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Abstract
Depression and suicidal ideation are global reasons for life-threatening injury and 
death. Mental disorders have increased especially among young people in recent 
years, and early detection of those cases can prevent suicide attempts. Social media 
platforms provide users with an anonymous space to interact with others, making 
them a secure environment to discuss their mental disorders. This paper proposes 
a solution to detect depression/suicidal ideation using natural language processing 
and deep learning techniques. We used Transformers and a unique model to train 
the proposed model and applied it to three different datasets: SuicideDetection, 
CEASEv2.0, and SWMH. The proposed model is evaluated using the accuracy, pre-
cision, recall, and ROC curve. The proposed model outperforms the state-of-the-
art in the SuicideDetection and CEASEv2.0 datasets, achieving F1 scores of 0.97 
and 0.75, respectively. However, in the SWMH data set, the proposed model is 4% 
points behind the state-of-the-art precision providing the F1 score of 0.68. In the 
real world, this project could help psychologists in the early detection of depression 
and suicidal ideation for a more efficient treatment. The proposed model achieves 
state-of-the-art performance in two of the three datasets, so they could be used to 
develop a screening tool that could be used by mental health professionals or indi-
viduals to assess their own risk of suicide. This could lead to early intervention and 
treatment, which could save lives.
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Introduction

ideation is a serious mental disorder condition that may lead to suicide. It refers 
to persistent thoughts, fantasies, or preoccupations with self-death and self-harm. 
According to the World Health Organization (WHO), suicide is one of the leading 
causes of death worldwide, claiming the lives of more than 700,000 people each 
year [1].

Detecting and addressing suicidal ideation in its early stages is crucial to effec-
tive treatment. Traditional approaches to identifying suicidal ideation often rely on 
self-reporting through clinical interviews or surveys [2]. Despite the high accuracy 
of these methods, they are limited in their reach, as individuals may be reluctant to 
reveal their thoughts and feelings in interviews or surveys due to social stigma or 
fear of being judged.

Detection of suicidal ideation from social media can overcome the limitations of 
traditional assessment methods. By analyzing publicly shared comments, and inter-
actions of individuals on social media, researchers can gain insight into their mental 
and emotional states, including signs of distress and indications of suicidal ideation.

There is a growing interest in using machine learning (ML) and deep learning 
(DL) methods to detect suicidal ideation from social media posts. Deep learning-
based algorithms provide promising results in NLP problems. Among deep neural 
network models, transformer-based algorithms achieve the highest performance; 
however, the existing research is far from ideal. In this paper, we attempted to 
improve the state-of-the-art performance achieved in this field by proposing new 
deep neural networks and transformer-based models and applying them to three 
benchmark datasets. Specifically, we proposed three different approaches and 
applied them to three different datasets, namely SuicideDetection [26], CEASEv2.0 
[16] and SWMH [23]. Two models were designed for binary classification, but the 
third one accomplished a 5-class classification where the classes are five different 
states of being suicidals.

The contributions of the current work can be summarized as follows.

•	 This paper proposes three different deep neural network architectures each of 
which was designed and specialized for one of the following datasets: Suicid-
eDetection, CEASEv2.0, and SWMH.

•	 The proposed models achieve state-of-the-art performance in two datasets (Sui-
cide Detection, CEASEv2.0), outperforming previous models by 0.02 and 0.01 
points in terms of the F1 score.

•	 This paper compares classic machine learning with deep learning techniques 
when applied to the depression and suicidal ideation detection problem.

In the remainder of this paper, Sect. “Literature review” reports outstanding previ-
ous work on suicidal/depression detection. A detailed explanation of the proposed 
approach is provided in Sect.  “Proposed approach”, which is followed by experi-
mental evaluation in Sect.  “Experimental evaluations”. Results are discussed in 
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Sect. “Discussion”, and conclusions and future work are provided in Sect. “Conclu-
sion and future work”.

Literature review

Suicidal ideation can occur in different manners and various aspects. Identifica-
tion of this intention from social media has some limitations such as the infor-
mal language of the posts, and the demographic characteristics of the users which 
makes this text classification task challenging. These challenges are tackled by 
a group of researchers in the literature using an appropriate feature list. In their 
recent study, Shah et al. [43] proposed a hybrid feature extraction approach that 
combines Genetic algorithm and Linear Forward Selection (LFS) methods to 
select the most relevant linguistic and computational features for suicidal idea-
tion detection in social media, and applied the proposed approach to 7098 num-
bers of Reddit’s SuicideWatch subReddit social media posts as their dataset. The 
article compared various classification methods using different feature sets and 
concluded that Random Forest achieves the highest performance among others.

Researchers often do suicidal ideation classifications as binary classification or 
multiclass classification. Unlike most of them, [7] discusses the use of multitask 
learning (MTL) in a deep learning framework [52] to estimate the risk of sui-
cide and mental health using a union of multiple Twitter datasets that are manu-
ally annotated. The authors compare their MTL model to a well-tuned single-task 
baseline to predict a potential suicide attempt and the presence of atypical mental 
health with AUC> 0.8. The final dataset contains 9,611 users in total.

Another study [16] is one of the first examples of multitask classification for 
the extension of suicide notes (CEASE dataset [15]) which is a total of 315 real-
life suicide notes. The proposed multitask framework uses GloVe embedding and 
the Bi-GRU DL layer to detect depression, sentiment, and multi-label emotion. 
They achieved 0.74 accuracy on the depression detection task.

Deep neural networks have shown high performance in various tasks such 
as image classification, natural language processing, and speech recognition. In 
many text classification tasks, deep learning models outperform classic machine 
learning models and traditional data analysis approaches [20].

