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Abstract

The increasing use of social media paves the way for solving problems like suicide
and urge the need to detect and analyze suicidality. People are suffering from suicidal
ideation(SI) across the world. The urgency of early intervention and suicide prevention
programs cannot be overstated. Social media platforms are known for self-expression and
emotional sharing which offer an opportunity for early detection of SI. Our study aims
to use data from social media platforms like Facebook, Twitter, and Reddit. By using
machine learning (ML) to the data, we can automatically identify at-risk individuals. We
employ two ML based techniques: one topic modeling based deep learning (DL) and one
graph neural network (GNN) based models. Our deep learning based model achieves an
outstanding accuracy of 87%, while the graph neural network based model achieves a
remarkable accuracy of 78%. The deep learning based model surpasses traditional ma-
chine learning methods, such as SVM, random forest, and Naive Bayes. Our study may
contribute to policy-making approaches which can facilitate early intervention, suicide
prevention, and developing a comprehensive decision support system.

Keywords: Machine Learning, Deep Learning, Graph Neural Network, Suicidal Ideation,
and Social Media.
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Chapter 1

Introduction

Suicide is the act of taking one’s own life intentionally which is a growing problem globally
and the act becomes prevalent among the individuals of different culture, geographic,
religious, social and economic boundaries [1], [2], [3]. Suicide is the eighth leading cause
of death in Bangladesh [4]. Those who have no control over themselves may choose the
wrong path like suicide. Suicidal ideation (SI) represents thoughts, plans, or intentions
related to self-harm or suicide of an individual. People with SI prevalence may reveal signs
and symptoms that indicate a person may be at risk of harming themselves [6, 7, 8, 38].
These people are highly in need of appropriate steps to intervene and provide support
[9]. Traditional SI detection approaches are either interviews, questionnaire or survey
based. Those approaches are self explanatory and people with SI might not be interested
to provide actual information of themselves about their suicidal thoughts and mental
health condition [8, 10, 11]. In recent times, social media has become integral part of our
daily lives where we share our thoughts, ideas, and opinion [8, 10]. These media become
important resource for the researchers to investigate human behavior and mental health
status [11]. However, majority of the people with SI likely express their thoughts through
the posts on different social media platforms. Thus, social media platforms can be a great
choice for making early interventions of SI. The number of the users of the social media
platforms like Facebook, Twitter and Reddit are increasing in Bangladesh day by day.
According to the data published in Meta’s advertising resources in early 2023, Facebook
has 43.25 million users and Twitter has 1.05 million users in Bangladesh [12]. Several
studies [13],[14],[15],[16],[17],[18] and [19] have been conducted using traditional machine
learning (ML) techniques to detect SI from the social media posts. However, to find SI
prevalence users, a suitable annotation guidelines from social media posts and cutting
edge hybrid ML and deep learning (DL) based methods with higher accuracy are yet to
explored.
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1.1. Motivation Chapter 1. Introduction

1.1 Motivation

Several studies [13, 16, 18, 19] have been appeared in the literature to detect SI from
different content such as text, image, etc. by using ML and DL techniques. Vioules et
al. [13] uses concatenated features of N-gram, term frequency-inverse document frequency
(TF-IDF) [14], and linguistic inquiry and word count (LIWC) [15] to detect SI from
Reddit posts. Different natural language processing, computational linguistics, and deep
learning techniques are used in [16] to detect SI from Facebook, Twitter and Instagram
posts. Model fusion is used to analyze and detect suicidal data. An LSTM-CNN [17]
combined model is used in [18] to evaluate SI and compare to other classification models.
Murad et al. [19] finds out that a deep learning based model with CNN+BiLSTM has
outperformed with 0.61 F1-Score in Fasttext word embedding methods. Majority of the
existing techniques do not use ensemble of traditional ML or DL techniques. In particular,
Graph neural network (GNN) [20] is one of the latest deep learning techniques which was
not utilized before over social media dataset and not obtained higher accuracy. In addition,
these studies largely suffer of creating a high quality dataset and they do not reveal any
clear guidelines about how do they prepare and annotate dataset. To address this gap,
we endeavor to develop a high quality dataset with clear annotation guidelines by the
domain expert and develop a strong SI prediction model by using advanced DL based
hybrid approach from social media posts.

In our study, we use Facebook, Twitter and Reddit posts to analyze and detect SI. We
collect a total of 785 social media posts from these social media sites by using data scrawl-
ing and scrapping techniques with search keywords ”Suicide”, ”suicidal”, ”self injury”,
”self harm”, and many more related words. The collected posts are annotated by using
annotation rules instructed by one behavioral scientist. A total of 405 posts are annotated
as suicidal and the rest 380 posts are annotated as non-suicidal. We use two approaches
to perform the experiments. First, we develop a semi-supervised deep learning model or
Long Short Term Memory (LSTM) [17] to detect SI. We convert the social media posts
into vectors by using TF-IDF. The converted vectors are used in Latent Semantic Indexing
(LSI) [21] for topic modeling to extract the semantic relationship among the words in the
posts. Then, we utilized LSI to identify contextual topics which correlate with SI. After
topic modeling, we use word to vector (word2vec) [22] to create features. We follow the
above steps for extracting vectors of correlated topics with SI. However, the above meth-
ods is used for sentence level vectorization. Again, we find the vector of complete sense of
the post, we use a pre-trained language model like Bidirectional Encoder Representation
of Transformer (BERT) [23]. Later, to retain the maximum information, we merge both
word2vec and BERT feature vector for LSTM [17] model training. Second, we develop a
Graph Neural Network [20] model. In the GNN model, we use psycho-linguistic features
from a dictionary like LIWC [15] to understand users’ psychological condition well. We
create Graph using K-nearest neighbour from the features and apply GNN on the graph
for suicidal text classification. GNNs [20] are well-suited for data with a graph structure,
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1.2. Objectives Chapter 1. Introduction

which is often the case with social media networks. We also make a comparison with
baseline models to find out the best one in terms of performance metrics. The comparison
helps to fine tune our model performance to identify SI correctly.

1.2 Objectives

The main objective of our research is to suggest an automated system which can perform
the detection of suicidal ideation from social media posts and can take part in suicide
prevention policy making approaches. We target to implement a machine learning based
model to integrate into an automated decision support system. To find out the best
performant model with robustness, our goal is to implement and experiment with the
model through different data size and type. We aim to perform hyper parameter tuning
to those models for optimization and generalization. We want to discuss the usability and
strength of different natural language processing and machine learning techniques that we
opt to use in our model to specify the techniques for developing the objectives.

1.3 Contributions

• To construct a dataset from Facebook, Twitter and Reddit posts and to implement
a novel DL and GNN based models for detecting user’s SI from their social media
posts.

• To propose a hybrid model which uses LSI output to LSTM model as input for
improving word semantics over text classification.

• To propose a psycoliguistic lexical features based GNN model.

• To make a comparison of our built model with the conventional ML based approaches
to understand the performance of our model.

To ensure it’s real life implications, implementation of ethical guidelines and ensuring
of compliance with privacy regulations is needed. Real-time data processing, model pre-
diction latency, and prompt intervention strategies are required to provide timely support
to individuals at risk overcoming challenges related to it.

3



Chapter 2

Background and Related Works

In this chapter, first, we describe relevant background studies of our research work. Later,
we present related research of our work.

2.1 Background

We have used different procedures and technologies of artificial intelligence in the way of
development in our research work. We have used different natural language processing
techniques such as Word to Vector (Word2Vec)[75], Term Frequency-Inverse Document
Frequency (TF-IDF)[76], Linguistic Inquiry andWord Count (LIWC)[82], Latent Semantic
Indexing (LSI)[81], Bidirectional Encoder Representations from Transformers (Bert)[79]
etc. to process the social media data and make it machine readable. Those techniques
are used in the feature extraction process. In our feature selection and ranking, we have
used different statistical methods such as Analysis of Variance (ANOVA)[84], Boruta[85],
Fisher’s Score[87]. We have used different machine learning techniques such as Long Short
Term Memory (LSTM)[88], Graph Neural Network (GNN)[83] etc. We are collectively
representing all of the techniques as a background study of our work.

2.1.1 Term Frequency-Inverse Document Frequency (TF-IDF)

TF-IDF transforms the text into meaningful representation of integers or numbers [76].
This transformed data is used to fit machine learning algorithm for predictions. TF-IDF
transforms a word by comparing the number of times a word appears in a document of
words with the number of documents the word appears in [76]. Term Frequency and
Inverse Document Frequency can be described as follows :

Term Frequency: In a document d, the term frequency represents the number of in-
stances of a given word t [76]. A word becomes more relevant when it appears in the text,
which is rational. In a document, the weight of a term that occurs is proportional to the
term frequency [76]. Term frequency of a word t in a document d can be described as
follows:

tf = count of t in d / number of words in d.

4
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Inverse Document Frequency: Inverse document frequency tests the relevant word
where tf considers all terms equally significant [76]. First, it finds the document frequency
of a term t by counting the number of documents containing the term [76]:

df(t) = N(t) (2.1)

where df(t) = Document frequency of a term t and N(t) = Number of documents
containing the term t

Inverse document frequency of a word t in a document d can be described as follows:

idf(t) = N/df(t) = N/N(t) (2.2)

The more common word is considered as less significant. The logarithm (with base
2) of the inverse frequency of the paper can be considered [76]. In that case, the inverse
document frequency of the term t becomes:

idf(t) = log(N/df(t)) (2.3)

TF-IDF is more efficient than Count Vectorizer [76]. It focuses both on the frequency
of words present in the corpus and provides the importance of the words. Less important
words can be removed for analysis. Thus, it makes the model building less complex by
reducing the input dimensions [76].

2.1.2 Word to Vector (word2vec)

Word2vec is a two-layer neural net that is used to process text by “vectoring” words. Its
input is a corpus of text. Its output is a set of vectors known as feature vectors. Feature
vectors are used to represent words the corpus. Word2vec is not a deep neural network
but it turns text into a numerical form so that deep neural networks can understand[75].

The main purpose of word2vec is to group the vectors of similar words together in
the vector space. It mathematically detects the word similarities[75]. If enough data,
usage and contexts are given, word2vec can make highly accurate prediction about a
word’s meaning based on its past appearances. This prediction can be used to establish
association between two words. For example: “man” is associated with “boy” where
“woman” is associated with “girl”[75]. Also, it is used to cluster documents and classify
them by topic. It works by measuring cosine similarity between words.

2.1.3 Bidirectional Encoder Representations from Transformers (BERT)

Bidirectional Encoder Representations from Transformers is a language model which is
introduced by researchers at Google in 2018 [77, 78]. BERT is used to pre-train deep
bidirectional representations from unlabeled texts. Through the pre-training, BERTmodel
can be used with just one additional output layer to fine-tune with the state-of-the-art
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Figure 2.1: BERT base architecture for suicidal text classification.

models for different tasks. BERT can be used in question answering and language inference
without modifications of basic task-specific architecture [79].

BERT considers all the words of the input sentence simultaneously. It uses attention
mechanism to develop contextual meaning of the given words. BERT architecture evolved
from transformers.There are several stacked encoder cells inside it just like transformers
but only the encoder part of the transformer is used in the case of BERT. BERT has
self-attention heads and a feed-forward neural network just like the encoder cells in trans-
former. BERT has two architectures known as BERT base and BERT large. Both archi-
tectures take an input of 512-dimensions. BERT base has 12 layers (transformer blocks),
12 attention heads, 110 million parameters, and has an output size of 768-dimensions.
BERT Large has 24 layers (transformer blocks), 16 attention heads, 340 million parame-
ters, and has an output size of 1024-dimensions. BERT was pre-trained on a large corpus
of unlabelled text along with the entire Wikipedia (2,500 million words) and book corpus
(800 million words). It has two training methods. The methods are Masked Language
Model (MLM) Next Sentence Prediction (NSP) [80].

2.1.4 Latent Semantic Indexing (LSI)

LSI is one of the processes of Natural Language Processing (NLP) which is a subset of
linguistics and information engineering. NLP focuses on the interpretation of human lan-
guage into machine language. LSI understands and classifies words with similar contextual
meanings within large data sets [81].

6
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Figure 2.2: Matrix decomposition mechanism in SVD.

