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ABSTRACT Integrating Artificial Intelligence (AI) with Blockchain Technology (BT) is deemed the
fourth generation of BT applications (Blockchain 4.0). This generation has gained considerable attention
from the research community. Such attention has led to a vast amount of scientific literature. However,
a comprehensive quantitative analysis of this literature is still missing. The present study conducts a
scientometric analysis to explore and characterize the development track and trends of BT-AI research.
Using the Web of Science (WoS) Core Collection database, a total of 2615 peer-reviewed journal articles
were identified between 2017-2023 and extracted for analysis, while employing VOSviewer and Biblioshiny
as software tools. First, the publication trend was analyzed, and the pivotal articles were identified. Second,
the scientific collaboration networks were analyzed and mapped to identify the key researchers, countries,
and organizations. Third, the sources’ productivity and citation were analyzed and mapped to identify the
dependable sources of information and the best-fit sources for publishing the BT-AI studies. Fourth, the
conceptual structure for the BT-AI literature was analyzed and visualized using keywords co-occurrence and
keywords thematic evolution to explore and identify the research hotspots and emerging themes. The findings
of this study can help in further familiarizing new researchers with BT-AI literature and assist practitioners,
policy-makers, and editors to focus on the promising and arising BT-AI trends for further development.

INDEX TERMS Artificial intelligence, bibliometrics, blockchains, data visualization, reviews.

I. INTRODUCTION
Blockchain Technology (BT) is a revolutionary technology
that Satoshi Nakamoto introduced in 2008 as a back-engine
for the Bitcoin network. BT utilizes digital distributed ledgers
for maintaining transactional data across a peer-to-peer net-
work without being governed by a central authority or
managed by an intermediary [1]. The inner processing of BT
networks relies on validating data using coded protocols and
consensus mechanisms that are powered by the networks’
peer nodes, then chronologically recording and securing such
data in a chain of blocks via cryptography [2]. According to
Chang et al. [3], Penzes et al. [4], the significant features of
BT can be summarized as follows:

• Decentralization: The records are duplicated over
the entire network’s nodes, which signifies their
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availability and reduces the single point failure, corrup-
tion, or attack.

• Immutability: The record blocks have unique hashes that
are linked together. As a result, the modification in a
record block needs to make changes in its hash and the
entire network’s blocks.

• Transparency: The records’ validation is performed by
almost all peer nodes without using trusted third parties,
which removes the hurdles to check the records every
time requested by nodes.

Blockchain networks can be categorized into permis-
sionless, permissioned, and consortium based on the
ability-to-participate and add-validate-read privileges. The
permissionless blockchain is also known as the public
blockchain in which any participant can join and download
the network protocol like Bitcoin and Ethereum. In such net-
works, the participant can add, validate or view transactions
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without restrictions regarding the write/read operations.
Permissionless blockchains depend heavily on consensus
mechanisms to ensure the reliability and consistency of trans-
actions and guarantee the accuracy and security of ledgers.
Most of permissionless blockchains have some challenges
regarding performance, scalability, privacy, power consump-
tion, dynamic data channels, and smart contracts support
[4], [5]. The permissioned blockchain is also known as the
private blockchain in which only predefined participants can
join and download the network protocol like Hyperledger
Fabric. In such networks, a pre-approved participant may
have full operator privileges to add, validate or view transac-
tions, writer privileges to only add and validate transactions,
or reader privileges to only view transactions. Such privileges
are pre-decided and settled in the initiation phase. How-
ever, permissioned blockchains may confront some concerns
regarding centralization. They offer higher performance,
lower block time and size, better scalability, higher data
privacy, and more efficient consensus mechanisms compared
to permissionless ones [5]. The consortium blockchain is a
partially permissioned blockchain that allows participants’
pre-definition and privileges without being owned by a sin-
gle organization. Such blockchain operates under a group’s
governance, while offering the permissioned blockchain’s
benefits, including performance, scalability, privacy, and
efficiency [6], [7].

Over the last decade, BT has been evolved through four
major generations; Blockchain 1.0, 2.0, 3.0, and 4.0 [8],
[9]. Blockchain 1.0 refers to the typical utilization of BT
for managing and circulating cryptocurrencies, like Bitcoin.
Blockchain 2.0 is related to the adoption of smart contracts
as general-purpose programmable infrastructures that allow
blockchain networks to automatically execute some logic
based on predefined conditions then exchange or transact the
generated computational outputs. Blockchain 3.0 denotes the
expansion of Blockchain 2.0 applications in other industries
or domains like healthcare, e-commerce, logistics, energy
trading, and e-voting. Blockchain 4.0 is associated with
integrating Artificial Intelligence (AI) technologies into BT
applications. Currently, converging AI with BT applica-
tions is under intensive research and development in diverse
domains such as healthcare records management [10], [11],
[12], [13], supply chain management [14], [15], [16], con-
struction project management [17], [18], [19], [20], and
Internet of Things (IoT) [21], [22], [23], [24], [25], which has
led to a mounting growth of literature. Such amount of scien-
tific literature is overwhelming and challenging for scholars
and practitioners to build an inclusive grasp of relevant infor-
mation. Accordingly, many researchers have provided recent
state-of-the-art studies on BT-AI with valuable contributions
[26], [27], [28], [29], [30]. Despite that, these studies have
followed a qualitative review approach which may be signifi-
cantly impacted by subjective biases or judgments concerning
the interpretation of findings based on researchers’ cognitive
limitations and values. Furthermore, they have not been able
to dynamically recap and quantitatively analyze the field’s

development based on a vast number of research records over
an extended time scale. In the light of these points, a study that
affords a comprehensive quantitative analysis for the BT-AI
literature is still missing. To seal this gap, the present study
conducts a scientometric analysis for the research domain of
BT-AI.

