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Abstract Big Data is a research field involving a large number of collaborating disci-
plines. Based on bibliometric data downloaded from the Web of Science, this study applies
various social network analysis and visualization tools to examine the structure and pat-
terns of interdisciplinary collaborations, as well as the recently evolving overall pattern.
This study presents the descriptive statistics of disciplines involved in publishing Big Data
research; and network indicators of the interdisciplinary collaborations among disciplines,
interdisciplinary communities, interdisciplinary networks, and changes in discipline
communities over time. The findings indicate that the scope of disciplines involved in Big
Data research is broad, but that the disciplinary distribution is unbalanced. The overall
collaboration among disciplines tends to be concentrated in several key fields. According
to the network indicators, Computer Science, Engineering, and Business and Economics
are the most important contributors to Big Data research, given their position and role in
the research collaboration network. Centering around a few important disciplines, all fields
related to Big Data research are aggregated into communities, suggesting some related
research areas, and directions for Big Data research. An ever-changing roster of related
disciplines provides support, as illustrated by the evolving graph of communities.
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Introduction

In recent years, researchers from many countries and governments have paid close
attention to Big Data research (Chen and Zhang 2014). While the excessive data resulting
from rapid information growth is bringing great benefits to many fields such as business,
science, and public administration (Savitz 2012a), it is proving difficult in its retrieval,
collection, storage, filtering/classification, analysis, sharing/providing, and security (Khan
et al. 2014).

As researchers studying the theories and technologies of Big Data make attempts to
apply them to various fields (Chen et al. 2014), researchers, institutions, and even national
governments agree that significant numbers of multidisciplinary collaborations are needed
to promote understanding and development of Big Data (Emani et al. 2015). Additionally,
the body of academic literature provides evidence that Big Data applications lie in many
scientific disciplines, and require experts from different fields to collaborate on many
complex theories, approaches, and techniques (Clarke 2016).

Disciplinarity refers to the degree of mastery over methodology and the capacity to
obtain, analyze, and employ specialized knowledge (Whitley 2000). But the exchange of
ideas across disciplines promotes the progress of science, and interdisciplinarity and cross-
disciplinarity have been buzzwords for the last few years, which are used to describe
contributions from and collaborations among several or more disciplines (Klein 1990). The
prevalent tendency is for disciplinarity to be substituted by interdisciplinarity (Klein 2000;
Jacobs and Frickel 2009). Interdisciplinary research is often perceived as a mark of
innovation, potentially more successful at making breakthroughs and generating outcomes
(Rafols and Meyer 2007). Big Data research, for example, is a kind of typical interdis-
ciplinary research field involved in many disciplines (Emani et al. 2015).

Although Big Data research has involved a large number of disciplines, how disciplines
collaborate to promote the development is still not well understood, including the structure
and patterns of collaboration among disciplines. This paper aims to address the paucity of
studies examining the interdisciplinary nature of Big Data research, whilst building on
some previous studies that mapped and visualized the interdisciplinary collaboration of
other fields, for example, Demography (Liu and Wang 2005), Cognitive Science (Ley-
desdorff and Goldstone 2014), and overall collaborations based on journal-journal cita-
tions (Leydesdorff et al. 2015). Additionally, this study aims to utilize the co-occurrence
data between Subject Categories (SCs) related to Big Data research to discover the
structure and pattern of the interdisciplinary network; its distribution and evolution over
time; and the structural communities of interdisciplinary collaboration. It will then visu-
alize these interdisciplinary networks. The results will help us explicitly understand the
multidisciplinary and interdisciplinary status and development of Big Data research.

Literature review

Background of Big Data research and development

Big Data is an emerging field of practice and it is a challenge to comprehensively define
Big Data in a way that is agreeable to all disciplines and in all contexts. Drawing on an

extensive review of literature, Kitchin (2014) summarizes the major characteristics of Big
Data as huge in volume, high in velocity, diverse in variety, exhaustive in scope, fine-
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grained in resolution and uniquely indexical in identification, relational in nature, flexible
in holding the traits of extensionality, and scalability. Big Data requires innovative tech-
niques and technologies to perform its capture, curation, analysis, visualization and
application (Casado and Younas 2015). Big Data research is considered to be of the top ten
critical technology trends for the next five years (Savitz 2012a), as well as being a top ten
strategic technology topic in 2013 (Savitz 2012b), and is considered one of the current and
future frontiers of research (Agrawal and Chawla 2015). The evolving nature and status of
Big Data research has been gauged via quantitative analysis of the proliferation of journal
articles about Big Data and increasing industries and research approaches involved
(Wamba et al. 2015), and joint efforts from academics, industries, and governments (Chen
et al. 2014; Khan et al. 2014).