LSI works using a mathematical operation named as Singular Value Decomposition
(SVD) as a partial application. SVD reduces a matrix into its constituent parts for simple
and efficient calculations. The pre-processed words of a string are placed into a Term
Document Matrix (TDM). A TDM is a 2D grid that counts the frequency of each specific
word (or term) occurs in the data set of documents which is decomposed into Term Topic
Matrix (TTM) and Topic Document Matrix (TDM) [81].

Weighing functions are used in the TDM. Classification of the documents is performed
that contain the word with a value of 1 and with a value of 0. Words can be occurred with
the same general frequency in these documents which is called word co-occurrence [81].

LSI uses Singular Value Decomposition (SVD) which produces vectors by predicting
the meaning more accurately than analysing the individual terms [81]. The working pro-
cedure of SVD through the matrix decomposition mechanism is shown on figure 2.2.

2.1.5 Long Short Term Memory (LSTM)

LSTM is a special type of neural network which is designed to overcome the long-term
dependency problem faced by Recurrent Neural Networks (RNN). Recurrent neural net-
works have vanishing gradient problem which is responsible for the long-term dependency.
LSTM has feedback connections which makes it different from the feed forward neural net-
work. This feedback connections enable LSTM to process the entire sequences of data.
(e.g. time series). Thus, LSTM is handy to process sequential data such as text, speech
and general time-series [88].

LSTM consists of four neural networks and different cells known as memory blocks.
Information is stored in the cells and the memory is manipulated in the gates [88]. In an
LSTM, there are three gates –

• Forget Gate: The unimportant information in the cell state is removed with the
forget gate. Two inputs xt (input at the certain state of time) and ht−1 (previous
cell output) are fed to the gate and multiplied with weight matrices and then it is
added to the bias. The result is then passed through an activation function which

7
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gives a binary value as an output. The output is 0 for a particular cell state when the
piece of information is forgotten and 1 when the information is retained for future
use [88]. The forget gate has the following equation :

ft = (Wf · [ht − 1, xt] + bf ) (2.4)

where, Wf denotes the weight matrix associated with the forget gate,[ht − 1, xt]

denotes the concatenation of the current input and the previous hidden state, bf
denotes the bias with the forget gate and � is the sigmoid activation function.

• Input gate: The additional useful information is stored in the cell state by the input
gate.The information is first regulated by the sigmoid activation function and filtered
using inputs ht−1 and xt similar to the forget gate. Then, tanh function is used to
create a vector that gives an output from -1 to +1 that contains all the possible
values from ht−1 and xt. After that, the vector values and the regulated values
are multiplied to obtain useful information [88]. The input gate has the following
equation :

it = (Wi · [ht−1, xt] + bi) (2.5)

t = tanh(Wc · [ht−1, xt] + bc) (2.6)

Ct = ft ⊙ Ct−1 + it ⊙ t (2.7)

where ⊙ denotes element-wise multiplication and tanh denotes tanh activation func-
tion.

• Output gate: The output gate decides if useful information from the current cell
state to be extracted and presented as output. For that, tanh generates a vector
on the cell. Then, the information is regulated by the sigmoid activation function
and filtered using inputs ht−1 and xt. After that, the values of the vector and the
regulated values are multiplied to send as an output and input to the next cell. The
output gate has the following equation :

ot = (Wo · [ht−1, xt] + bo) (2.8)

The output of an LSTM at a certain time is basically dependant on three measures. The
current long-term memory of the network which is known as the cell state. The output at
the previous iteration of that time which is known as the previous hidden state and the
input data at the current time state [88]. Cell structure of an LSTM along with gates is
shown on figure 2.3.
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Figure 2.3: LSTM cell architecture

Figure 2.4: LSTM network architecture for suicidal text classification

LSTM is widely used in sentiment analysis. For a given sentence, LSTM first converts
the words into tokens (integers). The tokens are then passed onto the embedding layer
where the word tokens are converted into embedding of specific size. The next one is the
LSTM Layer which is defined by hidden state dimensions and number of layers. The fully
connected layer is responsible for mapping the output of LSTM layer into a desired output
size. Sigmoid activation function is used in the Sigmoid activation layer where it turns
all output values in between 0 and The final output of this network is the sigmoid output
from the last time step [88]. The layer-wise working mechanism of LSTM in sentiment
analysis is shown on Figure 2.4.

2.1.6 Linguistic Inquiry and Word Count (LIWC)

Linguistic Inquiry and Word Count (LIWC) is a lexicon used in Natural Language Pro-
cessing to extract features from text. Basically, it helps to extract the emotions, and
sentiments behind texts and helps to understand a wide variety of psycho-linguistic char-
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acteristics from the text [82].
LIWC includes a dictionary with more than 90 categories which covers linguistic, psy-

chological, and emotional dimensions. These categories include linguistic elements like
pronouns, articles, and prepositions, as well as psychological categories such as emotions,
cognitive processes, and social dimensions[102]. LIWC is often employed for sentiment
analysis to help determine the emotional tone of text. Researchers use LIWC to iden-
tify positive, negative or neutral sentiment in text data. LIWC is also used to analyze
text data related to mental health and well-being by identifying the linguistic patterns
associated with conditions such as depression, anxiety, or suicidal ideation[103]. LIWC
uses dictionary to calculate the word occurrences and compares with the words from the
dictionary.It calculates the percentage of total words in the text that match each of the
dictionary categories [82].

2.1.7 Analysis of Variance (ANOVA)

Analysis of Variance (ANOVA) is a statistical method in which the means of two or more
groups is checked that are significantly different from each other [84]. Its also called
the Fisher analysis of variance and the extension of the t- and z-tests [84]. It assumes
Hypothesis as :

1. H0: Means of all groups are equal [84].

2. H1: At least one mean of the groups are different [84].

Its an analytical tool that splits an aggregate variability which is found inside a data
set into two parts: systematic factors and random factors. The systematic factors have a
statistical influence but the random factors do not in a dataset. ANOVA test is used to
find out the influence that independent variables have on the dependent variable [84].

A one-way ANOVA is used in a three or more groups of data to find out the relationship
between the dependent and independent variables. In case of finding no true variance
between the groups, the ANOVA’s F-ratio should be close to 1 [84]. ANOVA uses the
following formula to calculate the ANOVA coefficient:

F = MSE/MST (2.9)

where F=ANOVA coefficient, MST=Mean sum of squares due to treatment and MSE=Mean
sum of squares due to error.

2.1.8 Boruta

Boruta acquires the top of the Random Forest algorithm as the name Boruta originates
from the name of the spirit of the forest in Slavic mythology [85]. The traditional Random
Forest mechanism works by estimating feature importance. In Random Forest, each deci-
sion tree creates a prediction and stores it. Then, the values of the features are permuted
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randomly through the training samples and the previous step is followed and tracing of
the result of the predictions is repeated. Thus, the importance of a feature is calculated
by considering the average of the measurements across all trees for that feature. But, the
calculation of the Z-scores for each feature is not done here. That’s where, Boruta comes
into play [85].

At first, a copy of the training set features is created and merged them with the original
features. Random permutations on these synthetic features is done to remove correlation
between those features and the target variable y. Synthetic features can be found randomly
at each new iteration. Z-score is calculated for all the original and synthetic features [85].
The Z Score follows the following formula for one sample :

Z = (x–)/ (2.10)

For multiple samples, the formula is as follows :

Z = (x–)/(/
√
n) (2.11)

Relevant features is considered based on the importance of the features only if those
are higher important than the maximum important of all synthetic features. Applies a
statistical test on all original features and keeps memory of its results. The null hypothesis
is that the importance of a feature is equal to the maximal importance of synthetic features.
Statistical test is performed to measure the equality between the original and synthetic
features. If the importance of a feature is significantly higher or lower than one of those
of synthetic features, the null hypothesis is rejected. Unimportant features are removed
from both the original and synthetic dataset. The iteration continues for nth time until
all of the features are removed or considered important [85].

2.1.9 Fisher’s Score

Fisher score is a supervised feature selection method which selects each feature indepen-
dently based on the scores under the Fisher criterion. Thus,it leads to a suboptimal subset
of features [87]. The main purpose of Fisher score is to find a subset of features and the
data space can be spanned by the selected features. Data points in different classes are
made to be distant and the distances between them as large as possible where the data
points in same classes are made to be closer and the distances between them as small as
possible. If the selected m features is given, the input data matrix is XϵRd×n reduced to
ZϵRm×n. The Fisher Score is computed as follows,

F (Z) = tr{(S̄b)(S̄t ∔ γI)−1} (2.12)

where γ is a positive regularization parameter, Sb is called between-class scatter matrix,
and Stis called total scatter matrix, which are defined as
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Figure 2.5: Basic graph structure

S̄b =

c∑
k=1

nk(µ̄k − µ̄)(µ̄k − µ̄)T S̄t =

n∑
i=1

(Zi − µ̄)((Zi − µ̄)T , (2.13)

where µ̄k and nk are the mean vector and size of the k-th class respectively in the reduced
data space.

Let µj and σj denote the mean and standard deviation of the whole data set cor-
responding to the j-th feature. Then the Fisher score of the j-th feature is computed
below,

F (xj) =

∑c
k=1nk(µ

j
k − µj)2

(j)2
(2.14)

where (j)2 =
∑c

k=1nk(
j
k)

2. After computation of the Fisher score for each feature, the top-
m ranked features are selected with large scores. The score of each feature is computed
independently and the heuristic algorithm is used to select features which is suboptimal.

2.1.10 Graph Neural Network (GNN)

Graph consists of a set of objects, and the connections between objects. The objects are
named as nodes/vertex and their corresponding connections are named as edges. The
nodes have information about node identity and the number of neighbors. The edges
have information about edge identity and edge weight. Based on the direction of edge
connections, graphs can be of two types such as directed graph and undirected graph. A
basic graph structure is illustrated in figure 2.5.

Images can be represented as graphs where each pixel represents a node and is con-
nected via an edge to its adjacent pixels. We can digitize a text by creating a simple
directed graph, where each character or index can be represented as a node and is con-
nected via an edge to its adjacent node. Molecules can be described as a graph, where
nodes can be represented as atoms and edges as covalent bonds. Graph can be used to
solve different level tasks such as node level task, edge level task and graph level task [83].

The main goal of a graph-level task is to predict the property of an entire graph. For
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example, a molecule an be represented as a graph and using the graph-level task, we can
predict how the molecule smells like. In node-level task, the identity or role of each node
within a graph is predicted and for edge-level task, the connection of the edges within a
graph is predicted [83].

Social networks can be represented as graph data. Social networks can be used as tools
to study patterns in collective behaviour of people, institutions and organizations. Graph
can be used to represent groups of people by modelling individuals as nodes, and their
relationships as edges [83].

A Graph Neural Network (GNN) is a type of neural network that operates on graph. Its
an optimizable transformation on all attributes of the graph (nodes, edges, global-context)
that preserves graph symmetries (permutation invariances). GNN makes predictions by
pooling information [83].

In this research work, we have used graph neural network to perform sentiment clas-
sification and node-level task is performed. We have used the suicidal text data collected
from social media to calculate sentiment score of suicidal thoughts and tasks using the
graph neural network.

2.2 Related Works

Researchers find out patterns on suicidal behaviour from social media posts using differ-
ent machine learning techniques. Rahim et. al.[24] proposes a solution to detect depres-
sion/suicidal ideation using NLP and DL techniques. They use transformers and a unique
model to train the proposed model and apply it to three different data sets: SuicideDetec-
tion, CEASEv2.0, and SWMH. The proposed model outperforms the state-of-the-art in
the SuicideDetection and CEASEv2.0 data sets with F1 score of 97% and 75% respectively.

Mehar et. al.[25] presents an approach that analyses social media platform Twitter to
identify suicide warning signs for individuals. DL and ML based classification models are
applied to tweets to detect SI. A stacked CNN - 2 Layer LSTM model is used to evaluate
and compare with other classification models. Stacked CNN - 2 Layer LSTM architecture
with word embedding technique achieves 93.92% accuracy compared to previous CNN -
LSTM approach. Jere et al.[26] uses a relational Graph Attention Network (RGAT) with
a DNN classifier to detect suicidal ideation and twitter posts are used for the ideation de-
tection. They use BERT for word embedding of the tweeter posts to find relation between
topics and sentimental words. To find the topics, they use Latent Dirichlet Allocation
(LDA). To extract sentimental words, they use sentiment-based Lexicon approach. They
employ RGAT to relate the features from LDA and BERT as well as the lexicon-based
sentiment approach. Both of the RGAT outcomes are concatenated and classified using
the DNN algorithm. The accuracy of classification of suicidal ideation of the proposed
model is 88.21%.

