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Abstract: The unregulated proliferation of counterfeit news creation and dissemination that has been
seen in recent years poses a constant threat to democracy. Fake news articles have the power to
persuade individuals, leaving them perplexed. This scientometric study examined 569 documents
from the Scopus database between 2012 and mid-2022 to look for general research trends, publication
and citation structures, authorship and collaboration patterns, bibliographic coupling, and produc-
tivity patterns in order to identify fake news using deep learning. For this study, Biblioshiny and
VOSviewer were used. The findings of this study clearly demonstrate a trend toward an increase in
publications since 2016, and this dissemination of fake news is still an issue from a global perspective.
Thematic analysis of papers reveals that research topics related to social media for surveillance and
monitoring of public attitudes and perceptions, as well as fake news, are crucial but underdeveloped,
while studies on deep fake detection, digital contents, digital forensics, and computer vision constitute
niche areas. Furthermore, the results show that China and the USA have the strongest international
collaboration, despite India writing more articles. This paper also examines the current state of the art
in deep learning techniques for fake news detection, with the goal of providing a potential roadmap
for researchers interested in undertaking research in this field.

Keywords: fake news detection; deep learning; bibliometric; scientific mapping; bibliographic
coupling; VOSviewer

1. Introduction

Fake news is one of the ways to create myths today [1]. Fake news is not only the
absence of truth but also the presence of lies mixed with accurate information. Therefore,
the news may be completely false or partially true [2]. Fake news has been spreading since
mankind began; in fact, it is as old as humanity itself [3]. In layman’s terms, fake news,
which is all the rage these days, pertains to the intentional or unintentional dissemination
of counterfeit information meant to deceive or mislead, as well as create confusion, tension,
and disbelief [4]. The contamination of irrelevant, inaccurate content with this information
has been become a global level issue, known as information pollution or infollution [5]. It is
not a new concept [6]; however, in the digital age, fake news has gathered new momentum
and become a worldwide issue to address [7]. In today’s digital era, the internet has
become a pool of information for everyone. However, one should know that not everything
available on the internet is credible. Only knowledge can light our way to recognizing real
content; otherwise, we will be led to undesirable situations [8], as it may lead to a general
lack of trust in what we see and hear online [9]. The emergence of online social platforms
added fuel to this flame, as the use of social media has become a part of everyone’s routine
for interacting with each other, as well as to obtain news. Information is spread out because
of cloud networking in collaboration with the IoT [10]. Social networking platforms [11–14]
such as Facebook, WhatsApp [11], and many more [12] enable people to create friend
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groups or family groups to share content; subsequently, when they get novel or emotional
news, they do not always take the time to fact-check before sharing or commenting. Because
of the speed at which information spreads online, users can influence various communities
with both true and false information [13]. This leads to the unknowing spread of forged
news. It is a fact that the majority of fake content is more eye-catching as compared to real
news and, thus, spreads more quickly [14]. A recent study from the Massachusetts Institute
of Technology (MIT) discovered that fake news on Twitter disseminates six times more
quickly than real news pieces and is 70% more likely to be retweeted [15]. Misinformation,
lies, and conspiracy theories predominate on many social media platforms. The real-world
consequences of this toxic online environment range from genocide to election meddling
and threats to global public health. According to studies, during the 2016 presidential
elections in the United States, social media was flooded with fake news that was widely
shared and heavily favored Donald Trump [16]. Most of us have witnessed fake news
and misinformation being spread in large numbers during these COVID-19 times [17],
adding to the confusion in an already difficult situation. This consists of an abundance of
information about disease spread, some of which is accurate and some of which is not [18].
In an effort to tackle the COVID-19 infodemic, the WHO and the UK worked together on
a study, revealing that, in the first 3 months of 2020, coronavirus misinformation led to
the hospitalization of approximately 6000 persons globally [19]. During this time period,
researchers also suspected that it killed at least 800 people [20]. Additionally, by mid-May
2020, in the middle of a worldwide epidemic, 28% of Americans thought Bill Gates intended
to utilize COVID-19 to deploy a mandated vaccine equipped with tracking microchips. The
general public still holds this absurd claim to be true [21].

Information Disorders: Incident Response in India

The affordable availability of smartphones and access of internet have contributed
to heavy mobile internet access in both urban and rural regions in India. According to
statista.com, India was the second largest online market after China in 2019. In 2020, India
had 749 million internet users, increasing to 846 million in 2021; this is estimated to reach
932 million in 2022. During COVID-19, the trends of online education and working from
home resulted in a rapidly growth of the digital population in India. India is a gregarious
country; hence, its social networking apps are particularly popular. Additionally, video-
sharing platforms are very popular. In 2020, India was the country with the highest number
of WhatsApp and TikTok app downloads. There is over 160 billion INR worth of digital
advertising in India, which is expected to hit 560 billion INR by 2023. There are over
480 million users on WhatsApp, make it the leading social media network in India. With
more than 200 million prominent users in India and an expanding user base, WhatsApp is a
preferred choice for spreading fake news due to its ubiquity and functionality [11]. A major
factor in the proliferation of information disorders, i.e., misinformation, disinformation, and
mal-information, in the country [22] is the widespread usage of social media platforms [1].
In India, there have been many instances of fake news proliferation, as shown in the
timeline below (Figure 1).

Some examples can be given, such as in 2016, when there were rumors stating that
10 INR coins were invalid and that fake coins were in circulation. This caused a ruckus,
as people started saying that the coins without the rupee symbol and having 10 lines
were fake. This caused extensive confusion and problems. Then, a senior bank official
in Vellore clarified that neither the Reserve Bank of India nor the Government of India
had declared the 10 INR coins invalid. This was false information, and the 10 INR coins
were legal tender [23]. Another incident involved the 2000 INR bill said to be outfitted
with surveillance equipment allows tracking 120 m below the surface of the planet [4].
Everyone who is familiar with the demonetization problem is aware of the early 2017 fraud
that engulfed the Indian public. Because similar accusations were being circulated on
social media platforms at the time, a crowd in the Indian state of Karnataka attacked three
men in July 2018 and killed one of them. The mob believed the men were kidnappers of
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children [1]. Various riots (e.g., the Delhi riots of 2019 against the Citizenship (Amendment)
Act 2019) have occurred due to fake news. The Election Commission of India (ECI) reported
154 instances of fake news or misinformation on social media platforms during the 2019
Lok Sabha Elections [24]. During the 2020–2021 Indian farmers’ protest, social media was
flooded with fake information. Violence erupted across the country on the day of Ram
Navami (10 April 2022). After this, the hashtag “Indian Muslims Under Attack” began
trending on social media. A bogus story was seeded on social media on 12 April 2022.
According to the story, Muslims in India were in danger. However, in helping governments
hasten the broadcast of information about the emergency response during disasters, these
new media platforms also helped alleviate this issue [25].

