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ARTICLE INFO ABSTRACT

Keywords: Robots have been developed as a result of the merging of various sophisticated technologies such as mechanical
Citation network analysis engineering, control systems, electronics, and software and they have played a significant role in automating the
Robotics manufacturing industry. However, their rate of introduction in service sectors, especially the medical and
izzzﬂslli‘:ﬁgconvergeme healthcare sectors, is much slower than expected. Technology convergence may be one of the keys to promote

the introduction of robots in new sectors e.g., the medical & healthcare sectors.

Technological relatedness including technology convergence has been measured by various methodologies
using citation network analysis, clustering, or technology similarity. Although these measurements could
identify the overall characteristics of technology convergence, more detailed analyses are required to identify
the specific patterns and instances of this convergence. The purpose of this research is first, to identify the
technology convergence more precisely than before by using a new methodology named “module-based mining
methodology;” second, to extract the patterns of technology convergence; and finally to examine the processes of
technology convergence in the field of robotics research. This study would enable researchers and policymakers
to achieve accelerated development of new products and services for new sectors including the medical and

Technological relatedness

healthcare market.

1. Introduction

Robot technologies have been developed as a result of the merging
of various sophisticated technologies such as mechanical engineering,
control systems, electronics, and software for approximately half a
century. Industrial robots, which have become indispensable intelligent
machines as a tool of factory automation, have been introduced rapidly
in various manufacturing industries such as automobile manufacturing
and electronics, and are expected to contribute to healthcare & medi-
care, autonomous vehicles, the construction & maintenance of large
infrastructure and plants such as bridges, tunnels, large buildings,
agriculture, and other service sectors.

In spite of high expectations, the implementation of robots in the
medical & healthcare, construction, rescue, and other service fields has
made much less progress than expected. In 2001, the Japan Robot
Association (JARA) estimated the size of the Japanese medical and
welfare market to be ¥260 billion (US$2.17 billion)’, (e.g., education,
home-based virtual training, entertainment-oriented rehabilitation
systems) and this was expected to become ¥1.5 trillion (US$12.5 bil-
lion) by 2010 (Japan Robot Association, (JARA), 2001). However, the
Ministry of Economy, Trade, Industry (METI) of Japan announced in
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2013 that the Japanese market for the use of robots in the service sector
in 2012 was estimated to be worth only ¥60 billion (US$0.5 billion)
(Ministry of Economy, Trade & Industry, Japan (METI), 2013).

The progress in the introduction of robot applications in these ser-
vice sectors is much slower than expected and lags far behind the rapid
introduction of robots and technology advancements of robotics to the
manufacturing industries such as the automobile and electronics in-
dustries. Since robot technologies are composed of various technolo-
gies, the progress of technology convergence and the process whereby
this occurs seems to be the key to promote the introduction of robots to
the service sectors and to create new markets for robots in these sectors
because technology convergence has been regarded as one of the in-
novation drivers. Since technology boundaries have become increas-
ingly unclear and new products and services have evolved from the
combination of different technologies, technology convergence be-
comes one of the key factors to drive innovation and develop new
products and services (Hacklin et al., 2009; Choi et al., 2015).

However, it is increasingly difficult, not only for researchers in the
academic and private sectors, but also for planners and developers of
new products and services in companies and policy makers in both
national and local governments, to comprehend technological
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advancements because of the speed of innovation and the uncertainty
as to the combinations that would lead to innovation. Especially in new
application and service areas for robots such as the medical and
healthcare sectors, it seems insufficient to combine robot technologies
with new scientific knowledge to address their needs and to overcome
the obstacles.

Advancements in bibliographic analysis and measurements of
technology similarity or relatedness enable us to detect and evaluate
emerging technologies. Technological relatedness including technology
convergence has been measured with various methodologies by using
citation network analysis, clustering, or technology similarity.
However, the larger amount of data is, the more complicated and dif-
ficult it is to extract and identify relations among technologies in detail.
More detailed analyses are required to identify specific patterns and
instances of technology convergence in cases in which technological
fields are relatively limited but varied within a certain area such as
robotics. This prompted us to introduce a new measurement metho-
dology we named “module-based mining methodology” to solve this
issue.

In order to proceed with this study, we need to address the problem
relating to multiple sectors being assigned to papers. Sectors were as-
signed to the journals in which papers were published rather than to the
papers themselves. This led us to propose a new methodology to fac-
torize the overlapped sectors into a single sector by additionally using
co-citation analysis to overcome the problem of overlapped scientific
sectors.

The purpose of this research is first to identify the technology
convergence more precisely than before, second to extract the patterns
of technology convergence especially in the medical and healthcare
research sectors, and finally to examine the processes of technology
convergence in several areas of the medical and healthcare sector.

This study is expected to enable researchers and policymakers to
identify instances of technology convergence in robotics research and
help accelerate the development of new products and services for ser-
vice sectors including the medical and healthcare market.

1.1. Citation network analysis

Citation network analysis has been conducted in various research
fields since Garfield, (1970) and Small (Small, 1973, 1977, 1980) in-
troduced the possibility of evaluating research papers.

Citation network analysis, which is a form of tech mining, is a
combination of scientific research methodologies such as information
retrieval, scientometrics, and content analysis. Tech mining has been
expanding into various research fields, including technology futures
analysis, research evaluation, and competitive intelligence
(Cunningham et al., 2006).

Tech mining has also been applied to determine or detect new
technologies, which is an important field to track emerging technolo-
gies, including citation network analysis (Tu and Seng, 2012). The
scientific performance of robotics of individual countries was measured
by applying tech mining to the robotics sector (Ghiasi & Lariviere,
2015).

For example, citation network analysis has been applied to various
research areas such as obtaining an academic landscape of innovation
research (Hashimoto et al., 2012) or sustainability science (Kajikawa
et al., 2007), identifying emerging topics (Small et al., 2014) detecting
and emerging research fronts in the field of regenerative medicine
(Shibata et al., 2011), finding a linkage between technology and a so-
cial issue, (Ittipanuvat et al., 2014) and measuring knowledge dis-
semination among different research fields (Nakamura et al., 2015).

In this study, citation network analysis is utilized for categorizing
papers, factorizing overlapped sectors into a single sector, and calcu-
lating and evaluating technology convergence.
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1.2. Technology convergence as a tool to drive innovation

As technology convergence has been regarded as one of the in-
novation drivers in recent decades, researchers in academia and in-
dustry have increasingly been conducting interdisciplinary research
and companies have been developing new products and services by
combining or merging different technologies into new technologies or
new applications. Governments in developed countries have introduced
policies and measures to promote technology convergence through
their various programs (Ministry of Economy, Trade & Industry, Japan
(METI), 2015; Yasnaga et al., 2009).

Researchers in the field of technology management have also in-
vestigated, analyzed, or examined the different aspects of technology
convergence (Jaffe, 1989; Curran et al., 2010; Curran & Leker, 2011;
Luan et al., 2013; Kim et al., 2014; Hacklin et al., 2009; Gauch & Blind,
2015; Yasnaga et al., 2009; Lee et al., 2015). As the definition of con-
vergence varies, some researchers have attempted to provide a com-
prehensive definition (Curran et al., 2010; Curran & Leker, 2011;
Karvonen & Kassi, 2013; Kim et al., 2015; Jeong et al., 2015) and
Curran et al. proposed to classify convergence into four categories:
science convergence, technology convergence, market convergence,
and industry convergence. Fusion has been used interchangeably in
most cases (Curran & Leker, 2011). Choi et al. (2015) classified con-
vergence into three categories: science convergence, technology con-
vergence, and industry convergence according to their levels and their
measurement methods. A previous study (Choi et al., 2015) categorized
24 studies related to convergence into science convergence, technology
convergence, and industry convergence and they classified them ac-
cording to five main methodologies, which were co-word analysis, co-
citation analysis, co-authorship analysis, co-classification analysis, and
input-output analysis.