More and more fields are involved in addressing Big Data problems, such as scientific
computation (e.g., Szalay 2011; Li et al. 2015), commerce and business (e.g., Olsson and
Bull-Berg 2015; Erevelles et al. 2016), and other research fields (e.g., Goes 2014; Offroy
and Duponchel 2016). Meanwhile, many industries and fields, with the development of
techniques and technologies for utilizing Big Data, have already become highly data-
driven, thus gaining many advantages and increasing operational efficiency (Khan et al.
2014). The innovative techniques of Big Data are also continually applied in various
disciplines and fields to obtain useful outcomes (Chen et al. 2012, 2014; Singh et al. 2015).

Previous efforts in revealing and understanding the status of Big Data
research

With publications on Big Data research proliferating in recent years, there have been
efforts to elucidate the status of research in the field. A majority of such efforts have been
devoted to qualitative reviews on Big Data research and development, including under-
standing fundamental concepts in Big Data research (e.g., De Mauro et al. 2014; Emani
et al. 2015), exploring the background and development trends (e.g., Chen et al. 2014;
Yacioob, et al. 2016), identifying related opportunities and challenges (e.g., Khan et al.
2014; Ekbia et al. 2015; Hilbert 2016), and recognizing applications and techniques (e.g.,
Al-Jarrah et al. 2015; Gil and Song 2016).

The status of Big Data research has been summarized on several fronts. First, Big Data
has gained broad ground with the exponential, explosive increase of data in various fields
through the aid of Information and Communication Technology (ICT), as well as valuable
innovation and development opportunities (Chen et al. 2014; Khan et al. 2014). Second,
Big Data research has been focused on theories and techniques which are considered its
main directions, such as cloud computing, storage systems, and tools for Big Data mining
and analysis (e.g., Chen and Zhang 2014; Emani et al. 2015). Third, the effective use of
Big Data not only brings opportunities but also challenges to research, enterprises, and
governments (Hilbert 2016). Big Data benefits intelligent decision-making and powerfully
enhances competitive abilities (e.g., Chen and Zhang 2014). On the other hand, existing
techniques or theories fail to process and analyze such immense data (Al-Jarrah et al. 2015;
Wu et al. 2015), and even present vulnerabilities in areas such as privacy, security, and law
(e.g., Bardi et al. 2014; Ekbia et al. 2015). The transformation and innovation of traditional
theories, techniques, and approaches are key topics in the development of Big Data (e.g.,
Kambatla et al. 2014; Fang et al. 2015).
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Disciplinary and interdisciplinary research

Interdisciplinary research (IDR), defined as the integration of disciplines within a research
field (Qin et al. 1997), has become more common in scientific research (Birnbaum 1981).
Although there are many terms, including inter-, multi-, trans- and cross-disciplinary;
interdisciplinarity is the current, widely used term describing a property of collaborative
research between, beyond, or across various disciplines, and for research spanning a
variety of academic disciplines (Rafols and Meyer 2007).

Many previous studies of interdisciplinary collaboration have examined the structure
and patterns of disciplines according to the research output of a field. First, researchers
relied on statistical methods and social network analysis to visualize or map the rela-
tionship of co-occurrence, citations, and other bibliometric data, and then categorized the
disciplines related to demography and revealed collaborative relationships (Liu and Wang
2005). Second, as noted in the aforementioned literature survey, the interdisciplinary
structure of a research field has been mapped through journal citation analysis (e.g., Small
2010; Chi and Young 2013) to discover the collaboration of major disciplines and their
relationships over time. Researchers studied the distribution and network of disciplines
through the articles’ references, to map and evaluate interdisciplinarity (e.g., Rafols and
Meyer 2007, 2010). More importantly, Leydesdorff and his team also explored interdis-
ciplinary research, as shown through cited journal maps (Leydesdorff et al. 2013, 2015).
These studies provide relationship structures and patterns using a variety of interdisci-
plinary network maps, and even illustrate their dynamic evolution over time (Leydesdorff
and Goldstone 2014).

