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Abstract

The widespread use of Social Media Platforms (SMP) such as Twitter, Instagram, Face-
book, etc. by individuals has recently led to a remarkable increase in Cyberbullying (CB).
It is a challenging task to prevent CB in such platforms since bullies use sarcasm or pas-
sive-aggressiveness strategies. This article proposes a new CB detection model named
FAEO-ECNN for detecting and classifying cyberbullying on social media platforms. The
proposed approach integrates Fuzzy Adaptive Equilibrium Optimization (FAEO) clus-
tering-based topic modelling and Extended Convolutional Neural Network (ECNN) to
enhance the accuracy of CB detection process. Initially, pre-processing is performed in
order to cleanse the dataset. Next, the features are extracted using multiple models. The
unsupervised Fuzzy Adaptive Equilibrium Optimization (FAEO) is utilized for discovering
the latent topics from the pre-processed input data, which automatically examines the text
data and creates clusters of words. Finally, the cyberbullying classification makes use of
the ECNN and Rain Optimization (RO) algorithm to detect CB from posts/texts. We evalu-
ated the proposed FAEO-ECNN thoroughly with two short text datasets: Real-world CB
Twitter (RW-CB-Twitter) and Cyberbullying Menedely (CB-MNDLY) datasets in compar-
ison to State of The Art (SoTA) models like Long Short Term Memory (LSTM), Bi-direc-
tional LSTM (BLSTM), RNN, and CNN-LSTM. The proposed FAEO-ECNN model out-
performed the SoTA models in detecting Cyberbullying on SMP. It has obtained 92.91%
of accuracy, 92.28% of recall, 92.53% of precision, and 92.40% of F-Measure over CB-
MNDLY dataset. Moreover, it has achieved 91.89% of accuracy, 91.32% of recall, 91.81%
of precision, and 91.56% of F-Measure on RW-CB-Twitter dataset.
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1 Introduction

Social media networks such as Instagram, Twitter, Facebook, and Flickr have attracted
more users for online communication and socialization. Although these platforms help
people to communicate with each other and share their ideas about any topic or event,
such interaction and online communication on SMPs may ultimately end up with illegal
and malicious activities such as CB. Typically, CB is a state of abusive psychological
behaviour that has a serious impact on society. CB events have recently increased, pri-
marily among youths, as they dedicate most of their time to browsing and involving in
various interactions and discussions on different social media platforms. In particular,
Twitter and Facebook, the popularity of these platforms and also their user’s anonymity
make them vulnerable to CB. As reported in [46], 14% of harassment events occur on
Twitter and Facebook, and 37% of such events are involved by youths. Furthermore, CB
may cause serious mental problems and lead to suicide, and such suicides may happen
as a result of the depression and stress caused by CB events [69]. This highlights the
importance of developing a method for detecting CB in social media short text messag-
ing such as comments, posts, and tweets.

CB is increasingly becoming a common problem on Twitter, Facebook, and other
SMPs, detecting CB events from tweets and posts on such platforms and also provid-
ing protective measures is desirable to overcome CB threats [22]. Bullying on SMPs is
perceived to have a negative impact on users. It can be considered as a destructive and
threatening act that can be the major cause of life-long problems to victims due to the
easy access to SMPs by users through mobile devices, tablets, etc. Typically, monitor-
ing and controlling CB manually on these platforms is a challenging task [2]. Addition-
ally, mining the content of social media tweets, posts, and comments for detecting CB
is a challenging task. It can also be more complex and challenging if the bully utilizes
sarcasm or passive-aggressiveness strategies. Thus, intelligent and efficient CB detec-
tion models are needed to detect CB in social media short text posts [66]. This challenge
is the motivation behind this research work, where it mainly focuses on addressing the
aforesaid problem by developing an effective approach to detect CB in SMPs.

Regardless the challenges and difficulties posed by social media messages, the
existing CB detection models on the Twitter platform have mainly relied on the clas-
sification of tweets and some models utilized topic modelling. The current tweet clas-
sification models are generally utilized to classify tweets into bullying and non-bully-
ing. These models either adapted supervised machine learning (ML) such as [19, 74,
67, 48, 60] or Deep Learning (DL) as in [2, 73, 9, 27, 34, 51]. The supervised classi-
fiers were found to have low classification performance since the labels of class are
immutable and irrelevant to new events [28]. Furthermore, while it can be appropriate
for a predetermined set of events, it is incapable of handling tweet’s dynamic changes.
On the other hand, Topic modelling has been used to capture the important topics or
themes from a collection of data forming classes or patterns throughout the dataset.
Despite their concept similarity, in the case of short text, the general unsupervised
topic models are inefficient. Therefore, specialized unsupervised topic models were
utilized for short text [76]. Typically, these models are effective in identifying and
extracting trending topics from tweets. They can be helpful in extracting meaning-
ful topics by using bidirectional processing. However, in order to obtain sufficient
prior knowledge, these unsupervised models necessitate a substantial amount of train-
ing, which is not always sufficient [15]. Given these limitations, an effective tweet
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classification model is desirable to fill the gap between classification and topic mod-
elling, resulting in significantly improved adaptability.

Most CB research has concentrated on the social and psychological aspects of CB
rather than tackling the problem utilizing technological solutions. Moreover, exploring
the possible utilization of textual ML methods and providing solutions not only alleviate
CB but also helps victims in the evidence documenting, which is desired for enforce-
ment of the law. Moreover, existing research works require further enhancement to
include a consistent and reliable method that accounts for both direct and indirect influ-
ences. However, these concerns motivated us to propose a model for latent CB detec-
tion in social media using clustering-based topic modelling and Extended Convolutional
Neural Network (FAEO-ECNN), which aims at detecting CB in social media posts and
classifying them into different classes such as insult, sexism, racism, aggression and
non-bullying.

Nonetheless, progress in the identification of cyberbullying has been made through
ML and DL techniques. This article proposes a new CB detection approach called
FAEO-ECNN to detect CB from social media posts automatically. The proposed
approach integrates the unsupervised Fuzzy Adaptive Equilibrium Optimization
(FAEO) clustering-based topic modelling and Extended CNN with Rain Optimization
(RO) algorithm to classify and detect cyberbullying from posts/texts in order to enhance
the accuracy of detecting CB. The FAEO-ECNN outperformed SoTA approaches in
detecting CB on the social media platforms based on different evaluation metrics. The
main contributions of this study are highlighted as follow:

e Propose an approach named FAEO-ECNN for effective cyberbullying detection in
social media.

e Present an unsupervised Fuzzy Adaptive Equilibrium Optimization (FAEO) cluster-
ing-based topic modelling to discover the latent CB topics from social media such
data and generate clusters of words.

e Propose ECNN architecture by combining the Wavelet Pooling with CNN architec-
ture to classify and detect the type of CB, reduce the dimensionality issue, and mini-
mize the loss in CNN using meta-heuristic Rain Optimization (RO) algorithm.

e Introduce a way to cleanse and remove the noise in social media data to improve
data quality issues related to social media posts. A wide variety of anomalies like
acronyms, slang, Elongated, typos, spelling mistakes, concatenated words, and vari-
ous abbreviations for the same words, etc., are corrected.

e A new dataset is gathered from Twitter using some CB key terms for evaluating the
performance of the suggested FAEO-ECNN and other SoTA methods

e The proposed model is evaluated using two short text datasets: Cyberbullying Mene-
dely (CB-MNDLY) and the Real-world Cyberbullying Twitter (RW-CB-Twitter)
datasets, to prove the efficiency of the model in detecting and classifying short texts
containing CB. The overall evaluation illustrated that the suggested FAEO-ECNN
approach outperforms other SOTA approaches in precision, F1-measure, accuracy,
and recall.

The article is structured as follows: Sec. 2 presents the recent works related to CB
detection. The proposed methodology is presented in Sec. 3. Experimental analysis
and performance evaluation are presented in Sec. 4. The discussion is given in Sec. 5.
Finally, Sec. 6 concludes the study and provides the future scope.
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2 Related works

This section mainly reviews the existing models of cyberbullyin, classification and detec-
tion in SMP such as Twitter, Instagram, and Facebook. Essentially, ML was utilized with
various Feature Selection (FS) methods for CB detection and classification, such as Ald-
uailaj & Belghith [8] proposed a model to detect CB automatically of the Arabic text data.
The suggested method determines the CB utilizing SVM classifier with the Bag of word
(BoW) and TF-IDF model to extract features over Real world YouTube and Twitter data-
sets in order to test and train the classifier. Furthermore, the Farasa tool was included to
cope text demerits and enhance bullying attack detection. Dalvi et al. [23] utilized Random
Forests (RF) and SVM models with the TF-IDF model to extract features in order to detect
CB in tweets. Although SVM attains high performance, complexity is increased when the
class labels get increased. Purnamasari et al.[60] introduced a method for detecting CB
from the Twitter dataset utilizing information gain (IG) as a FS technique and SVM as a
classifier. The authors investigated the various IG selection threshold and various SVM
parameters. Then, the findings of cyberbullying classification with IG feature selection
achieve higher accuracy than utilizing overall features. Al-garadi et al. [41] utilized various
ML classifiers methods like RF, SVM, and Naive Bayes (NB) for detecting CB using vari-
ant extracted features from social media Twitter data like (network, tweet content, user, and
activity). Balakrishnan et al. [11] developed a CB detection model to recognize and detect
online bullying in the Twitter dataset using user personality feature extractions identified
by Big Five and Dark Triad models. The RF classifier was utilized for CB detection. The
major issue with the dataset was restricted to GamerGate, and most of the tweets were
categorized into binary forms (normal or spam). Balakrishnan et al. [10] employed various
ML algorithms such as J48, RF, and NB through the psychological behaviours of Twitter
users to identify CB events from tweets and classify them into various classes such as a
normal, bully, spammer, and aggressor. They ultimately found that the emotional feature
has no effects on the rate of detection. Despite its competence, it is restricted to datasets
with fewer class labels and a small size. An ensemble model was suggested by Alam et al.
[7] for tweet classification employing the double and single ensemble based voting meth-
ods, such ensemble based methods utilize the mutual information bigrams and unigram
TF-IDF for extracting features, while LR, Bagging ensemble classifiers, and decision tree
were used for classification. The Bagging ensemble approach obtained the best precision
over the Twitter dataset. Even though, these models minimized the classification execution
and training time, they get affected when using sarcasm tweets and multi-meaning acronym
words.