The convergence of industrial technologies was studied in the ICT
industry (Curran & Leker, 2011; Hacklin et al., 2009), the knowledge
similarity between the automobile and aircraft industries as a complex
technology industry (Nakamura et al., 2015), and divergence and
convergence in the solar energy industry using the Jaccard similarity
index (Luan et al., 2013).

Some studies identified the convergence of robot technology using
patent network analysis (Lee et al., 2016), and analyzed the strengths
and weaknesses of robotics innovation systems among major countries
and regions (Ghiasi & Lariviere, 2015).

Concerning the measurements of technology similarity, technolo-
gical relatedness, or interdisciplinarity, several measuring methods
were proposed and utilized. Small et al. introduced the cosine distance
to measure the relationship between documents by the strength of co-
citation (Small, 1973, 1977). Tijssen conducted a quantitative assess-
ment of interdisciplinary structures in science and technology by co-
classification analysis in energy research. (Tijssen, 1992) Porter calcu-
lated the cosine values of different scientific sectors and proposed new
indicators for integration and specialization (Porter et al., 2007). Ley-
desdorff analyzed the interdisciplinarity in science and mapped scien-
tific journals (Leydesdorff, 2007a, 2007b; Leydesdorff & Rafols, 2009).
Key et al. visualized the overall technological distance (Kay et al.,
2014). Zitt et al. evaluated the normalization of citation performance
among different fields (Zitt et al., 2003).

Jaffe defined the technology proximities of firms and calculated
them by using the cosine distance of the classes of the Patent Office
(Jaffe, 1989). Brockhoff proposed analyzing the patent portfolios of
electronics manufacturers by using the cosine distance of the Interna-
tional Patent Classification (IPC) (Brockhoff, 1992). Boyack and Kla-
vans compared several similarity measurements such as Cosine, Jac-
card, Pearson, and evaluated their accuracies (Boyack et al., 2005;
Boyack & Klavans, 2010; Klavans & Boyack, 2006). Moya-Anegon et al.
proposed a technique for mapping scientific domains based on co-ci-
tation and by clustering scientific sectors (Moya-Anegon et al., 2004).

Within this paper, we use the term convergence to indicate a
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Fig. 1. Number of papers in robotics research.

blurring of boundaries between at least two hitherto disjoint areas of
science, technology, markets, or industries including fusion, as defined
by Curran & Leker, (2011). Technology convergence was extracted from
a large number of papers by first categorizing research papers into
clustering groups by Newman's clustering method, and this clustering
result was then applied to citation network analysis.

We refer to the procedure as “module-based mining methodology”
(hereinafter denoted the “MM Method”). This is because Newman's
clustering algorithm is used to categorize papers into characterized
groups as modules, thereby allowing the technology convergence to be
calculated on every module. As a result, the MM Method enables us to
dissect and assess the technology convergence more precisely.

1.3. Trends in robotics research

Fig. 1 shows the number of published research papers relating to
robotics. The data were retrieved from the Web of Science (WoS) with
the query “robot OR robotics” on October 10, 2016. This query re-
trieved 86,015 papers on robotics from the titles and abstracts. These
data included bibliographic information such as the title of the paper,
abstract, authors' names and affiliations, title of the journal, year of
publication, citation papers, and the scientific sectors. As shown in
Fig. 1, the number of papers started increasing in the 1980s and has
rapidly grown since the 2000s. Currently, more than 6000 papers are
published in the field of robotics each year.

The number of scientific sectors to which robot technologies are
applied has also been increasing. Until the early 1980s, the number of
scientific sectors covered by research papers in robotics was fewer than
10, but this number also started increasing in the 1980s and has been
expanding steadily. In the 2010s, robotics research covers over 100
scientific sectors.

Although the sectors related to robotics research have expanded
considerably to include wide-ranging fields, the relationship and its
linkages among the scientific sectors should be carefully studied. Major
scientific sectors in robotics research are engineering, robotics, com-
puter science, and automation & control systems. Medical sectors such
as surgery, urology & nephrology, and neuroscience & neurology are
emerging in robotics research, and have become major research fields
in robotics research.

The analysis was conducted on the sectors of Web of Science subject
categories and research areas. Both of these classification schemes are
journal-based and do not necessarily reflect the content of articles ex-
cept that the article was published in a journal, which was assigned to a
single scientific sector. In our analysis, approximately half of research
papers are allocated to a single scientific sector as shown in Table 1.
This paper also applies citation network analysis to solve this bother-
some issue.
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Table 1
Papers with sector data.

Papers (all) Papers (at least 10 papers per a

sector)
Overlapped # of all  Share # of # of papers Share # of
scientific papers  of sectors (= 10/sector) of sectors
sectors papers papers
1 sector 31,762 51.7 124 31,555 51.3 71
2 sectors 19,629 83.6 127 18,629 81.7 76
3 sectors 9481 99.0 109 9104 96.5 52
4 sectors 486 99.8 85 371 97.1 30
5 sectors 88 100.0 28 88 97.2 15
Total 61,457 100.0 58,108 97.2

1. Retrieving papers’ information from Web of Science

L
Module-based mining method (MM Method)

2. Conducting cluster analysis (Categorizing research papers)
T

A 7 Y

3. Factorizing overlapped 4. Calculating a citation matrix
scientific sectors > based on technology
into a single sector similarity measurements

#l

S. Analyzing technology convergence from citation matrices
in each cluster

v

6. Evaluating technology convergence in robotics research

Fig. 2. Research framework.

2. Methodology
2.1. Research framework

This study was conducted to identify the extent of technology
convergence in the fields of robotics research. The research framework
is shown in Fig. 2. First, we retrieved research papers on robotics from
the Web of Science. Second, we conducted cluster analysis on the re-
trieved data by using the fast clustering algorithm developed by
Newman, (2004).

This clustering process enabled us to identify the technology con-
vergence more precisely than before and to examine the technology
convergence and its transition in the field of robotics research.
Overlapped sectors assigned to papers were factorized into a single
sector, as described in Section 2.3, by applying co-citation relations to
the distribution of citation values into every single sector.

Third, we created citation matrices based on technology similarity
measurements such as Citation Rate, Cosine, and Jaccard (Jaffe, 1989;
Porter et al., 2007; Boyack et al., 2005; Klavans & Boyack, 2006). These
matrices were created every five years, and sectors with fewer than ten
papers were disregarded because fewer than two papers per year cannot
be considered as a sector of robotics research. Sectors with fewer than
ten papers throughout the entire period were also eliminated from the
analysis. (The procedure that was used for clustering and subsequently
calculating a citation matrix is named the “MM Method” as mentioned
in the introduction.)

Finally, based on the results, we analyzed the degree of technology
convergence in the field of robotics research from the values of citation
matrices, chronological trends of technology convergence in every ca-
tegory of clusters.
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Fig. 3. Procedure of citation network analysis.

2.2. Cluster analysis

First, research papers concerned with robotics are retrieved from
the Web of Science (WoS) with the query of “robot OR robotics” as
shown in Fig. 3(1). A research paper is regarded as a node and a cited
and citing relation is regarded as a non-directional link.

Before applying citation network analysis to papers on robotics, it is
necessary to eliminate papers that contain no citation from or to any
other papers and only the data of the maximum connected component
is used for the analysis. (Fig. 2(2)) Finally, the network is divided into
clusters using the topological clustering method (Fig. 3(3)) (Nakamura
et al., 2011; Shibata et al., 2011).

As a result, papers relating to robotics are categorized into clusters.
The bibliographic records of the papers retrieved as described above
were also collected from the WoS for the analysis. The network of cited
and citing papers is then divided into clusters in which papers are
densely connected by citations from papers. Networks in the same
cluster are visualized in the same color, as shown in Fig. 5. A fast
clustering algorithm developed by Newman (Newman, 2004) was used
for clustering.

The clustering algorithm is based on modularity Q, which is defined
as follows:

0=5[i-(%)]

where Ny, is the number of clusters, [ is the number of links between
nodes in cluster s, and d; is the sum of the degrees of the nodes in cluster
s. Because a high value of Q represents a good division, clustering was
terminated when AQ became negative. This approach enables effective
partitioning of a network into clusters.

