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Abstract. Ontology alignment is an important problem in the Semantic Web with diverse applications in various disciplines.
This paper delineates this vital field of study by analyzing a core set of research outputs from the domain. In this regard, the
related publication records are extracted for the period of 2001 to 2018 by using a proper inquiry on the well-known database
Scopus. The article details the evolution and progress of ontology alignment since its genesis by conducting two classes of
analyses, namely, semantic and structural, on the retrieved publication records from Scopus. Semantic analysis entails the overall
discovery of concepts, notions, and research lines flowing underneath ontology alignment, while the structural analysis provides
a meta-level overview of the field by probing into the collaboration network and citation analysis in author and country levels.
In addition to these analyses, the paper discusses the limitations and puts forward lines for the further progress of ontology

alignment.

Keywords: ontology alignment, bibliometrics, scientometric

1. Introduction

The Semantic Web is an extension of the World
Wide Web which aims to provide metadata for ma-
chines so that they can further understand and construe
the published information and data on the Web. The
consequence of having such metadata is that comput-
ers can also make reasonable interpretations, ideally
identical to how humans process and understand the
information. The main key to providing such informa-
tion for computers is ontologies, with which one can
model the underlying objects of a domain along with
their interrelations. The design of ontologies is thor-
oughly subjective and is primarily reliant on the vi-
sion of the creator. Since humans potentially consider
different aspects of a domain, or they might use dif-
ferent terminology for similar concepts, the ontologies
are not uniquely defined and are distinct from each
other, even those from one particular domain. If infor-
mation systems using these ontologies are assumed to
work independently, the difference in ontologies does
not cause any issue. However, the issue emerges when
these systems want to interoperate and exchange data.

*Corresponding author. E-mail: m.mohammadi @tudelft.nl.

In this regard, a pre-processing strategy is required to
align the ontologies of these heterogeneous informa-
tion systems, after which they can interact with each
other. This strategy is called ontology alignment (also
called ontology mapping and ontology matching).

The necessity of having a tool to automatically align
two different ontologies was recognized in the late
90s and early 2000 [73-75, 98]. Since the heterogene-
ity problem was quite epidemic and was a stumbling
block in the way of interoperability, it soon found its
way in many applications such as agent communica-
tion in agent-based modeling [98], ontology merging
[74, 75], data integration [80], business-to-business e-
commerce [76], ontology development and visioning
[16], database evolution [17, 58], web service discov-
ery [23], to name just a few. Due to the diverse ap-
plications of ontology alignment, many research stud-
ies have been dedicated to resolving the heterogene-
ity among information systems, and new problems are
modeled to be solved by alignment techniques.

In recent two decades, tremendous efforts have been
taken to further improve the field of ontology align-
ment [26, 45, 67-70, 77]. As a result of such efforts,
there are several valuable materials available for ontol-
ogy alignment researchers and others who want to uti-
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lize or get acquainted with alignment techniques. For
instance, there is a book containing the fundamentals
of ontology alignment and recent advances made in
this field [26]. Further, there are some useful reviews
and surveys [77, 94] and some other stating the cur-
rent state and future challenges of ontology alignment
[89]. Although these materials are essential and help
researchers get familiar with the notions of ontology
alignment, they do not provide an overview of the field.
Such an overview is not only critical to those who want
to get familiar with the domain, but it is also vital for
researchers in this field to track its progress and find
new ways to further improve it. In addition, such stud-
ies allow science policymakers to get a comprehensive
picture of the field. This enables them to assess the
scientific advancement of this subject domain. Assess-
ment is a vital element in decision-making as it gives a
realistic picture of the current situation and prevent us
from over- or under-estimation. Therefore, to be sure
the right decisions are made for this field to proceed in
the right path, assessment is essential. In this regard,
this article utilizes the bibliometric analysis to provide
a bird’s-eye view to the interdisciplinary domain of on-
tology alignment.

Bibliometrics is a quantitative approach to study sci-
entific activities. At its most fundamental level, biblio-
metrics aims to unveil the latent dynamics of scientific
research and analyze its key influential factors. Con-
tent, citation, and collaboration analyses are among
the commonly-practiced techniques using bibliomet-
rics analysis. In this regard, many research fields use
these techniques to delineate the importance of their
fields, the impact of the lead researchers, or gauge the
impact of a particular research output [61]. In recent
years, the bibliometric analysis has drawn a lot of at-
tention and is applied to major bibliometrics data en-
gines. Bibliometrics covers a broad spectrum of ap-
plication domains [31]. Some of the studies in biblio-
metrics have more methodological orientations and try
to scrutinize the existing bibliometric measures, e.g.,
citation and impact factor, or to come up with new
ones. For instance, Chorus et al. [12] defined a met-
ric for self-citation and studied trends in impact factor
biased self-citations of scholarly journals. In the other
research, Thelwall et al. [93] made a comparison for
11 altmetrics in Web of Science to understand the re-
lationship between real citations and alternative met-
rics in social media. In another prominent study, Ke
et al. [52] made a large-scale analysis of the sleeping
beauty (SB) phenomenon in science and introduced

a parameter-free measure that quantifies the extent to
which a specific paper can be considered an SB.

