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ABSTRACT Knowledge graphs have emerged as a useful resource and tool for representing real-world
entities and their relations, which gained increasing importance in the fields of deep learning and
machine learning. This research aims to investigate the academic publications of knowledge graphs
between 2013 and 2022 based on the core collection of the Web of Science and examine hot topics
and the latest developments in this subject. Thus, the present research adopted a bibliometric analysis
to explore the indicators, which mainly focus on different variables from the diachronic productivity of
scientific publications to the most prolific countries and the leading publication journals. By means of
VOSviewer software, the most productive authors and the frequency of author keywords were further
analyzed. The results manifest that dramatic growth has been identified in the past five years due to the
output of publications regarding this subject, and the frequently explored themes were mainly conducted
from six dimensions, focusing on ontology modelling, knowledge extraction, knowledge graph embedding,
graph-based knowledge representation, multi-modal knowledge graphs and knowledge-aware applications.
The findings could help researchers gain a thorough understanding of knowledge graph research, optimize
research topic choices, and detect new directions for future studies.

INDEX TERMS Bibliometric analysis, knowledge graphs, VOSviewer.

I. INTRODUCTION
Advances in artificial intelligence (AI) are transforming the
ways people acquire knowledge, and the effective applica-
tion of semantic technology profoundly influences traditional
knowledge representation modes. Knowledge is often viewed
as information with specific properties, which has been uti-
lized to deal with the extant human knowledge structures in
an integrated way [1]. The approaches to identifying and rep-
resenting useful knowledge from abundant information have
garnered significant attention from academia and industry.
Together with deep learning, knowledge graphs unfold var-
ious techniques that could be adopted to integrate and extract
effective information based on multiple data sources. With
great competence in knowledge representation, knowledge
graphs have found a wide utilization in a variety of fields,
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demonstrating their advantages in vast task-specific applica-
tions [2], such as semantic retrieval, language representation
learning and question answering systems.

A knowledge graph, a structured knowledge representation
via graphs, could date back to expert systems developed in
the 1970s [3]. In the 1980s, researchers initially introduced
knowledge graphs to describe their knowledge-based sys-
tems [4]. In the present study, the term knowledge graph
originates from the emergence of Google Knowledge Graph,
and since the year 2012, the phenomenon of knowledge
graphs has become known worldwide as it enables users to
look for objects, persons, or locations [5]. Moreover, with the
advent of linked data, considerable research into knowledge
graphs has been carried out to explore their interpretations
and applications.

Currently, although there have been no well-established
definitions of knowledge graphs, a basic common under-
standing of the term can be sorted out. Knowledge graphs
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can be considered as a graph of data with the intention of
accumulating and transferring knowledge of the real world,
and they are shown as entities and relations, which mainly
store structured knowledge and unstructured knowledge, and
replicate the unique network of information flow in an orga-
nization [5]. To be specific, knowledge graphs describe the
domain knowledge about entities, relations and attributes.
As for a graph-based knowledge representation, each fact
contains a collection of triples of the form (h, r, t), and
head entity h and tail entity t are in a connection with a
specific relation called r (e.g. Socrates, nationality, Greece).
Under many circumstances, the collection of relations could
be presented as an ontology, which clarifies the correlations
or restrictions of their usage.

Given their significance in diverse domains, publications
related to knowledge graphs have led to heated discussions
in both theoretical discussion and practical implementation.
A number of researchers have sought to address the vari-
ables from both macro-level reviews of knowledge graphs
and micro-level application analyses of specific aspects of
knowledge graphs. For instance, Chen et al. [6] conducted
a systematic review of knowledge graph completion, which
analyzed the existing mainstream methods and tackled the
main bottlenecks encountered by knowledge graph comple-
tion tasks. In a similar way, Ji et al. [7] presented a practical
review of the representation and implications of knowledge
graphs, which provided a development direction of overall
research topics in knowledge graphs and proposed a full-view
categorization of these subjects. Rizun [5] made a litera-
ture review of knowledge graph application in education,
and emphasized knowledge graphs can be identified as a
technology used to facilitate knowledge management and
offer a systematic analysis of the knowledge graph didactic
process. At themicro-level, typical applications of knowledge
graphs have been discussed in different settings, in partic-
ular the educational setting. Cui and Yu [8] examined the
effects of knowledge graphs on fostering deep learning in
a flipped classroom, which indicated that learning with the
help of knowledge graphs can achieve better performance
in the students’ learning products. Similarly, Wu and Jia [9]
investigated the concrete construction and the corresponding
applications of the English major-specific knowledge graphs
through extensive data sources in an educational domain
and verified the interconnection of nodes within structured
knowledge graphs. In summary, to provide a more intuitive
presentation of the knowledge graph review studies, a list of
existing review articles is presented in Table 1.
In general, previous studies on knowledge graphs com-