Figure 1. Timeline: many instances of fake news proliferation.

The major contributions of this work are as follows:

• It discusses the different research publishing categories for fake news detection.
• It analyzes various linguistic style used in publications, as well as the implementation

of these styles in future work.
• It elaborates different publication trends based on the year of the different studies.
• It illustrates the diverse regions or nations that have contributed more to the topic.
• It discusses the role of authors who contribute significantly to the detection of fake news.
• It discusses numerous publishing trends based on connections (colleges/organizations).
• It illustrates citation counts for each of the contributions related to fake news detection

methods and techniques.

This study is organized as follows: Section 2 discusses the need for bibliometric
research and its tools. Section 3 provides the required related work. The methodology
is discussed in Section 4. The statistics and results are covered in Section 5, while the
scientific mapping is covered in Section 6. The social and intellectual structures are covered
in Sections 7 and 8, respectively. Lastly, the paper is concluded in Section 9.

2. Need for Bibliometric Study

Bibliometric analysis is a quantitative approach that uses statistics to analyze biblio-
metric data such as keywords, citations, authors, and country distribution retrieved from
scientific databases such as Web of Science, DBLP [26,27], PubMed, and Scopus [28], to
name a few [29,30]. It is also useful for determining current trends and future interest in a
specific area. Bibliometric analysis includes two components:

• Performance analysis is regarded as the hallmark of bibliometric study, i.e., the process
of examining the performance of authors, countries, or journals.
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• Scientific mapping is a process that examines the relationships among the research
constituents mentioned above. Keyword analysis, collaboration analysis, citation
analysis, etc. fall under this umbrella [31].

Bibliometric Tools

There are various tools available to conduct bibliometric reviews, with each having its
unique features. As we know, graphical representation is more eye-catching as compared
to plain text. Graphical representation or scientific map representation aids bibliometric
analysis in clarifying the relationships among research constituents. There are various
options available, such as Biblioshiny, CiteSpace, SciMat, and VOSviewer. A description of
these tools is given below as.

Bibliometrix [32] is a special tool that was created using the logical bibliometric
workflow in the statistical computing and graphics language R. It enables the bibliometric
analysis of bibliographic information from Clarivate Analytics’ Web of Science, Scopus,
PubMed, Digital Science Dimensions, and Cochrane databases, as well as the creation of
data matrices for co-citation, scientific cooperation analysis, coupling, and co-word analysis.
A web app called Biblioshiny makes Bibliometrix easy to use, even for those without coding
skills. Biblioshiny enables scholars to easily use Bibliometrix’s main features, such as data
import, analytics, and plots for four different levels of metrics: sources, authors, documents,
and clustering by coupling. Moreover, it enables users to analyze three types of knowledge
structures (k-structures), i.e., conceptual, intellectual, and social, using data files from WoS,
Scopus, PubMed, Lens, and dimensions [32].

CiteSpace is a scientific mapping analysis tool developed by Drexel University. It is
used to generate tree rings and geospatial maps using various bibliometric databases such
as WoS, Scopus, Dimensions, Crossref, and PubMed [33,34].

SciMat is an open-source platform for bibliometric analysis and visualization that was
created by the Secaba Lab at the University of Granada (Spain) and is currently maintained
by the IntellSOK group at the University of Cadiz (Spain). The visualization created by this
tool builds a report in HTML or LaTex format [35,36].

VOSviewer is a free online GUI-based software for scientific mapping developed by
Leiden University in the Netherlands. Data are added from files downloaded from WoS,
Scopus, Dimensions, PubMed, and RIS. This software’s visualization provides a thorough
analysis of the relationships among various research constituents. The visualization ca-
pabilities are developed on the basis of network data, bibliographic data, and text data.
This software supports the database files for Web of Science, Scopus, Dimensions, Lens,
and PubMed [37].

3. Literature Review
3.1. Literature Review of Bibliometric Analysis on Fake News Detection Using Artificial Intelligence

This section reviews the literature for various studies on fake news and related subjects.
A bibliometric study on 479 academic articles on fake news that were indexed in the Web
of Science database was carried out using VOSviewer software [34]. There are three
topologies provided: misinformation, mal-information, and disinformation [38]. Despite
having similar sounds, these terms differ in some ways. Misinformation [21,36,38] is the
unintentional dissemination of false information. It is not intended to deceive others. As an
example, during COVID-19 times, the internet was inundated with information regarding
precautions and home remedies. In contrast, disinformation [39,40] involves spreading
bogus information with the intention of deceiving others. Contrarily, “misinformation” [41]
is information that is grounded in reality but is utilized to hurt a victim, group, organization,
or nation, e.g., revenge porn. It is recommended that further research be conducted
on misinformation.

In order to focus on the use of an interdisciplinary approach contributing to scholarship
and to comprehend the role of mobile and social media, as well as how the outcome of the
2016 US Presidential Election pushed the research community toward fake news detection,
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the authors in [36] used Google Scholar to examine 142 academically published articles.
Google Scholar automatically keeps track of new articles as they are posted online. It has
been found that prospective examiners should pay more attention to how people create,
consume, and spread false information. To ascertain how the term “fake news” came to be
a search subject, another bibliometric study explored 640 scientific articles that were taken
from the WoS database [37]. These chosen articles were analyzed using Excel, SciMAT, and
VOSviewer for scientific mapping. The authors came to the conclusion that educational
practices must be promoted to stop the spread of false information.

Fake news goes by many names. The authors in [42] evaluated 387 fake news-related
papers published on WOS between 2000 and 2019 to determine the overlap of and dif-
ferences among phrases. They also recorded the distribution of publication years, author
nations, and publications associated with these studies. This fake news study had nothing
to do with people’s views, fact-checking, or research on disinformation. Some studies on
misinformation [19] simply discussed misinformation in their research fields.

Because traditional and online media were inundated with information about COVID-19,
the WHO dubbed it an “infodemic”. In 2020, one in six COVID-19 information pieces pro-
duced in India were false, making India the country from which the majority of COVID-19
false information originated [7,39]. Consequently, in January 2021, a concept map was
created using 414 entries in the Web of Science (WoS) database, utilizing issues relevant to
infodemics, misinformation, and disinformation to map the related literature [20]. Future
research is also proposed with regard to useful research questions.