Renjith et al.[27] proposes a combination of LSTM and CNN models to detect the
emotions from posts of the users. In order to improve the accuracy, they suggest some
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approaches like use of more data for training and use of attention model to improve the
efficiency of existing models. They propose a LSTM-Attention-CNN combined model to
analyze social media submissions to detect any underlying suicidal intentions. This model
demonstrates an accuracy of 90.3% and an F1-score of 92.6%, which is greater than the
baseline models. Islam et al.[19] creates a noble Bangla suicidal posts dataset named
BanglaSPD and compares with the performance of various machine learning and deep
learning models for suicide attempt prediction by training and evaluating with the dataset.
They are able to find out that a deep learning-based model with CNN+BiLSTM has
outperformed with 0.61 F1-Score in Fasttext word embedding methods. The comparative
analysis of the existing studies which are closely related to our work is illustrated Table
2.1.

Table 2.1: Comparison of related literature
Literature and Year 1 2 3 4 5 6 7
Renjith et al. [27], 2022 N N N N Y N N
Islam et al. [19], 2022 Y Y Y N Y Y N
Jere et al. [26], 2023 N Y Y N Y Y Y
Rahim et al. [24], 2024 Y N N N Y Y N
Mehar et al. [25], 2023 N N N N Y N N
Our Paper Y Y Y Y Y Y Y
Note, Data coverage from diverse sources = 1: Hybrid feature usage (LSI+LSTM) =
2: Lexicon usage = 3: Word semantics coverage = 4: Deep learning mechanisms usage
= 5: Pre-training of Language Model = 6: Graph Neural Network usage = 7: . Y =
denotes ‘yes’; N = denotes ‘no’.

In the light of above discussion, our approaches address several limitations present in
the existing studies by customizing the model for context, reducing dimensionality, pro-
viding better interpretability, and offering a more tailored solution. The above mentioned
existing studies like [26], [25] etc. are based on data from popular social media platform
like Twitter. This platform only may not fully represent the dynamics and language used
on more region-specific platforms. Our approaches utilizes word embeddings from both
LSI, BERT, and GNN which is potentially capturing more semantic and contextual infor-
mation. Some of the existing studies suffer from high dimensionality due to the use of a
large number of features or words, which can lead to computational challenges and reduce
the model’s interpretability. Our suggested approach addresses this issue by using LSI
for topic modeling and GNN for feature extraction, potentially reducing dimensionality.
Our proposed approaches uses the strengths of deep learning, which can provide a more
robust and accurate solution. Some of the existing models may lack interpretability in
their predictions. In our approach, especially the GNN model, can potentially offer better
insights into why a certain prediction is made, which can be crucial for interventions and
support.
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Chapter 3

Methodology

We develop two pipelines in which we follow different techniques of machine learning and
natural language processing for feature extraction (TF-IDF, word2vec, BERT), feature
selection and model creation (LSI, LSTM, GNN) in the classification task. One is deep
learning based model and another one is graph neural network model.

We have developed our project and made outline based on the working procedure in a
sequential fashion. In the SI detection task, the methodology for first approach includes
data pre-processing, LSI topic modeling, feature extraction, feature selection, data fed
to LSTM model and output generation for SI detection. For the second approach, the
methodology includes data pre-processing, feature extraction, feature selection, data fed
to GNN model and output generation for SI detection. We are describing those steps for
both models.

3.1 Dataset Collection and Annotation

3.1.1 Social Media Data Collection and Annotation

We collect a total of 785 posts where 386, 321 and 78 posts are from reddit, Facebook and
Twitter, respectively. We scrawl and scrap data from those platforms. The collected data
is annotated as ’YES’ and ’NO’ for suicidal and non suicidal labels, respectively by one
behavioural scientist. 405 posts are annotated as ’YES’ and 380 posts are annotated as
’NO’. We describe the complete data annotation guidelines in Section.

15



3.2. Data Pre-processing and Representation Chapter 3. Methodology

Table 3.1: Statistics of collected data.
Category Value
Social media posts Reddit=386, Twitter=78, Facebook=321)
Total number of labeled data 785
Demography Bangladesh
Time period 1st January, 2020 to 13th March, 2022
Word statistics Words=26,946, Sentences=1,183, Avg.

Sentence (words)=35, Paragraphs=736,
Keyword Density (Suicide=388 (6%),
Bangladesh=164 (3%))

3.2 Data Pre-processing and Representation

We collected both qualitative and quantitative data from three social media sites (Face-
book, Twitter and Reddit). However, long lists of data points can be difficult to interpret
and it takes more time in data modeling. Data representation is needed to display and
summarize data and it helps model to understand the meaning. Before making data in a
model representable format, it needs to be pre-processed and cleaned. We are discussing
about data pre-processing and different types of data representation methods that we
adopted for both approaches in this chapter.

3.2.1 Pre-processing

We carefully clean the textual data before executing them into SI detection task since the
data can be noisy. We pre-process the data for both approaches. Data pre-processing
steps include removing irrelevant characters [28], stemming and lemmatization [28] and
stop words removal [28] etc. Nonsensical characters are not recognizable to the machine
learning models which make the text noisy. It must be deleted from text to ease the
classification task. Emojis, URLs, punctuation, white space, numerals, and user references
are deducted from the text using regular expressions [28]. We apply porter stemmer
and wordnet lemmatizer of nltk to perform stemming and lemmatization to improve text
categorization accuracy [28]. Unimportant and frequently occurring words which has
little or no grammatical responsibility for text classification is identified as stop words.
We use nltk stop words corpus to eliminate stop words to concentrate more on the relevant
information [28].

3.2.2 Feature Extraction and Training

In our first approach, We have employed different feature engineering approaches for cre-
ating textual features such as TF-IDF[76], Word2Vec[75] and BERT [77, 78]. We have
employed Latent Semantic Indexing to get contextual features and reduce dimension of
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features.
In our second approach, we have employed Linguistic Inquiry andWord Count to create

categorical features from the collected data. We are discussing about different types of
data representation methods that we adopted for both approaches of classification in this
chapter.

Term Frequency-Inverse Document Frequency (TF-IDF):We have rendered
TF-IDF[76] to convert the data into numerical format and to find out important words
that occur a few times with high weights. So, we get only the significant words to a
record in a collection or corpus. We have used Scikit-learn, a free software machine
learning library of Python to implement tf-idf. Scikit-learn has Tf-idf Vectorizer class
that combines all the options of Count Vectorizer and Tf-idf Transformer. The numerical
formatted data we get from the Tf-idf is further used in Latent Semantic Indexing as input
data to generate topic from it and categorize the data based on topic.

Latent Semantic Indexing (LSI): Latent Semantic Indexing has been employed to
create features from data and reduce the dimension of the data. Singular value decom-
position (SVD)[81] which is a mathematical technique is used to identify patterns in the
relationships between the terms and concepts contained in a corpus. SVD is also used to
reduce the dimension of the data as it decomposes the term-document matrix into term-
topic matrix and topic-document matrix. The final of LSI is a topic-document matrix
which is a reduced dimension of matrix.

Word to Vector (word2vec): Word to Vector[75] is a word embedding method.
The basic idea of Word to Vector is to find out words that occur in similar context tend to
be closer to each other in vector space. We have used pre-trained Word2Vec model from
google and trimmed the word list to 50,0000 compared to 300,000 in the original Google
pre-trained model of ’GoogleNews-vectors-negative300.bin.gz’. For implementing word to
vector in Python, we have used modules such as nltk and gensim. We have developed
Skip Gram architecture in our implementation. Skip Gram model predicts the context
words from given current word within a specific window in which the input layer stores the
current word and the output layer stores the context words. The hidden layer stores the
number of dimensions in which the current word has to represented at the output layer.
Output of Word to Vector indicates the cosine similarities between word vectors. The
Tf-idf output data is passed through Latent Semantic Indexing model to categorize the
data based on topic. The collected and pre-processed data is then concatenated with its
corresponding topic and used again in word to vector model to perform word embedding.

Bidirectional Encoder Representations from Transformers (BERT): We choosed
BERT [77, 78] for the word embedding too. It offers an advantage over Word2Vec as it
produces word representations that are dynamically informed by the words around them.
But each word has a fixed representation under Word2Vec regardless of the context. BERT
ensures polysemy through the context-informed word embedding. BERT has the best use
by capturing other forms of information for accurate feature representations. Transformers
in BERT provides a number of classes for supporting different tasks like token classifica-
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tion, text classification etc. We used Bert Model with no specific output task. BERT is
employed just to extract word embedding from corpus.

Table 3.2: LIWC categories based on suicidal ideation detection.
LIWC Category Relevance to Collected Data
Word Count WC (Word Count)
Syntax WPS (Words per Sentence), Qmarks (Question Marks)
Lexical Diversity Unique, Dic, Sixltr (Six-Letter Words)
Pronouns pronoun, ppron (Personal Pronouns), i, we, you, shehe, they,

ipron (Impersonal Pronouns)
Articles and Verbs article, verb, auxverb (Auxiliary Verbs), past, present, future
Adverbs and Prepositions adverb, preps (Prepositions), conj (Conjunctions), negate

(Negations), quant (Quantifiers), number
Swear Words swear (Swear Words)
Social Words social, family, friend, humans
Emotions affect, posemo (Positive Emotion Words), negemo (Negative

Emotion Words), anx (Anxiety Words), anger, sad
Cognitive Mechanisms cogmech (Cognitive Mechanism Words), insight, cause, discrep

(Words Referring to Discrepancies), tentat (Tentative Words),
certain, inhib (Inhibitory Words)

Inclusivity incl (Inclusive Words), excl (Exclusive Words)
Perception percept (Perceptual Words), see, hear, feel
Biological Terms bio, body, health, sexual, ingest (Words Related to Ingestion

and Consumption)
Relativity relativ (Words Related to Relativity), motion, space, time
Work and Employment work, achieve, leisure, home, money
Religion and Spirituality relig (Words Related to Religion and Spirituality), death, as-

sent (Words Indicating Agreement or Affirmation), nonfl (Non-
Fluencies Indicating Speech Disfluencies)

Linguistic Inquiry and Word Count (LIWC): To extract features from the pre-
processed data, we have used Linguistic Inquiry and Word Count (LIWC)[82] in the second
approach of methodologies. We have used LIWCLite7.EXE software which performs lin-
guistic analysis on the input text. This analysis involves breaking down the text into
its constituent elements, such as words, phrases, and sentences. It identifies linguistic
patterns, structures, and features within the text. LIWCLite7.EXE uses a pre-defined
dictionary, often referred to as the LIWC dictionary. This dictionary contains a list of
words and phrases that are associated with specific linguistic and psychological categories.
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Each word or phrase in the dictionary is tagged with one or more categories, such as emo-
tions, cognitive processes, social processes, and more. LIWC uses 69 features/categories
and calculates the value of word proportion among those categories. In the context of our
collected data, we got the proportion value of our 528 data as a CSV format. As a result,
we got output of calculated value from LIWC.

3.3 Feature Selection

For deep learning based suicidal text classification task, we have selected all of the fea-
tures that we got from the output of word embedding models such as word to vector,
TF-IDF, latent semantic indexing and Bert. In the second approach of suicidal text clas-
sification task where we have used graph neural network, the output data from LIWC
underwent feature ranking and statistical tests to extract the best features to create graph
and to use for modeling in the graph neural network. We have used Analysis of Variance
(Anova), Boruta, and Fisher’s score to rank and select the relevant features to find out
the significance of features. In this chapter, we are discussing in detail each one of them.

3.3.1 Pipeline 1: Deep learning based semantic topic modeling approach

The final feature vectors are the concatenated features of size 1,205,760 from Bert and
word2vec where Bert is used and only word2vec features of size 602,880 where Bert is not
used. The concatenated feature vectors are illustrated on table 3.3.