The other line of studies in bibliometrics calibrates
research activities to provide insights regarding dy-
namic and vital influential factors behind scientific re-
search. Citation analysis [38, 88], co-authorship analy-
sis [35, 85, 88], and co-occurrence word analysis [15]
are prevalent in this application domain of bibliomet-
rics. For instance, in the study carried out by Bromham
et al. [8] on The Australian Research Council’s grant
proposal data, they studied the relationship between
research interdisciplinarity and the chance of winning
grants and discovered the higher the degree of interdis-
ciplinarity, the lower the probability of being funded.
Also, in another research focusing on collaboration
in the field of Genomics, Petersen et al. [79] discov-
ered cross-disciplinary research draw more attention
and get more citations correspondingly. One type of
research that falls into the same line of research is the
bibliometric analysis of scientific fields. For instance,
Frank et al. [32] studied the bibliometric evolution of
Al research and its related fields since 1950.

On the other side of the spectrum, bibliometrics is
utilized to address much broader goals. Some studies
use bibliometrics data or analysis for answering ques-
tions which are not for the purpose of scientific ac-
tivities evaluation. This is a very recent approach to-
ward bibliometrics, which can provide an opportunity
for other disciplines to benefit the tools and techniques
developed in this field. For instance, Candia et al. [10]
studied the problem of collective memory decay us-
ing multiple datasets including American Physical So-
ciety (APS) papers and the United States Patent and
Trademark Office (USPTO) patents. In the other work,
Guimera et al. [36] studied the self-assembly of cre-
ative teams in the collaboration network using empiri-
cal study over a bibliometric dataset constitutes of 50
years records of recognized journals in social psychol-
ogy, ecology, economics, and astronomy. In another
research, Liu et al. [60] studied the phenomenon of a
hot streak for individuals career. They conducted this
study by combining over 20,000 researcher profiles in
Google Scholar and Web of Science. Ebrahimi Fard
et al. [21] also used bibliometric analysis to study the
readiness of academia amid a war with the diffusion of
fake-news in social media.

This article brings forth a bibliometric approach
to analyze the growth and advancement of ontology
alignment. In this regard, we searched Scopus to ex-
tract the research outputs regarding ontology align-
ment. We based the bibliometric analysis on the Sco-
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pus data since other databases such as Web of Scienc&®. Research Methodology 1
(WoS) do not index the ontology matching workshop, 2
the primary venue in this eld. We retrieve and ana- In this section, we rst discuss the research strat- 3
lyze around 2,975 research outputs from Scopus, in- €gy that is employed to extract ontology alignment 4
cluding articles, conference papers, book chapters, and research outputs from two well-known databases, s
reviews. namely Web of Science (WoS) and Scopus. We then 6
We carry out two classes of bibliometric analyses explain the tools and methods that are used for the 7
on the retrieved articles from Scopus. The rst one gnalysis of extracted bibliometric data in further sec- s
tions. 9
10

2.1. Ontology Alignment Bibliometric Search 11
Approach 12

13

Bibliometric approaches aim at the quantitative 14
analysis of the research outputs, such as publicationsis
) ; ) and patents, in order to comprehend and track the 16
ics were extracted accordingly. Although the tOP'CS scale, direction, and the innovation of a eld. The ma- 17
are extracted based merely on the words and their fre- ;- yrerequisite for such an analysis is to nd the rel- 18
quency in each document, the extracted topics are in- atve research items according to which the analysis 19
terestingly meaningful and delineate different appli- ¢oyid be performed. In this regard, there are several 20
cations to which ontology alignment can be applied ell-known databases such as Scopus and Thomsore1
or the problems it can address. Another analysis in Reuters Web of Science, from which the research items 22
this category ishematic in which we show the shares  can be retrieved by proper queries. 23
of ontology alignment to top-cited articles and top For the bibliometric analysis, there are several stan- 24
percentile journals. Also, the fundamental disciplines dard ways to extract the pertinent research items to 25
contributing to ontology alignment are discussed in a problem/domain. Index-based methods [13] use the 26
this analysis. In addition to semantic analysis, we per- categories already de ned by the publication database 27
form structural analysisn order to obtain a meta-level ~ and retrieve the research outputs accordingly. The ap-28
overview of the eld. We break the structural analy- proach is simple, but the search is restricted to the 29
sis into two categories. First, we analyze the collabo- indices created by the journals. In particular, we ob- 30
rations between different authors and countries in on- Served that there is no particular index for ontology 31
tology alignment based on their co-authorships in the Matching in several prestigious publishers such as s2
bibliometric data. Second, we gauge the impact of re- EEE and ACM. Another approach is based on citation 33
searchers and countries by analyzing their number of @nd co-citation [100], wherein one rst needs to nd 34
published articles and their number of citations and & COr€ Corpus of research outputs that everyone agreess
further visualizing their citation networks. The analy- upon. The basic corpus of publications then evolves by 3

sis of bibliometric data helped us address some current using its qtatlons_and .co-C|taF|o_ns..The major Qraw- ¥
. . . . back of this technique is that it is dif cult to replica- 38
issues in the eld and also provide some solutions for

its further improvement tion, and there is no consensus on the interpretation of 39
P S citations and co-citations. For ontology alignment, in 40
The remainder of this article is structured as follows.