As a branch of information science, scientometric analy-
sis is a quantitative approach that encompasses bibliometric
methods and tools to explore and visualize the significant
patterns, emerging trends, knowledge structures, and their
evolution in research domains based on large bibliographic
datasets [31], [32]. Such analysis is performed at the level of
titles, keywords, abstracts, and/or citation records since these
items are considered an evident and concise characterization
for the researches’ content and direction [33], [34], [35]. The
study’s objectives are; (1) Analyzing the annual growth of
BT-AI publications and identifying the most impactful ones;
(2) Identifying the key contributors (researcher, countries,
and organizations) to the BT-AI research; (3) Identifying the
top sources (journals) of BT-AI researches; and (4) Identify-
ing the research hotspots and emerging themes. Accordingly,
this study can contribute to the field in diverse ways by; (1)
Helping practitioners and new researchers to secure a full
understanding of the field; (2) Supporting decision-makers
and institutions in planning and funding research efforts
related to the BT-AI field; and (3) Identifying the promising
research areas and detecting the gaps in the existing body of
knowledge.

The remainder of this paper is structured as follows.
Section II describes the research methodology in detail.
Section III is related to data acquisition and preparation.
Section IV describes the used methods and software tools.
Section V comprises the results and findings from the sci-
entometric analysis. Sections VI and VII provide thorough
discussion and conclusions.

II. RESEARCH METHODOLOGY
The research methodology is structured to comprise three
stages, as shown in Figure 1. The first stage is extracting the
bibliographic data from the WoS Core Collection database.
The second stage is specifying the analysis methods and
the software tools. The third stage is related to analysis
and findings and encloses four sub-stages: (1) analyzing the
publication output and identifying the influential articles;
(2) exploring the scientific collaboration networks in BT-AI
research; (3) analyzing the sources’ productivity and citation
in BT-AI field; and (4) exploring and analyzing the concep-
tual knowledge structure of BT-AI literature.

III. DATA COLLECTION
The data source in this study was decided to be the WoS
Core Collection database only rather than employing other
databases, such as Scopus or Google Scholar. The ratio-
nale of this decision is illustrated as follows. First, the WoS
database ensures the completeness, consistency, and relia-
bility of research records concerning authors (full names),
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FIGURE 1. Research methodology map.

organizations (unified enhanced names), countries, and cited
references. Second, WoS provides the option to perform an
advanced search based on a string format, while permit-
ting users to refine, edit and combine different search sets
and develop detailed statistical reports about the research
records. Third, using a single data source helps avoid dupli-
cations that would occur when using a combination of
different literature databases. The main search terms were
selected to be ‘‘blockchain’’, ‘‘block chain’’, ‘‘block-chain’’,
‘‘blockchains’’, ‘‘block chains’’, ‘‘block-chains’’, ‘‘hyper-
ledger fabric’’, and ‘‘ethereum’’. These terms, along with
terms ‘‘artificial intelligence’’, ‘‘machine learning’’, ‘‘deep
learning’’, ‘‘reinforcement learning’’, ‘‘computer vision’’,
‘‘image processing’’, ‘‘neural network’’, ‘‘expert system’’,
‘‘fuzzy logic’’, ‘‘robotics’’, and ‘‘natural language process-
ing’’ were used to direct the literature search towards the
BT-AI related publications, while utilizing the following
query string format:
TS = (“blockchain”) OR TS = (“block chain”) OR

TS = (“block-chain”) OR TS = (“blockchains”) OR TS

= (“block chains”) OR TS = (“block-chains”) OR TS

= (“hyperledger fabric”) OR TS = (“ethereum”))

AND
(TS = (“artificial intelligence”) OR TS =

(“machine learning”) OR TS = (“Deep Learning”)
OR TS = (“reinforcement learning”) OR TS =
(“computer vision”)ORTS=(“image processing”)
OR TS = (“neural network”) OR TS = (“expert
system”) OR TS = (“fuzzy logic”) OR TS

= (“robotics”) OR TS = (“natural language

processing”))

LANGUAGE: (English)
DOCUMENT TYPES: (Article)

Timespan = 2017-2023
The literature search was conducted on the title, abstract,

author keywords, and keywords-plus sections of publications
using the terms mentioned above. The ‘‘date range’’ was set
between 2017 and 2023. The ‘‘document type’’ was restricted
to ‘‘article’’. The rationale for selecting peer-reviewed jour-
nal articles only is clarified‘ as follows. First, for science
mapping purposes, this type of publication represents the
most important reputable research work. Second, including
all publication types like ‘‘review’’, ‘‘book’’, ‘‘book chapter’’,
‘‘book review’’, ‘‘proceedings paper’’, and ‘‘letter’’ would
add noise to the bibliographic data and make the analyses’
findingsmisleading. The ‘‘publication language’’ was limited
to English only. Accordingly, in July 14th, 2023, 2615 pub-
lications were identified. All bibliographic data for these
publications, including (full record and cited references),
were exported and downloaded as a plain text file to form
the dataset for conducting the scientometric analysis and
visualization.

IV. BIBLIOMETRIC METHODS
In line with the aforementioned objectives, the bibliometric
methods involved in this study are co-authorship analysis,
citation analysis, keywords co-occurrence analysis, and key-
words thematic evolution.
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• Co-authorship analysis is a quantitative method that
detects the collaboration patterns between researchers,
organizations, or countries based on the number of their
co-authored publications [36], [37].

• Citation analysis is a quantitative method that measures
the relatedness between documents, researchers, orga-
nizations, countries, or sources based on the number of
times they cite each other [36], [37].

• Keywords co-occurrence analysis is a quantitative
method that measures the interconnection between key-
words based on the number of publications in which they
appear together [31], [36], [38].

• Keywords thematic evolution is a method that
dynamically analyzes and explores the keywords’
developmental tendency over multiple successive
time-slices [39], [40].