Table 3.3: Feature vectors of deep neural network based suicidal text classification model
with concatenated Bert and word2vec features

col_0 col_1 col_2 col_3 ...... col_767
0 -0.215415 0.369104 0.143434 -0.152095 ...... 0.00000
1 -0.251024 0.404868 0.133691 -0.226219 ...... 0.00000
2 -0.228476 0.362848 0.118640 -0.221778 ...... 0.00000
...... ...... ...... ...... ...... ...... ......
1569 -0.897630 -0.413052 -0.891758 0.724002 ...... 0.927102

The suicidal text classification model where only word2vec features are used in a deep
neural network is illustrated on table 3.4.
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Table 3.4: Feature vectors of deep neural network based suicidal text classification model
with word2vec features

col_0 col_1 col_2 col_3 ...... col_767
0 -0.215415 0.369104 0.143434 -0.152095 ...... 0.00000
1 -0.251024 0.404868 0.133691 -0.226219 ...... 0.00000
2 -0.228476 0.362848 0.118640 -0.221778 ...... 0.00000
...... ...... ...... ...... ...... ...... ......
784 -0.578900 -0.423022 -0.807458 0.953012 ...... 0.988421

3.3.2 Pipeline 2: Psycho-linguistic lexical feature based graph neural
network driven approach

For graph neural network based suicidal text classification task, we have taken 72 LIWC
features at first. Then, we applied different feature selection methods (ANOVA, Boruta,
Fisher Score) for selecting significant features. The LIWC feature vectors of size 38,088
are shown on table 3.5.

Table 3.5: Feature vectors of graph neural network based suicidal text classification model
ID WC WPS Qmarks ...... Class

0 1 144 24.00 0.00 ...... 1
1 2 121 20.17 0.00 ...... 1
2 3 125 15.62 0.00 ...... 1
...... ...... ...... ...... ...... ...... ......
528 529 7 7.00 0.00 ...... 0

Analysis of Variance (ANOVA): Analysis of variance (ANOVA) is a statistical
technique used to check if the means of two or more groups are significantly different from
each other [84]. We have used pandas library and scipy.stats module to perform ANOVA
on the data. For that, we took the LIWC output features and read the data to select
relevant features. We started by creating a list D of dictionaries and a list column based
on columns in a DataFrame df. The iteration goes through the columns of df except
columns ’ID’ and ’Class’ and creates dictionaries in D. The dictionary contains group-
specific data from the columns of df (excluding ’ID’ and ’Class’). The length of the D list
will be equal to the number of columns in df that meet the condition. The calculation of
analysis of variance (ANOVA) scores for each pair of groups in the list D is performed and
results are stored in a dictionary called anova_score. Significant p − values are filtered
from a DataFrame named Anova and create a new DataFrame P with those significant
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p− values. If the value is less than or equal to 0.05, it updates the dictionary P with the
corresponding value. Also, the values are appended to a list L. From initial 69 features,
we got 15 features finally. In table 6.3, the selected features of ANOVA along with their
correlation ( Pearson ) value is shown. Theb selected features are shown on table 3.6

Table 3.6: Correlation scores for ANOVA-selected features.
Selected Features Correlation (Pearson)
WC 0.069501
WPS -0.067655
Qmarks -0.008608
Unique 0.049743
Dic 0.339795
... ...
relig 0.020536
death 0.343349
assent 0.068330
nonfl -0.037389
filler 0.103920

Boruta: Boruta works on the “all-relevant” principle as it provides you with ALL the
features that are relevant to your Machine Learning problem[85]. To perform Boruta, we
use boruta package. For that, we took the LIWC output in a dataframe to select relevant
features. We have defined the feature matrix X by dropping the ’ID’ and ’Class’ columns
from the DataFrame. We also defined the target variable y using the ’Class’ column and
created a random forest classifier. The we created the Boruta feature selector and fit
the Boruta selector to our data. We got total 9 features out of initial 69 features after
performing Boruta. The selected features are shown on table 3.7.
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Table 3.7: Correlation scores for Boruta-selected features.
Selected Features Correlation (Pearson)
WC 0.069501
WPS -0.067655
Dic 0.339795
funct 0.128490
preps 0.167909
affect 0.215996
negemo 0.208045
cogmech 0.146448
death 0.343349

Fisher’s score: For each feature/variable, it computes Fisher score, a ratio of between-
class variance to within-class variance. The algorithm selects variables with largest Fisher
scores and returns an indicator projection matrix. We start by specifying the number of
features to select and create an instance of SelectKBest with the Fisher score function
(f_classif). After that, the feature matrix is fitted and transformed. The top 20 features
are selected using the Fisher score (f_classif) as the scoring function. The SelectKBest
transformer is used to the feature matrix X and target variable y to select the top 20 fea-
tures and print the indices of the selected features. Table 3.8captures the selected features
using Fisher’s Score feature selection method and their corresponding correlational value
calculated with Pearson correlation method.
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Table 3.8: Correlation scores for Fisher’s Score-selected features.
Selected Features Correlation (Pearson)
WC 0.035354
WPS 0.083854
Qmarks 0.0751975
Unique 0.054630
Dic 0.080996
Sixltr -0.045805
funct 0.093868
pronoun -0.047607
ppron 0.131946
i 0.080134
we -0.016379
you 0.084493
shehe -0.020033
they 0.103252
ipron -0.016707
article 0.020536
verb 0.343349
auxverb 0.068330
past -0.037389
present 0.103920

3.4 Model Building

Model building is a crucial part in any machine learning based research work. We employed
machine learning models to find out semantic relationship of words in text, topic wise
text categorization, convert words to vector format and suicidal text classification. We
implemented all of the models on google colaboratory platform. As we developed two
different pipeline in our suicidal text classification task, we are describing step wise model
building approach for the pipelines separately. The proposed method is implemented to
detect suicidal ideation based on a DNN classifier. We have integrated an LSI to generate
topics and label data with topics. For the implementation, Python 3.8.8, is installed with
an Intel(R) i5-3330S processor running at 2.70GHz, 8GB of memory (RAM). A 64-bit
operating system is used to evaluate the designed model.

From data collection to suicidal text classification in a model, we divided the model
building procedure into layers. We selected the layered approach in model building which
can enhance modularity, understandability, flexibility, and collaboration. Efficient exper-
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imentation, interpretation, and maintenance can be easier which can ultimately improve
the model’s robustness and adaptability to different scenarios and datasets. Breaking down
the model into layers provides a modular and abstract structure and modularity allows
to easily swap or update components within a layer without affecting the entire model.
This is important because different techniques like TF-IDF, BERT, and LSI may require
different pre-processing or data formats. Separating them into layers simplifies mainte-
nance and upgrades. By providing a detailed description of each layer, the documentation
process can be easier for other researchers or developers to comprehend, replicate, or build
upon the existing work. Different techniques have varying strengths and may work dif-
ferently on specific datasets. By keeping the layers separate, we can easily experiment
with new algorithms or improvements within a specific layer without affecting the others.
Moreover, when any issue is encountered or need to understand why our model made a
specific prediction, separated layer helps to pinpoint where the problem might lie. We
can trace back issues to a particular layer or component, which simplifies debugging and
interpretation. Figure 3.1 and 3.2 describe the flow diagram of pipeline 1 and pipeline 2
respectively.

Figure 3.1: Pipeline 1: Deep learning based SI detection with semantic topic modeling
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3.4.1 Pipeline 1: Deep learning based semantic topic modeling approach

System Model: We incorporate the power of word semantics (LSI) [21] and preserving
long text (LSTM) [17] and produce an integrated LSI-LSTM model for SI detection. We
employ TF-IDF [14] for converting the text data into vectors. Before performing LSI, it
is important to ensure term document matrix to be filled with important words by TF-
IDF vectors [29]. The TF-IDF vectors are passed through LSI for topic modeling. The
output from LSI are embedded with word2vec [22]. The original text data are embedded
with BERT [23] embedding. The concatenated embeddings from word2vec and BERT
enter into the LSTM model as input for SI detection. By incorporating BERT, we in-
clude the power of contextual word embedding through the pre-trained language model.
Architecture: We divide the pipeline 1 into layers which can enhance modularity, under-
standability and flexibility. The layers for pipeline 1 are topic modeling layer, embedding
layer, concatenated embedding layer and deep neural network layer.

a) Topic modeling layer

The collected and pre-processed data retrieved from social media are passed through TF-
IDF vectorizer. TF-IDF ensures retrieval of less frequent but significant features [14].
TF-IDF transforms the text into meaningful representation of integers or numbers [14].
This transformed data is used to fit to machine learning algorithm for predictions. TF-
IDF transforms a word by comparing the number of times a word appears in a document
of words with the number of documents the word appears in [14].

We import tf-idf 1 vectorizer from scikit-learn 2, a free machine learning library. we
initialise the vectorizer and then call fit and transform functions over it to calculate the tf-
idf score for the text. The tf-idf vectors converted from pre-processed data is used as input
in latent semantic indexing model to generate topics and categorize the input data based
on the topics. We consider LSI as it finds semantic similarities between texts and outper-
forms in dimensional reduction using singular value decomposition (SVD) mechanism of
mathematics [21]. LSI understands and classifies words with similar contextual meanings
within large data sets [21]. LSI works using a mathematical operation named as SVD [21]
as a partial application. SVD [21] reduces a matrix into its constituent parts for simple
and efficient calculations. The pre-processed words of a string are placed into a Term
Document Matrix (TDM). A TDM is a 2D grid that counts the frequency of each specific
word (or term) occurs in the data set of documents which is decomposed into Term Topic
Matrix (TTM) and TDM [21]. Weighing functions are used in the TDM. Classification of
the documents is performed that contain the word with a value of 1 and with a value of
0. Words can be occurred with the same general frequency in these documents which is
called word co-occurrence [21]. LSI uses SVD which produces vectors by predicting the
meaning more accurately than analysing the individual terms [21].

1https://scikit-learn.org/stable/modules/generated/sklearn.featureextraction.text.TfidfV ectorizer.html
2https://scikit-learn.org/
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We used gensim3 python library for topic modeling, document indexing, and similarity
retrieval performance. We import corpora from gensim to get collections of texts used for
topic modeling and “Coherence Model” class for computing coherence scores for topic
models.

b) Embedding layer

The original data is labeled with corresponding topic generated by LSI. Word2vec is used
to embed the topic labeled data. The original data is embedded with BERT. BERT [23]
ensures contextualized features. We use BERT for context based pre-trained embedding.
We use pandas 4, numpy 5 and torch 6 packages and pre-trained BERTmodel and tokenizer
to implement BERT. After that, we convert the tokenized BERT input to the tensor format
to create contextual embedding for a set of contexts. Word2vec and BERT embedding is
grouped into the embedding layer.

i) Word to Vector: The topic categorized text are further converted into vectors using
word2vec. Word2vec word embedding is used to measure syntactic and semantic
similarities between words. There are two layers in a word to vector model [22]. The
word embedding layer and dense layer [22]. The word embedding layer is a matrix
which is defined with number of unique words in the corpus and word embedding size
[22]. Each row of the matrix represent a word in the corpus. “word embedding size”
is a hyper-parameter to be decided and can be thought as how many features that
we would like to use to represent each word. The latter part of the model is simply
a logistic regression in a neural network form [22]. We use pre-trained word2vec
model from google but trim the word list to 3,00,000 compared to 5,00,000 in the
original Google pre-trained model. We use gensim 7 open-source Python library for
representing text as semantic vectors and Tokenizer” class of keras to convert words
to integers. texts_to_sequences” method helps to convert tokens of text corpus
into a sequence of integers. Maximum length of tweet is considered as maximum
length of vector. ”pad_sequences” pads sequences to the same length considering
the maximum length.

ii) BERT: BERT considers all the words of the input sentence simultaneously [23].
BERT uses attention mechanism to develop contextual meaning of the given words
[23]. BERT architecture evolved from transformers. There are several stacked en-
coder cells inside it just like transformers but only the encoder part of the transformer
is used in the case of BERT. BERT has self-attention heads and a feed-forward neu-
ral network just like the encoder cells in transformer. BERT has two architectures

3https://radimrehurek.com/gensim/
4https://pandas.pydata.org/pandas-docs/stable/gettingstarted/overview.html
5https://numpy.org/
6https://pypi.org/project/torch/
7https://radimrehurek.com/gensim/
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known as BERT base and BERT large. Both architectures take an input of 512-
dimensions. BERT base has 12 layers (transformer blocks), 12 attention heads, 110
million parameters, and has an output size of 768-dimensions. BERT was pre-trained
on a large corpus of unlabelled text along with the entire Wikipedia (2,500 million
words) and book corpus (800 million words). It has two training methods. The
methods are Masked Language Model (MLM) Next Sentence Prediction (NSP) [23].
We use BERT-base[23] in our model as we are designing the model for real-time
intervention and BERT-base has faster data processing time to cope up with the
environment. We start by installing TensorFlow 8 which provides a rich collection of
libraries to perform the pre-processing regularly required by text based models, and
includes other features useful for sequence modeling. “hub.KerasLayer” is used to
load “bert pre-process” and “bert encoder” module from the local directory to use
it offline. We define “get_sentence_embeding” function which returns encoded text
from the pre-processed text. For 529 data set the “embedded shape” becomes 768.

c) Concatenated embedding layer

Two embedding is concatenated together to set as input data in deep neural network. Topic
labeled text is embedded using word to vector and initial pre-processed data is embedded
using BERT. Topic labeled text ensures semantic information gaining [33] where BERT
ensures contextual information gaining and shows impact on large scale training dataset
[34]. As we are going to use this model for real-time SI detection, BERT can make it’s way
to retrieve contextual information from large scale real-time data from social media. The
BERT and word2vec embedding is concatenated together to get the combined embeddings
for both semantic and contextual information retrieval [35].