In [46], the authors propose a deep neural network model that combines Long 
Short-Term Memory (LSTM) and convolutional neural networks (CNN) that are 
pre-trained with 300-dimensional word2vec word embedding vectors to detect 
suicidal ideation on Reddit social media dataset [21]. The dataset is created by 
3549 suicidal and 3652 non-suicidal posts. Various NLP techniques, such as TF-
IDF, BOW, and statistical features, are employed to encode words and extract fea-
tures from text data. The authors observed evidence of hopelessness, frustration, 
anxiety, and signs of loneliness that point to suicidal ideation. The proposed com-
bined neural network model outperformed other approaches in the literature when 
applied to the Reddit dataset [21] with a 0.93 F1 score.

Another study [5] proposed a DL model based on CNN-BiLSTM.The CNN-
BiLSTM model achieved 0.95 suicidal ideation detection accuracy by using 
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textual features. The authors suggested that Reddit users at risk of suicide may 
have mental and psychological health problems. Our proposed approach could 
achieve 0.97 as an F1 score on the same dataset and outperformed pioneering 
approaches in the literature.

Some users might tend to hide their real identities and feelings and not explic-
itly express their feelings on social media due to privacy issues. This situation leads 
to the trade-off between privacy and prevention [12] because it prevents reaching a 
fraction of users that might be at risk; however, those users might express their feel-
ings and intentions implicitly using abstract or sarcastic sentences such as "What a 
life!", "Ohh I am so lucky!". Such sentences in social media could be misleading and 
difficult to understand the intention of their writer, but generally, suicide notes are 
written shortly, which can be used as clues to detect depressed and in-danger users 
before suicide. Taking into account these limitations, the authors in [16] provide a 
new corpus of suicide notes in English, named CEASE, which has been created and 
annotated with 15 fine-grained emotion labels (forgiveness, peace, and happiness, 
love, pride, hopefulness, thankfulness, blame, anger, fear, abuse, sorrow, hopeless-
ness, guilt, information, instructions). This corpus consists of 2393 sentences from 
about 205 suicide notes collected from various sources. Deep learning-based ensem-
ble models of CNN, the gated recurrent unit (GRU), and LSTM models are used to 
detect emotions in the corpus with an accuracy of about 0.60.

Identifying the meaning of the context is a crucial part of understanding the idea-
tion [32]. Most of the time, context composes various parameters that might affect 
the context such as sentence length, words starting with capital letters, special key-
words, special stopwords, negative meanings, topic [17], abbreviations, and punc-
tuation marks.

In [32], the authors propose a probabilistic framework that models users’ online 
activities as a sequence of psychological states over time and estimates emotional 
states by incorporating context history using Conditional Random Fields (CRF).

In addition, some research works [19, 39] have investigated statistical differences 
between textual features (Linguistic Inquiry and Word Count (LIWC) [35], Bag of 
Words (BoW) [38] or n-grams [27] and word embeddings [28]) and behavioral char-
acteristics of each risk group for suicidal ideation. They evaluated statistical and 
deep-learning-based approaches to handling multimodal data for suicidal ideation 
detection of users from Twitter. The obtained results contribute to our understanding 
of how the combination of textual, visual, relational, and behavioral data outper-
forms each model in isolation by 0.08.

Despite interest in context, advances in deep learning and attention mechanisms 
of neural networks in the NLP tasks lead to better representing of the user’s context 
and to capturing the relationship between sentences[51]. In [22], the authors propose 
a model for effectively encoding relational text to detect suicidal ideation and mental 
disorders. The attention mechanism is incorporated to prioritize crucial relational 
features. The datasets used in this study include the UMD Reddit Suicidality Dataset 
[44] from 11,129 users who posted on SuicideWatch, and 11,129 users who did not, 
and also the SuicideWatch and Mental Health Collection (SWMH) dataset with a 
total of 54,412 posts. The authors report F1 scores of 0.54 and 0.64, respectively for 
the UMD and SWMH datasets.
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The proposed ideas in [22] are supported by [6] which proposes a hybrid and 
ensemble method consisting of LSTM and LR. This method was tested on three dif-
ferent datasets: CLPsych 2015 [11], Reddit [37], and eRisk[30]. The authors con-
cluded that word embeddings can be one of the driving sources of performance dif-
ferences among hybrid models and DL with the model. Their best performance was 
achieved on the Reddit dataset with 0.77 as the F1 score.

Transformers as recent advances in the NLP field have made a wide variety of 
tasks more accurate and faster, as they provide a better understanding of sequence 
data and a shorter training time because they use larger dimensions for word and 
sentence embeddings [47] and process the whole input in parallel.

Since transformers are an open-source library, researchers can extend them 
to build more advanced architectures [49]. Pre-trained transformers with domain-
specific data can be used for specific tasks. In [24], the authors developed two pre-
trained masked language models, MentalBERT and MentalRoBERTa, for the men-
tal healthcare research community. The authors used the language representations 
pre-trained in the target domain, for improving the performance of mental health 
detection tasks. They evaluated these models and several variants of pre-trained lan-
guage models and could achieve a recall of 0.70 and an F1 score of 0.72 by the Men-
talRoBERTa model.

In another work [42], the authors propose a time-aware transformer-based model 
called STATENet for preliminary screening of suicidal risk on social media. The 
model jointly learns from the language of the tweet and the emotional histori-
cal spectrum in a time-sensitive manner to detect users with suicide ideation. The 
authors use Twitter timeline data from the dataset proposed by [45] which contains 
34,306 tweets. They report an F1 score of 0.81 for STATENet, which is greater than 
the F1 score of 0.77 reported by the best-performing baseline model. The authors 
concluded that suicide risk exists in a diverse spectrum and that simplification of 
binary labels could lead to artificial notions of risk.

