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1- Deep Learning-Based Depression Detection from Social Media: Comparative Evaluation of ML and Transformer Techniques.
https://scholar.google.com/scholar?q=%22Deep+Learning-Based+Depression+Detection+from+Social+Media%3A+Comparative+Evaluation+of+ML+and+Transformer+Techniques%22

Bokolo and Liu [1] proposed a comparative framework for detecting depression from social media tweets using both traditional Machine Learning (ML) and transformer-based models. The experiments were conducted on the publicly available Sentiment140 dataset, which originally contains approximately 1.6 million English tweets collected for sentiment analysis. Since the dataset was not designed for depression detection, the authors re-labeled the tweets using a polarity-based algorithm. After this process, 632,000 tweets were retained for the experiments. Before model training, the data underwent preprocessing, feature selection, and label encoding. Term Frequency–Inverse Document Frequency (TF-IDF) was used to represent textual features for the traditional ML models, whereas the transformer-based models were fine-tuned using the prepared tweet dataset. The evaluated models included Logistic Regression, Bernoulli Naïve Bayes, Random Forest, DistilBERT, SqueezeBERT, DeBERTa, and RoBERTa. Model performance was assessed using accuracy, precision, recall, and F1-score, together with 10-fold cross-validation. The experimental results showed that RoBERTa achieved the highest performance, with an accuracy of 0.981 and a mean cross-validation accuracy of approximately 0.97, outperforming the other evaluated models. The study concluded that transformer-based approaches are highly effective for identifying depression-related linguistic patterns in social media posts and can support the early detection of mental health risks.
2- A Hybrid Deep Learning Model for Predicting Depression Symptoms from Large-Scale Textual Dataset
https://ieeexplore.ieee.org/document/10750787
Almutairi et al. [2] proposed a hybrid Deep Learning (DL) model for predicting depression symptoms from large-scale textual data. The study focused on the early detection of depression using text-based questions posted by young users on a publicly accessible online platform. The experiments were conducted using textual datasets collected from Twitter, Facebook, and the SMILE Twitter Emotion Dataset, including approximately 4,000 depressive tweets, 7,000 social media instances, and additional non-depression samples. Before model training, the data underwent several preprocessing steps, including data cleaning, normalization, tokenization, lemmatization, and stop-word removal. Word2Vec embeddings and one-hot encoding were employed to represent depression-related features derived from symptom indicators identified by medical and psychological experts. The proposed framework combined Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM), an enhanced Two-State Long Short-Term Memory (TS-LSTM), and an attention mechanism to improve feature extraction and capture contextual relationships within the text. The proposed model was evaluated against conventional approaches. The experimental results showed that the hybrid model achieved 97.23% accuracy, 98.57% precision, 97.13% recall, 97.84% F1-score, and 97.93% specificity, outperforming the baseline models. The study concluded that integrating CNN, TS-LSTM, and attention mechanisms provides an effective approach for predicting depression symptoms from large-scale social media text and can support early mental health risk detection.
3- Stress Detection from Social Media Articles: New Dataset Benchmark and Analytical Study.
https://scholar.google.com/scholar?q=%22Stress+Detection+from+Social+Media+Articles%3A+New+Dataset+Benchmark+and+Analytical+Study%22

Rastogi et al. [3] proposed a benchmark framework for detecting stress from social media text using traditional and transformer-based language models. The study used four publicly available datasets collected from Reddit and Twitter, namely Reddit Title, Reddit Combi, Twitter Full, and Twitter Non-Advert. These datasets contain stress-positive and stress-negative posts and are available through the official SenticNet GitHub repository and its Kaggle mirror. Before model training, the data underwent preprocessing and automated annotation to prepare the textual content for classification. The study evaluated lexicon-based, embedding-based, and transformer-based approaches. The evaluated models included SenticNet, SO-CAL, AFINN, TensiStrength, VADER, SentiWordNet, FastText, GloVe, Word2Vec, RoBERTa, and DistilBERT. Model performance was assessed using accuracy and F1-score. The experimental results showed that DistilBERT, without text summarization, achieved the best performance on the Reddit Title dataset, with 98.20% accuracy and 98.15% F1-score. The study concluded that transformer-based models are more effective than lexicon-based and embedding-based methods for stress detection in social media text.

4- Schizophrenia Detection Using Machine Learning Approach from Social Media Content
https://www.mdpi.com/1424-8220/21/17/5924
Bae et al. [4] proposed a ML approach for detecting schizophrenia from social media posts using Reddit data. The study used posts collected from the r/schizophrenia subreddit and six non-mental health subreddits, including fitness, jokes, meditation, parenting, relationships, and teaching, as the control group. The final dataset contained 13,156 schizophrenia posts and 247,569 control posts collected between September 2016 and September 2020. Before model training, the data underwent several preprocessing steps, including lowercasing, tokenization, punctuation and number removal, stop-word removal, lemmatization, and stemming using Natural Language Toolkit (NLTK). The study employed Linguistic Inquiry and Word Count (LIWC) features, Latent Dirichlet Allocation (LDA) topic distributions, and TF-IDF for feature representation. Four supervised ML algorithms were evaluated, including Support Vector Machine (SVM), Logistic Regression, Naïve Bayes, and Random Forest. The dataset was balanced and split into 80% training and 20% testing sets, while 10-fold cross-validation was used for hyperparameter tuning. Model performance was assessed using accuracy, precision, recall, F1-score, and the Area Under the Receiver Operating Characteristic Curve (AUC). The experimental results showed that Random Forest achieved the best performance with 96% accuracy, 98% precision, 94% recall, 96% F1-score, and an AUC of 0.97. The study concluded that combining ML and Natural Language Processing (NLP) techniques can effectively identify schizophrenia-related linguistic patterns from Reddit posts and may support the early detection of individuals at risk.
5 – A machine learning approach predicts future risk to suicidal ideation from social media data
https://www.nature.com/articles/s41746-020-0287-6
Roy et al. [5] proposed a ML framework named Suicide Artificial Intelligence Prediction Heuristic (SAIPH) to predict the future risk of suicidal ideation from Twitter data. The study used public Twitter posts collected from users with suicidal ideation and a control group. The training dataset contained 512,526 tweets from 283 suicidal ideation cases and 3,518,494 tweets from 2,655 control users. An independent validation dataset included 277 suicidal ideators and 3,159 control events. The proposed framework employed neural networks to estimate psychological constructs, including stress, loneliness, hopelessness, insomnia, depression, anxiety, and burden. These outputs were used as input features for a Random Forest classifier to predict suicidal ideation risk. Model performance was assessed using AUC and temporal prediction analysis. The experimental results showed that SAIPH achieved an AUC of 0.88 and successfully identified periods of elevated suicide risk. Peak prediction scores indicated an approximately seven-fold increase in the likelihood of suicidal ideation within the following 10 days. The study concluded that longitudinal analysis of Twitter posts using ML can support the early identification and continuous monitoring of individuals at risk of suicidal ideation.
6- Stress detection using natural language processing and machine learning over social interactions
https://link.springer.com/article/10.1186/s40537-022-00575-6
Rastogi et al. [6] proposed a ML and DL framework for stress detection from social media interactions using NLP techniques. The study used two publicly available Twitter datasets. The first dataset contained 100,042 tweets labeled as positive or negative for binary sentiment classification. The second dataset included 7,934 tweets labeled into five emotion categories: joy, sadness, neutral, anger, and fear. Before model training, the data underwent several preprocessing steps, including tokenization, removing unwanted patterns, stop-word removal, and stemming. The study employed Bag-of-Words (BoW) for feature representation and applied LDA for topic modeling. Several ML and DL models were evaluated, including Logistic Regression, Decision Tree, Random Forest, VADER, and a fine-tuned Bidirectional Encoder Representations from Transformers (BERT) model for emotion classification. Model performance was assessed using accuracy and F1-score. The experimental results showed that Random Forest achieved the highest performance for binary sentiment classification with 97.78% accuracy, while the BERT model achieved 94% accuracy and an 83% macro F1-score for five-class emotion classification. The study concluded that integrating NLP techniques, topic modeling, ML, and BERT-based emotion analysis provides an effective approach for detecting stress from social media text.



7- Machine learning-based proactive social-sensor service for mental health monitoring using twitter data
https://www.sciencedirect.com/science/article/pii/S2667096822000568
Sharma et al. [7] proposed a proactive social-sensor framework for monitoring mental health using Twitter data. The study treated each Twitter user as a social sensor and analyzed historical tweets to support the early detection of mental illness. The authors collected 2,138 initial tweets related to six mental health conditions, including depression, bipolar disorder, Alzheimer's disease, dementia, schizophrenia, and Asperger's syndrome. They then retrieved 979,466 historical tweets from 600 users over a six-month period. After filtering inactive users and outliers, the final dataset contained 479 users, including 356 users with mental health-related content and 123 control users. The data underwent detailed preprocessing using regular expressions. This process included removing usernames, URLs, special characters, repeated letters, acronyms, and spelling errors. The study employed TextBlob to calculate sentiment polarity and generated two derived datasets: the User Summary dataset and the User Weekly Negativity dataset. Several models were evaluated, including SVM, Random Forest, Dense Neural Network (DNN), and multiple LSTM architectures. The data were split into 70% training and 30% testing sets using stratification. The experimental results showed that the DNN achieved the highest test accuracy of 84.31%. The single-layer LSTM with dropout achieved 82.92%, while the SVM achieved 73.43%. The study concluded that historical sentiment patterns extracted from Twitter posts can support proactive mental health monitoring and the early identification of users at risk.

8- Early depression detection in social media based on deep learning and underlying emotions
https://www.sciencedirect.com/science/article/abs/pii/S2468696422000283
Figuerêdo et al. [8] proposed a DL method for the early detection of depression from social media posts. The proposed framework combined CNN with context-independent word embeddings and employed both Early Fusion and Late Fusion strategies to integrate multiple textual representations. The study used the eRisk 2017 dataset, which contains chronologically ordered English posts collected from Reddit users. The dataset included 887 users, comprising 135 depressive users and 752 non-depressive users. Each user contributed up to 2,000 posts containing the title, publication date, and textual content. Before model training, the title and text fields were concatenated, and several pre-trained word embeddings were evaluated for feature representation. The authors also introduced a semantic mapping approach for emoticons to preserve emotional information contained in users' posts. The experimental results showed that the proposed framework achieved a precision of 0.76. Semantic emoticon mapping improved recall and precision by up to 46.3% and 32.1%, respectively. Compared with the baseline embedding approach, recall increased by 14.5%, while precision improved by 40.8%. The study concluded that integrating CNN, embedding-fusion strategies, and emoticon-based semantic information can improve the early detection of depression from social media posts.
9- A hybrid deep learning approach for depression prediction from user tweets using feature-rich CNN and bi-directional LSTM
https://link.springer.com/article/10.1007/s11042-022-12648-y
Kumar et al. [9] proposed a hybrid DL model for predicting depression from Twitter posts. The proposed framework combined a feature-rich CNN with a Bidirectional Long Short-Term Memory (BiLSTM) network. The CNN extracted local semantic features, whereas the BiLSTM captured contextual information in both forward and backward directions. The study used a benchmark Twitter dataset divided into three subsets: D1, D2, and D3. D1 contained 292,564 tweets from 1,402 depressed users. D2 represented non-depressed users, whereas D3 contained 36,993 depression-candidate users and more than 35 million tweets. The experiments focused on D1 and D2, using 2,558 samples from D1 and 5,304 samples from D2. Before model training, the data underwent several preprocessing steps, including removing usernames, hashtags, URLs, numbers, duplicate records, missing values, emojis, stop words, and extra spaces. Stemming, tokenization, sequence padding, and word embeddings were also employed. The proposed CNN-BiLSTM model was compared with CNN, RNN, and other baseline approaches. Model performance was assessed using accuracy, precision, recall, F1-score, specificity, and AUC. The experimental results showed that the CNN-BiLSTM model achieved the best performance with 94.28% accuracy, 96.99% precision, 94.78% F1-score, 96.35% specificity, and an AUC of 95.43%. The study concluded that combining CNN-based feature extraction with bidirectional sequence learning improves depression prediction from Twitter text.






	Paper
	All Models
	Datasets
	Dataset Link 
	Limitation 
	Best model
	results

	Bokolo 
and Liu
[1]

	Logistic Regression, Bernoulli Naive Bayes, Random Forest, DistilBERT, SqueezeBERT, DeBERTa, RoBERTa

	Sentiment140 Twitter Dataset; 632,000 tweets were repurposed and re-labeled for depression detection.

	https://www.kaggle.com/datasets/kazanova/sentiment140


Sentiment140 official dataset / Kaggle mirror

	
	


The dataset was originally designed for sentiment analysis, not clinical depression diagnosis. Depression labels were inferred from negative sentiment and polarity-based relabeling, so negative sentiment may not always indicate depression. The study is also limited to English tweets.
	RoBERTa
	Accuracy = 0.981; Mean Accuracy = 0.97 across 10-fold cross-validation

	Almutairi et al [2]
	
	


CNN, LSTM, Two-State LSTM, CNN-LSTM with Attention Mechanism

	
	


Large-scale textual dataset from a publicly accessible online platform for young people

	https://www.kaggle.com/datasets/infamouscoder/mental-health-social-media

	Dataset source is limited to text questions from young users; generalizability to other platforms such as Twitter or Reddit may require further validation.
	



