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Abstract

Hate speech recently became a real threat in social media, and almost all
social media users are intended to in different ways. Hate speech is not limited
to a group or society. It affects many people and can be classified as abusive,
offensive, sexism, racism, political affiliation, religious hate, nationality, skin
color, disability, gender-based, ethnicity, sexual orientation, immigrants, and
others. Many researchers and authorities attempt to discover new procedures
to sense hate speech in social media, especially on Facebook and Twitter,
and many methods, models, and algorithms are used for this purpose. One of
the most valuable models for detecting hate speech is Convolutional Neu-
ral Network (CNN). This review aims to assort academic studies on hate
speech detection in Twitter using CNN-based models summarize the results
of each model to expand the understanding of the recent circumstances of
hate speech detection in Twitter. For this purpose, we implemented a broad,
automated search using Boolean and Snowballing searching methods to find
academic works in this area. Studies and papers have been distinguished, and
the following information was obtained and aggregated from each article:
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authors, publication’s year, the journal name or the conference name, pro-
posed model/method, the aim of the study, the outcome, and the quality of
each study. According to the findings, the CNN and CNN-based models are
standard models for hate speech detection. Besides, the findings show that
other new models have a great compact on hate speech detection, and there is
good progress in this field. However, the problems that still exist with hate
speech detection models mainly are; most of the models cannot detect hate
speech automatically. The methods are not suitable with all the languages,
and they are working only with one language; most are best suited with the
English language, and when they are used with datasets with other languages.
Besides, the models are suffering from confusion in speech classification.
Finally, most models are not considering a user-to-user speech in social
media.

Keywords: Hate speech, Twitter, toxic, cyberbullying, convolutional neural
network.

1 Introduction

Online social media enable spread humanities to be associated. However,
one disadvantage of these social media is the ability for hateful and harmful
content, or cyberhate, to be published and propagated [1, 2]. Hate speech
refers to substances that aid violence and are intended to incite hatred
towards persons or groups based on specified characteristics, for example,
religion, disability, gender, age, veteran status, sexual orientation/gender
identity. Nowadays, increasing the number of social media platforms has
caused matters excess [3]. Unfortunately, not all substances are relevant;
some might harm people, which causes terrible reflection once they use the
media to propagate hate. Numerous studies focus on hate speech detection
to show the visibility of the harm [4]. Because of the broad ascent in
client-created content from online media, disdain discourse has additionally
extended quickly [5, 6]. Hate speech, focusing on a specific individual or
gathering, can cause personal injury, cyberbullying, fear in the public society,
and segregation [7].

A unique multi-layer neural network for spatial information is Convolu-
tional Neural Network (CNN or ConvNet), among various profound learning
architectures [8]. The visual impression of living creatures inspires the
architecture of CNN. However, it became famous after the record-breaking
execution of AlexNet in 2012. It was started in 1980. Later in 2012, CNN



Hate Speech Detection in Social Media (Twitter) Using Neural Network 767

got the speed to take over various fields of computer vision, natural language
processing, and many more [9, 10].

This paper aims to review previous works on the same domain and
analyze each piece’s used models and parameters to sense hate speech in
social media, specifically (Twitter) platforms. Most of the reviewed papers
enhanced the path planning according to different methods such as map-
based methods, potential field methods, mathematical planning methods,
and evolutionary-based methods [11]. From various accessible databases, a
collection of (565) research papers has been collected with the expectation
that the convened paper will provide a new vision of analyzing previous
papers using one of the systematic review techniques such as Kitchenham
for detecting hate speech in social media (Twitter) using neural networks.
Many inquiries have been addressed to accomplish the review results; a few
instances of the inquiries that have been responded to and dissected in the
third section are kinds of hate speech utilized in comments by Twitter users,
the kinds of hate speech data sets, the algorithms, models, and methods
utilized for detecting hate speech on Twitter, the country’s that has more
works for detecting hate speech, deterge hate speech on Twitter, the languages
of the datasets of hate speech [12]. This paper’s organization was presented as
follows: Section 2 presents the methodology used for this systematic review;
Section 3 shows the discussions, results, and analysis; Section 4 shows
the gaps in the literature related to this subject; and finally, the conclusion
section.