Proposed approach

Data availability is an important factor in choosing a classification model for text 
classification problems. Three different datasets with different characteristics have 
been used in the current research. We have presented three unique models in this 
work, which are applied to all three datasets taking into account their diverse fea-
tures. The framework of the proposed models is illustrated in Fig.  1. Firstly, we 
applied different pre-processing steps to all datasets. Then, the sequence data were 
converted to vectors with the help of different word embedding models such as 
Word2Vec, fastText, and GloVe. Different classic machine and deep learning algo-
rithms have been used in the architecture of the proposed models. Specifically, the 
BiLSTM layer, the attention layer [47], and different types of transformers (BERT, 
RoBERTa) are used along with the additional dropout and batch normalization lay-
ers within the proposed models. Two out of three models result in binary labels (sui-
cidal, non-suicidal), while the third one results in multi-class labels (depression, sui-
cidewatch, anxiety, offmychest, bipolar). Therefore, the sigmoid activation functions 
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[34] and the binary cross-entropy loss function are used for the SuicideDetection 
and CEASEv2.0 datasets, but the softmax activation function [9] and the sparse cat-
egorical cross-entropy loss function are used for the SWMH dataset. All steps in 
Fig. 1 are explained with details in the following sections (see Table 1).

Preprocessing

Textual datasets are mostly unstructured because they are written in natural lan-
guage by totally different people. Social media posts often contain images, videos, 
emoticons, and other multimedia elements. These data should be converted to struc-
tured form by applying a preprocessing step before they are fed into the model as 
input. In the preprocessing step, we apply a set of methods on the unstandardized 
dataset using common NLP libraries such as NLTK [29], Beautiful soup [41] and 
Neattext [4] to

•	 Reduce noise in the data to achieve higher performance;
•	 Reduce the size of the data for more efficiency;
•	 Remove irrelevant features for greater consistency.

Some steps in the preprocessing phase are commonly applied to all datasets, but oth-
ers are dataset-specific. Table 4 shows which pre-processing step has been applied to 
which dataset.

We have collected a corpus called a contraction dictionary from the social media 
posts, which is composed of 151 most common contractions and their openings (i.e., 
"don’t" -> "do not", "ain’t" -> "is not"). We removed HTML codes, links, new lines, 

Fig. 1   Framework of the proposed suicidal ideation detection classifier
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extra whitespace, and special characters. We removed stopwords except for the key-
word "I" because it emphasizes suicidal ideation.

Preprocessing steps are separately applied to datasets according to their nature 
and writing style; for example, due to spelling errors in the CEASE dataset, spell 
correction is applied only on this dataset, or due to the short length of sentences 
in the SWMH dataset, singular to plural form conversion is not applied on this 
dataset.

Table 3 lists examples of three different sentences from each dataset before and 
after preprocessing.

Word embedding

Word embedding is a technique used in natural language processing (NLP) to rep-
resent words as numeric vectors in a high-dimensional space (100, 200, etc.). This 
allows words to be compared with each other based on their semantic meaning; e.g., 
words with similar meanings will have similar vectors. We used the most popular 
word embeddings, namely, GloVe, and fastText, and also transformer-based sen-
tence embeddings for training the proposed models.

GloVe: Global Vectors For Word Representation

GloVe [36], as one of the prominent word embedding models, unlike Word2vec 
[31], utilizes global statistics (word co-occurrence) along with local statistics (local 
context information of words) to generate word representations. This enables the 
identification of meaningful semantic relationships among words. We started our 
experiments by using the GloVe embeddings first. Equation (1) shows the cost func-
tion for GloVe word embeddings.

where:
��� represents how often word i appears in the context of word j
�� the vector for of the main word
𝐰̃𝐣 represents the vector for the context word
𝐛𝐢,𝐛𝐣 is the scalar biases for the main and context words
and f is the weighting function that helps us to prevent learning only from 

extremely common word pairs

FastText

FastText [8] is an open-source library for efficient learning of word representations. 
It provides two models for the computation of word representations: skip-gram 
and continuous-bag-of-words (cbow). The skip-gram model acquires knowledge to 

(1)J =

V∑

i,j=1

f (Xij)(w
T
i
w̃j + bi + b̃j − logXij)

2
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estimate the neighbors of a target word, while the cbow model forecasts the target 
word based on its neighbors. Using subword-level information, it builds vectors for 
unknown words. It uses cosine similarity between the vectors. Equation (2) shows 
that cosine similarity can be calculated as the dot product of the vectors normalized 
by their size.

Transformer‑based sentence embedding

SentenceTransformers [40] are state-of-the-art sentence embeddings that use sia-
mese and triplet network structures. In [40], authors concluded that Sentence-BERT 
(SBERT) structure which uses siamese and triplet network structures, is 46.8k faster 
than cosine similarity to find the most similar pair. Transformers have their own 
preprocessing step because, unlike other ML & DL algorithms, transformer mod-
els such as BERT, RoBERTa have their own input type. While the granularity in 
Word2Vec and fastText is at the word level, sentence embeddings work at the sen-
tence granularity level. There is a collection of pre-trained models that have been 

(2)cosine_similarity(u, v) =
u ⋅ v

||u|| ⋅ ||v||

Table 2   Details of models for 
CEASEv2.0 dataset. (Each 
column represents a different set 
of parameters for a model of the 
dataset.)