Huang et al. [33] developed a CB detection approach for social media data that com-
bines textual and social media features. The information Gain (IG) approach was used to
rank the features. Some standard classifiers models like J48, Bagging, and Naive Bayes
(NB) are used. The results illustrated that the social characteristics could help in improv-
ing the accuracy of CB detection. Also, Squicciarini et al. [65] introduced a CB detection
approach for social media networking such as MySpace utilizing C4.5 as a decision tree
classifier with personal, textual, and social media features. Talpur and O’Sullivan [67] pro-
posed a feature-engineering-based technique for identifying cyberbullying posts on Twitter.
The proposed model utilized the features contained in the content of the tweets to pro-
pose an ML classifier for categorizing the tweets into four classes: high, medium, low-level
CB, and non-CB. This study focused only on the Twitter platform and did not investigate
the other social media platforms. An automatic model was suggested by Van Hee et al.
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[31] for CB detection on social media, including various kinds of CB, covering com-
ments from bystanders, victims, and bullies. The suggested system was evaluated based
on cyberbullying dataset of Dutch and English languages. In this study, the detection of
fine-grain classification in CB classes such as curses, racism, threats, and hate has not yet
been investigated. Besides, Chia et al. [19] used various ML and feature extraction-based
methods for classifying sarcasm and irony from tweets containing CB. Several feature
selection methods and classifiers were investigated in this method; Despite its efficiency
in identifying the irony and sarcasm words from tweets, the rate of CB detection is still
lower [57].

Additionally, some Deep Learning (DL)-based models were proposed in the literature
for detecting CB contained in posts/tweets from social media. Lu [45] suggested a new
model, namely Character-level CNN with Shortcuts(Char-CNNS), for detecting CB from
social media text. The characters were regarded as the smallest learning unit, which was
used to enable the proposed model to cope with the wide variety of anomalies in a real-
world corpus, such as spelling errors, etc. To address the issue of class imbalance, a focal
loss function is used, while shortcut was utilized to stitch various features levels in order
for learning hybrid bullying signals. N. Yuvaraj et al. [74] utilized Deep Reinforcement
Learning (DRL) and Artificial Neural Network (ANN) for classifying CB tweets. This
model led to high computational complexity. A new model was Introduced by Chen et al.
[16] for detecting verbal aggression from Twitter data based on Convolutional Neural Net-
works (CNN), utilizing 2-D TF-IDF matrix of features instead of Glove and Word2vec
to enhance sentiment analysis performance. The CNN model was found to be superior
to other existing SVM and LR classifiers. Agrawal and Awekar [3] utilized Deep Neural
Network(DNN) methods such as BLSTM with attention, BLSTM, LSTM, and CNN meth-
ods to analyze and detect CB across different kinds of SMPs on various topics and apply
transfer learning to detect CB. The DL-based models outperformed conventional ML mod-
els in detecting cyberbullying tasks in social media. Dadvar and Eckert [21] reproduced the
study of [3] for detecting CB events in SMP based on DNN models. The author’s utilized
a new SM dataset (Youtube dataset) in their works to test the transferability and adapt-
ability of their approaches to Youtube dataset and analyze the performance of Deep NN
with traditional machine learning models. For tweet classification, Natarajan Yuvaraj et al.
[73], utilized multi-feature-based Al along with a deep decision tree classifier. Where clas-
sifier was established by integrating the deep neural network’s hidden layers with the deci-
sion tree classifier. In addition, three feature selection models were utilized: 1G, Pearson
Correlation, and Chi-Square. However, this approach obtains low accuracy when handling
high-dimensional data. For detecting CB hate speech in Arabic tweets, Al-Hassan and
Al-Dossari [9] used SVM classifier in comparison to four deep learning models, namely
GRU, CNN+ GRU, LTSM, and CNN+LTSM for identifying CB in Arabic Twitter texts.
However, the CNN+GRU and CNN+LSTM are more complex and less efficient when
dealing with large-scale datasets. Chen and Cheng-Te [14] developed a Deep Neural Net-
work model, named HENIN (HEterogenous Neural Interaction Networks) to identify CB in
social media platforms. It includes three parts: (1) comment encoder, (2) post-comment co-
attention technique, and (3) post-post and session-session interaction extractors. It can be
observed that the learning of graph-based post-post and session-session interactions makes
up the majority of the contribution to overall performance. To discover CB in tweets, a
classification model using Bi-directional Gated Recurrent Unit (Bi-GRU) was suggested
by Fang et al. [27] in order to learn the underlying relationship among (terms) words in
combination with the self-attention mechanism to enhance the classification of CB tweets.
However, the attention network’s context-independent behaviour limits its learning ability
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to learn all relationships between tweets. Zhao et al. [79] proposed a novel representation
learning model called Semantic-Enhanced Marginalized Denoising Autoencoder (smSDA)
to detect CB. This approach is capable of generating robust and discriminative representa-
tions, which are subsequently fed into SVM model.

Iwendi et al. [34] introduced a CB detection approach based on RNN and Bi-LSTM.
This approach demonstrated high performance when using RNN and Bi-LSTM showed
a significant efficiency. Also, CNN performs well in some cases. Akhter et al. [5] used a
variety of DL models, including CNN, CLSTM [80], LSTM, BLSTM, and others, to detect
abusive Urdu expressions in a social media text. Other researchers, such as [12, 6, 62, 32],
and [75], used CNNs to improve CB detection. Agarwal et al. [2] employed RNN with
Class Weighting and Under-Sampling, enabling the RNN model to outperform the RNN
approach. This suggests that fine-tuning the parameters can improve recurrent neural net-
work efficiency. An Attention-based RNN method was designed by Edo-Osagie et al. [24]
for classifying short texts, which showed high classification accuracy. But, this method’s
location filtering is limited. Pitsilis et al. [59] utilized recurrent neural networks and word
frequency vectors to detect hate speech. Using the RNN model, Khodabakhsh et al. [36]
predicted personal life future events from tweets based on the recurrent neural network.
This model is not effective in classifying highly class imbalanced data. A hybrid DL model
called (Bi-GAC) was developed by Kumar and Sachdeva [38] for CB classification in social
media. This model combines the benefits of the capsule network (CapsNet) and BiGRU
with a self-attention encoder. Fine-grain classification in CB has not yet been investigated
in this study, nor has it been expanded to multi-class cyberbullying classification.

Aind et al.[4] suggested a CB detection framework using the Reinforcement Learning
model, namely Q-Bully. The proposed Q-Bully was utilized to discover cyberbullying on
carious social media platforms automatically utilizing NLP with Reinforcement Learn-
ing models. This framework leads the detection process by leveraging human-like behav-
ioural patterns utilizing integrating various NLP approaches and Reinforcement Learning.
A new model for classifying CB posts (tweets) named transformer network-based word
embedding is presented by Pericherla and Ilavarasan [58]. This approach uses the RoB-
ERTa optimization model to construct word embedding and also uses the Light Gradient
Boosting Machine for classifying posts such as tweets. This model circumvents the con-
text-independent constraints associated with conventional word embedding approaches.
Yet, this approach led to high training time in comparison with CNN model. A fine-tuning
model was proposed by Tripathy et al. [68] to identify cyberbullying using ALBER. Paul
and Saha [55] suggested an approach for CB detection, called CyberBERT, utilizing the
BERT method. Eronen et al. [26] proposed a CB detection model utilizing linguistically
supported data cleansing and the Feature Density (FD) method. In this study, authors ana-
lyzed the efficiency of FD utilizing linguistically-backed data cleansing and preprocessing
techniques like Named Entity Recognition (NER), Parts of Speech (POS), stop words fil-
tering and others for evaluating the performance of classification and dataset complexity.
On the other hand, some works such as [37, 38, 40, 39, 71 and [56] presented a multi-
model to discover CB in three various modalities of social media data called info-graphic,
visual, and textual. Kumari et al. [40] presented a unified multi-model for CB detection
in smart cities via social media. The work’s major intention was to excavate social media
posts to detect bullying comments, including images and text. The suggested model used
to remove the separate learning modules requirement by the unified representation of both
image and text. With this unified representation, a single-layer CNN is utilized to identify
bullying comments. From the analysis of results, the text represented as an image was bet-
ter for information encoding. Moreover, the single-layer CNN provided better outcomes
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with two-dimensional representation. The drawback was that video, posts, and audio data
were not considered for detection, and only image and text data were considered for detect-
ing cyberbullying. Wang et al. [71] developed a multi-modal cyberbullying detection
(MMCD), which extracts multiple information such as video, image, time, and comments
from social networks. Totally 3 modules were utilized for modality features extraction and
to fuse the multiple data types. BILSTM (Bidirectional LSTM) with attention was used to
extract post characteristics. Next hierarchical Attention (HA) networks were applied at the
comment and word levels. Also, to encode information such as images and video, MLP
(Multilayer perceptron) was used. Dual real social media datasets such as Vine and Insta-
gram were used for experimentation. The limitations of this work do not detect different
bullying categories such as (harassment, sexual, etc.). Roy and Mali [63] designed a model
to detect and prevent image-based CB problems on SMPs. Initially, The deep learning-
based Two dimensional CNN was utilized to develop the model. Then, the authors used
transfer learning models for this study. The drawback of the suggested model it did not
investigate only with text for cyberbullying detection, it focused on the combination of
images and texts. Kumari et al. [40] suggested a DL-based approach in a bilingual for clas-
sifying various types of cyber aggression on social media comments.

