — binary class prediction
using the trained SVM model; and (5) Output —
classification result for intervention or monitoring.
The pipeline is designed to be stateless and
horizontally scalable for real-time integration.

C. System Workflow

The workflow proceeds as follows: raw tweets are
ingested and passed through the preprocessing
module. The cleaned text is vectorized using TF-IDF,
and sentiment polarity scores are appended to the

feature vector. The combined feature vector is then
passed to the trained SVM classifier, which applies
the learned decision boundary to predict whether
the tweet exhibits suicidal intent. The prediction
output is returned for downstream use by mental
health monitoring applications.

D. Key Features
e SVM-Centric Design: SVM serves as the
primary classification engine, leveraging its

strength in high-dimensional text feature
spaces.

e TF-IDF Feature Extraction: Assigns term
weights based on local and corpus-level

frequency for discriminative representation.

e Sentiment Enrichment: Appends emotional
polarity scores to TF-IDF vectors to capture
affective signals of distress.

o Efficient Preprocessing: Removes noise,
performs tokenization, stop-word removal, and
lemmatization for clean input data.

¢ Real-Time Ready: Low computational overhead
enables deployment in live monitoring pipelines.

E. Advantages of the SVM-Based Approach
High Accuracy: Achieves 94.2% accuracy on the
Twitter suicidal intent dataset.

e Computational Efficiency: Significantly faster
training and inference compared to deep
learning models.

e Strong Generalization: RBF kernel captures
non-linear patterns without overfitting.

¢ Interpretability: SVM decision boundaries are
mathematically well-defined and analyzable.

¢ Modular Extensibility: Can be upgraded with
BERT or LSTM embeddings as input features in
future iterations.

IV. METHODOLOGY

The methodology is structured around four stages:
data preprocessing, feature extraction, SVM model
configuration, and evaluation. Each stage is designed
to maximize the effectiveness of the SVM classifier.

A. Data Preprocessing
Raw Twitter data contains substantial noise including
URLs, hashtags, mentions, emojis, and special



Vivek Nagargoje, International Journal of Science, Engineering and Technology,

2026, 14:3

characters. The preprocessing pipeline removes
these elements through text cleaning, followed by
tokenization into individual word tokens. Stop-word
removal eliminates semantically insignificant high-
frequency words. Lemmatization reduces tokens to
their base forms to ensure vocabulary consistency.
These steps are essential to produce clean input for
TF-IDF vectorization and SVM classification [2].

B. Feature Extraction (TF-IDF + Sentiment)

Text data is converted into numerical feature vectors
using Term Frequency-Inverse Document Frequency
(TF-IDF). TF-IDF weights each term by its frequency
in a document relative to its frequency across the full
corpus, highlighting discriminative vocabulary while
suppressing common terms [2]. A sentiment polarity
score computed using a lexicon-based method is
appended to each TF-IDF vector. Since suicidal
content is strongly associated with negative
sentiment and expressions of hopelessness, this
additional feature dimension improves the SVM
classifier's sensitivity to affective signals.

C. SVM Model Configuration

The Support Vector Machine (SVM) classifier is
configured with the Radial Basis Function (RBF)
kernel to handle non-linear separability in the
feature space. SVM constructs an optimal
hyperplane that maximizes the margin between
suicidal and non-suicidal classes. The RBF kernel
maps features into a higher-dimensional space,
enabling the model to capture complex patterns that
a linear kernel would miss [8]. Hyperparameter
tuning of the regularization parameter C and kernel
coefficient gamma is performed using cross-
validation to prevent overfitting.

D. Training and Evaluation

The labeled Twitter dataset is split into training (80%)
and testing (20%) subsets. The SVM model is trained
on the training set and evaluated on the held-out
test set. Performance is measured using Accuracy,
Precision, Recall, and F1-Score. Recall is prioritized as
the primary metric given the critical cost of false
negatives—missed suicidal cases—in mental health
detection applications.

V. RESULTS
The SVM classifier is evaluated on the preprocessed
and feature-engineered Twitter dataset.
Performance is assessed using standard

classification metrics across the 20% test split.

A. Performance Metrics

Accuracy measures the overall proportion of correct
predictions. Precision measures the fraction of
predicted positives that are true positives. Recall
measures the fraction of actual positives correctly
identified by the model. F1-Score is the harmonic
mean of Precision and Recall, providing a composite
quality measure.

B. Quantitative Results

The SVM model performance is summarized in Table

l.

TABLE I: SVM MODEL PERFORMANCE ON TWITTER
SUICIDAL INTENT DATASET

Metric Value (%0)
Accuracy 94.2
Precision 925
Recall 91.8
F1-Score 93.3

The SVM model achieves an accuracy of 94.2%,
demonstrating effective binary classification of
suicidal and non-suicidal tweets. The precision of
92.5% indicates a low false positive rate, while the
recall of 91.8% confirms the model's strong ability to
detect true suicidal instances. The F1-Score of 93.3%
reflects a well-balanced trade-off between precision
and recall, validating the suitability of the SVM
algorithm for this task.

C. Confusion Matrix Analysis

The confusion matrix further validates model
reliability. True Positives (TP) are tweets correctly
identified as suicidal; True Negatives (TN) are
correctly identified non-suicidal tweets; False
Positives (FP) are non-suicidal tweets misclassified as
suicidal; and False Negatives (FN) are missed suicidal
tweets. The SVM model yields a low FN count, which
is critical in a mental health context where missing a
high-risk individual carries serious consequences.
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D. Comparison with Other Classifiers

The SVM model is benchmarked against Naive Bayes
and Logistic Regression classifiers using identical
preprocessing and feature extraction pipelines. SVM

achieves the highest accuracy at 94.2%,
outperforming both alternatives. Naive Bayes
performs adequately but assumes feature
independence, limiting its effectiveness on

correlated text features. Logistic Regression provides
a competitive baseline but lacks the margin-
maximization property of SVM. These results confirm
that SVM with RBF kernel is the most effective
classifier for this task among the evaluated models.
While transformer-based models such as BERT may
achieve higher accuracy in some settings, SVM offers
a superior balance between performance and
computational cost for real-time deployment.

IV. CONCLUSION

This paper presents a suicidal intent detection
system centered on the Support Vector Machine
(SVM) algorithm. The system combines a structured
preprocessing pipeline, TF-IDF feature extraction,
and sentiment score enrichment to produce
informative feature vectors, which are then classified
by an SVM model with RBF kernel.

The experimental results confirm that the SVM
classifier achieves an accuracy of 94.2% with well-
balanced precision and recall, outperforming Naive
Bayes and Logistic Regression on the same pipeline.
The system demonstrates the effectiveness of SVM
in handling high-dimensional text data for sensitive
classification tasks.

The key strength of the proposed system lies in the
SVM algorithm's computational efficiency and
strong generalization capability, —making it
deployable in real-time mental health monitoring
environments. Future work will explore incorporating
deep learning embeddings as SVM input features
and extending the system to multi-class severity
level prediction.
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