Rationale for this study

The rapid growth in data size and scope, coupled with currently limited theories and
techniques, has created a need for multidisciplinary collaboration among disciplines such
as Mathematics, Computer Science, Engineering, and Social Sciences. Previous research
and development has shown that Big Data research has become a multidisciplinary and
interdisciplinary research field that involves a large number of disciplines. Additionally, an
interdisciplinary approach has been noted and considered beneficial to advance Big Data
research. For example, Computer Science, Engineering, and Statistics are three main
disciplines contributing their respective approaches to Big Data models and algorithms
(Fang et al. 2015).

Although previous efforts offer great insights into the status and development of Big
Data research, a study revealing the specific structure and patterns of interdisciplinary
collaboration in Big Data research is still lacking. To fill this gap in the literature, this study
aims to map the interdisciplinary collaboration network of disciplines related to Big Data
research, which could help researchers grasp the status and development of research
collaboration among disciplines. Specially, this study addresses the following three
research questions:

(1) What is the overall distribution and collaboration structure of related disciplines in
Big Data research?

(2) What are the research communities formed from the interdisciplinary
collaborations?

(3) What is the evolving tendency of interdisciplinary collaboration in Big Data
research over time?
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Methodology
Data collection and sample

The Web of Science (WoS) Core collection database was chosen as the source for literature
related to Big Data research. During exploratory topic searches for related literature, it was
observed that WoS did not include “Big Data” as its controlled vocabulary term in the
Keywords Plus field, and that many records included “Big Data” in the abstract and/or
author-provided keywords (DE field) simply as a general research background while the
research itself was not about Big Data. Therefore, our sample searches revealed that
combining title and author keywords turned out to be the most relevant indicator in
identifying related research on Big Data.

The sample used in this study was retrieved from the WoS core collection and filtered
using “Big Data” in both the title and author-provided keywords (DE) fields; for maximum
recall, the timeframe covered the years from 1950 to 2015; and it included the document
types of Article, Review, and Proceedings. The initial sample contained 1935 papers. After
review, four records without SC data were excluded, leaving a final sample of 1931 papers,
with the earliest published in 2004.

Methods and tools

For the purpose of the present study, we adopted the approach of using the subject cate-
gories (SCs) of publications in WoS as the basis for constructing the co-occurrence net-
works of disciplines, and to analyze and visualize the interdisciplinary collaboration
networks (Rafols and Meyer 2010; Bjurstrom and Polk 2011). Specifically, the SC, used as
disciplinary categories, is an accurate and simple unit of analysis to describe the disciplines
involved in a research field (Rafols and Meyer 2010; Taskin and Aydinoglu 2015).

The co-occurrence methodology (Small and Griffith 1974; Coulter et al. 1998; Ding
et al. 2001) serves as the basis of this study to associate different disciplines, i.e., SCs. Its
effectiveness in identifying and revealing the underlying collaborative structure and pat-
terns of terms (keywords, journals, authors, etc.) has been proven by many previous studies
in other fields (e.g., Grauwin and Jensen 2011; Hu et al. 2011; Catala-Lopez et al. 2012).

First, in order to obtain the co-occurrence data representing the collaborative rela-
tionship between disciplines (co-discipline data), bibliographic data was downloaded from
WoS and imported into SCI2 (Boerner 2011), which is an effective and widely used
software application for network analysis and the visualization of scholarly datasets. Then
a new file (.nwb) reflecting the co-discipline network was generated. In the data, nodes
represent disciplines, with a corresponding number of occurrences, while relations between
those disciplines are presented as links, with their number of co-occurrences. Note that a
link equals two different disciplines co-occurring on at least one paper. This co-discipline
data was then exported in formats to be read by Pajek software, which can better calculate
network indicators and generate initial network maps.

Second, after generating the interdisciplinary network between disciplines, we used
SCI2 to exclude isolated nodes, as unconnected, nonrelated SCs cannot reflect interdis-
ciplinary research (Leydesdorff et al. 2013, 2015). The largest component of the inter-
disciplinary network was then extracted for further analysis, using Pajek for the calculation
of network indicators (such as degree, density, centrality, etc.) (Doreian et al. 2013).
Network indicators are useful for identifying the overall structure and pattern of the
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research collaboration network (Yan et al. 2010), and for understanding a discipline’s
attributes, such as their power, stratification, ranking, and inequality in the network
(Wasserman and Faust 1994).