Layer & Parameters Models for CEASEv2.0 Dataset

Data Split %80 Training - %20 Test
Input Shape 44 43
Embedding Sentence fastText
Embedding Model All-mpnet-base-v2 crawl-

300d-2 M-sub-
word

Embedding Size 768 300
Network 2BiLSTM BiLSTM
Activation Softplus relu
Dropout Rate 0.18 0.25
Flatten – –
Batch Normalization ✓ ✓

Epoch 42 10
Batch 265 32
Optimizer Nadam Adam
Callbacks
Early Stopping ✓ ✓

Reduce LR ✓ ✓

Checkpointer – –
F1-score (%) 68 75
AUC Score (%) – 70
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fine-tuned for various tasks. The embedding models that we used for the SuicideDe-
tection and CEASEv2.0 datasets can be found in Tables 1 and 2.

Classification

We have built three different classification models; Two of them accomplish a 
binary classification and the third one does a multi-class classification. In the 
training phase, we used "binary-crossentropy" which is calculated in equa-
tion (3) for the binary classification, and "SparseCategoricalCrossentropy" for 
the multi-class classification. The estimated labels for the SuicideDetection and 
CEASEv2.0 datasets are either “suicidal” or “non-suicidal” but for the SWMH 
dataset it is one of the five classes: “depression”, “suicidewatch”, “anxiety”, “off-
mychest”, and “bipolar”. These class labels are also shown in Fig. 1.

where:
BCE is Binary Crossentropy
SCCE is Sparse Categorical Crossentropy
N is the output size
y is the true label value
and ŷ is the predicted label value
In the architecture of the proposed models, various state-of-the-art word 

and sentence embedding layers, and neural network layers have been used. 

(3)BCE(y, ŷ) = −

N∑

i=1

yi log(ŷi) + (1 − yi) log(1 − ŷi)

(4)SCCE(y, ŷ) = −

N∑

i=1

yi log(ŷi)

Table 4   Preprocessing steps for 
each of the datasets

Datasets

Preprocessing Suicid-
eDetection

CEASEV2.0 SWMH

Remove HTML ✓ ✓ ✓

Remove new lines ✓ ✓ ✓

Remove Links ✓ ✓ ✓

Remove special characters ✓ ✓ ✓

Replacing contractions ✓ ✓ ✓

Remove stopwords ✓ ✓ ✓

Words to singular ✓ ✓ –
Spell correction – ✓ –
Lemmatization – – ✓
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Hyperparameter optimization is applied to the parameters of these layers and also 
to the general parameters of the model. Different optimizers such as Root Mean 
Square Propagation (RMSprop), Adam [25], and Nadam [14] have been used. The 
BERT model also uses an unmodified Adam optimizer. In all datasets, the Adam 
optimizer was more successful in finding global minima for the current problem 
since it uses a combination of two gradient descent methodologies: momentum 
and RMSprop.

We have used Rectified Linear Units (ReLU) [3] activation function as shown in 
equation (5) primarily along with the softplus function which is a smoothed version 
of ReLU as shown in equation (6) as the activation function of the dense layers.

Tanh activation function [33] as shown in equation (7) for BiLSTM layers with the 
relu function for the dense layers usually obtains promising results.

Activation of the last dense layers differs in the proposed models as two models use 
the sigmoid function as in equation (8) for the binary classification while the third 
one uses the softmax function as in equation (9) for multi-class classification.

Overfitting is a trap that trained models may fall into it. In this trap, while a model 
performs very well when applied to the train set, it shows a very low performance on 
the test set (unseen data). In order to prevent this issue and generalize the proposed 
model, we used the dropout method with different dropout rates and batch normali-
zation layers. The dropout layers randomly drop neurons from the network during 
training, while the batch normalization layers normalize the input data to each layer 
in order to reduce the internal covariate shift. For SuicideDetection dataset we used 
the rate between 0.3−0.7, where 0.3 dropout rate achieved the best results. For the 
CEASEv2.0 dataset, this rate was between 0.18 and 0.25 and the 0.25 dropout rate 
achieved the best results. This difference is due to the dataset size; SuicideDetection 
dataset is 46.4k times larger than the CEASEv2.0 dataset.

Callbacks are utilities in machine learning to prevent overfitting. We used Early 
Stopping, Reducing the LR, and Checkpointer methods. Early stopping stops 
training after a specific number of attempts if there is no further advancement in 

(5)f (x) = max(0, x)

(6)f (x) = log(1 + ex)

(7)f (x) = (ex − e−x)∕(ex + e−x)

(8)f (x) = 1∕(1 + e−x)

(9)f (xi) =
exi∑n

j=1
exj
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validation accuracy. Therefore, there would be no waste of time for training. Reduc-
ing the LR improves the accuracy of a model by allowing it to adjust the learning 
rate during training. Checkpointer callback saves the model weights at the end of 
each epoch by watching the performance of the model so that we can save the best 
model if there is any interruption or crush.

BiLSTM networks

Our proposed models for the SuicideDetection and CESEv2.0 datasets use BiLSTM 
[18] network. BiLSTM layers have the advantage of capturing both the forward and 
backward directions of the given context as shown in Fig. 2, allowing for a better 
understanding of the sequence as a whole. Figure 3 shows the proposed model archi-
tecture for SuicideDetection dataset. We used two layers of BiLSTM; For the first 
layer, a parameter called return_sequences is set to true because return_sequences 
returns the hidden state output for each input time step, and the output of each time 
step is sent to the second BiLSTM layer.

CEASEv2.0 dataset has the shortest user comments among other datasets and the 
best model for this dataset has 43 input shapes and is trained for 10 epochs with 
16 batch size. The model also has a batch normalization layer before the fully con-
nected output layer. The model architecture is shown in Fig. 4.