In this way, 140 scientific sectors were extracted from papers on
robotics. These sectors, however, are journal-based and do not ne-
cessarily reflect the sectors of research papers because some journals in
which the research papers were published are assigned to multiple
sectors. The results in Table 1 show that 124 scientific sectors were
from journals that are assigned to a single sector.

Since research papers published in journals with a single-sector
account for only 51.7% of papers, overlapped sectors would need to be
divided into each single sector. We propose a new method to factorize
an overlapped sector into a single sector by applying co-citation ana-
lysis in Section 2.3. All the extracted papers were subjected to the
cluster analysis, because every paper contains information about the
cited and citing papers. On the other hand, sectors determined in the
citation analysis of the analyzing sector to contain fewer than ten

papers per sector were eliminated because some sectors have few pa-
pers. These should not be treated as robotics research papers yet. The
sum of the papers of which the sectors contain at least ten papers ac-
count for 97.2% of papers with information about sectors and 94.3% of
the total number of 61,616 extracted papers.

Major sectors include engineering, robotics, computer science, au-
tomation & control systems, surgery, and urology & nephrology, which
account for over 60% of all robotics papers. Because the remaining
sectors cover a very wide range of fields and are finely segmented, we
categorized them into a few sectors such as other engineering sectors,
other medical sectors, biotechnology, pure science, social science, and
culture-related issues, as in Table 2. This table includes all 140 sectors
extracted from the WoS database.

The trends according to which sectors were expanding were studied
in more detail by additionally utilizing the results of the citation net-
work analysis in this section. As mentioned in the introduction, re-
search papers form networks that represent the relationships among
citations, which can be used to analyze the relationships among sci-
entific sectors.

According to the bibliographic information available on the WoS,
each research paper belongs to either one or a few sectors. Cited and
citing papers can be assumed to have similar research topics and to
share common research knowledge.

2.3. Factorizing overlapped sectors into a single sector

Rather than assigning sectors to papers, they were assigned to the
journals in which these papers were published, as mentioned above.
Thus, we need to estimate which sectors among the overlapped sectors
are assigned to papers. We observed that papers were connected to one
another with citation relations. In a citation analysis, a co-citation is
defined as a relation of nodes that were co-cited by other common
nodes.

We have developed a new methodology to factorize the overlapped
sectors into a single sector by applying this definition of co-citation.
This factorizing method overcomes the issue of overlapped scientific
sectors and enables us to calculate the technology convergence between
individual sectors.

Fig. 4(a) shows the definition of citations that has been commonly
used in citation network analysis (Boyack et al., 2005; Klavans &
Boyack, 2006), and Fig. 4(b) describes the concept of dividing the
overlapped sectors into a single sector. If Paper As is placed in sector
SC1 and sector SC2 cited Paper Ss placed in sector SC1 and Paper Ts
placed in sector SC2, Paper Ss and Paper Ts have a co-citation relation
because Ss and Ts are co-cited by Paper As.
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Table 2
Sector categories for robotics research.
Category Sectors
Major engineering sectors Engineering
Robotics

Other engineering sectors

Major medical sectors

Other medical sectors

Biotechnology sectors
Pure science

Social science

Nature science
Culture related issues

Computer Science

Automation & Control Systems

Instruments & Instrumentation, Materials Science, Operations R ch & Mar 1t Science, Optics, Acoustics, Imaging Science &
Photographic Technology, Environmental Sciences & Ecology, Metallurgy & Metallurgical Engineering, Remote Sensing, Astronomy & Astrophysics,
Construction & Building Technology, Thermodynamics, Transportation, Spectroscopy, Polymer Science, Energy & Fuels, Mining & Mineral
Processing, Architecture, Microscopy, Food Science & Technology, Mechanics, Sport Sciences, Telecommunications, Information Science & Library
Science

Surgery

Urology & Nephrology

Neurosciences & Neurology, Oncology, Rehabilitation, Cardiovascular System & Cardiology, Obstetrics & Gynecology, Radiology, Nuclear
Medicine & Medical Imaging

, Orthopedics, Otorhinolaryngology, Respiratory System, General & Internal Medicine, Gastroenterology & Hepatology, Physiology, Research &
Experimental Medicine, Pharmacology & Pharmacy, Medical Informatics, Pediatrics, Medical Laboratory Technology, Health Care Sciences &
Services, Anesthesiology, Pathology, Transplantation, Dentistry, Oral Surgery & Medicine, Psychiatry, Geriatrics & Gerontology, Endocrinology &
Metabolism, Veterinary Sciences, Ophthalmology, Nursing, Public, Environmental & Occupational Health, Immunology, Anatomy & Morphology,
Legal Medicine, Hematology, Virology, Dermatology, Rheumatology, Infectious Diseases, Medical Ethics, Parasitology, Mycology, Tropical Medicine,
Allergy, Substance Abuse, Emergency Medicine, Toxicology, Audiology & Speech-Language Pathology, Life Sciences & Biomedicine - Other Topics
Biochemistry & Molecular Biology, Biophysics, Biotechnology & Applied Microbiology, Genetics & Heredity, Mathematical & Computational Biology,
Cell Biology, Microbiology, Evolutionary Biology, Developmental Biology, Marine & Freshwater Biology, Reproductive Biology

Mathematics, Chemistry, Physics, Meteorology & Atmospheric Sciences, Electrochemistry, Geochemistry & Geophysics, Entomology, Geography,
Nuclear Science & Technology, Crystallography, Paleontology, Plant Sciences, Physical Geography, Geology, Science & Technology-Other Topics
Psychology, Communication, Social Issues, Sociology, Anthropology, International Relations, Government & Law, Mathematical Methods In Social
Sciences, Biomedical Social Sciences, Women's Studies, Archaeology, Area Studies, Cultural Studies, History, Urban Studies, Biodiversity &
Conservation, Behavioral Sciences, Business & Economics, Education & Educational Research, History & Philosophy of Science, Nutrition & Dietetics,
Public Administration, Philosophy, Social Sciences-Other Topics,

Fisheries, Forestry, Oceanography, Agriculture, Water Resources, Zoology

Art, Film, Radio & Television, Linguistics, Music, Religion, Theater, Arts & Humanities-Other Topics

When n and m are the sums of the cited and citing number between
As and Ss and between As and Ts respectively, the number of papers of
As can be divided into Ss and Ts at the ratio of n:m. The citation
number, n, m are used to calculate the co-citation numbers between Ss
and Ts. These numbers should be distributed among the sectors such
that the total sum of the numbers does not change.

This formula can expand to any number of overlapped sectors as
long as the overlapped sectors cited a sector or sectors that are included
within overlapped sectors if the total sum of numbers remains the same.
However, if papers with overlapped sectors have no citations within the
overlapped sectors, this formula cannot be applied. In that case, papers
with overlapped sectors were eliminated from the analysis.

Figs. 5 and 6 are examples of how to distribute the number of

Bibliographic
coupling

published papers and citations of the originated papers with overlapped
sectors. If papers with overlapped sectors i had n; of subsectors within
the overlapped sectors, the sum of citations 2C; should be divided by
the (n; - 1) in order to maintain the total number of citations. (In the
case of Fig. 6), each co-citation number should be divided by 3 because
n; equals 4.

2.4. Measurement of technology convergence

Technology convergence has occurred through interdisciplinary or
collaborative research and interaction processes among different sci-
entific sectors. Under this premise, various measures have been used to
assess the technology similarity or technology relatedness such as

Paper ‘ Sl

Paper As
(SC1 +5C2)

Direct

citation n m

n:m
Paper Ss PaperTs
(SC1) < 9 (SC2)
Co-citation
Co-citation

(n+m)/rate

(a) Definition of citations

(b) How to factorize citations

Fig. 4. Definition and approach followed to factorize overlapped sectors.
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Fig. 5. Factorization of overlapped sector into a single sector.