monly employed qualitative research methodologies with
relatively limited data [6], [7], [15]. Most of them expounded
on the architectures and key techniques of knowledge
graphs. As far as we know, attempts with a bibliometric
approach to examine the scientific publications of knowledge
graphs are still scarce, so it is of significance to conduct a
diachronic survey of knowledge graphs via a bibliometric
study. Therefore, to implement this study, we attempt to

TABLE 1. Summary of knowledge graph review articles.

evaluate the recent advances in knowledge graph research
between 2013 and 2022, aiming to discover the growing
trends of knowledge graph research over the past decade, and
reveal the scientific landscape of knowledge graphs by the aid
of performance analysis and science mapping. Therefore, the
four research questions in the present study are listed below.

1. What is the distribution trend of the scientific pro-
ductions over the examined period in the domain of
knowledge graphs?

2. What are the most impactful factors in the domain of
knowledge graphs, including countries, funding spon-
sors, publication journals and authors?

3. What are the most frequently used keywords in the
domain of knowledge graphs?

4. What are the current hot topics in the domain of knowl-
edge graphs?

II. METHODOLOGY
A. DATA COLLECTION
Bibliometrics is a quantitative approach employed to tackle
scientific data, track scientific advancement, discern research
impact, and detect emerging trends [16]. In the field of new
technologies, as many review studies were carried out with
this approach [17], [18], it has been proved as an objective
analysis for measuring the significance of research articles
to the deepening of knowledge [19]. Therefore, the present
study adopted a bibliometric review and illustrated the pro-
cedures of data collection and processing in detail.

To address the research questions, the retrieved infor-
mation of publications was obtained from the Web of
Science core collection, which is known as a reputable and
high-cited scientific journals with complete citation records
and enhanced metadata [20]. Specifically, the Science Cita-
tion Index Expanded, the Social Sciences Citation Index as
well as the Arts andHumanities Citation Indexwere extracted
from the authoritative database, and the bibliometric data of
all publications needed were downloaded, including article
titles, abstracts, author names and keywords.

To bring more validity to the data resources, a meticulous
procedure for the data selection was carried out. First of all,
the focus of the search string was set up to limit the strings
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to a few key terms. In view of the possibility of synonyms
used in search strings, the search query took similar terms
and spelling patterns into consideration, and the combined
query was generated as below: TS= (‘‘knowledge graph∗’’
OR ‘‘knowledge visualization∗’’ OR ‘‘knowledge map∗’’).
Altogether, we tested three related terms on March 16, 2023.
Then, the bibliometric information of publications published
between January 1, 2013 and December 31, 2022 was con-
sidered as the current research sought to observe the trend
of development with regard to knowledge graphs. What’s
more, the document type of the studied publications was
restricted to ‘‘article’’. As shown in Table 2, a set of inclusion
and exclusion norms was defined to remove the unrelated
data [21]. Eventually, after the double check made by the
authors, a total of 3058 final samples with their bibliometric
information obtained from the WoS were derived in the form
of TXT.

TABLE 2. Norms of inclusion and exclusion.

