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ABSTRACT

Online social media platforms gaining accelerated popularity in the last decade towards experiencing their
views and opinion about personnel, product and social information. Cyberbullying is becoming severe
concern to the online social media as it affects multiple categories of peoples and its societies. In literatures,
many automated methods have been employed by researchers to detect the cyberbullying. Those
architectures examine the social and cultural phenomena to identify the behavioral pattern of the post.
Despite of the several advantages, those model fails considers contextual factors and computational
complexities which leads to cold start issues, uncertainty, class imbalance problem, changes in velocity and
volume. To mitigate those challenges, a new architecture has to be established to alleviate it by detecting
and classifying the severity of the cyberbullying post. Stacked Recurrent Neural Network with Long Short
Term Memory is designed and developed to process temporal and time varying data on computing the long
term dependencies among the various users. Particular model was trained to extract the contextual,
temporal, spatial and sentimental features of data. Those extracted features are represented as feature vector
and it is processed further to construct the feature mapping using long short term memory layer of the
model. Subsequently, the generated feature map is processed with classification function on the connected
layer to detect and classify the severity of the post as mild, moderate and strong. Experimental analysis of
the model is performed using twitter dataset in the python environment and it exhibits better processing
capabilities and computational capabilities on reducing cold start and class imbalance issues.. Further
performance analysis of the model is performed to compute prediction and classification accuracy which
produces improved classification accuracy of 98.9 percent and predictive accuracy of 98.7 against different
user characteristics. Finally it proved to be outperforming compared to conventional approaches
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1. INTRODUCTION
Rapid advancement of the online social media
has provided a provision to its user to post and
respond to the user generated content in form of
views and opinions. Those advancements cause
many detrimental consequences in form of
cyberbullying and privacy risk to their personnel or
social information’s. Cyberbullying is a severe
concern which initiates towards harassing,
threatening, humiliating, intimidating, manipulating
and controlling victims [1]. Those concerns will
severely impacts victim’s mental health in form of
depression, negative emotions and suicidal
thoughts. Thus it becomes mandatory to detect and
classify the opinions posted to the user generated
contents[2].

Traditionally many researchers have initiated
designing and deploying multiple model using
artificial intelligence and natural language
processing techniques on strongly examining social
and cultural phenomena of the user to detect and
classify cyberbullying post towards effective
mitigation. Despite of the several advantages those
architectures fail to consider informal nature of
ambiguous expression of intricate languages as it
makes it complex to process[3]. Especially it leads
to cold start, curse of dimensionality and class
imbalance challenges due to changes in velocity
and volume of the cyberbullying post. In this
paper, a new deep learning architecture entitled as
“Stacked Recurrent Neural Network with Long
Short Term Memory” is designed and implemented
to alleviate cyberbullying post to user generated
content by detecting and classifying it as mild,
moderate and severe.

Initially preprocessing step is performed using
stop word removal, stemming, tokenization and
token weighting. Weighted Token is projected to
Long Short Term Memory model which store state
information of the data as input gate. Next, word
vector is propagated to Stacked Recurrent Neural
Network which is composed of deep convolution
layer to extract the contextual, temporal, spatial and
sentimental features of weighted tokens and hidden
layer to generate the dependency map of the
feature. Dependency map is stored as state
information in the LSTM model which
performance concatenation and averaging through
various gating mechanism.

Finally fully connected layer of the model uses
the activation function to linearize the dependency
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map from output gate of the LSTM and softmax
function uses those gate information’s to detect and
classify the cyberbullying post into different
severity classes. Rest of the article is organized as
follows; section 2 illustrates the related works of the
cyberbullying detection and classification using
artificial  intelligence approaches along its
experimental and performance analysis. Section 3
defines the architecture of the proposed deep
learning approach entitled as Stacked Recurrent
Neural Network with Long Short Term Memory
Model towards detection and classification of the
cyberbullying post to the user generated content in
the online social networks along mitigating the
challenges of the existing architectures. Section 4
represents the experimental and performance
analysis of the proposed architecture against various
conventional methods is performed using twitter
dataset along incorporating confusion matrix and its
performance measures. Finally section 5 concludes
the article with major findings.

2. RELATED WORK

In this section, related artificial
intelligence architectures towards cyberbullying
detection and classification were analyzed against
various architecture elements and along its
experimental and performance analysis. Those
architectures analysis is as follows.