Several scientometric tools exist with diverse strengths and
capabilities. This study uses two scientometric software
VOSviewer and Biblioshiny to analyze and visualize the
extracted 2615 publications. VOSviewer is a software tool
that uses the VOS mapping technique to produce and visu-
alize bibliometric networks in an easy-to-understand way,
while being able to handle large-scale data [41]. In this study,
VOSviewer is used to map and visualize the scientific col-
laboration between researchers, countries, and organizations
using the co-authorship analysis function. Moreover, it is
used to identify the top sources in the BT-AI field using the
citation analysis function and to explore andmap the relations
between publications’ keywords using the co-occurrence
analysis function. Biblioshiny is a web interface that performs
science mapping analysis based on the main functions of
the bibliometrix R-package that was introduced by Aria and
Cuccurullo [39]. In this study, Biblioshiny is used to map
and visualize the research themes’ temporal evolution and
distribution based on the author-keywords using the thematic
evolution function.

V. ANALYSIS AND FINDINGS
A. PUBLICATION TREND AND INFLUENTIAL ARTICLES
1) ANALYSIS OF PUBLICATION OUTPUTS
The number of annual publications is a remarkable indicator
that reflects the scientific research trends, knowledge accu-
mulation, andmaturity [37], [42]. Figure 2 depicts the number
of BT-AI research articles published between 2017 and
2023 in chronological order. The number of articles published
between Jan 2017 – Dec 2018 was 41 articles. However, after
2018, the number of articles experienced rapid growth with
126 articles in 2019, 311 articles in 2020, 579 articles in 2021,
995 articles in 2022, and 563 articles till July 14th, 2023 while
it is estimated to reach 1043 articles by the end of 2023. This
growth reveals that BT-AI research becomes more prevalent
and interdisciplinary as time passes. Moreover, it refers to
the BT-AI field as a promising area for further study and
exploration.

FIGURE 2. Publications growth over time.

2) INFLUENTIAL ARTICLES
Identifying the most impactful publications is beneficial for
determining the high-demand scientific areas in a certain field
[38], [43]. Accordingly, the most impactful publications were
identified based on three major indices; citations score (CS),
local citations score (LCS), and document average citations
per year (DACY). CS is a reliable measure to capture the
overall scientific value and influence for a publication, while
LCS between the extracted bibliographic data is a direct
measure for the publications’ deep influence in a certain
field and the knowledge evolution over related publications.
However, such scores take time probably years to accumulate
[44]. Therefore, theDACYwas calculated and used in tandem
with CS and LCS to tackle the publishing year effect. Based
on these indices, the top 20 publications with the highest
CS, the top 20 publications with the highest DACY, and the
top 20 publications with the highest LCS are tabulated in
Table 1. Interestingly, 18 out of the 20 most cited publications
were published between 2019 and 2020, while 16 out of the
20 most local cited publications were also published between
2018 and 2020. In contrast, 13 out of the top 20 publications
concerning the DACY were published between 2019 and
2020. Such finding is consistent with what was previously
stated about being CS and LCS not able to entirely capture
the scientific value or influence of publications.

B. SCIENTIFIC COLLABORATION NETWORKS IN BT-AI
RESEARCH: CO-AUTHORSHIP ANALYSIS
Exploring the scientific collaboration patterns for a specific
research domain can facilitate access to expertise and funds
and widen the knowledge extent. According to [37] and [45],
such patterns can be reliably recognized and tracked through
analyzing and visualizing the co-authorship networks. In this
light, an analysis for the co-authorship networks in terms of
researchers, countries, and organizations is provided in the
next sub-sections.
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TABLE 1. Influential BT-AI publications.

VOLUME 11, 2023 137915



K. Adel et al.: Blockchain and Artificial Intelligence: Scientometric Analysis and Visualization

1) RESEARCHERS
Researchers are the knowledge producers. Hence, a detailed
analysis for the researchers’ productivity, citation, and
co-authorship can easily identify the pioneer ones and explore
their social cooperation patterns. This is beneficial for junior
researchers to find opportunities for future collaborations
and enlarge their research networks [38], [44]. Based on
the 2615 publications in which 8466 different researchers
were credited, the co-authorship was mapped in Figure 3
using VOSviewer. For network processing, the thresholds
for the number of documents per author (NP), number of
citations per author (CS), and total link strength (TLS) were
set at 5, 50, and 1, respectively, to clearly identify the
prominent researchers (n = 126). In Figure 3, each node
refers to a specific researcher, while the lines between nodes
refer to the collaboration relations between researchers, and
their thickness reflects the researchers’ collaboration strength
in terms of mutual documents. The nodes’ size variation
and coloring scheme in Figure 3a refer to the researchers’
number of publications and the count of their collaboration
relations, respectively. In contrast, the nodes’ size variation
and coloring scheme in Figure 3b reflect the researchers’
citations score and their average citation per document,
respectively. Table 2 lists the pioneer researchers of BT-AI
domain in terms of NP, collaboration links (CL), CS, and
average citations per document (ACD). Through Figure 3
and Table 2, a number of interesting observations can be
deduced.

Regarding the document productivity, Sudeep Tanwar was
the top productive researcher with 46 documents. Sudeep
Tanwar research interests were related to BT-AI applications
in privacy protection [46], [47], supply-chain management
[48], Healthcare [49], [50], [51], unmanned ariel vehicles
[52], [53], [54], and cryptocurrency price prediction [55],
[56], [57].

Regarding the collaboration intensity, Dusit Niyato was
the top collaborated researcher with 25 collaboration links.
Dusit Niyato research interests were related to BT-AI applica-
tions in federated learning [58], [59], [60], [61], [62], Digital
twin [63], resource management/sharing [64], [65], [66], and
Metaverse [67], [68], [69].