B. DATA ANALYSIS
The retrieved data was further analyzed and categorized
by using a visualized software tool. We employed two
research instruments to carry out data analysis and their
presentation, consisting of ECharts (version 5.1.2) and
VOSviewer (version 1.6.18). As an open-source visualiza-
tion tool, ECharts was utilized to handle the bibliographic
information and produce relevant charts. In addition, being
a Java-based application, VOSviewer specializes in visual
presentation and trend detection of the studied articles [22].
Thus, it was employed to visualize the co-authorship relations
and the network of author keywords and in turn produce
the bibliometric profiles. Lastly, both text information and
bibliographic data were processed and presented in the cor-
responding charts [20].

III. RESULTS
Answers to the outlined research questions in this section are
reported via the data statistics and analysis of the retrieved
articles, and they are consistent with the questions mentioned
above.

A. DIACHRONIC PRODUCTIVITY OF PUBLICATION
The annual distribution of retrieved articles with regard to
knowledge graphs is obtained in Fig. 1. The results indicate

the dynamic changes in the number of academic articles
published within the examined span. The publication outputs
on this subject slightly increased between 2013 and 2017.
Beginning with the year 2018 that witnessed 116 articles,
the annual productivity was in a growth trend. Moreover,
it should be pointed out that the year of 2022 occupies 40.87%
of the total production with more than 1200 articles, which
may show an increasing interest among researchers. In other
words, the research of knowledge graphs has gradually been
a heated topic since 2018, which was largely in line with the
rapid advancements in the areas of deep learning, machine
learning as well as natural language processing. In the short
term, the upward trend is more likely to be maintained in
the near future based on the increasing outputs of annual
publications.

FIGURE 1. Annual publications of knowledge graphs (2013-2022).

B. COUNTRIES DISTRIBUTION AND FUNDING SPONSORS
The results indicate a total of 69 countries have achieved
a lot in the area of knowledge graph. According to the
first author of the retrieved articles, Table 3 presents the
top 10 productive countries in the last decade. In general,
Asian countries ranked at the top with the large number
of publications (63.17%), while European (21.64%), North
American (16.80%), and Oceania (4.12%) countries followed
closely behind. As for productive countries, China made
fruitful achievements with 1849 articles, followed by the
United States (426 articles), the United Kingdom (175),
Germany (172) as well as Australia (126). Comparatively
speaking, China remained ahead with a high output of pub-
lications in knowledge graph research, which takes up more
than 60% of all outputs within the research span [23].

Taking funding sponsors into consideration, Fig. 2 presents
the major 10 funding sponsors. These sponsors from China
as well as America were seen as the two primary sources,
among which Chinese agencies have most contributed to
knowledge graph research, in particular the National Natural
Science Foundation of China (number=1043), the National
Key Research and Development Program of China (292).
To some extent, a large number of funding programs from
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TABLE 3. Top 10 productive countries (2013-2022).

China provided strong support for a high output of aca-
demic articles in the country. To our knowledge, as the
leading agency for the management of China’s National
Science Fund, the National Natural Science Foundation of
China (NSFC) has been dedicated to furthering the advance-
ments of basic research and the construction of fundamental
disciplines. So it can be deduced that financial support from
governments or agencies seems to be a driving force to boost
research productivity in scientific publications [24].

FIGURE 2. Top 10 funding sponsors (2013-2022).

C. PUBLICATION JOURNALS AND SUBJECT CATEGORIES
Based on the publication outputs and quartile rankings in
the Journal Citation Report (JCR) for 2022, Table 4 presents
the major 10 publication journals with their percentage
and corresponding impact factors. These journals published
752 articles, which is up to 24.59% of all publications in this
area. Among them, IEEE Access (179 articles), Knowledge-
Based Systems (122) and Applied Sciences-Basel(92) are in
the top three due to higher publication productivity. It was
notable that four of the listed journals ranked in the first quar-
tile by the JCR. Thus, it could be inferred that the publication
journals regarding the fields of engineering and AI have paid
close attention to knowledge graphs.

Moreover, as the studied articles were distributed in a vari-
ety of subjects, Fig. 3 illustrates the top 10 relevant subjects
based on the WoS categories. Specifically, computer science

TABLE 4. Top 10 publication journals.

and information systems (899 articles, 29.39%) was the most
relevant subject, while computer science and artificial intel-
ligence (819, 26.78%), engineering electrical and electronic
(518, 16.93%) followed behind. Among these categories,
environmental sciences (140, 4.57%) is the least subject
category of publication [25]. By considering the related indi-
cators, publications related to the categories of computer
science and engineering are considered as themost prominent
providers, indicating their strong relevance to knowledge
graph research.