The rise of online media has hastened the spread of rumors and propaganda. Because
these are forms of fake news, researchers have been motivated to work in this field. Some
studies conducted bibliometric reviews to get a more in-depth look at this topic. The
authors in [41] conducted an empirical study of peer-reviewed articles published in the
WoS database from 1965 to 2019 and concluded that, despite an increase in publications
and citations, propaganda cannot be considered an autonomous research field. Similarly,
the authors in [7] used CiteSpace software to conduct a bibliometric review of 970 articles
from the WoS database from 1989 to 2019 and concluded that rumors are spreading more
quickly as a result of the development of various social networking platforms.

3.2. Deep Learning in Fake News Detection

Recent years have seen an explosion of research on fake news detection, which has
resulted in numerous studies in the field. In the past, research on fake information detection
focused on two main approaches: (a) categorizing false news in the context of unimodality
(textual or visual); (b) exploiting multimodality (textual and visual) [43]. An overview of
the use of DL in fake news detection is shown in Figure 2.

Figure 2. DL in news classification.

As it is known, computers cannot understand human language, and users express
themselves in human language; thus, a subfield of AI known as NLP has emerged to fill
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this void. It enables machines to understand human communication languages. As a result,
before using ML or DL, data should be preprocessed with NLP. The dataset is split into
training and testing after this preprocessing step (2). A deep learning model is modeled
using the training set (step 4), while it is tested using the test set (step 5). Finally, in step 6,
news is classified as either true or false.

Researchers from all over the world have helped to tackle the problem of fake news.
An AI model using NLP and conventional ML was created to categorize classified text as
fake news [42]. Experiments were carried out using the Kaggle dataset and articles pulled
from the internet. When compared to other ML and DL models, the findings showed that
random forest and CNN with global max pooling had high accuracy. Machine learning
models were found to be roughly 6% less accurate than neural network models.

To indicate that people are more likely to forward news items immediately if the
content is novel and emotionally appealing [43], the authors in [44] used a multilayer
perceptron (MLP) neural network and a novelty and emotion-based representation of news
to countermeasure the spread of fake news. During COVID-19 times, the internet was
flooded with information related to home remedies and precautions; then, due to care, love,
and fear of losing their loved ones, people shared this information through social media
without checking whether it was true or false. This is how the spread of misinformation
happens [45]. To implement this approach, four datasets were used, and statistically signifi-
cant improvements in accuracy were recorded [44]. A hybrid DL framework (BerConvoNet)
proposed by [46], combining BERT and CNN based on the news embedding block (NEB)
and multiscale feature block (MSFB), was used to classify whether a given news article is
genuine or not. However, it is yet to be explored how multimodal learning works.

A deep triple network (DTN) along with an entity-based attention network (EAN)
developed in [47] can not only detect if a news article is true or false but also explain
why it is. In this direction, the authors in [48] also attempted to work on a BERT-based
model using two explanation methods, LIME [49] and Anchors, with the goal of detecting
fake news while also attempting to explain it. The results supported the use of multiple
surrogate-type methodologies to derive explanations using the Kaggle dataset, containing
44,848 news items. Because Anchors were not always able to provide an explanation, other
explainability methods [41,42] will be applied in the future.

Another approach to solving the problem of falsified news was investigated in [50],
i.e., a triple-branch BERT network for both binary and multilabel classification of fake
news. Two datasets, LIAR and LIAR PLUS, were deployed; as compared with previously
explored models, the accuracy was improved significantly using binary classifiers, but only
marginally using multilabel classifiers.

GANs [44,45] are popular for content synthesis, i.e., for creating deep fakes. They
consist of two architectures, a generator and a discriminator, competing against each other
in multiple iterations to create more realistic content and to distinguish it from real content.
In this context, a comprehensive review [51] was performed to analyze and identify existing
approaches to deep fake creation and detection. Various deep fake tools such as Faceswap,
DFaker, FSGAN, StyleGAN, and Face2Face, in addition to existing solutions based on the
ML and DL techniques CNN, LSTM, RCN, and VGG16, as well as ResNet models and
existing databases, were discussed.

To differentiate between fake (spoof) and real (bona fide) speech, a solution based on
classical supervised learning pipeline was proposed [52]. The publicly available ASVspoof
2019 dataset was used to validate the proposed method. The authors of [53] used the
FakeAVCeleb dataset to demonstrate that the ensemble-based method outperformed multi-
modal methods for detecting deep fakes of multiple modalities, i.e., video and audio. Along
with deep fake movies, this collection also contained fake audio that was created artificially.

Examining the liaison between text and visual information made use of the cosine simi-
larity notion. The processing of picture data was performed using a trained image2sentence
model, and the representation of text representations was performed using a text-CNN
with an additional fully connected layer [54]. F1 scores of 89.6% and 89.5% were recorded
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for the PolitiFact and GossipCop datasets, respectively. The authors of [55] used the latent
Dirichlet allocation (LDA) to model online posts for fake news detection in an Indian
context. Images were analyzed using VGG16 and Resnet-50, while text was analyzed using
several ML and DL models. The implementation showed 74% accuracy.

To detect fake news, the authors created SpotFake [56]: a multimodal framework that
combines language models with a VGG-19 model pretrained on ImageNet to incorporate
contextual information. Using the concatenation technique, text and visual features were
combined to form a multimodal fusion module. The investigation’s findings presented
77.77% and 89.23% accuracy on publicly available datasets Twitter and Weibo, respectively.
Inspired by [56], the authors proposed SpotFake+ [57], an advanced version of SpotFake,
where transfer learning was used to extract semantic and contextual information from
lengthy news articles and images.

Despite the fact that the aforementioned papers concentrated on broad findings related
to fake news identification, there is still room for update and expansion as a result of the
sharp rise in quantity of topical publications. This article addresses this gap by including
all disciplines from 2012 to 2022 (until July), instead of focusing on a particular discipline.

4. Research Methodology

This section describes the research methodology used in this study. The research
methodology used was bibliometric analysis, involving statistical analysis and visualization
of the field’s research output. Before beginning analysis, the first step was to define research
questions, and then the appropriate research methodology was chosen to find answers.
This study addresses the following research questions:

RQ1: How have publications and citations in the field of identifying fake news using deep
learning evolved?
RQ2: What are the most relevant and influential sources, countries, and publications on
deep learning for fake news detection and classification?
RQ3: What are the most popular research topics and keyword trends in using deep learning
to combat the spread of fake news?
RQ4: What are the main clusters of co-citations related to deep learning for fake news detection?
RQ5: What is the country collaboration network for detecting fake news using deep learning?