Wang et al. [71] developed a subspace clustering approach called Fast Adaptive K-Means
(FAKM) for processing high-dimensional data. The FAKM approach uses adaptive LF (loss
function), which offers flexible calculation of cluster indicators suitable for processing diverse
dataset distributions. This FAKM was utilized for performing feature selection and clustering,
which can be suited for real-world applications. The limitation with FAKM was suitable for
processing single-view clustering. Yan et al. [72] introduce an adaptive multi-view based sub-
space clustering for integrating heterogeneous amounts of data within the lower-dimensional
feature space. Based on the cluster structure compactness, weights have been evaluated for
distinct views in addition to multi-view data. The limitation noticed with multi-view clustering
was the difficulty of discovering the information sharing properly.

To this extent, some significant issues and limitations were observed from the above-
detailed literature review on CB classification and detection. Initially, the DL classifiers out-
perform ML models in terms of classification performance due to their superior accuracy
when trained on large datasets. The major issue with the dataset or corpus was restricted to a
certain community such as GamerGate for some of SoTA studies such as [11]. Another issue
is that most of the SoTA studies of cyberbullying detection categorize the posts only as binary
classification (bully and non-bully) or (normal and spam). Secondly, detecting fine-grain
multi-class cyberbullying classification such as sexism, racism, insult, harassment, suicide,
and non-bullying has not yet been investigated. Data representativeness and scarcity are the
issues related to fairness constraints on cyberbullying detection. Thus, designing an accurate
detection model that tolerates overfitting issues and enhances the accuracy of CB detection
is a key challenge. Therefore, developing a model that characterizes accurate cyberbullying
detection is necessary. In this article, the new FAEO-ECNN model is proposed to enhance the
accuracy and efficiency of cyberbullying detection to overcome the aforementioned limita-
tions and problems of existing DL and ML models.
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3 Proposed methodology

This section presents the proposed model for CB detection from social media data. It inte-
grated Fuzzy AEO clustering and ECNN deep learning model. The fuzzy AEO with a
meta-heuristic algorithm is utilized to cluster the text in order to discover the topics. In
contrast, novel deep learning (ECNN) is used to classify the type of cyberbullying into
several classes. The proposed methodology consists of the following four major phases: (i)
Text pre-processing, (ii) feature extraction, (iii) Unsupervised Fuzzy Adaptive Equilibrium
Optimization (FAEO) clustering-based topic modelling and (v) classification and detection
of cyberbullying using ECNN. The overall workflow of the proposed model is depicted in
Fig. 1. Each of these components is highlighted in the following subsection.

3.1 Text pre-processing

Generally, social media data such as posts, tweets, and Instagram comments are short
and noisy in nature. Such data may also include a vast range of anomalies such as emo-
tions, acronyms, Elongated, typos, slang, spelling mistakes, Concatenated words, word
boundary errors, which affect the original data. Thus, cleansing and pre-processing step
is needed to improve short text data quality. The preprocessing [50, 53] is the first phase
of the proposed CB detection model. It consists of three sub-phases: (1) Removal of noise
such as punctuation/symbol removal, hashtag/mentions removal, emoticon transforma-
tion processes, and URL removal, (2) Cleansing OoV (Out of Vocabulary) such as slang
modification, expansion of acronym, removal of repeated characters, and spell checking,
and (3) Transformation of posts/tweets like word segmentation (tokenization), lower-case
conversion, stop word filtering and stemming. These stages are performed to improve the

Pre-processin
e i 2 K- processin I 1 Feature Extraction

(1) Filtering and Extraction
Tweets

(2) Noise Removal

(3) Out of Vocabulary (OOV)

TF-IDF, Glove, and
hashing Vectorizer

! 1
1 [ S— | — .
| Pre-trained i I Cyberbullying detection and | 1 FAEO Clustering
1 1
1 ! |

Cyberbullying Classification using ECNN | based Topic
-------------------------------- IR
Evaluations Metrics Results Analysis
| l N -
Accurac l Precision l / $ =

Lomen ] B
-

Fig. 1 Proposed Methodology of the Cyberbullying Detection Model
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quality of tweets/posts and enhance classification accuracy and feature extraction. Fig-
ure 2 illustrates the social media data pre-processing stages.

()

(b)

(©

(d)

(e)

®

(@

M EE NN NS NSNS NSNS NN NSNS NSNS NN EEEEEEEN

/ [Out of Vocabulary Cleansing] [Tweet/post Transformatio®

[ URL Removal ] [ Elongated Removal ] [Lower case Conversion ]
[Emotion Transformation ] Split Concatenated [ Tokenization ]
—> Words
[ Hashtag/ Mention ] [ Stemming ]
X Slang & Acronym
QPunctuatlon & symbols ] ‘ Modification [ Stop Word removal ]/

Removal of Noise: Some of the generic steps involved in this sub-phase are URLSs
replacement, emoticons conversion, removing extra symbols (Hashtags, mention),
punctuation and symbol removal.

Out of Vocabulary Cleansing (irrelevant cleansing vocabulary): This sub-phase
includes the following steps: Split Concatenated words, Elongated removal, slang,
and acronym modification.

Split Concatenated words: This process is used to split the concatenated words into its
components words. Most of the time, more than two words are concatenated together
to reduce tweets size. For instance, the concatenated word ‘IHateBlackPeople” is split
into its four components words: * I',;’Hate’, ‘Black’, and ‘People’.

Elongated removal: The words with repeated characters for the given post or tweets
should be shortened. Most of the users utilized these elongated words in order to
express their emotions or feelings like haaaaaaate’, and ‘looooooove’. So removing
these repeating characters in words is the most important step in pre-processing stage
to get standard meaningful words.

Slang & acronym modification: social media data such as tweets, etc., have anomalies
such as acronyms and slang. Modifying the slang and acronym tends to minimize the
post’s characters. The words such as "Tuv’, ‘h8’, ‘Gr8’, ’plz’ etc., are termed incorrect
or non-standard words in English, which must be modified to "love’, ‘hate’, ‘great’, and
’please’, respectively, by using a slang dictionary.

Transformation of tweets/posts: This sub-phase contains four steps: lower case conver-
sion, tokenization is dividing the running tweet/post into words or terms named tokens,
stop-word removal, and stemming.

Lower-case conversion: The process of transforming the terms or words of the post to
a lower-case letter is called a lower-case conversion. It is more important to transform
all the posts into lower-case to provide a constant format.

Raw Data

b 17|
WoliE

Fig.2 Steps in Pre-processing

@ Springer



46620 Multimedia Tools and Applications (2023) 82:46611-46650

(h) Tokenization: The process of transforming a tweet into meaningful data is called tokeni-
zation. It can also be defined as the process of splitting a tweet, post, or whole text
document into small units named tokens (numbers, words, or punctuations). In a post or
tweet, a word is considered a token, whereas, in a paragraph, a sentence is considered
as a token.

(1)  Removal of stop-words: Posts in social media may contain frequent and popular words
that contribute little to the meaning or significance of the posts. Such words are called
the stop-words, so these words should be removed from the posts or documents. Some
of the best examples of stop-words are prepositions, pronouns, and articles. These are

"non

the common terms existing in documents, and the words such as "with", "is", "an",
"in", "the", "at", "has", "be", etc. are named as stop words.

(G) Stemming: it is the process of transforming the variation of words in posts or tweets
into their base form stem. For instance, the words "bully’, *bullied’, ’bullying’, ’bullier’,

’bulliest’, and "bullies’ can be converted to the base form ‘bully’.

3.2 Feature Extraction

In this subsection, we provides a brief description of the various feature extraction models
utilized in this study such as BoW (Bag-of-Words), TF-IDF, Glove [57, 61], and feature
hashing.

3.2.1 Bag of Word (BoW):

This feature extraction technique is entirely based on a word/term occurrence in the
post. BoW [35] is the simpler, more popular and flexible method for extracting the text fea-
tures from posts (documents). The features are created using bigram, unigram, and trigram
parameters. In this research, the unigram method is utilized. However, the number of total
words (terms) which occur more repeatedly is defined using the BoW method.

322 Term Frequency-Inverse Document Frequency (TF-IDF):

TF-IDF [35] is a weighting matrix that is used as a weighting factor for Retrieving
Information (RI). The importance of a term (weight+ count) in each social media tweet/
post is assessed using TF-IDF. This technique combines of TF and IDF measures. The TF-
IDF can be defined as in Eq. (1)

TF — IDF = IDF(t,d) * TF(w,d) )

Total number of a word 'w'occur in doc.'d’

TF(w,d) = 2)

Total words in doc 'd’

—ltlog— L
IDF(1,d) = 1 + log (1 + DF(t)) ?

where, TF(w,d) represents the term frequency, the count of total documents (where the
term ¢ appears) is symbolized by DF{(t).
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Where the term frequency is indicated by TF(w,d) and calculated by the total word
count w in the document d by the total number of words in document d, T is indicated by
the total number of posts (documents) in the entire dataset, the documents count (where the
term ¢ appears) is indicated by DF(¢).

3.2.3 Global Vectors (GloVe)

The GloVe refers to Global Vectors [57, 60]. The GloVe is characterized as the word
embedding context, used to signify the numerical representations of text and signifies the
semantic similarity metric among the words. In general, word embedding is used with
diverse Deep Learning (DL) tasks, like syntactic parsing, entity recognition, semantic anal-
ysis, etc. The expression of GloVe can be provided in Eq. (4).

m m

J= Y, Y G, + bt + b —log(z;)’ )
pa

i=1 j=

where, m represents the size of vocabulary, the scalar bias terms are symbolized as b‘l“ and
bjB. T;e weighting parameter is represented by f (Zii)’ which can be expressed as given in
Eq. (5).