Concerning the strength of collaboration, the strongest
collaborations were among Rajesh Gupta-Sudeep Tanwar
(25 Mutual Documents), Yung-Cheol Byun-Zeinab Shah-
bazi (13 Mutual Documents), Neeraj Kumar-Sudeep Tanwar
(13 Mutual Documents), Randhir Kumar-Rakesh Tripathi
(13 Mutual Documents), Govind P. Gupta-Prabhat Kumar
(12 Mutual Documents), Govind P. Gupta-Rakesh Tripathi
(12 Mutual Documents), Prabhat Kumar-Randhir Kumar (12
Mutual Documents), Prabhat Kumar-Rakesh Tripathi (12
Mutual Documents), Pronaya Bhattacharya-Sudeep Tanwar
(11 Mutual Documents), Govind P. Gupta-Randhir Kumar
(11 Mutual Documents), Jianhua Li-Jun Wu (11 Mutual
Documents), and Dinh C. Nguyen-Pubudu N. Pathirana (10
Mutual Documents). This type of intense collaborations (≥
10 mutual documents) was very limited and represents less

TABLE 2. Top BT-AI researchers.

than 5% of the total collaborations (363 relations) shown in
Figure 3.

Regarding the citation/influence and the average citations
per document, Yan Zhang was the most influential/cited
researcher with 1459 citations, while SabitaMaharjan had the
most average citation score with 140 citations per document.
Both researchers co-authored a lot and their research interests
were directed towards BT-AI applications for industrial IoT
[70], [71], 5G and beyond [72], [73], internet of vehicles [74],
digital twin [75], [76], [77], and vehicular edge computing
and networks [78].

2) COUNTRIES
Investigating the countries’ scientific collaboration helps
in exploring the geographical distribution of publications
and identifying the influential countries in the BT-AI field
[31], [35]. Using VOSviewer, the co-authorship network for
countries was created, as shown in Figure 4. For network
processing, the thresholds for NP, CS, and TLS were set at 5,
50, and 1, respectively. As a result, out of 109 countries,
only 64 met the thresholds and were included for analysis.
In Figure 4, each country is represented by a definite node,
while the lines between nodes refer to the collaboration
relations between countries, and their thickness reflects the
countries’ collaboration strength in terms of mutual docu-
ments. In contrast, the nodes’ size variation and coloring
scheme in Figure 4a and 4b were set as per Figure 3a
and 3b, respectively. Table 3 encloses the leading coun-
tries in BT-AI research with respect to NP, CL, CS, and
ACD. Based on Figure 4 and Table 3, several important
findings were noted. In contrary to the researchers’ network
in Figure 3, the countries’ network is more homogenous
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FIGURE 3. Co-authorship network for researchers.

and fully interconnected [33]. China, in tandem with USA
and India, stand out as the superior countries in the BT-AI
research with respect to the number of publications, the extent
of collaboration, and the total citations score. This implies
the dominant role of these three countries in enriching and
moderating the BT-AI research globally.

Concerning the strength of collaboration, the strongest
collaborations were among China-USA (113 mutual doc-
uments), China-Canada (83 mutual documents), India-
Saudi Arabia (81 mutual documents), China-Australia
(47 mutual documents), China-England (47 mutual docu-
ments), India-USA (46 mutual documents), Saudi Arabia-
Pakistan (45 mutual documents), India-Taiwan (44 mutual
documents), China-Japan (40 mutual documents), China-
Saudi Arabia (39mutual documents), China-India (37mutual
documents), USA-South Korea (37 mutual documents),
China-Singapore (33 mutual documents), USA-Australia
(31 mutual documents), Saudi Arabia-Egypt (31 mutual
documents), China-South Korea (30 mutual documents),
USA-Canada (28 mutual documents), India-South Korea (28
mutual documents), India-Australia (26 mutual documents),
Saudi Arabia-Canada (26 mutual documents), Saudi Arabia-
England (26 mutual documents), South Korea-Pakistan
(25 mutual documents), Saudi Arabia-Taiwan (25 mutual
documents), India-England (23 mutual documents), USA-
Saudi Arabia (23 mutual documents), Canada-Taiwan (22
mutual documents), Saudi Arabia-South Korea (22 mutual
documents), India-Canada (21mutual documents), and USA-
England (21 mutual documents). This highlights that the
organizations in such eminent countries followed analogous
policies on boosting the intellectual collaboration with each

other to further improve global knowledge exchange in the
BT-AI research. Moreover, this type of intense collabora-
tions (more than 20 mutual documents) was very limited
and mainly existed among a few developed countries, while
representing less than 5%of the total collaborations (810 rela-
tions) shown in Figure 4. This may indicate the need for extra
cross-country publications to promote more international col-
laboration in the BT-AI research. Concerning the average
citations per document, Denmark, New Zealand, Scotland,
Wales, and Sweden had the highest ACD score (≥40), which
reflects the robust impact of their publications on the BT-AI
research community.

3) ORGANIZATIONS
Exploring and analyzing the collaboration, productivity of
organizations that have high interest and investment in the
BT-AI research can assist in supporting potential academic
partnerships, fund allocation, and policy-making [37], [79].
Using VOSviewer, the co-authorship network for organiza-
tions was created, as shown in Figure 5. The network was
visualized based on the same configurations for processing
the countries’ network concerning the selection thresholds,
nodes’ size variation, and coloring schemes. As a result, out
of 3221 organizations, only 226 were identified and included
for analysis. Table 4 lists the leading organizations with
respect to NP, CL, CS, and ACD.