FIGURE 3. Top 10 subject categorie (2013-2022).

D. AUTHORS
The retrieved data indicated that up to 9,561 authors took
part in the domain of knowledge graph research. The top
10 prolific authors who contributed over nine articles regard-
ing knowledge graphs are shown in Table 5, of which
six are from Chinese institutions. To be more specific,
as for their affiliations, four authors are from National Uni-
versity of Defense Technology; two authors come from
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Southeast University. At the same time, in terms of pub-
lished articles, Lehmann ranked the top in the ranking list
with 17 articles, and he mainly concentrated on the analysis
of semantic question-answering systems and link predic-
tion of knowledge graphs [26], [27]. Fernández took second
place with 12 publications, which mainly specialized in
the application of knowledge graph embedding models and
natural language processing in the domain of biomedical
literature [28]. What’s more, Tan and the other two authors
tied for third place with 11 articles, and he investigated
generic knowledge graph embedding models and knowledge
graph representation because his most contributed topics
were domain relation extraction and relational knowledge
prediction [29], [30]. Furthermore, Kraft from the United
Kingdom and Recupero from Italy were also prolific authors.
For instance, Recupero has nine publications related to the
research of novel knowledge graph generation approach and
the internal mechanism of deep learning transformer patterns
for entity extraction as well as relations [31].

TABLE 5. Top 10 prolific authors with over nine publications (2013-2022).

What’s more, we employed VOSviewer to generate the
co-authorship network map, which is demonstrated in Fig. 4.
As an author’s minimum document number was set at seven,
68 authors in total were finally confirmed to reach the thresh-
old. The generated network map is composed of 12 nodes and
25 links, which belonged to three clusters respectively. To be
specific, each node represents an individual author in the
map. The connection between two nodes refers to the relation
among co-authors, and the thickness rests with the outputs of
co-authored publications [32]. The colors of the three clusters
imply different co-author groups and their relations. Take the
green cluster as an example, it was made up of four authors,
and their relatedness is much closer than that of other authors
in the other two clusters. Likewise, the red cluster is consti-
tuted by six co-authors, among which Xiang Zhao is taken as
the pivot in the network. His closest co-author was Zhen Tan
as the connection thickness between them reaches eight (Link
strength=8). Driven by similar research interests, most of
Zhao’s articles took Zhen Tan as his close collaborator in

embedding models by means of entity rotations and dynamic
relation spaces [29], [33].What’smore, it should be noted that
four out of the productive authors during the examined period
occurred in this map, which further proves co-authorship
could be a contributing element that promoted publication
output.

FIGURE 4. The co-authorship network map (2013-2022).

E. KEYWORDS
Being an essential index, keywords can directly unfold the
key aspects of research articles, which play a significant
part in decoding the foci as well as future directions of a
specific discipline field [34]. Fig. 5 presents the keyword
co-occurrence network map of knowledge graphs by the
VOSviewer software. We took 18 as the minimum threshold
for keyword occurrence, and the top 50 author keywords
were eventually counted. It can be found that the node
dimension in the map implies its frequency of occurrence.
In other words, a larger node implies a higher frequency of
occurrence [34]. According to the co-occurrence network of
author keywords, the nodes and labels of knowledge graph,
ontology and knowledge graph embedding are the most
prominent. Specifically, the frequently occurred keywords
were ‘‘knowledge graph(s)’’ (1,065 occurrences), ‘‘ontology
and ontologies’’(238), ‘‘deep learning’’(129), ‘‘task anal-
ysis’’(125), ‘‘semantics’’(116), ‘‘knowledge graph embed-
ding’’(100), ‘‘semantic web’’(96), ‘‘web’’(93, ‘‘knowledge
representation’’(90) and ‘‘knowledge engineer’’(85).