. is dedi d h hodol by which particular, nding a core amount of publications which 41
Section 2 is dedicated to the methodology by which o6y one agrees upon is not easy to acquire. One po-42

we retrieve ontology alignment research outputs and gntia| way would be to use the papers published in the 43
tools that are used to analyze them. Semantic analysis ontology matching workshop, but the number of arti- 44
is covered in Sections 3 and 4, where the topic analysis ¢jes in the workshop is quite restricted so that the - 45
is presented in the former and the thematic analysis nal corpus would not include the exhaustive set of all 46
is discussed in the latter. Section 5 is devoted to the publications for this problem. Another way to get the 47
collaboration analysis, and the impact analysis at the bibliometric data is to detect a set of journals dedicated 4s
author and country levels are explained in Section 6. to a domain and analyze their published articles [59]d. 49
We conclude the paper and discuss the lesson learnedFor ontology alignment, unfortunately, there is no par- so
from the analyses in Section 7. ticular journal to conduct the analysis. On top of that, s1

is semantic analysisoncerning the overall discovery
of concepts, notions, and research lines owing un-
derneath the scienti ¢ disciplines. In this analysis, we
use latent Dirichlet allocation (LDA) [5] to model the
topics underlying the ontology alignment bibliomet-
ric data. To do so, the title, abstract, and keywords of
each document were subjected to LDA, and six top-
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Table 1

Four steps for Itering the ontology alignment research outpldgalis the number of items at the beginning of each dRedevantaindirrelevant
denote the number of items that are agged as related and unrelated to ontology alignment, respectildrigeaiaihis the number of items
that could not be agged as either relevant or irrelevant so that they are passed to the next phase. The search query for retrieving data from S%opus
is: TITLE-ABS-KEY ( "ontology matching" OR "ontology Alignment" OR "ontology mapping" OR "OAEI") 4

Total Relevant Irrelevant  Uncertain Description 5

1 - - - 3289 Retrieving bibliometric data from Scopus 6

2 3289 1820 225 1244 Inspecting the publication items by revising the title only !

3 1244 1094 53 97 Inspecting the publication items by revising the abstract only 8

4 97 61 36 0 Inspecting the whole paper o
sum | - 2975 314 - 10

11

ontology alignment is interdisciplinary by nature since ducted an inquiry in WoS by searching the identi ed 1

it is used as a pre-processing strategy in many circum- keywords in the title, abstract, and keywords of the re-
stances and has thus diverse applications. As a result,search outputs. The result of the search included 1,536
the research outputs are not restricted to a speci c jour- articles spanning from 1999 until November 2018. The
nal or domain. 1,536 articles were processed in three different phasesl
One of the most popular yet straightforward meth- to leave out the articles that are not pertinent to the
ods is to use several expert-de ned keywords based domain. In the beginning, the title of papers was con- 19
on which the research outputs are retrieved [56, 81]. sidered since most of the related works to ontology 20
This method is semi-automatic since the results of the alignment could be easily detected. In this phase, 1,166 ,,
search are then reviewed by an expert to exclude the items were identi ed as relevant or irrelevant, and 370 ,
irrelevant items from the analysis. After inspecting the items were passed to the second phase. In the second,
keywords of top 50 cited research outputs in this do- phase, the abstract of the papers was regarded in which,,
main and further discussion with the experts in this 316 articles were recognized as relevant, and the re-,
domain, we arrived at three main keywords: “ontol- mainder 54 were passed to the third phase. In the nal 4
ogy alignment", “ontology matching"”, and “ontology  stage, the 54 articles were thoroughly inspected and ,,
mapping". The keyword "ontology" alone refers to a the papers were classi ed as relevant and irrelevant. ,g
more general concept in the Semantic Web and add re- In total, 1,420 research items were labeled as relevant,,q
search items that are irrelevant to ontology alignment. to ontology alignment and the rest article were elimi- 5,
Thus, we need to conduct the search based on the key-nated. 31
word “ontology alignment"”, which is interchangeably After rigorous examinations of the remaining arti- 5,
referred to as “ontology matching" or “ontology map- cles, we realized that the research items regarding the;;
ping" as well. Thus, these terms should be considered ontology matching workshop are not indexed by WoS. 3,
for searching the databases. We further realize that Since this workshop is the essential venue of this do- 35
the ontology alignment evaluation initiative (OAEI) is  main, we refused to continue the analysis based on 3¢
also essential since it might also add some research WoS data. Therefore, we conducted the same searchs;
items. Since the research items that contain “ontology strategy in Scopus and realized that the items recov- zg
alignment evaluation initiative" are completely cov- ered by this database include the articles from the on- 39
ered by articles retrieved solely by the keyword “on- tology matching workshop as well. The inquiry in Sco- 40
tology alignment”, this term is redundant. However, pus retrieved 3,289 articles from 2001 up until 2018. 41
“OAEI" must be used as another keyword. Since the Although it does not index several papers from the late 42
use of keywords to get the articles could retrieve a con- 90s and early 2000 [73, 75], it includes all the paper 43
siderable number of articles in ontology alignment, we from the ontology matching workshop. Since the num- 44
use this technique to get ontology alignment research ber of articles that are not indexed by Scopus is not sig- 45
outputs. ni cant, especially compared to WoS, we use Scopus 46
We used four keywords to retrieve the research out- data for further analysis. The retrieved articles from 47
puts related to ontology alignment and conducted the Scopus underwent the same procedure as Web of Sci-4s
inquiry on Web of Science (WoS). Further, the identi- ence articles in order to discard the irrelevant papers. 49
ed research items need to be processed by an expert to After conducting the three phases of processing the re- so
verify if they are relevant to the domain. First, we con- search items, 2,975 articles are labeled as relevant tos1

14

5
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Fig. 1. The work ow of the analyses conducted in this paper. 29
30
ontology alignment. Table 1 tabulates the taken steps disciplines contribute to the interdisciplinary ontology 31
for obtaining and cleaning the bibliometric data from  alignment. 32
Scopus. Further analyses are performed on the remain-  The second type of analysis is structural analysis, >
ing items after taking these steps. that is divided into two subcategories. We initially an-
alyze the collaborations between authors and countries
2.2. Tools and Methods for Bibliometric Analysis worldwide and scrutinize the level of international and