As shown in Figure 5 and Table 4, King Saud Uni-
versity (66 documents, 1304 citations) and University of
Electronic Science and Technology of China (40 documents,
2097 citations) were the top contributors in terms of docu-
ment productivity and total citations score. For the extent of
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TABLE 3. Top contributing countries in BT-AI field.

collaboration, King Saud University in tandemwith Nanyang
Technological University and Xidian University had the
widest collaboration network with 43 collaboration relations.
Concerning the strength of collaboration, Brandon University
and China Medical University built the deepest collabora-
tive relation with 21 mutual documents as evinced by the
wideness of their connecting line. Nevertheless, the intensity
of deep organizational collaborations (more than 5 mutual
documents) was very limited and generally represented less
than 5% of the total collaborations (1303 relations) shown
in Figure 5. This indicates, to some extent, the need for
building more multi-organization consortiums to foster the
scientific collaboration and knowledge evolution in BT-AI
research. Regarding the ACD values, Simula Metropolitan
Center for Digital Engineering in Norway had the highest
ACD score (131), which indicates the high scientific impact
of its publications.

Further, it is worth mentioning that among the leading
organizations in Table 5, there are three organizations located
in Chinawhich it refers to its outstanding endeavors in enrich-
ing the BT-AI research and is consistent with the finding
in previous section about being China the top-ranked con-
tributor in terms of total citations score and total number of
publications.

C. TOP SOURCES FOR RESEARCH ON BT-AI: DIRECT
CITATION ANALYSIS
The productivity and citation analysis for sources is an effec-
tive method to explore and identify the pioneer ones in the
BT-AI field [44]. Such analysis could be beneficial for edi-
torial boards to adjust and refine the scope of their sources,
for readers to find the dependable sources of information, and
for authors to specify the best-fit sources for publishing their
studies. In this study, the direct citation network of sources
was generated using VOSviewer, as shown in Figure 6. For
network processing, the thresholds for NP, CS, and TLS
were set at 5, 50, and 1, respectively. As a result, out of
753 sources, only 78 met the thresholds and were included
for analysis. In Figure 6, each source is represented by a
specific node, while the lines between nodes refer to the
local citation relations between sources, and their thickness
reflects the sources’ local citation intensity. In contrast, the

nodes’ size variation and coloring scheme in Figure 6a and
6b were also set as per Figure 3a and 3b, respectively. Table 5
lists the pioneer sources of BT-AI domain in terms of NP,
CS, and ACD. Using Figure 6 and Table 5, some important
findings can be disclosed. Regarding the source productivity,
IEEE Access was the most productive source for research
on BT-AI with 180 documents (accounting for 6.88%) and
was followed by IEEE Internet of Things Journal, Sensors,
Electronics, and Sustainability in descending order. These
sources only constitute around 19% of the total published
documents. Concerning the total citations score, IEEEAccess
was also the most cited source with 3944 citations and
was succeeded by IEEE Internet of Things Journal, IEEE
Transactions on Industrial Informatics, IEEE Communica-
tions Surveys and Tutorials, and IEEE Network, respectively.
These sources only constitute around 32% (12492/ 38910)
of the overall citations for the 2615 published documents.
In contrast, International Journal of Information Manage-
ment, IEEE Open Journal of the Communications Society,
Journal of Industrial Information Integration, IEEE Com-
munications Surveys and Tutorials, and IEEE Transactions
on Industrial Informatics were the sources with the highest
ACD values. With respect to the sources’ local citation lines,
Darko et al. [31] stated that the number of local citation lines
for top productive and cited sources could act as a straight-
forward indicator for the bi-directional flow of information
between sources. Hence, there was significant information
flow (through local citations) IEEE Access, IEEE Internet
of Things Journal, Sensors, Electronics, Sustainability, IEEE
Transactions on Industrial Informatics, IEEE Network, IEEE
Communications Surveys and Tutorials, International Journal
of InformationManagement, IEEEOpen Journal of the Com-
munications Society, and Journal of Industrial Information
Integration to the remaining 67 sources in the network by
more than 400 flows of local citations.

D. STRUCTURES OF THE BODY OF KNOWLEDGE ON BT-AI
Author-Keywords are the terms that refer to the topic and
focal concept of publications. Therefore, analyzing keywords
affords a great potential for characterizing the prime interests
in a given research field [37], [38], [79]. In this study, the key-
words were analyzed based on their co-occurrence frequency
and their thematic evolution over time.

1) KEYWORDS CO-OCCURRENCE NETWORK
The keywords co-occurrence network is able to character-
ize and explicate the conceptual structure for a particular
research domain while shedding light on its major topics and
how these topics are cognitively associated and organized
[32], [80]. Using VOSviewer, the co-occurrence network was
created, as shown in Figure 7. For network processing, the
thresholds of keyword frequency and TLS were set at 10, and
1 respectively. At the same time, a thesaurus file was also
used to merge identical terms in the network, for instance,
‘big-data’ to ‘big data’, ‘iot’ to ‘internet of things’, ‘iiot’ to
‘industrial internet of things’ and block-chain to ‘blockchain’.
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FIGURE 4. Co-authorship network for countries.

Accordingly, 174 out of 5528 keywords were identified and
included in the network. In Figure 7, each keyword is repre-
sented by a node, while the lines between nodes refer to the
co-occurrence relations between keywords, and their thick-
ness reflects the keywords’ co-occurrence strength in terms of
mutual documents. In contrast, the nodes’ size variation and
coloring scheme in Figure 7 refer to the keywords’ frequency
and the count of their co-occurrence relations, respectively.
Table 6 shows the top keywords in BT-AI research that were
extensively investigated in the extracted bibliographic data in
terms of frequency and co-occurrence relations. The ranking
and the relatedness of the keywords – as shown in Table 6
and Figure 7, respectively – disclose some important findings.
With excluding the search terms, the keywords ‘internet of
things’, ‘security’, ‘smart contracts’, ‘federated learning’,
‘privacy’, ‘edge computing’, ‘digital currencies’, ‘servers’,
‘industry 4.0’, ‘cloud computing’, ‘data models’, ‘big data’,
‘covid-19’, ‘task analysis’, ‘computational modeling’, ‘train-
ing, data privacy’, and ‘5g’ were at the forefront of the top
keywords that received immense attention from the BT-AI
research community over the last seven years. Accordingly,
these keywords were further analyzed using the three-field-
plot function in Biblioshiny to deeply detect and visualize
their relations with the top 10 productive authors and sources
as depicted in Figure 8 and summarized as follows:

• The keyword ‘internet of things’ was targeted and
explored by all of the top authors and 5 of the top sources
while it was intensively co-occurred with ‘blockchain’
in 340 documents, ‘artificial intelligence’ in 138 docu-
ments, ‘security’ in 87 documents, ‘machine learning’
in 84 documents, and ‘deep learning’ in 56 documents.

