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Abstract. This paper analyzes the level of scientific collaboration and interaction in different subject fields using a novel social
network analysis (SNA) on a data set provided by the Department of Energy (DOE) Office of Scientific and Technologic
Information (OSTI) in Oak Ridge, Tennessee. This paper not only determines the level of scientific collaboration between
different disciplines, but it also analyzes the trends among the subject fields considered. The results in this paper show clear
pattern recognition discovery on the social network model among key subject fields using weighted networks.
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1. Introduction

This study is carried out as a joint project between the University of Tennessee (UT) and Information
International Associates, Inc. (Ila) under the grant entitled “Exploiting the Use of Social Networking to
Facilitate Collaboration in the Scientific Community”, which was awarded by the Department of Energy
(DOE) Experimental Program to Stimulate Competitive Research (EPSCoR). The authors, Dr. Bozdo-
gan and Dr. Akbilgic, serve as the grant’s Principle Investigator and Post-Doctoral Research Associate,
respectively.

Social networks are systems consisting of two elements: nodes and edges between nodes. For the
purposes of this analysis, nodes can be individuals, companies, countries, etc., while edges refer to the
interaction or relation between the nodes. The objective of social network analysis (SNA) is to examine
the structure of the network and to analyze the relations between the nodes within the network using
graph theory based statistical techniques. The paper does not attempt to provide any analysis of the
changes that are driven by the subject matter or by technology.

The SNA techniques described herein are applied in many different research areas, especially in so-
ciology and social and behavioral sciences. In related research literature, Tichy et al. [24] applies SNA
to organizations, while Johnson et al. [12] uses social networks to study friendship and communication
structure between groups of people working in the same bank by analyzing email trafficking data. Pow
et al. [20] suggests usage of SNA in nursing to analyze why some people are open to organizational
changes while the others are not. Similarly, SNA is used and applied further by many other authors such
as Quinn et al. [21], Mainas [13], Oshima et al. [19] and Cserpes [7].
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In scientific collaborations, Hossain and Fazio [11] conducted a study using SNA to analyze interac-
tions between academics who developed the publications in Web of Science. In their model, the nodes
are represented by the authors who published the papers, and the edges are represented by the papers. In
medical sciences, Eblen et al. [9] use SNA to analyze collaborations among researchers in two cardio-
vascular cohort studies.

In this study, we analyze the data collected and organized by DOE OSTI to determine the level of
scientific collaboration between different subject areas or fields of study. OSTI is based in Oak Ridge,
Tennessee, and supports DOE in the collection, preservation, and dissemination of DOE-sponsored re-
search and development (R&D) results. For more information on OSTI data, we refer the readers to the
OSTI Information Bridge website at http://www.osti.gov/bridge/ [8]. For this study, we used all the data
in the information Bridge database, which contains DOE R&D full-text documents and bibliographic
citations. Analyzing the OSTI database involves (1) determining the level of scientific collaboration be-
tween different disciplines, and (2) discovering the trends of different research interests supported by
DOE.

Using the OSTI database we used SNA to determine levels of scientific collaboration amongst dif-
ferent disciplines and related trends in collaboration to the research interests supported by DOE. Our
research was constrained by factors such as publication ID, publication date, and number of authors per
publication, author names. However, in reviewing the SNA literature, we note that this paper is unique
in its contribution using subject fields as network nodes connected by co-authorship across the subject
fields.

This paper is organized as follows:

e In Section 2, we present the summary results of SNA and the necessary definitions and network
metrics.

e In Section 3, we present and introduce the OSTI database, the results from our analysis, including
the descriptive statistics, the SNA, and the weighted SNA to construct the structure of the network.

e Finally, in Section 4, we summarize the analysis and conclude the paper.

2. Social Network Analysis (SNA)

For purposes of this research, we define the social network as follows: (Referencing Wasserman and
Faust [25]),

“A social network is a social structure [27] made up of a set of actors (such as individuals or orga-
nizations) and the dyadic ties [28] between these actors. The social network perspective provides a
clear way of analyzing the structure of whole social entities”.

In a social network, relations can be any of the gained or defined ties that can be discovered among
individuals. Often, individuals are also called nodes, while the relations between nodes are called edges
(Bandyopadhyay et al. [1]). In our research, we will refer to nodes as subject fields, and edges as the
relations (co-authorship with publication) between nodes.