	
	


Proposed Hybrid CNN + Attention-based TS-LSTM

	Accuracy = 97.23%; Precision = 98.57%; Recall = 97.13%; F1-score = 97.84%; Specificity = 97.93%


	Rastogi [3]
	SenticNet, SO-CAL, AFINN, TensiStrength, VADER, SentiWordNet, FastText, GloVe, Word2Vec, RoBERTa, DistilBERT
	Stress Detection from Social Media Articles; Reddit and Twitter datasets for stress-positive and stress-negative classification
	https://www.kaggle.com/datasets/mexwell/stress-detection-from-social-media-articles
GitHub official dataset / Kaggle mirror
	The task focuses on stress detection rather than direct clinical diagnosis of depression or mental illness. Twitter posts are shorter and noisier than Reddit posts.
	DistilBERT
	Accuracy = 98.20%; F1-score = 98.15%

	Bae et al. [4]
	SVM, Logistic Regression, Naive Bayes, Random Forest
	Reddit posts: r/schizophrenia + control subreddits: fitness, jokes, meditation, parenting, relationships, teaching. Final dataset: 13,156 schizophrenia posts and 247,569 control posts
	Dataset available from the corresponding author upon reasonable request. Code: GitHub repository mentioned in the paper
	No clinical diagnosis confirmation for Reddit users; limited to Reddit; traditional ML only, not deep learning
	Random Forest
	Accuracy 96%, Precision 98%, Recall 94%, F1-score 96%, AUC 0.97

	Roy et al. [5]
	
	


Neural Networks, SVM, Random Forest, Sentiment Analysis
	Twitter data: 512,526 tweets from 283 SI cases and 3,518,494 tweets from 2,655 controls; validation on 277 suicidal ideators and 3,159 control events
	Not publicly available due to Twitter data-sharing policies
	Limited to Twitter; code not public; outcome based on expression of suicidal ideation on social media; limited demographic data
	SAIPH: Neural Networks + Random Forest
	AUC = 0.88; temporal prediction showed ~7-fold increased risk within 10 days

	Rastogi et al. [6]
	
	


Logistic Regression, Decision Tree, Random Forest, Vader, LDA, BERT

	Sentiment dataset: 100,042 tweets; Emotion dataset: 7,934 tweets with joy, sadness, neutral, anger, fear labels
	Sentiment Analysis dataset: IEEE Data Port. Emotion dataset: data. World “Detecting Emotions in Text”
	Does not directly diagnose clinical stress; stress is inferred from sentiment/emotion; limited to tweet text; future work suggests adding health parameters
	Random Forest for sentiment; BERT for emotion classification
	Random Forest accuracy = 97.78%; BERT accuracy = 94%; BERT macro F1-score = 83%

	Sharma et al. [7]

	



	SVM, Random Forest, Single Dense Neural Network, Single-Layer LSTM, Single-Layer LSTM with Dropout, Double-Layer LSTM, Double-Layer LSTM with Dropout

	Twitter dataset. Initial set: 2,138 mental-health-related tweets. Historical set: 979,466 tweets from 600 users. Final analysis: 479 users, including 356 positive cases and 123 controls.
	No public dataset link was provided. The authors created their own dataset using Twitter Search API and a custom crawler.

	Small user-level sample; labels were based on self-reported posts and majority voting rather than clinical diagnosis; dataset was imbalanced; limited to Twitter; sentiment analysis may be affected by sarcasm, slang, and regional language.

	Single Dense Neural Network

	Accuracy = 84.31%. Single-Layer LSTM with Dropout = 82.92%. SVM = 73.43%


	Figueredo et al. [8]
	CNN, individual pre-trained word embeddings, Early Fusion, Late Fusion, semantic emoticon mapping

	eRisk 2017 Reddit dataset: 887 users, including 135 depressive and 752 non-depressive users; chronologically ordered English posts, with up to 2,000 posts per user.

	eRisk research collection; access is generally controlled through the eRisk organizers and may require a data-use agreement. No unrestricted direct download link was provided in the paper.

	Labels are based on social media evidence rather than direct clinical assessment; data are limited to Reddit and English; the dataset is imbalanced; results may depend on emoticon usage; ethical and privacy concerns limit data access.

	CNN with fusion-based word embeddings and semantic emoticon mapping

	Precision = 0.76; recall improvement up to 46.3%; precision improvement up to 32.1%; compared with baseline embeddings, recall gain = 14.5% and precision gain = 40.8%


	Kumar et al. [9]
	CNN, RNN, BiLSTM, CNN-BiLSTM, baseline ML/DL approaches
	Twitter benchmark dataset derived from Shen et al. [54]. D1: 292,564 tweets from 1,402 depressed users. D2: non-depressed Twitter users. D3: 36,993 depression-candidate users and more than 35 million tweets. Experiments used D1 and D2 with 2,558 and 5,304 samples.

	The paper cites the benchmark dataset source in Shen et al. [54], but does not provide a direct public download link in the supplied text.

	Limited to English Twitter text; labels depend on self-reported depression patterns rather than confirmed clinical diagnosis; emojis and non-English content were removed; dataset description is partly inconsistent because very large raw collections were reduced to smaller experimental samples.

	CNN-BiLSTM

	Accuracy = 94.28%, Precision = 96.99%, F1-score = 94.78%, Specificity = 96.35%, AUC = 95.43%
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1. RETRACTED: Innovative Use of Self-Attention-Based Ensemble Deep Learning for Suicide Risk Detection in Social Media Posts

Suk [1] proposed an ensemble deep learning model named LSTM-Attention-BiTCN, which integrates Long Short-Term Memory (LSTM), Bidirectional Temporal Convolutional Networks (BiTCN), and a self-attention mechanism to detect suicidal ideation from social media posts. The model was evaluated using a publicly available Reddit dataset collected from the Suicide Watch subreddit, containing 232,074 posts, including 116,037 suicidal and 116,037 non-suicidal posts collected between December 2008 and January 2021. Several preprocessing techniques were applied, including removing punctuation, URLs, hashtags, mentions, stop words, converting text to lowercase, and tokenization using NLTK. The study employed pre-trained GloVe word embeddings with 300-dimensional vectors for feature representation. The proposed model was compared with several baseline models, including KNN, Random Forest, Decision Tree, Gradient Boost, XGBoost, Logistic Regression, CNN, BiLSTM, LSTM, and LSTM-CNN. The experimental results demonstrated that the proposed model achieved the best performance with 94.05% accuracy, 93.85% precision, 94.24% recall, and a 94.05% F1-score, outperforming both traditional machine learning and deep learning methods. The study concluded that the proposed ensemble model can effectively detect suicidal ideation from social media text and may assist healthcare professionals in early mental health intervention

References
RETRACTED: Innovative Use of Self-Attention-Based Ensemble Deep Learning for Suicide Risk Detection in Social Media Posts. 2024

RETRACTED: Innovative Use of Self-Attention-Based Ensemble Deep Learning for Suicide Risk Detection in Social Media Posts

2. An ensemble deep learning technique for detecting suicidal ideation from posts in social media platforms


{2} Renjith et al proposed an ensemble deep learning model (LSTM–Attention–CNN) for detecting suicidal ideation from social media posts. The model combines Long Short-Term Memory (LSTM), an Attention Mechanism, and Convolutional Neural Networks (CNN) to improve the identification of suicidal content. Social media textual data were used for model evaluation. Natural Language Processing (NLP) techniques were applied to extract textual and behavioral features from users’ posts. Different preprocessing steps were performed, including text cleaning and feature extraction. The proposed LSTM–Attention–CNN model achieved the best performance, reaching an accuracy of 90.3% and an F1-score of 92.6%, outperforming the baseline machine learning and deep learning models used for comparison. [arxiv.org], [arxiv.org]
References
{2}  Renjith, Shini, Annie Abraham, Surya B. Jyothi, Lekshmi Chandran, and Jincy Thomson. “An Ensemble Deep Learning Technique for Detecting Suicidal Ideation from Posts in Social Media Platforms.” Journal of King 
An ensemble deep learning technique for detecting suicidal ideation from posts in social media platforms - ScienceDirect



3. Detecting suicidality on social media: Machine learning at rescue

{3} Rabani et al. proposed an Enhanced Feature Engineering Approach for Suicidal Risk Identification (EFASRI) to detect different levels of suicidality from social media posts. The study utilized a novel dataset collected from Twitter and Reddit platforms. Various Natural Language Processing (NLP) and feature engineering techniques were employed to extract informative textual features associated with suicidal behavior. Three machine learning classifiers, namely Support Vector Machine (SVM), Random Forest (RF), and Extreme Gradient Boosting (XGB), were evaluated for multi-class suicidal risk classification. The proposed EFASRI framework demonstrated superior performance compared with traditional feature extraction approaches. Among the evaluated models, XGBoost (XGB) achieved the highest performance with an overall accuracy of 96.33%, indicating the effectiveness of the proposed feature engineering method for early identification of suicidal risk from social media content. 

Reference
{3} Rabani, Syed Tanzeel, Akib Mohi Ud Din Khanday, Qamar Rayees Khan, Umar Ayoub Hajam, Ali Shariq Imran, and Zenun Kastrati.“Detecting Suicidality on Social Media: Machine Learning at Rescue.” Egyptian Informatics Journal, vol. 24, no. 2, 2023, pp. 291–302. https://doi.org/10.1016/j.eij.2023.04.003



4. Depression Detection Using Social Media Posts 
Bokolo and Liu [1] proposed a transformer-based deep learning framework for detecting depression from social media posts. The study utilized approximately 632,000 tweets collected from Twitter and evaluated several machine learning and transformer models, including DistilBERT, SqueezeBERT, DeBERTa, and RoBERTa. The proposed approach demonstrated that the RoBERTa model achieved superior performance compared with traditional machine learning methods such as Logistic Regression, Random Forest, and Naïve Bayes. The experimental results showed that RoBERTa achieved an accuracy of 98.1% and a mean cross-validation accuracy of 97%, highlighting its effectiveness for early depression detection from social media data. 
Reference 
[1] Bokolo, B. G., & Liu, Q. (2023). Deep Learning-Based Depression Detection from Social Media: Comparative Evaluation of ML and Transformer Techniques. Electronics, 12(21), 4396. 
 
Deep Learning-Based Depression Detection from Social Media: Comparative Evaluation of ML and Transformer Techniques 
5.. Suicide Ideation Detection on Reddit 
Hasan and Saquer [2] conducted a comparative study of transformer-based and LSTM-based deep learning models for detecting suicidal ideation in Reddit posts. The authors evaluated BERT, RoBERTa, DistilBERT, ALBERT, ELECTRA, and several attention-enhanced LSTM architectures using a large Reddit dataset collected from suicide-related communities. The results demonstrated that transformer models outperformed traditional recurrent networks. Among all evaluated models, RoBERTa achieved the best performance with 93.22% accuracy and an F1-score of 93.14%, while an attention-based LSTM using BERT embeddings achieved 92.65% accuracy and 92.69% F1-score. 
Reference 
[2] Hasan, K., & Saquer, J. (2024). A Comparative Analysis of Transformer and LSTM Models for Detecting Suicidal Ideation on Reddit. Proceedings of ICMLA 2024. 
 
A Comparative Analysis of Transformer and LSTM Models for Detecting Suicidal Ideation on Reddit | IEEE Conference Publication | IEEE Xplore 
 
6. Depression Severity Detection Using Transformer Models 
Qasim et al. [3] proposed a transformer-based approach for classifying depression severity from Reddit social media posts. The framework combined Sentence Transformers with advanced transformer architectures to categorize users into mild, moderate, and severe depression levels. The proposed model effectively captured contextual and emotional information embedded in social media text and outperformed conventional content-based approaches. Experimental results demonstrated robust classification performance, showing the suitability of transformer-based deep learning models for automated mental health assessment and early intervention systems. 
Reference 
[3] Qasim, A., Mehak, G., Hussain, N., Gelbukh, A., & Sidorov, G. (2025). Detection of Depression Severity in Social Media Text Using Transformer-Based Models. Information, 16(2), 114. 
Detection of Depression Severity in Social Media Text Using Transformer-Based Models 

	Paper
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	Dataset
	Dataset Link
	Best Model
	Results

	RETRACTED: Innovative Use of Self-Attention-Based Ensemble Deep Learning for Suicide Risk Detection in Social Media Posts (2024)
	KNN, Random Forest, Decision Tree, Gradient Boost, XGBoost, Logistic Regression, CNN, BiLSTM, LSTM, LSTM-CNN, LSTM-Attention-BiTCN
	Reddit Suicide Watch Dataset (232,074 posts: 116,037 suicidal, 116,037 non-suicidal)
	https://www.reddit.com/r/SuicideWatch/
	LSTM-Attention-BiTCN
	Accuracy = 94.05%, 

	An Ensemble Deep Learning Technique for Detecting Suicidal Ideation from Posts in Social Media Platforms (Renjith et al.)
	Machine Learning baselines, Deep Learning baselines, LSTM-Attention-CNN
	Social media posts dataset
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	LSTM-Attention-CNN
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Suicidal ideation detection from social media is an evolving research with great challenges. Many of the
people who have the tendency to suicide share their thoughts and opinions through social media plat-
forms. As part of many researches it is observed that the publicly available posts from social media con-
tain valuable criteria to effectively detect individuals with suicidal thoughts. The most difficult part to
prevent suicide is to detect and understand the complex risk factors and warning signs that may lead
to suicide. This can be achieved by identifying the sudden changes in a user’s behavior automatically.
Natural language processing techniques can be used to collect behavioral and textual features from social
media interactions and these features can be passed to a specially designed framework to detect anoma-
lies in human interactions that are indicators of suicidal intentions. We can achieve fast detection of sui-
cidal ideation using deep learning and/or machine learning based classification approaches. For such a
purpose, we can employ the combination of LSTM and CNN models to detect such emotions from posts
of the users. In order to improve the accuracy, some approaches like using more data for training, using
attention model to improve the efficiency of existing models etc. could be done. This paper proposes a
LSTM-Attention-CNN combined model to analyze social media submissions to detect any underlying sui-
cidal intentions. During evaluations, the proposed model demonstrated an accuracy of 90.3% and an F1-
score of 92.6%, which is greater than the baseline models.
� 2021 The Authors. Published by Elsevier B.V. on behalf of King Saud University. This is an open access


article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction


The idea of suicide is considered as a susceptibility to end one’s
life mainly because of depression, with a high concentration with
self-delusion. On the report of the World Health Organization
(WHO), it is shown that every year around 800,000 people die of
suicide with at least as many suicide attempts. Suicide is the sec-
ond emerging cause of death among the younger generation with
a suicide rate of 10.5 per 100,000 people (World Health
Organization, 2018).