Fig. 2   BiLSTM network stucture



2290	 Journal of Computational Social Science (2024) 7:2277–2307

1 3

BERT transformer

We used the BERT Transformer [13] for the SWMH dataset. There exists a multi-
head attention mechanism in each block of the transformers. The attention mecha-
nism allows the extraction of only the most relevant information from a given input, 
which reduces the computational complexity of a model [10]. The proposed model’s 
architecture is shown in Fig. 6. The model trained for the SWMH dataset has 256 
input shapes and is trained for 2 epochs. The total value of the trainable parameters 
is 108.706.565. The BERT itself has 768 dimensions. The summary of the SWMH 
model is given in Fig. 5.

State-of-the-art deep neural network-based algorithms such as transformers pro-
vide higher efficiency than traditional machine learning algorithms because they 
process large amounts of data in parallel and can automatically extract features from 
data without relying on hand-crafted features.

We have trained our models with different input shape sizes. This value 
depends on the maximum text length of each document because word plays its 
role as a feature, and using all words as features results in better performance. 
Different pre-processing steps may result in different input shapes. The best 
model for the SuicideDetection dataset has 188 input shapes and is trained for 

Fig. 3   Proposed model architec-
ture for suicidedetection dataset
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Fig. 4   Proposed model architec-
ture for CEASEv2.0 dataset

Fig. 5   SWMH model summary
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20 epochs with 128 batch sizes. Note that here the best model means the model 
with the best performance, e.g., the highest accuracy.

Experimental evaluations

Dataset

In this section, a comprehensive evaluation of the proposed method is provided. 
The details of the datasets, the evaluation metrics, and the results, followed by a 
discussion of those results are given in the following subsections.

Suicide detection dataset

The Suicide Detection Dataset1 [26] is a collection of user posts on Reddit ("Sui-
cideWatch" subreddit) that are publicly available on Kaggle. The dataset consists of 
232,074 posts on ’SuicideWatch’ from December 16, 2008 to January 2, 2021. It has 
116,037 suicide posts and 116,037 non-suicidal posts. The SuicideWatch subred-
dit refers to a monitoring procedure designed to prevent suicide attempts by indi-
viduals who display suicidal warning signals since they can be at risk for intentional 
self-harm.

Fig. 6   Proposed model architec-
ture for SWMH dataset

1  https://​www.​kaggle.​com/​datas​ets/​nikhi​leswa​rkoma​ti/​suici​de-​watch.

https://www.kaggle.com/datasets/nikhileswarkomati/suicide-watch
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CEASEv2.0 dataset

The CEASEv2.0 dataset [16] is the extended version of CEASE dataset [15] which 
is annotated with 15 fine-grained emotions at the sentence level of suicide notes in 
English, comprising 2393 sentences (from 205 suicide notes). With the addition 
of 2539 sentences to the base version, the dataset consisted of 4932 sentences col-
lected from a totally collected 325 suicide notes. CEASEv2.0 is publicly available 
for research purposes. It is the most complex/challenging dataset among these three 
datasets because of the smaller data size and an unbalanced rate of labels.

SWMH dataset

The SuicideWatch and Mental Health Collection called the SWMH dataset [23] is 
the collection of a total of 54,412 posts specific to the subreddits of depression, sui-
cidewatch, anxiety, offmychest, and bipolar using the Reddit API. Unlike the other 
datasets we used for binary text classification, we used this dataset for multi-class 
classification.

Evaluation metrics

In our experiments, we evaluated the efficiency of the proposed methods based on 
the AUC score and the F1 score. The AUC score is the area under the ROC curve, 
which measures the model’s ability to distinguish between positive and negative 
classes as shown in equation (10). The F1 score is the harmonic mean of precision 
and recall as in (13), which is a measure of the model’s ability to correctly classify 
positive and negative classes. The calculation of precision and recall is mentioned 
in (11) and (12) respectively. Both the AUC and the F1 scores can be used instead 
of recall and precision metrics. Since we evaluated multi-class classification for the 
SWMH dataset, the AUC score for multi-class classification is calculated by taking 
the average of the AUC scores for each class.

(10)AUC =
1

n

n∑

i=1

(TPi +
1

2
FNi)

(11)Precision =
TruePositives

TruePositives + FalsePositives

(12)Recall =
TruePositives

TruePositives + FalseNegatives

(13)F1 = 2 ∗ (precision ∗ recall)∕(precision + recall)
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Results and comparison

The SuicideDetection dataset is experimented with the ML and DL algorithms as 

Table 5   Best proposed models for each of the datasets

a SWMH has 5 classes

Dataset Size Description Method Result

Suicide detection [26] 232.074 Reddit data (%50-
%50)

FastText, BiLSTM 0.97 F1-score, 0.996 
AUC score

CEASEv2.0 [16] 4.932 %64 non-depresision, 
%36 depression

FastText, BiLSTM, 
word correction, 
initial bias

0.75 F1-score, 0.70 
AUC score

SWMHa [23] 54.410 Reddit data (multi-
class)

BERT 0.68 F1-score

Table 6   Comparison and 
evaluation of ML models for 
suicidedetection dataset

bMultinomial Naive Bayes (MNB) cRandom Forest (RF) dLinear 
Regression (LR) eSupport Vector Machine (SVM) fDecision Tree 
(DT)

Score (%)

ML Algorithms Accuracy Precision Recall F1 Score

MNBb 56.32 16.42 78.52 27.16
RFc 81.71 82.23 81.14 81.68
LRd 70.78 71.53 70.78 70.88
SVMe 93.21 93.31 93.21 93.21
DT f 82.97 83.94 82.97 83