2 Methodology

This review is primarily based on the Kitchenham method and Denyer and
Tranfiel. This review has designed a specific protocol; the protocol consists
of six phases: research question, search strategy, inclusion/exclusion crite-
ria, selection criteria, data extraction, and data synthesis. In the subsequent
section, each stage has been discussed in detail.

2.1 Research Question

We start the first phase of the review with the central question this research
is trying to answer. The main question is “How to detect hate speech in
Twitter using CNN?”. For understanding the recent research about the topic,
it is difficult to answer all the necessary questions with a broad question.
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Accordingly, the question has been divided into many sub-questions, as the
following:

QR1: Type of hate speech used by Twitter users in their comments?
QR2: What are the types of hate speech data sets?

QR3: What are the models that have been used for detecting hate
speech?

QR4: Which country faces more hate speech?

QRS5: What are the number of used datasets and their sizes?

QR6: What are the languages of the datasets of hate speech?

Each of the questions above has been addressed in the analysis section.

2.2 Search Strategy

Different databases and keywords were used to answer the research question
and find the gaps in the search strategy phase. For this purpose, other popular
online search databases were used, such as IEEE explorer,' Elsevier,> Google
Scholar,® Springer,* ACM digital library,’ and Hindawi.® For searching in
these databases, we used two methods of searching; the Boolean search and
Snowballing search methods. In the Boolean search, we converted the main
questions and sub-questions to different keywords and used the keywords
in the databases to retrieve related papers or research. The Boolean search
method depends on (AND, OR, and NOT) [3]; the keywords have been con-
nected through these Boolean words. For example, “detection of hate speech”
OR “hate speech detection” OR “detecting hate speech)(“hate speech detec-
tion” AND “Twitter” AND “CNN”) (“hate speech detection” OR “Twitter”
OR “CNN”). The following method that has been used for searching is Snow-
balling search method, for finding the highly cited works [4], beginning with
backward snowballing, which entails using the reference list of each retrieved
article and extracting or recovering the research that satisfies this review’s
inclusion and exclusion criteria, while omitting the papers studied previously.
Hence, using Google Scholar to find additional works cited the reviewed
research during the forward snowballing. Then, each research that cites the

'https://ieeexplore.ieee.org/
Zhttps://www.elsevier.com/
3https://scholar.google.com.tw/
“https://www.springer.com/
Shttps://dl.acm.org/
®https://www.hindawi.com/
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paper is scrutinized. Following the selection of citing research, the article
passes through inclusion and exclusion for retrieval.

Different search keywords have been used for each search engine due to
the databases’ differences and capabilities. In the Boolean search process,
other phrases and keywords related to the subject are used and categorized
into three main categories; The first category includes keywords “detecting
hate speech on Twitter using CNN” in general. Then the search keywords
narrowed to “detecting hate speech on Twitter,” “hate speech detection using
CNN,” “hate speech detection in Twitter using neural networks,” “hate speech
detection in Twitter using CNN,” and “how to deterge hate speech on Twitter.”
The second part of the search has been done using forward and backward
Snowballing. For the forward, we depend on the citations of the papers
in Google Scholar. While, for the backward Snowballing, we rely on the
reference lists of the research. The findings reached the two search categories
(20 different research and conference papers).