Furthermore, the relation strength between two nodes
means the frequency of co-occurrence of a pair of nodes [35].
Take the node ‘‘knowledge graph’’ as an example, it has
stronger relations with the nodes of ‘‘ontology’’, ‘‘semantic
web’’ and ‘‘deep learning’’ within 57 links, which displays
that these sets of keywords might be inclined to appear in the
same article. In the meantime, as a given cluster is composed
of nodes with the same color, the network map manifests
nodes belonging to the same cluster are likely to occur
in the studied articles of knowledge graphs. Clearly, these
keywords can be classified into five thematic clusters, includ-
ing ontology (red), relation extraction (yellow), knowledge
graph embedding (blue), knowledge representation (green)
and machine learning (purple). The evidence from node clus-
ters indicates the author keywords are closely related with
several themes, referring to ontology modelling, knowledge
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extraction, graph-based knowledge representation, knowl-
edge graph embedding and applications of knowledge graphs.

FIGURE 5. The co-occurrence network of top 50 author keyword.

To detect diachronic changes and trends of author key-
words, Fig. 6 demonstrates the visualized distribution of
author keywords in terms of the annual co-occurrence of
keywords. During a given research span, the nodes of the
keywords map were marked with different colors accord-
ingly. For instance, the keywords with dark green indicate
the earlier occurrence [36], while the keywords with light
yellow mean the later occurrence. The observed publications
in the past three years have focused on the following terms,
such as ‘‘graph neural network’’ (avg. pub. year=2021.74,
occurrences=50), ‘‘knowledge graph completion’’ (2021.12,
74), and ‘‘knowledge based systems’’ (2021.26, 41).

FIGURE 6. Annual distribution of top 50 author keywords.

IV. DISCUSSION
As for this study, the visualized data of the studied academic
articles provided a macro overview of the newest devel-
opment and discovered the emerging themes in knowledge
graph research over the past decade. With the aid of the

statistical analysis of author keywords co-occurrence, the
frequently discussed hot topics in this field are summarized
below.

A. ONTOLOGY MODELLING IN KNOWLEDGE GRAPHS
As stated by Gruber [37], ontology mainly refers to a formal
and explicit account of common conceptualizations in the
shape of concepts and relationships, and it can be thought
of as the basic element of knowledge graphs. As it were,
an ontology can be viewed as a fundamental framework
for knowledge graphs. According to its architecture, knowl-
edge graphs integrate information into ontologies and use
inference engines to achieve the generation of new knowl-
edge [38]. Combining ontologies with knowledge graphs is
a reliable method of recognizing the complicated relation-
ships between entities. General domain ontologies can act as
a hub to allow the interconnection of specific information
among different domains [39]. The previous research was
focused on the approaches for ontology modelling in the
knowledge graph environment, including logic-based mod-
els, structural-based models and hybrid models. In addition,
many domain knowledge graphs have been constructed based
on the ontology constraints and the mapping between the
ontology models and the specific graph database.

B. KNOWLEDGE EXTRACTION FOR KNOWLEDGE
GRAPH CONSTRUCTION
Since the term extraction and its related terms of information
extraction and feature extraction are regularly used in the
studied articles, knowledge extraction can be identified as a
popular topic within the studied period. As the term implies,
knowledge extraction is a kind of technique used for extract-
ing information from unstructured or semi-structured data in
an automatic or semi-automatic manner, which mainly takes
relation extraction and named entity extraction as research
foci [40]. Relation extraction is to extract unknown semantic
relations between entities from multi-domain raw data and
construct knowledge webs employing the mapping of seman-
tic relations. A number of supervised or semi-supervised
methods are utilized during the processes of relation extrac-
tion [7]. Compared with the former, named entity extraction
is a process of performing entity recognition from data by
rule-based methods, learning-based algorithms and neural
network inferring systems. The completeness and accuracy
of entity recognition have a direct impact on the quality
of knowledge graphs. For example, Al-moslmi et al. [41]
presented an overview of advances in extracting the named
entities in the text, focusing on entity disambiguation as well
as entity linking. At present, knowledge extraction is faced
with problems that remain to be addressed, cross-language
and open-domain knowledge extraction in particular.