Table 7   Comparison and 
evaluation of ML models for 
SWMH dataset

gMultinomial Naive Bayes (MNB) hLinear Regression (LR) i

K-Nearest Neighbors (k-NN) jRandom Forest (RF) kStochastic 
Descent(SD) lGradient Boosting (GB)

F1-Score (%)

ML Algorithms One-hot 
Encod-
ing

TF-IDF TF-IDF 
ngrams

TF-IDF 
char 
ngram

FastText

MNBg 62 58 52 57 –
LRh 62 67 53 65 –
k-NN i 45 52 25 49 –
RF j 58 62 50 59 –
SDk 60 66 52 65 21

GB l 60 61 46 62 35
XGBoost 66 66 53 65 40
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Table 8   Comparison and 
evaluation of DL models for 
SWMH dataset

FastText word embedding

DL Algorithms F1-score (%) AUC Score (%)

Shallow network 66 86.8
DL (just embedding) 64 86.3
DL (Emb.+2 Dense) 63 86.4
RNN 55 –
CNN 60 –
LSTM 65 86.5
CNN + LSTM 64 87.3
CNN + GRU​ 63 85.8
RNN + GRU​ 64 85.3
2BiLSTM 62 84.2
Bidirectional GRU​ 64 85.0
RCNN 66 87.5
RCNN-v2 66 87.8
RCNN-v3 65 86.5
BERT 68 –

Fig. 7   Accuracy & loss graph of model for suicidedetection

Fig. 8   Accuracy & loss graph of model for CEASEv2.0
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shown in Tables 6 and 1. The best model for the Suicide Detection dataset uses deep 
neural network models. The designed model consists of ten layers with different 
parameter values as in Fig.  3 where the order of layers is as follows: Embedding 
+ Dropout (0.3) + 2BiLSTM (128 units) + Dense (32 units) + Dropout (0.3) + 
Dense (16 units) + Dropout (0.3) + Batch Normalization + Dense (1 unit). FastText 
(crawl-300d-2  M-subword.bin) is used to generate word embedding vectors. The 
model achieved a 0.97 F1 score and 0.9742 accuracy as a result of training for 20 
epochs with 128 batch sizes on the SuicideDetection dataset. The proposed model 
outperformed the state-of-the-art model [5] achieving 0.95 accuracy by using CNN-
BiLSTM with Word2Vec. The AUC score of our model on the SuicideDetection 
dataset is 0.996. Besides, our validation loss is 0.08 as in Fig. 4, while in [5], the 
validation loss of 0.15.

The CEASE dataset is the most difficult dataset to classify among the three due 
to its small size and unbalanced classes. This small size and the short length of 
its posts highlight the role of spell correction in this dataset, as we do not want 
to lose any words due to syntax errors in a short post. The designed model for 
this dataset includes eight layers with different parameters shown in Fig. 4. The 
order of layers is as follows: Embedding + BiLSTM (32 units) + Dense (8 units) 
+ Dropout (0.25) + Dense (4 units) + Dropout (0.25) + Batch Normalization + 
Dense (1 unit). Due to its small size, the designed model for the dataset is smaller 
than the others in terms of layer number and neuron number in each layer. The 
model is trained for 10 epochs with 16 batch sizes, with a bias initializer which is 
used due to unbalanced classes (Fig. 7). This model achieved a 0.75 F1 score as 
illustrated in Fig. 8 and a 0.70 AUC score as shown in Table 5. The achieved F1 
score outperformed the best model of [16] with 0.7435 as the F1 score using the 
GLoVe + Bi-GRU approach.

The SWMH dataset had been tested with ML algorithms in Table  7 and DL 
algorithms in Table 8. The best F1 score is achieved by using a BERT transformer 
trained for two epochs with batch size 16 which resulted in 0.68 as the F1 score. 
The model outperformed the proposed model in [23] which is built with RN and 
achieves 0.64 F1 score. The state-of-the-art F1 score for this dataset is 0.72 using 
the MentalRoBERTa model as in [24]. The intuition behind this success is that this 
transformer has been fine-tuned with domain-specific data–mental health-related 
posts collected from Reddit.

We have designed and tested different models, the details of which are listed in 
Tables 1, 2, and 6, 7, 8. At the end of the day, we selected the best model for each 
dataset which is shown with details in Table 5.

Discussion

A discussion of data and obtained results, as well as error analysis, the limitations 
of the proposed models, and practical and ethical considerations for suicidal ideation 
detection models are given in this section.
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Data analysis

Data is probably the first factor that affects the model performance as NLP appli-
cations are generally data-driven. SuicideDetection dataset has a balanced rate of 
suicidal and non-suicidal data. The SWMH dataset has five different classes, and 
the weight of each class is calculated using the compute_class_weight method in 
the Sklearn library as shown in (14). Class weights labels are presented in Fig. 13. 
The ratio of the dataset is balanced (ratio > 0.1) with the value of 0.408 (depression 
label=0.5805) / 1.4234 (weight of the bipolar label)) as calculated in (15). Also, the 
distribution of class rates of SWMH can be seen in Fig. 9.

where:
wj is the weight for each class (j signifies the class)
n_samples is the total number of samples or rows in the dataset
n_classes is the total number of unique classes in the target
n_samplesj is the total number of rows of the respective class

(14)wj =
n_samples

n_classes ∗ n_samplesj

Fig. 9   Class rates of SWMH dataset
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The CEASEv2.0 dataset is an imbalanced dataset, with 64% non-depression data 
and 36% depression data. Due to this imbalance, it is necessary to add extra steps, 
such as initial bias settings, when training the dataset.

The training process may vary depending on the size of the data. In the case of 
a large dataset, it is necessary to use a deeper network to extract an optimal set of 
features. This is because a larger dataset (in terms of the number and length of posts) 
may contain more complex features that a shallower network may not be able to 
recognize.