Inclusion/Exclusion criteria

Inclusion criteria
1. Include articles from years (2010-2021)
2. Only papers written in English
3. Only using CNN model for hate speech detection and models that are
based on CNN
4. Only hate speech in Twitter social media
5. Only papers published in journals or conferences

Exclusion criteria
1. Bias papers
2. Books, book chapters. . .
3. Using other models for hate speech detection rather than the CNN model
4. Comparison articles that are compared between different models of hate
speech detection

2.3 Selection Criteria

The fourth phase involves manually evaluating the shortlisted researches
to demonstrate their relevance to the aim and objective of this review. In
the previous step, the article exclusion was based on the titles only, but it
is based on titles and abstracts for the selected research in the last phase.
The abstracts of each article are meticulously examined and analyzed to
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Table 1 No. retrieved research after implementing the inclusion and exclusion criteria

No. of No. of
Regained Regained
No. of No. of Articles After No. of Related
Regained Regained Implementing  Regained Articles
Articles in Articles the Inclusion Articles Based on
Search After and Exclusion ~ Based on Title and
Search Engines Engines Duplication Criteria Titles Abstract
IEEExplore 113 55 37 25 4
Elsevier 125 100 94 28 3
Springer 86 79 68 23 2
Hindawi 37 21 15 12 4
ACM 85 41 34 10 2
Google Scholars 119 108 96 15 5
Total 565 404 344 113 20

decide its relevance. The report is rejected if the abstracts or written text
does not contain the relevant keywords. Only papers that perfectly suit the
review’s scope are kept following the analysis procedure. This procedure
resulted in a condensed list of 20 relevant research publications cited in the
current investigation. Table 1 shows the number of retrieved articles and the
number of related retrieved researches after implementing the inclusion and
exclusion criteria. Mainly the papers are retrieved from IEEExplore, followed
by Elsevier, Springer, Hindawi, ACM, and Google scholar. Besides, the fol-
lowing diagram, Figure 1, shows the search process in databases for relevant
research followed by the inclusion and exclusion process and indicates the
number of accepted or rejected researches.

2.4 Data Extraction

In the fourth phase, the information collection addresses the review question
and study criteria. The data extraction for this review is defined as a set of
specific values extracted from each article. These values include; the aim and
objective of the study, proposed methods and models, and whether the used
model is new or based on other existing models? Type, number, and size of
the datasets. Then the set of parameters that the models are based on and
summarize each study’s results. Data extraction must include answers to the
review question. Data collection forms have been created to provide standard
information, including the article’s title and author/s, date of publishing with
the journal’s name, country, proposed algorithm, classification, and many
other fields. For more information, see Appendix A, the data extraction form.
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Figure 1 Article retrieval process.

2.5 Data Synthesis

In this phase, compiling and summarizing the results of included studies have

been done. Usually, the data synthesis can be descriptive or quantitative,

so we based on a descriptive summary for the results in this systematic

review. The extracted information is organized in two tables for showing the

experimental details used and the advantages and limitations of each study.
The experimental table includes the following details:

1. Used model or method

2. Dataset

3. Hate speech vocabulary used in the dataset
4. Classification of the dataset

The results table includes the following:

. F1 score

. Recall

. Precision

. Accuracy

. Advantages of the used model or method
. Limitation of the study

AN N AW
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3 Results and Analysis

3.1 Results

Among the selection of (565) papers, (20) papers have been finalized after the
Inclusion and Exclusion Criteria. Based on this classification, the retrieved
researches were categorized, and the common factor between all of the
studies is CNN. Moreover, each article describes and proposes a new model
of CNN for detecting hate speech in different languages. Some of the used
models are CNN (Convolutional neural network), LTSM (Long-short term
memory network), Deep hate, and GRU (Gated Recurrent Units). Figure 2
shows the retrieved research article distribution based on the publishing years,
from 2018 to 2022. The graph shows a remarkable increment since 2018 in
detecting hate speech using the neural network CNN. As shown, most of the
research papers have been published in 2020, and in 2019 and 2021, there is
an equivalent number of publishing research articles. In the last few years,
there has been a massive rise in using hate speech in social media, and many

No. of researches based on the
publishing years

= 2018 =2019 =2020 =2021 =2022

Figure 2 Spreading of research based on the publishing year.
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Figure 3 Number of selected researches based on publication databases.

models have been used to detect and demonstrate the harm of using social
media as a cyberbullying in platforms.