Third, community structure, reflecting the clustering of disciplines, was detected using
the Louvain algorithm (Blondel et al. 2008) in Pajek. An overall network graph of the
interdisciplinary community, representing every year studied, was exported from Pajek to
VOSviewer (van Eck and Waltman 2010) to conduct visualization. Additionally, network
indicators of the largest network component reflect the overall status of interdisciplinary
research, as well as of individual disciplines, in Big Data research. This approach also
explicitly illustrates the interdisciplinary network and relations between involved disci-
plines. Cortext was used to visualize the evolution of individual disciplines and interdis-
ciplinary communities, allowing for a layout of the dynamics as depicted by tubes in an
alluvial model (cf. Rosvall and Bergstrom 2010). This method displayed developments
within networks (Leydesdorff and Goldstone 2014).

Results
Disciplines involved in Big Data research

In this study, 109 disciplines are identified, and their statistical data is listed in Table 1. In
Big Data research, the number of papers, disciplines and their co-occurrences are
increasing over time; but the average number of disciplines involved with each paper only
slightly varies, and generally only involves one or two disciplines.

Table 2 lists the top 39 disciplines involved in Big Data research, each with greater than
ten occurrences. The leading disciplines are Computer Science, Engineering, Telecom-
munications, Business and Economics, Social Sciences, Information Science and Library
Science, Education and Educational Research, Automation and Control Systems, Opera-
tions Research and Management Science, and Mathematics. The two largest disciplines,
Computer Science and Engineering, account for 55.67% of the total occurrences of dis-
ciplines. The second-tier of disciplines, having published at least 60 papers related to Big
Data research, are Telecommunications, Business and Economics, and Social Sciences.
Information Science and Library Science, Education and Educational Research,
Automation and Control Systems, Operations Research and Management Science, Math-
ematics, and Materials Science are also key disciplines. These top ten disciplines con-
tribute 74.8% of all discipline occurrences, demonstrating an unbalanced distribution in
Big Data research.

Table 1 The basic statistics of sample papers and SCs over time

Year Number of ~ Number of discipline Number of unique Mean disciplines in
papers occurrences in papers disciplines each paper
2004-2011 12 16 12 1.33
2012 75 114 20 1.52
2013 434 700 54 1.61
2014 642 977 76 1.52
2015 758 1218 91 1.59
Overall 1931 3023 109 1.57
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Table 2 39 disciplines with greater than 10 occurrences involved in Big Data research

Rank Discipline The Rank Discipline The
number of number of
occurrences occurrences

1 Computer Science 1161 21 Robotics 25

2 Engineering 522 22 Energy and Fuels 20

3 Telecommunications 155 23 Remote Sensing 18

4 Business and Economics 93 24 Biotechnology and Applied 17

Microbiology

5 Social Sciences 60 24-tie  Chemistry 17

6 Information Science and 49 26 Genetics and Heredity 15
Library Science

7 Education and Educational 47 26-tie ~ Mathematical and 15
Research Computational Biology

8 Automation and Control 46 26-tie  Psychology 15
Systems

9 Operations Research and 43 29 Geography 14
Management Science

10 Materials Science 42 29-tie  Geology 14

10- Mathematics 42 29-tie  Imaging Science and 14

tie Photographic Technology

12 Government and Law 39 32 Biochemistry and Molecular 13

Biology
13 Science and Technology 36 32-tie  Neurosciences and 13
Neurology
14 Health Care Sciences and 35 32-tie  Research and Experimental 13
Services Medicine

15 Medical Informatics 35 35 Pharmacology and Pharmacy 12

16 Optics 34 35-tie  Sociology 12

17 Public Administration 31 35-tie  Transportation 12

18 Environmental Sciences and 28 38 Mechanics 10

Ecology
19 Physics 27 38-tie  Physical Geography 10
20 Communication 25

Network analysis of interdisciplinary collaborations
Descriptive statistics

Table 3 provides descriptive statistics about the interdisciplinary collaboration networks in
Big Data research. First, the largest network components, overall and for individual years, are
a high proportion of the entire interdisciplinary network; and the scale of interdisciplinary
collaboration grows annually. However, the average degree and density changed little from
2013 to 2015. Second, Fig. 1 shows the evolution of network indicators. It is noted that
density of interdisciplinary collaboration networks, measuring the closeness degree of con-
nections, is very low, indicating weak collaboration between disciplines in Big Data research.
The network betweenness centralization, measuring the degree of dependence on one or some
nodes that could play a bridging role, is decreasing annually and the overall is the lowest. This
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Table 3 Descriptive statistics of interdisciplinary collaboration networks