A comparison of the performance of the ML algorithms is provided in Table 7 
and Table 6 for the SWMH and SuicideDetection datasets. Word embedding tech-
niques such as Fasttext combined with DL algorithms achieve better performance 
than other word embeddings. This improvement in the performance can be seen in 

(15)ratio =
np.min(df .label.value_counts())

np.max(df .label.value_counts())

Fig. 10   WordCloud of all data-
sets combined

Fig. 11   Sentence features of CEASEv2.0 dataset (depression - non-depression)

Fig. 12   Sentence features of suicidedetection dataset (suicidal - non-suicidal)

Fig. 13   Class Weights of 
SWMH dataset
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Table 1, Table 2, and Table 8. This combination explains why our models outper-
form others [5, 16] for the SuicideDetection and CEASEv2.0 datasets.

The model for the SuicideDetection dataset has ten layers, while the BERT 
Transformer model for SWMH has twelve encoder blocks. The shallowest model for 
CEASEv2.0 has seven layers.

Some words appear more than others in users’ comments and carry more impor-
tance. These keywords such as ’feel’, ’life’, ’want’, ’know", ’think’, ’time’, and ’help’ 
are shown in Fig. 10 as a word cloud which is created from the combination of the 
datasets give a general idea of an individual’s intentions when thinking about their 
mental disorders. Among the most 100 frequent words in the datasets, we found 
words related to self-harm, hopelessness, sadness, and fear, indicating a negative 
and stressful mental state among some of the users.

Individuals who struggle with suicidal thoughts tend to seek ways to express 
themselves and connect with others, while those without such thoughts may not 
have the same motivation to seek support or share their struggling thoughts. This 
assumption is also supported in Figs. 11 and 12. These figures show that suicidal 
texts have greater word count, sentence count, average sentence length, and unique 
word count when compared to non-suicidal texts.

We have used three different embedding techniques. Word2Vec and FastText 
are based on word embeddings, and sentence embedding is based on transformers. 
In Table 9, similarity values for some similar and unsimilar word pairs are shown 
according to three embedding models. The models used for these embedding tech-
niques are glove.840B.300d.pkl, crawl-300d-2 M-subword.bin, and all-mpnet-base-
v2 respectively for Word2Vec, FastText and Sentence Embedding. For instance, the 
word pair suicide-happy has similarity values of 0.20, 0.14, and 0.32 respectively 
from Word2vec, FastText, and Sentence Embedding. We expect a small value for 
this word pair since these two words are not semantically similar or related. FastText 
gives the minimum similarity score also for the word pair suicide-forgive which is 
0.21 while the other embedding’s similarity scores is 0.26. It can be seen from the 
values in Table 9 and the performance of proposed models that FastText is more sta-
ble and its embedding score are more meaningful.

Table 9   Similarity values of 
different embedding techniques

Word Pairs Word2Vec FastText Sentence 
Embed-
ding

(Suicide-Happy) 0.20 0.14 0.32
(Family-Love) 0.44 0.39 0.41
(Suicide-Forgive) 0.26 0.21 0.26
(Understand-Forgive) 0.52 0.50 0.34
(Suicide-Death) 0.67 0.65 0.75
(Suicide-Life) 0.39 0.41 0.57
(Love-Life) 0.59 0.44 0.48
(End-Suicide) 0.32 0.30 0.27
(Time-suicide) 0.22 0.18 0.31
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Impact of dataset on model performance The properties of the datasets used 
in our study considerably influence model’s design and performance. The datasets 
differ concerning the kind of text (written notes versus social media posts), the plat-
form of origin (Reddit versus suicide notes), and the classification task (binary ver-
sus multi-class).

For instance, the SuicideDetection and CEASEv2.0 datasets from Reddit involve 
informal conversational language, which is typical of social media platforms. These 
datasets are noisy and contain a wide variety of language terms, demanding substan-
tial preprocessing phases such as slang normalization and context interpretation. In 
contrast, the SWMH dataset, consisting of suicide notes, includes more formal and 
structured language. Each dataset requires unique preprocessing strategies to man-
age its specific characteristics.

Additionally, the binary classification tasks (suicidal vs. non-suicidal) in the Sui-
cideDetection and CEASEv2.0 datasets are fundamentally different from the mul-
ticlass classification task in the SWMH dataset (depression, suicide watch, anxiety, 
off-my-chest, and bipolar). The multiclass classification requires more complicated 
models capable of distinguishing between tiny changes in text indicative of dis-
tinct mental health states. We used transformer-based models such as BERT for the 
SWMH dataset to utilize their superior ability in handling context and capturing 
semantic nuances.

Error analysis

In this section, we analyze the erroneous cases, i.e., those user comments that 
have been misclassified by our models. These examples are listed in Table  10. 
We reported shorter examples taken from the SuicideDetection dataset., while the 
majority of sentences in this dataset are longer. The reasons for this misclassifica-
tion could be different. Firstly, for the shorter sentences, some features that affect the 
output could mislead the result. In the first comment of Table 10, the words "tell", 
"story" and "wanted" mislead the model to misclassify the comment as suicidal, 
because suicidal texts usually contain these words. Therefore, some features have a 
greater effect on shorter sentences than they have on longer ones. In the third com-
ment, the author has used some nonsense words that make the comment look like 
slang. In the last comment, the repetition of some words, whether in the shorter or 
longer text, could also lead to misclassification. Suicidal ideation detection requires 
a semantic understanding of text, which highlights the importance of structured text, 
far from slang/informal language.