Many types of research have been published in Google scholar (%25),
Hindawi and the IEEE Explore database almost have the same rate with
(%20) for each. ACM and Springer publisher have the same rate with (%10).
Finally, Elsevier has (%15) as shown in Figure 3.

Figures 4 show the distribution of research based on countries. It is
demonstrated that the UK has the most significant number of publications
after that India, then China and Jorden come with equivalent numbers.
Finally, the rest of the countries have the same number of publications.

Figure 5 shows the distribution of top countries that use CNN models
for detecting hate speech on social media. As shown, the UK has the most
significant number of publications and is shown in dark green color; then the
other countries come with different shades of green color.
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Figure 4 Distribution of studies based on countries.

Top Countries Using CNN
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Figure S Top countries using CNN models on world map.
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No. Hate speech Types

B Hate and Offensive

M Gender Abuse
Religion Abuse
Sexual Abuse

W Racism

Figure 6 Number of hate speech types distributed.

3.2 Analysis

The information removed and gathered has already been totaled for address-
ing the examination questions. In the below sections, each examination
question has been responded to based on the consequences of the information
extraction process.

RQ1: What types of hate speech are used in comments by
Twitter users?

Many hate speeches have been detected, but the common ones are (sexual
abuse, religious violence, national extremism, gender abuse, bias, radical-
ism) [15]. Figure 6 shows the distribution of hate speech phrases used in
comments on Twitter. As demonstrated, Sexual abuse, Hate, and offensive
have the most significant number compared to other used words.

RQ2: What are the types of hate speech data sets?

Regarding this record, the term hate speech is seen as any correspondence
in talk, creating, or lead of those assaults or uses shriveling or unreasonable
language concerning an individual or a gathering in light of their personal-
ity [16]. Hate speech can be detected on social media in different types (Text,
Images, or Videos). The research papers shown below in Table 2 demonstrate
the Text type of hate speech detection.
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Table 2 List of hate speech types data sets

Malik, Pranav, Aggrawal, Aditi, and
Vishwakarma, Dinesh K. (2021)

Modha, Sandip, Majumder, Prasenyjit,
Mandl, Thomas, and Mandalia, Chintak
(2020)

Jihyung Moon, Won Ik Cho, Junbum Lee
(2020)

Ziqi Zhang and Lei Luo (2019)

Neeraj Vashistha, and Arkaitz Zubiaga
(2021)

Yanling Zhou, Yanyan Yang, Han Liu,
Xiufeng Liu, and Nick Savage (2020)
Patricia Chiril, Endang Wahyu Pamungkas,
Farah Benamara, Voronique Moriceau, and
Viviana Patti(2022)

Muhammad Sajjad, Fatima Zulifqar,
Muhammad Usman Ghani Khan, and
Muhammad Azeem (2019)

Alshalan, Raghad, and Al-Khalifa, Hend
(2020)

Samuel C. Silva, Adriane B. S. Serapido,
and Ivandré Parabonil (2019)

Ziqi Zhang, David Robinson, and Jonathan
Tepper (2018)

Faris, Hossam, Aljarah, Ibrahim, Habib,
Maria, and Castillo, Pedro A (2020)

Hammad Rizwan, Muhammad Haroon
Shakeel, Asim Karim (2020)

Abdullah Aref, Rana Husni Al Mahmoud,
Khaled Taha, and Mahmoud Al-Sharif
(2020)

Ibrahim Abu-Farha and Walid Magdy
(2020)

Amrutha B R, Bindu K R (2019)

Elouali, Aya Elberrichi, Zakaria, Elouali,
Nadia (2019)

Matthew Beatty (2020)

Rui Cao, Roy Ka-Wei Lee, Tuan-Anh
Hoang (2020)

Ekaterina Pronoza, Polina Panicheva,
Olessia Koltsova, Paolo Rosso (2021)

RQ3: What are the models that have been used for detecting

hate speech?