2.1 Optimization Recurrent Neural Network
using Dolphin Echolocation Algorithm
towards Cyberbullying detection and
Classification

In this literature, optimized recurrent
neural network using dolphin echolocation
algorithm is employed towards detecting and
classifying cyberbullying post to user generated
content as  harassment, threatening  and
humiliating[4]. Cyberbullying post towards model
training and model testing is extracted from twitter
dataset. Initially, data preprocessing and data
annotation is carried out to the collected data. It is
performed to handle dynamic nature of the tweet in
form of short text. Next model training is
performed towards detection and classification
along inclusion of feature extraction and feature
selection mechanism. Especially Hidden layer of
the model performs both feature extraction process
through kernel function and feature classification
process through softmax function along optimizing
it layer through dolphin echolocation algorithm.
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Further experimental and performance efficiency of
model is computed using cross fold validation.
Finally specified model provides 92.8% accuracy.

2.2 Transformer based model towards
Cyberbullying detection and Classification
In this literature, transformed based model
represented as Optimized BERT is employed
towards detecting and classifying cyberbullying
post to user generated content as harassment,
threatening and humiliating. Cyberbullying post
towards model training and model testing is
extracted from twitter dataset. Initially, data
preprocessing and data annotation is carried out to
the collected data. It is performed to handle
dynamic nature of the tweet in form of short text.
Next model training is performed towards detection
and classification along inclusion of feature
extraction and feature selection mechanism [5].
Especially convolution layer of the model performs
both feature extraction process through kernel
function and feature classification process through
softmax function along optimizing it layer through
Adam optimizer in the fully connected layers.
Further experimental and performance efficiency of
model is computed using cross fold wvalidation.
Finally specified model provides 94.8% accuracy.

3. PROPOSED MODEL

In this section, architecture of the
proposed deep learning approach entitled as
Stacked Recurrent Neural Network with Long
Short Term Memory Model towards detection and
classification of the cyberbullying post to the user
generated content collected from twitter dataset.
Figure 1 represents the architecture of the proposed
model along the other architecture elements
towards preprocessing, experimental and
performance analysis. Detailed analysis of each
architectural elements of the model is as follows

Classification of
Cyberbullying
post

Mildd

Figure 1: Architecture of RNN+LSTM towards
Cyberbullying detection and Severity Classification

3.1 Dataset preprocessing
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Dataset preprocessing phase composed of
the multiple sub phase represented as noise
removal, stop word removal, stemming,
tokenization and token weighting. Preprocessing is
performed on the raw data in form of user post to
the user generated content in the twitter platform

3.1.1 Noise Removal

Noise Removal phase is sub phase of the
preprocessing phase composed of URL removal,
hash tag removal and punctuation removal
mechanism. URL removal mechanism removes
URL included in the post to the user generated
content, hash tag removal mechanism removes
Hash tag included along the post and finally
punctuation  removal  mechanism  removes
punctuation marks such as comma, full stop,
brackets, colon, hyphen etc

3.1.2 Stop Word Removal

Stop word removal phase is another sub
phase of the preprocessing phase composed of the
meaningless and frequently occurring words
removing mechanism occurring in form of noun,
pronouns articles, preposition and conjunctions.
Especially stop words in the post to the user
generated content have less semantic value. Thus,
stop words like A, AND , THE , LIKE , BUT is
removed from the post to the user generated content
in the natural language processing.

3.1.3. Stemming or lemmatization Mechanism

Stemming mechanism is a sub
phase of the of the data preprocessing phase
composed of the text normalization mechanism. In
Natural Language processing, stemming or
lemmatization process reduces word length of its
base word in the post. In particular base word
which frequently affixed with suffixes and prefixes
will be removed wusing lemmatization[6].
Lemmatization performed on basis of word context
and morphological analysis of the base word.

3.1.4 Tokenization

Tokenization is a sub phase of the of the
data preprocessing phase composed of the word
splitting mechanism. In Natural Language
processing, it is used to transform the unstructured
text into structured text. Further tokenization can be
enabled as word based tokenization, sentence based
tokenization and character based tokenization.
Tokenization partitions the text into significant
tokens. Significant token can be identified as word,
sub-words and characters. In this work, word based
tokenization is incorporated which splits the post as
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word and those words were represented as
individual tokens.