According to some studies (Saxena et al., 2015), (i) Health fac-
tors (e.g., mental health, chronic pain), (ii) Historical Factors (e.g.,

previous suicide attempts, family history), and (iii) Environmental
Factors (e.g., stressful life events, harassment) are the three major
risk factors of suicide. Besides, the time period preceding a suicide
can hold clues to an individual’s struggle. In accordance with some
studies, most of the people with suicidal tendency do not attempt
suicide. For example, Klonsky et al. (Klonsky and May, 2014) sus-
pect that most of the frequently cited risk factors like frustration,
stress, depression etc. related to suicide are the predictors of sui-
cide ideation and not the progression from ideation to attempt.
Nevertheless, Pompili et al. (Pompili et al., 2014) says that suicide
ideator and suicide attempter are similar to ‘‘several variables
assumed to be risk factors of suicidal behavior”. In countries which
are members of WHO, early detection of suicide ideation has been
developed and implemented as a national suicide prevention strat-
egy (World Health Organization, 2018).


Over the past few years, it is seen that social media has been a
powerful ‘‘window” for the mental health and well-being of the
users, mostly the youths. Mental health related forums along with
social media have become a leading study area in Computational
Linguistics. It gives a valuable exploration for the development of
new technological improvements and approaches that can bring
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a difference in suicide detection and further to prevent suicidal
risks (Marks, 2019). We propose to use this means to detect users
who have suicidal ideation using various deep learning techniques.
Apart from conventional text classification techniques, deep learn-
ing techniques have made further development in the domain of
Pattern Recognition and Computer Vision. While Machine Learning
has its own drawbacks, neural networks based on vector represen-
tations can bring out better outcomes on several Natural Language
Processing (NLP) tasks (Yang et al., 2018). We intend to explore the
capabilities of Long Short Term Memory (LSTM), Convolutional
Neural Network (CNN), Attention Layer and their combined model.
We hope that this immense quantity of data on people’s thoughts,
opinions, feelings etc. can help in early detection of suicidal posts
and thus may even prevent deaths.


The main objectives of this work are:


1. To predict the posts that are suicidal based on Human Behavior
– The model predicts about the posts based on the words or
sentences written by human beings


2. To increase the accuracy of the prediction – The model predicts
on each post with more accuracy since we employ an attention
model which focuses on the important aspects from the
obtained information along with LSTM and CNN combined
model.


The major contributions of this work include:


1. Suicide ideation detection using LSTM-attention-CNN model.
2. Reads posts of specific users and determines whether the user is


suicidal
3. Predictions of suicidal tendency of user is determined by ana-


lyzing posts giving importance to new posts but also taking into
account old posts.


This paper is constructed as follows: Section 2 covers the
related papers on suicide detection on social media. Section 3
explains the data collection process and how the dataset is modi-
fied for this project. Section 4 specifies the proposed model and
Section 5 elaborates the methodology used and describes each
approach adopted in the proposed model. It also mentions the
additional modifications and/or steps involved. Section 6 focuses
on experimental results which includes data analysis results and
classification result analysis. Finally, Section 7 provides the conclu-
sion and also mentions the directions for future work.

2. Literature review


In recent years, a large number of attempts were made to high-
light the influencing potential of social media on suicide ideation.
One such experiment is Facebook Social Media for Depression
Detection in the Thai Community (Katchapakirin et al., 2018). This
paper provides a tool to detect depression on Facebook, to psycho-
logically assess and build a depression detection algorithm in Thai
language by applying Natural Language Processing Techniques.
Depressive signs were drawn out by using the user’s behavior on
Facebook which includes the user’s interaction with others, num-
ber of posts, the day and time of posting and the user’s privacy
settings.


For the study, they selected over the internet, Facebook users,
aged over 18 years and who were prepared to distribute their
micro blogs for depression research. Thirty five of the selected
users were divided by the Thai Mental Health Questionnaire
(TMHQ) into two groups of which twenty two were classified as
depressed and thirteen as non-depressed. They collected 1105
posts and extracted the attributes. Several Machine Learning
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(ML) algorithms like Random Forest (RF) (Donges, 2019), Deep
Learning (DL) algorithms (Shrestha and Mahmood, 2019) and Sup-
port Vector Machine (SVM) (Zhang, 2012) were applied. For SVM
Algorithm, the dimension of the gathered data was too small, that
they were not able to divide the training set and test set as conven-
tional validation without the loss of significant modeling. The eval-
uation of the model prediction performance was done using the
eight-cross validation. The SVM model had an accuracy that was
slightly greater than that of the majority vote which formed the
baseline for evaluation.


For Random Forest Algorithm, to get a better insight, they used
RapidMiner which is a Data Science software platform that gives
an integrated environment for the techniques like machine learn-
ing, text mining, data preparation, deep learning, etc. The accuracy
of this model was much better compared to the SVM model. For
Deep Learning Algorithm, the sentiment polarity was broken down
into two different groups – the complete set of posts with positive
emotions and the complete set of posts with negative emotions.
This prediction had confidence of about 62.64%. The most signifi-
cant assistance for this prediction was from the negative senti-
ment. They found that people who posted without using any
emoticon on negative sentimental micro blogs and also with the
privacy set to ‘only me’ were found to be suffering from depression.
On the contrary, those users who regularly forwarded others’ posts,
shared their memory, tagged friends, and actively posted from 6
AM to 12 AM, were possibly not suffering from depression. The
accuracy of this model was slightly better compared to the other
2 models.


These experiments showed that depression can be predicted by
analyzing the user’s pattern on Facebook in the form of activities
and messages. As Facebook has limitations to get the personal
details of users, the method for getting consent became more com-
plicated. So, the sample used in this research is comparatively little
and the conclusions obtained from the research may not incorpo-
rate every important factor. Some errors might occur, since for ana-
lyzing the process, the language-related characteristics should be
translated from Thai to English, because of which certain crucial
sentiment polar terms might be cut out in the translation
operation.


Jiahui Gao, Qijin Cheng, and Philip L. H. Yu introduced a model
to detect YouTube comments showing risk for suicide (Gao et al.,
2018). In this paper, YouTube comments belonging to Cantonese
language (a mixture of traditional Chinese spoken in Hong Kong
and English) are checked to see if they show any suicidal risk or
not. Here they have made use of a single comment from a person
to detect if he has any suicidal tendency rather than a series of
comments belonging to a person, which is usually taken. A Deep
Learning method is used for this purpose, and they have intro-
duced focal loss in addition to resampling to solve the imbalance
present in the dataset (non-risk comments were much greater).
The dataset consisted of 5051 comments of which 251 were at-
risk comments and 4800 were non-risk comments. They experi-
mented in two ways, by making the dataset balanced and then
training the model and by training the model with imbalanced
data. For a balanced dataset, the cross-entropy loss was used and
focal loss for an unbalanced dataset. In order to address the class
imbalance, the loss, that is allocated to the well-classified data, is
down weighted using the focal loss. It has parameters to adjust
the importance of suicidal and non-suicidal inputs as well as hard
and easy examples. Geometric mean was used as the performance
measure.


The models were designed in two ways. In the first case, the
dataset after being balanced (set A) was used to train the classifiers
SVM, RF, AdaBoost (Chengsheng et al., 2017) and LSTM (Hochreiter
and Schmidhuber, 1997) (in two ways, using seed filter and
without using it) in which LSTM with no seed filter performed
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better with a g-mean of 84.3%. In the second case, the raw dataset
without being balanced (Set B) was selected for training the LSTM
model with seed filter and focal loss as the loss function which
achieved a g-mean of 84.5%. This paper shows the increased per-
formance of LSTM than other Machine Learning techniques with
sequential data. Focal loss was also introduced which dealt with
the imbalance dataset. But since the YouTube comments were in
the Cantonese language, there was difficulty in analyzing it which
reduced the accuracy of the model.


There is another study, Detection of Suicidal Intent in Spanish
Language Social Networks using Machine Learning where its aim
is to detect suicidal intention posts by Spanish speaking people
(Valeriano et al., 2020). In order to implement this study, they
had created a new dataset in Spanish language using twitter API
obtaining a total of 100,000 posts out of which a dataset of 2068
text sentences were obtained that was annotated by humans. It
was seen that 24% of the dataset was annotated as suicidal and
76% as non-suicidal. On this dataset they have performed some
of the pre-processing steps like Removal of URLs, special character
and numbers, Tokenization, Anonymization of tweets that contain
names and Removal of stop words and have converted to text vec-
tor representation using TF-IDF, Word Embedding and Word2vec-
Mean for Sentence Embeddings.


They used the Classification algorithms like Support Vector
Machine (SVM) and Logistic Regression (LR) (Maalouf, 2011) and
both were compared. Since there were unbalanced categories of
suicidal and non-suicidal posts, they randomly took 500 non-
suicidal posts from the 76% of the non-suicidal posts making it bal-
anced. After training the model they got an accuracy of 79% of
Logistic Regression and 74% for Support Vector Machine. Since
the dataset contains less data for training, the accuracy is not as
high as it is for English language.


Another important work in this area is on Detecting Suicidal
Ideation on Reddit (Aladağ et al., 2018). In this paper; publicly
available Reddit posts were used as the dataset. Posts from subred-
dits like Suicide Watch, Depression, Anxiety, and Shower Thoughts
posted between September 2008 and October 2016 were down-
loaded, using Google Cloud BigQuery. Majority of the users on
Subreddit are depressed and thinking about attempting suicide.
Random posts from all Subreddits were selected and then manu-
ally annotated. The model is trained with random forest, ZeroR,
logistic regression and SVM.


This research aims at building a model that detects long pas-
sages and blog posts that contains suicidal fantasies through text
mining methods to help the administration from preventing poten-
tial suicide attempts. Results shows that it is possible to detect
people thinking about suicide and provide them with appropriate
support. Applying this type of suicidal related posts detection
model can save thousands of lives if it is carried out properly.


An automated model for analyzing and estimating the suicidal
risk of a person from that person’s social media data was proposed
in ’Natural Language Processing of social media as screening for
suicide risk’ (Coppersmith et al., 2018). The model aims to improve
the existing screening methods for suicide risk found in the present
health care system. The dataset was derived from two main
sources, one from OurDataHelps.org users who willingly donated
their digital data from wearables, social media platforms and other
technologies, and also a set donated posthumously after their sui-
cide by their loved ones and another set from users on social media
who publicly discuss their past suicide attempts. A user with the
gender and age (nearly) same as that of each user who attempted
suicide was found to serve as a control user. The data is restricted
to only contain posts from suicidal users 6 months prior to their
suicide attempt and the final data contains 197,615 posts of users
who attempt suicide in the next 6 months, and 197,615 posts from
the corresponding controls.
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This model uses pretrained GloVe embedding whose result is
processed by a bi-directional LSTM (Brownlee, 2017). The output
from each layer is then combined produce a single vector using
skip connections into a self-attention layer (Hore and Chatterjee,
2019). A linear layer with a SoftMax function predicts the probabil-
ity of the user being suicidal. 10-fold cross-validation across pairs
of users were used to evaluate the classification performance. The
model was optimized to detect trait-level risk for suicide, as
opposed to state-level that is more related to a short period of risk.
The model had limitations when we consider its dataset. The data
is derived predominantly from females of the age group 18 to 24.
Though results show that it works reasonably well for males
belonging to a similar age group, there is not sufficient evidence
to evaluate the performance from other age groups. The data
mainly contains posts from users who have survived through their
attempts so it may not accurately reflect the people who would die
by suicide.


In the paper, Exploring and Learning Suicidal Ideation Connota-
tions on Social Media with Deep Learning (Sawhney et al., 2018),
Deep Learning models like LSTM, Vanilla RNN (Liu et al., 2016),
and C-LSTM (CNN and LSTM combined model) (Zhou et al., 2015)
were compared which are used to detect suicidal posts. For this
purpose, the data was collected from Suicide web forums, user
posts from the micro-blogging websites, Tumblr, and Reddit and
also tweets were retrieved by Twitter REST API. The final dataset
consists of 5213 text sentences from different tweets that were
then manually annotated. On evaluation C-LSTM was found to out-
perform the other models. On conducting error analysis, it was
found that subtle hints towards suicidal ideation were not identi-
fied by the model. There was uncertainty about the label of certain
tweets for both the annotator and the model and the dataset lacked
in certain suicidal phrases and needed update. The comparison of
above mentioned work is briefly explained in Table 1.

3. Data


3.1. Dataset


We train our classification model with reddit dataset where
users express their views and opinions via submissions. They inter-
act through comment threads attached with every submission or
post of the different users. We used the University of Maryland
Reddit Suicidality Dataset built by Philip Resnik (Zirikly et al.,
2019), for our research, that contains a list of non-suicidal and sui-
cidal submissions. User’s privacy is preserved by replacing per-
sonal data of the user by a unique ID. The dataset was drawn out
from 2015 Full Reddit Submission Corpus, to identify (anonymous)
users who might have suicidal tendencies, using posts from Sui-
cideWatch (SW) subreddit. These reddit posts were labelled using
4 divisions which includes no risk, low risk, moderate risk, and sev-
ere risk outlined as:


o No Risk (or ‘‘None”): No possibility that the user has suicidal
tendency.


o Low Risk: Some factors might be present here depicting that
this user might have suicidal tendency, but chances are very
low


o Moderate Risk: There are chances that the user has a tendency
to attempt suicide.


o Severe Risk: There is high chance that the user will attempt to
suicide.


Some of the examples of no risk, low risk, moderate risk, and
severe risk is given in Table 2. The dataset contains posts from
more than 11,000 users who have posted at least once on the







Table 1
Comparison of related works.