The spread of hate speech in social media recently led to many algorithms
for detecting them. The standard model that has been used is CNN; the
result of the selected research papers shows that there is a mix between the
models such as CNN and LTSM (Long Short-Term Memory), CNN and Deep
learning, CNN and BERT model, CNN and GRU (Gated recurrent units).
Figure 7 shows that the most used models are CNN and LSTM for detecting
hate speech in social media platforms such as Twitter.

RQ4: Which country faces more hate speech?

As social media plays a significant role in our daily life and hate speech
became a part of everyday speech on social media platforms, this growth
that expands to many different countries such as the UK, China, India. ... etc.
to control this expansion, many researchers proposed many different kinds of
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Type of Used Models

I " W CNN+ Deep Learning' = CNN + GRU

0 2 6 10 12

CNN+ BEZh CNN + Léng

u CNN

Figure 7 No. used models.

algorithms and modules to detect hate speech [17], as Figure 8 shows the top
three countries that have worked more for detecting hate speech.

RQ5: What are the number of used datasets and their sizes?
Extracting hate speech in social media will result in massive data ; in this
case, each selected paper used different numbers of datasets with different
sizes. Figure 9 shows the number of used datasets in the selected papers,
while Figure 10 shows the dimensions of the used datasets.

RQ6: What are the languages of the datasets of hate speech?

Over the last decade, a considerable body of work and extensive work has
been done in the space of program of instinctive distinguishing proof and
arrangement of disdain discourse and related displays classes such as racism,
sexism, hate speech, etc [18]. The phenomenon of hate speech increases
widely over the countries almost all the countries face that problem, below
Figure 11 shows the number of languages of the datasets for hate speech.
As demonstrated, the most extensive dataset is for the English language.
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Figure 11 Distribution of languages in hate speech.
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4 Discussion

CNN is a particular type of multilayer neural network or deep learning
architecture, as the traditional Convolutional Neural Network consists of
single or multiple blocks of convolution and pooling layers [19], followed
by one or multiple fully connected (FC) layers and an output layer, and each
separate neural works in its responsive field and is associated with different
neurons such that they cover the whole visual area, different types of layers
were described in the consequent section [5]. Detecting hate speech in social
media requires other mechanisms and models to find and evaluate the abused
words; many research articles have been written specifically for this subject
below show the discussion of used models.

First: Using (CNN) Convolutional Neural Network and (GRU)
Gated Recurrent Units models

Convolutional Neural Network was first developed for recognizing hand-
writing [20]. It was used for reading zip codes and postal codes in the
postal sector and was recently used in many computer vision tasks like
image classification, object detection, object localization, and segmentation
domains [21]. CNN consists of three main layers; the Convolutional, pooling,
and Fully-connected (FC) layers. The convolutional layer is followed by
the pooling layer or additional convolutional layers, and the fully-connected
layer is the final layer. The CNN increases its complexity with each layer,
identifying more essential parts of the image. Earlier layers concentrate on
simple features of the images, such as colors and edges. In contrast, the other
layers of CNN recognize more significant elements or shapes of the object
until it finally identifies the intended object [22, 23].

GRU has been proposed as an improved version of the standard recurrent
neural network (RNN) to make each recurrent unit adaptively capture depen-
dencies of different time scales [24, 25]. To execute machine learning tasks
such as image recognition and speech recognition, GRU is a good choice for
connecting the node sequences [26, 27].