3.1.5 Token Weighting Scheme-TF-IDF

Token weighting scheme to tokenized
word obtained from the cyberbullying post is
performed using Term frequency and Inverse
document frequency mechanism. It is a process of
the assigning weights to the tokens on basis of its
importance within a context. Especially it focuses
on the significant tokens to the context and it helps
mitigating the bias of the neural network model for
various natural languages processing task. Further
Term Frequency[7] is employed in this work as
weighting scheme and it is defined as no of
occurrence of the word token to the specified
context of the particular text . Term frequency
based weighting approaches to token is as follows

TF(T,P) =
No of Occurence of the word T appear in the post P (l)
Total no of token in post
Where T is word token and P is post
IDF(T,C) =
Total Number of post to the specified collection C
log] 1(2)

Number of post containing word T

Where T is word token and C is data collection
containing multiple post

TF -IDF = TF(T,P)* IDF(T,C) 3)

Weighted Token is gathered as bag of
words which contains weighted token of the post
and entire dataset collection. Weighted Token is
represented as fixed length sparse vector and it is
projected to the proposed deep learning model.

3.2 Long Short Term Memory

Long Short Term Memory requires
sequence of the embedding to capture temporal
relationship as it process sequence of dense vectors
instead of fixed length sparse vector. Thus it
requires transformation of the sparse vector to
dense vector to get processed in LSTM Model. In
order to perform transformation, word2vector
embedding has to be applied to sparse vector.
Further word embedding is applied to TF-IDF
computation again to obtain weighted word
embedding [8]. Finally weighted word embedding
is processed in internal cell states of the LSTM.

3.2.1 Gating Mechanism

LSTM model uses gating mechanism to
control the sequence of the input through input
gate, forget gate and output gate. Gating
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mechanism of the LSTM model focuses on most
relevant information either from immediate past or
from distant past. In particular, input gate process
the input sequence and store the cell state
information in the memory as hidden state. Further
forget gate process the information from hidden
states and identifies which information has to be
eliminated. Finally output gates process the
information from the hidden state to regulate the
information on generating the current output. Gate
computation is as follows

Input gate Ig = o(Wi[he1 x]+b; 4

Where W; is the Weight matrix, ¢ is
sigmoid function b; is bias and he; is the hidden
state of the previous time stamp and x, is weighted
word embedding.

Forget gate Fg = o(W[h.1 x¢]+b¢ &)

Where WT is the Weight matrix, ¢ is sigmoid

function bf is bias and ht-1 is the hidden state of the

previous time stamp and xt is weighted word
embedding.

Output gate Og = 6(Wo[he.1X(]+bo (6)

Where W, is the Weight matrix, ¢ is
sigmoid function by is bias and h; is the hidden
state of the previous time stamp and x; is weighted
word embedding.

Candidate Cell state C;
1,X1]+bc

=tanh((W¢[h:

@)

Where W, is the Weight matrix, o is

sigmoid function bc is bias and h; is the hidden

state of the previous time stamp and x, is weighted
word embedding.

Short Term dependency

Short Term Dependency is a relationship
between the sequences of the input in form
weighted word embedding. Short term dependency
is highly significant as it analyze the immediate
context within the sequence. Further it is effective
in predicting the dependency in the time series data.
State update of the short term dependency is
mentioned as follows

Cell State Ct :Ft*CH + 11*6;
Hidden State h; =O; *tanh(Cy)

®)
)

Long Term Dependency

Long Term Dependency is used to learn and retain
information from earlier time steps in the sequence
to the later outputs. Long term dependency is
highly significant as it analyze the present input
sequence on the context from distinct past inputs.
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State update of the long term dependency is
mentioned as follows
Cell State C; =F*Cy.1 + i*¢;
Hidden State h; =O; *tanh(Cy)

10)
(11)

3.3 Recurrent Neural Network

Recurrent Neural Network process the cell state
information of the LSTM model in the multiple
layer of the model to obtain the desired results. In
this model, convolution layer process the cell state
information of the LSTM model containing the
weighted word embedding to extract the contextual,
temporal, spatial and sentimental features[9]. Those
features were processed in the hidden layer which
is connected with LSTM model towards feature
aggregation and it representation in form of
dependency map.

Table 1: Hyperparameter tuning of the Stacked

RNNA+LSTM
Hyperparameter Value
Learning Rate 10°°
No of Epoch 60
Activation function of LSTM Sigmoid
Activation function of RNN ReLU
Softmax function SVM
Loss function Cross Entropy

Next dependency map is processed in the
fully connected later of the model containing
activation function to linearize the dependency map
from output gate of the LSTM and softmax
function uses those features to detect and classify
the cyberbullying post into different severity
classes. Table 1 represents the hyperparameter
tuning of the proposed stacked recurrent neural
network with long short term memory model[10].