For the concatenation of the embeddings, we start by importing the NumPy 9 library,
which is commonly used for numerical operations and array manipulation. “wor2vec_embeddings”
is a numpy array representing word2vec embeddings with a shape of (n_samples, 100).
Here, “n_samples” represents the number of samples or data points, and each embedding
vector has a dimension of 100.

“bert_embed” is numpy array representing BERT embeddings with a shape of (n_samples,
768). Similar to word2vec, “n_samples” represents the number of samples, and each
BERT embedding vector has a dimension of 768. We extend the word2vec embeddings to
match the same dimensionality (768) as of the BERT embeddings. The “np.pad” func-
tion is then used to add these zero columns to the word2vec embeddings. The padding
is applied along the second axis (axis 1), effectively increasing the dimensionality of each
word2vec embedding from 100 to 768. The shape of “wor2vec_embeddings_extended”
becomes (n_samples, 768). Finally, “np.concatenate” is used to concatenate the extended
word2vec embeddings and the BERT embeddings along the first axis (axis 0). This re-
sults in the “merged_embed” variable, which is a combined array of embeddings with

8https://www.tensorflow.org/
9https://numpy.org/
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a shape of (2 * n_samples, 768). The variable stacks the word2vec embeddings on top
of the BERT embeddings which is essentially merging the two sets of embeddings. The
numpy array “merged_embed” contains both the extended word2vec embeddings and the
original BERT embeddings from BERT with matching dimensions for further analysis or
processing.

d) Deep neural network layer

We use LSTM [17] in deep neural network Layer to solve the vanishing gradient problem in
back propagation. LSTM has feedback connections which makes it different from the feed
forward neural network. This feedback connections enable LSTM to process the entire
sequences of data (e.g. time series). Thus, LSTM is handy to process sequential data such
as text, speech and general time-series [17]. LSTM consists of four neural networks and
different cells known as memory blocks. Information is stored in the cells and the memory
is manipulated in the gates [17].

We import “Sequential” from “keras.models” and “Dense”, “LSTM”, “Embedding”
from “keras.layers”. l“lstm_out” is set to 80 which contains information about the entire
sequence and transforms the vector sequence into a single vector of size 80. We use a
Sequential model to build it layer by layer. We start adding with an embedding layer.
Next, we add an LSTM layer with 80 units. A dense output layer with a sigmoid activation
function is added which outputs the probability that a given text is suicidal. We split the
data into 80:10, where 80% of the data is used for training and 10% of the data is used
for testing. After defining the model, we compile it using the binary cross entropy loss
function, the Adam optimizer, and accuracy as our metric. We train our model with a
batch size of 32 and train for 6 epochs. After the training, we can evaluate our model for
the test data and we get 83% accuracy with a loss of 17% for combining the features from
word2vec and BERT.

We train our DL based model for classification. Fine-tuning with 10-fold cross-validation
is performed. We apply a pre-trained word2vec model trained on 100 billion words from
Google News for features classification. The neural network models are initialized with a
300-dimensional pre-trained word2vec [30, 52]. Table 3.9 presents the parameter setting
for the DL based model. The experiment is conducted using different parameters such
as embedding dimensions, hidden units of LSTM, dense layer, total parameter, trainable
parameter, non-trainable parameter, activation function, batch size, loss, optimizer and
epochs.
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Table 3.9: Parameter table of pipeline 1: Deep learning based SI detection with semantic
topic modeling

Hyper-parameter Value
Embedding Dim 768
Hidden Units of LSTM 128
Dense 1
Total parameter 213313 (833.25 KB)
Trainable parameter 213313 (833.25 KB)
The activation function of LSTM Sigmoid
Batch Size 32
Loss Binary crossentropy
Optimizer Adam’
Epochs 10

3.4.2 Pipeline 2: Psycholinguistic lexical feature based graph neural net-
work driven approach

System model: We incorporate the power of lexical features and cutting edge technique
to our pipeline 2 for constructing a lexical psycholinguistic knowledge-guided graph neural
network [36] based model for SI detection. We employ LIWC [15] to extract psycholin-
guistic features from the collected and pre-processed text data. The LIWC features are
used to create graph using k-nearest neighbour [37]. Later, we apply graph neural network
[20] on the graph for SI detection.
Architecture: In pipeline 2, the layers are LIWC feature creation and selection layer,
graph creation layer and graph neural network layer.

a) LIWC feature creation and selection layer

LIWC-15 [15] is used to perform LIWC analysis to extract psycho-linguistic features.
LIWC is a lexicon used in Natural Language Processing (NLP) to extract features from
text [15]. LIWC includes a dictionary with more than 90 categories which covers linguistic,
psychological, and emotional dimensions. These categories include linguistic elements like
pronouns, articles, and prepositions, as well as psychological categories such as emotions,
cognitive processes, and social dimensions [15]. We use “Home” icon labeled “LIWC
Analysis” to get started with. We store the data set in CSV format to speed up the
process. We use the newer LIWC-15 dictionary format (.dicx).The Categories tab lists all
of the categories which are contained within the selected dictionary. The “segmentation”
tab is selected to divide texts into segments. By clicking on the “Run LIWC” button,
LIWC analysis is performed to get features based on categories and save the data in a
CSV format. The collected LIWC features are then used for feature ranking and selection.
We get total of 69 features. We use three feature selection techniques (ANOVA [38], Boruta
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[39] and Fisher Score [40]) to rank and select features. We get a total of 32 features in
ANOVA, 9 features in Boruta and 20 features in fisher score. The features are normalized
using the “Min-Max” scalar of “sklearn” so that all features can be transformed into the
range 0 to 1. We use “fit_transform” to compute mean and standard deviation and then
use it to scale the train dataset.

b) Graph creation layer

We start building k-nearest neighbour graph [37] by using a Python package networkX 10.
In kneighbors_graph function, we set 2 for the parameter k to find 2 nearest neighbour of
each data point by calculating distance using cosine similarity. With the selected k-nearest
neighbors, the k-NN graph is constructed by connecting each data point to its k-nearest
neighbors and edge weight is assigned based on the calculation of cosine similarity. For
529 number of data entry, we get 529 nodes and 885 edges in the undirected graph.

Figure 3.2: Pipeline 2: Psycho-linguistic lexicon based Graph neural network driven SI
detection

c) Graph neural network layer

For implementing graph neural network [20], we use PyTorch 11 which is available through
torch.nn module. we define the classification neural network. We declare Softmax() func-
tion as activation function for our last layer. The last layer has 2 output units as it is

10https://networkx.org/
11https://pytorch.org/
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a binary classification task. There are two probabilities present per sample of the data
and probabilities for a single sample will sum up to 1 as the output of the last layer is
from softmax. We use two defined method “__init__” and “forward”. In “__init__”,
we define two layers through which three channels are passed. The channels are input
channel, hidden channel and output channel. We use adam optimizer to optimize the
model. Before casting the model parameters, we cast inputs to double. The input, hidden
and output parameters for two graph convolution layer is 71, 64 and 530. We train the
model for 200 epochs to train for our data. We get 98% of accuracy for the test data.

Table 3.10 presents the parameter setting for the GNN based model. The experiment
is conducted using different parameters such as number of parameter in Linear1 Layer,
number of parameter in Sum Aggregation2 Layer, number of parameter in GCN Conv3
Layer, number of parameter in Linear4 Layer, number of parameter in Sum Aggregation5
Layer, number of parameter in GCN Conv6 Layer, activation function, batch size, loss,
optimizer and epochs. We used Python with the NLTK natural language toolkit.

Table 3.10: Parameter table of pipeline 2: Psycho-linguistic lexicon based graph neural
network driven SI detection

Hyper-parameter Value
# of parameter in Linear1 Layer 4,544
# of parameter in GCN Conv3 Layer 64
# of parameter in Linear4 Layer 128
# of parameter in GCN Conv6 Layer 2
Total parameter 4,738
Trainable parameter 4,672
Non-trainable parameter 66
Input size 0.38MB
Parameter size 0.02 MB
Estimated Total Size 0.40 MB

31



Chapter 4

Result and Analysis

Model performance can be evaluated in various ways. We have considered accuracy, pre-
cision, recall, and F-measure as performance metrics. In this chapter, we will discuss each
of them in detail to precisely evaluate the performance of our suggested model.

4.1 Performance Metrics

As mentioned above, we are considering accuracy, precision, recall, and F-measure as per-
formance metrics. Before discussing the evaluation of the metrics, let’s define each metric
in the context of our work. We will also discuss terms such as True Positive (TP ), True
Negative (TN) , False Positive (FP ), and False Negative (FN) [97]. True Positive (TP ) is
the number of data points from the test set that are correctly classified (positive/negative)
by the classifier as belonging to a particular class [97]. True Negative (TN) is the number
of data points from the test set that are correctly classified (positive/negative) by the
classifier as not belonging to a particular class [97]. False Positive (FP ) is the number
of data points from the test set that are incorrectly classified (positive/negative) by the
classifier as belonging to a particular class [97]. False Negative (FN) is the number of data
points from the test set that are incorrectly classified (positive/negative) by the classifier
as belonging to a particular class but should not have been [97]. Precision (P ) is the
number of true positives divided by the total number of positive predictions [97].

Precision (P ) =
TP

TP + FP
(4.1)

Recall (R) is the number of correct positive predictions made out of all positive predictions
that could have been made [97].

Recall (R) =
TP

TP + FN
(4.2)
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F-measure is the weighted harmonic mean of precision and recall for a particular class
[97].

F-measure (F1− score) =
2 · P ·R
P +R

(4.3)

Accuracy is the number of true positives and true negatives divided by the number of true
positives, true negatives, false positives, and false negatives [97].

Accuracy (Acc) =
TP + TN

TP + TN + FP + FN
(4.4)

4.2 Pipeline 1: Deep learning based semantic topic model-
ing approach’s performance evaluation

Combined BERT and Word2vec Feature with LSTM: The accuracy, precision,
recall and F-measure calculated from this classification is as follows :

Table 4.1: Classification report for a model combining BERT and word2Vec features with
LSTM

Metric 0 (Non-suicidal) 1 (Suicidal) Accuracy
Precision 0.88 0.74 0.87
Recall 0.86 0.77 0.87
F1-score 0.87 0.75 0.87
Support 47 22 79
Macro Avg. 0.81 0.81 0.81
Weighted Avg. 0.87 0.87 0.87

The precision is 0.88 for class 0, so it can be said that 88% of the instances predicted
as class 0 are correct. The precision is 0.74 for class 1, indicating that 74% of the instances
predicted as class 1 were correct. For class 0, the recall is 0.86, meaning 86% of the actual
class 0 instances are correctly predicted. For class 1, the recall is 0.77, indicating that 77%
of the actual class 1 instances are correctly predicted. For class 0, the F1-score is 0.87,
and for class 1, the F1-score is 0.75, where the F1-score is the harmonic mean of precision
and recall. The support for class 0 is 50, meaning there are 50 instances of class 0 in the
test dataset. For class 1, the support is 26, and there are 26 instances of class 1 in the
test dataset. The accuracy is 0.83, indicating that 87% of the test instances are classified
correctly. As the macro-average is the unweighted average of precision, recall, and F1-
score across both classes, it provides equal weight to both classes. The macro-average in
this model for F1-score is 0.81. In this model, the weighted average F1-score is 0.87, so
we can say that the weighted average of precision, recall, and F1-score, where each class’s
score is weighted by its support, is 0.87.
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Overall, this classification model performs well in terms of F1-score for both classes.
For class 1 (recall: 0.77), it has higher recall than class 0 (recall: 0.86). The accuracy
of 0.83 indicates that the model correctly classifies 83% of the test instances. However,
the precision for class 1 is relatively lower (0.74), indicating a moderate number of false
positives for class 1 predictions.