C. EMBEDDING ISSUES IN KNOWLEDGE GRAPHS
As terms and phrases of embedding algorithms and neu-
tral networks frequently occur in the articles of knowledge
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graphs, embedding issues have been studied across the exam-
ined period. Knowledge graph embedding, also known as
knowledge representation learning, refers to a process of
embedding components of a knowledge graph into con-
tinuous vector spaces [5], serving as a supporting role in
measuring the correlation of entities and relations. Its capac-
ity in semantic encoding in vectors and the performance
of application service contribute to the gradual popularity
and extensive use of knowledge graph embedding. Com-
monly, models of knowledge graph embedding fall into two
categories: link prediction models for a single knowledge
graph and entity alignment models for multiple knowl-
edge graphs. Researchers addressed the processing flow
of embedding models and compared the similarities and
differences in the aspects of implementation methods and
semantic-capturing levels. Some typical embedding models
were constructed successively, such as TransE and MTransE.
Innovative embedding techniques have been proposed for
achieving success on relational learning tasks. Gao et al. [42]
developed a novel knowledge embedding model by using
the triple context of each triple, which proved critical to
achieving sustained improvements. Given the significance
of embedding issues in knowledge graphs, more insightful
studies are expected to appear in this dimension.

D. GRAPH-BASED KNOWLEDGE REPRESENTATION
The term representation and its relevant term of knowledge
engineering repeatedly appear in the studied articles, showing
the growing interest of researchers in this topic. Knowledge
representation could be considered the basis of knowledge
graph construction and completion [43], which is mainly
devoted to the study of how an enormous amount of knowl-
edge can be represented in a computer-processable form.
It uses a resource description framework (RDF) triples to
describe the relations between entities, aiming to support the
storage and update of knowledge. Recent advances in deep
learning stimulate the emergence of developing knowledge
representation approaches, which have aroused much atten-
tion from researchers in this field. Moreover, Wang et al. [44]
developed a fresh learning method for text enhancement
knowledge representation, and an interactive attention mech-
anism was employed to upgrade the accuracy of textual
representations. Meanwhile, with the advancements in AI
and the expressivity of knowledge graphs, knowledge rep-
resentation learning oriented for entities and relations in
knowledge bases has also gained popularity. Moreover, it is
noted that graph-based knowledge representation incorpo-
rating the spatio-temporal dimension has been an important
topic.

E. MULTI-MODAL KNOWLEDGE GRAPHS
With the development of digital information, a large num-
ber of multi-modal resources, such as images, videos, and
audio, have emerged. Meanwhile, multi-modal knowledge
graphs are becoming increasingly important as they can
integrate multiple modalities into a single graph, providing

a comprehensive representation of complex data [45]. Based
on textual relationship triples, multi-modal knowledge graphs
introduce multi-modal information into knowledge graphs
and construct cross-modal entities and semantic relation-
ships. Thus, knowledge graphs that merge heterogeneous
signals enable complex reasoning and query operations.
Notably, advances have been made in technical difficul-
ties and critical tasks of multi-modal knowledge graphs,
involving entity alignment, link prediction, fusion strate-
gies, and the like. For instance, Zhu et al. [46] designed a
novel framework named DFMKE, a dual fusion multi-modal
knowledge graph embedding framework, for solving entity
alignment between pairs of knowledge graphs, and experi-
mentally demonstrated its performance of the new approach.
Likewise, Wilcke et al. [47] devised a multi-modal mes-
sage passing network that allows end-to-end learning not
only from the graphs’ structure, but also from the set of
multi-modal node features, where the encoders are used to
learn embeddings for nodes features of multiple modali-
ties. Their study demonstrated the possibility and perfor-
mance of combining knowledge graphs with multi-modal
learning. Moreover, Zhang et al. [48] proposed a new model-
agnostic multi-modal analogical reasoning framework with
Transformer utilizing the structure mapping theory, which
improves the traditional setting of analogical learning and
opens up new approaches for enhancing analogical reasoning
via multi-modal resources. Overall, there is much room for
development and innovation inmulti-modal knowledge graph
research, especially in technical methods and the construction
of graph data.