3.3.1 BERT Model- Convolution Operation
Weighted word embedding is applied to
Bidirectional =~ Encoder  Representation  from
Transformer model. Transformer model uses
convolution layer to perform Bidirectional Encoder
Representation operations. In this layer, weighted
word mapping is mapped to high dimensional

vector  representation  through  pre-trained
vocabulary and pre-trained embedding for behavior
context. Further contextual embedding and

behavior embedding of word is obtained as
contextual relationships and behavior relationship
through filter mechanisms. It generates contextual,
temporal, spatial and sentimental features to the
weighted word embedding.

Fr (contextual feature) = filter (weighted word
embedding | Pre-Trained Vocabulary) (12)
Fr (Semantic feature) = filter (weighted word
embedding | Pre-Trained behavior) (13)
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3.3.2 Hidden Layer

Hidden layer of the model extract the
contextual, temporal, spatial and sentimental
features from the convolution layer of the
transformer model and process it to generate the
dependency map on association with LSTM model.
LSTM model provides cell states and gating
mechanism to process the features in the hidden
layer. Finally hidden layer generates the
dependency map to the features extracted from
convolution layer[12].
Feature Aggregation Fo = [ Fy(Contextual feature)
Fi(Sematic feature)+ Fr(Spatial feature)
+Fi(Temporal feature) (14)

Dependency Vector
specified time stamp

Feature aggregation at

(15)

3.3.3 Fully Connected layer

Fully connected layer of the model
composed of activation function, softmax function
and loss function. Operation of each function is as
follows

Activation Function

Activation function of the model uses
ReLU approach[13] to linearize the dependency
vector from output gate of the LSTM. Especially
linear function process the dependency vector to

generate linear dependency vector. Activation
function is represented as
A¢ = ReLu(Dependency Vector (16)

Softmax function

Softmax function of the model uses
support vector machine classifier function[14] to
predict and classify the dependency vector into the
severity classes. In this function, dependency vector
is transformed into the fixed length vector. Further
fixed length vector is transformed into hyperplane.
Finally decision boundary is set to the hyperplane
in terms of the class labels to predict and classify
the features according to it . Classification function
is represented as

Cr = W, *x, +bias (17)
Where W; is the weight vector, X; is the word
vector
Classification rule

Y= sign(cy)
If ¢ <0 — Mild Cyberbullying Class
If cr between 0 and 1 — Moderate Cyberbullying
Class
If ¢s> 0— Severe Cyberbullying Class

(18)

Loss function
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Loss function is used to regularize the
model against the overfitting and underfitting
issues. In this work, cross entropy is used employed
as loss function. Cross entropy function[14] to the
model is represented as

Li= [y log(p)+(1-y)log(1-p) (19)
Cross entropy function eliminate the
overfitting and underfitting issues through

hyperparameter optimization with weight updates
and early stopping criteria to each layer to increase
the regularization strength[15]. Algorithm 1
mentions the process of the proposed architecture

Softmax function Cr = Class ( Ar)

Algorithm: Stacked RNN+LSTM

Input : Twitter dataset containing Post or opinion to
user generated context

Output : Cyberbullying classes{ Mild(Humilating),
Moderate( harassing ), Severe( threatening)}
Process()

Phases_ Pre Process()

Nr = Noise Removal URL (User opinion) | Noise
Removal Hash tag (User opinion) | , Noise
Removal Punctuation(User opinion)

Sw = Stop word Removal (Nr )
St = Stemming (Sw)
Wt = Word Tokenization (St)
T, = Token Weighting TF-IDF(Wr)

Long Short Term Memory ()

Weighted Word Embedding Wy(E)
Sequential Embedding( Weighted Token)

Initial Hidden State = Sequence
Weighted Word Embedding vector
Gating Mechanism ()
Input gate Sequence Weighted Word

Embedding vector
Forget gate  Sequence Weighted Word
Embedding vector
Output gate _ Sequence Weighted Word
Embedding vector
Candidate Cell state  Sequence
Weighted Word Embedding vector
Recurrent Neural Network()

Convolution  layer  Fg(contextual)=Filter
(Weighted Word Embedding |Pre Trained
Vocabulary)

Convolution layer Fs(Sentimental)=Filter
(Weighted Word Embedding |Pre Trained
behavior)

Hidden layer ()