Social network analysis (SNA) refers to the statistical techniques to analyze social networks based on
graph and network theory, which is explained in detail in Wasserman and Faust [25]. SNA techniques
include analyzing the nodes, the edges, and the entire network according to special measures. Connec-
tivity and centrality measures are the most commonly used network statistics. Connectivity measures
indicate the extent to which the nodes are connected to each other in the network. Here, higher con-
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nectivity indicates higher information flow between the nodes in the network. Since in our study, the
subject fields are considered as nodes, connectivity measures will show how strongly different subject
fields are connected. Furthermore, the interpretation of connectivity depends on the type of the nodes
and relations between the nodes in the network. Detailed discussion of these can be found in Bavelas [3]
and Wassermann and Steinley [26].

Centrality measures indicate the importance of individual nodes. Centrality measures help the re-
searcher to determine which nodes are important to be kept in the network. The literature references
several types of centrality measures. For example, according to Freeman [10], there are three major cen-
trality measures: degree, closeness and betweenness. In our study, centrality measures will reflect the
importance of specific subject fields in terms of scientific collaboration via co-authorship.

Degree centrality measures the direct connection of an individual node in the network (Schneider et al.
[22]). As a node’s number of edges increases, its degree centrality also increases. Betweenness centrality
of a node measures togetherness of nodes in the network. Finally, closeness centrality measures how fast
the information spreads from a given node to other reachable nodes in the network (Maslow and Sneppen
[14]). According to given definitions of degree centrality measures, in our study, collaboration between
two specific subject fields will be measured by centrality measures.

Determining centrality measures for nodes in a network is one of the most important problems in
SNA (Freeman [10], Bonacich [4] and Borgatti [5]). Freeman’s [10] three centrality measures are to
be applied to binary networks. However, several studies have been conducted on the generalization of
centrality measures to weighted networks (Brandes [6], Newman [15,16], Barrat et al. [2]). While these
authors focus on the weights of the edges, Opsahl et al. [18] focus on the number of edges between
nodes. In this study, we use betweenness and closeness centrality measures, as suggested by Opsahl
et al. [18]. Calculations of related measure are based on the information given by Table 2. Network
diagrams in Figs 5 and 6 are also derived from Table 2.

3. Social Network Analysis (SNA) of OSTI database

DOE OSTI collects and organizes the records of scientific studies and collaborations, which are fully
or partially supported by DOE. The OSTI database includes metadata records for scientific technical
reports such as author names, publication title, identification number, publication date, first and last pub-
lication dates of the authors, publication span, author affiliation, subject category, etc. In our study, we
considered attributes, which include author names, publication identification, publication date, author’s
publication span, and subject categories. The database in this study contained 256,320 publications,
265,381 authors, and 827,614 author — publication links collected for the time period from 1920 to
2012.

First we produced the descriptive statistics (such as number of authors, number of publications, aver-
age number of authors per publication, and average number of papers per author for one year) of overall
OSTI data to get an idea of author productivity and level of collaboration for each subject field. Second,
we determined the trends in descriptive statistics for different time periods for each subject field. Then,
SNA was carried out to analyze the scientific collaborations across different subject fields.

3.1. Descriptive statistics for OSTI data

In this section, we provide general information about the data under consideration for different sci-
entific subject areas contained in the OSTI data. Because there are hundreds of different subject fields
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Table 1
Summary of different subject fields of science (1920-2012)
Subject fields NP! NA2 ANAPP? ANPPA1Y*
Astronomy and space 2,440 4,706 3.05 0.69
Chemistry 16,838 23,958 2.85 0.53
Energy 33,409 53,413 3.30 0.77
Engineering 17,775 32,450 2.96 0.55
Environment 22,821 35,965 3.32 0.66
Fossil fuel 27,698 33,983 3.30 0.94
Geosciences 2,711 5,571 3.18 0.58
Life sciences 10,456 16,771 3.15 0.52
Material science 9,503 17,761 3.31 0.49
Math and computation 6,222 12,702 3.23 0.72
Military and weapon 3,585 7,435 3.34 0.65
Miscellaneous 2,216 4,609 2.86 0.55
Nuclear 47,327 63,797 3.36 0.65
Particle acceleration 4,240 9,489 391 0.36
Physics 36,021 48,795 3.29 0.39

'Number of Publications (NP): Number of reports published in each subject field.

>Number of Authors (NA): Number of authors with at least one publication in the subject field under consideration. Those with
publication(s) in more than one subject field are counted separately for each subject field.

3Average Number of Authors per Publication (ANAPP): Average number of authors for publications, calculated separately for
each subject field. This statistic is directly related to the level of collaboration between scientists.