In [28], the authors used CNN and GRU models, and the research article
aimed to see hate and non-hate words focusing on refugees, Muslims, sexism,
and racism. They used around (100,000) datasets for testing the models.
The models are structured to find implied highlights that can be valuable
for recognizing disdain tweets in the long tail. The only limitation that they
faced was the lack of training data sets. In the same area, [29] used the same
models for detecting abused Arabic keywords in the Twitter platform; they
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designed to explore several neural network models based on a convolutional
neural network (CNN). The journal article used precisely (9316) data sets
for evaluating the models; the main targeted areas of detecting keywords
were Racism, Religious, Ideological, Tribal, and Inter-religious. The main
goal expands the explore and assess the proposed models on other oppressive
language datasets. After that, the journal article used (81688) data sets for
detecting Arabic hate speech; they used the models to see racism, sexual,
refuge, and Muslim words. The analysis shows that the presence of dynamic
ideas, for example, sexism, racism, or hate, is undeniably challenging to
identify if exclusively founded on text-based content. In any case, the errand
may profit from information regarding gatherings and correspondence modes.
Finally, the authors in [30] used (2.6 M) datasets for detecting hate and
non-hate twits in the Russian language using the same models. The models
naturally distinguishing hate speech should be utilized to defame the creators
in no way, shape, or form. The used tools should be applied aside, not initially
substituting the used datasets.

Second: Using (CNN) Convolutional Neural Network and (LSTM)
Long Short-Term Memory models

The Long Short-Term Memory (LSTM) network model is a developed
type of recurrent neural network (RNN) [31, 32] capable of learning order
dependence in sequence prediction problems and complex problems such as
machine translation, speech recognition, and more. LSTM has four interact-
ing layers with a unique method of communication [33]. A standard LSTM
network contains memory blocks called cells. Moreover, it has two states (the
cell state and the hidden state) transferred to the next cell. LSTM is designed
to avoid the long-term dependency problem [34].

Besides the first section of used models, some research articles used
CNN and LSTM models to detect hate speech in social media [35], the
journal article proposes a model that can see seven different languages in
a single Twitter comment using the mentioned models. The proposed model
used (16 K) datasets for testing and evaluating the model [36]. Moreover,
the authors in [37] represent the models using around (6517) datasets to
detect toxic hate speech; the results demonstrate that CNN can adopt it
selves with other models such as LSTM comprehend and efficiently designs
if there should arise an occurrence of short words and commotion in datasets.
The research article in [38] demonstrates the use of seven different datasets to
detect hate and abused comments on Twitter. Using CNN and LSTM models
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will give the advantages of outperforming other models in almost all used
datasets, and it works quickly with loading all the data. Finally, in [39], they
propose an innovative deep learning approach for the automatic detection of
cyber-Arabic hate speech on Twitter. The result of used (1634) datasets show
the increased number of used times the proposed model performs better than
other models.

Third: Using Char (CNN), (BILSTM) Bidirectional LSTM, and
Bidirectional Encoder Representations from Transformers
(BERT) Models

There are many other deep learning models that are used for detecting hate
speech in social media, such as Char CNN, BiLSTM, and Bert models.
CharCNN is a model that is based on CNN and used mostly for text clas-
sification [40, 41]. Bidirectional LSTM (biLSTM), is a series of processing
models that consists of two LSTMs: the first LSTM takes the input in a
forward direction, and the second LSTM takes input in a backward direc-
tion [42]. BILSTMs effectively expand the amount of information available
to the network. At the same time, BERT is an advanced as well as a more real-
istic technique since it accepts the fact that a document can simultaneously
belong to multiple classes. BERT is known to have achieved exceptional
results in eleven natural language understanding (NLU) tasks [43]. Moreover,
in [44], the research article explained the hate speech detection in Korean
entertainment news and comments on social media platform Twitter using
Char (CNN), (BILSTM) and (BERT) models. They have used around (10000)
datasets from Online news platforms in Korea; the results show that BERT
achieves the best performance compared with Char CNN and BILSTM, the
only concern that they faced as their data and layers of the used algorithms
especially CNN was not clear.