F. KNOWLEDGE-AWARE APPLICATIONS
Terms related to machine learning and textual mining were
repeatedly used across the studied period, which indicates
the trend of technology application in knowledge graph stud-
ies. Knowledge-aware applications mainly refer to achieving
knowledge graph-oriented intelligent services in combination
with specific scenarios through searches and recommenda-
tions. In terms of application areas, industry, agriculture,
medicine and education have all benefited from the poten-
tial of knowledge graphs. For instance, knowledge graph
technology brings the possibility of solving the problems of
correlation representation and relevance searching and rea-
soning for data and knowledge in the manufacturing domain,
so it plays an increasingly important role in the realization of
intelligent manufacturing. In addition, these applications can
help users select more targeted resources and provide scope
for the realization of intelligent services, such as personal-
ized recommendations, intelligent question answering (IQA),
and the like. Related studies have shown that graph-based
recommender systems and IQA systems have attracted great
attention in this field. To enhance the quality of recommen-
dation systems, multi-modal graph attention techniques were
adopted to carry out information dissemination as well as
recommend relevant resources [49]. Following users’ person-
alized needs, different applications can support knowledge
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processing and generate knowledge interpretations from a
variety of graphs. For example, based on domain-specific
knowledge graphs, IQA systems with an intuitive visual-
ization were developed via constructing graph data query
statements and accurate knowledge searches, which provided
feasible solutions for responding to more questions automati-
cally [50]. Although rich structured knowledge can be useful
for intelligent applications, it remains a challenge to integrate
knowledge graphs into computational frameworks of real-
world applications.

Based on the emerging topics discussed above, this analy-
sis provides the following insights for future work: (1) More
breakthroughs in knowledge graph core techniques are
needed. (2) The effective platform of domain knowledge
graphs needs to be constructed. (3) The progression from
knowledge graphs to cognitive graphs might be advanced.
Specifically speaking, first of all, some bottlenecks in knowl-
edge graph core techniques are expected to break through,
such as techniques for obtaining the relations for relation
extraction and methods for resolving ambiguities in multiple
source heterogeneity, to name a few. These difficulties are
the challenges for expanding the scope of applications in the
area of knowledge graph. Then, as the practical applications
of knowledge graphs extend from general knowledge graphs
to domain knowledge graphs, it is of great need to build
up an effective platform that facilitates the construction of
domain-related knowledge graphs. Lastly, due to the signif-
icance of cognitive technology in AI, there is a need for
researchers to explore how to construct high-quality cognitive
graphs and focus on application cases that combine intelligent
reasoning, cognitive intelligence and knowledge graphs.

V. CONCLUSION
Overall, knowledge graph research is currently in a stage
of rapid development. An increasing interest in the area of
knowledge graph has grown over the past decade. Production
output of knowledge graphs experienced strong growth dur-
ing the past four years. Knowledge graph research is mainly
centered on the fields of AI, engineering and technology.
Asian countries have led the way with a significant number
of publications and sufficient financial support. According to
the analysis of authors, most of the productive authors came
from China that made great contributions to this subject dur-
ing the past ten years. According to the frequency of author
keyword co-occurrence, the frequently used keywords were
‘‘knowledge graph’’, ‘‘ontology’’ and ‘‘knowledge graph
embedding’’. The findings could be conducive for researchers
deepening the original perception and detecting new direc-
tions for future research. Finally, it should be noted that the
above discussion mainly focuses on hot topics and trends of
knowledge graph research in articles published in the last
decade. However, the use of application software, such as
software packages for constructing knowledge graphs, also
needs to be given sufficient attention. Therefore, such open
source software in knowledge graph research should be the
focus of follow-up studies.

Like other related studies, there are limitations to this
study. For one thing, it could be affected by the search query
strategies. If the titles and abstracts of retrieved articles do not
adopt any of the search formulas, a small number of articles
might be missed unintentionally in the study. For another,
it could be influenced by the adopted databases. This study
only consisted of publications indexed in the WoS database.
The retrieved articles from other authoritative data sources
such as Scopus, EI Compendex and Chinese National Knowl-
edge Infrastructure (CNKI) might be included in follow-up
studies.
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