Year Number of nodes Number of lines Average degree Density
2004-2011 3 2 0.6667 0.0606
2012 8 8 1.3 0.0684
2013 36 54 2.2222 0.0419
2014 51 111 3.1316 0.0418
2015 61 142 3.2088 0.0357
Overall 86 231 43119 0.0399
0.7 1 - 8 —e—Density
—&— Network all degree
0.6 - -7 centralization
0.5 r 0 —a—Network all
— s closengss _
04 | - centralization
“w L 4 —>— Network

betweenness

0.3 1 e
’/(—__*—/* L 3 centralization

02 —¥— Network clustering

’ ¢ \ L2 coefficient

0.1 1 ° L —o— Communities

Average degree

2012 2013 2014 2015 Overall

Fig. 1 The evolution of network indicators of the largest component of interdisciplinary in Big Data
research networks during 2012-2015 and all years: network indicators (left axis) and the number of
communities (right axis)

indicates that indirect links through a third discipline are fewer than direct ones between
disciplines, and also proves weak interdisciplinary collaboration in Big Data. Therefore,
betweenness centrality could be used as an indicator to measure the interdisciplinarity of an
individual research field (Leydesdorff 2007). The high level of degree centralization and
closeness centralization, respectively measuring the aggregation and independent degrees
connecting other nodes (Wasserman and Faust 1994), is indicative of interdisciplinary
research in Big Data tending to be centralized, and denoting significant differences between
groups or individual disciplines (Khan et al. 2011). That is to say, the majority of disciplines
are closely connected to a few powerful disciplines, and any two disciplines are relatively
independent unless they are clustered into one group. Most of the interdisciplinary networks’
clustering coefficients, measuring the possibility of being divided into groups, are at the
0.2-0.3 level, indicating two disciplines are more likely to collaborate and cluster into one
group (Yan et al. 2010). The results of community detection echo those of the clustering
coefficient, as about six or seven communities are detected in this collaboration network.

Network characteristics of individual disciplines

The network centrality of individual nodes represents the position and capacity that could
dominate collaboration in the whole network (Rafols and Meyer 2007). Taking the number
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of occurrences and sum of the indicators for each discipline, those important in interdis-
ciplinary networks were selected. With high degree centrality, Computer Science, Engi-
neering, Social Sciences, Business and Economics, and Automation and Control Systems
represent the central disciplines directly connected with others. In the whole interdisci-
plinary network, they tend to have both a greater capacity and possibility to influence other
disciplines. In a view of closeness centrality (Freeman 1979), the distance of Computer
Science, Engineering, Automation and Control Systems, Business and Economics, and
Mathematics to any other discipline in the interdisciplinary network is short; they are more
powerful and lead distinct communities. Different from degree centrality and closeness
centrality, the top ten disciplines with high betweenness centrality are more diverse but not
as focused. These disciplines play the role of connecting different disciplines and com-
munities, such as Computer Science, Engineering, Business and Economics, Information
Science and Library Science, and Social Sciences. Although Big Data research is con-
centrated in Computer Science, Engineering, and Business and Economics, etc., these
disciplines with high betweenness centrality connect more extensively with others, sug-
gesting some shared interests with other disciplines.

Figures 2, 3, and 4 summarize the developments of the selected top five disciplines in
terms of degree centrality, closeness centrality, and betweenness centrality. The devel-
opment of degree centrality and closeness centrality is similar, while that of betweenness
centrality has fluctuated widely. It indicates that the central disciplines in Big Data are
relatively the same and are connected to many of the other disciplines. Disciplines playing
the “bridge” role connecting any other two disciplines vary at different times. Taking
various factors into consideration, Computer Science, Engineering, and Business and
Economics prove to be the three most important disciplines in Big Data research. They are
central in the interdisciplinary network and connect the entire collaboration network.