Cosine, Jaccard, Pearson's r, and raw frequency (Jaffe, 1989; Porter
et al., 2007; Luan et al., 2013; Small, 1973, 1977; Boyack et al., 2005;
Boyack & Klavans, 2010; Kay et al., 2014; Zitt et al., 2003; Klavans &
Boyack, 2006).

We used the Citation Rate defined in this paper, and Cosine and
Jaccard that Klavans and Boyack defined in their analysis (Boyack
et al., 2005; Klavans & Boyack, 2006).

The measures are calculated as follows.

RAW = RAWj; = Cj + C; (i # )

=Gy Gi=j
(where Cj: the number that papers placed in i sector cited papers in j
sector)

Citation Rate:CRy;; = RAW;/(RAW; + RAW};) 2

Cosine:COS; = RAW;;/ [S;S;

(where Si = %;_1"RAWy)

Jaccard:JAC; = RAW};/(S; + S; — RAW)

First, each of the overlapped sectors was regarded as being in-
dependent from the others, and distributed to an adjacent matrix of
directed citations. Then, the adjacent matrix was transformed into a
matrix of RAWj;. Based on the matrix, the overlapped sectors were
factorized from the maximum overlapped sectors, five to a single sector
as the last step.

This calculation was conducted for every five years, the same as the
duration in Section 2.1. Finally, the degree of technology convergence
was calculated between sectors. We examined the entire paper and the
papers from Cluster #1 to #3, and evaluated the results of each group
of clusters.

~

# of citations

Sum of inner citations

Science
I \\

91*404/644 57

5
iﬂ

Engineering
(288)

283%57/644=25
-

From the outside Automation Control - o4 " T
sectors Systems + Robotics + # of papers |
Engineering | — i
(283) '
Computer # of citations

Co-citation

191
. o on on e un un oo o o on O
(57+149)/3=69

Automation
& Control
Systems
(67)

(34+149)/3=61

Automation &
Control Systems
+ Engineering

J

Fig. 6. Factorization of overlapped sector
In case of more than two inner sectors.
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Table 3
Cluster categories for robotics research.

# of cluster  Cluster name Nodes  Edges Average year

Robot total 61,616 343,429 2007.8

1 Robotics fundamentals 20,373 17,546 2008.4

2 Robot control systems 17,335 90,722 2005.8

3 Surgery & medical issues 11,318 85,631 2011.0

4 Human-robot interaction 3439 9806 2009.3

5 Systems for agriculture, food, 1695 3516 2002.4
etc.

6 Automation in biological & 1472 2735 2002.8
chemistry

7 Inspection 1151 2815 2010.5

3. Results

3.1. Results of cluster analysis

Table 3 and Fig. 8 present the results of the citation network ana-
lysis for papers in the field of robotics. A total of 61,616 papers were
extracted from the original set of 86,015 papers. The retrieved biblio-
graphic data included the names and affiliations of authors, title, name
of the journal, published year, abstract, and sectors of the journals. The
average year of publication is 2007.8. This indicates most research
papers were published in a recent decade and the number of published
papers has been accelerating although research pertaining to robotics
has been conducted since the 1960s and the industrial robot industry
has emerged since the 1980s, the boom in robotics and the automation
of manufacturing have spread rapidly.

Robotics research papers can be divided into three large clusters:
robotics fundamentals (Cluster #1), robot control systems (Cluster #2),
and surgery & medical issues (Cluster #3), in the order of descending
size. Cluster #3 is the youngest of the three clusters with an average
year of publication of 2011.0. Additional clusters are human-robot in-
teraction (Cluster #4, Average year: 2009.3), systems for agriculture,
food, etc. (Cluster #5, Average year: 2002.4), automation in the bio-
logical & chemical industries (Cluster #6, Average year: 2002.8), and
inspection (Cluster #7, Average year: 2010.5). Most of those after the
third cluster cover research into robotics applications. Papers from
Cluster #1 to #3 account for 79.6%, and those of Cluster #1 and #2
amount to 61.2%. The average years of publication of Cluster #5 and
#6 are relatively older than the other major clusters. That shows that
applications for agriculture, food, or chemistry were developed from
the early stage of robot development, but did not become the main
stream of robot development. Instead, surgery & medical issues (Cluster
#3) has grown rapidly since the mid-1990s.

Cluster #4 forms a group of research related to human-robot in-
teraction, which includes rehabilitation, therapy, or education using
robots, the social impact of robots, or the psychological influence on
humans. Rehabilitation related research papers are also included in
Cluster #2 as a robot application to utilize robots for a supporting or
training means of rehabilitation.

The number of papers on robotics research has been expanding as
mentioned in Section 2; however, the trends in the share of papers of
clusters are different from one another.

Although Cluster #1 and #2 have grown steadily and the share of
#1 and #2 reached almost 70% until 2000, it has declined gradually to
less than 60%. Instead, the share of Cluster #3 has grown rapidly since
the 1990s, as shown in Fig. 7.

Table 4 shows the distribution of published papers by sectors. It
should be noted that, in the figures, the sectors are not those of papers
but of journals. Since most of the individual sectors within overlapped
sectors are included in sectors that belong to journals assigned to a
single sector, we observe these figures for reference in this section.
When a citation matrix is calculated, overlapped sectors are factorized
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by the method proposed in Section 3.2.

According to Table 4, before 1980, only four sectors of engineering,
robotics, computer science, and automation & control systems covered
most robotics research papers, and account for 89.1% of all robotics
papers. Although these four sectors continue to remain major sectors of
robotics research and cover 63.2% at the present time, the medical and
healthcare sectors have grown to the second largest sector, and account
for approximately one quarter of all robotics papers. Other sectors,
including pure science, social science, and culture-related issues are
also increasing, and accounted for approximately 10% during 2011 and
2015.

The lower part of Table 4 presents the distributions of the scientific
sectors of Clusters #1 to #4. The shares of the engineering total in every
cluster have been declining since the 1990s, which is the same trend as
that of all papers. Those of cluster #1, #2, and #4 decreased from
92.6%, 96.6%, and 78.5% in 1991-1995 to 84.1%, 89.8%, and 62.4%
in 2011-2015, respectively.

As for cluster #3 (surgery & medical issues), the share of en-
gineering decreased from 36.0% in 1991-1995 to 10.3% in 2011-2015.
Instead, the total share of medical sectors increased from 61.8% in
1991-1995 to 87.2% in 2011-2015.

This shows that most research papers on surgery & medical issues
are concentrated in Cluster #3. The shares of papers on surgery, ur-
ology & nephrology, and in all medical sectors of Cluster #3 were
89.5%, 99.1%, and 69.3%, respectively.

3.2. Factorizing overlapped sectors and creating citation matrices

In Section 2.3, we propose an approach to factorize overlapped
sectors into a single sector. Fig. 9 presents an example of the calculation
of the values of overlapped sectors and their distribution into those of
the factorized sectors. The values in the rows and columns of SC6 re-
present RAWg; and RAW;e respectively. SC6 overlaps with the sectors of
automation control systems, robotics, and engineering. SC6 was citing
and was cited by SC4 (robotics), SC5 (engineering), SC7 (automation
control systems and engineering), and SC8 (automation control sys-
tems).

SC6 was cited by and was citing SC4, SC5, SC7, and SC8 to the
number of 404, 57, 149, and 34, respectively. The sum of these citations
is 644. Thus, the 644 citations of SC6 should be distributed into SC4,
SC5, SC7, and SC8 as a co-citation. As explained in Fig. 6, the co-cita-
tion number of each is calculated. The number 158 (RAWg¢) means
papers placed in SC6 were cited by and citing one another. The value of
RAWge should be distributed into RAW,4, RAWs5, RAW,», and RAWgg
according to the rate of the citation from SC6. The citation numbers of
SCs other than SC6 are also distributed according to the rate of the
citation from SC6.

Consequently, all citation values of SC6 are distributed into the
other sectors on condition that the sum of citations of SC6 remains
unchanged. These processes were continued until all of the sectors
became a single sector.