• The keyword ‘security’ was targeted and explored by
all of the top authors and 4 of the top sources while
it was intensively co-occurred with ‘blockchain’ in
216 documents, ‘privacy’ in 83 documents, ‘artificial
intelligence’ in 56 documents, ‘machine learning’ in
49 documents, and ‘deep learning’ in 42 documents.

• The keyword ‘smart contracts’ was targeted and
explored by all of the top authors and 4 of the
top sources while it was intensively co-occurred with
‘blockchain’ in 180 documents, ‘machine learning’ in
40 documents, ‘artificial intelligence’ in 32 documents,
‘internet of things’ in 30 documents, and ‘security’ in
26 documents.

• The keyword ‘federated learning’ was targeted and
explored by 9 of the top authors and 4 of the top sources
while it was intensively co-occurred with ‘blockchain’
in 147 documents, ‘data models’ in 49 documents, both
of ‘internet of things’ and ‘training’ in 41 documents,
and ‘security’ in 39 documents.

• The keyword ‘privacy’ was targeted and explored by
9 of the top authors and 4 of the top sources while it was
intensively co-occurred with ‘blockchain’ in 92 docu-
ments, ‘federated learning’ in 35, ‘internet of things’ in
31 documents, and both of ‘artificial intelligence’ and
‘machine learning’ in 29 documents.

• The keyword ‘edge computing’ was targeted and
explored by none of the top authors and 4 of the
top sources while it was intensively co-occurred with
‘blockchain’ in 89 documents, ‘internet of things’ in
53 documents, ‘cloud computing’ in 25 documents,
‘artificial intelligence’ in 22 documents and both of
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FIGURE 5. Co-authorship network for organizations.

‘federated learning’, ‘machine learning’ and ‘servers’ in
20 documents.

• The keyword ‘digital currencies’ was targeted and
explored by only none of the top authors and 4 of the
top sources while it was intensively co-occurred with
‘blockchain’ in 49 documents, ‘bitcoin’ in 33 docu-
ments, ‘machine learning’ in 24 documents, ‘artificial
intelligence’ in 18 documents, and ‘ethereum’ in 16 doc-
uments.

• The keyword ‘servers’ was targeted and explored by
none of the top authors and 2 of the top sources while it
was intensively co-occurredwith ‘blockchain’ in 74 doc-
uments, both of ‘federated learning’ and ‘training’ in
36 documents, ‘data models in 33 documents, and ‘secu-
rity’ in 32 documents.

• The keyword ‘industry 4.0’ was targeted by none of
the top authors and 4 of the top sources while it was
intensively co-occurred with ‘blockchain’ in 45 docu-
ments, ‘artificial intelligence’ in 32 documents, ‘internet
of things’ in 28 documents, ‘digitalization’ in 12 docu-
ments, and ‘big data’ in 10 documents.

• The keyword ‘cloud computing’ was targeted and
explored by none of the top authors and 5 of the
top sources while it was intensively co-occurred with
‘blockchain’ in 67 documents, ‘internet of things’ in
44 documents, ‘artificial intelligence’ in 29 documents,
both of ‘security’ and ‘machine learning’ in 24 docu-
ments, and ‘servers’ in 19 documents.

• The keyword ‘data models’ was targeted and explored
by none of the top authors and 2 of the top sources
while it was intensively co-occurred with ‘blockchain’
in 72 documents, ‘training’ in 42 documents, ‘compu-
tational modeling’ in 35 documents, both of ‘machine

learning’, ‘security’, and ‘collaborative work’ in 24 doc-
uments.

• The keyword ‘big data’ was targeted and explored
by none of the top authors and 5 of the top sources
while it was intensively co-occurredwith ‘blockchain’ in
58 documents, ‘artificial intelligence’ in 48 documents,
‘internet of things’ in 39 documents, ‘machine learning’
in 17 documents, and ‘digitalization’ in 10 documents.

• The keyword ‘covid-19’ was targeted and explored
by none of the top authors and 5 of the top sources
while it was intensively co-occurredwith ‘blockchain’ in
37 documents, ‘artificial intelligence’ in 24 documents,
‘internet of things’ in 20 documents, ‘machine learning’
in 15 documents, and ‘deep learning’ in 14 documents.

• The keyword ‘task analysis’ was targeted and explored
by none of the top authors and 2 of the top sources
while it was intensively co-occurred with ‘blockchain’
in 66 documents, ‘servers’ in 30 documents, ‘rein-
forcement learning’ in 29 documents, ‘computational
modeling’ in 22 documents, and ‘datamodels’ in 20 doc-
uments.

2) THEMATIC DISTRIBUTION AND EVOLUTION
Even though Figures 7-8 and Table 6 provided important
findings regarding the overall up-to-date state of keywords,
they were not able to reflect or illustrate their evolution and
distribution over time. This may not be contributory for eval-
uating and capturing the temporal development and relevance
of research trends. For this regard, the thematic evolution
function in Biblioshiny was used. The thematic evolution
function allows analyzing and mapping the keywords’ evo-
lution over multiple successive time slice maps, as shown in
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TABLE 4. Top contributing organizations in BT-AI field.

TABLE 5. Top sources in BT-AI field.