Interdisciplinary collaboration communities

Interdisciplinary collaboration communities detected in Big Data research are shown in
Table 4. These results also prove the above conclusions that distinct interdisciplinary
communities exist, led by a few central and important disciplines such as Computer
Science, Engineering, Business and Economics, Social Sciences, Automation and Control
Systems, Mathematics, Chemistry, Information Science and Library Science, and

Degree centrality

40 1 —o— Computer Science
35 A
—— Engineerin
30 - g g
25 A
Social Sciences
20 A
15 - . .
—%— Business & Economics
10 A
51 —#%— Automation & Control
0 . . . Systems

2013 2014 2015 Overall

Fig. 2 Summary of the degree centrality of top five disciplines over the years
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Closeness centrality

0.70 - —o— Computer Science

0.65 A

0.60 - —#— Engineering

0.55 A .
/./I\. Automation &

0.50 A Control Systems

045 1 v —%  —< Business &

0.40 A Economics

0.35 A —¥— Mathematics

0.30 T T T )

2013 2014 2015 Overall

Fig. 3 Summary of the closeness centrality of top five disciplines over the years

Betweenness centrality C ter Sci
—o— Computer Science

0.70 1

0 —#— Engineering

0.50 A

040 1 Business &

0.30 A Economics

0.20 A —— Information Science
& Library Science

0.10 +

0.00 = : x ——x —H— |SOCial Sciences

2013 2014 2015 Overall

Fig. 4 Summary of the betweenness centrality of top five disciplines over the years

Biochemistry and Molecular Biology. The number of interdisciplinary collaboration
communities ranged between six and seven overall, indicating that interdisciplinary
research in Big Data tends to be mature and stable.

Visualization of the interdisciplinary collaboration in Big Data research

The largest components of these networks, including distinct communities, have been
visualized to display the interdisciplinary collaboration in Big Data research. These maps
are displayed as Figs. 5, 6, 7, 8 and 9, and include the years from 2012 to 2015 as well as
the overall interdisciplinary network. In these maps, disciplines and their relationships are
shown clearly and sized proportionally, demonstrating that connections between disci-
plines within each community are closer than those between communities.

Several disciplines, each leading distinct community, are positioned centrally on the
map. The remaining disciplines concentrate into one community due to their collabora-
tions. In accordance with the results above, disciplines including Computer Science,
Engineering, Business and Economics, and Mathematics prove central to the whole net-
work, with a larger number of occurrences and co-occurrences. They respectively lead
larger communities, with other disciplines connected to them.
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Table 4 The interdisciplinary collaboration communities of Big Data research (2012-2015)

Year Community Number of Representative disciplines
disciplines
2012 C1-2012 6 Computer Science; Engineering; Physics; Operations Research and
Management Science
C2-2012 2 Information Science and Library Science; Business and Economics
2013 C1-2013 12 Computer Science; Engineering; Telecommunications; Optics;

Operations Research and Management Science

C2-2013 11 Business and Economics; Information Science and Library
Science; Government and Law; Psychology; Education and
Educational Research

C3-2013 6 Geology; Remote Sensing; Automation and Control Systems;
Imaging Science and Photographic Technology; Physical
Geography

C4-2013 3 Medical Informatics; Health Care Sciences and Services; General
and Internal Medicine

C5-2013 2 Materials Science; Mechanics

C6-2013 2 Environmental Sciences and Ecology; Construction and Building
Technology

2014 C1-2014 11 Computer Science; Engineering; Telecommunications;

Automation and Control Systems; Physics

C2-2014 17 Business and Economics; Health Care Sciences and Services;
Education and Educational Research; Communication;
Information Science and Library Science

C3-2014 9 Public Administration; Government and Law; Remote Sensing;
Agriculture; Sociology

C4-2014 5 Materials Science; Energy and Fuels; Environmental Sciences and
Ecology; Mechanics; Construction and Building Technology

C5-2014 7 Science and Technology; Mathematics; Chemistry; Pharmacology
and Pharmacy; Instruments and Instrumentation

C6-2015 2 Optics; Astronomy and Astrophysics

2015 C1-2015 12 Computer Science; Engineering; Telecommunications; Operations

Research and Management Science; Automation and Control
Systems

C2-2015 18 Social Sciences; Business and Economics; Education and

Educational Research; Government and Law; Information
Science and Library Science

