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Abstract

One of the promising approaches in cyberbullying detection
is machine learning and deep learning algorithms.
Nevertheless, detecting cyberbullying in  social
networks(SN) is complicated. Machine and deep learning
methods for detecting cyberbullying in social networks can
have a lot of errors. In this manuscript, to detect
cyberbullying, the primary features of the text are extracted
using three feature extraction methods including GloVe,
Word2Vec, and TF-IDF methods. In the second phase,
feature selection is done using the JSO algorithm, and
finally, the essential features are considered as input to the
1DCNN and LSTM methods. Experiments are conducted on
Twitter and Facebook datasets to detect cyberbullying. The
results show that the accuracy, sensitivity(recall), and
precision of the proposed method(JSO-CNN-LSTM) in
detecting cyberbullying on Twitter are 98.23%, 97.86%, and
97.73%. The results demonstrate that the proposed
method is more accurate than CNN, LSTM, and BERT
methods in detecting cyberbullying.

Keywords: Social Network, Cyberbullying, Deep Learning, Convolutional Neural Network, LSTM Neural

Network.
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Figure 2: Stages of a cyberbullying detection system for tweets
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Figure 4: Framework of a system for detecting cyberbullying tweets
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Figure 5: Flowchart of feature selection using the Jellyfish algorithm
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Table 2: Deep Learning Model Parameters

Operator Filters Kernel Size Strides
64 11 4
ConvlD 64 5 1

92 3 1
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LSTM Hidden layer size 50
Dropout 0.3
Dense Activate Relu
batch size 32
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Table 3: Several Examples of Normal and Cyberbullying Tweets
d Cyberbullying Tweet Samples Pred Label
1 Fat people are dump Offensive (cyberbullying) 1
2 WTF are you talking about Men? No men thats not a menage that’s just gay. Offensive (cyberbullying) 1
3 Fake friends are no different than shadows, they stick around during your Non-offensive (non-bullying) 0
brightest moments, but disappear during your darkest.
4 You are big black s**t. Offensive (cyberbullying) 1
5 Today something is dope. Tomorrow that same thing is trash. Next month it is Non-offensive (non-bullying) 0

irrelevant. Next year it’s classic.
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Figure 10: Comparison of accuracy, sensitivity, and specificity in cyberbullying detection on a Twitter dataset
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Figure 11: Comparison of Accuracy, Sensitivity, and Specificity in Cyberbullying Detection on a Facebook Dataset
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Figure 12: Comparison of Accuracy, Sensitivity, and Specificity in Cyberbullying Detection with Increasing Feature Vector Size
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Table 4: “Comparison of the Proposed Method in Detecting Normal and Cyberbullying Tweets in the Twitter Dataset”

LSTM[28] 0.8011 0.7281 0.8142
Conv1DLSTM[28] 0.8649 0.8919 0.8146
CNN[28] 0.8496 0.7908 0.8836
BiLSTM[28] 0.7795 0.8130 0.8373
BERT[28] 0.921 0.915 0.915
Tuned-BERT[28] 0.9384 0.91 0.92
Stacked[28] 0.974 0.92 0.950
CNN-LSTM[43] 0.9752 0.9896 0.9828
JCL(Propsed Method) 98.23 97.86 97.73
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Figure 15: Comparison of Accuracy: Proposed Method in Cyberbullying Detection on the Facebook Dataset
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