These research questions are addressed using descriptive, conceptual, intellectual, and
network analysis using the Biblioshiny application and VOSviewer [58] version 1.6.18. The
selection of the database was the next step in the analysis for this study, which was then
followed by data collection using the search strategy, as depicted in Figure 3.

4.1. Data Collection

A database is a structured collection of data. It is classified as field-specific and
mul–tidisciplinary. The data used for this study came from Elsevier’s multidisciplinary
Scopus database between 2012 and 2022 (until July). Scopus is a peer-reviewed literature
abstract and citation database launched in 2004 that includes scientific journals, conference
proceedings, and books. It provides a thorough overview of global multidisciplinary
research output. Over 3000 academic, governmental, and corporate entities use Scopus,
which serves as the main data source for the Elsevier Research Intelligence portfolio [59].

4.2. Preparing Data for Analysis

To meet the needs of the software, data were downloaded from Scopus in an unen-
crypted manner. Using the below-described search parameters, documents were picked for
shortlisting on 8 July 2022.
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Figure 3. Research methodology.

Search String: Keywords are the basic and short terms that describe the content. For
fake news, various terms are used. The terms fake and false were used interchangeably in
the majority of the research contributions. The title and abstract are critical in understanding
what an article is about. The keyword search criteria were used to find scientific information
about fake news detection, and 738 documents were initially extracted. The following is a
presentation of the search string used for this study: (fake OR false AND news OR content
OR misinformation OR disinformation AND detection AND deep AND learning).

Year Span: All years in the range 2012–2022 were considered.
Subject Area or Categories: Fake news is not confined to politics or entertainment.

All aspects of life are affected; as a result, all domains were taken into account.
Document Type: Articles, conference papers, conference reviews, data papers, and

reviews were considered.
Source Type: Journals, books, etc. were considered.
Country: As fake news is a global issue; all countries were considered.
Language: In addition to English, five Chinese documents, one Portuguese document,

and one Spanish document were also available. In order to generate the final dataset
of 569 papers, shortlisted materials were screened using an English language filter. The
title, authors, abstract, and keyword information from these papers were imported into
Biblioshiny in csv format.

Tools Used for Data Analysis and Visualization: VOSviewer and Biblioshiny were
the tools used to create figures in this study. Although there are other tools available
for this purpose, we chose these two because they provide a relatively simple way to
obtain the basic functionality required for visualizing bibliometric networks. Biblioshiny’s
analysis options are diverse and are divided into seven categories, which are reflected in the
analytics and graphs: (1) the overview; (2) the sources; (3) the authors; (4) the documents;
(5) the conceptual structures; (6) the intellectual structure; (7) the social structure. Graphs
and performance analyses can also be exported to a variety of file formats, including Pajek
and HTML, and tables can be copied to the clipboard, saved as Excel or PDF files, or
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printed. In contrast, VOSviewer accepts inputs from a wide variety of bibliometric sources
including Web of Science, Scopus, PubMed, Lens.org, Dimensions, Semantic Scholar, and
COCI. It also accepts, as input, exports from standardized formats and popular networking
tools such as GML, JSON, and Pajek, and it provides four types of citation-based analysis,
co-authorship, citation, bibliometric coupling, and co-citation at multiple levels of analysis
(e.g., author, journal, organization, and country), as well as keyword co-occurrence and
term (title + abstract) co-occurrence maps. The online feature allows sharing interactive
visualizations created using VOSviewer with data files stored in Google Drive, Dropbox, or
OneDrive. In addition to the standard network view, each map includes a density overview
and an overlay overview.

5. Data Analysis and Results

Bibliometric analysis encompasses two aspects [29], as shown in Figure 4.

Figure 4. Bibliometric analysis: aspects.

5.1. Performance Analysis

The technique of analyzing the performance of authors, nations, or journals using bib-
liometric data gleaned from academic databases such as WoS, Scopus, and DBLP Computer
Science Bibliography [26] is known as “performance analysis” [60], which is regarded as
the defining characteristic of bibliometric research.

5.2. Descriptive Analysis

When used as a descriptive tool, bibliometric analysis can cover a range of topics,
including sources, authors, and documents (Figure 5). All elements of a document, in-
cluding global and local referenced documents, reference spectroscopy, trending topics,
word dynamics, and most frequently used terms, to name a few, are grouped under the
document tile.

Figure 5. Descriptive analysis.
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5.2.1. The Dataset

Table 1 provides an overview of the bibliometric data frame of the 569 publications that
were selected using a thorough search query on the Scopus database. These documents had
an average citation score of 10.52 and worldwide co-authorship percentage of 18.1%, and
they were published in 358 sources, indicating that they were the subject of extensive prior
research, including researcher collaboration. Table 1 provides an overview of all the data
chosen for our investigation. Firstly, the key material, which spans the years 2012 to 2022,
is presented. There was a total of 358 sources, including books and journal articles. The
average age of the 569 papers was 1.55, and the overall growth rate was 59.71. The entire
dataset had 19,963 references and 1052 citations. Secondly, the summary included detailed
information about the keywords, e.g., 1150 at-risk keywords combined with 2779 other
keywords. Thirdly, the summary revealed that 37 documents had a single author, whereas
3.52 coauthors on average collaborated on the texts. Lastly, the summary lists the types
and numbers of publications, including 238 articles, 294 conference papers, 18 conference
reviews, three data papers, and 16 reviews.

Table 1. Dataset summary.

Description Results

Main Information about Data

Timespan 2012–2022

Sources (journals, books, etc.) 358

Documents 569

Annual growth rate % 59.71

Document average age 1.55

Average citations per document 10.52

References 19,963

Document Contents

Keywords plus (ID) 2779

Authors’ keywords (DE) 1150

Authors 1678

Authors of single-authored documents 20

Author Collaboration

Single-authored documents 37

Co-authors per document 3.52

International co-authorships % 18.1

Document Types

Article 238

Conference paper 294

Conference review 18

Data paper 3

Review 16

5.2.2. Publication and Citation Structure

For this study, documents related to fake news were retrieved throughout the past
11 years, from 2012 to 2022 (July). Figure 6 shows the trends in fake news publications
every year, revealing that the field is still in its infancy, with more contributions after 2016.
Despite the fact that the number of publications in 2022 is not complete (the search was
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conducted during this year), we are able to see a clear trend of increasing numbers since
2016. As a result, this subject is not only receiving more attention but is also relatively new.

Figure 6. Annual scientific production.