Figure 4.1: Confusion matrix of joined BERT and word2vec feature with LSTM classifi-
cation performance

Figure 4.1 illustrates the confusion matrix of the deep neural network based suicidal
sentiment classification model where joined BERT and Word2vec feature with LSTM is
used for classification. The confusion matrix is used to measure the effectiveness of a
classification model. It is used to classify correct and incorrect predictions. Confusion
matrix provides a matrix layout for different outcomes of the predicted results and helps
to visualize the outcomes. It plots a tabular form of all classifier’s predicted and actual
values. As we know, a good method has high true positive (TP) and true negative (TN)
rates and low false positive (FP) and false negative (FN) rates. The column represents
the predicted label, and the row represents the true label of the target variable as positive
and negative. The confusion metric analyses the actual and predicted data from a given
dataset. The prediction of data for 0 and 1 classes are 47 and 22. The total data used for
testing is 79 in that 69 are predicted according to the actual class, and the rest of the 10
are predicted wrongly.
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Figure 4.2: ROC of joined BERT and word2vec feature with LSTM classification perfor-
mance

Figure 4.2 depicts the Receiver Operating Characteristic Curve (ROC) for the joined
BERT and Word2vec feature with LSTM suicidal ideation prediction model. ROC (re-
ceiver operating characteristic curve) graph represents the classification model’s perfor-
mance across all thresholds. AUC stands for Area under the ROC Curve, which measures
the total two-dimensional Area beneath the entire ROC curve. Two variables, such as the
true and false positive rates, are used to plot the curve. For the best classifier, the range
under ROC and AUC should be close to 1.

Combined BERT-Bangla BERT and Word2vec Feature with LSTM: The
accuracy, precision, recall and F-measure calculated from this classification is as follows :

Table 4.2: Classification report for a model using joined BERT-Bangla BERT and
word2Vec features with LSTM

Metric 0 (Non-suicidal) 1 (Suicidal) Accuracy
Precision 0.76 0.53 0.68
Recall 0.76 0.53 0.68
F1-score 0.76 0.53 0.68
Support 37 19 56
Macro Avg. 0.64 0.64 0.64
Weighted Avg. 0.68 0.68 0.68

The precision for class 0 (Non-suicidal) is 0.76, suggesting that 76% of the instances
predicted as non-suicidal are correct. Similarly, for class 1 (Suicidal), the precision is
0.53, indicating that 53% of the instances predicted as suicidal are correct. Precision is
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a measure of the model’s accuracy in predicting positive instances. The recall for both
classes is 0.76, meaning that 76% of the actual non-suicidal instances and 76% of the actual
suicidal instances are correctly predicted by the model. Recall, also known as sensitivity,
quantifies the model’s ability to capture positive instances. The F1-score, which is the
harmonic mean of precision and recall, is 0.76 for class 0 and 0.53 for class 1. The F1-
score provides a balanced measure of a model’s overall performance by considering both
false positives and false negatives. The support column indicates the number of instances
in the test dataset for each class. There are 37 instances of non-suicidal (class 0) and 19
instances of suicidal (class 1) posts. The macro-average, which is the unweighted average
of precision, recall, and F1-score across both classes, is 0.64. This metric treats both
classes equally and provides an overall performance evaluation. The weighted average
considers the imbalance in class distribution. In this case, the weighted average precision,
recall, and F1-score are all 0.68, indicating a balanced performance considering the class
distribution in the test dataset. The confusion matrix of this model is depicted below:

Figure 4.3: Confusion matrix of joined BERT-Bangla BERT and word2vec feature with
LSTM classification performance

This confusion matrix interprets that the model correctly predicted 28 instances of
non-suicidal posts and 10 instances of suicidal posts. There were 9 instances where non-
suicidal posts were wrongly predicted as suicidal. Additionally, 9 instances of suicidal
posts were incorrectly predicted as non-suicidal.
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Figure 4.4: ROC of joined BERT-Bangla BERT and word2vec feature with LSTM classi-
fication performance

The ROC curve with an area of 0.68 indicates a reasonable ability of the model to
distinguish between suicidal and non-suicidal posts.

Word2vec Feature with LSTM The accuracy, precision, recall and F-measure cal-
culated from this classification is as follows :

Table 4.3: Classification report for a model using word2Vec features with LSTM
Metric 0 (Non-suicidal) 1 (Suicidal) Accuracy
Precision 0.90 0.88 0.87
Recall 0.94 0.81 0.87
F1-score 0.92 0.84 0.87
Support 43 25 79
Macro Avg. 0.87 0.87 0.88
Weighted Avg. 0.87 0.87 0.87

The precision is 0.90 for class 0, so it can be said that 90% of the instances predicted
as class 0 are correct. The precision is 0.88 for class 1, indicating that 88% of the instances
predicted as class 1 were correct. For class 0, the recall is 0.94, meaning 94% of the actual
class 0 instances are correctly predicted. For class 1, the recall is 0.81, indicating that 81%
of the actual class 1 instances are correctly predicted. For class 0, the F1-score is 0.92,
and for class 1, the F1-score is 0.84, where F1-score is the harmonic mean of precision
and recall. The support for class 0 is 43, meaning there are 43 instances of class 0 in the
test dataset. For class 1, the support is 25, and there are 25 instances of class 1 in the
test dataset. The accuracy is 0.87, indicating that 89% of the test instances are classified
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correctly. As the macro-average is the unweighted average of precision, recall, and F1-
score across both classes, it provides equal weight to both classes. The macro-average in
this model for F1-score is 0.88. In this model, the weighted average F1-score is 0.87, so
we can say that the weighted average of precision, recall, and F1-score, where each class’s
score is weighted by its support, is 0.87.

Overall, this classification model performs exceptionally well in terms of F1-score for
both classes. For class 1 (recall: 0.81), it has higher recall than class 0 (recall: 0.94). The
accuracy of 0.89 indicates that the model correctly classifies 89% of the test instances.
The precision for class 1 is relatively high (0.88), indicating a low number of false positives
for class 1 predictions.

Figure 4.5 illustrates the confusion matrix of the deep neural network based suicidal
sentiment classification model where word2vec feature with LSTM is used for classification.
The prediction of data for 0 and 1 classes are 43 and 25. The total data used for testing is
79 in that 68 are predicted according to the actual class, and the rest of the 8 are predicted
wrongly.

Figure 4.5: Confusion matrix of word2vec feature with LSTM classification performance

Figure 4.6 depicts the Receiver Operating Characteristic Curve (ROC) for theWord2vec
feature with LSTM suicidal ideation prediction model. ROC (receiver operating character-
istic curve) graph represents the classification model’s performance across all thresholds.
AUC stands for Area under the ROC Curve, which measures the total two-dimensional
Area beneath the entire ROC curve. Two variables, such as the true and false positive
rates, are used to plot the curve. For the best classifier, the range under ROC and AUC
should be close to 1.
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Figure 4.6: ROC of word2vec feature with LSTM classification performance

4.3 Pipeline 2: LIWC feature based GNN approach

The accuracy, precision, recall and F-measure calculated from this classification is as
follows :

Table 4.4: LIWC feature with graph neural network based classification report
Metric 0(Non-suicidal) 1(Suicidal) Accuracy
Precision 0.98 0.98 0.98
Recall 0.98 0.98 0.98
F1-score 0.98 0.98 0.98
Support 280 249 529
Macro Avg. 0.98 0.98 0.98
Weighted Avg. 0.98 0.98 0.98

For both classes 0 and 1, the precision is 1.00. We can say that 100% of the instances
predicted as class 0 and class 1 were correct. For both classes 0 and 1, the recall is 1.00
and 100% of the actual instances of both class 0 and class 1 are correctly predicted. The
F1-score is 1.00 for both classes 0 and 1. There are 280 instances of class 0, and 249
instances of class 1. 100% of the test instances are classified correctly as the accuracy is 1.
In this model, the macro average and weighted average of precision, recall, and F1-score
are all 1.00.

Overall, this classification report suggests that the model performs exceptionally well,
achieving perfect precision, recall, and F1-scores for both classes 0 and 1, with an overall
accuracy of 1.00. This level of performance indicates that the model is making correct
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predictions for all instances in the dataset. However, it’s important to validate the model
on an independent test dataset to ensure that it generalizes well to new and unseen data.

Figure 4.7: Confusion matrix of LIWC feature with graph neural network based classifi-
cation performance

Figure 4.8: ROC of LIWC feature with graph neural network based classification perfor-
mance

The confusion matrix of the classification performance is represented on figure 4.7 The
prediction of data for 0 and 1 classes are 280 and 248. The total data used for testing
is 529 in that 528 are predicted according to the actual class, and the rest of the 1 are
predicted wrongly.
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Figure 4.8 depicts the Receiver Operating Characteristic Curve (ROC) for the LIWC
feature with graph neural network based suicidal ideation prediction model. ROC (receiver
operating characteristic curve) graph represents the classification model’s performance
across all thresholds. Two variables, such as the true and false positive rates, are used to
plot the curve. This is the best classifier as the range under ROC and AUC us close to 1.

4.4 Ablation Study

4.4.1 Pipeline 1: Deep learning based semantic topic modeling approach

We conducted ablation study to understand the impact of different components or fea-
tures on the overall performance of our model so that the ablation study with different
configurations can provide valuable insights into the contribution and effectiveness of each
component. We evaluated the model’s performance using only word2Vec features without
incorporating BERT embeddings which determines the baseline performance of the model
with traditional word embeddings. This helps understand how well the model performs
without the additional contextual information provided by BERT embeddings. We then
assessed the impact of incorporating BERT embeddings, specifically for English text to
understand how much improvement BERT embeddings bring to the model’s performance
when focusing only on English text. This helps evaluate whether the contextual informa-
tion from BERT is beneficial for suicidal ideation detection in English social media posts.
To evaluate this, we have used total 785 social media posts of English language with human
annotation. We finally investigated the combined impact of BERT and Bangla BERT em-
beddings along with word2Vec features, considering a mix of English, Bangla, and Banglish
texts. We explored the model’s ability to handle multilingual and code-switched content
to evaluate whether the combination of BERT and Bangla BERT embeddings enhances
the model’s performance across different languages and language-mixed posts. In this
regard we first used 700 social media posts of English language, 80 social media posts of
Bangla language and 5 social media posts of Banglish language. The posts were all human
annotated following the annotation strategy described on the ”Data Collection and An-
notation” chapter. For the combined approach of BERT and Bangla BERT embeddings
along with word2Vec features, the performance was very poor at first. This was because
of the Bangla and Banglish data we used was not sufficient to generalize well to the char-
acteristics of Banglish and Bangla text. Limited data may resulted in less robust learning
for these language types. We know that transliteration process introduces an additional
step that might have errors, impacting the performance. If the transliteration accuracy is
not high, it may affect the model’s ability to understand the true meaning of the text. To
resolve this, we augmented the Bangla and Banglish datasets through data synthesis or
translation to artificially increase the size of these datasets. We used Gamitisa, an online
Phonetic Transcription Tool, to convert Banglish text to Bangla. We observed a gradual
improvement over the performance of our model using the combined approach of BERT
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and Bangla BERT embeddings along with word2Vec features after data augmentation.
The comparison among different components of our suggested model is shown on table
4.5.