Table 5 contains the citation matrix of the top 10 sectors in the
number of citations in the term during 2011 and 2015 compared to the
citation matrix in the case of papers placed in a single sector. The
structures of the citation matrices are almost similar to each other;
however, the numbers of some sectors are significantly increased. These
are the four major engineering sectors, namely, robotics, engineering,
computer science, and automation control systems, and, surgery, ur-
ology & nephrology and obstetrics & gynecology. Papers placed in these
sectors were published in journals assigned to multiple sectors, and
were cited by and/or citing papers placed in these sectors, and then
calculated as co-citation relations. Figs. 10 and 11 show the citation
network graphs of the citation matrix of a single sector and the fac-
torized citation matrix. The size of nodes represents the number of
papers placed in each sector on a logarithmic scale. The width of edges
represents the values calculated with the formulae in Section 2.4.
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Fig. 7. Trends of robotics papers in each cluster.

The graphs in Figs. 10 and 11 were calculated by using the Citation
Rate, CR;. The structures of the citations are fundamentally similar to
each other as shown in the figures. There are two large groups namely
the engineering sectors group and the medical related group. The pair
consisting of neuroscience & neurology and rehabilitation seems to be a
bridge between the engineering group and the medical related group. In
both the engineering group and the medical related group, the re-
lationships among the major sectors (sectors with a large circle) in
Fig. 11 were stronger and tighter than the graph of the citation matrix
of a single sector in Fig. 10.

This is understood to mean that the factorizing overlapped sectors
constitute the co-citation relations among the overlapped sectors. As a
result, the relationships among these major sectors were intensified.

This seemingly reflects that journals assigned to multiple sectors
themselves accommodate or facilitate interdisciplinary and collabora-
tive research.

The results on the left in Table 6 are the values calculated using the
Citation Rate, Cosine, and Jaccard measures. These measurements
could almost detect a higher ranked pair of sectors; however, the values
of some pairs of sectors, which are the pair of general & internal
medicine and oncology, the pair of general & internal medicine and
gastroenterology & hepatology, and the pair of computer science and
neuroscience & neurology, become small compared to the values of the
Citation Rate. Especially, because Jaccard represents the share of the
citations compared to the sum of citations, the Jaccard values become
small if papers placed in the designated sectors were cited by and/or

Academic Landscape of Robotics Resea
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Key words: protein, sample,
throughput, high throughput,

| assay

17,335 papers, 2005.8 year
Key words: manipulatol
control, controller_§

#3 Surgery & MedicalISSHESS
11,318 papers, 2011.0 years
Key words: surgery, patient,

laparoscopic,

prostatectomy, surgical

1,695 papers, 2002.4 years
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20,373 papers, 2008.4 years
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mobile, localization,
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3,439 papers, 2009.3 years
Key words: human, social,
Interaction, child, human
robot

Fig. 8. Academic landscape of robotics research.
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Fig. 10. Convergence network (papers with a single sector) (2011-2015).

were citing papers placed in many other sectors.

The values of Cosine measurement are more meaningful than those
of Jaccard to some extent. According to the definition of Cosine mea-
surement, the distribution of citations could affect the values of Cosine
if the distribution of citations was diversified. Conversely, in some pairs
of sectors such as the pair of cardiovascular system & cardiology and
surgery, the pair of general & internal medicine and surgery, the pair of
oncology and urology & nephrology, and the pair of general & internal
medicine and urology & nephrology, the values of Cosine were greater
than the average of Cosine where the values of Citation Rate were

Fig. 11. Convergence network (after factorizing) (2011-2015).

smaller than the average Citation Rate as shown in Table 6.

The network graphs in Figs. 12 and 13 show the results calculated
by the Cosine and Jaccard measurements, respectively. The relation-
ships among the sectors remained in every network graph, but the ci-
tation network obtained by the Jaccard measurement is slightly dif-
ferent from those produced by the Citation Rate and Cosine
measurements. An overall network structure can be still detected by
Jaccard. Fig. 13 shows that three groups of sectors that were extracted,
i.e., the engineering sectors, the medical sectors, and the pair of neu-
roscience & neurology and rehabilitation, were the same as those
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the analysis of technology convergence.

3.3. Technology convergence in robotics research

The values of the citation matrix represent the relationship among
selected sectors and are regarded as technology relatedness or tech-
nology proximity. (Jaffe, 1989; Boyack & Klavans, 2010; Klavans &
Boyack, 2006) The degree of technology convergence can be estimated
from the values. If the degree of the values in all the papers corre-
sponded to the values in the clustered papers, a more precise indication
of technology convergence could be extracted. Table 6 lists the values
of citations between sectors for all the papers and the clustered papers
from Cluster #1 to Cluster #3 during 2011 and 2015 in descending
order. The values were calculated by using the Citation Rate, CR;;.

Most of the high-valued pairs of sectors in Clusters #1, #2, and #3
Fig. 14. Convergence network (Cluster #1) (2011-2015). appear in the values of sectors found in all the papers as seen in Table 6.
The order in which the values occur was also maintained fairly well
between them. The pairs of sectors in each cluster can be used to es-
timate the characteristics of the clustering groups. Furthermore, some
specific sectors have strong technological ties with one another within
the clusters. For example, the four major engineering sectors, robotics,
computer science, automation control systems, and engineering in
Clusters #1 and #2 constitute a complete graph, namely, it contains all
the nodes of the sectors connected with the other nodes. This is also
known as a clique. (Fortunato, 2010)

Rehabilitation, neuroscience & neurology, and general & internal
medicine in Cluster #2, and engineering, robotics, and computer sci-
ence in Cluster #3 also form a complete graph with the degree of three.
Surprisingly, surgery, urology & nephrology, oncology, general &

LifeSciences&Bio icine-Ot

extracted by the Citation Rate and Cosine measurements. Cosine de-
scribes the relationships among the sectors well, but the differences
among the values are smaller than those measured by the Citation Rate.
This rate represents the ratio of the number of citations between se-
lected sectors and the average number of own citations. Then, CR;s
always equal 1.0, but CR; may become more than 1.0 when the number
of citations becomes greater than that of own citations.

Because the Citation Rate, CR;;, represents the degree of technolo-
gical closeness between sectors, CR;; is the most appropriate measure of
technology convergence among the Citation Rate, Cosine, and Jaccard
measurements. Thus, the Citation Rate, CR; was used as an indicator in

10
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Table 4
Scientific sectors of robotics research papers.
Year Engineering Robotics Computer  Automation  Other eng. Eng. total Surgey Urology & Other  Med. total Bio-tech Others Total
science & control nephrology  med.
1980 25 0 20 4 8 57 0 0 1 1 0 6 64
39.1 0.0 31.3 6.3 12,5 89.1 0.0 0.0 1.6 1.6 0.0 9.4 100.0
1981-1990 666 452 333 380 372 2,203 2 0 67 69 35 239 2,546
26.2 17.8 13.1 149 14.7 86.6 0.1 0.0 2.6 2.7 1.3 9.4 100.0
1991-2000 3,441 3,148 3,091 2,752 1,357 13,789 160 23 600 783 252 1,131 15,955
21.6 19.7 19.4 17.3 8.6 86.5 1.0 0.1 3.9 5.0 1.5 7.0 100.0
2001-2005 2,363 2,413 2,834 1,778 1,059 10,447 477 182 1,107 1,766 315 1,153 13,681
17.3 17.6 20.7 13.0 8.0 76.6 3.5 1.3 8.2 13.0 2.2 8.2 100.0
2006-2010 4,020 3,588 3,178 2,493 2,197 15,476 925 1,005 2,495 4,425 428 2,162 22,491
17.9 16.0 14.1 111 10.0 69.1 4.1 4.5 11.1 19.7 1.8 9.4 100.0
2011-2015 7,124 5,634 4,564 3,656 4,363 25,341 2,150 2,030 5,496 9,676 651 4,483 40,151
17.7 14.0 11.4 9.1 11.0 63.2 5.4 5.1 13.7 24.1 1.5 11.1  100.0
(Unit: Upper row: the number of papers on Robotics/Lower row: %)
Year Engineering Robotics Computer  Automation  Other eng. Eng. total Surgey Urology & Other  Med. total Bio-tech Others Total
science & control nephrology  med.