Table 2 displays the citation years, average total citations per article, and number of
articles published annually. In terms of citation structure, there was no clear trend, aside
from the obvious fact that older publications were more cited.

Table 2. Annual total citation per year.

Year N MeanTCperArt MeanTCperYear CitableYears

2012 1 135.00 13.50 10

2013 0 0.00 0.00 0

2014 0 0.00 0.00 0

2015 1 36.00 5.14 7

2016 2 10.50 1.75 6

2017 13 89.62 17.92 5

2018 26 27.85 6.96 4

2019 69 25.17 8.39 3

2020 126 11.16 5.58 2

2021 223 3.29 3.29 1

2022 108 0.24 0

5.2.3. Three-Field Plots

Using Sankey Plots (Figure 7), three fields were illustrated in relationship with one
another, proportional to the node’s value. The authors, keywords, and sources that were
chosen for analysis are listed in the left, middle, and right rows, respectively. Deep learn-
ing, machine learning, fake news, social media, fake news detection, natural language
processing, LSTM, and deep fake were prominent keywords displayed in each item. On
the basis of these keywords, all 10 influential journals featured these topics covered by
influential authors. IEEE Access secured the top position, followed by Expert Systems
with Applications.
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Figure 7. Three-field plot.

5.2.4. Relevant Sources

Using citations as a measure of a journal’s reputation, Figure 8 shows the top 10 high-
impact-factor journals. IEEE Access was the most popular journal for researchers seeking
high-quality papers, followed by CEUR Workshop Proceedings and ACM International
Conference Proceeding Series.

Figure 8. Relevant sources.

5.2.5. Local Cited Sources

Citations received by a document or author from a document already included in
the current study were called local citations. By contrast, global citations [61] refer to the
total number of citations (TC) that a critique has accrued from documents indexed in a
bibliographic database [62]. According to Figure 9, IEEE ACCESS was in first place with
252 local citations, followed by Science (102) and Expert Systems with Applications (83).
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Figure 9. Local cited sources.

5.2.6. Source Dynamics

LOESS (locally estimated scatterplot smoothing) was used to represent the source
growth of the top five journals to depict the number of publications over time. This statistic
indicates that studies on fake news began in 2016 onward. The number of publications
in the ACM International Conference Proceeding Series has rapidly increased since 2016.
After COVID-19, when the internet was overflowing with data, there was an increase in
publishing across the board. In this way, an interdisciplinary study domain may have
emerged. Considering the substantial number of journals covering the research area, a
broader diversity of study issues and a multidisciplinary nature are implied. It can be seen
in Figure 10 that the number of publications in IEEE Access increased dramatically in 2021
with 13 papers; so far in 2022 (until July), there have been five papers published.

Figure 10. Dynamics of sources.



Electronics 2023, 12, 948 14 of 31

5.2.7. Most Relevant Affiliations

A citation is not only a way to link documents, but also a way to link ideas [43]. As a
result, citation analysis can be used to evaluate the sway of various factors on the research
stage, such as nations, universities, research institutes, or journals, as well as to track
changes in their performance over time. Figure 11 displays the institutions with the highest
citation rates for papers written by people affiliated with them. China was discovered to
dominate in terms of citations; Beijing University of Posts and Telecommunications earned
14 citations, while the University of Electronics Science and Technology of China received a
maximum of 18 citations. The top 10 associations for identifying fake news using artificial
intelligence are shown in the graph, ranked by the quantity of publications.

Figure 11. Relevant affiliations.

5.2.8. Countries or Regional Distributions

The dissemination of fake news is a global problem that has an impact on all facets
of society because it is not exclusive to just one area or nation. As a result, it has been the
focus of research from all around the world. Table 3 shows the frequency of publication by
country, and it can be concluded that three countries, India, the United States, and China,
dominate this field.

Table 3. Country’s Scientific Production.

Region Publication Frequency

India 398

USA 282

China 266

Pakistan 68

Bangladesh 62

South Korea 62

Italy 61

Spain 44

Brazil 35

Australia 34



Electronics 2023, 12, 948 15 of 31

Table 3. Cont.

Region Publication Frequency

Germany 32

Iran 32

Canada 31

Saudi Arabia 31

France 28

Malaysia 28

UK 28

Sri Lanka 23

Greece 19

Turkey 17

Czech Republic 16

Egypt 16

Indonesia 15

Jordan 15

Romania 15

Table 4 shows the total citations acquired by the country and the average article
citations received.

Table 4. Most cited countries.

Country TC Average Article Citations

India 559 10.35

USA 490 28.82

Italy 353 44.13

China 251 6.61

Korea 190 11.88

Spain 161 17.89

Brazil 153 51.00

Greece 81 16.20

Australia 79 19.75

Pakistan 58 6.44

Georgia 57 57.00

United Kingdom 39 13.00

Czech Republic 38 19.00

Germany 23 5.75

Switzerland 18 18.00

Colombia 14 7.00

Malaysia 14 4.67

Saudi Arabia 11 2.20

Norway 9 4.50

Egypt 7 1.75
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Table 4. Cont.

Country TC Average Article Citations

Iran 7 0.88

Canada 6 3.00

Belgium 5 2.50

Portugal 4 2.00

Thailand 4 2.00

5.2.9. Country’s Production over Time

Figure 12 shows that the detection of fake news has shifted significantly in India.
During the 2016 US presidential election campaign, various websites disseminated biased
or inaccurate information in an effort to profit from social media advertising. As a result,
the United States began to address this serious issue more rapidly after 2016. China placed
third in terms of production.

Figure 12. Country’s production over time.

5.2.10. Documents

Global citations, which can also be used to identify highly cited publications, were
utilized to calculate a document’s total number of citations from all the articles in the
database. The number of citations a document obtained from the papers in the collection
under review was calculated using local citations. The most frequently referenced papers,
according to Scopus, are shown in Figure 13. The top 10 locally cited articles garnered
24,299 citations, equating to the top 10 most important papers contributing to 12.84% of
total local citations.

5.2.11. Word Cloud

Word clouds, often referred to as tag clouds, wordles, or word collages, are graphic
representations of words having more frequent occurrences with more emphasis [63]. The
most popular words are highlighted in this style of visualization, which allows future
researchers to understand what is happening with the chosen topic. From an extracted
Scopus csv file utilizing the top 50 authors’ keywords and keywords plus, a wordcloud
was produced, as shown in Figure 14.
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Figure 13. Global citations.

Figure 14. Word cloud: (a) keywords plus; (b) authors’ keywords.

Authors’ keywords are words chosen to best reflect the substance of the document [63–66].
Table 5 shows the top ten keywords and keywords plus of Figure 13.