Figure 9. For each time slice map, the involved keywords
are clustered into different thematic areas or themes based
on their co-occurrence relations while each thematic area is
being 2D-visualized with specific label and size and being
positioned based on its Callon centrality (X-axis) and Callon
density (Y-axis) [81], [82]. The label refers to the most fre-
quent keyword in the theme, while the size (circle diameter)
is proportional to the total frequencies of all keywords in
the theme. In contrast, Callon Centrality is a measure for
the theme or thematic area’s importance or relevance in the
research field, while Callon Density is a measure for the
thematic area’s development status [40], [83]. Accordingly,
the themes are classified into four different typologies as
follows:

• Themes in the upper-right quadrant (motor themes) are
recognized by high density and high centrality, which
means that these themes are well-developed and impor-
tant for the research field;

• Themes in the lower-right quadrant (basic themes) are
recognized by low density and high centrality, which
means that these themes are important for the research
field and concern general topics that are related to dif-
ferent research areas in the field;

• Themes in the upper-left quadrant (niche themes) are
recognized by high density and low centrality, which
means that these themes are well-developed with limited
importance for the research field.

• Themes in the lower-left quadrant (emerging or declin-
ing themes) are recognized by low centrality and low
density, whichmeans that these themes are either emerg-
ing or being marginal and weakly developed.

To highlight the main BT-AI research themes over time,
it was decided to divide the temporal interval of extracted
data into four time-slices. The full details for each time-slice
including different themes and related keywords are provided
in supplemental material.

• In the first time-slice (2017:2018) (Figure 9a), there
were 41 published documents. The research front of
these documents enclosed only two thematic areas
as basic themes (agents/multi-agent systems and
anomaly detection), one thematic area as motor theme
(blockchain), and four thematic areas as declining or
emerging themes (robotics, digitalization, digital curren-
cies, and foresight).

• In the second time-slice (2019:2020) (Figure 9b),
there were 437 published documents. Their research
front enclosed three thematic areas as basic themes
(blockchain, artificial intelligence, and digital curren-
cies), two thematic areas as motor themes (reinforce-
ment learning and security), one thematic areas as
declining or emerging themes (financial technologies
and artificial neural networks), and three thematic areas
as niche themes (digitalization, sustainability, and dis-
tributed ledger technology).

• In the second time-slice (2021:2022) (Figure 9c), there
were 1574 published documents. Their research front
enclosed one thematic area as basic theme (artifi-
cial intelligence), two thematic areas as motor themes
(blockchain and security), two thematic areas as declin-
ing or emerging themes (digitalization and artificial
neural networks), and one thematic area as niche theme
(digital currencies).

• In the second time-slice (2023) (Figure 9d), there were
563 published documents. Their research front enclosed
two thematic areas as basic themes (artificial intelli-
gence and machine learning), three thematic areas as
motor themes (blockchain, reinforcement learning, fed-
erated learning), three thematic areas as declining or
emerging themes (digital currencies, digital twin, and
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FIGURE 6. Citation network for sources.

industry 4.0), and two thematic areas as niche themes
(bibliometric analysis and digitalization).

After analyzing each time-slice separately, the temporal evo-
lution for associated BT-AI themes was traced. In Figure 10,
a so-called Sankey diagram is utilized to present how the
themes were linked and developed through the sequential
time-slices. The different themes shown in Figure 10 were
scaled using the inclusion index [84], while considering
the keywords’ frequencies for each theme per time-slice.
BT-AI research was originally established in 2017-2018 by
researchers interested in blockchain technology in tandem
with digital currencies, digitalization and anomaly detection
whereas in 2019-2020, the attention was more focused on
blockchain technology, digital currencies, and digitalization
besides artificial intelligence, reinforcement learning, arti-
ficial neural networks, distributed ledger technology, and
security. Later in 2021-2022, blockchain technology, digi-
talization, digital currencies, security, artificial intelligence,
and artificial neural networks kept occupying the researchers’
focus. In contrast, in 2023, blockchain technology, digitaliza-
tion, digital currencies, artificial intelligence kept occupying
the researchers’ focus while new themes surfaced; machine
learning as a basic theme, federated learning as a motor
theme, reinforcement learning as a motor theme, and industry
4.0 as an emerging theme. Accordingly, the 2023 themes can
be collectively referenced as the recent or promising research
trends for further development and exploration. These themes
were deeply illustrated as follows:

• Thematic area #1 was labeled as machine learning while
it refers to the BT-AI applications coupled with deep
learning, smart contracts, artificial neural networks,
cybersecurity, and long short term memory.

• Thematic area #2 were related to digital currencies
prices prediction especially for bitcoin and ethereum
using time series analysis.

• Thematic area #3 was labeled as federated learning
while it refers to the BT-AI applications coupled with
privacy, servers, data models, training, privacy preserva-
tion, cloud computing, computational modeling, internet
of medical things, healthcare, and medical services.

• Thematic area #4 was labeled as artificial intelligence
while it refers to the BT-AI applications coupled with
covid-19, big data, and supply chain management.

• Thematic area #5 was labeled as blockchain while it
refers to the BT-AI applications coupled with internet of
things, security, edge computing, convolutional neural
networks, peer-to-peer computing, 5g, task analysis, 6g,
privacy protection, smart healthcare, consensus algo-
rithms, interplanetary file system, intrusion detection
system, scalability, and software-defined networking.

• Thematic area #6 was labeled as reinforcement learning
while it refers to the BT-AI applications coupled with
industrial internet of things, mobile edge computing,
resource management, internet of vehicles, optimiza-
tion, and drones.

• Thematic area #7 and thematic area #8 were related
to industry 4, digitalization, digital technologies, and
sustainability applications.

VI. DISCUSSION
A. KEY FINDINGS
This study provides a scientometric analysis to explore
and visualize the development track and trends for BT-
AI research. The key findings from the analysis address
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FIGURE 7. Co-occurrence network for keywords.

the aforementioned research objectives and are presented in
this section. Through the publication outputs analysis, the
numbers of annual publications showed a growing nature,
indicating that the BT-AI field stands out as a promising
interdisciplinary research area.