) = { CLamaes < 5

1, Otherwise

Thus, GloVe is deliberated as the framework for illustrating word distribution, it is uti-
lized to show vector representation from words. It can also be utilized for finding the rela-
tions among words like synonyms.

3.2.1 Feature Hashing

The process of converting the arbitrary features into indices in a matrix or vector is termed
as feature hashing. The hashing trick is the other name of feature hashing. Here, a hash
function is applied to the features which work using the hash values. Feature hashing is
memory-efficient, fast, simple, and suited for handling high-dimensional and sparse fea-
tures. Hash function determines the location of the features in a vector. The hash function
maps the V (input), which is defined as:

fiVo{01,...... .1} (6)

where 7 is an integer. In feature hashing, a hash function is used to map the feature values
to indices. Though it is simple, fast, and memory-efficient but has low accuracy tradeoffs
in many machine learning problems. Moreover, these feature extraction models extract the
most significant features and minimize the computational complexity. Hence, these four
models are analyzed, and the following clustering model is processed by considering the
TF-IDF features. The value of TF-IDF represents the importance of the keywords that
determine the characteristics of each topic. Some of the significant features of TF-IDF are:
Easier to calculate the similarity between the two documents, Easy to extract the most elo-
quent keywords in the document, and very useful to measure the relevance and uniqueness
of contents.
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3.3 FAEO Clustering based Topic Modelling

In this sub-section, the FCM (Fuzzy C Means) [13] with Adaptive Equilibrium Optimi-
zation (AEO), named FAEO is utilized to perform topic modelling. Where FCM divides
a set of posts into a number of groups in which every group contains a number of identi-
cal objects, and different groups contain different objects, the object may fit a different
number of clusters. The AEO is used to optimize the fuzzifier parameter of the fuzzy
model. The procedure of FCM clustering is explained as follows:

Let us assume a set of objects posts/tweets in FCM as D =d,,d,,d;, ....,d, with a
fuzzy set S which is a subset of D. The function of a fuzzy set can be modeled as in
Eq. (7).

F¢:D—[0,1] (7

The main aim of fuzzy systems is to provide a logical foundation for representing
uncertainty and imprecision and use it for making-decision. The whole dataset is clus-
tered into C groups by the FCM clustering algorithm [81]. The process of clustering is
performed based on the objective function J,;,. The objective function J,;, of FCM is
computed for each iteration as given in Eq. (8).

Tyin(, U, D) = 3D ()" Di2, ®)
g=1 j=1
Subject to conditions
0<p, <1 9)
c
D=1 (10)
g=1
n
0< Mgy <1 (11
j=1

where ¢ signifies the number of clusters, w represents the fuzzifier (1 < w < o), n indi-
cates the number of posts/tweets/comments, U signifies the center vector of cluster and
Di,; = dis(d;, u,) represents the distance between d; and u,. The membership degree is
updated and expressed as given in Eq. (12).

0= Z;=1(“gi)wdj 12)
l Zj:l (”gi)w

1
2
¢ (Dig\nT1 13)
(5

Here, the membership function for each post/tweet with reference to each cluster is
Hyj which has the membership value between [0, 1]. The term topic modelling refers
to an unsupervised ML (Machine Learning) model with the ability to scan the posts or

Hgj =

@ Springer



Multimedia Tools and Applications (2023) 82:46611-46650 46623

tweets, and extracting the latent topics, and cluster the word sets automatically based
on the similarity with other posts. The steps from Eqgs. (8) to Eq. (13) are reiterated till
Jyin @ specific maximum number of the iterations. In according to document or post
probability, post-term matrix are utilized with the weighting matrix (TF-IDF) technique
(Words X posts matrix) to find the probability of posts P(D). The other two matrices
such as P(W|T) and P(T|D) which mean the probability of words for each topic and the
probability of topics for each post, respectively. The probability of document j P(Dj) is
defined as in Eq. (14).

L (W, D)
p(D) = <=0
) Y Zin (WD) (14)
P(W,,D;)
(i) = (WD) (15)
P(D;T,)
P(DIT,) = o~ 6

DYECA

The D, W, andT represent the documents, words, and topics, respectively. Finally, from
the Eqgs. (15), (16), we can get the P(T|D) matrix, and it can be formulated as in Eq. (17).

P(Wi|Tg) - Z”}P(W,wj) x P(D,IT,) 17)
£

The quality of clusters is measured using J. In order to optimize the fuzzifier parameter
of fuzzy models, the optimization algorithm, named Adaptive Equilibrium Optimization
(AEO) [30] is used. Generally, AEO is motivated using the control volume-mass balance
mechanism, which can be utilized in the estimation of equilibrium and dynamic states.
AEO uses a group of elements or particles (keywords), each of which represents a con-
centration vector (Topic). The primary concentrations are made according to the number
of dimensions and particles with random initialization. Here, the random generation of the
initial Concentration Vector (CV) is expressed as given in Eq. (18).

min

Vci =C + (szu - Cmin) * S (18)

where,i=1,2,3,... ... ,n, the initial CV in the i® particle is represented by V,;, the lower
bound dimension is represented by C,,;,. whereas the upper bound dimension in the prob-
lem is represented by C,,,.. In Eq. (18), § indicates a random vector, and the value of S is
between [0, 1]. The overall number of particles appears within the group is denoted by n.
Like all optimization algorithms, AEO strives to improve optimization outcomes. It
consistently looks for the equilibrium state of the system. As soon as it reaches equilib-
rium, as a result, it compels to progress toward a solution that is close to optimal for the
optimization problem at hand. AEO does not know the level of concentration required to
reach the equilibrium state during the optimization process. As a result, five particles must
be assigned. Four of the five particles are the best in the population, while the fifth parti-
cle is the average of the other four. With the aid of these five equilibrium particles, fur-
ther exploration and exploitation of an operator is conducted. The five chosen particles are
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saved as vectors, which are commonly referred to as an equilibrium pool. However, the
typical representation of the equilibrium pool is indicated as given in Eq. (19).

Epy = [Eeq<1> +Ego) + Eeq) T Ecqety T Eeqavg) (19)
5o Baw tEaga) T Ees) t B 20)
eqtang) )

where, Eeq signifies the equilibrium pool. The term F r 1s named as the exponential term
which contributes to the balance among exploration, exploitation and formulated as,

Fp = e (-0)i Q1)

where, 4 defines the random vector in the range [0, 1], # be the time which is the iteration
function, hence reduces with the number of iterations expressed as,

(= <1 _ zre_n) (7 .

max_itern

fy = 1/1 ln(—clsign(m - 0.5)[1 - e"‘] ) +1 (23)
where, itern specifies the present iteration and max_itern refers to maximum iterations,

¢,, ¢, defines the constant value and the random vector (7’71') lies between [0,1]. The revised
form of the exponential term is formulated as in Eq. (24).

FE = ¢, sign(ri — 0.5) [e_’j - 1] (24)

Another important parameter is the generation rate (Gn), which is used to gain an exact
solution. The expression of Gn as 1* order exponential is stated as in Eq. (25).

Gn = E{O<e—(l—fo)z> (25)

where, Gn,, specifies the initial value, k refers to decay constant. If k = A, then the previous
Eq. (25) becomes as in Eq. (26).

Gn =Gny % Fy, (26)
Gny = (E., ~ E) « GCP @7

GCP = { 0.5rn,rn, > GP 28)

0,rn, < GP

where, GCP stands for Generation rate Control Parameter, rn,andrn, are the random num-
bers in the range[0,1]. Here the random numbers (rns) used are the pseudo-rns. Hence,
the chaos model is introduced to replace the rns, which is further considered to have fast-
convergent, stable and have lesser residual errors. Recently, chaos is presented to solve the

@ Springer



Multimedia Tools and Applications (2023) 82:46611-46650 46625

issues related with ergodicity and pseudo-randomness. Tent map is the most commonly
used chaos to improve the EO algorithm performance.

Xk
Xk < 07
- 0.7
e { T =55, 207 @

Finally, based on this the new location of candidates in the next iteration can be com-
puted using Eq. (30).

o = =N = Cnf =
E=Eeq+<E—Eeq>*FE+V—§<1—FE) (30)

where V indicates the unit and F  1s the exponential term. The FAEO clustering-based
topic modelling clusters the topics by the TF-IDF value leads to finding the group of topics
with similar subjects in accordance with the importance of keywords. Thus, FAEO per-
forms topic modelling and estimates the total number of topics that appears in the dataset.

3.4 FAEO-ECNN Cyberbullying Classification and Detection

Cyberbullying has created a deeper negative effect on the victim and many automated tech-
niques are introduced by researchers to identify the conversations related to cyberbullying.
CB detection is recognized as a classification issue whereas the main motive is to identify
and classify each offensive or abusive post, message, and comment as a cyberbullyng or non-
cyberbullying. Hence, the detection of such instances requires the use of automated intelligent
systems. Recently, DL. models have gained significant popularity and resulted in enhanced
detection performance of multimedia-based cyberbullying events.

This section describes the FAEO-ECNN model utilized for classifying and detecting cyber-
bullying. Cyberbullying detection makes use of CNN [29] due to its advanced applications in
object detection and text classification. After data clustering process and extracting topics, the
Extended CNN (ECNN) is used in order to identify the type of cyberbullying. The input layer
is the first layer. The wavelet concept is incorporated with CNN and called ECNN, mainly
used for reducing the features by compressing the number of layers. The wavelet domains are
mentioned as HL (high-low), LH (low-high), LL (low-low), HH (high-high).

An alternative to the conventional pooling mechanism is the Wavelet Pooling (WP) strat-
egy, which can be used to minimize the feature dimensions. The problem of overfitting can
be solved using max-pooling; however, the features can be minimized in a structurally com-
pressed form than the normal pooling. The key modules of CNN are the convolution layer
(CL) and pooling layer (PL), which undergoes consistent innovation and modification to
promote the efficiency and accuracy of CNNs. PL subsamples the outcomes of the CL and
reduces the spatial dimensions of the data gradually over the entire network. However, the
wavelet pooling can act as a dimensionality reduction procedure which has certain applica-
tions such as regulating overfitting, parameter reduction, and improving the efficiency of com-
putation. Figure 3 shows the architecture of ECNN.