Paper Model Evaluating Metrics


Facebook Social Media for Depression
Detection in the Thai community
(2018) (Katchapakirin et al., 2018)


Weka with SVM algorithm Accuracy – 68.57%
RapidMiner with Random Forest algorithm Accuracy – 84.6%
RapidMiner with Deep Learning algorithm Accuracy – 85%


Detecting Comments Showing Risk for
Suicide in YouTube (2018) (Gao et al.,
2018)


Cross Entropy Loss with SVM – no seed filter Geometric Mean – 78.3%
Cross Entropy Loss with SVM – seed filter Geometric Mean – 78.4%
Cross Entropy Loss with AdaBoost – no seed filter Geometric Mean – 79.2%
Cross Entropy Loss with AdaBoost – seed filter Geometric Mean – 78.6%
Cross Entropy Loss with RF – no seed filter Geometric Mean – 74.3%
Cross Entropy Loss with RF – seed filter Geometric Mean – 69.7%
Cross Entropy Loss with LSTM-no seed filter Geometric Mean – 84.3%
Cross Entropy Loss with LSTM-seed filter Geometric Mean – 82.3%
Focal loss with LSTM-no seed filter Geometric Mean – 81.8%
Focal loss with LSTM-seed filter Geometric Mean – 84.5%


Detection of Suicidal Intent in Spanish
Language Social Networks using
Machine Learning (2020) (Valeriano
et al., 2020)


SVM Accuracy – 74%
Logistic Regression Accuracy – 79%


Detecting Suicidal Ideation on Forums and
Blogs: Proof-of-Concept Study (2018)
(Aladağ et al., 2018)


RF Accuracy – 89%
ZeroR Accuracy – 50%
SVM Accuracy – 92%
Logistic Regression Accuracy – 92%


Natural Language Processing of Social
Media as Screening for Suicide Risk
(2018) (Coppersmith et al., 2018)


Bidirectional LSTM with Self Attention AUC – 89%


Exploring and Learning Suicidal Ideation
Connotations on Social Media with
Deep Learning (2018) (Sawhney et al.,
2018)


RNN Accuracy – 73.7%
LSTM Accuracy – 78.7%
C-LSTM Accuracy – 81.2%


Table 2
Sample Reddit posts of different classes.


Label Reddit posts


No Risk d So this little guy melted my heart when I saw him online, found out no one posted him here. . .
d ZOINKS! I just realized how much I’m starting to look like shaggy (scooby doo) help with a new haircut?


Low Risk d I have had a bad childhood. I wish no child to experience is this
d Some time ago I wanted to change my life. I wanted to be fit, I wanted to pass exams. Bit it all was only a words. Real motivation doesn’t


come from movies you watched or books you read. Everything is in you and I need 3 years to realize that.


Moderate Risk d I lied to get myself out of a mental hospital for suicidal behavior Just so I can go home and get it right this time.x-posted to r/suicide-
watchEDIT:If I don’t reply, it’s because I’m asleep. I’m detoxing off of alcohol.


d Im so sorry this is happening to you. Everytimei hear something like this i wish i could be of help. But im incapable. I dont want to help
anyone. I just want to die peacefully. . .fast.


Severe Risk d Looks like.. even alkoholwont help my pain now.. that fucking sucks. . . I will even worse when am drunk. . . and am afraid that i will say
something bad to my friends about me. . . iquess its time to give up..Edit:Am rly sad about that.. even when i know that my dad was
alkoholic..


d I tried really hard to do the deed today but in the end I couldn’t
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subreddit, SuicideWatch along with few others who did not. Every
post has:


a. post id: A distinct ID for the submission.
b. user id: A distinct numeric ID depicting the user who wrote


the post.
c. timestamp: Time in which the post was created.
d. subreddit: The name of the subreddit or discussion forum


where the submission appeared.
e. post title: Heading of the submission.
f. post body: Body of the submission.


The dataset contains two disjoint sets (Shing et al., 2018):


a. crowd: This annotation is made by crowd sources using
CrowdFlower.


b. experts: This annotation is done by experts.
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Each of which has 2 csv files one being all the data related to a
post and other being the labels given to each user. In order to
ensure more accurate labels various measures like participation
on CrowdFlower was restricted to high performance annotators,
long and short instructions were provided to the annotators
depending on whether they were an expert or a crowd annotator,
etc. were used. The short instructions identified four main risk fac-
tors, thoughts, feelings, logistics and context. The quality of the
annotation across and within groups of crowd sources and experts
were also done (Shing et al., 2018) which showed ‘‘cautious opti-
mism” regarding the ability of crowd annotators to make risk
assessment judgments. Some of the limitations for this dataset
are they are restricted to only Reddit posts and since health
records, outcomes, or even self-report questionnaires of users
whose posts were taken were not available due to privacy issues,
validate clinician assessments could not be used nor can provide
any clinical evidence for improved validity using the assessment
instructions.
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We have removed the control users from the dataset for our
model and combined both the crowd and experts’ data.


3.2. Data annotation


In this dataset each user gets a label instead of each post where
each user has multiple posts. So, this becomes difficult for training
our model since there are very few users. At first, we assume that
all the posts of a particular user get the label assigned to that user
in the training sets and we create a temporary dataset. After which,
pre-processing techniques are applied. Then we extract all the
common words or word combinations using n-gram analysis,
grouped according to labels to which we assign weights.


In order to assign weights, we attempted various methods. At
first, we tried to classify the words into four labels using clustering
through which we did not get the required results. It was classified
more on the basis of sentiments than on the basis of suicidal pre-
dictions. Then we tried to use the Sentiment Analysis library to
which we made the required changes but again no matter how
much changes we made classification was purely based on senti-
ments. Both these methods did not give us the required results.
Then we used the NLP Technique TF-IDF Vectorizer that evaluates
how relevant a word is to a document in a collection of documents.
But again, the result was not as we expected. It gives more impor-
tance to the words that are least occurring in the document. So, we
looked into the inside of the TF-IDF library that is the base code of
TF-IDF Vectorizer. We collected the most common words and then
applied TF-IDF to assign weights for each word. Then using these
weights, we analyzed the net weight of a particular post. After so
many trials and tests we decided on threshold values that catego-
rizes each post into their respective labels. Thus, obtaining the
required dataset for our model with 760 users and a total of
69,600 posts. After further processing, it had 14,849 posts belong-
ing to ‘‘No Risk”, 13,691 posts belonging to ‘‘Low Risk”, 13,462
posts belonging to ‘‘Moderate Risk” and 13,678 posts belonging
to ‘‘Severe Risk” categories thus summing up to 55,680 posts. Each
post had around one to three hundred sentences and around one to
three thousand words.


4. Proposed model


To identify suicidal posts from Reddit, we employ the combina-
tion of the LSTM and CNN (Saha, 2018) model along with the atten-
tion model. The proposed model takes the resultant vector from
the LSTM as an input value for the Attention layer, and the result
from the attention layer as input for the convolutional layer. The
Fig. 1 depicts, the proposed LSTM-Attention-CNN joined model
classifies input posts into four classes representing different level
of suicidal or non-suicidal tendencies.

Fig. 1. LSTM-Attention-CNN Model for Suicidal Ideation Detection.
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As shown in the figure, the first layer of the model is a word
embedding layer where every token or word in each sentence is
mapped to a unique index thus forming a real-valued vector of a
particular length. To prevent over-fitting a dropout layer is used.
LSTM layer identifies long-distance dependencies over the textual
input and the convolutional layer which helps in feature extrac-
tion. The attention model highlights important information and
assigns weights to each word. The pooling layer summarizes the
various features present in a region in the feature map thus down
sampling the feature map. Flatten layer will convert the informa-
tion collected by the pooling layer into a column vector. Finally,
the output layer classifies the input posts with the help of the Soft-
Max function.

5. Methodology


5.1. Model


This study aims to generate an implementation of a combined
deep learning classifier to enhance the performance of text classi-
fication for the detection of suicidal ideation in Reddit social media.
In our experiment, we use the combination of LSTM and CNN
(Tadesse et al., 2019) to detect suicidal related posts. The LSTM
and CNN layers can obtain information from the text but cannot
concentrate on the relevant data from the information that was
received. Concentrating on the relevant parts would help to
increase the accuracy of the classification. Attention mechanisms
can help to achieve this. It can highlight the essential data by fixing
various weights. Since all the words in a sentence have varying
contributions to the emotion of the context, providing various
weights to different words can help improve the understanding
of the emotion underlying in the whole text.


In our model, we have used the Attention layer in between the
LSTM and Convolutional layer. This enables only the needed or
important information selected by the LSTM layer and attention
layer to pass into the convolutional layer. We have used the atten-
tion layer before the convolutional layer as it helps consider the
relationship existing between different parts of the weighted input
values. Thus, patterns recognized by the convolutional layer would
include important patterns which might otherwise have been lost.

5.2. Pre-processing


Pre-processing is the process where the input textual content is
filtered to eliminate noise from the raw input prior to the learning
of the embedding so as to increase the effective accuracy of the
proposed system. This can be achieved by using techniques like
data cleansing, integration, transformation, and reduction. If data
is not preprocessed, then the data would be filled with unwanted
content that does not contribute to the working of the model.
Noise can include punctuations, newline characters, URLs, etc.
which should be removed to improve performance. Each compo-
nent of the preprocessing step contributes to better output. This
way the complexity of the model can be reduced as it can identify
patterns quickly.


In this work, we used the Natural Language Toolkit (NLTK) (Bird
et al., 2009) and other basic operations to pre-process and equip
the input dataset for the usage in the training stage. First, we con-
catenated the post titles and post bodies. We have then removed
duplicated inputs belonging to the dataset. Then, we substitute
every instance of e-mail, URLs and punctuation with a single white
space and also lowercase the text. Subsequently, as one component
of the data filtering and conversion procedure, we apply tokeniza-
tion to split the concatenated posts into a set of tokens to which
normalization is applied. We removed stop words provided in
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the NLTK package and the newline characters, which if ignored
would result in incorrect outputs. We applied lemmatization with
the post tag to assure that word endings are not irregularly omitted
as in stemming, which would generate senseless word items.
Finally, the cleansed dataset is input into the embedding layer of
the model.


5.3. Word embedding


Word embedding is the depiction of words in a real-valued vec-
tor format which encodes the word meaning, such that the words
with similar meaning are nearer in the vector space. In the pro-
posed LSTM-Attention-CNN joined model, word embedding layer
acts as the input layer. On applying word embedding technique,
each word of the vocabulary is mapped to a lower-dimensional
vector space which contains real numbers (Mikolov et al., 2013).
In our model, we use Word2vec (Mikolov et al., 2013), which is a
more recent shallow model (two neural layers). This model is
trained to recreate the context of the word. A simple example
depicting the word embedding process is shown in Fig. 2.


5.4. Dropout layer


The purpose of this layer is to prevent overfitting and the co-
adaptation of hidden units by the random dropping out of noise
that may be present in the training data. The rate parameter which
can have values between 0 and 1 (Srivastava et al., 2014), is given a
value 0.5 where value between 0.5 and 0.8 is considered as the
good value for dropout in a hidden layer. When we use the dropout
operation after the embedding layer, random turning off of the
activation of neurons takes place, where every neuron present in
the embedding layer represents an intense depiction of a
submission.


5.5. Long Short Term Memory


Long Short Term Memory network (LSTM), can be defined as a
type of RNN, which has the capability to learn long term dependen-
cies, which means LSTM can remember information for a longer
period. The hidden layers in LSTM consist of four gates that decide
which part of the context should be carried forward and howmuch
of the past should be forgotten. Thus, it creates LSTM as a great
solution for the recognition of suicidal context from social media

Fig. 2. Word embedding example.
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posts. Another quality of LSTM is the prevention of explosion or
the vanishing gradient that is usually found in RNN models
(Brownlee, 2017).


A single layer with 150 units is applied to our LSTM layer. In
each one of these cells, four gates perform four distinct calcula-
tions. An LSTM network has the input vector ht�1; xt½ � at time step
t and the network cell state is depicted as ct. The output vectors
passed through the network between consecutive time steps t,
and t þ 1 are denoted by ht . An LSTM network has three types of
gates, the forget gate, input gate and output gate, that help revise
and control the cell states. The gates use hyperbolic tangent and
sigmoid activation functions. The LSTM executes certain pre-
calculations before producing an output (Zhang et al., 2018). The
Fig. 3 shows the basic LSTM network.


The equations for these gates are:


f t ¼ r Wfxt þ Ufht�1 þ bf


� � ð1Þ


it ¼ r Wixt þ Uiht�1 þ bið Þ ð2Þ


ot ¼ r Woxt þ Uoht�1 þ boð Þ ð3Þ


ut ¼ tanhtanh Wuxt þ Uuht þ buð Þ ð4Þ


ct ¼ f �t ct�1 þ i�t Ut ð5Þ


ht ¼ ot ctð Þ ð6Þ
In above mentioned equations, depicts multiplication done ele-


ment wise. W, U and b, are used to depict the two weight matrices,
and the bias vector respectively, and is used in the forget gate
f t(Eq. (1)) which is same as that for the input gate it (Eq. (2)), ct
(Eq. (5)) represents the memory cell, ut (Eq. (4)) the tanh layer, ot


(Eq. (3)) depicts the output gate and ht (Eq. (6)) the hidden state.
Then ht and ct values are passed for the next LSTM cell for compu-
tations. Thus, this layer gives an output sequence of values, that is
P ¼ p0; p1; p2; � � � ; pn½ � and then it is passed to the Attention layer.


5.6. Attention layer


The attention layer is used to help concentrate on different
important features from the input sequence (Galassi et al., 2021).
The layer takes the output from the LSTM layer and then magnifies
or diminishes the value of each feature of the input based on cer-
tain activation weights, that is, we provide a higher weight to
regions we wish to magnify and a lower weight to those we wish
to diminish. We have used a self-attention layer with the weights,

Fig. 3. LSTM network.
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a being calculated using tan hyperbolic function and normalized
using the SoftMax function (Eq. (7)).


a ¼ softMax tanhtanh w � P þ bð Þð Þ ð7Þ


output ¼ P � a ð8Þ
The product of the input and the attention weight is then


returned (Eq.8). Here we do not calculate the weighted sum as
we take in 3D tensors as input and return the resultant 3D tensors
to the next convolutional layer. This helps maintain information
about the relationships between elements in the input sequence.
The weighted value is then provided as input for the convolutional
layer. The code snippet containing the above mentioned process of
attention layer is given in Fig. 4.