Through the co-authorship analysis of researchers, less
than 2 % of researchers (n = 126/8466) were credited on
at least five BT-AI documents with minimum citations score
and TSL of 50, and 1 respectively. This might point out that
many new researchers were just stepping inside the BT-AI
research domain. Sudeep Tanwar was identified as the most
productive researcher with 46 documents while Dusit Niyato
was the most collaborated researcher with 25 collaboration
links. In contrast, Yan Zhang was the most cited researcher
with 1459 citations, while Sabita Maharjan had the highest
ACD with 140 citations per document.

According to the co-authorship analysis of countries,
China, USA and India were the superior countries in the
BT-AI research in terms of the number of publications,
the extent of collaboration, and the total citations score.
At the same time, Denmark, New Zealand, Scotland, Wales,
and Sweden had the highest ACD score with ≥ 40 cita-
tions per document. Based on the co-authorship analysis of

organizations, it was noticed that research on BT-AI gained
considerable attention from the 3221 organizations. However,
most of them are still in the primary exploration phases,
with only 226 organizations being credited on at least five
documents with minimum citations score and TSL of 50, and
1 respectively. King Saud University and University of Elec-
tronic Science and Technology of China were identified as
the most productive cited organizations. In contrast, Nanyang
Technological University, Xidian University in tandem with
King Saud University were identified as the top organizations
regarding the extent of collaboration. At the same time, Sim-
ula Metropolitan Center for Digital Engineering in Norway
had the highest ACD score with > 130 citations per docu-
ment. Further, it was observed that three organizations among
the leading organizations listed in Table 5 were located in
China, which points out China’s emphasis on the BT-AI
research domain.

Concerning the citation analysis of sources, IEEE Access,
IEEE Internet of Things Journal, Sensors, Electronics, and
Sustainability were identified as the top productive sources.
Additionally, two of these sources (IEEE Access, IEEE
Internet of Things Journal) besides IEEE Transactions on
Industrial Informatics, IEEE Communications Surveys and
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FIGURE 8. Three field plot for sources-keywords-authors.

FIGURE 9. Keywords’ themes.
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FIGURE 10. Sankey diagram for associated themes’ evolution.

Tutorials, and IEEE Network were identified as the most
influential sources. This indicates to some extent that aminor-
ity of highly productive sources have a significant influence
on BT-AI research. However, a few sources (International
Journal of Information Management, IEEE Open Journal
of the Communications Society, and Journal of Industrial
Information Integration) without publishingmany documents
still have high influence in terms of ACD score. With regard
to the keywords co-occurrence analysis, the hot research
topics that occupied the interest of the BT-AI research com-
munity were mainly distributed among: internet of things’,
‘security’, ‘smart contracts’, ‘federated learning’, ‘privacy’,
‘edge computing’, ‘digital currencies’, ‘servers’, ‘industry
4.0’, ‘cloud computing’, ‘data models’, ‘big data’, ‘covid-
19’, ‘task analysis’, ‘computational modeling’, ‘training, data
privacy’, and ‘5g’ without including the keywords used in
data extraction. Furthermore, the keywords temporal evolu-
tion and distribution were evaluated, and the recent dominant
and arising research trends were captured in terms of basic
and motor themes as per year 2023 in Figures 9e and 10.

B. CONTRIBUTIONS AND IMPLICATIONS
The scientometric analysis in this study is an exploratory
effort to visualize the basic characteristics of BT-AI literature.
The study’s findings afford valuable information for different
stakeholders to secure an in-depth understanding of BT-AI
research. The quantitative analysis of BT-AI literature has
reduced the effect of subjective judgments associated with
manual reviews or qualitative appraisals of literature while
enhancing the results’ objectivity and reliability. The analy-
ses’ network maps and information tables that were provided
show the status of the BT-AI domain more comprehensively
compared to the extant research studies and reviews. These
maps and tables can be utilized to help new researchers,
universities, and editorial boards to identify and focus on the

TABLE 6. Top keywords in BT-AI field.

promising BT-AI research trends for further exploration and
development.

C. LIMITATIONS AND FUTURE WORKS
Some limitations associated with the current study should be
noted. Firstly, the scope of research was confined to English
peer-reviewed articles collected from the WoS database.
Secondly, this paper highlighted the main hotspots and fron-
tiers of the BT-AI research based on the articles’ abstracts,
keywords, and titles without examining their core contents.
Thirdly, concerning VOSviewer, CiteSpace, and Biblioshiny,
the analyses’ results may vary slightly when the researcher
uses different parameter settings. Hence, this work can be
evolved in the future by performing an in-depth content
analysis combined with a scientometric analysis using pub-
lications from multiple databases (e.g., WoS, Scopus, and
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Google Scholar) to provide extra insights and expand the
findings herein.

VII. CONCLUSION
The current study presents a scientometric analysis for
the BT-AI literature using a three-stage methodology.
First, 2615 publications were identified between 2017 and
2023 and extracted for analysis using the WoS Core Collec-
tion database. Second, the analysis methods were specified to
include co-authorship analysis, citation analysis, keyword co-
occurrence analysis, and keyword thematic evolution, while
VOSviewer and Biblioshiny were selected as the software
tools. Third, the analysis was performed based on the fol-
lowing sequence; 1) evaluating the publication output and
specifying the influential research works; 2) investigating
the collaboration networks of researchers, countries, and
organizations in BT-AI research; 3) evaluating the sources’
productivity and citation; and 4) exploring and analyzing the
knowledge structures of BT-AI literature. The analysis find-
ings can be employed to further familiarize new researchers
with the BT-AI literature while guiding practitioners, policy-
makers, and editorial boards to focus on the promising and
emerging research topics for more exploration.
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