In this study, the structure of ECNN differs from traditional CNN, such as the activa-
tion function softmax is utilizeed for multi-class classification problems. The architecture of
ECNN involves the following layers: convolution, pooling, fully-connected, and output.
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Fig.3 Architecture of ECNN

3.4.1 Convolution layers

The output of clustering is the input to CNN. The outcome of the convolution layer is the vec-
tor of a similar number of components, which can be expressed as given in Eq. (31).

S= (50,5182, - ,8,_1) ER" 31

si= ), wey (32)

JEM;

where the set of indices is represented as M;, the weight factor is signified as we;, it includes
a bias value equivalent to 1. R" signifies the cluster groups. CNN minimizes the total num-
ber of parameters and gains translational invariance. The Equation of the convolution layer
can be re-written by means of a convolution operator expressed as:

S =2z%we (33)

where the we = (we,, e, we,, ..., we,_;) € R". In CNN, the convolution layers typi-
cally use a diverse set of weights for a similar set of input and output as a concatenated
vector representation.

3.4.2 Pooling Layers

In order to make the information simpler, the pooling layers are utilized just after the convolu-
tion layers, whereas the output is in the form of dimensions. Sub-sampling is the objective of
the pooling layer. The basic dual forms of pooling are mean and max-pooling. In order to uti-
lize the wavelets for pooling operation, the dual propagation approaches (forward, backward)
need to be defined. The forward propagation (FP) makes use of second-order decomposi-
tion, whereas the backward propagation (BP) is reversible of FP. The 2-dimensional Discrete
Wavelet Transform (DWT) utilized for FP, and it can be described as in Eq. (34).
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P-10-1

1
Wav,, G,.ix) = Wi 0 Z:,) Z,)f 0, DY (100 (P> D) (34)
p=0 g=
Wavg ) = —— E%f@ 6=, q)
itk = 5 044 D P4 (35)
=0 4=

where,¢ represents the scaling function and y signifies the wavelet function, f(p, ¢) signi-
fies the position of text feature, The feature dimensions are indicated as (P, Q), and the
position of wavelets is characterized as p,q,l, k. The vertical, horizontal, and diagonal
scaling coefficients can be signified as V, H,andD. The 2-dimensional Inverse DWT uti-
lized for BP can be described as:

f,9) = \/;P_Q ; Z Wav,, (jo- l’k)W(ju.l,k)(p’ 9+ \/;P_Q Z]”;f]” ; ; W‘W;, (jo» l’k)‘i’},l.k(p’ Dij=Jo=2
q p
(36)

Here, the wavelet named Harr Wavelet is used, which is easy and simple to implement. The
expression for scaling and wavelet function using Harr wavelet is given as:

Lo<t<1

¢(t)={ 0,0.w. (7
0<t<;

y()=q-1,5<1<1 (38)
0,0.w.

3.4.3 Fully-connected and output layer

In this fully-connected layer, the entire feature maps are signified using one-dimensional vec-
tor representation which is then connected to the output layer. The expression for the output
layer is:

d
FC, ,OL | 1,0L
OL; =f<zzj wey” +b; > (39)
j=
where, OL; indicates the i unit value in OL (output layer), the weight-related to OL, is
represented as welQL, j™ unit in FC(Fully-connected) layer is denoted as z/C and bias is
signified as bf)L. Since the output specifies multi-class classification, the loss function con-
sidered is the Categorical Cross-Entropy (CCE), and the activation function utilized is soft-

max. The CCE loss function is expressed as,

C
BCE = - ¥ 1jlog(f(S);)

P (40)
f8); = o
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where, the target vector is ¢ and the softmax activation function is f(S),;. Thus, the loss
function (Training loss) in the classification layer is reduced using the Rain Optimization
(RO) Algorithm [47]. RO algorithm is based on the principle of rain behaviour. Using this
algorithm, the problem (loss function) can be modelled using the functionality of rain-
drops. Here the raindrops are considered as features, and the main objective is minimizing
the loss function. If dual features are near to each other, both can be connected to form a
larger feature which is represented as:

1

R= (m'l"+mg'); 41

where, ra,andra, denote the radius and m signifies the total number of variables. The per-
centage of texture feature volume « absorbed in every iteration ranges from 0 to 100 and
can be expressed as in Eq. (42).
1
R = (ara])" 42)

The details of the hyperparameters are described in Table 1. For the training hyperpa-
rameter, the optimal values considered are the learning rate (0.001) and epochs (150) for
effective network convergence.

As the iteration number increases, the loss function and the weaker texture features dis-
appear and increase the speed of finding the cyberbullying classification. Finally, the clas-
sification based on ECNN for cyberbullying detection classifies the cyberbully posts/texts
into insult, sexism, racism, aggression and non-bullying. Thus, the optimization based loss
reduction attains better outcomes without extra tuning. The pseudo code of cyberbullying
classification is provided in Algorithm 1.

In recent years, online cyberbullying detection has obtained increased social impor-
tance. With technological development, students and young adults rely on the internet for
various applications such as playing games, browsing, project work, job interviews etc.
More often, people depend on the internet with increasing frequency for social commu-
nication. Cyberbullying remains an alarming issue all over the world among students and
adolescents. Furthermore, CB may cause serious mental problems and lead to suicide,
and such suicides may happen as a result of the depression and stress caused by cyber-
bullying events [69]. This highlights the importance of developing a method for detect-
ing CB in social media short text messaging such as comments, posts, and tweets. There-
fore, this work presents an automated cyberbullying detection model named FAEO-ECNN
using a DL framework for detecting CB in SMPs. The major advantage of the proposed

Table 1 Details of proposed

Hyperparameters Hyperparameters Value

Activation Softmax

Learning rate 0.001

Epoch 150

Dropout rate 0.01

Loss Categorical
Cross-
entropy

Optimizer RO

Batch size 32
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Input: Cyberbullying Mendeley (CB-MNDLY) or Real-world Cyberbullying Twitter
(RW-CB-Twitter) datasets consist of # posts/tweets
Output: Classification of cyberbullying data (insult, sexism, racism, aggression and
non-bullying)
Begin
Step 1: Data cleansing and Pre-processing
1.1 Noise Removal,
1.2 Out of Vocabulary cleansing,
1.3  post-Transformation
Step 2: Compute TF-IDF score Method for each term using Equations (2) and (3)
Step 3: Clustering-based topic-modelling (FAEO)
3.1 Set the cluster number C, error < and degree of fuzziness w>1
3.2 Randomly initialize the cluster membership data j;
3.3 Update the cluster center u; using Equation (12)
3.4 Update the calculation of the Membership function pg; utilizing Equation (13)
3.5 Updating the fuzzifier parameter using AEO algorithm
3.6 Calculate the objective function using Jy;, Equation (8)
3.7 Reiterated the steps from3.3 to 3.6 Eqn. (8) to Eqn. (13) are reiterated till Jy;,
a specific maximum number of the iterations
3.8 Compute the posts probability for each TF-IDF
3.9 Perform topic modelling with a probability of words for each topic and
probability of topics for each document using Equations (15) to (17).
Step 4: Classification (ECNN)
4.1 Clustering output is resized and given as an input to CNN input layer
4.2 Pooling layer is replaced with wavelet HL (high-low), LH (low-high),
LL (low-low), and HH (high-high) decompositions.
4.3 Fully Connected layer extracts the feature maps and the Training loss
minimization using ROA Equations (41) and (42).
4.4 Output layer classifies the posts to the exact class.
End

Algorithm 1 Pseudo code for FAEO-ECNN cyberbullying model

FAEO-ECNN detection model is that help to mitigate committing suicide or being affected
with other psychological effects because of cyberbullying activities. This work is a key
factor in preventing online harassment and creating awareness among children and adults
always to be cautious from their early stages. Also, this research aims to minimize the har-
assing instances in cyberspace.

4 Experimental Analysis

In this section, we present the performance analysis of the FAEO-ECNN model com-
pared with the baseline cyberbullying models. The evaluation is conducted on two
short-text datasets: RW-CB-Twitter dataset gathered from the platform of Twitter using
Twitter API streaming and also the second dataset called CB-MNDLY dataset col-
lected from various social media platforms by Elsafoury [25] to evaluate the superior-
ity of the suggested cyberbullying detection model. the description of both datasets
is explained in Sub-Sect. 4.1. Four baseline cyberbullying detection models, namely
LSTM [34], CNN +LSTM [62], RNN [2], and BLSTM [34], are selected for the com-
parison with the suggested FAEO-ECNN cyberbullying model. Besides, four baseline
topic modelling models, namely PTM [82], CME-DMM, BTM [18], GLTM [43], and
[43] are utilized for comparing with the proposed FAEO topic modelling. The same
settings of the setup parameters as those used in the considered original papers are

@ Springer



46630 Multimedia Tools and Applications (2023) 82:46611-46650

utilized. The experiments were carried out utilizing Pycharm IDE 2020.2.3 and Python
3.7.4, and some needed Packages, including NLTK, NumPy, TensorFlow, Keras,
Sklearn, Tweepy, Scikit-learn, etc., on a system with the information: Intel Core-i7
processor with 8 Gigabytes RAM and windows 10. The datasets utilized, baseline
models, the metrics considered for evaluation, and experimental results are described
in the upcoming subsections.

4.1 Dataset Descriptions

In this sub-section, the datasets, which are utilized in the experimental analysis, are
described briefly. The evaluation is conducted on two short-text datasets: the RW-CB-
Twitter dataset gathered from Twitter and CB-MNDLY dataset gathered from vari-
ous social media platforms by Elsafoury [25] to assess the superiority of the proposed
cyberbullying detection model.