Table 4.5: Performance evaluation of ablation study in deep neural network based suicidal
text classification

Model
Component

Language
Coverage

Data
Size

Accuracy Precision Recall F1-
score

word2vec +
LSTM

785 (En-
glish
posts)

380 (Suici-
dal posts),
405 (Non-
suicidal
posts)

0.87 0.87 0.87 0.87

word2vec
+ BERT +
LSTM

785 (En-
glish
posts)

380 (Suici-
dal posts),
405 (Non-
suicidal
posts)

0.87 0.87 0.87 0.87

word2vec
+ BERT
+ Bangla
BERT +
LSTM

785 (700
English
posts, 80
Bangla
posts and
5 Banglish
posts)

380 (Suici-
dal posts),
405 (Non-
suicidal
posts)

0.68 0.68 0.68 0.68

4.4.2 Pipeline 2: Psycho-linguistic lexical feature based graph neural
network driven approach:

In the graph neural network based suicidal text classification model, we made an ablation
study on the feature selection. At first, we have evaluated the model performance using
the most significant features. We used ANOVA, boruta and Fisher’s Score for selecting
the significant features. We observed a decline in the model’s performance using those
feature selection methods. For ANOVA, the model accuracy becomes 73.72%. As ANOVA
assumes a linear relationship between individual features and the target variable, ANOVA
might not capture the true impact of the features with non-linear relationship leading
to suboptimal feature selection[100]. Also, ANOVA doesn’t account for multicollinearity
when features are highly correlated with each other[100]. In such cases, ANOVA might
select one correlated feature discarding others which results in a loss of valuable informa-

42



4.4. Ablation Study Chapter 4. Result and Analysis

tion. ANOVA is typically used for numerical features and assumes normally distributed
data[100]. We have categorical features or non-normally distributed data. So, ANOVA
might not be suitable and it may lead to feature selection errors. For these reasons,
ANOVA feature selection method doesn’t show remarkable improvement of our graph
neural network based model performance. The accuracy becomes 69.84% using Boruta
feature selection method and 78.90% using Fisher score feature selection method. Graph
data can be highly complex having intricate relationships between nodes. Boruta is an
extension of Random Forest. So, it may not be well-suited to capture these complex de-
pendencies. It may be difficult to distinguish relevant graph nodes and edges from noisy
or irrelevant ones.

Table 4.6: Performance evaluation of ablation study in graph neural network based suicidal
text classification

Model
Component

Language
Coverage

Data Size Feature Accuracy

LIWC +
GNN

785 (English
posts)

380 (Suicidal
posts), 405 (Non-
suicidal posts)

ANOVA selected
features

73.72%

LIWC +
GNN

785 (English
posts)

380 (Suicidal
posts), 405 (Non-
suicidal posts)

Boruta selected
features

69.84%

LIWC +
GNN

785 (English
posts)

380 (Suicidal
posts), 405 (Non-
suicidal posts)

Fisher Score se-
lected features

78.90%

LIWC +
GNN

785 (English
posts)

380 (Suicidal
posts), 405 (Non-
suicidal posts)

All features 98.00%

Moreover, the graph representation in Boruta may not effectively capture the struc-
tural information present in the graph data. The standard Random Forest approach is
designed for tabular data. In terms of graph data, this representation may not be informa-
tive enough. Boruta can potentially select too many graph nodes or edges which can occur
overfitting issues. The excessive features can result in noise and complexity into the GNN
model and can make it less capable of generalizing to new data. Fisher’s Score is most
effective when a binary classification problem is chosen with distinct class labels[101]. We
tried Fisher’s Score feature selection method for our imbalanced dataset and class distri-
butions. In that case, Fisher’s Score might prioritize features that distinguish the majority
class while neglecting the minority class and this may lead to reduced model performance
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when the minority class is important. Fisher’s Score assumes that the data follows a nor-
mal distribution. If this assumption doesn’t hold, the method may not accurately reflect
the feature’s importance[101]. We are dealing with imbalanced data. Also, the data do
not have normal distribution. So, we are not able to consider a remarkable improvement
over the data for this method.

4.5 Model Performance Analysis on True positive and False
Negative

True Positive (TP) represents correctly identified instances of suicidal ideation. High TP
indicates effective identification, aiding in providing timely support or intervention for in-
dividuals expressing suicidal thoughts. False Negative (FN) represents instances of suicidal
ideation that were not detected. High FN values may lead to missed cases, potentially
delaying support for individuals in distress, posing a serious concern for their well-being.
Balancing these values is crucial. False negatives can have severe consequences. So, efforts
to minimize them are important. However, a good balance is needed to avoid excessive
false positives, which could lead to unnecessary interventions and strain on resources. The
goal is to maximize true positives while minimizing false negatives. Considering this, we
evaluated our model performance. The best performant model among these is the graph
neural network based model using all LIWC features. The model has 280 as true positive
and 0 as false negative with selecting all of the features. As the main goal is to minimize
the false negative and to maximise true positive, this model performed best. After that,
deep learning based model with word2vec features and BERT features to LSTM performs
well which has true positive of 47 and false negative of 5. We are considering two models,
one is from deep learning based model and another one is from graph neural network
based model. WE can consider deep neural network based model for proper detection of
suicidal ideation to a decision support system for providing support to the majority of
suicidal people so that less number of people miss it.

4.6 Model Performance Analysis on False positive and True
Negative

False Positive (FP) represents instances incorrectly identified as suicidal ideation. High
FP values may result in false alarms and it may cause unnecessary interventions or alerts.
This can lead to a waste of resources and potential distress for individuals who do not
actually express suicidal thoughts. On the other hand, True Negative (TN) represents
correctly identified instances as not indicating suicidal ideation. High TN values are
generally desirable as they indicate accurate identification of non-suicidal content. This
helps in avoiding unnecessary interventions and conserving resources for cases that truly
require attention. This time too, our deep neural network based model with word2vec and
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BERT features to LSTM (21 as true negative and 3 as false positive) performs best and
surpasses some traditional methods. After that, graph neural network based model with
all LIWC features performs well. . The ensemble of these two model ensures unnecessary
interventions to detect suicidal ideation from social media data.
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Chapter 5

Comparison with Baseline Models

We evaluate the performance of baseline models and our proposed model based on different
performance metrics. The prime purpose of this research is to showcase and find out the
best model of evolving work on automatic recognition of suicidal content. In the baseline
models, we use single handcrafted features, such as TF-IDF [14] and word2vec [22] which
are applied on SVM [41], LR [43], NB [44], and RF [42]. In the proposed model, in pipeline
1, we incorporate BERT [45] features with word2vec [22] to get contextualized features
for modeling. The major aim of amalgamating different NLP techniques is to investigate
on the features that best suits the performance accuracy for SI detection. We observe
that the performance is same for both the combine features of BERT and word2vec and
only word2vec. In pipeline 2, we use psycho-linguistic lexical features [15] for modeling on
graph neural network for SI detection. We try to show on two different pipelines that how
the DL based model perform on a pre-trained language modeling features in pipeline 1 and
how the GNN model perform on LIWC [15] features. Table 5.1 shows the performance
of different ML models used as the baseline models along with our proposed models. By
performance assessment of ML methods in the baseline we notice that the performance of
SVM where TF-IDF features are used is the best in terms of scoring. Accuracy achieved
with SVM is 92%. After that, NB with TF-IDF features performs best with 87% of
accuracy among all other ML techniques except SVM with TF-IDF features.

Contrasting the proposed model with the baseline, we can conclude that the best clas-
sification result is attained with pipeline 1 of our proposed models with 87% of accuracy.
Pipeline 1 performs better than SVM with word2vec features, LR with word2vec fea-
tures and RF with word2vec features. Pipeline 1 has similar performance with NB where
TF-IDF features are used.
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Table 5.1: Comparison with baseline models based on performance metrics
Classification
Model

Feature Accuracy Precision Recall F1-
score

Baseline Model
SVM TF-IDF 0.92 0.92 0.92 0.92
SVM Word2vector 0.68 0.75 0.68 0.58
LR Word2vector 0.65 0.50 0.65 0.55
NB TF-IDF 0.87 0.87 0.87 0.87
RF Word2vector 0.54 0.00 0.00 0.00

Our suggested Model
LSTM (pipeline
1)

Word2vector
+ Bert

0.87 0.87 0.87 0.87

GNN (pipeline 2) LIWC 0.78 0.78 0.78 0.78

TF-IDF is used to convert the text data into numerical feature vectors where each doc-
ument is represented as a vector of TF-IDF scores. SVM uses this TF-IDF vectors to find
the optimal hyperplane that separated the classes (e.g., suicidal vs. non-suicidal). SVM
is effective with high-dimensional sparse data, such as TF-IDF features. TF-IDF captures
the importance of words in a document relative to the entire corpus which is useful for
text classification tasks [46]. Word2vec captures semantic relationships between words
but it may not perform as well with SVM due to the less discriminatory nature of these
features compared to TF-IDF. SVM performs better with sparse and high-dimensional
data [41]. For this, the performance has degraded for SVM with word2vec. NB uses the
TF-IDF vectors to calculate the posterior probabilities of each class and make predictions.
NB assumes feature independence which works well with TF-IDF features in text classi-
fication. The probabilistic nature of NB makes it suitable for handling the variability in
suicidal text data [47]. Thus, NB shows better performance for classification of suicidal
data. Linear Regression aims to find the best-fit line that predicts the dependent variable
(target) as a linear combination of the independent variables (features). For binary clas-
sification, the decision boundary is a hyperplane that separates the data into two classes.
Word2vec is used to convert text data into numerical feature vectors. Each word in a
document is represented as a dense vector, and these vectors can be aggregated to form
a document-level feature vector (e.g., averaging the word vectors. LR uses these feature
vectors to find the decision boundary that best separates the classes (e.g., suicidal vs.
non-suicidal) [52]. The combination of word2vec and LR may struggle with the task of
suicidal text classification due to the limitations of capturing context, handling non-linear
decision boundaries, and dealing with the nuanced data. LR performs better with features
that have clear separability [48]. RF uses word2vec feature vectors to train multiple deci-
sion trees and make predictions. RF can capture feature interactions within its decision
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trees. If the features (word vectors) do not adequately represent the underlying semantic
and syntactic relationships in the text, the model’s performance will suffer [49]. RF is
less effective with dense vector representations like word2vec as they rely on feature im-
portance and splitting which doesn’t align well with the continuous nature of word2vec
embeddings [50]. RF has the least performance for classification of suicidal text. LSTM
networks are effective for sequence data and can capture temporal dependencies in text
[51]. Combining word2vec with BERT leverages both semantic relationships and contex-
tual understanding which is responsible for improving performance [52]. GNN effectively
captures the structural relationships in data [53]. LIWC provides psycho-linguistic fea-
tures which are highly informative for understanding the psychological state of users [54].
GNN with LIWC features has better performance than SVM with word2vec features, LR
with word2vec features and PF with word2vec features.
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Chapter 6

Discussion and Findings

Our cultivated models have the potential to offer several benefits for suicidal ideation
detection in social media platform. After studying the focused area for identification of
suicidality, we have narrowed down the scope of the models to meet our research goals
and objectives.

Sequential Data Handling with Contextualization: LSTM (Long Short-Term
Memory) networks are well-suited for analyzing sequential text data. But, it is critical to
deal with social media posts or conversations where context is essential. TF-IDF features
help to normalize the issues.

Dimensionality Reduction and Contextual Labeling: Latent Semantic Indexing
is beneficial for identifying topics related to mental health and suicidal ideation which can
effectively capture latent topics within textual data. LSI helps to reduce the dimensionality
of the TF-IDF matrix preserving semantic information. The feature space can be more
manageable. Also, labeling text data with relevant topics which are derived from LSI
provides contextual information. It helps in categorizing posts and conversations based
on the content and promotes more targeted analysis.

Combination of Semantic and Contextual Information for Comprehensive
Understanding: Combination of Word2Vec and BERT embeddings in the model helps
to gain access to both semantic and contextual information. This embeddings can im-
prove the model ability to recognize subtle cues and expressions associated with suicidal
ideation. By combining LIWC features with GNNs, it’s possible to create a model with
interpretable features. This can help clinicians and mental health professionals understand
which linguistic and contextual factors contribute to the detection of suicidal ideation.

Holistic Approach to Gain Comprehensive Understanding: Our multi-step
outlined deep neural network based holistic approach incorporates both traditional natural
language processing (NLP) techniques (TF-IDF, LSI) and state-of-the-art deep learning
(LSTM, BERT) to gain a comprehensive understanding of the text data.

False Positives Reduction: A model that integrates both semantic and contextual
information is likely to be more accurate in identifying true signals of suicidal ideation
and reduces the likelihood of false positives. GNNs can be a potential use to reduce
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false positive rates by considering the context and social connections. As it works by
understanding the relationships between individuals. It can help differentiate between
general discussions about mental health and situations where intervention is urgently
needed.

Scalability and Real-Time Monitoring: The concatenated Word2Vec and BERT
embeddings provide a more compact and informative input for downstream machine learn-
ing models. This compact form of data reduces the computational complexity and im-
proves model efficiency. GNN is used to handle large-scale data in real-time. This is
essential for monitoring online platforms and providing timely interventions which can be
life-saving.

6.1 Findings

The LSI, in the deep learning based model can’t extract topics explicitly. Our analysis of
suicide related social media posts in Bangladesh have identified six major topics based on
the terms in each topic and the context. Table 6.1 shows these topics, top 20 keywords and
social media posts related to the topics. We now examine each topic closely and analyze
social, cultural, geographical, and Socio-economic aspects of suicide in Bangladesh.