5.7. Convolutional layer


On the input value of this layer, we apply the convolutional
operation (Tadesse et al., 2019). We specify the number of filters,
the kernel size, the type of padding needed and the activation func-
tion to be used. The convolution layer fires when a specific pattern
is recognized. These patterns include the common n-grams found
in the data, the sizes of which could be varied by changing the size
of the kernels. The output generated will be similar value for differ-
ent sets of similar patterns. The convolutional operation is depicted
in the Fig. 5.


This layer first generates feature map with the patterns recog-
nized based on the filters and the kernel size and then applies
the activation function on the feature map to provide non-
linearity. In our model we have used 3 filters with kernel size 8,
with ’same’ padding employed so as to maintain the dimensions
of the output as same as that of the input and a RELU activation
function.


5.8. Pooling layer


The purpose of the pooling layer is to decrease dimensionality
of every rectified feature map and retain the most important data.
Smaller representation of input and more manageable mass infor-

Fig. 4. Code snippet fo
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mation are the characteristic features of the pooling layer. It has
the ability to control over-fitting by reducing the number of
parameters and the estimations present in the model (Xu et al.,
2015). In order to represent only the most significant data from
each feature map, we used the max pooling operation in our
experiment.

5.9. Flatten layer


The flatten layer takes the pooled feature map as input and then
flattens it using a reshape function to form a column vector. The
reshape function is used for making the feature vector pulls con-
catenated. This forms the input value for the dense layer for the
classification task (Ahmad et al., 2019).


5.10. Output layer


The foremost purpose of the output layer or the fully connected
layer is the estimation of the possibility of a post being suicidal and
non-suicidal. To prevent gradient explosion or vanishing problems,
the output layer utilizes a text feature vector obtained as a result of
the convolutional, pooling, and flatten functions succeeded by a
substantial activation function. We may use the Hyperbolic tan-
gent function, Sigmoid function (Norouzi et al., 2009), Rectified
Linear Unit (ReLU) (Nair and Hinton, 2010), or the SoftMax func-
tion (Goodfellow et al., 2016) since the input is classified into bin-
ary. In this project, SoftMax activation is used in the output layer.


Fig. 6 depicts the code of the proposed model. Here the input
given to the Embedding layer includes the dimensions of the pre
trained word embedding given in input_dim and output_dim, the
embedding matrix is given in the parameter weights and the
length of each post of the padded dataset (here it is the length of
the post with maximum length) is given through input_length.

5.11. Baseline


For the purpose of analyzing the proposed model we have
selected a set of baseline models against which the performance

r attention layer.







Fig. 5. Convolution operation on text.


Fig. 6. Code snippet for the proposed model.
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of our model can be compared. The baseline models considered
include some of the machine learning classifiers like:


a. TF-IDF Vectorizer – TF-IDF Vectorizer is widely used in
extracting information and text mining. It measures the
importance of a word in a document.


b. Support Vector Machine – Support vector machine is an
algorithm that finds the separation between hyperplanes
based on the classes of data. It can perform well with large
feature sets as it measures the margin of separation of the
data instead of matching features.


c. LSTM – LSTM is a type of recurrent neural network which is
better, in terms of memory, than the traditional recurrent
neural networks thus helping to maintain relevant data
and discard irrelevant data.


d. CNN – Convolutional layer applies convolutional operation
on the data to produce feature maps which contains infor-
mation about the patterns in the data.


e. Combined LSTM-CNN model – This model has the LSTM
layer to detect the long-distance dependencies along with
the convolutional layer for generating feature maps.


All of these models are trained using the entire training dataset
and word embedding model word2vec. All parameters for these
baseline models are same (for LSTM, CNN, and LSTM-CNN) as that
is used with our proposed model. Though our main focus is on the
accuracy, the other evaluation metrics are also calculated.

Table 3
Parameters of our model.


Layers Parameters Values


Embedding Embedding dimension 300
Dropout Dropout 0.5
LSTM Units 100


Convolutional Layer Filters 3
Kernel Size 8
Padding same
Activation Function ReLU


Remaining Layers Pooling size Max-Pooling
Number of Epochs 10
Fully Connected Layer SoftMax

5.12. Model architecture and its parameters


In our model, we used a 300-dimensional pre-trained word2vec
(Mikolov et al., 2013) model from Google News. The dataset which
had 69,600 posts is split into training and test set by using 80% of
the data for training (55,680 posts) and 20% for testing (13,920
posts). Most of the data was used for training so as to increase
the information on which the model is trained. For compilation
we provided:


(i) optimizer as Adam:
We chose Adam optimizer because the bias-correction opera-


tion in Adam helps in optimization especially towards the end
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when the gradients become sparse and also helps in faster
convergence.


(ii) loss function as sparse categorical cross-entropy:
Sparse categorical cross entropy loss function is used when


there are two or more label classes which are provided as integers.
(iii) metrics which helps estimate the performance of the model


as accuracy:
Accuracy is used as an evaluation measure mainly because it is


the metric which is widely used. We observed that almost all the
recent literature referred by us used it and so it would help com-
pare the results. It is also used as it is a simple metric used on bal-
anced datasets. However, we also evaluated our model using
Precision, Recall and F1-score.


ReLU helps in faster training and doesn’t suffer from vanishing
gradients and is found to be better for convolutional layers. Soft-
max activation is used in the fully connected layer since this is a
multi-class classification problem. It assigns decimal probabilities
to each class such that the decimal probabilities add up to 1.0. This
helps in convergence.


The number of epochs 10 was selected after going through var-
ious related models. Batch size was not specified so by default the
size of 32 was taken. Other parameters used in the model architec-
ture are mentioned below in Table 3. These values including drop-
out rate, LSTM units, kernel size and padding were selected based
on observations found in (Ahmad et al., 2019). We used Python and
Anaconda framework for our experimental setup.







Fig. 7. Graphs depicting the training accuracy and loss with each epoch.


Fig. 9. Low risk.


Fig. 8. No risk.
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5.13. Model setup


Posts of Reddit users are attained using PRAW through the
Reddit API and passed through the model to detect whether it is
suicidal or not (Tanner, 2019). A user id of a particular Reddit user
was given as input and the 10 most recent posts of the user was
returned, which was then passed through the model to generate
labels for the individual posts. In order to provide a label to the
user we converted the labels into numeric values and then applied
exponential weighted moving average on the label values. This
would then generate a particular label, or numeric value which
corresponded to a particular label, for a user.


5.14. Reddit API


The Reddit API allows us to access information from Reddit in
json format and PRAW is a Python wrapper for the Reddit API,
which enables us to scrape data from subreddits. For using the
Reddit API to get posts from a user, we first need to register or cre-
ate an account on Reddit and then create an application on Reddit
by filling in the basic details like name, app type (script) and redi-
rect URL. On submitting the app details, we get a public key and a
secret key which is required to use the Reddit API. Then we create a
Reddit instance and provide it with a client id (provided under per-
sonal use script), client secret (the secret value) and a user agent
(app name provided). Now we can make requests for posts belong-
ing to the user id we specify. The posts of a particular user are then
passed through our proposed model to predict the label for each
post, and then, the exponential weighted moving average is
employed to give a label for the user.


5.15. Exponential weighted moving average


Exponentially weighted moving average (EWMA) can be
defined as a quantitative or statistical measure where we represent
or model the given time series data in such a way that the older
measures or values are given lesser weights. The weight for each
value decreases exponentially as the older the data gets. Here we
provide a value which depicts how important our current or latest
observation is when calculating the EWMA. In our model we divide
the weighted value by the decaying adjustment factor in beginning
periods in order to account for the imbalance in relative weight-
ings. Let the data be [x1, x2, . . ., xn] then the EWMA can be repre-
sented as in equation (9).


yt ¼
xtð Þ þ 1� að Þxt�1 þ 1� að Þ2xt�2 þ � � � � � � þ 1� að Þtx0


1þ 1� að Þ þ 1� að Þ2 þ � � � þ 1� að Þt
ð9Þ
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where a is the weight. Based on the sensitivity analysis conducted
as part of our experiments we defined a = 0.769 in this research.


5.16. Evaluation metrics


The performance of our model is estimated mainly using accu-
racy metric. In this case, accuracy is the fraction of predictions of
our model that was correctly classified. In addition to accuracy,
we also find the recall, F1 Score and Precision. Precision can be
defined as the proportion of the positive posts that were actually
correct. Recall is the proportion of the actual positives that were
identified correctly. The F1 Score combines recall and precision
using harmonic mean.


6. Experimental results


We started by exploring the results of data analysis from our
complete list of Reddit posts. The main objective of this work is
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the detection of suicidal tendencies from the selected data. We
examined the Severe Risk labeled posts associated with suicidal
tendency and created a list of the most common n-grams and then
compared this with those obtained from Low-Risk labeled posts.
We used features of our proposed model to detect the indications
of suicidal thoughts. We trained our data for 10 epochs and our

Fig. 11. Severe risk.


Fig. 12. Result depicting pr


Fig. 10. Moderate risk.
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model got an accuracy of 90.3%. The graphical representation of
the accuracy and loss at each epoch is shown in Fig. 7.

6.1. Data analysis result


We inspected the whole input dataset in order to identify posts
with suicidal ideations, and to compare dissimilarities in the word
lists. The frequencies of all the unigrams, bigrams, and trigrams in
the four different classes of our model were computed. The top 300
unigrams, bigrams and trigrams belonging to the specific groups
were selected to study their relationship with suicidal thoughts.
Visual support of the word cloud was used for our understanding
of frequently occurring words in four different classes which are
shown in Figs. 8–11.


From the Reddit SuicideWatch forum, we examined posts of
various users and recognized evidence indicating frustration and
hopelessness like (‘‘never”, ‘‘impossible”, ‘‘I’m tired”), the feeling
of guilt (‘‘sorry”), fear (‘‘scream”), disappointment (‘‘fail follow”),
solitude (‘‘feel lonely”). We also observed that the attention or
the focus of the social media users was directed towards them-
selves. Next, we identify the person’s inclination for the preoccupa-
tion with their sentiment (‘‘really understand”, ‘‘feel much”),
backed by the expressions of contradiction (‘‘no one”, ‘‘do not”,
‘‘would never”). From the Severe Risk labeled posts, we observed
the usage of a large number of question marks (‘‘Troubled but don’t
know anything to do?”, ‘‘Why are people afraid of dying?”).


Users’ depiction of suicidal tendencies was another interesting
observation which was mainly conveyed by the terms having
death implications (‘‘death”, ‘‘die”, ‘‘disappear”, ‘‘want cut”, ‘‘die
want”, ‘‘want end”, ‘‘want hurt”). Furthermore, a feeling of haste,
as well as an indication of desperation, is also seen (‘‘wish help”,
‘‘feel empty”, ‘‘move now”). The n-grams observed in the No Risk
labeled posts consist of terms expressing happiness, positive mind-
set, and emotions (‘‘need joke”, ‘‘fun”, ‘‘good game”, ‘‘appreciate”)
which is entirely opposite to Severe Risk posts. The users tend to
maintain their positive spirits (‘‘make better”) and usually state
social relations actions (‘‘friend”, ‘‘high school”).

edicted value of posts.







Table 4
Performance results of the classification model.


Models Accuracy Precision Recall F1-Score


SVM 82.5 81.1 84.5 82.8
CNN 86.6 87.8 89.8 88.8
LSTM 87.7 90.8 86.5 88.6
LSTM-CNN 88.2 88.3 84.4 86.3
Proposed Model 90.3 91.6 93.7 92.6
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6.2. Classification result analysis


We employ the word embedding layer using word2vec as the
input layer for our experiment. The output of this layer is given
as input to the different baseline models to perform classification.
The model is trained for 10 epochs the value of which was selected
after going through various related models. Early stopping is
another technique which could be used to stop training upon sat-
isfying a condition. Some predictions made by the proposed model
are shown in Fig. 12. The figure shows posts or submissions taken
from Reddit with the corresponding label below each post. Fig. 12
(a) shows a post labeled as No Risk which depicts a user wanting to
start a conversation for fun and a post wrongly labeled as Low Risk
of a happy person who just became a parent which is a No Risk
post. Fig. 12(b) has two posts labeled Moderate Risk, which shows
the emotions of two individuals.


The various evaluation metric values are obtained for the differ-
ent baseline models and are shown in the Table 4 below. Upon
comparing our proposed model with the other baseline models,
we observe that the best classification in our experiment is
achieved with LSTM-attention-CNN combined model. With the
optimized parameters, it significantly outperformed the other
models and demonstrated an accuracy of 90.3%.


We also understand that accuracy cannot be a proper metric
when the dataset is imbalanced. So, we also evaluated the models
using more accurate measures like precision, recall and F1-score.
The proposed model demonstrated a precision of 91.6%, recall of
93.7% and F1-score of 92.6%. These results demonstrate that the
proposed combined model performs better than the single LSTM
and CNN classifiers and the combined LSTM-CNN model.


Macro-averaging is used to calculate precision, recall and accu-
racy of the proposed model. We observe that the precision and
recall values of the proposed model are found to be greater than
the accuracy. This can be due to the high recall values of severe risk
and no risk classes and comparatively lower values for low risk and
moderate risk classes and also the high precision values of moder-
ate risk and severe risk classes. The good precision and recall of
these classes contribute to maintaining a good overall precision
and recall but a lower accuracy.

7. Conclusion and future work


In our paper, we have designed and tested an approach to check
the mental health of different Reddit users. We have developed this
model intending to reduce the rate of suicide in the society by
detecting suicidal intentions from social media interactions of indi-
viduals. This can help to provide proper medical assistance and/or
help to those in need of the same. Based on the results obtained
from our model, we can also provide an awareness class on how
to deal with mental issues or stress, anxiety, etc. Nowadays, people
are more sensitive to handle simple situations, to deal with hard-
ships, etc. which brings out great losses to families, friends, and
those around them. Thus, we felt the need to develop a model
which will reduce the rate of suicides by detecting suicidal related
posts in social media.
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Using the LSTM-attention-CNN combined model we were able
to analyze submissions by giving importance to the regions in
the data that depicted whether the submission was suicidal or
not. With an accuracy of 90.3% and F1-score of 92.6%, the perfor-
mance of our proposed model was also observed to be greater than
the other baseline model.