C3-2015 12 Mathematics; Medical Informatics; Biochemistry and Molecular
Biology; Biotechnology and Applied Microbiology;
Mathematical and Computational Biology

C4-2015 7 Environmental Sciences and Ecology; Optics; Geography; Remote
Sensing; Physical Geography

C5-2015 5 Physics; Chemistry; Pharmacology and Pharmacy; Instruments
and Instrumentation; Electrochemistry

C6-2015 5 Cardiovascular System and Cardiology; Surgery; Neurosciences
and Neurology; Transplantation; Respiratory System

C7-2015 2 Psychology; Music
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Table 4 continued

Year Community Number of Representative disciplines
disciplines
Overall CI-Overall 15 Computer Science; Engineering; Telecommunications;

Automation and Control Systems; Operations Research and
Management Science

C2-Overall 30 Business and Economics; Social Sciences; Information Science
and Library Science; Education and Educational Research;
Government and Law

C3-Overall 19 Mathematics; Science and Technology; Physics; Chemistry;
Mathematical and Computational Biology

C4-Overall 6 Materials Science; Environmental Sciences and Ecology; Energy
and Fuels; Geography; Mechanics

C5-Overall 10 Biotechnology and Applied Microbiology; Genetics and Heredity;
Research and Experimental Medicine; Oncology; Cardiovascular
System and Cardiology

C6-Overall 3 Medical Informatics; Health Care Sciences and Services; General
and Internal Medicine

C7-Overall 3 Remote Sensing; Imaging Science and Photographic Technology;
Physical Geography

Education and Educational Rese

Operations Research and Manage

Physics Mathematics

Englne,prmg Business and Economics

Computer Science

© :
PR
if‘“) VOSviewer Information Sciénce and Librar

Fig. 5 Interdisciplinary collaboration communities (2012)

The scale of communities is unbalanced. Communities related to Computer Science and
Business and Economics are the two largest, and could be viewed as leading fields per-
forming Big Data research. The community related to Automation and Control Systems
was independent in 2013, but aggregated into a larger community with Computer Science
the following year. The community related to Medical Informatics was also independent in
2013, and then aggregated into larger communities related to Business and Economics in
2014 and Mathematics in 2015; though remaining a small independent field in Big Data
research overall. The Mathematics community was also a small independent research field,
only aggregating into a larger one in 2015. It is gradually growing into an important field
for Big Data research. In addition, Medical Informatics, Remote Sensing, and other related
disciplines are aggregated into small, independent research communities.
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Construction and Building Tech
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Fig. 6 Interdisciplinary collaboration communities (2013)
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Energy and Fusls Mathematical afd Computational Information-Seiefice and Librar
& Commuication
Mechanics Physids Operations Research and Manage
Construction and Building Tech Gealogy Physiology. P I
rts and Humanities
Lo Psychiatry
Telecommunications Education and Educational Rese
Acoustics
Automation and Gontrol Systems
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Science andiTechnology Astonomy andstophysics

Fig. 7 Interdisciplinary collaboration communities (2014)

Computer Science is the fundamental discipline that could be widely applied in other
disciplines to conduct large-scale computing and analyzing. In Big Data research, Com-
puter Science stands as the main contributor, and collaborates with many other disciplines.
Figure 10 shows the individual ego network of Computer Science and related collaborating
disciplines. There are 34 disciplines collaborating with Computer Science. It occupies a
large proportion (39.5% of 86 disciplines in the largest component) compared with others.
Engineering is its primary partner, followed by Telecommunications and Automation and
Control Systems.

Figure 11 shows the overall evolution of discipline communities over time. The results
are similar to the earlier analysis, due to the same community-detecting algorithm.
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Communities related to Computer Science and Engineering are shown with an increasing
trend in the tubes. The community related to Automation and Control Systems was
independent in 2013, and was substituted by other disciplines in 2015. Information Science
and Library Science was an independent community in 2013 before aggregating into a
larger community with Business and Economics. Mathematics and other related disciplines
formed a relatively large community in 2015. Differing from previous results, Government
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and Law separated from Business and Economics in 2015 to form an independent com-
munity with other related disciplines. In general, whereas the number of flows in Fig. 11
fluctuates, seven discipline communities are indicated, in agreement with the results above.