37
academic-corporate collaborations over the last few 54

In this section, we explain the methods and t00ls years. We then probe into the contributions and im- g
that are used to analyze the 2,975 ontology alignment 45 of authors and countries in ontology alignment. 4o
reselarck: ouftputsl extractedo:"rom hScopus. Wel COSdUCt For these analyses, we use VOSviewer [95], Séival 41
two cve’s of analysis regarding the structura. and s€- and also Gephi for network visualization [3]. Some of 42
mantic of the extract articles. For the semantic analy- : : o s

the analyses of this section are limited to recent six

sis, we use latent Dirichlet allocation (LDA) [5], which . . 24
is a method for topic modeling. This analysis aims to years due to the fact that more bibliometric metadata 45
nd the underlying topics in ontology alignment based are only available in the recent years. Figure 1 displays .

on the articles published in this domain in the period the work ow of this article, from data acquisition to 47

2001-2018. We use the LDA implementation in MAT-  their processing using different tools. 48
LAB to analyze the articles. We also conduct a the- 49
matic analysis where we discuss the number of pub- 50

lications overall and in top journals along with the https:/iwww.scival.com 51
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Fig. 2. Six topics of ontology alignment based on the bibliometric data 2001-2018. The topics are identi ed by LDA [5] and visualized 5}5

MATLAB.

3. Topic Analysis of Ontology Alignment

Topic modeling is a statistical approach to discover

the underlying topics of a set of documents based on
the frequency of words that appeared in the documents.

Topic modeling is generally used to nd the underlying
hidden semantic structure of a text body. One of the
most well-known algorithms for modeling the topic is
latent Dirichlet allocation (LDA) [5], which can nd
the hidden topics of a set of texts with a given number
of topics.

In this experiment, we aim at analyzing different
topics in order to provide a broader picture of do-
mains and problems to which the ontology alignment
is an essential contribution. In this regard, the title,

abstract, and keywords of the obtained research out-

puts were subjected to LDA, and the identi ed topics
were visualized using word clouds. It is typically nec-

essary to conduct several pre-processing procedures

on the given data in order for the nal topics to be
more meaningful. The following pre-processing strate-
gies are used before applying LDA:

— Tokenization: Tokenization means that sentences
are broken into their constituent words. Tokeniza-

26

tion transforms the set of documents into the set 2’
of bags of words, which are useful for further 28
topic analysis. 29
Meaningless Word RemovalFor meaningful %
analysis, stop words and the words whose length 3!
is less than three were removed since they do not 2
have any further impact on the analysis. At the 33
same time, we removed the terms used for the **
guery since they exist in all the retrieved docu- %
ments, while they do not convey any useful infor- ¢
mation for ontology alignment topics. 37
Lemmatization Words were also lemmatized, >°
which means that the verbs in the past or fu- 3
ture tense are changed into their present tense *°
and other third person words are replaced by their “
corresponding rst person. We further used the

Porter stemming algorithm [82], which replaces

the words with their associated roots. i

The processed documents were then subjected tose

LDA for topic modeling. LDA also needs to have the 47
number of topics to be identi ed. We tried a variety of 48
numbers between four up until 14, and we found out 49
that more meaningful topics are obtained by six topics. so0
Figure 2 displays the topics identi ed by LDA. In this 51
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gure, the size of each term indicates its importance,
and the most vital terms are also identi ed by the or-
ange color. Note that the order of topics is arbitrary,
and hence, the topics that appeared at the beginning do
not have any privilege over those presented later on.
In the following, we analyze the topics discovered by
LDA.

— Agent-based Modeling Agent-based modeling
is used to simulate the actions and interactions
of independent agents in order to estimate their
impacts on the overall system. Agents commu-
nicate together by exchanging messages com-
posed in different languages such as Agent Com-
munication Language developed in Foundation
for Intelligent Physical Agents (FIPA-ACL) and
Knowledge Query and Manipulation Language
(KQML). These languages determine only the
overall structure of the messages and not their
contents. The actual content of a message ex-
pressed by an agent is typically modeled by an
ontology. As a result, when two independent
agents communicate with each other, itis unlikely
that they can understand each other if they do
not use the same ontology for communication. In
this regard, ontology alignment has been exten-
sively used in order for the agents to understand
various messages in different formats. One of the
rst problems to which ontology alignment was
applied is agent communication, where the pa-
per was published in 2002 [98]. There are also
several systems that employ agent-based mod-
eling for automatic ontology alignment, where
they call such systems agent-based ontology
alignment[25, 48, 57]. In this view, the map-
pings between two ontologies are deemed as a
product of communications between two intelli-
gent agents [86]. Topic 1 in Figure 2 illustrates
the topic related to articles of ontology alignment
that used the notions of agent-based modeling. In
this topic, as expected, the term “agent” is iden-
ti ed as the most important word. There are also
several other terms related to agent-based mod-
eling. For instance, “communication” and “inter-
action" as are usually paired with “agent”, and
the terms “collaborative”, “negotiation", and “ex-
change" that refer to collaborations, negotiation,
and data exchange between agents, are the fea-
tures that agents can be equipped with by using
ontology alignment. There are also some general
terms of agent-based modeling such as “environ-