Our future work aims at experimenting with different attention
mechanisms, especially the Hierarchical Attention Networks (HAN)
to see how structuring of documents could affect the performance
of our proposed classification model.
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The rise in technological advancements and Social Networking Sites (SNS) made people more engaged in
their virtual lives. Research has revealed that people feel more comfortable posting their feelings, includ-
ing suicidal thoughts, on SNS than discussing them through face-to-face settings due to the social stigma
associated with mental health. This research study aims to develop a multi-class machine learning clas-
sifier for identifying suicidal risk levels in social media posts. The proposed Enhanced Feature Engineering
Approach for Suicidal Risk Identification (EFASRI) is used to extract features from a novel dataset col-
lected from Twitter and Reddit platforms. Three machine learning algorithms, i.e. Support Vector
Machine (SVM), Random Forest (RF) and Extreme Gradient Boosting (XGB) were employed for classifica-
tion. The study demonstrates significant improvements in the precision, recall, and overall accuracy com-
pared to previous research that used classical feature extraction mechanisms. The best-performing
algorithm, Extreme Gradient Boosting (XGB), achieved an overall accuracy of 96.33%. The findings imply
that different features contain different levels of information, and the right combination of the features
supplied to the machine learning algorithms may improve the prediction results.
� 2023 THE AUTHORS. Published by Elsevier BV on behalf of Faculty of Computers and Artificial Intel-
ligence, Cairo University. This is an open access article under the CC BY-NC-ND license (http://creative-


commons.org/licenses/by-nc-nd/4.0/).

1. Introduction


A detailed statistic provided by World Health Organisation
(WHO) mentions that, on average, suicide occurs every forty sec-
onds [1]. The report further says that approximately 800,000 peo-
ple commit suicide every year, and the number of suicide attempts
is 20 times more than a completed suicide [2]. However, compared
to the deaths due to various ailments, suicide is much underre-
ported. Thus, the global estimate of suicide mortality is approxi-
mated to one million deaths per year [3]. The above statistics
also reveal that suicide is the leading cause of death among young-
sters, particularly among women. Suicide is not about an ‘‘all or
nothing” situation. The famous book related to suicide [4] indicates

that it follows a proper process and pattern wherein suicidal idea-
tion takes the first place followed by a suicidal attempt which then
matures into the completed suicide. Suicidal ideation does not
always lead to suicide, but it poses a significant threat to individu-
als who may then attempt suicide. Suicidality gets noticed when
one often talks about it with his/her caretakers or when psychia-
trists/psychologists interact with the individuals and enquire
about their thinking and mood. By analyzing various warning
signs, caregivers can uncover the risk factors associated with suici-
dality and take the necessary steps for prevention. American Foun-
dation for Suicide Prevention [AFSP] [5] identified various risk
factors and warning signs related to suicidality to help potential
suicidal individuals. They categorized the risk factor into three
main classes. These factors are related to health (mental health,
persistent pain), environment (stress, molestation, etc.) and family
history (previous attempts of suicide etc.). The National Institutes
of Health (NIH) further lists some of the indicators/warning signs
of suicidal ideation, as shown in Fig. 1.


Many suicidal deaths can be prevented by understanding how
people communicate their distressrelated thoughts. Early under-
standing of the risk factors and warning signs can decrease the
threshold for suicide and help prevent many deaths. However,
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Fig. 1. Warning Signs of Suicide.
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the issue with suicidality is that people usually don’t cooperate
with clinicians due to the social stigma associated with mental ill-
ness. As stigma plays a deadly role in suicidality, clinical interven-
tions for at-risk individuals at a large scale become almost
impossible. It is reported that 36% of individuals who die due to
suicide leave a note behind [6]. Researchers found that suicide
notes indicate that when the suicidal attempt of any individual
fails, there is a high probability that they will still go for another
attempt with more accuracy [7]. It is also found that these suicide
notes talk more about shame and apology suggest if any alterna-
tive was there, they might have readily accepted that. However,
most of the suicide notes are found when suicide is completed or
at least attempted [7]. Many efforts were made to screen the
patients, but it was a challenging task to counsel the individuals
to come for evaluation in a stigmatized society [8,9]. Research
has revealed that people feel more comfortable discussing their
daytoday happenings on Online Social Networks (OSN) without
worrying about social stigma [10]. Moreover, recent research has
also found that monitoring social media can provide an alternative
and excellent opportunity for uncovering the warning signs associ-
ated with the posts of at-risk individuals suffering from suicidality
[11–13]. Thus social media, if appropriately mined, can act as a tool
to prevent potential suicidal victims from taking the extreme step
and also offer the necessary support. Moreover, the histories of
persons on SNS who commit suicide can help understand the risk
factors associated with suicide. Researchers have put a lot of effort
into identifying the patterns in the language of social media [14,15]
including mental health [16,17]. Some studies trained machine
learning models to separate suicidal content from non-suicidal
content [16,18]. But the model that will separate the content
reflecting suicidal ideation from depression and other low-risk
posts requires a highlevel feature engineering mechanism. The
need for such a feature engineering mechanism is that the posts
reflecting suicidal ideation and other stress-related content seem
very identical in its language. In this paper, significant attention
has been made to employing novel hybrid feature engineering
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mechanisms that will be used to train the machine learning models
to help differentiate the highrisk posts from other categories. The
major contributions that this research article makes to the already
existing literature are as follows:


1. Novel dataset is collected from Twitter and Reddit. The dataset
was annotated with the scheme developed in consultation with
psychiatrists and psychologists.


2. We developed a methodology that could help differentiate the
posts into three categories of risk: high risk, moderate risk,
and no risk.


3. We developed a novel hybrid feature engineering mechanism
for the extraction of the most relevant features.


4. We trained three learning algorithms, viz., support vector
machine (SVM), random forest (RF), and extreme gradient
boosting (XGB), with the features extracted through our pro-
posed feature engineering mechanism.


The rest of our article is divided into various sections. Section 2 dis-
cusses the related work done in the domain of the detection and
prevention of suicidality. Section 3 discusses the proposed
methodology, which contains various subsections: data collection,
data pre-processing, proposed novel feature engineering mecha-
nism and finally, training of machine learning algorithms. Section 4
elaborates on the results and discussion. Section 5 compares our
work with the previous research. Section 6 provides the conclusion
and future scope of the work.


2. Literature Review


Mental health issues like depression and suicidality have usu-
ally been examined through psychological battery tests and clinical
procedures [6,19]. The stigma associated with mental illness made
researchers move towards informal sources like social media to
understand language patterns of suicidal posts that could enhance
the interpretation of suicidal ideation in a better way.
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2.1. An overview of research on questionnaires, topic analysis, and
machine learning techniques


The study by [11,20] indicated that questionaries play a vital
role in detecting the mental state of a patient. However, due to
the boom in social networking sites, people feel comfortable and
express their feelings freely on social media. Various studies
[20,21] discuss several scales used to predict depression on social
media. More studies [22,23] were conducted to analyse the topics,
which potential suicidal individuals usually like to discuss on
social media, and the behaviour of suicidal individuals was also
evaluated through these studies. The advancement in natural lan-
guage rocessing and machine learning techniques has made it pos-
sible to process the semantic information from these social media
posts to extract the various features, which can help automate the
prediction of suicidal content [24,21]. Most of the research
focussed on using binary classification mechanisms for identifying
suicidal content through various popular algorithms like Support
vector machine, Decision trees and ensemble learning algorithms
[25–28]. Deep learning methods have also been used to help pre-
dict suicidal ideation [8].


2.2. Feature extraction mechanism for detecting suicidal ideation


One of the most important parts of building a machine learning
model is to find the most relevant features that can help in differ-
entiating suicidal content from non-suicidal content [18]. Alada
et al. [9] did a sentimental analysis of Reddit posts and differenti-
ated the suicidal content from non-suicidal ones using features
extracted through term frequency-inverse document frequency
and word count. O’Dea et al., [27] trained the classifier that helped
automate and replicate the accuracy of human coders. Feature
extraction was performed using unigrams, TF-IDF and Filter based
techniques. Vioules et al., [29] introduced a new approach that
measures the warning signs of suicide, detects the posts that con-
tain content related to suicide, and automatically identifies the
sudden changes in user behavior. The researchers developed the
behavioral features to measure the level of risk of a person con-
cerned with his online behavior on Twitter. Two groups of behav-
ioral features, namely user-centric features and post-centric
features were established. Chadha et al., [30] discuss about the per-
formance evaluation of various machine learning algorithms for
identifying and differentiating suicidal content from non-suicidal
content on Twitter. The researchers manually selected the 112 fea-
tures through a survey involving the doctors and patients of a psy-
chiatric hospital. BOW and TFIDF weighting schemes were used to
discard the irrelevant features. Abboute et al. [31] developed a list
of terms for lexical feature extraction using nine suicidal topics
Okhapkina et al. [32] also developed a lexicon of terms using
term-frequency inverse document frequency technique that
helped in differentiating the suicidal content from non-suicidal
ones. In a study of suicide on Weibo, Cheng [33] largely employed
Simplified Chinese Language Query and Word Count (SC-LIWC) to
count how many times each type of word appeared in users’ post-
ings. He then used logistic regression to look at the relationship
between SC-LIWC features and five suicide risk factors.


Very few studies used a hybrid feature model where features
extracted through different techniques were combined and sup-
plied to machine learning techniques for better prediction. Sawh-
ney et al. [18]collected numerous sets of features such as
statistical features, Linguistic Inquiry and Word Count (LIWC) fea-
tures, term frequency-inverse document frequency, and topics
probability features. These features proved to be successful for
the binary classification of tweets with stable precision and recall.
Shing et al. [34] also retrieved numerous features using the tech-
nique of Bag of words, topic modeling, and linguistic inquiry and
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word count. Mbarek et al. [35]developed a suicide user profile
detection model using a set of features that included a linguistic,
emotional, facial, timeline, and public features. Mbarek et al.
[36], in their other study, applied different machine learning algo-
rithms to solve the suicidal user prediction problem using a rich set
of features like Emotional features, Temporal features and Account
features that have been effective in detecting suicidal users. The
feasibility of their method was studied on people who committed
suicide, and the results were shown to be in line with expectations.


2.3. Critical review of the existing literature


Detection of suicidal ideation through social media is a growing
area of research, with efforts directed towards building an intelli-
gent mechanism through training classifiers using various algo-
rithms and features. The ensemble approach has shown promise
in improving prediction results by overcoming overfitting. How-
ever, current research has primarily focused on training classifiers
on smaller datasets and tuning various parameters, with less atten-
tion given to feature engineering. Moreover, Previous studies have
mainly employed feature extraction techniques such as term-
frequency inverse document frequency and Bag of Words. In addi-
tion, various feature selection techniques such as univariate selec-
tion, feature importance, and correlation matrix have been used to
eliminate irrelevant attributes. In contrast, our study emphasizes
building a large real-world suicide dataset, utilizing a hybrid fea-
ture engineering mechanism to extract relevant features and train-
ing machine-learning models using these features.} The most
relevant articles related to our work, along with their contributions
and the features used are summarised in Table 1.


The literature survey indicated that work done in the field of
data mining for predicting suicidal ideation on social media and
its prevention is minimal that needs a lot of effort. Data scarcity
is also a big problem due to the privacy and ethical issues related
to this research. Moreover, the above literature mostly focuses on
binary classification and uses ordinary feature extraction tech-
niques. Our work made a novel effort to collect big data related
to suicidal tweets using the API of Twitter and Reddit and also
focused on a feature extraction mechanism for the extraction of
rich features. Then three machine learning algorithms were trained
to classify the tweets into three classes of distress using the
methodology discussed in Section 3.

3. Methodology


The methodology adopted in this research article for identifying
and classifying social media posts into three levels of concern con-
sists of four major steps as shown in Fig. 2. In the first step, relevant
data is extracted from SNS. The second step is about annotating the
posts into three levels of risk based upon the annotation scheme
that is devised in consultation with mental health experts. The
third step involves preprocessing the posts to remove irrelevant
and redundant information and proposing the feature extraction
mechanism to extract the relevant features for training the
multi-class machine learning model. The last step is about classify-
ing the posts and evaluating the model using different metrics.


3.1. Data Collection and Exploration


The data was collected from two famous SNS: Twitter and Red-
dit through their APIs. We neither collected any identifiable human
data from the social posts nor saved any such information. A ran-
dom identifier was assigned to each post. Twitter API was used
to collect the tweets using the phrases or words as used in previous
research [11,14,26] and other words suggested by the mental







Table 1
Most Relevant and Recent Work Related to the Detection of Suicidal Ideation on Social Media.


Study Contributions Data
Used


Features Used


[27] Developed Binary classifier for suicide detection using various Machine learning techniques Twitter TFIDF,BOW
[37] Developed Multi-class machine learning classifier for classification of suicide related


communication on Twitter
Twitter TFIDF


[38] Developed Binary classifier for suicide detection using Machine and ensemble methods. Twitter Manual features (34 known keywords used by
suicidal persons)


[18] Develop and design new features to improve classification of suicidal content. Twitter LIWC Features, Topics, TFIDF and part of
speech


[30] Developed machine learning classifier for suicidal identification. Twitter Manual features (Suicidal Keywords),TFIDF
and BOW


[29] Quantification of suicidal warning signs for detection of distress and suicide related content. Twitter Textual and Behavioural features
[39] Prediction of suicidal ideation using Deep learning and Machine learning models. Reddit TFIDF and Word2Vec


Fig. 2. Proposed methodology for suicidality detection.
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health experts over the period November 8, 2019, to February 26,
2022. Some of those keywords for extraction of data from Twitter
are as listed: ‘‘want to die; tired of myself; ending my life; be dead;
suicidal; feeling empty; feeling suicidal; feeling alone; feel anx-
ious; I feel helpless; unworthy life; suicide plan; cutting my wrist;
Insomnia; fucking life; depression; pills depressed; diagonised
schizophrenia; diagonised bipolar; MDD; never wake up; better
off dead; go to sleep forever; tired of living; We also studied two
subreddits, r/SuicideWatch, and r/depression. To extract the suici-
dal posts -and also those posts that don’t directly indicate suicidal-
ity but point to any of the risk factors related to the suicide, we
selected postings from r/SuicideWatch and r/depression. We
expected that all r/SuicideWatch entries were suicidal and that
the vocabulary of r/depression would be the most comparable to
that of r/SuicideWatch as indicated by the previous research
[30,31], when several control subreddits were utilized for language
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comparison, implying that subreddits can be used as labels also.
We used the API of Reddit and Python Reddit API Wrapper (PRAW)
to retrieve the data. PRAW can only be used when we authenticate
ourselves. For that, we need to develop an application and get the
authentication details like client id, client secret, and user agent.
Some of the sample tweets and Reddit posts are shown in Table 2.