4.1.1 Real-world Cyberbullying Twitter (RW-CB-Twitter) Dataset

This dataset is gathered from Twitter SMP using Twitter API streaming with the help of
several key terms related to cyberbullying, including Nigger, sucker, Idiot, slut, faggot,
LGBTQ, donkey, moron, afraid, ass, fucking, fuck, poser, live, whale, bitch, rape, ugly,
pussy, whore, and shit are some of the key terms as suggested in psychology literature
[20, 54, 17], and [66]. Whereas the other key terms such as Islamic, Islam, ban, Islam,
terrorist, hate, black, kill, attack, threat, racism, and evil were recommended in [77].
The RW-CB-Twitter is expanded to include the dataset that was used in [49]. The over-
all number of collected tweets is 435764 tweets included in the collected dataset, and
out of those tweets, 20000 tweets are used and selected randomly for experiments. This
dataset contains ten features: tweet date created, tweet id, user name, a screen name
(account’s name on Twitter), user location, text (tweet), retweet count, hashtag, number
of followers, and friends. The collected tweets have numerous outliers. Because only
English language tweets are required, tweets of the other languages have been filtered
out, and retweets in the dataset have been removed. These tasks are conducted automati-
cally in the pre-processing phase. Then the rest key preprocessing steps are performed
as described in sub-Sect. 3.1.

4.1.2 Cyberbullying Mendeley (CB-MNDLY) dataset

It is publicly available from Mendeley data repository. The posts in this dataset is gath-
ered from various social media platforms by Elsafoury [25], including YouTube, Twitter,
Kaggle, Wikipedia, and Talk pages, corresponding to automatic cyberbullying detection.
We combined all these datasets to construct one dataset called CB-MNDLY dataset. Then,
we consider each dataset as one class then we labelled the dataset into 6 classes: racism,
insults, aggression, sexism, toxicity, and Non-cyberbullying. The CB-MNDLY dataset con-
sists of 448880 short text post, and out of those tweets, 30000 posts are used and selected
randomly for experiments.
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4.2 Baselines Approaches

This sub-section briefly describes all the baseline models of cyberbullying detection and
topic modelling, which are used to compare with the proposed model.

4.2.1 Baseline Approaches for Cyberbullying Detection

CNN-LSTM [62]: CNN-LSTM is a hybrid model that extracts higher-level phrase rep-
resentations utilizing CNN and is then considered input into an LSTM for obtaining
sentence representation.

Bi-LSTM [34]: The Bi-LSTM model works on bi-direction and differs from the tradi-
tional LSTM network. It is used for detecting cyberbullying. Bi-LSTM combines two
LSTMs, which retain doubled input gates, forget gates, output gates, and forward input
states.

RNN-based approach [2]: used Bi-LSTM layers combined with Max-Pooling and an
attention layer to capture contextual information in the text. Besides, class weighting and
UnderSampling are utilized to reduce the influence of the imbalance problem in cyberbul-
lying classification.

LSTM [34]: LSTM is a special kind of RNN used to detect cyberbullying, which consists
of three components (1) Input gate, (2) Output gate, and (3) a forget gate.

4.2.2 Baseline Approaches for Topic Modelling

PTM [82]: PTM provides more benefits in learning topic distributions by introducing the
pseudo document to self-combine many short texts without considering auxiliary con-
textual data. PTM obtained the highest precision and efficacy outcomes by analyzing the
topic distributions of covert pseudo documents.

BTM [18]: The BTM is utilized to discover hidden topics or themes from short texts by
generating word co-occurrence patterns in the entire dataset to learn the latent topics in
order to solve data sparsity issues at the document level.

GLTM [43]: GLTM method utilized the negative sampling along with the (SGNS) skip-
gram model to achieve local word embedding’s and train the global word embedding’s
from the enormous external corpus. It can find semantic information among words by uti-
lizing both local and global word embedding’s, and it can also be used Gibbs sampler to
support the semantic coherence of topics.

CME-DMM [43]: It can discover coherent latent topics from social media short text, and it
integrates word and topic embedding’s through the attention strategy, which enhances the
hidden topic quality.

4.3 Performance Metrics

This subsection presents various performance metrics utilized to evaluate the performance of
FAEO-ECNN model in comparison with baseline cyberbullying models, like recall (sensitiv-
ity), precision, accuracy, and F1-score (F-Measure). Moreover, the other metrics which use to
evaluate the performance of Topic modelling such as topic coherence which uses Normalized
Pointwise Mutual Information (NPMI), purity, and Normalized Mutual Information (NMI)
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used to analyze the performance of the clustering-based topic modelling. Most of these metric
have been described in [52].

4.3.1 Topic coherence (TC)

TC is a metric used to compute the quality of the learning themes or topics constructed by
topic models. It is an average pair-wise word semantic similarity degree among high-scoring
probability formed by the topmost words of a given theme or topic. For each K topic of posts
produced, the TC is applied to the topmost P words. In all our experiments, we choose N = 10
topmost words (terms) with high probabilities (Wd,, Wd,, ..., de) as a sliding window.
This measure can be calculated using NPMI, which specifies the relation between the topic
k and most possible words p. Here in this experiments, the 7C can be formulated as given in
Eq. (43).

p-1 P log AL

. 2 P(wd;)P(wd))
Topic Coherence (K) = ———— _ 43)
P -1 ; Z; “logP(wd,, wd,)

where the occurrence of words wd, and wd; are defined as in p(wd,) and p(wd,), respec-
tively. Whereas the terms (words) probability wd; and wd; co-occurring in random posts
can be denoted by p(wd; wd)).

4.3.2 Purity

The purity metric [78] is an external metric utilized to determine the quality of the clusters.
Purity can be defined as the ratio of the total number of short texts correctly clustering to
all the labelled short texts in the dataset. The formula of purity can be defined as given in
Eq. (44).

IA] 1B

Purity = % Z Z max)aj N b,‘ (44)

j=1 1=l

Here, the group of posts derived clusters can be represented as A = { ay,ay,as, ..., Ay },
while the group of ground-truth clusters in the corpus is B = {bl by, by, ... »a| }, the
number of posts in a dataset is indicated as n.

4.3.3 NMI

NMI [64] is a good metric to assess the clustering quality, and it is called an external met-
ric because the class label of the short texts is required to determine the NMI. It computes
the Mutual Information /(A, B) shared among both of A and B, where the range of this met-
ric is normalized to the value between 0 and 1 by using the mean entropy metric of clusters
denotes H(A) and the entropy metric of classes denotes H(B). The NMI permits us to trade-
off between the numbers of clusters against clustering quality. NMI can be expressed as in
given Eq. (45).
2« I(A, B)

NMI(A,B) = THO + HB)] 45)
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Here I(A, B) signifies the mutual information of sets A and B, which can be calculated as
in Eq. (46).

Ml 1Bl P(a;0b) mum|%n@| M|a; 08|
I(A,B) = P(a; N b))l %0 = 1
2| ey | T AT
(46)
H(A) = %P(u )ogP: = 3 | ’ | |
Pa) == 3,55 (7)
< o |2/ b, Ibl
H(B) = ZP(bz)l%’P(bz) = 2 (48)

Here, P(aj n b,), p(b,), and P(a_]-) indicate the probability of the post (short text) possibly
appearing in both clusters a; and b;, possibly appear in a cluster b, and cluster a;, respectively.
n indicates the number of posts in the original corpus, |a- N b,|, | ‘ and |b,| indicate the num-
ber of the posts (short texts) occurring in both clusters a; and b;, occurs in the cluster a;, and
occurs in b, respectively. The information entropy of A and B are represented by H (A) and
H(B), respectively.

43.4 AR

It is a data clustering measure that evaluates the similarity between two clusters. The math-
ematical expression of ARI can be expressed as in given Eq. (49),

Zaz(y)-[2() 2 ()
A2 2 ) 2R O

ARI =

49)

4.3.5 Accuracy

It is defined as the ratio of the correctly total predicted observations to all observations [1].
Accuracy is defined as in given Eq. (50).
T,+Ty

Accuracy =
YT AT+ Fp+Fy (50)

4.3.6 Precision

The term precision is known as the ratio of the correctly predicted positive observations to the
total predicted positive observations. It can be formulated as in Eq. (51).

T,

T, +Fp

Precision = P = (51)
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4.3.7 Recall

It is called as sensitivity; it is defined as the ratio of correctly predicted positive observations
to total observations when the actual class is “Yes’. Recall is formulated as given in Eq. (52).

T,

T, +Fy

Recall =R =

(52)

4.3.8 F-measure
It can be defined as the weighted average of recall (sensitivity) and precision values. It is for-
mulated as given in Eq. (53).

2% Px%xR
F-M =F-M=="———
easure P+ R (53)

4.3.9 Performance Improvement Rate (PIR)

PIR describes the rate of improvement defined by the suggested model compared to the
existing model. It can be expressed as in Eq. (54)

~ |Z;l:1 Perfy, (proposedj) - 2]”:1 PerfM(existingj)|

* 100 (54)
Y, Perfy (existing;)

IR

where j = 1,..,n, M denotes the performance metrics such as F-Measure, accuracy, recall,
and precision.

4.4 Experimental Results

This section analyses the obtained results of the FAEO-ECNN and FAEO models. The
obtained results were validated based on two short text datasets: the CB-MNDLY dataset
and RW-CB-Twitter dataset. We divide this section into two sub-sections: Sub-Sect. 4.4.1
discusses and analyses the experimental results of the FAEO clustering-based topic mod-
elling approach. Sub-Sect. 4.4.2 discusses experimental results of the proposed FAEO-
ECCN cyberbullying detection model.