Feature aggregation F5 = Fg +Fs+Fr+FL
Dv = Dependency Vector at each time
stamp
Fully Connected layer()
Activation function Ar= ReLu(Dy)
Loss function Cg = Cross entropy (Af)
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Cyberbullying Class = {Mild
(Humiliating), Moderate (harassing), Severe
(threatening)

4. EXPERIMENTAL ANALYSIS
In this section, experimental and

performance analysis of the stacked recurrent
neural network with long short term memory model
is performed using the twitter dataset composed of
the user opinion (post) to the user generated content
in the python environment. Initially extracted
dataset collection is partitioned into to train data
and test data towards model training and model
testing. Model training is performed using Scikit
and Tensor flow framework[16] from python
environment on its architectural elements of the
proposed architecture through training data and
model testing of the proposed architecture is
performed using confusion matrix on cross fold
validation of the testing data. Confusion matrix
provides detailed analysis of the model against its
classification performance. Each cell of the matrix
represents the sample counts of the actual class and
predicted class

4.1 Dataset Description: Twitter Dataset

Twitter dataset is social media data composed
of the 47000 labeled tweets specifically classified
according to various categories related to
cyberbullying such as age, ethnicity, gender,
religion and other factors of cyberbullying. Dataset
is extracted between years March 2023 to August
2024. Further it includes various type of
cyberbullying such as harassing, humiliating and
threatening [17]. Furthermore dataset composed of
user specific features on the opinions like emotion
and sentiments. Finally distinct categories of the
cyberbullying post content on the various contexts
along its attached sentiments from the
cyberbullying user are included.

4.2 Performance Analysis

Performance analysis of the model is computed
using performance metric such as precision, recall
and accuracy. Performance metric utilizes the
values from the cell of the confusion matrix which
determines the classification ability of the model.
Cells of the confusion matrix contains True positive
which mentions correctly predicted positive cases,
True Negative mentions correctly predicted
negative cases, False positive mentions incorrectly
predicted positive cases and False negative
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mentions incorrectly predicted negative cases[18].
Figure 2 represents the confusion matrix of the
model. Thus performance computation of the
classification model is as follows

4.2.1. Precision Analysis

Precision analysis is defined as ratio of the
correctly predicted positive dependency features to
total number of dependency features extracted as
predicted positive dependency features on
processing user opinions[19]. Precision analysis is
as follows

True Positive

Precision = (20)

True Positive+Fals Positive

Figure 3 illustrates the precision analysis of the
proposed model against the multiple categories of
the cyberbullying

Precision Analysis

=roio
=rold2
mroid3
= roida

= Folds

Severe

Moderate
Cybarbullying Classes

Figure 3: Precision Analysis
4.2.2. Recall Analysis

Recall analysis is defined as ratio of predicted
positive dependency features to the cyberbullying
classes among the total number of dependency
features extracted positive features from the user
opinions. Recall analysis is as follows

True Positive

Recall =

€2y

Figure 4 illustrates the precision analysis of the
proposed model against the multiple categories of
the cyberbullying

True Positive+Fals Negative

Recall Analysis
ES

94.8
94.6

94.4

a2 = Fold 1
94 = Fold 2
Percentage
3.8 mFold 3

2336 = Fold 4

28 = Fold 5

93.2
93

Moderate

severe
Cyberbullying Classes

Figure 4: Recall Analysis
4.2.3 F Measure

F measure is defined as harmonic mean of the
precision and recall as it is uses false positive and
false negative cases on processing dependency
features of the user opinion to the cyberbullying

classes. Especially it performs well with
imbalanced dataset. F measure is as follows
F Measure = 2x+( precision*Recall) (22)

Precision+Recal
Figure 5 illustrates the precision analysis

of the proposed model against the multiple
categories of the cyberbullying

F Measure Analysis

57

96.5 |

ES

= Fola 1

as. = Fold 2

Percentage - o 3
of

o5

= Fold 4

9a.5 = Fold 5

94

Moderate
Cyberbullying Classes

Severe Mild

Figure 5: F- Measure Analysis

On analysis of the performance of the
proposed methodology against the 5 fold validation
of the model, it is proved that model attains average
precision of 98.2% to moderate cyberbullying,
98.1% to mild cyberbullying and 98.4% for severe
cyberbullying prediction categories, average recall
of 96.1 % to moderate cyberbullying, 95.9% to
mild cyberbullying and 96.4% for severe
cyberbullying prediction categories and finally
average f measure of 98.1 % to moderate
cyberbullying, 97.9% to mild cyberbullying and
98.4% to severe cyberbullying prediction
categories. Table 2 mentions performance analysis
of the proposed classification model on cross fold
validation.