5.2.12. TreeMap

Indexers and search engines use keywords in articles to find relevant articles. The
manuscript becomes accessible to readers if database search engines can locate the authors’
keywords. This results in more people reading the manuscript and, as a result, more
citations. With the aid of these data, it is possible to spot research trends, knowledge gaps,
and potentially interesting areas for future study. A word TreeMap [33] displays the top 50
most frequently used keywords in the articles. The combination of prospective keywords,
deep learning, and fake news is depicted in the TreeMap in Figure 15. Deep learning was
the most popular keyword, while machine learning was the least popular. Social media
also played a significant role in fake news dissemination. Deep learning in data mining
and image classification for fake detection are two potential research areas.
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Table 5. Top 10 authors’ keywords and keywords plus.

Author’s Keyword Keyword Plus

Terms Frequency Terms Frequency

Deep learning 275 Deep learning 436

Fake news 128 Social networking (online) 171

Fake news detection 102 Fake detection 139

Machine learning 99 Social media 115

Natural language processing 68 Classification (of information) 103

Social media 57 Learning systems 103

Deep fake 25 Convolutional neural networks 80

LSTM 24 Long short-term memory 79

CNN 23 Deep neural networks 78

COVID-19 22 Fake news 72

Figure 15. TreeMap.

5.2.13. Trend Topics

Figure 16 depicts the authors’ keyword search trends between 2018 and 2022. Year q1,
year med, and year q3 represent the various time periods. A trending topic, say X, can be
represented as a line; a bubble in a given year indicates that at least one document on that
trending topic was published that year, while the bubble size is proportional to the number
of articles published on the topic that year. RNN appeared five times between 2018 and
2021, rumor detection appeared 14 times between 2019 and 2022, and fake news detection
appeared 102 times between 2020 and 2021.
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Figure 16. Trend topics.

6. Scientific Mapping

Scientific mapping is a process to examine the relationships among the abovemen-
tioned research constituents. The goal is to identify the intellectual interactions and struc-
tural connections that exist between and within research constituents. Citation analysis
is used in scientific mapping techniques [67] to determine the relationships among pub-
lications and to identify the most influential publication. Keywords are the basic and
short terms that define what the content is about. Scientific mapping based on text data
(keywords) including title and abstract, i.e., co-word analysis, is used to reveal the trends
in research. Co-authorship analysis is used to identify collaborations among authors.
Bibliographic coupling is useful to determine relationships among cited publications [68].

6.1. Conceptual Approach

To identify the most relevant and most recent topics, scholars often use conceptual
structures to comprehend topics sheltered by scholars (so-called research fronts) [69,70].
By using correspondence analysis (CA), multiple correspondence analysis (MCA) [60], or
metric multidimensional scaling (MDS), as well as clumping a bipartite network of terms
collected from keywords, titles, or abstracts, a conceptual structure can shed light on the
topology of a scientific area.

6.1.1. Network Approach

A bibliometric analysis reveals various network forms, primarily citation networks
(in which links denote bibliographic citations) and collaboration networks (in which links
denote article co-authorships). The networkPlot function visualizes a network built by
biblioNetwork using VOSviewer or R scripts. The role of bibliometric units such as scholars
and journals are explicitly looked at in order to capture important aspects of the underlying
research system.

6.1.2. Keyword Co-Occurrence Network

Keywords are the basic terms that define the content [34]. Using scientific mapping
based on text data (keywords), including the title and abstract, we can obtain a network
visualization map. In this network, a keyword is represented by a node, and the co-word
network is represented by edges between these nodes. If there is a link between two nodes
(keywords), it means that a correlation exists. Closer nodes indicate a higher correlation,
and vice versa. A larger node indicates a greater weight carried by that particular node. In
this analysis, five was selected as the minimum occurrence of a term; out of 1150 keywords,
55 meet this selected baseline. The 60% most relevant terms were considered the default
choice for selecting the most relevant keywords; using this criterion, a total of 55 keywords
or nodes (n) in this study of 569 articles were mapped into seven clusters, as shown in
Figure 17.
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Figure 17. Keyword co-occurrence network.

Cluster analysis of the built clusters in the network visualization map was also per-
formed to reveal research trends. All clusters were represented by different colors. Artificial
intelligence, computer vision, deep learning, deep fake detection, digital forensics, forgery
detection, generative adversarial networks, misinformation detection, security, transfer
learning, transformers, word embeddings, and deep learning came under the red cluster
(n = 14), which was dominated by deep learning. The green cluster (n = 11) was dominated
by the convolutional neutral network and its applications. BERT, BiLSTM, CNN, COVID-19,
neural network, rumor, sentiment analysis, social network analysis, and SVM were in the
blue cluster (n = 10), focusing on the spread of misinformation during COVID-19. Machine
learning, rumor detection, social media, and Twitter keywords fell under the golden cluster
(n = 7). The purple cluster (n = 6) contained long short-term memory (LSTM), neural net-
works, NLP, RNN, and word embedding keywords. The sky-blue cluster (n = 4) featured
classification, deep neural network, random forest, and support vector machine. Lastly, the
orange cluster (n = 3) contained disinformation, fake news, and misinformation keywords.

On the basis of examination of the co-occurring keywords in the title and abstract, the
following insights can be derived in future research:

• How do deep fakes operate, and how do they compromise authenticity?
• What roles do deep learning technology and face forensics play in detecting deep fakes?
• What databases are available for deep fake and misinformation or disinformation detection?
• Which characteristics help distinguish between genuine and fake?
• Can artificial intelligence threaten individual privacy?
• What roles do sentiments play in spreading misinformation?
• What are the trends in artificial intelligence that pose a threat to people’s privacy?
• In what ways does the ineffective use of AI deceive society?
• What is the relationship between deep fake technologies and misinformation?
• Can forgeries spread false information? What are the state-of-the-art countermeasures?
• In what ways does novel content trigger the spread of misinformation?
• Is it possible to generate deep fakes other than images using GANs?
• What role does CNN play in combating bogus news?
• What methods can GANs use to detect deep fakes created by GANs?
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6.1.3. Thematic Map

A thematic map is a two-dimensional plot that depicts the typological themes [60,61,71].
Keyword clusters are identified using co-word analysis, resulting in themes in the research
domain. On a two-dimensional network where centrality and density serve as the two
dimensions, these motifs can be divided into four quadrants. Each theme is represented
on the graph by a bubble in the map (Figure 18). Fake news identification, support vector
machines, and decision trees were the topics addressed most frequently, and they had the
largest density and centrality in the upper right quadrant of the diagram. Social media,
social networking (online), fake detection, and convolutional neural networks were basic
themes in the lower right quadrant, indicating important but underdeveloped areas. The
upper left quadrant represented niche themes, such as deep fake detection, digital contents,
digital forensics, computer vision, and human articles, which were well developed, but
weak and of marginal significance in terms of external ties. Computer crime was located on
the dividing line between the second and third quadrants. Despite its importance, network
security was underdeveloped, representing both emerging and declining ties.