The combined dataset collected through Twitter and Reddit was
analyzed through Word Cloud in Fig. 3 to get the frequent words
used by individuals. The words like ‘‘life”, ‘‘feel”, ‘‘commit”, ‘‘want”,
‘‘depress”, ‘‘think”, and ‘‘depression”, were found in abundance.
These words reflected that many individuals who post their feel-
ings on social media want people to listen to their online cry before
taking this harsh step of suicide. The extracted data also contains
tweets about suicidal awareness, talking about killing oneself,
reporting the third person, and using suicide in another way, e.g.,
suicide door. The next step was to manually annotate the data by







Table 2
Sample Tweets/ Reddit Posts reflecting the Suicidalaity


Suicidal Posts Type of Post


‘‘I just want to end my life so badly. My life is completely empty and I don’t want to have to create meaning in it. Creating meaning is
pain. How long will I hold back the urge to run my car head-first into the next person coming the opposite way. When will I stop
feeling jealous of tragic characters like Gomer Pile for the swift end they were able to bring to their lives?”


Reddit Post (r/SuicideWatch)


‘‘I’ve been suicidal for a while now. I’ve made 4 attempts this year. And yet, nobody seems to get it. I can’t afford to be hospitalized.
I’m an emotional wreck. I keep breaking down, crying, and I don’t know why. I hate myself for this.”


Reddit Post (r/SuicideWatch)


‘‘My relationship is complicated and painful, but I don’t want to end it. While my girlfriend and I were broken up, I slept with her
boyfriend. For three years I’ve been trying to make it up to her, but after a while, I realized I don’t think I ever will. I’m not sure
she’ll ever want to touch me again. She hasn’t wanted to touch me since that happened, no matter how hard I try, no matter what
I do or say. She does it for me, but she looks bored the whole time and gets it over with asap. I feel worthless. She’s my soulmate. I
can’t live in this horrible world without her, but I don’t think she wants to be sexual with me. I’m so lonely. I wish I could just turn
off the part of my brain that feels.”


Reddit Post (r/depression)


‘‘I’m 21 y/o working student, I want to kill myself; life is unbearable. I have no skills no talents and I’m absolutely boring person so I
spend most of my free time alone. I really want to find a girlfriend but I see no way how could I find one when I’m useless like
this. I used to go away from sadness by listening to music but these days I am bored of music and just want to go to sleep and
never wake up.”


Reddit Post (r/depression)


‘‘I am 19 years old. I’ve had anxiety my entire life and depression since I was 12, and it’s gotten worse and worse over the years. Add
misophonia to that and it makes life torture. It’s especially bad now because I don’t knowwhat the fuck I’m doing in life. The only
reason I have to live is for my friends and family and because I’m too scared to die (which is ironic because I wish I was dead most
of the time, or at least I wish I’d never been born). But life is scary, too. Anyway. If things don’t get better in the next 5–10 years,
then I fucking quit. Or maybe I’ll pussy out like the pathetic piece of a shit coward I am. I don’t know.”


Reddit Post (r/depression)


‘‘I am gonna attempt suicide tonight. Bye Everyone. My last wishes are for my siblings to finish school and become emergency
responders”


Tweet


‘‘For the love of God leave me fucking alone. Plz leave flowers on my grave. Fuck y’all.” Tweet
‘‘Confession: I am not ok! I am trying but so far I am failing” Tweet


Fig. 3. Word Cloud of the suicidal dataset.
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developing the annotation scheme in consultation with psychia-
trists and Psychologists.


3.2. Data Annotation


A total number of 19915 tweets and reddit posts were collected.
Out of these posts, the annotators labelled 7025 posts in the no-
risk category, 6590 in the moderate risk category and 6300 in the
high-risk category. The annotation was performed in consultation
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with mental health experts and the person’s active on social media.
Human annotation scheme was devised in such a way that annota-
tors were asked to indicate about a post whether it will fall in any
one of the three categories of high risk, moderate risk or no risk
categories. All the posts indicating killing oneself or wishing to
be dead were asked to be put in the high-risk category. The
moderate-risk category includes those posts that talk about gen-
eral anxiety and depression. No risk category contains posts about
news about suicide, suicidal awareness and campaigning etc.
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Annotators were asked to select the post against the high risk and
no risk categories and in case of ambiguity, put the post in
moderate-risk category, the default level. We used the Kappa coef-
ficient to check the inter-annotator agreement between various
posts.


For high-risk category:


� Observed agreement: 0.92
� Expected agreement: ((0.70252̂) + (0.29752̂)) = 0.5164
� Kappa coefficient: (0.92–0.5164)/ (1–0.5164) = 0.645


For moderate-risk category:


� Observed agreement: 0.95
� Expected agreement: ((0.65902̂) + (0.34102̂)) = 0.4533
� Kappa coefficient: (0.95–0.4533)/ (1–0.4533) = 0.673


For no-risk category:


� Observed agreement: 0.98
� Expected agreement: ((0.63002̂) + (0.37002̂)) = 0.3897
� Kappa coefficient: (0.98–0.3897)/ (1–0.3897) = 0.781


Therefore, the Kappa coefficient for the high-risk, moderate-risk,
and no-risk categories are 0.645, 0.673, and 0.781, respectively that
indicates a substantial agreement.


3.3. Pre-processing and Feature Engineering


Data extracted through social media contains very noise. The
established methods [32] like tokenisation, stop word removal,
and lemmatization was applied to filter the data to use it for
machine learning. Moreover, the language of suicidal ideation lacks
lexical and syntactic patterns. Therefore, there is a need for hand
engineering to analyze a set of features. Feature engineering is pro-
posed to differentiate between various levels of distress. Various
features that were used in our model are as under:


� Statistical features: As per our analysis, the posts that users
generate vary in length. Therefore, the length of a post is calcu-
lated to use as a feature to train the machine learning model.


� Term FrequencyInverse Document Frequency (TFIDF): TFIDF
is used to measure the importance of words in the whole cor-
pus. TFIDF is defined below.

Table 3
Number of Topics vs Coherence value


Number of Topics Coherence Value


5 0.4581
10 0.5143
15 0.5480
20 0.5722
25 0.6099
30 0.6298
35 0.7491
40 0.7520
45 0.7693
50 0.7828
55 0.7835
60 0.7843
65 0.7848

tfidf ðwÞ ¼ freqðwÞ � log N
jt 2 D : w 2 tj ð1Þ


Where w refers to the word feature, N is the total number of
posts, t is the document and D is the document set.


� Latent semantic indexing features: The features generated
through TF-IDF had many inherent problems. As the dataset
grows, dimensionality increases. Moreover, the sparsity also
increases through the approach of the n-gram technique used
on the dataset. We used Singular Value Decomposition (SVD)
[33] to generate features in five ranks of 50, 100, 150, 200,
and 250 new features by finding the semantic relations between
the features generated through the TF-IDF scheme. Among the
five ranks, the most differentiating features were used.


� Average Risk Similarity: Average risk similarity (ARS) is a fea-
ture that has been engineered for our multi-class classification
problem on the basis of cosine similarity. The feature has been
built on a per-document basis. We used the following hypothe-
sis to engineer the ARS feature.
”On average, high-risk suicidal messages are going to have a higher
average cosine similarity with other high-risk messages than mod-
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erate and no-risk ones”.
Cosine similarity measures the cosine of the angle between two
vectors. The cosine measure is the metric whose range is
between �1 to 1. The smaller the angle between vectors, the
more similarity. When the angle between vectors is zero, the
similarity becomes highest as (cos h = 1). Let a and b be two fea-
ture vectors having the dimension of n. the feature vectors are
defined as. a = fa1; a2; a3 � � � ang and b = fb1; b2; b3 � � � bng The
cosine similarity between these vectors is defined as:

CS ¼ ða � bÞ
ðjaj � jbj ð2Þ


where,


a � b ¼ ða1 � b1 þ a2 � b2 þ . . . ::þ an � bnÞ ¼
Xn


i¼i


aibi


jaj ¼
Xn


i¼i


a2i


jbj ¼
Xn


i¼i


b2
i


CS is the Cosine Similarity and jaj and jbj define the magnitude of
two feature vectors a and b respectively.


� Topic Model Features: The suicidal and non-suicidal posts talk
about different themes. Moreover, the language of high risk,
moderate risk, and no risk posts also differ in their probabilities
of expressing a particular topic. These themes/ topics if ana-
lyzed can help in differentiating between these three categories.
Latent Dirichlet Allocation (LDA) was used to identify 50 latent
topics from the corpus. The LDA function of the topic model
package with a parameter k was used to implement the LDA
model. It was a challenge for us to select the optimal number
of topics (k) that are very well segregated and can provide
meaningful information for classification purposes. Thus, we
selected k with different values and picked up the one that gave
us the higher coherence value. The k value of ‘50’ marked the
end of the rapid growth of the topic coherence. So, the 50 topics
were found to be optimal. Table 3 shows the topic coherence
when k was changed. Topic modelling assumes that mixtures
of topics create a document. The topics generate various words
based on the probability distribution.Fig. 4 Shows the inter-
topic strength between those 50 generated topics. It is easy to
observe from the figure that the oval shaped figures refer to
the generated topics and the lines connecting the topics repre-
sent the strength of the relationship between them. Thicker
lines indicate a stronger relationship between topics, while







Fig. 4. Strength of relation between various generated topics.
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thinner lines indicate a weaker relationship. The strength of the
relationship between topics is determined by the degree of
overlap between the words that make up each topic. If two
topics share many common words, then they are likely to be
strongly connected, and the line between them will be thicker.
On the other hand, if two topics share few common words, then
they are likely to be weakly connected, and the line between
them will be thinner.


3.4. Classification


Suicidal ideation Detection is treated as a multi-class machine
learning problem. The dataset we used to train our model consists
of only two columns; the title of our text and the label. The prob-
lem is in the same way as formulated by [18]. On a corpus consist-
ing of a set of posts/tweets fpigni and labels fligni , training is
provided in such a manner that the model learns from the data
consisting of a set of all the engineered features and the corre-
sponding labels that are provided in a supervised setting. The
supervisory function guides the model as under:


li ¼ FunðpiÞ ð3Þ
li ¼ 2 in case of pi representing the high risk of suicide. The value of
li ¼ 1 and 0 in case of pi representing the moderate risk and no risk
of suicide respectively.We focused on the ’No Free Lunch’ theorem
of machine learning that suggested that no algorithm can work well
for all problems. As a result, we tried top three well known machine
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and ensemble learning algorithms for text classification [40,41] viz.
Support vector machine, Random forest and Extreme gradient
boosting algorithm to train our multi-class classification model.
The model is further validated through 5-cross validation tech-
nique. The cross-validation approach reduces the bias and variance
as the majority of the dataset is used for training the model, and
most of the data is also used for testing the model. The empirical
evidence suggests that 10-fold cross-validation and 5-fold cross-
validation is generally preferred, but it is not a thumb rule as k
can take any value.


The various metrics that were used to evaluate our classifica-
tion results are confusion matrix, Accuracy, Precision, Recall and
F-Measure.


� Confusion Matrix: The confusion matrix presents the four
values i.e.True Positive (TP), True Negative (TN), False Positive
(FP), and False Negative (FN) in a matrix form. True positive is
a value, where the classification model correctly predicts the
positive class, while true negative is a value, where the classi-
fier accurately predicts the negative class. The false positive is
a value where the classifier incorrectly predicts the positive
class. Similarly, a false negative is a value where the classifier
incorrectly predicts the negative class. An ideal classifier
should have more True positive and True negative values.
The perfect classifier will have an off-diagonal value equal
to zero, while all the values lie on the main diagonal, i.e.
(FP = 0, FN = 0).
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� Accuracy: It is one of the common metrics used to evaluate the
machine learning classifiers. It measures the ratio of the total
number of corrected predicted instances over the total number
of predictions.

Accuracy ¼ TP þ TN
TP þ TN þ FP þ FN


ð4Þ


Accuracy is a good measure, but when the dataset is imbalanced,
accuracy does not provide more information about the classi-
fier’s performance.


� Precision: It is a metric that determines the ratio of true posi-
tives over the total predicted positives (TPR).

Precision ¼ TP
TPR


ð5Þ


� Recall: It is a metric that determines the ratio of true posi-
tives over total actual positives (TAP). Recall is preferred to
select the best model when the high cost is associated with
false-negative, e.g. In disease prediction like in suicidal risk
identification, the consequences can be very high if at-risk
person is misclassified.


Recall ¼ TP
TAP


ð6Þ


� F1-score: It is a metric that is used to measure the perfor-
mance of the classifier/model when that model needs a bal-
ance between Precision and Recall & also when the dataset is
imbalanced, having a large number of actual negative values.
Usually, for learning models, false positives and false nega-
tives provide an important role. The F1 score tries to give
more weight to these values and contribute in minimizing
the impact of true negative values.