Suicidality and Mental Health: All of our collected data from different social
media is related to suicidal incidences. For example: from the terms ”suicide,” ”dazai,”
”explained”, this topic might focus on discussions related to suicidality, including refer-
ences to Osamu Dazai and explanations or insights into the topic. Phrases like ”I don’t
feel like this is a life worth living” and ”I wish this would just end” directly indicate the
presence of suicidal thoughts. These expressions reflect a deep sense of hopelessness and
despair. Multiple expressions in the text, such as ”Grades affecting my mental health”
and ”I am tired of being weak and destroyed,” reveal a strong connection between mental
health struggles and suicidal ideation. Expressions of frustration with society and a feeling
of not being able to live life ”for me myself and I” may indicate a sense of isolation and
alienation, which can be closely tied to mental health struggles.

Cases of Suicide: ”6 dead in Texas in apparent murder-suicide after brothers made
pact, police say” - This text reports a specific incident of murder-suicide involving two
brothers in Texas. It provides details about a tragic event related to suicide. The statement
”The chance of a 15-year-old boy dying by the age of 50 is now higher in America than in
Bangladesh” highlights a comparative perspective on suicide rates in different countries.
It raises questions about the factors contributing to these differences. The risk factors
may intersect with suicide cases, although the terms themselves don’t provide specific
case details. ”The Death of the Family Unit” - This text discusses the concept of the
family unit, and while it may not directly discuss suicide rates or cases, disruptions in
family structures can be linked to mental health issues and potentially suicidal risk. ”6
dead in Texas in apparent murder-suicide after brothers made pact, police say” - This text
reports a specific incident of murder-suicide involving two brothers in Texas. It provides
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details about a tragic event related to suicide.
Suicidal Risk Factors: Our collected data expresses different suicide reasons which

we can identify as risk factors of suicide. The risk factors are academic stress, online
experiences and relationships, identity struggles, legal issues and human rights violations,
intersecting factors, addiction, domestic violence, false accusation, family issues, mental,
physical issues, poverty etc. The text touches on factors such as cultural, religious, and
social issues. ”I’m suffering from serious depression & life risk.”- This text mentions serious
depression and life risk, which is an explicit reference to suicidal risk.

Different suicide methods can also be identified as risk factor. The identified methods
are, drugs, poisons, cutting instruments, firearms, jumping over, cutting neck, electric
shock, firing, poison, railway track, taking injection, taking pills etc. We made an analysis
on those risk factors to find out the level of risk among them. Our statistical analysis of
the suicidal reasons and risk factors can be used to recognize the most severe risk factors.
We made analysis on the suicidal cases based on the risk factors.

Social Media on Suicide: Approximately 4,450 teens/children commit suicide due to
cyber bullying[69]. Social Media based websites and applications are platforms that enable
users to create and share content. Cyber bullying is the use of those social networking sites
to bully another. Social media negatively affects teens with an overdose of technology.
Many people are negatively impacted by social media. Teens with suicidal risk can be
influenced by the suicidal news on social media. Also, teens can be in extreme depression
with an overdose of technological use.

Though social media has so many positive sides. For example, it can be used to
educate young people. Platforms like YouTube can be used for educational videos and
more at their disposal. Social media can also be a source of reason in society. Creating
an Instagram account can be of good use to post about today’s political issues around
the world to inform peers. Social media can give teens the creative freedom and can be a
good platform to share creative thoughts and ideas that they need.

Unfortunately, social media acts as a driving force of suicidal tendency among teens
and adolescents. As most of the suicidal reasons we found are either of relationship issues,
emotional arrogance, harassment, mental issue, family issue, depression etc. These reasons
are directly or indirectly related to the negative effects of social media. The phrase ”Had
a falling out with my online ex last year” suggests that online interactions and experiences
might also be related to mental health struggles, although not necessarily suicide cases.
Reasons like harassment and depression are directly related to the use of social media.
Sexual assault, embarrassment and shame, spreading doctored photo are the outcome of
using social media. Phrases like ”not manipulated by corrupt mods” imply that online
communities may have some influence on individuals’ mental health, potentially related
to bullying or harassment, and could be related to cases of mental distress.

Society and Culture on Suicide: The social and cultural factors correlated with
suicide at different levels. Critical life events or circumstances are responsible for suicides.
Individuals who face divorce, economic strain, or political repression are often character-
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ized as suicide risks.
Individuals living in areas of low social integration have higher risk of suicide. Less

family attachments influence suicide probability. Some researchers maintain that the fam-
ily unit is the single most important factor in understanding suicide. Whatever the societal
context, living alone increases the risk of suicide.

Family and other social support are protective factors for suicide. Those who enjoy
close relationships with others can cope better with various stresses, including bereave-
ment, job loss, and physical illness, and enjoy better psychological and physical health.
Studies have documented that social support can attenuate severity of depression and can
speed remission of depression in at-risk groups such as immigrants and the physically ill.
”it’s a rant since I have no one to talk to and I suppose strangers could be helpful”. It
reflects an individual’s personal experience with loneliness and social isolation which may
lead to suicidal thoughts.

As mentioned above, completed suicide occurs more often in those who are socially iso-
lated and lack supportive family and friendships. Evidence suggests different mechanisms
of support’s influence. Social support sometimes represents part of a protective process
that increases self-efficacy and thereby reduces suicidal behaviour. At other times social
support more directly reduces suicidality via reducing psychic distress. Online supporting
communities are also contributing to reduce suicidal risks. The terms ”Helpline numbers:
Bangladesh” and ”Suicide prevention hotlines” indicate the presence of resources and sup-
port systems aimed at preventing suicides. These are measures designed to offer assistance
to those in crisis.

Furthermore, family and friendship support appear to play somewhat different roles
in protecting against suicidality; men and women may differ in use and types of social
support. Effective treatment for suicidality, whether medical or psychosocial, involves
human contact and support. Recent suicide prevention programming to in- crease social
support and other positive variables builds on emerging evidence suggesting a greater
ameliorative effect of increasing protective factors than reducing risk.
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Table 6.1: Top 20 keywords, top 5 topics and related posts.
Keywords Topics Post
life(99), mental(41), de-
pression(29), health(28),
feel(28), anxiety(7).

Suicidality and
mental health.

”Grades affecting my mental
health”.

suicide (365), bangladesh
(141), commit(44),
die(37), country(26),
attempt(11).

Cases of suicide ”6 dead in Texas in apparent
murder-suicide after brothers made
pact, police say”

parents(46), family(29),
social(24), money(20),
exam(20), break(11),
teacher(11), reason(11),
grade(5), abused(5), issues
(4).

Suicidal risk fac-
tors

”I’m suffering from serious depres-
sion & life risk.”

media(45), social(24),
post(14), websites(12),
break(11), video(8), emo-
tion(5), you-tube(4),
facebook(4), teenagers (4).

Social media on
suicide

”Had a falling out with my online ex
last year”

friend(30), prevention(25),
social(24), squad(11), pro-
tect(7), community(4).

Society and cul-
ture on suicide

”it’s a rant since I have no one
to talk to and I suppose strangers
could be helpful.”

6.2 Open Issues and Challenges

This section presents the main open issues, challenges and the future perspectives of
suicidal ideation detection based on social media data in the context of developing countries
like Bangladesh.

Data Privacy and Ethics: Maintaining user privacy along with balancing the need
for mental health support is a critical challenge. Implementing ethical guidelines and
ensuring compliance with privacy regulations is an ongoing concern.

Cross-Cultural Sensitivity: Adapting the model to diverse cultural contexts within
Bangladesh and accounting for variations in language use and expressions poses a chal-
lenge. One-size-fits-all approaches may not be effective across different cultural groups.

Real-Time Intervention: Real-time data processing, model prediction latency, and
prompt intervention strategies are required to provide timely support to individuals at
risk overcoming challenges related to it.
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Handling Code-Switching: Dealing with code-switching between languages in so-
cial media posts, especially prevalent in Banglish, remains a challenge. Models need to
effectively handle this linguistic complexity for accurate detection.

Limited Labeled Data: The scarcity of accurately labeled data for suicidal ideation
in the context of Bangladesh poses challenges for model training and evaluation. Obtaining
high-quality, diverse labeled data is essential for model performance.

Algorithmic Bias and Fairness: Ensuring fairness and mitigating biases in the
model’s predictions, especially regarding demographic groups, is an ongoing challenge.
Regular audits and fairness-aware training techniques can help address this issue.

Long-Term Impact Assessment: Assessing the long-term impact of the model
on individuals’ mental health and well-being requires careful longitudinal studies and
collaboration with mental health experts.

Dynamic Nature of Social Media: Adapting to the rapidly evolving language
and behaviors on social media platforms presents challenges. Regular model updates and
staying informed about emerging trends are necessary.

Scalability and Deployment in Resource-Limited Settings: Ensuring that the
model is scalable and can be effectively deployed in resource-limited settings, which may
be common in some areas of Bangladesh, poses a challenge.
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7.1 Practical Implications

Our proposed pipeline and study findings offer various practical implications for stake-
holders. This pipeline is able to detect social media users with SI by monitoring their
social media posts with suicidal ideation and making timely intervention possible.

• Our system can enable early intervention by accurately identifying posts indicative
of suicidal ideation. Mental health professionals or support systems can be alerted
promptly which can potentially prevent suicide attempts.

• Our research and findings can provide mental health professionals and organizations
with an alternative means to the traditional way of direct consultation.

• Most of the people with mental health issues do not visit healthcare professionals for
treatment because their mental illness remains heavily stigmatized. Therefore, their
engagement with social media platforms keeps great promise for the detection and
intervention of SI so that their family members can understand their mental health
issues.

• Social media platforms can use our system to identify and flag potentially harmful
content ensuring timely moderation and providing support resources to users who
may be in distress.

7.2 Limitations

One critical challenge that demands attention is the prevalence of imbalanced data in the
training set. Imbalances between classes, particularly in the context of suicidal and non-
suicidal posts, introduce complexities that necessitate careful consideration. Imbalanced
data, where one class (e.g., non-suicidal posts) significantly outnumbers the other (suici-
dal posts), can lead the model to be biased towards the majority class. As a result, the
model may perform well on the majority class but poorly on the minority class. Models
trained on imbalanced data may have difficulty generalizing to new, unseen data, partic-
ularly for the underrepresented class. The model might exhibit poor performance when

55



7.3. Future Research Chapter 7.

faced with real world imbalances. The model’s performance is sensitive to the choice of
hyperparameters in various components such as TF-IDF, LSI, word2vec, and LSTM in
pipeline 1. Suboptimal hyperparameter tuning has impact on the overall efficacy of the
model. The performance of word2vec and BERT embeddings depends on pre-trained mod-
els. Changes in linguistic trends or the emergence of new expressions may pose challenges
if these embeddings do not adequately capture evolving language patterns. In pipeline 2,
the way of graph construction for GNN is crucial. If the connections between nodes are
not well-defined or do not accurately reflect the relationships relevant to suicidal ideation,
the GNN’s performance might be compromised. Suicidal language can be subtle, context
dependent and influenced by cultural factors and LIWC alone might not capture.

7.3 Future Research

We target some potential avenues for future work on our suggested model. Incorporation
of additional modalities such as images, videos, or audio data from social media posts can
create a more comprehensive understanding of user sentiment and mental health. Degree
of severity of suicidal ideation can be calculated to provide the community based support
properly. We plan to implement mechanisms for continual learning to adapt the model
over time as language and online behaviors evolve.

7.4 Conclusion

Our research sheds light on the alarming rise of suicide rates particularly among the youth
both globally and in Bangladesh. Leveraging the expressive nature of social media plat-
forms, our study targets Facebook, Twitter, and Reddit for employing advanced machine
learning models to detect individuals at risk of suicidal ideation. The integration of two
models (deep neural network based model with 87% of accuracy and graph neural network
based model with 78% of accuracy) with their unique strengths yields comprehensive in-
sights that surpass conventional techniques in terms of recall. The identification of five
contextual topics adds depth to our understanding and provides a foundation for proactive
policy approaches. In essence, our mission is to combat the insidious parasite of suicide
through cutting-edge technology by offering a message of hope and assistance to individu-
als struggling with suicidal thoughts. By empowering policy-making approaches, we aspire
to create a positive impact on mental health and fostering a society that prioritizes early
intervention, prevention, and support for those in crisis.
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