ment", “software" (as in software agent), “multi- 1

agent”, that are visible in Topic 1 of Figure 2. 2

Web Service Discovery:Web Services contain 3

the services provided by some providers who ex- 4

pose their particular services to a broad audience 5

by using Web technologies. Semantic Web Ser- 6

vices (SWS) are strong tools to describe the ser- 7

vices more richly so that their discovery by re- s

guesters become even easier. Web Service discov-9

ery is the process of nding a service which is 10
able to deliver a particular service to the person 11
who has requested it. Sometimes a request cannoti2
be responded merely by a single service, but by a 13
number of services. In this circumstance, it is re- 14
quired to have a composition process, which in- 15
tegrates several services in order to meet a partic- 16
ular need of requesters. SWS can be modeled by 17
different standards such as Web Services Descrip- 18
tion Language (WSDL) [1] and OWL-S [63], and 19
different terminologies might be used by different 20
providers/requesters. As a result, the discovery of 21
services requires the use of ontology alignment 22
techniques so that the discrepancy between dif- 23
ferent services are reconciled and the rate of dis- 24
covery success increases signi cantly. SWS dis- 25
covery was also one of the rst applications that 26
ontology alignment could address. The rst paper 27
employing ontology alignment for SWS discov- 28
ery dates back to 2003 [9], and it has been since 29
used in other studies [28, 87, 91]. 30
Topic 2 in Figure 2 is devoted to this important 31
application of the ontology alignment. As is read- 32
ily observable, the terms “web" and “services" are 33
detected as the main terms, and there are also thes4
terms “discovery" and “composition” as well that 35
are the general terms in the Semantic Web Service 36
domain. 37
Process Model Matching:Process models com- 38
prise a set of related activities or tasks which need 39
to be done in a speci c order to nally produce 40
a service or product. The matching of these pro- 41
cesses is of the essence for several tasks suchaz
as system validation and process harmonization 43
[4, 33, 97]. In this regard, ontology alignment sys- 44
tems or techniques can be used. A more specic 45
application is matching the business processes 46
[14, 29, 41, 47], where the process models are 47
typically related to e-commerce [90]. 48
In the OAEI 2016 and 2017, there was a track 49
about matching different process models of the 50
university admission systems. As a result, the 51
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problem is completely well-known for the on-
tology alignment community as well. As Topic

3 in Figure 2 shows, LDA has been able to de-
tect the importance of this problem for ontology
alignment. The terms “process" and “business"
are at the heart of this topic, which accentuates
the importance of process model matching in on-
tology alignment. The term “management" also
has a signi cant weight. Interestingly, “business
process management" refers to a domain where
matching of processes has become a major re-
search area [54].

Query Answering: Information provided by
different sources is not described by a unied
schema on the Web. At the same time, users do
not utilize the same terminology in their search
gueries. Thus, a semantic query answering is re-
quired to rewrite the query in order to provide
sensible results. Since both the information on the
web and the queries are the reasons for the dis-
crepancy, ontology alignment can be helpful to
address this challenge and to improve the rele-
vance of the retrieved information. Thus, ontol-
ogy alignment has been used extensively in this
regard. As Topic 4 in Figure 2 illustrates, this
problem is quite important in ontology alignment.
The term “query” is the most accented terms,
and there are some other related terms such as
“relational”, “database", “schema". In the OAEI
2014 and 2015, there was a track for answering
queries by the aid of ontology alignment systems,
which indicates that this problem is also quite
well-known to the community.

Linked Data and Logic: One of the primary ob-
jectives of the Semantic Web is to link the data on
the Web to other available resources so that useful
information can be provided from the available
data. Since the published data on the Web are de-
signed by many people, interlinking of these data
is not straightforward due to their heterogeneous
nature. As a result, ontology alignment is a po-
tential solution to ful Il this essential objective of
the Semantic Web [42, 53]. This is the reason that
“linked" in Topic 5 of Figure 2 has been central-
ized. Another vital term in this topic is “logic".
Logic has been widely used to align two differ-
ent ontologies [45, 55, 71, 72]. One of the well-
known systems is LogMap [45], which is based
on logic and is one of the top systems at the OAEI

repair the alignment automatically obtained from 1
the alignment systems [64, 65, 78]. 2
Machine Learning and Biomedical Ontology: 3
Topic 6 is a mixture of a well-known approach 4
for ontology alignment and one essential domain 5
to which ontology alignment has been applied. 6
There are several ontology alignment systems 7
which use machine learning techniques for align- 8
ment. In fact, machine learning techniques are 9
one of the rst approaches that are used for align- 10
ing ontologies and dates back to 2002 [18, 19]. 11
There are also many machine learning-based sys-12
tems that require to have a gold standard for train- 13
ing [40, 62, 84]. These systems are sometimes 14
called pre-trained systems [26] and need to have 15
[a part of] the reference alignment for training. 16
The system is then ready to map the rest of the 17
ontologies or other ontologies in the same do- 18
main. The terms “learn”, “machine”, “learning”, 19
and “classi cation" in Topic 6 are the indicators 20
of these alignment systems. 21
Another term in this topic is “biomedical”, which 22
is one of the most important domains to which 23
the ontology alignment has been applied. The 24
anatomy track, which is about matching the adult 25
mouse anatomy and a part of NCI thesaurus com- 26
prising the human anatomy, is one of the rst 27
tracks of the OAEI [20]. There are several recent 28
tracks such as disease and phenotype [37] and?®
large biomedical [43, 44, 46] tracks which have 20
been recently added to the OAEI tracks. There- 3!
fore, there is no surprise to see this term as a ma- 32
jor topic of ontology alignment. The terms “large” 33
and “background" are also related to this theme 34
since there is one large biomedical track in the 3°
OAEI and it is the common practice to use of
background knowledge such as UMLS [7] for
matching ontologies in the biomedical domain.