Fourth: Using Classifier Fusion Model

Using different classification methods to generate a better result [45], the
journal article of [46] applied several fusion models on deep learning meth-
ods. It combined the classifiers to further develop the general grouping exe-
cution. They have used almost (13000) datasets to test, train, and evaluate the
detected hateful or not hateful words against women on the Twitter platform.
The results demonstrate that fusion processing is a suitable method for detect-
ing hate speech. It is considered sensible to accomplish the commonsense
meaning of execution at additional expense.
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Fifth: Using Combination Models

The objective things grow ceaselessly with the passage of endlessly time is
a significant element that can’t be overlooked during the time spent evolving
things [47, 48]. In [49] the research article describes the way of using deep
learning models for classification of tweets combined with simple machine
learning models detecting hate speech on Pakistanis social media such as
sexism and racism. They have used around (12000) datasets for testing, train-
ing, and evaluating the hate speech words. They ran classification trials with
different classifiers and identified the top three classifiers that outperformed in
almost all circumstances. Logistic Regression, Random Forest, and Support
Vector Machine are examples of classifiers.

Sixth: Using CNN Models

One of the unique types of ANN design is that of the Convolutional Neu-
ral Network (CNN). CNN’s are fundamentally used to tackle troublesome
picture-driven design acknowledgment assignments and, with their exact
yet straightforward design, offer a worked-on strategy for getting begun
with ANNs [50, 51]. The following journal articles used other models for
detecting hate speech words on the Twitter platform. In [52] explained the
issues relating to detecting hate speeches, as they address how the detection
results can be displayed in an online environment. They have used Trolling,
Aggregation, and cyberbullying (TRAC) and posted on political leaders’
Twitter accounts to detect racism keywords. In [53], they have used a robust
system to simplify haste speech towards different targets; the main focus was
detecting Sexism, misogyny, ethnicity, religion, and race words. Moreover,
in [54], the authors explained how to detect hate speech on social media
in portages language. They have used almost (10366) datasets Using the
CNN model for detecting Racism, Sexism, religious intolerance, cursing,
and not offensive words. After that, in [55] and [56] the research articles
demonstrated the detection of hate and non-hate keywords on social media
platforms using CNN models. In the same area [57], and [58] used Deep
learning, Transfer learning, multitask learning, and GRU for detecting Hate,
Not Hate, Offensive, Non-Offensive speeches on the social media platform.
The results show that using a multitask learning setting was very helpful
because of the significant connection between two assignments. Finally,
in [59] and [60] they have highlighted the detection of the hate non-hate
words using CNN, deep learning, and LSTM models using various numbers
of datasets.
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5 Conclusion

The systematic review presented in this work provides the state of the art of
scientific literature about hate speech detection in Twitter using the Convolu-
tional Neural networks (CNN) based models. For this purpose of reviewing
the recent works, (20) related works have been selected among (565) different
works. The selection is dependent on the inclusion and exclusion criteria and
also based on the main question and the sub-questions that this review tends to
answer. Data extraction from the selected study was collected and available
online. The extracted data contain all the required information about each
study, including article name, authors, publishers, and more detailed infor-
mation. The analysis of the information obtained from each study allowed
finding progress and gaps in this research area. In particular, this systematic
review has found many gaps in the part of hate speech detection. Many
models have been used, most are CNN-based models, and each has added
advantages to the recent models for hate speech detection [61]. Besides, still,
these models and methods have many limitations and gaps. Including; most
of the models cannot detect the hate speech automatically, not suitable with
all the languages, they are working only with one language, most are best
suited with the English language, and when they used with datasets with other
languages, the models are suffering from confusion in speech classification.
Finally, most models are not considering a user-to-user speech in social
media. In conclusion, although the hate speech detection in social media has
improved recently, this systematic review has found many gaps in the part of
hate speech detection, and at the same time, hate speech threats are increasing
rapidly that need immediate and real solutions.
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