F1� score ¼ 2 � Precision � Recall
Precisionþ Recall


ð7Þ


The overall procedure that we used to detect level of suicidal
ideation in the social media posts is shown as a pseudocode
named as Algorithm 1 Enhanced feature engineering approach
for suicidal risk identification (EFASRI).


Algorithm1: Enhanced Feature Engineering Approach for
Suicidal Risk Identification (EFASRI)


1: Require: Filtered Posts (Tweets & Reddit) ðPin:csvÞ,
Classifier_Name, Classifier_Hyperpar


2: Ensure: No Risk (PNR), Moderate Risk (PMR) and High Risk
(PHR)


3: ST4733p33ART
4: for i from 1 to n (Total Number of Posts) do
5: C [i] = Pinput[i] $ Label//Adding labels
6: Text.csv = c [i]//CSV file containing posts and corresponding


labels
7: end for
8: Pro = tokens (Text.csv)//Tokenization and other text


standardization’s
9: Pro = tokens_tolower (Pro) // Lower casing
10: Pro = tokens_remove (Pro)// Hand Engineered stop word


removal
11: Pro = tokens_stem (Pro)// stemming
12: Text2.csv = Pro// Processed file
13: Processedcorpus = tm_map((tolower(Text), removewords


(Text), remove_punctuation(Text), preserve_intra_word_d
ashes = true, removenumbers (Text). stemDocument(Text),
stripwhitespace(Text))// processed corpus retained for
topic modeling
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a (continued)


Algorithm1: Enhanced Feature Engineering Approach for
Suicidal Risk Identification (EFASRI)


14: for i from 1 to n do
15: P_length[i] = nchar (Text2[i])// length of Post
16: end for
17: Tokens = tokens_ngrams (Text2, n = 1:3)//ngram features


up to 3 grams of whole dataset
18: Tokens.dfm = dfm (Tokens)//make document feature


matrix
19: dfm_trimmed = dfm_trim (Tokens.dfm, min_docfreq,


min_termfreq)// trimming the tokens having less
importance


20: TFIDF_features = dfm_trimmed. Tfidf// Extracting TFIDF
Features


21: incomplete.cases <– which (! complete. cases
(TFIDF_features))


22: TFIDF_features [incomplete. cases,] <–rep (0.0, ncol
(TFIDF_features))// replacing incomplete cases


23: LSA_features = SVD (TFIDF_features, nv = 50,100,150,200
250)// Most relevant features extracted by Dimensionality
Reduction using Singular value decomposition of LSA


24: Train.similarities = cosine (LSA_Features)// Finding
similarity of doc’s based on Cosine measure


25: for i from 1 to n row do
26: ARS [i] = mean (train. similarities [i, High Risk index)//


Finding Average suicide similarity based on cosine measure
27: end for
28: topic_model_features <–LDA (processedcorpus.dtm,


k = 50, method =”Gibbs)//topic modeling features on
preprocessed document term matrix


29: Optimal_Feature Set = LSA_features + P_length + ARS + t
opic model features


30: ClASSIFIER(Classifier_Name, Classifier_Hyperparameters,
CV = 5,Optimal_Feature Set)// Training classifier using our
feature engineering approach With hyperparameters tuned
and 5 cross-validation technique


31: END

4. Results and Discussion


Twitter and Reddit APIs were used to collect 19915 suicidal and
non-suicidal posts using different keywords and phrases used in
previous literature like [42,26] and also through various other
terms defined in our manual library that were collected in consul-
tation with mental health experts. The data from two subreddits r/
depression and r/SuicideWatch were also extracted to get those
posts that indicate the suicidal ideation and emotional state of
the potential suicidal users in more detail. After collecting a large
enough dataset, we pre-processed the dataset to remove the
redundancy and noise using various established methods [43].
Thereafter, the proposed feature engineering mechanism was used
to extract the most relevant features for classifying suicidal tweets
into three classes of distress. The feature extraction mechanism
consists of TFIDF, Latent semantic features, length of the post, topic
model features, and average risk similarity based on the cosine
similarity measure. The initial experiments were conducted by
splitting the dataset into 80:20 and 70:30 because empirical
results [44] show the performance of algorithms increases on such
splitting. We found that the model’s performance increased
slightly on increasing the training data. The technique of splitting
the dataset into training and testing folds suffer from inherent







Fig. 5. Confusion Matrix generated through SVM_EFASRI.
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problem of bias and variance. In machine learning, it is not always
that the model that has fit the training data will also work for the
real data. For that, we used the k-fold cross-validation technique to
get assured that the model gets the correct patterns of the data and
not take too much noise. The model was validated through a 5-fold
cross-validation mechanism. Python was selected to implement
machine learning algorithms. The various important packages used
in coding are Skitlearn, pandas, and NLTK. We applied three well-
known machine and ensemble learning algorithms i.e., SVM, Ran-
dom Forest, and XGB to train the suicide prediction model. The
configuration parameters of these machine-learning algorithms
are highlighted in Table 4. Among the three machine learning algo-
rithms, XGB-EFASRI outperformed the other two algorithms with
an overall accuracy of 0.9633.The main reason XGB-EFASRI per-
formed better than SVM and Random Forest is because XGB han-
dled both linear and nonlinear relationships between features. In
suicidal detection problem, there were complex relationships
between the features and the target variable, which XGB captured
better than SVM and Random Forest. Moreover, XGB uses gradient
boosting, which involved training multiple models sequentially
and combined their predictions. This helped reduce the variance
of the model and improved its accuracy. The confusion metrics
generated in our experimentation are shown in Fig. 5–7. On Ana-
lysing these figures, it can be seen that the rows represent the
actual classes of the test data, while the columns represent the pre-
dicted classes. The values in the cells of the confusion matrix indi-
cate the number of instances that were classified as belonging to a
particular class. In our experimentation, confusion matrix gener-
ated has three rows and three columns, corresponding to three
classes of suicide risk: Label ‘0’, ‘1’, 2’ refers to the No Risk, Moder-
ate Risk, and High Risk, respectively. Fig. 5 depicts the confusion
matrix generated by applying SVM-EFASRI. Out of 1426 instances
that truly belong to the No Risk class, the model correctly predicted
1275 and incorrectly predicted 41 as Moderate Risk and 110 as
High Risk. Out of 1106 instances that truly belong to the Moderate
Risk class, the model correctly predicted 905 and incorrectly pre-
dicted 76 as No Risk and 125 as High Risk. Out of 1451 instances
that truly belong to the High-Risk class, the model correctly pre-
dicted 1229 and incorrectly predicted 154 as No Risk and 68 as
Moderate Risk. Fig. 6 depicts the confusion matrix generated by
applying RFEFASRI. Out of 1384 instances that truly belong to the
No Risk class, the model correctly predicted 1357 and incorrectly
predicted 1 as Moderate Risk and 26 as High Risk. Out of 1157

Table 4
Hyper-parameter tuning of various Machine Learning algorithms


Algorithm Configuration Parameters


Support Vector
Machine (SVM)


C = 1.0, kernel=’poly’, shinking = True,
probability = True, coef0 = 0.0, degree = 3,
decision_function_shape=’ovo’, max_iter=-1,
Verbose = 10, cache-sixe = 200, class_wight = None
tol = 0.0001, gamma=’auto deprecated’,
random_state=’110’.


Random Forest (RF) n_estimators = 300, bootstrap = True, njobs = 6
random_state = 42, verbose = True, oob score = False,
Criterion=’entropy’, warm state = False
max_depth = 30, maximum_features=’sqrt’,
minimum samples split = 5, class weight = None,
minimum samples leaf = 1, minimum weight fraction
leaf = 0.0, minimum impurity decrease = 0.0,
maximum leaf nodes = None, minimum impurity
split = None.


Extreme boosting
Gradient (XGB)


base_score = 0.5, ‘reg_alpha = 1.2’,
col_sample_bytree = 1, ‘reg_lambda = 1.3’
booster=’gbtree’, n_jobs = 6, nestimators = 250,
objective=’multi:softprob’, verbose = 1,
validate = False, gamma = 0, subsample = 0.8.
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instances that truly belong to the Moderate Risk class, the model
correctly predicted 1083 and incorrectly predicted 22 as No Risk
and 52 as High risk. Out of 1442 instances that truly belong to
the HighRisk class, the model correctly predicted 1366 and incor-

Fig. 6. Confusion Matrix generated through RF_EFASRI.


Fig. 7. Confusion Matrix generated through XGB_EFASRI.







Table 5
Classification report of various algorithms based upon our proposed approach
(EFASRI)


Classifier Metrics No Risk Moderate Risk High Risk


SVM-EFASRI Accuracy 0.8558
Precision 0.8540 0.8905 0.8430
Recall 0.8945 0.8243 0.8507
F-measure 0.8702 0.8523 0.8205


RF-EFASRI Accuracy 0.9555
Precision 0.9523 0.9820 0.9523
Recall 0.9843 0.9432 0.9534
F-measure 0.9638 0.9643 0.9535


XGB-EFASRI Accuracy 0.9633
Precision 0.9621 0.9821 0.9523
Recall 0.9834 0.9535 0.9635
F-measure 0.9700 0.9623 0.9643
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rectly predicted 55 as No Risk and 21 as Moderate Risk. Fig. 7
depicts the confusion matrix generated by applying XGBEFASRI.
Out of 1373 instances that truly belong to the No Risk class, the
model correctly predicted 1349 and incorrectly predicted 0 as
Moderate Risk and 24 as High Risk. Out of 1081 instances that truly
belong to the Moderate Risk class, the model correctly predicted
1024 and incorrectly predicted 12 as No Risk and 45 as High risk.
Out of 1529 instances that truly belong to the High-Risk class,
the model correctly predicted 1464 and incorrectly predicted 43
as No Risk and 22 as Moderate Risk. The majority of the elements
in the left diagonal of the confusion matrices indicates that the our
model is performing well in predicting the correct class for most
instances. Table 5 shows the detailed comparison of the results
generated through application of our proposed feature extraction.
mechanism and implementation of various machine learning algo-
rithms. We used the various standard metrics like Precision, Recall
and F-measure to evaluate the performance of the machine learn-
ing algorithms using our proposed approach that provides the bet-
ter picture of the model’s performance. As our problem statement
was about the disease prediction where the high cost is associated
with the false negative values, the high recall indicates that the
model is able to correctly identify a higher proportion of true pos-
itive cases while minimizing false negatives. This is an important
outcome in disease prediction, where correctly identifying positive
cases is critical to ensure timely treatment and minimize negative
consequences.


Table 6 shows the variation in performance accuracy of the
XGB, the best performing algorithm on inclusion of different fea-
tures sets. The First column depicts the combination of feature sets
and last four columns reflects the accuracy in terms of various

Table 6
Variation in performance accuracy of the XGB


Features


Statistical features (SF) +TFIDF
SF + TFIDF + latent semantic indexing features
SF + TFIDF_latent semantic indexing features + Average Risk Similarity (ARS) feature
SF + TFIDF + latent semantic indexing features + Average Risk Similarity (ARS) featur


Table 7
Comparison of our proposed work with the previous research


Study Features Used


[30] TFIDF, BOW
[38] Word2vec
Proposed Work (XGBEFASRI) Statistical features, TFIDF, Latent Sem


Indexing features, Average risk simila
based upon cosine similarity and top
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evaluation metrics. It is observed that there is an increase in preci-
sion, Recall and F measure when additional features are added and
thus validates its use for increase in overall accuracy.


5. Comparison with the previous research


Limited research has been conducted on the classification of
social media data related to suicidal ideation. In this study, we
compared our proposed approach with the most recent and rele-
vant studies [30,38] regarding the identification of suicidal idea-
tion. Our findings revealed that none of the previous studies
achieved a level of accuracy comparable to our work. Furthermore,
the prior research employed simplistic feature extraction tech-
niques. In contrast, our approach achieved higher precision, recall
and overall accuracy due to the hybrid feature engineering
approach for extracting the most relevant features. Table7 compar-
ison with the recent works.


6. Conclusion


In light of the increased prevalence of Social Networking Sites
(SNS) and the associated social stigma, individuals have become
more comfortable sharing their personal feelings on these plat-
forms. In this article, we presented a text classification approach
for detecting suicidal ideation on SNS, utilizing a hybrid feature
engineering mechanism. The extracted features were then sup-
plied to three machine learning algorithms, resulting in a maxi-
mum achieved accuracy of 96.33%, demonstrating successful
replication of human accuracy. The high precision and recall values
obtained using the proposed feature extraction approach indicate
that it could play a vital role in developing a reliable model with
stable precision and recall. The findings of this research article offer
valuable insights for psychologists, psychiatrists, and patients,
shedding light on the detection of suicidal ideation in a novel
and effective manner. Some of the Future directions of the work
are listed as under:


1. Prediction models developed for binary classification and multi-
class classification can be deployed as a product that can gener-
ate the intervention messages. People can chat anonymously
with mental health experts/therapists without leaving their
homes and worrying about social stigma. When the user will
give feedback about how intervention messages helped them,
it can be channelized to improve the model.


2. The work can be extended to photos and videos related to sui-
cidal ideation by including image and video processing.

Precision Recall F- Measure Accuracy


0.8850 0.8630 0.8730 0.8850
0.9013 0.9215 0.9330 0.9300
0.9210 0.9315 0.9450 0.9415


e + Topic model features 0.9523 0.9535 0.9643 0.9633


Accuracy Achieved


0.9292
0.9500


antic
rity features
ic modelling features


0.9633
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3. Retrospective longitudinal analysis of those users needs to be
analyzed who died due to suicide that will help understand sui-
cidal behavior in a better way and further improve the model.


4. Questionnaires in consultation with mental health experts can
be used to extract the self-reported diagnosis (SRD) data that
will be supplied to the machine model to make it more
accurate.


5. The algorithm could be developed that can detect repeated
name-calling and abuse directed at a particular user even
though the person does not complain about it or express his/
her thoughts in implicit ways.


6. Further fine-grained classification of suicidal at-risk individuals
needs to be performed on the basis of emotions like anger, dis-
gust, etc. The classifier detecting the same will help redirect the
different kinds of suicidal individuals to particular resources for
intervention.
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