4. Thematic Analysis 42

In this section, the thematic analysis of the ontology 44
alignment publications is presented based on the col- 45
lected bibliometric data between 2001 and 2018. We 46
rst study the number and types of the research out- 47
puts, and it is then followed by the contributions of 4s
ontology alignment publications to the top-cited and 49
top journal percentiles. Afterward, the disciplines con- so

in the recent decade. Also, logic has been used to tributed to ontology alignment are discussed. 51
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Fig. 3. The number of documents published about ontology alignment on Scopus between 2001 to 2018.

N
~

4.1. Number and Types of Published Documents research outputs. Interestingly, in 2013, Shvaiko and
Euzenat [89] showed the improvement of the eld o7

In this subsection, we discuss the number and the based on their analysis on the state-of-the-art ontology .,
types of research outputs in the ontology matching data matching systems and the results of evaluations, while ,q
from 2001 to 2018. The essence of having the auto- {hey ohserved that the speed of the ontology alignment o
matic mapping between two ontologies was discussed progress was slowing down. The slow progress in the 31

for in the late 90s and early 2000 for different prob_- eld has shown itself in the number of publications in 32
lems such as ontology merging [74, 75] and further in . o
the eld as one important criterion. 33

business-to-business (B2B) electronic commerce [76], i ”
where the mappings between ontologies, taxonomies, Ve @lso analyze the types of research outputs in the as
and the classi cation system are required. In the pre- ontology alignment eld. Figure 4 displays the per-
ceding years, the existence and importance of such centage of different types of papers published in the .
an automatic mapping were discussed in several other ontology matching domain between 2001 up until and ¢
problems such as agent communication in multi-agent including 2018. According to this gure, the vast ma- 54
systems [98]. Ever since, ontology alignment has been jority of research outputs, i.e., arous&%, are pub- 40
the topics of numerous research studies, by which vari- |ished in conference venues. It is no surprise since 41
ous problems have been addressed. Figure 3 shows th&pe main venue for this eld is the ontology matching 42
number of research outputs from 2001 to 2018. Ac- workshop held in international semantic web confer- 43

cording to this gure, the number of outputs has been 4
steadily increased until 2008, when around 290 re- ence (ISWC), where there has been several papers a”dis

search articles are published. From 2008 up until 2013, posters along with thg allgnmer.n contests. Aside from 46
the number of publications has been approximately CONnference papers, journal articles comp2s&oof
the same, where the maximum number of outputs is the publications and are ranked as the following types g
in 2013 with 300 publications. From 2013, the num- ©f publication in ontology matching. Conference re- 49
ber of documents has experienced a steady decreaseyiews and book chapters are the other major types of so
where its minimum number reached in 2018 with 175 articles in this domain. 51

NN
o g
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Fig. 4. The types of documents published about ontology alignment on Scopus between 2001 to 2018.

4.2. Outputs in Top Percentiles Worldwide

In this subsection, the appearance of ontology align-
ment research outputs in top-cited and journal per-
centiles in the recent six years is explored.

We rst look into the ratio of ontology alignment
publications in the top-cited percentiles. In recent six
years, there are 60 publications in the @ most
cited publications worldwide. The distribution of these
top-cited articles in the recent six years is shown in
Figure 5, where the light color shows the percentile
in top 10% most cited and the dark color denotes the
percentile in top1% most cited articles worldwide.
According to this gure, ontology alignment research
outputs constitute one percefdt9%, and0:5% of the
top 1% most cited articles worldwide in years 2013,
2015, and 2017, respectively. At the same time, there
is no ontology alignment output in the td@6 most
cited for 2014 and 2016. Itis also readily seen that on-
tology alignment outputs forr:1%, 5:3%, and5:8%
of the top10% most cited article worldwide in years
2013, 2016, and 2018. Interestingly, although the out-
puts from 2016 and 2018, which have a considerable
amount of papers in the top0% most cited articles,
they do not have any in the td® most cited research
outputs worldwide. The top-cited articles in the recent

of the number of research outputs in the thh and
the top10% most cited articles.

We also analyze the share of ontology alignment
in the top journals by CiteScore. Figure 6 illustrates
the ratio of ontology alignment outputs in top journals
from 2013 to 2018. According to this gure, the on-
tology alignment share in the td@s6 journals is2:1%,
1:7%, 1:9%, and1:5%for 2013, 2015, 2017, and 2018,
respectively. Similarly, the share in the t&p% jour-
nals is13:8% as the highest, followed b$1:8% in
2014,9:9% in 2015, and9:2% in 2018. There are a

© 0O N O U~ W N P
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22

33

steady decrease and increase in publishing in the top34

10% journals from 2013 to 2016 and from 2016 to
2018, respectively.

4.3. Fundamental Disciplines to Ontology Alignment
In this section, we consider the disciplines that con-

tribute to ontology alignment. In this regard, we take
advantage of all science journal classi cation (ASJC)

35
36
37

used in Scopus and visualize the main areas along with 43
their subcategories that contribute to the growth and 44

evolution of the ontology alignment eld.

Figure 7-(a) displays the main subject areas con-

tributed to ontology alignment based on the publica-

tion data between 2001 and 2018. As expected, com-

45
46
47
48

six years are tabulated in Table 2. As expected, four of puter science is the area with the maximum num- 49
these articles are published in 2013 so that this year is ber of publications and constitut&% of the over-
considered the best year in the recent six years in terms all research articles. More in details, Figure 7-(b) dis- 51

50
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Fig. 5. The share of ontology alignment research outputs to th&%oand the topl0% most cited articles published in all disciplines.