Figure 18. Thematic map.

6.1.4. Factorial Analysis

Bibliometrix examines terms from article titles and abstracts in addition to keywords
Through the use of network analysis, correspondence analysis (CA), and multiple corre-
spondence analysis (MCA) [70–73]. CA and MCA depict the conceptual structure in a
two-dimensional layout (Figure 19).

Deep learning, social networking, fake detection, social media, information classif-
cation, learning system, recurrent neural network, convolutional neural network, deep
neural network, fake news, natural language processing system, feature extraction, learning
model, social media platform, state of the art, semantics, sentiment analysis, embedding,
machine learning, news, articles, transfer learning, and network architecture were all
covered by Cluster 1 (red). These keywords are associated with deep learning techniques
for natural language processing and the detection of fake news. Cluster 2 (blue) introduced
concepts such as support vector machine, decision tree, machine learning, and COVID-19.
These terms refer to machine learning techniques for detecting COVID-19-related news.
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Figure 19. Factorial analysis.

7. Intellectual Structure

By analyzing the interactions between writers and nations, the intellectual structure
enables developing deductions about how various authors influence the scientific commu-
nity. Collaboration of the research fraternity, as well as the affiliations of these groups with
various institutions, can be derived from an analysis of citations and co-citations.

7.1. Bibliographic Coupling with Countries

Co-citations and bibliographic coupling are the opposites of each other. Two publi-
cations are bibliographically coupled if there is a third publication that is cited by both
publications. In other words, “bibliographic coupling” refers to the practice of two studies
citing a third publication in their bibliographies. This refers to an overlap in the reference
lists of publications. A stronger bibliographic coupling between two publications indicates
that they share more references. The Create Map Wizard in VOSviewer allows creating a
bibliographic coupling map using documents, sources, authors, organizations, and coun-
tries [37]. Since the theme clusters in this situation are created by the citing publications,
canonical symbiosis can make specialized and current articles more noticeable (unlike
co-citation analysis). The analysis, thus, captures the current condition of the research area.

7.2. Document X Citations

The number of citations and document magnitude for each country were both set to 50;
only 28 of the 91 countries met these requirements. For each of the 28 countries, the overall
strength of the bibliographic coupling ties with other nations was determined (Table 6 and
Figure 20).

Table 6. Country connections in the literature.

Country Documents Citations Total Link Strength

India 143 941 14,705

China 76 719 10,676

United States 85 2044 10,080

Pakistan 22 206 4866

Italy 19 987 3601

Saudi Arabia 17 36 2732

Iran 12 13 2664

Australia 13 167 2533

Canada 16 123 2318

South Korea 22 211 2272
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Figure 20. Document X citations.

India had the most articles written, followed by the United States, China, Pakistan,
and South Korea. The United States, Italy, India, China, South Korea, and Pakistan received
the most citations. The cluster analysis revealed five groups of countries.

7.3. Co-Citation Analysis

Co-citation is the process of citing two documents frequently together in other papers.
These documents are said to be co-cited if at least one other document cites both of them [36].
A superior co-citation potency of two documents indicates a greater likelihood of them
being semantically related, thus receiving more co-citations. This allows us to highlight
subfields and emerging research fronts in the research field, as well as their connections
with other specialties. Co-citations of papers are used to conduct searches on related
documents. When collection administrators build core journal lists, select journals, and
evaluate collections, journal co-citation is crucial. The intellectual structure of a study
domain was analyzed using author co-citation analysis [74,75]. The unit of analysis for
co-citation analysis can be cited references, cited sources, or cited authors. Figure 21 depicts
the connections among sources in six clusters. In the VOSviewer visualization, each circle
represents a source [58]. More sources are considered to match the analysis criteria when
the circle is larger. In this instance, the required minimum of 20 citations for a source was
met by 78 of the 9902 sources. The total potency of the co-citation links with the other
78 sources was evaluated for each case. IEEE Access had 256 citations and 1880 total links,
followed by Expert Systems with Applications with 112 citations and 996 total links.

Figure 21. Co-citation sources.
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Co-Citation Author

Figure 22 depicts the relationships among three clusters of authors. A total of 158
out of the 20,369 authors had at least 50 citations, satisfying the criterion. For each of the
158 authors, the co-citation link strength was calculated.

Figure 22. Co-citation authors.

This visualization was created by VOSviewer, where each circle represents a different
author. A circle’s proximity is correlated with the strength of its linkage. In this analysis,
Liu H (the red cluster) was determined to be consist of the authors with the greatest impact
with 394 citations, followed by Li Y (the green cluster) with 225 citations, and Zeng L with
52 citations.

8. Social Structure

The social structure of the field of false news detection exposes the relationships among
authors, institutions, or nations [60].

8.1. Collaboration Network

Research collaboration has gained popularity over the past few decades [76]. Some
evidence for increased research collaboration can be found in the observed rise in co-
authorship. Researchers work together for a variety of reasons, such as the need to solve
challenging research problems, the desire to advance knowledge and productivity in
the area, the need to cut costs associated with their work, and the need for intellectual
stimulation [77,78]. As research methods and theories have become increasingly complex,
scholars have begun collaborating more frequently [79]. Research can be improved by
collaboration among scholars; for example, different perspectives can provide greater clarity
and deeper insight. Collaboration among authors can inevitably result in collaboration
among institutions and nations, as depicted in the figures below.

8.1.1. Author-Wise Collaboration

The most typical form of social organization is a co-authorship arrangement. Co-
authorship networks, in accordance with [27], enable the discovery of communities of
regular and significant writers, pertinent institutions in a specific study field, regional
collaboration, and more. The network of co-authorship relationships among the authors
of publications or those who have collaborated with them is shown in Figure 23. Author
clusters with strong co-authorship ties are color-coded.