4.4.1 FAEO Clustering-based Topic Modelling Results

The experimental results of the FAEO clustering-based topic modeling are compared with
baseline models such as PTM [82], BTM [43], GLTM [18], and CME-DMM [43]. The
performance of the FAEO model is assessed over the CB-MNDLY and RW-CB-Twitter
datasets based on topic coherence, purity, and NMI metrics. We fixed the number of itera-
tions as 1000 for both existing and proposed methods. The hyperparameters of all the con-
sidered models are initialized as in the original paper. The values of hyperparameters are
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Table 2 Performance results of topic coherence, purity, and NMI on FAEO Topic modelling over both
datasets

Datasets Technique/Metrics Topic Coherence Purity NMI ARI
Cyberbullying FAEO proposed 0.426 0.863 0.871 0.877
Mendeley PTM 0379 0.859 0.846 0.845
BTM 0.366 0.810 0.825 0.830
GLTM 0.355 0.775 0.779 0.726
CME-DMM 0.348 0.752 0.745 0.705
Real-world Twitter FAEO proposed 0.409 0.844 0.854 0.855
PTM 0.356 0.825 0.839 0.833
BTM 0.341 0.805 0.816 0.826
GLTM 0.332 0.784 0.797 0.735
CME-DMM 0.326 0.735 0.747 0.718

Bf=0.01 for all models, a=0.1 for PTM, whereas we set « = 50/k for both GLTM and
BTM. We fixed A=0.1 and A=0.5 for PTM and GLTM models. The number of topics is
10. The overall findings of the FAEO model and existing models on both datasets are pre-
sented in Table 2.

Purity, NMI, and ARI Results over CB-MNDLY Dataset This subsection illiterates the
obtained results of the FAEO model compared to other existing topic models on CB-
MNDLY dataset as presented in Fig. 4a. The performance of FAEO approach is assessed
on CB-MNDLY dataset in terms of NMI, ARI, and purity metrics. The purity value of the
FAEO topic model is 0.863, which is the best result compared with baselines topic model-
ling approaches. The purity values of the existing models PTM, BTM, GLTM, and CME-
DMM are 0.859, 0.810, 0.775, and 0.752, respectively. In according to the NMI metric, the
value of NMI in FAEO is 0.871 whereas the NMI values of the existing models are PTM
(0.846), BTM (0.825), GLTM (0.779), and CME-DMM (0.745). Similarly, the FAEO
model’s result in ARI is 0.877, which is the optimal result in comparison with the base-
line model. The ARI value of the existing models PTM, BTM, GLTM, and CME-DMM
are 0.845, 0.830, 0.726, and 0.705. It can be noted that from Fig. 4a, the FAEO model
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Fig.4 Performance results on both datasets in terms of ARI, NMI and purity

outperforms the existing topic modelling approaches. The GLTM has got the second best
values, followed by the CME-DMM model, while BTM has got the fewer values among all
the existing models based on two performance metrics NMI, purity, and ARL

Purity, NMI, and ARI Results over RW-CB-Twitter dataset This part presents the results
of the FAEO model compared with baseline topic modelling approaches based on NMI,
purity, and ARI on the RW-CB-Twitter dataset, as depicted in Fig. 4b. The purity value of
the suggested FAEO topic model is 0.844, which is the optimal result in comparison with
the existing models, whereas the purity values of the existing models are PTM (0.825),
BTM (0.805), GLTM (0.784), and CME-DMM (0.735). Besides, the proposed FAEO topic
model has obtained a 0.854 value of NMI over the RW-CB-Twitter dataset. According to
ARI values, the experimental results of FAEO in terms of ARI are 0.855, which has the
highest value compared with the comparison models. The existing models, such as PTM,
BTM, GLTM, and CME-DMM, obtained ARI values of 0.833, 0.826, 0.735, and 0.718,
respectively. From Fig. 4b, it is observed that the FAEO model has optimal outcomes in
comparison with existing models, while the PTM model has scored the second-order value
of ARI, NMI, and purity among all the existing models.

Topic Coherence Results over CB-MNDLY and RW-CB-Twitter datasets The TC of the
suggested FAEO topic modeling is evaluated utilizing the NPMI metric in order to eval-
uate the topics quality over two datasets: cyberbullying Mendeley and Real-world Twit-
ter datasets. The proposed FAEO performance outperforms the existing Topic modeling
approaches models in terms of TC over both datasets. Hence the topic coherence of the
FAEO model is 0.409 over RW-CB-Twitter dataset, while the topic coherence of the
baseline topic models PTM, BTM, GLTM, and CME-DMM are 0.356, 0.341, 0.332, and
0.326, respectively, as shown in Fig. 5a. Likewise, from Fig. 5b, the FAEO has achieved
coherence 0.426 over the cyberbullying Mendeley, higher than the existing models, while
the performance of the current models: PTM, BTM, GLTM, and CME-DMM are 0.379,
0.366, 0.355, and 0.348, respectively. It can be concluded that from Fig. 5, the FAEO topic
modeling has obtained the optimal results than other models over both datasets. In contrast,
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Fig.5 Topic coherence results on both datasets with 10 topics

the CME-DMM model has less TC value on both datasets than all other models, including
the proposed model.

4.4.2 FAEO-ECNN Cyberbullying detection Results

This subsection presents the results of the suggested FAEO-ECNN cyberbullying detec-
tion in comparison with baseline models, namely LSTM [34], CNN+LSTM [62], RNN
[2], and Bi-LSTM [34]. Cyberbullying detection evaluations are carried out utilizing
F-score, precision, recall, and accuracy. The obtained results were validated based on CB-
MNDLY and RW-CB-Twitter datasets. The overall performance results of the proposed of
FAEO-ECNN Cyberbullying detection compared with all existing models are presented in
Table 3.
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Table 3 Performance results of accuracy, F-measure, recall, precision of Cyberbullying detection on both
datasets

Datasets Technique Accuracy (%) Precision (%) Recall (%) F-measure (%)

CB-MNDLY LSTM 89.11 88.19 88.36 88.27
BLSTM 90.86 89.97 89.34 89.65
RNN 88.27 87.76 86.90 87.33
CNN+LSTM 91.04 91.95 90.57 91.26
FAEO-ECNN 92.91 92.53 92.28 92.40

RW-CB-Twitter LSTM 88.03 87.96 88.01 87.98
BLSTM 89.04 88.85 88.83 89.84
RNN 87.29 87.45 86.40 86.92
CNN-LSTM 90.95 90.92 90.96 90.94
FAEO-ECNN 91.89 91.81 91.32 91.56

Bold values illusrtrate the values obtained by proposed FAEO-ECNN technique

B LsT™ Il BLSTM [l RNN B LSsT™ Il BLSTM [l RNN
B CNN+LSTM I FAEO-ECNN B CNN+LSTM I FAEO-ECNN
90 — 90 —
80 — 80 —
70 H 70
2 =
=]
E 60 - £ 60
@
50 50
40 40
3. 30
CB-MNDLY Dataset RW-CB-Twitter Dataset CB-MNDLY Datassty  BW-CBTwiuter Dataset
(a) Accuracy (b) Precision

Fig. 6 Performance evaluation of the cyberbullying detection in terms of overall precision and accuracy
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Accuracy Results The suggested FAEO-ECNN is assessed using the accuracy metric
over CB-MNDLY and RW-CB-Twitter datasets. The FAEO-ECNN model’s performance
outperforms the existing cyberbullying methods with respect to accuracy on both data-
sets. Hence the accuracy of the FAEO-ECNN model is 92.91% on CB-MNDLY data-
set, while the accuracy of the baseline models LSTM, BLSTM, RNN, CNN+LSTM are
89.11%.,90.86%, 88.27%, and 91.04%, respectively, as illustrated in Fig. 6a and Table 3.
Similarly, the FAEO-ECNN model has achieved 91.89% on RW-CB-Twitter dataset, higher
than the existing models, while the performance of the current models: LSTM, BLSTM,
RNN, CNN+LSTM are 88.03, 89.04%, 87.29%, and 90.95, respectively. It can be noticed
that the performance of FAEO-ECNN has more optimal results compared with existing
models in terms of accuracy, as depicted in Fig. 6a.

Precision Results Figure 6b displays the comparison results of the suggested FAEO-
ECNN model with other baseline cyberbullying detection methods in terms of precision
on the RW-CB-Twitter dataset and another dataset namely CB-MNDLY. As illustrated in
Fig. 6b, the proposed FAEO-ECNN model has got the highest precision of 92.53% on the
CB-MNDLY dataset, while other existing methods CNN + LSTM, RNN, BLSTM, LSTM
have obtained 91.95%, 87.76%, 89.97%, and 88.19%, respectively. That means the preci-
sion of the FAEO-ECNN model outperforms the existing models. Similarly, the obtained
findings of the suggested model over RW-CB-Twitter dataset are 91.81% value of precision
as provided in Table 3, which is the optimal result, compared with the baseline models.
However, as depicted in Table 3, the existing models like CNN +LSTM, RNN, BLSTM,
and LSTM, acquired lower values than FAEO-ECNN 90.92%, 87.45%, 88.85%, and
87.96%, respectively, on the real-world cyberbullying Twitter dataset. From Fig. 6b, it can
be concluded that the precision of FAEO-ECNN has an optimal result than other existing
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Fig. 7 Performance evaluation of the cyberbullying detection in terms of overall recall and F-measure

models, and the CNN+LSTM has obtained the second-order optimal among all the con-
sidered current models. In contrast, RNN has scored less precision than all models.

Recall Results The overall recall of the FAEO-ECNN model with baseline cyberbully-
ing detection approaches is depicted in Fig. 7a. It can be noticed that from Fig. 7a, the
performance of the FAEO-ECNN approach over real-word cyberbullying Twitter dataset
scored 91.32%, which is the highest result compared with all baseline models. The recall
of the baseline models LSTM, BLSTM, RNN, CNN+LSTM 88.01%, 88.83%, 86.40%,
and 90.96%, respectively, as illustrated in Fig. 7a. Likewise, the FAEO-ECNN achieved
92.28%, with the CB-MNDLY dataset as the best recall value compared with current mod-
els LSTM (88.36%), BLSTM (89.34%), RNN (86.90%), and CNN+LSTM (90.57%),
respectively. Finally, it is concluded that the performance of the FAEO-ECNN model in
both datasets outperforms the current approaches in terms of recall.