Cluster #1 1961-1980 4 5 1 10 1 11
1981-1990 58 57 56 36 20 227 1 15 243
1991-1995 255 254 310 203 43 1,065 16 16 1 68 1,150
1996-2000 418 802 1,122 563 131 3,036 68 68 9 237 3,350
2001-2005 700 1,254 1,757 790 220 4,721 1 145 146 42 434 5,343
2006-2010 1,237 2,178 2,028 1,203 707 7,353 4 214 218 74 755 8,400
2011-2015 2,494 3,351 2,749 1,778 1,678 12,050 13 1 414 428 120 1,726 14,324
Cluster #2 1961-1980 8 2 2 3 15 1 16
1981-1990 357 320 148 300 165 1,290 3 3 40 1,333
1991-1995 887 684 408 709 347 3,035 13 13 95 3,143
1996-2000 1,039 952 612 947 413 3,963 33 33 5 137 4,138
2001-2005 1,083 769 578 764 416 3,610 1 158 159 12 147 3,928
2006-2010 1,648 911 628 971 679 4,837 9 607 616 33 270 5,756
2011-2015 2,823 1,469 985 1,405 1,296 7,978 12 1 1,143 1,156 85 778 9,997
Cluster #3 1981-1990 5 1 6 2 6 8 1 15
1991-1995 13 9 6 2 2 32 22 2 31 55 2 89
1996-2000 62 19 57 13 5 156 125 21 212 358 11 4 529
2001-2005 94 67 75 33 35 304 428 180 513 1,121 16 11 1,452
2006-2010 249 78 42 47 51 467 810 995 1,105 2,910 27 43 3,447
2011-2015 434 99 93 85 127 838 2,027 2,012 3,089 7,128 90 117 8,173
Cluster #4 1961-1980 3 3
1981-1990 21 6 5 5 7 44 7 7 15 66
1991-1995 43 29 21 14 17 124 19 19 15 158
1996-2000 81 80 74 51 11 297 16 16 43 356
2001-2005 124 146 187 73 37 567 39 39 5 84 695
2006-2010 266 204 216 104 115 905 7 4 118 129 14 328 1,376
2011-2015 454 427 380 128 239 1,628 2 289 291 35 655 2,609

internal medicine, and obstetrics & gynecology constitute a complete
graph of five degrees for the years 2011 and 2015.

In Cluster #3, surgery & medical issues, the medically related sec-
tors, have strong ties with each other for the years 2011 and 2015, and
some of the medical sectors such as surgery have begun developing
connections with the engineering sectors. For example, surgery has had
ties with engineering and robotics, and radiology, nuclear medicine &
medical imaging has connected with engineering.

Tables 7, 8, and 9 present the chronological trends of technology
convergence in Clusters #1, #2, and #3. Values below 0.05 were
eliminated from these tables, which indicate the way technology con-
vergence has developed in the field of robotics research. As shown in
Table 7, the technological trends of robotics can be observed. Since the
early 1990s, robotics research has introduced computer science and
automation control systems. The four major engineering sectors have
cited one another and have constituted one strongly connected research
group of robotics. For the most recent decade, new trends can be ob-
served. Robotics research has expanded the fields of human-related
issues because psychology and neuroscience & neurology are shown as
combination with computer science. Because the values of technology
convergence with neuroscience & neurology were not as large as those
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of the four engineering sectors, it cannot yet be foreseen whether
human-related research will expand. Fig. 14 shows a graph of the ci-
tation network of Cluster #1 for the years 2011 and 2015. The clique of
the four major engineering sectors can also be observed in this figure.
Table 8, which presents the chronological trends of Cluster #2,
implies a sign of more drastic changes in robotics research. Until the
early 2000s, the research domain of Cluster #2, robot control systems,
was almost the same as that of Cluster #1. Since 2006, neuroscience &
neurology and rehabilitation have produced a higher citation rate
among them, and the sectors of engineering and robotics have con-
nected with rehabilitation, neuroscience & neurology, or psychology.
This indicates that, in the most recent decade, robots for re-
habilitation have been researched and developed intensively. Since
rehabilitation aims to recover, regain, or improve motility and nerve
functions that have been lost or diminished, it is understandable that
these sectors have converged into Cluster #2, robot control systems. As
shown in Table 8, neuroscience & neurology and rehabilitation sud-
denly attracted a higher citation rate during 2006 and 2011, and no
sign of this trend was observed before 2006. This indicates that the
values of CR; did not always increase gradually, suggesting that fore-
casting emerging technology convergence from only the values of CRys



T. Kose, 1. Sakata

Technological Forecasting & Social Change xxx (xxxX) XXX—XXX

Table 5
Comparison of citation matrix between factorized and a single sector.
Factorized citation matrix # of original papers SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 SC9 SC10
SC1 Urology & nephrology 2011 15,457 43 3502 187 746 17
SC2 Robotics 4817 43 10,016 310 14,167 11,921 8677 1237
SC3 Surgery 1876 3502 310 7274 756 54 1373 71 121 1641
SC4 Engineering 4368 187 14,167 756 9295 5030 6531 527
SC5 Computer science 2576 11,921 54 5030 3488 3586 553
SC6 Meteorology & atmospheric sciences 195 1482
SC7 Obstetrics & gynecology 477 746 1373 2063
SC8 Automation & control systems 1744 17 8677 71 6531 3586 3623 129
SC9 Science & technology - other topics 595 1237 121 527 553 129 839
SC10 Otorhinolaryngology 279 1641 1766
Single sector's citation matrix SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 SC9 SC10
SC1 Urology & nephrology 1895 13,823 43 2869 155 441
sc2 Robotics 3084 43 8301 228 3224 2286 1237 650
SC3 Surgery 1278 2869 228 5681 409 49 785 121 273
SC4 Engineering 1729 155 3224 409 2043 506 327 195
SC5 Computer science 1249 2286 49 506 1773 264 289
SC6 Meteorology & atmospheric sciences 169 1129
SC7 Obstetrics & gynecology 335 441 785 1058
SC8 Automation & control systems 584 1237 327 264 600 50
SC9 Science & technology — other topics 477 650 121 195 289 50 359
SC10 Otorhinolaryngology 160 273 344

could be difficult.

Fig. 15 shows a graph of the citation network of Cluster #2 during
2011 and 2015. The sectors of rehabilitation and neuroscience & neu-
rology have the strongest ties with each other. On the other hand, the
four major engineering sectors constitute a clique, and are weakly
connected with rehabilitation and neuroscience & neurology. In the
near future, robotics for rehabilitation or healthcare will have emerged
and may show strong technology convergence among them.

The results in Table 9 may be used to estimate the way in which
robots for surgery and medical issues have been researched and de-
veloped. Until the early 2000s, no engineering sectors were displayed in
the table in contrast with Cluster #1 and #2. Namely, the surgery sector
was leading Cluster#3 throughout the period. Since 2006, engineering,
robotics, and computer science have begun emerging in Cluster #3, but
relations between surgery & medical issues and engineering sectors
have remained weak. Fig. 16 shows the graph of the citation network of
Cluster #3 during 2011 and 2015. In this case, the core sectors were
surgery, urology & nephrology, oncology, and obstetrics & gynecology.
During 2011 and 2015, the medical sectors were more closely con-
nected with one another and some engineering sectors such as en-
gineering, robotics, and computer science were connected with medical
sectors through the surgery sector.