The Biblioshiny app employs Walktrap as a clustering algorithm to generate the
abovementioned diagram. Each node represents a researcher, and clusters are formed
by grouping these nodes. Connecting lines between nodes and clusters indicate a co-
authorship relationship. Liu H, Chen H, Zhang H, Cui L, Li F, and Li J formed a cluster
(red) and collaborated with the authors of the blue cluster, Wang Y, Li X, Zhang Y, Du J, Gao
J, Ma F, and Wang H This blue cluster was connected to the orange cluster, which included
Liu X, Liu Y, and Zhang X.
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Figure 23. Network of co-authorship relationships among authors of publications.

8.1.2. Institute-Wise Collaboration

The word collaboration implies that a group of independent researchers are working
together to accomplish a common objective. Collaboration between institutions enables
researchers to interact with peers who are experts in a particular field of study, gain
access to necessary resources such as databases, staff, equipment, and study populations,
and gain credibility from the well-known names of eminent researchers, departments,
and institutions [32].

When addressing research questions, the practice of collaborating with teams from
various institutions can provide new perspectives. Collaboration between institutions
offers a way to grow one’s network of research contacts, which could eventually result in
additional collaboration. Figure 24 depicts the network of affiliations among institutes that
have co-authored articles. Author clusters with strong network connections are color-coded.
Clear collaborations could be observed among Comsats University Islamabad, King Saud
University, Northwestern Polytechnical University, and Shandong University of Finance
and Economics, as they were all included in the same cluster (red).

Figure 24. Co-authorship relationships among institutes.
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8.2. Collaboration World Map

International collaboration in academic research is becoming more common. Re-
searchers are contacting their peers all over the world, which is beneficial to their work,
whether it is to acquire specialized equipment, develop new ideas, or gain access to new
funding sources [80]. During the pandemic, scientists and researchers across borders and
disciplines came together in inspiring ways. In Figure 25, it can be seen how the world is
working together to combat fake news.

Figure 25. Worldwide collaboration.

This diagram was generated using Biblioshiny, an online application that offers a
Bibliometrix web interface. Mathematically, an edge in a network (or graph) refers to a
connection between two nodes (or vertices). In this instance, the country serves as the
node, and the cooperation between two countries serves as the edge. The minimum edge
frequency was set to two. Table 7 illustrates some of the collaborations. The US and China
had the most collaboration links (n = 13), followed by India and Australia (n = 3), and
China and Italy (n = 2).

Table 7. Collaboration frequency at the global level.

From To Frequency

Australia Indonesia 1

Bangladesh Australia 2

Bulgaria Qatar 2

Canada Netherlands 1

China Hong Kong 3

China Italy 2

China Japan 2

China United Kingdom 4

Czech Republic Iraq 1

Egypt Yemen 2

India Australia 3
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Table 7. Cont.

From To Frequency

India China 3

India Czech Republic 3

India Pakistan 2

India Romania 1

India Saudi Arabia 2

Pakistan United Kingdom 1

Saudi Arabia Egypt 3

Saudi Arabia France 1

Spain Poland 1

Turkey Nigeria 1

United Kingdom Japan 1

USA Brazil 1

USA China 13

USA Colombia 1

USA Germany 1

USA Israel 1

USA Korea 2

9. Conclusions and Future Directions

Fake news has a negative impact on politics, health, and the economy. A bibliometric
analysis was used in this paper to visualize studies on fake news detection using a deep
learning approach between 2012 and mid-2022. The Bibliometrix R-package and VOSviewer
were chosen as tools for this work due to their adaptability and user-friendliness. Other
bibliometric databases, such as Scopus, Web of Science, PubMed, and DBLP, are also
available; some are free, while others require a subscription. As real-time mapping was
provided; individuals often use Google Scholar for this purpose, but there is no way to
check for predatory journals on Google Scholar. A research article’s profile is also impacted
if it cites a phony journal. When a phony journal is cited in a research article, its reputation
suffers. The formal organization, excellent research sources, software compatibility, and
access to the Scopus database were considered in generating the dataset for this study.
The findings of this study demonstrate that the investigative industry is still young and
that it has made more contributions since the 2016 presidential campaign, when the term
“fake news” was first coined. In recent years, the proliferation of articles, particularly
on fake news, demonstrates that fake news detection has taken center stage in scholarly
attention. India has produced the most articles on this topic in the world. IEEE Access is the
most popular journal for researchers looking for high-quality papers, while the number of
publications in the ACM International Conference Proceeding Series has rapidly increased
since 2016. There was an increase in publishing across the board after COVID-19, when the
internet was overflowing with information. As a result, an interdisciplinary study domain
emerged. Deep learning, fake news detection, social media, natural language processing,
LSTM, and deep fake were prominent keywords. Furthermore, aspiring researchers can
identify new research opportunities by examining publication trends in terms of keywords,
authors, citations, sources, and countries, high-impact publications by highly regarded
authors, international collaboration, and thematic progression using bibliometric analysis.
Insight into future research questions can also be provided by using co-occurring keywords
in titles and abstracts, thus also benefiting future researchers.



Electronics 2023, 12, 948 28 of 31

Because this bibliometric study only considered Scopus, there is still room for im-
provement. Articles from the Science Citation Index may also be used in future research.
Another limitation of this study is that the results were limited to the keywords listed in
Section 4.2. To include more articles relevant to this subject in the study, the keyword search
could be expanded to include more keywords. Because this study was strictly correlational
and quantitative in nature, its conclusions may be strengthened by qualitative analysis of
articles via in-depth reading of the entire text for a more comprehensive understanding
of the research topic. To overcome the black-box nature of AI systems, several researchers
have become interested in using explainable artificial intelligence (XAI) to provide expla-
nations for predictions. Future research may look into and evaluate XAI’s role in deep
learning-based natural language processing.

Author Contributions: Conceptualization, P.D. and A.K.; methodology, P.D. and A.K.; software, A.K.
and C.I.; validation, P.D. and S.K.M.; formal analysis, P.D. and A.K.; investigation, C.I. and S.K.M.;
resources, A.K. and S.K.M.; data curation, C.I. and S.K.M.; writing—original draft preparation, P.D.;
writing—review and editing, P.D., A.K., C.I. and S.K.M.; visualization, P.D.; supervision, A.K.; project
administration, S.K.M. and C.I.; funding acquisition, C.I. All authors have read and agreed to the
published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

Acronyms

BERT Bidirectional encoder representations from transformers
CNN Convolutional neural network
DL Deep learning
EAN Entity-based attention network
LDA Latent Dirichlet allocation
LIME Local interpretable model-agnostic explanations
LSTM Long short-term memory
ML Machine learning
MLP Multilayer perceptron
NFB News embedding block
NLP Natural language processing
VGG Visual geometry group
XAI Explainable artificial intelligence
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