F-Measure Results The suggested FAEO-ECNN is evaluated utilizing F-Measure
(F-score) metric over two datasets. The FAEO-ECNN model’s performance outperforms
the baseline cyberbullying models in terms of F-Measure over the CB-MNDLY dataset
and another dataset namely RW-CB-Twitter. Hence the F-Measure value of the FAEO-
ECNN model is 91.56% over the RW-CB-Twitter dataset, while the F-Measure of the
baseline approaches LSTM, BLSTM, RNN, CNN+LSTM are 87.98%, 89.84%, 86.92%,
and 90.94%, respectively, as shown in Fig. 7b and Table 3. Likewise, the proposed FAEO-
ECNN has achieved 92.40% over the CB-MNDLY, higher than the existing models, while
the performance of the current models: LSTM, BLSTM, RNN, CNN+LSTM are 88.27,
89.65%, 87.33%, and 91.26%, respectively. As illustrated in Fig. 7b, the FAEO-ECNN out-
performs baseline models in terms of F-Measure across both datasets. In contrast, the RNN
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Fig.8 Accuracy and Loss curves over CB-MNDLY and RW-CB-Twitter

model has less F-measure value on both datasets than all other models, including the pro-
posed model.

Loss Curves and Accuracy This subsection presents the accuracy and the loss curves with
different number of epoch value 0 to 150. Figure 8 illustrates the accuracy and loss plots
of CB-MNDLY and RW-CB-Twitter datasets. Where Fig. 8a and b represents the accuracy
and loss curves of the CB-MNDLY dataset, While Fig. 8c and d illustrates RW-CB-Twitter
datasets’ accuracy and loss curves.

5 Discussion

This section discusses and presents the proposed model’s improvement rate over the con-
sidered State-of-The-Art (SoTA) models on CB-MNDLY and the other dataset namely
RW-CB-Twitter in terms of F-measure, precision, accuracy, and recall. To show the
improvement of suggested FAEO-ECNN model over baseline, we have used the PIR met-
ric. The overall PIR is computed by the performance of the suggested FAEO-ECNN model
in comparison with the current models. Equation (54) is used to calculate the PIR of the
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Fig.9 PIR of FAEO-ECNN model in comparison with existing models

suggested model. Table 4 illustrates the PIR of FAEO-ECNN over the existing models on
both two datasets.

This study considers four baselines cyber-bullying detection approaches for for the eval-
uation process. In case of accuracy, the suggested FAEO-ECNN produced 4.26%, 2.26%,
5.25%, and 2.05% of accuracy improvements on LSTM, BLSTM, RNN, and CNN +LSTM
models over CB-MNDLY and the other dataset namely RW-CB-Twitter as presented
in Table 4, respectively. While it showed 4.38%, 3.20%, 5.27%, and 1.03% of accuracy
improvements over RW-CB-Twitter dataset. In the same way, The PIR of FAEO-ECNN
model in terms of precision on the CB-MNDLY dataset are 4.92%, 2.85%, 5.44%, and
0.63%, over the baseline approaches LSTM, BLSTM, RNN, and CNN+LSTM, respec-
tively. Whereas the improvements of the suggested model in terms of precision over base-
line models LSTM, BLSTM, RNN, and CNN+LSTM are 4.37%, 3.33%, 4.99%, and
0.98%, respectively, over RW-CB-Twitter dataset. Similarly, The suggested FAEO-ECNN
shows 4.44%, 3.29%, 6.19%, and 1.89% of recall improvements over LSTM, BLSTM,
RNN, and CNN +LSTM approaches on CB-MNDLY dataset, respectively whereas it gen-
erates 3.76%, 2.80%, 5.69%, and 0.40% of recall improvements on LSTM, BLSTM, RNN,
and CNN+LSTM models over RW-CB-Twitter dataset. Lastly, the PIR of the suggested
model in terms of F-Measure on the CB-MNDLY dataset are 4.68%, 3.07%, 5.81%, and
1.25% over the LSTM, BLSTM, RNN, and CNN + LSTM. Whereas the PIR of the FAEO-
ECNN model in terms of F-Measure on RW-CB-Twitter dataset are 4.07%, 1.91%, 5.34%,
and 0.68% over baselines models LSTM, BLSTM, RNN, and CNN + LSTM as provided in
Table 4. Figure 9 presents the PIR of the FAEO-ECNN model over existing models clearly.

Therefore, the overall PIR of the FAEO-ECNN model proves its effectiveness in detect-
ing CB from social media data. In summary, we observe that the proposed FAEO-ECNN
model has achieved the optimal results for detecting CB over both datasetsin terms of all
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Table 5 Comparative analysis on cyberbullying classification

Author Name & Ref No Technique Dataset Class Performance (%)
FAEO-ECNN
(Proposed)
CB-MNDLY 6 Accuracy (92.91%)
RW-CB-Twitter 5 Accuracy (91.89%)
Balakrishnan et al. [11] J48 #Gamergate 4 Accuracy (91.88%)
Kumari et al. [40] Single-layer CNN Real-time 3 Recall (74%)
Lu et al. [45] CNN Chinese Weibo 3 Precision (79.0%)
H. Chen and Li [14] HENIN Vine, Instagram 2 Accuracy (80.4%),
(90.2%)
Multichannel deep learning Kaggle 2 Accuracy (87.99)
Wang et al. [71] MMCD Vine 2 Accuracy (83.8%)
Roy and Mali [63] 2DCNN Social media data 2 Accuracy (89%)

performance measures. In addition, the proposed FAEO topic modelling approach has the
optimal results compared with the existing topic modeling approaches in terms of ARI,
purity, topic coherence, and NMI. Therefore, the proposed FAEO-ECNN model can be an
efficient model for detecting CB in social media. Where the efficient solution was attained
in the proposed FAEO-ECNN model, which can be attributed to the utilize of topic mod-
eling for discovering the hidden (latent) topics from social media datasets and generate
clusters of words. This signifies the effect of topic modelling on the ECNN performance
based CB detection model. Besides, combining the Wavelet Pooling with CNN architecture
reduces the dimensionality problem and minimizes the loss in CNN by utilizing a meta-
heuristic Rain Optimization (RO) algorithm. In addition in this subsection, we also have
included the comparative analysis of specific comparison study among similar types of
work. Table 5. depicts the comparative study on cyberbullying classification.

Bullying via social media posts seems to be a growing trend and is perceived to have a
severe negative impact. It can be considered a destructive and threatening act which can be
the major cause of life-long problems for victims. The problem behind cyberbullying is the
automated detection of cyberbullying from Twitter data. In addition to that, it is really hard
to identify the type of cyberbullying. The cyberbullying type identification is one of the
serious issues which create dangerous long-term effects on victims. Cyberbullying issues
have multiple aspects, which bring self-doubt, harm, depression, and insecurities, disrupt
the peace of mind, spread false rumors and destroy victims’ lives. Existing techniques on
cyberbullying detection exhibit several limitations in which a smaller dataset is utilized
for testing the performance, and fewer words related to ‘curse’ are considered. The detec-
tion accuracy is quite low and the approaches used can only detect if the post is related to
one of the cyberbullying categories, such as harassment or non-harassment. Sometimes,
the chosen dataset is limited to tweet categorizes and size, affecting cyberbullying detec-
tion. The major issue is the Twitter data may not have tweets related to the cyberbullying
categories like bystanders and victims. Existing studies on cyberbullying detection identify
the tweet only as bully or non-bully. The different bullying categories (aggression, sexual,
etc.) are not detected. The Twitter dataset used for multi-class imbalance classification is
content-specific, which must be enhanced for each content. One of the drawbacks is that
other social networking platforms are not used. The major issue is with the dataset, which
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is limited to any community, so most of the tweets are classified into binary form (nor-
mal or spam). This work presents textual information-based cyberbullying detection using
ECNN to overcome the above stated issues. Thus, compared to the baseline approaches,
the proposed FAEO-ECNN based cyberbullying detection solves the problem of multi-
class classification by effectively tolerating overfitting issues, computation complexity and
accuracy challenges.

6 Conclusion

This article proposed an effective CB classification and detection model named FAEO-
ECNN to detect CB from social media short text data. The proposed approach integrates a
Fuzzy Adaptive Equilibrium Optimization (FAEO) clustering-based topic modelling and
ECNN to enhance the accuracy of detecting CB. In this study, data cleansing is achieved
in the pre-processing stage. Then, the features are extracted utilizing TF-IDF feature
extractor; next, FAEO creates the word clusters by examining the text data. Finally, the
ECNN performed classification under different CB categories such as insult, sexism, rac-
ism, aggression, and etc. The proposed ECNN model is evaluated using two social media
datasets: CB Mendeley (CB-MNDLY) and another dataset gathered from Twitter namely
RW-CB-Twitter dataset, which proved to be an effective classification technique gaining a
higher accuracy of 92.91% and 91.89%, respectively, and F-Measure of 92.40% and 91.56
over both datasets, respectively. In addition, more simulations were carried out on dual
datasets to evaluate the improved detection performance of FAEO-ECN approach. The
main advantage of this approach is the early and accurate CB detection that helps schools
and parents easily identify the problem with the students and take proper action. The limi-
tations of this research are ECNN based CB detection is only limited to the English lan-
guage and it will be extended to work with a multi-language dataset. The proposed FAEO-
ECNN model mainly focus on detecting CB from textual content only, other type of media
such as (images, video, and audio) are not considered Therefore, these media type such
as images, audio, and video are still open research area, and future work aims to develop
multi-modal CB detection with multi-language datasets. Besides, we aim to categorize and
identify CB of Twitter data in a real-time stream and it is considered promising for future
research direction.
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