Fig. 6. The share of ontology alignment research outputs to th&%oand the tol0% journals of all disciplines.
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Table 2 1

Five top-cited publications in ontology alignment in the recent six years. 2

Title Main Authors Year 3

1 Ontology matching: State of the art and future challenges Shvaiko, P., Euzenat, J. 2013
2 Ontology matching: Second edition Shvaiko, P., Euzenat, J. 2013 5
3 Ontology matching: A literature review Otero-Cerdeira, L., Raaiydez-Mart/mnez, F.J. 2015 6
4 | Scaling semantic parsers with on-the- y ontology matching Kwiatkowski, T., Choi, E., Artzi, Y. 2013 /
5 The AgreementMakerLight ontology matching system Faria, D., Pesquita, C., Santos, E. 201§»

plays the subcategories of computer science contribut- cording to this gure health informaticg70:5%), gen-

ing to ontology alignment. According to this gure,
general computer sciendeas the most of published
articles, followed bysoftware(12:2%), computer net-
works and communicatio(l1:8%), andinformation
systemg9:7%).

The second major discipline to the ontology align-
ment development imathematicswhich forms14:8%
of the overall research outputs. In particular, Figure 7-
(c) illustrates the subcategories of mathematics, which
indicates thatheoretical computer scienaeakes up
60:9% of the overall articles related to this category,
and it is followed bygeneral mathematic®:3%) and
modeling and simulatio(®:0%).

The third main area i®ngineering which forms
10:8% of all publications in this eld. More in details,
Figure 7-(d) displays the subcategories of engineer-
ing contributing to ontology alignment. According to
this gure, control and system engineerims29:7%
of publications and is followed bgeneral engineer-
ing (26:4%) andelectrical and electronic engineering
(20:4%).

Social science is another important area contributing
to ontology alignment, which constitut&8% of all
publications. Figure 7-(e) shows the subcategories of
social science which have the most share in ontology
alignment research outputs. According to this gure,
library and information systerhas the largest part of
publications, i.e.39:2%, andeducation(19:6%) and
linguistic and languagé16:5%) follow it.

Decision sciencéas3:3% of overall research out-
puts in ontology alignment. Figure 7-(f) shows tivat
formation system and managemé¢@8:3%), general
decision sciencg11:1%), and management science
and operations researctb:6%) are the subcategories
in this category with contributions to the development
of ontology alignment.

As the last subject area contributing to ontology
alignment,medicinemakes up2:5% of publications.
More in details, Figure 7-(g) displays the subcategories
of this area with the shares in research outputs. Ac-

eral medicine(8:2%), and medicine (miscellaneous)
(8:2%) are the subcategories with contributions to on-
tology alignment.

5. Research Collaboration in Ontology Alignment 17
18

The collaboration of researchers within an area 4
widens the impact and scope of the corresponding sci- 5
entic eld. As a result, it is of the essence to mon- 5,
itor, and even encourage, the collaborations between,,
different researchers and institutes all over the world. »3
In this section, the research collaboration in ontology 4
alignment is investigated. In this regard, we consider ,g
the collaboration between authors and countries and ¢
identify their most collaborative elements. We further ,;
analyze the trend of collaborations in recent years and ,g
academic-corporate collaborations in ontology align- 29
ment. 30
31

5.1. Author Collaboration 32
33

The collaborations among authors of ontology align- 34
ment are visualized in Figure 8 based on the bibliomet- 35
ric data 2001-2018. The authors in this graph are rep- 36
resented by nodes, where their size is proportionate to 37
the number of collaborative articles, and their color de- 3s
notes the average number of citations per publication 39
according to the collected data from 2001-2018. Also, 40
the thickness of each edge between two authors is com-41
mensurate with the number of collaborative publica- 42
tions of the authors at the two ends. 43
According to Figure 8, it is evident that the orga- 44
nizers of the OAEI have great partnerships, and the 45
most collaborative authors are also coming from this 46
community. In particular, J. Euzenat, P. Shvaiko, and 47
E. Jiminez-Ruiz have 82, 63, and 63 co-publications, 48
respectively, and lead the list of the author collabora- 49
tions. Table 3 tabulates the top collaborative authors so
in ontology alignment. In this table, the number of ar- 51
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(a) The main subject areas of ontology alignment.

(b) Subcategories of computer science (c) Subcategories of mathematics

(d) Subcategories of engineering (e) Subcategories of social science

(f) Subcategories of decision science (9) Subcategories of medicine

Fig. 7. The Disciplines and their associated subcategories contributed to ontology alignment.
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ticles co-authored with others, the total number of all

co-authors, and the average citation per paper are dis-

played in the rst to third columns, respectively. Ac-
cording to this table, J. Euzanat, P. Shvaiko, and C.
Trojahn have the maximum number of collaborations
in terms of the total number of co-authors.

Aside from the OAEI organizers, the developers of
AgreementMaker and AgreementMakerLight (AML)
[27], i.e., D. Faria, C. Pesquita, and I. Cruz, that are
positioned at the top of Figure 8, have signi cant col-
laborations with each other. Also, D. Faria is one of
the OAEI organizers, and along with C. Pesquita, have
several collaborations with the OAEI community as
well. Other members in this cluster have partnerships
solely with each other.