Table 11   Confusion matrix of 
model for CEASEv2.0 dataset

Predicted Values Actual Values

Positive (1) Negative (0)

Positive (1) 537 93
Negative (0) 154 203
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Some texts contain sarcastic sentences, in which the actual meaning of the sen-
tence is different from what appears superficially. This issue makes it difficult to 
classify these types of comments. For example, in the sixth example of Table 10, the 
statement ’pretty good life’ is positive, and the frequency of the word ’happy’ is 4. 
Therefore, the model is unlikely to detect suicidal ideation in this comment.

Another challenge is quotations because quotations imply the feelings or thoughts 
of another person, while the model tries to recognize the feelings of the author. This 
issue will end up in misclassification if the quoted text and the authors’ text are 
semantically different. This issue will be more challenging if the quotations are not 
written between quotation marks.

Impact of Model Biases and Errors on Downstream Tasks The presence of 
biases in AI-based models can significantly impact their effectiveness and fairness, 
particularly in applications such as suicidal ideation detection. When a model is 
trained on a specific dataset, it may inherit biases related to demographic representa-
tion, language usage, and cultural contexts. These biases can lead to skewed predic-
tions that can disproportionately affect certain populations. For example, language 
nuances and idiomatic expressions unique to specific communities may not be ade-
quately captured, resulting in higher rates of false negatives or false positives, which 
impacts the performance of the model on downstream tasks such as content modera-
tion and clinical screening.

In clinical screening, biases and inaccuracies could have serious consequences. 
False negative cases mean missing the opportunity to intervene in cases of true risk, 
potentially leading to adverse outcomes for the individuals concerned. Although 
false positives are less critical, they can still cause anxiety by focusing on people 
who are not at risk.

To mitigate these issues, it is vital to test the models on datasets that reflect dif-
ferent demographics and linguistic styles. Furthermore, including human specialists 
(human-in-the-loop approach [50]) in critical decision-making processes ensures 
that professional judgment complements automated systems rather than being 
replaced by them (Table 11).

Limitations

Detection of suicidal ideation through social media has several limitations. Self-
reported data from social media may not accurately represent an individual’s true 
feelings or experiences. Even individuals may write sarcastic sentences that can be 
entirely misunderstood.

Besides, there are ethical implications for data accessibility, i.e., an individual’s 
privacy should be preserved while using his/her posts. Additionally, the demo-
graphic characteristics of the users, such as age, gender, and socioeconomic status, 
may not be easily inferred from social media data due to privacy issues.

Moreover, the temporal nature of social media posts can make it difficult to detect 
the suicide risk emergently, as suicide posts may be written only hours or days 
before the attempt.
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Note that two proposed models out of three in this paper perform binary classifi-
cation, while the third one performs a multi-class classification. Another challenge 
is the degree of suicidal ideation due to the risk of binary classification, where the 
model has to assign a 0 or 1 label to people (suicidal or non-suicidal) without taking 
into account the risk level.

Despite these challenges, the proposed models still play a crucial role in identify-
ing patterns and trends in suicidal ideation and depression on social media, which 
can be improved by the expertise and knowledge to guarantee precise and prompt 
interventions.

Practical and Ethical issues.  The proposed model can be integrated into mental 
health care systems to provide early warning indications of suicide ideation, poten-
tially saving lives by allowing timely intervention. Concretely, mental health prac-
titioners can utilize these tools to monitor social media platforms for psychological 
distress signals and reach out to those exhibiting signs of suicidal thinking.

However, deploying these models has some challenges. One of them is the 
accuracy and reliability of the model across different populations and contexts. 
Variability in language use, cultural differences, and the use of slang or sarcasm 
can negatively affect the model’s performance. The false negative cases are more 
important and dangerous than false positive ones. As mentioned earlier, it is not 
so dangerous to estimate a normal person as having suicide ideation but estimat-
ing someone at high risk of suicide as normal may result in losing a person’s life. 
Another challenge is maintaining users’ privacy and complying with legal regula-
tions, such as GDPR [48], which requires careful handling of personal data and 
explicit consent from users. Anonymizing the user data is an important aspect of 
such research works. Transparency in such AI-based estimation systems is also 
essential to develop trust among users and stakeholders. The datasets we used in 
this research work have no personal information such as names or user IDs-user 
reviews are anonymous-otherwise, we would have to get permission from ethical 
commissions.

Conclusion & future work

In this study, we developed three suicidal ideation detection models using clas-
sic machine and deep learning algorithms including Transformer applied to three 
different datasets, two from the Reddit platform and one from suicidal notes. Our 
motivation was the urgent need to detect and prevent self-harm among people 
with mental disorders, particularly those who express suicidal thoughts in their 
online posts.

The proposed models outperform the state-of-the-art in two out of three data-
sets. Our obtained performance in the Suicide Detection and CEASE-v2.0 data-
sets in terms of F1 score are 0.97 (0.9742 accuracy) and 0.75, outperforming 
the state-of-the-art accuracy of 0.95 [5] and 0.74 [16] F1 scores, respectively. 
However, our model did not achieve state-of-the-art performance on the SWMH 
dataset, with an F1 score of 0.68 ranking second after the 0.72 F1 score of [24]. 
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Depending on the class labels of the dataset, Our models accomplished binary 
and multi-class classification.

The current research approves the potential of NLP, ML, and DL methods for 
suicide prevention. These techniques can be specifically used by psychologists to 
detect those social media users who have the potential to self-harm. leading to 
even more refined and broad language representations.

The current study focused solely on Reddit data, but future work will con-
sider other social media platforms such as Twitter and Facebook. In future work, 
we will also consider a combination of textual, visual, video, and audio data. 
Besides, we will also consider users’ personal characteristics such as age, gender, 
location, and hobbies.
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