4. Discussion

4.1. Obstacles to introducing robot technology into the medical & healthcare
markets

There are some reasons why robots have not found application in
the medical & healthcare markets as rapidly as expected. First, in the
medical & healthcare sectors, machines or equipment need to comply
with stringent safety regulations because they might endanger the lives
of human beings. Second, even if technologies were able to solve these
safety issues, private companies would refrain from developing new
technologies in the case of high development costs and a small market
size in addition to having to carry the risk posed to the lives of human
beings. Third, academic researchers, company executives, and devel-
opers who are experts in robotics are not familiar with the needs and
practices of the medical & healthcare sectors, and, conversely, experts
in the medical & healthcare sectors do not have robotics expertise.
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In the medical & healthcare sectors, before considering the safety of
machines or equipment and the market size and cost, it might be ne-
cessary to first address the third problem, namely the knowledge gap
between robotics and medical & healthcare. Although robotics research
in the medical & healthcare sectors accounts for a quarter of the total
papers on robotics, our research found that a close relationship between
the engineering sectors and medical & healthcare sectors did not always
exist. This study succeeded in revealing the existence of technological
gaps between robotics and medical research even though medical re-
search based on robotics has been conducted intensively in recent
decades. This fact may be one of the reasons for the much lower than
anticipated growth in the market for robots in the medical sector in the
subsequent decades. Therefore, measurement of the degree of tech-
nology convergence is meaningful and important to identify the ob-
stacles and to determine ways to overcome these obstacles.

4.2. Possibility to detect technology convergence

We aimed to identify technology convergence in the field of robotics
research by applying both citation network analysis and measurements
of technology similarity to estimate technology convergence by the MM
Method. The use of indicators after clustering makes it possible to
identify the trends in technology convergence more precisely, and to
extract the pairs of sectors in which technology convergence has oc-
curred. However, detecting and forecasting emerging technology con-
vergence only with the proposed methodology is insufficient.

Our approach offers the possibility to not only extract the re-
lationship among different scientific sectors but also to identify the
structures and characteristics of convergence among different sectors in
detail. The number of sectors has been increasing in the most recent
decade. Only a handful of specific sectors, such as robotics, engineering,
surgery, and rehabilitation, have had strong ties with one another,
whereas other medical sectors have had almost no connections with
engineering sectors although robotics research in the medical &
healthcare sectors has increased strongly. As collaborative research in
robotics encourages the implementation of new applications in medical
& healthcare, both sides in different sectors should communicate and
exchange their needs and problems.

These results need to be reviewed by experts and we need to con-
duct a more in-depth study of research structures in the research field of
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Table 6
Technology convergence of a pair of sectors (descending order).
Total Cluster #1
Sector 1 Sector 2 CR | cosine |jaccard Sector 1 Sector 2 CR
Robotics Computer Science 1.766 | 0.333 [0.189 Robotics Computer Science 1.884
Robotics Engineering 1.467 | 0.326 (0.193 Robotics Engineering 1.284
Neurosciences & Neurology Rehabilitation 1.419 0.351 (0.212 Robotics Automation & Control Systems 1.259
Robotics Automation & Control Systems 1.272 | 0.260 (0.138 Engineering Automation & Control Systems 1.153
Engineering Automation & Control Systems 1.011 | 0.219 |0.118 Computer Science Automation & Control Systems 0.937
Computer Science Automation & Control Systems 1.009 | 0.146 (0.078 Computer Science Engineering 0.869
Obstetrics & Gynecology Oncology 0.998 | 0.216 |0.121 Computer Science Neurosciences & Neurology 0.317
Engineering Computer Science 0.787 | 0.157 |0.083 Computer Science Psychology 0.286
Oncology General & Internal Medicine 0.729 | 0.035 |0.016 Psychology Neurosciences & Neurology 0.123
Surgery Gastroenterology & Hepatology 0.680 | 0.328 |0.112
Radiology, Nuclear Medicine & Medical Imaging | Oncology 0.671| 0.087 |0.030 Cluster #2
Surgery Oncology 0.565 | 0.202 |0.085 Sector 1 Sector 2 CR
General & Internal Medicine Gastroenterology & Hepatology 0.378 | 0.012 Robotics Engineering 1.846
Surgery Otorhinolaryngology 0.363 | 0.185 |0.068 Rehabilitation Neurosciences & Neurology 1.572
Urology & Nephrology Surgery 0.308 | 0.159 |0.086 Robotics Automation & Control Systems 1.461
Computer Science Psychology 0.299 | 0.097 [0.021 Robotics Computer Science 1.206
Surgery Obstetrics & Gynecology 0.294 | 0.123 |0.052 Engineering Automation & Control Systems 1.165
Computer Science Neurosciences & Neurology 0.289 | 0.058 |0.021 Automation & Control Systems Computer Science 0.895
Computer Science Mathematics 0.282 | 0.099 |0.019 Engineering Computer Science 0.687
Rehabilitation General & Internal Medicine 0.278 | 0.060 [0.029 Engineering Rehabilitation 0.386
Obstetrics & Gynecology General & Internal Medicine 0.249 | 0.079 |0.036 Rehabilitation General & Internal Medicine 0.296
Surgery Cardiovascular System & Cardiology | 0.213 | 0.153 |0.036 Neurosciences & Neurology General & Internal Medicine 0.213
Engineering Rehabilitation 0.193 | 0.078 |0.024 Robotics Mechanics 0.173
Surgery General & Internal Medicine 0.191] 0.103 |0.030 Engineering Neurosciences & Neurology 0.170
Otorhinolaryngology Oncology 0.162 | 0.038 |0.019 Robotics Rehabilitation 0.129
Neurosciences & Neurology General & Internal Medicine 0.153 | 0.027 |0.013 Engineering Mechanics 0.125
Urology & Nephrology Oncology 0.133| 0.100 |0.040
Engineering Neurosciences & Neurology 0.097 | 0.037 |0.012 Cluster #3
Surgery Engineering 0.091| 0.026 |0.013 Sector 1 Sector 2 CR
Urology & Nephrology Obstetrics & Gynecology 0.085 | 0.067 [0.028 Obstetrics & Gynecology Oncology 1.020
Robotics Mechanics 0.082 | 0.061 General & Internal Medicine Oncology 0.910
Surgery Neurosciences & Neurology 0.075| 0.030 |0.012 Engineering Robotics 0.899
Engineering Mechanics 0.068 | 0.052 Surgery Gastroenterology & Hepatology 0.649
Urology & Nephrology General & Internal Medicine 0.068 | 0.078 |0.022 Surgery Oncology 0.532
Cardiovascular System & Cardiology General & Internal Medicine 0.063 | 0.011 General & Internal Medicine Gastroenterology & Hepatology 0.439
Oncology Gastroenterology & Hepatology 0.060 Robotics Computer Science 0.431
Automation & Control Systems Mechanics 0.058 | 0.023 Surgery Otorhinolaryngology 0.350
Surgery Orthopedics 0.058 | 0.054 Urology & Nephrology Surgery 0.302
Robotics Psychology 0.053 | 0.035 Surgery Obstetrics & Gynecology 0.284
Obstetrics & Gynecology General & Internal Medicine 0.251
LEGEND Surgery Cardiovascular System & Cardiology 0.204
Background Color Surgery General & Internal Medicine 0.183
: grater than the average of values Engineering Radiology, Nuclear Medicine & Medical Imaging | 0.169
: only included in Cluster #1 Otorhinolaryngology Oncology 0.165
: only included in Cluster #2 Surgery Engineering 0.159
: only included in Cluster #3 Urology & Nephrology Oncology 0.133
Engineering Computer Science 0.119
Table 7
Chronological trends of technology convergence in Cluster #1.
1991- | 1996- | 2001- | 2006— | 2011—
1995 2000 2005 2010 2015
Automation & Control Systems — Robotics 1.590 2.252 1.339 1.259
Computer Science — Robotics 0.734 1.216 1.804 1.900 1.884
Automation & Control Systems — Computer Science 0.060 0.630 0.801 0.937
Engineering — Robotics 0.233 0.776 1.284
ComputerScience — Engineering 0.059 0.623 0.869
Automation & Control Systems — Engineering 1.243 1.153
Automation & Control Systems — Mathematics 0.098
Engineering — Mathematics 0.072
Computer Science — Neurosciences & Neurology 0.317
Computer Science — Psychology 0.286
Neurosciences & Neurology — Psychology 0.123
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Table 8
Chronological trends of technology convergence in Cluster #2.