Discussion

The development of interdisciplinary collaboration in Big Data research over recent years
is illustrated in this study, including basic statistics for the related disciplines. The network
structure of interdisciplinary collaboration and patterns of collaboration communities are
supported by the visualized maps and evolution tube, illustrating the interdisciplinary
structure and patterns. These results help offer a comprehensive understanding of the
interdisciplinary nature of research in Big Data, and shed light on related efforts.

First, Big Data research involves an increasing number of disciplines and has generated
several research areas. The distribution of disciplines related to Big Data is uneven, and
multiple levels exist. Thirty-nine disciplines, each with a statistical frequency greater than
ten, make the majority of contributions to Big Data research, the two largest being
Computer Science and Engineering. As shown in previous studies, Computer Science
provided techniques and methods for processing large scale data sets (Chen et al. 2014)
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that are widely used in such fields as Engineering, Medicine, and Business (Khan et al.
2014). Therefore, Computer Science is the fundamental discipline in Big Data research,
and supports and connects to other disciplines.

Second, the structure and patterns of collaborations among disciplines coalesced in
2013, rapidly maturing and stabilizing by 2014. In 2015, communities defined by col-
laborations clearly represent sub-fields or directions in Big Data research. The leading
disciplines in each community are generally equivalent to the leading fields in Big Data
research, such as Computer Science, Business and Economics, Mathematics, and Materials
Science. Overall, the collaborations among individual disciplines across Big Data research
are not as intensive as those within communities. The close connections among these
disciplines aggregated into communities indicate how they support and supplement each
other.

Third, we also find that the community related to Computer Science and Engineering is
always central to the collaboration networks, connecting with and supporting other inde-
pendent communities. For example, the capture and storage of large-scale data and analysis
for decision support systems depends on the theories, methods, algorithms, and tools of
Computer Science and Engineering. This community also plays an important bridging role
connecting communities or research fields. Currently, along with the large proportion of
Big Data research into fundamental theories, there is also widespread application research.
In fact, 403 articles, 20.9% of the total sample, were results of 1342 projects as indicated in
the publications. Projects were usually collaboratively conducted by researchers from
multiple, related disciplines. This large number of interdisciplinary projects relating to Big
Data research help facilitate interdisciplinary collaborations and generate intensive disci-
pline communities.

Finally, it is also worth pointing out that the scope and nature of Big Data research
contribute to a better understanding of Big Data practices and the definition of Big Data.
Findings of this study may enhance the definition from more perspectives, especially
taking into consideration of its interdisciplinary nature. For example, Big Data research
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involves both Engineering Science and Social Sciences, and it should be defined consid-
ering the full range of various disciplines involved.

Conclusions and future research

The findings of this study provide a clear, comprehensive understanding of interdisci-
plinary collaboration in Big Data research. As the research develops, Big Data will con-
tinue to expand in scope and to address new problems, and the intellectual structure and
collaboration patterns are expected to be accordingly transformed and constructed. The
conceptual framework and methodology used in this study could be replicated for such
future examination of trends in Big Data research, and any other research area, for
revealing interdisciplinary collaborations.

The results of this study have shown the interdisciplinary and collaborative nature in
Big Data research, which is propelled by wide applications in a broad range of disciplines
(De Mauro et al. 2014). While we can use network indicators to understand the degree of
interdisciplinary collaboration in Big Data research, measuring and calculating the degree
of interdisciplinary collaboration could be the next step to further such understanding, built
upon the current study. Our future research plan includes exploring approaches to measure
the degree of interdisciplinary collaboration, and examining its effect on research pro-
ductivity and scholarly impact.

Finally, future studies about Big Data research may be conducted in several areas.
Comprehensive studies on the interdisciplinary collaboration of Big Data could be fur-
thered from other perspectives such as social sciences, political sciences, and related
policies. The research themes behind interdisciplinary collaborations should be analyzed,
to increase understanding of cross-research among disciplines. Additionally, future studies
may further trace the dynamic developments of interdisciplinary collaborations. The
transformations of interdisciplinary collaborations also affect the frontiers and focus of the
research. There is a place for qualitative approaches coupled with quantitative methods to
understand the underlining issues and themes. Without qualitative approaches it is
impossible to understand the impetus for collaborations, and is difficult to know the
benefits of such collaborations.
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