Another dense cluster is placed at the bottom left
of Figure 8. A closer look at the authors indicates that
they are mainly from China, and have few collabora-
tions with researchers outside of their country. The ex-
ceptions are S. Wang with 46, Juanzi Li with 48, and
Yingjie Li with 40 co-authorship, including collabo-
ration with other groups around the world. The main
reason of such collaborations is that they are mainly
studied outside of China, and had a better opportunity
for international collaborations. Other authors from
this community who had mainly collaborated intra-
nationally are Y. Wang with 44, J. Wang with 37, and
S. Zhang with 32 co-authorships.

The color of nodes in Figure 8 is proportionate to
the average number of citations, where nodes closer
to the yellow color have a higher number of citations
per paper. It is interesting to see that the OAEI orga-
nizers, who vastly collaborate with other researchers,
have the maximum citation average compared to oth-
ers. Based on Table 3, Shvaiko with 116.58 citations
per publication leads the author list in terms of aver-
age citations, followed by J. Euzenat with 70.92, and
A. Ferrara with 31.76 citations per paper. Another im-
portant point is about the Chinese community. Among

is a signal of eld evolution from a solitary enterprise
to an expanding social movement [39].

To further detect the communities of collaborations
in ontology alignment, the co-authorship network in
Figure 8 was subjected to a community detection algo-
rithm, and the major collaborative communities were
detected accordingly. There are quite a few commu-
nity detection algorithms [30], and we choose Lou-
vain algorithm [6], due to its speed, scalability, and
simplicity [11, 24]. It is also one of the most popular
community detection algorithms and has been imple-

mented in many software and programming packages 12

such as Gephi. Figure 9 plots the identi ed communi-
ties, where each community is depicted in a particu-
lar color. Six communities were identi ed by the algo-
rithm, two of which are quite signi cant and include
75% of all researchers in this domain, and are shown
in yellow and purple colors. The former is the OAEI
organizers who have created a very large community.
The thickness of edges of this network also indicates
that researchers in the OAElI community greatly col-
laborate with each other. The other dominant commu-
nity is the Chinese, in which the collaborations, though
not as signi cant as the OAEI community, are remark-
able. Also, this gure indicates that the collaborations
between Chinese and OAEI communities are not of
signi cance, and researchers primarily cooperate with
other researchers from the same community.

5.2. Country Collaboration

In this section, the collaborations between coun-

32

tries are discussed and visualized. Figure 10 displays 33
the co-authorship between different countries using a 34

graph. The nodes of this graph are the countries with
the size of node being proportionate to the number
of publications collaborating with other countries, and

35
36
37

the strength of the edge between each pair of countriesss

is commensurate to the number of publications written
jointly by authors of the corresponding countries. Ac-

39
40

these researchers, the authors who have collaborationscording to this gure, France, UK, Germany, the US, 41
with international communities have higher average ci- and Italy are respectively the top ve countries having 42

tations. This con rms previous studies that multina-
tional research collaboration are associated with in-

the most collaborative papers worldwide.
The top ve countries have the most collaborative

43
44

creased citations [39, 96]. In general, international re- research outputs together. For French authors of ontol-45
search collaboration is recognized as a means of culti- ogy alignment publications, the international collabo- 46

vating research quality, enhanced resource utilization,
and high impact [39, 83]. It also has indirect strategic,
economic, or political bene ts [34]. In fact enlarging

team sizes, increasing interdisciplinarity, and intensi-

ration is mostly with Germany (with3% share of all
collaborative research outputs), Italy2®0 and the US
(8%). For the UK, the co-authorship is most frequently
with Italy (14%), Germanyl13% and the US 11%).

47
48
49
50

fying ties across institutional and geographic borders German international co-authorships are mostly dom- s1
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Fig. 8. Collaborations of authors in ontology alignment based on the bibliometric data 2001-2018. The size of nodes is proportionate to2the

number of collaborative publications by the associated author, the color of nodes represent the average citations of authors per paper, apel the

thickness of each edge is commensurate with the number of collaborative articles of the authors at the two ends. 27
28

Table 3 29

The ontology alignment researchers with the maximum number of collaborative publications. The rst column tabulates the number of collag(%)

rative articles, the second column denotes the number of all collaborative researchers, and the third column is the average citation per publication.
31

Author # Co-authored Articles # All Co-authors  Average Citations 32
Euzenat J. 82 240 70.92 23
Shvaiko P. 63 205 116.58 34

Jiminez-Ruiz E. 63 168 16.86 35
Trojahn C. 59 204 13.98 6
StuckenSchmidt H. 59 177 18.95 37
Ferrara A. 56 163 31.76 a8
Meilicke C. 54 160 22.72 39

40

inated by collaborations with Franc&4%), the UK
(13%), and ltaly (2%). US international ontology
alignment collaborations are also most commonly with
the UK (12%), then with researchers from France
(10% and ltaly ©@%y). Italian ontology researchers
most frequently collaborate with researchers from the
UK (16%), then with colleagues from Franc&43%)

and Germany¥4%). In sum, these ve countries are
the most collaborative countries worldwide that mainly

cooperate with each other.

We further analyze the collaboration between coun- ,;
tries along with the number of their publications and ,,
citations they have received. In this regard, Figure 11 43
plots the collaboration between countries with the size 44
of nodes being proportional to the number of the publi- 45
cations of the country, while Figure 12 shows the same 46
graph with the size of nodes being commensurate to 47
the average number of citations per publication. Ac- 4s
cording to Figure 11, China has the maximum publi- 49
cations among other countries with 578 research out- 5o
puts forming aroun@0%of all ontology alignmentre- 51
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