1991- | 1996- | 2001- [ 2006- | 2011—

1995 2000 2005 2010 2015
Automation & Control Systems — Robotics 1.499 | 1.646 1.659 | 1.711 1.461
Engineering — Robotics 1.601 1.438 1.453 1.977 | 1.846
Automation & Control Systems — Engineering 0.966 | 1.312 | 1.271 1.618 | 1.165
Computer Science — Robotics 0.678 | 0.801 0.990 ([ 1.206
Computer Science — Engineering 0.573 [ 0.706 | 0.687
Automation & Control Systems — Computer Science 0.231 0.931 [ 0.895
Mechanics — Robotics 0.126 | 0.263 | 0.173
Neurosciences & Neurology — Rehabilitation 1.259 | 1.572
Engineering — Rehabilitation 0.291 0.386
Engineering — Mechanics 0.171 0.125
Engineering — Neurosciences & Neurology 0.138 | 0.170
Neurosciences & Neurology — Robotics 0.058 [ 0.059
General & Internal Medicine — Rehabilitation 0.296
General & Internal Medicine — Neurosciences & Neurology 0.213
Rehabilitation — Robotics 0.129
Automation & Control Systems — Mechanics 0.050

Table 9
Chronological trends of technology convergence in Cluster #3.

1996- | 2001- | 2006- | 2011-

2000 2005 2010 2015
Surgery — Urology & Nephrology 0.766 0.429 0.245 0.302
General & Internal Medicine — Surgery 0.509 0.173 0.051 0.183
Cardiovascular System & Cardiology — Surgery 0.768 0.204
General & Internal Medicine — Urology & Nephrology 0.119 0.066 0.068
Engineering — Robotics 0.675 0.899
Obstetrics & Gynecology — Surgery 0.216 0.284
Oncology — Urology & Nephrology 0.171 0.133
Engineering — Surgery 0.112 0.159
Engineering — Urology & Nephrology 0.056
Obstetrics & Gynecology — Oncology 1.020
General & Internal Medicine — Oncology 0.910
Gastroenterology & Hepatology — Surgery 0.649
Oncology — Surgery 0.532
Gastroenterology & Hepatology — General & Internal Medicine 0.439
Computer Science — Robotics 0.431
Otorhinolaryngology — Surgery 0.350
General & Internal Medicine — Obstetrics & Gynecology 0.251
Engineering — Radiology, Nuclear Medicine & Medical Imaging 0.169
Oncology — Otorhinolaryngology 0.165
Computer Science — Engineering 0.119
Obstetrics & Gynecology — Urology & Nephrology 0.085
Cardiovascular System & Cardiology — General & Internal Medicine 0.066
Gastroenterology & Hepatology — Oncology 0.065
Robotics — Surgery 0.052
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robotics. For example, Cluster #2, robot control systems, was a typical
research field for robotics until the early 2000s. However, since then,
rehabilitation and neuroscience & neurology have become the core
sectors according to the results in Section 3.3. This study only used the
bibliographic information from WoS as source of information about the
scientific sectors. Combining these results with information about the
authors and their affiliations, for example, would enable us to detect
technology convergence in the early emerging stage. Our approach may
help researchers and policymakers to identify technology convergence,
and to devise plans to develop new frontiers for robotics, not only in the
medical & healthcare sector but also in construction, logistics, agri-
culture, and other service sectors.

4.3. Facilitating technology convergence in the medical & healthcare sectors

In Section 3 we discussed our finding that most papers in the
medical & healthcare sectors shared their knowledge and outcome
within the same medical & healthcare sectors. It is often heard that
experts in robotics are not familiar with the medical & healthcare sec-
tors and vice versa. Although there are some obstacles to applying robot
technologies to the medical & healthcare sectors as already mentioned
above, first and foremost, it is necessary to facilitate technology con-
vergence between the engineering sectors and the medical & healthcare
sectors.

NEDO, the New Energy and Industrial Technology Development
Organization, Japan has formed a committee to stimulate inter-
disciplinary technology convergence and cross-sector discussion among
academia, government, and industry through the development of
technology roadmaps (Yasnaga et al., 2009). This method may be ef-
fective to eliminate the barrier between the engineering sectors and the
medical & healthcare sectors. As the next step to promote and realize
technology convergence between the engineering sectors and the
medical & healthcare sectors, an effective approach would be to con-
duct trials with the participation of interdisciplinary sectors to facilitate
the achievement of proof of concept of new products and services.

4.4. Limitation of the analysis

We only used information from research papers on robotics ob-
tained from WoS to study technology convergence in the fields of ro-
botics research, and extracted the data with the query “robot OR ro-
botics” from the titles and abstracts. We assumed that most of the
research on robotics was extracted. On the other hand, papers unrelated
to research on robotics might be included because these papers might
not use the words “robot or robotics” as their research theme. However,
it is supposed that a citation network would eliminate such papers or
categorize them as minor clusters.

The MM Method, which combines citation network analysis and the
measurement of technology similarity, could be an effective method to
identify the relationship among different sectors. However, commonly
shared sectors tend to increase chronologically: the more converged
sectors increase, the more difficult it is to study the detail of structures
and characteristics because the relationship among sectors becomes
more complicated.

In this analysis, aggregated data were utilized and the data re-
presented only the average trends of relationships among research pa-
pers. We need to focus on the individual bibliographic data of each
paper. In addition, this study utilized only the research data from WoS
and mainly data pertaining to the scientific sectors. This suggests that
using other bibliographic data such as countries, authors' names, their
affiliations, and their abstracts would enable us to obtain more precise
results, and that we cannot estimate the extent to which research on
robotics impacted the industrialization of robotics. An analysis of ro-
botics research in the medical and healthcare sectors would have to
include the PubMed database, which contains most of the medical and
healthcare research resources.
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5. Conclusion

Based on the results presented in this paper, this research approach
could extract the following important information:

(1) The combined use of categorizing by citation network analysis and
measuring technology similarity, an approach we named the “MM
Method,” made it possible to extract technology convergence more
precisely and effectively. This methodology enables the identifica-
tion of the characteristics of the relationships among different
sectors and their structures.

(2) The Citation Rate, CRy, which was introduced in this paper, is the
most appropriate measure of technology convergence among the
Citation Rate, Cosine, and Jaccard methods. Although all of these
measures could detect the most highly ranked pair of sectors, the
values of Cosine and Jaccard were not always able to detect tech-
nology convergence when papers placed in a certain sector cited
various kinds of other sectors.

(3) Convergence among the scientific sectors in the field of robotics
research has been expanding throughout the years. In particular,
the sectors of engineering, computer science, and medical &
healthcare sectors such as surgery, neuroscience & neurology, and
oncology collaborate with a broad range of scientific sectors.

(4) Despite the fact that the sectors of surgery and urology & ne-
phrology have grown and accounted for approximately 10% in
robotics research during the past five years, the convergence ex-
tracted by this analysis shows that the medical & healthcare sectors
mainly converged within the medical & healthcare sectors and
especially, the engineering sector and the surgery sector could fa-
cilitate convergence among different scientific sectors.

(5) Although rehabilitation is one of the medical sectors, research for
rehabilitation in robotics was conducted and has developed differ-
ently from the other medical and healthcare sectors. The sectors of
neuroscience & neurology and general & internal medicine have
strong ties with the rehabilitation sector according to the results in
Section 3.3.

(6) Overlapped sectors assigned to journals can be divided into a single
sector by factorizing which sector it was derived from by using co-
citation analogy. This formula consists of linear algebra, and then
matches the calculation of the matrix of citation network analysis.
The formula can be applied to any subgroup of papers that are
clustered from original papers.
In this study, we only used information of research papers on ro-
botics from WoS and analyzed aggregated data. These results are
summarized data of papers during a certain period, i.e., every five
years. Therefore, we would need to expand our study by focusing on
individual papers and by using patent information of robotics as
well. In order to identify the way in which individual papers have
influenced technology convergence among different sectors, we
would need to focus on the data that represent the characteristics of
individual papers as a future study.
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