Table 2: Performance analysis of the Stacked
RNN+LSTM classification model on cross fold validation

Validation Class Precision Recall F

Data Measure

Fold 1 Severe 96.1 94.8 96.2

Moderate 96.2 94.7 96.1

Mild 96.4 94.2 96.4

Fold 2 Severe 96.1 94.1 96.2

Moderate 96.3 94.2 96.7

Mild 96.5 94.8 96.2

Fold 3 Severe 95.1 93.9 95.9

Moderate 95.6 93.7 96.1

Mild 95.9 93.8 95.9

Fold 4 Severe 95.8 93.2 95.9

Moderate 95.7 93.7 95.8

Mild 95.8 93.9 96.1

Fold 5 Severe 96.1 94.1 96.2

Moderate 96.2 94.6 96.8

Mild 96.4 94.5 96.7
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4.3. Performance Comparison

Performance comparison of the proposed
stacked Recurrent Neural Network with Long Short
Term Memory model is compared against
conventional approaches like Recurrent Neural
Network using Dolphin Echolocation Algorithm,
Convolutional Neural Network models like ResNet
and DenseNet and Transformer Based model on
processing twitter dataset containing user opinions
to the wuser generated texts. Performance
comparison of the model has been carried out on
basis of the performance accuracy using single fold
test data on binary classification. Figure 6 mentions
the performance comparison of the deep learning
model towards opinion classification against
cyberbullying and non cyberbullying.

Performance Comparision - Accuracy

100

a8

£

52
Percentage
0

58

8

Non Cyberbullying Cyberbullying

Opinion Classes

Figure 6: Performance Comparison of Deep learning
model towards cyberbullying detection

On performance comparison of the deep
learning model towards cyberbullying detection, it
is proved that proposed stacked recurrent neural
network with long short term memory model
produces increased performance accuracy of 98.1%
for non cyberbullying and 98.6% for cyberbullying
Table 3 mentions performance comparison of the
deep learning model towards cyberbullying
detection and classification

Table 3: Performance Comparison of Deep learning
model on cyberbullying classification

Classes RNN+LS | RN BE ResNet | DenseNet
™ — N RT 121 121
Proposed | +DE
A
Non 98.1 92.8 | 90.6 89.2 89.6
Cyberbull
ying
Cyberbull 98.6 91.6 | 90.1 89.1 89.7
ying

Conventional model like Recurrent Neural
Network[20]  using  Dolphin  Echolocation
Algorithm[21] produces performance accuracy of
92.8% for non cyberbullying and 91.6% for
cyberbullying , Convolutional Neural Network
models like ResNet[22] produces performance
accuracy of 89.2% for non cyberbullying and
89.1% for cyberbullying and DenseNet[24]
performance accuracy of 89.6% for non
cyberbullying and 89.7% for cyberbullying and
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Transformer Based model like BERT[25] produces
performance accuracy of 90.6% for non
cyberbullying and 90.1% for cyberbullying. Finally
it is proved that proposed model achieves improved
detection and classification results towards
identifying and classifying the various categories of
the cyberbullying instances.

CONCLUSION

In this paper, a stacked recurrent neural
network with long short term memory model is
designed and implemented towards detecting and
classifying the severity of the cyberbullying post as
mild, moderate and severe. Initially, dataset is
employed pre-processing phase with noise removal
sub-phase mention URL removal, punctuation
removal and hash-tag removal along sub phase like
stop word removal , stemming , tokenization and
token weighting. Weighted word token has
projected to the LSTM model to transform the
sparse word token vector into sequence word token
vector as it supported to determine the short term
and long term feature dependency using gating
mechanism. Further recurrent neural network
incorporates the LSTM model to store state
information and it process the sequence word token
vector in the convolution layer of the transformer
model to obtain the contextual , sentiment, spatial
and temporal features. Those features were
processed in the hidden layer towards aggregation
and it is stored in memory state of the LSTM to
determine the dependencies. Dependencies vector is
processed in the fully connected layer containing
activation function to linearize the dependency
feature , loss function reduce the overfitting and
underfitting issues and finally softmax function to
classify the dependency feature into cyberbullying
severity classes as mild, moderate and severe.
Finally experimental and performance analysis of
the model proves that proposed model produces
98.1 percent accuracy against conventional
approaches.
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