4Average Number of Papers per Author for One Year (ANPPA1Y): For a specific subject field, ANPPA1Y is the average of
the ratios obtained by dividing the number of an author’s publications over the span of time. This statistic gives the expected
number of publications for a scientist for the subject field under consideration. The reason the ANPPA1Y statistic is included
in this study is to compare the productivity of scientists from different subject fields.

in the OSTI database, we grouped the subject fields into broader categories with regard to similarity
of the research areas, reducing the number of subject fields to 15. We grouped all the other papers as
miscellaneous. The first column in Table 1 represents the list of subject fields, while the other columns
provide information on descriptive statistics for the data between 1920 and 2012.

Table 1 shows that the Average Number of Authors per Publication (ANAPP) statistic varies from
2.85 to 3.91. This means that, a publication in chemistry is written by 2.85 authors on the average, while
the average number of authors is 3.91 for a publication on particle acceleration. Further, the ANAPP
statistic shows the strength of collaboration of the scientists in the particle acceleration, nuclear, military
and weapon, material sciences, energy, and fossil fuels fields as compared to other subject fields.

Figure 1 shows the variation of the rounded ANAPP statistic for different subject fields in ranked order
for the data from 1920 to 2012.

Average Number of Papers per Author for One Year (ANPPA1Y) statistic is calculated as a ratio of the
total number of publications and the publication span of authors. An author, who has only one written
paper, where the publication span is zero, is excluded from the calculations for this statistic. ANPPA1Y
is the measure of the expected number of papers per author for one year. Therefore, ANPPA1Y is di-
rectly related to author productivity. The ANNPA1Y statistic varies from 0.36 for the field of particle
acceleration to 0.94 for the field of fossil fuels. The ANNPA1Y statistic for all subject fields indicates
the productivity of the authors from fossil fuels, energy, and math and computation, which is higher
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Fig. 1. Variation of ANAPP statistics for different subject fields.

than the productivity of the authors from the subject fields of particle acceleration and physics. Figure 2
shows the ANPPA1Y statistic for different subject fields in descending order.

Figure 2 shows that an author in fossil fuels publishes almost one paper per year, while an author in
particle acceleration publishes 0.36 papers per year (i.e., one paper for every 2.5 years). Hence, Fig. 2
can be a yardstick to compare the productivity of the authors in different subject fields.
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3.2. Analyzing the trends in ANAPP and ANPPA1Y statistics

Section 3.1 above presents descriptive statistics calculated from overall data for each subject field.
In this section, we monitor the trends of the ANAPP and ANPPA1Y statistics for different time pe-
riods. For this purpose, the data are split into five different time periods: before 1940, 1941-1960,
1961-1980, 1980-2000 and 2000-2012 in order to have balanced number of publications in each time
period. ANAPP and ANPPAL1Y statistics are calculated for each time period, as shown in Figs 3 and 4,
respectively.

Figure 3 shows that the ANAPP statistic tends to increase over time for almost all subject fields,
increasing most dramatically in the last 12 years. This positive trend in the ANAPP statistic can be
considered as evidence of increasing collaboration between scientists. This trend can be explained by fast
development of new technologies and increasing usage of internet, which makes distance collaboration
easy between scientist.

Although Fig. 4 does not reflect any common trend for the ANPPA1Y statistic across all disciplines,
scientists’ productivity in the last 12 years seems to be higher in comparison to earlier time periods. In
the past 12 years, dramatic increases in scientists’ productivity can be seen particularly in fossil fuels,
material science, engineering, and military and weapon.

3.3. Social Network Analysis (SNA) of OSTI data

In this study, we used Cytoscape software (Version 2.8.3) to carry out the SNA of the OSTI data set.
Cytoscape is open source software originally used for the analysis and visualization of biological net-
works in genome research, originally introduced by Shannon et al. [23]. Although the focus of Cytoscape
is for biological networks, most of the computations of network statistics are applicable for other social
network modeling problems. In addition to Cytoscape, we also used the tnet package of R software from
Opsahl [17] to calculate and construct the weighted networks.

In social network modeling of OSTI data, subject fields are considered as single nodes, while authors
are connectors (or links) between subject fields. For instance, an author having two publications, one in
material science and one in physics, creates a link between the fields of material science and physics.
OSTI data are preprocessed to expose authors having publications in more than one area so that the
links between subject fields can be monitored. To be able to see the structural changes of scientific
collaboration across time periods, we constructed two separate social network models of subject fields
for two different time periods during 1980-2000 and 2000-2012. In each cell of Table 2, the upper and
lower numbers show the number of authors having publications in the intersection of two subject fields
for the time periods during 1980-2000 and 2000-2012, respectively.

There are different ways to interpret the cell frequencies in Table 2. For example, the frequencies at the
intersection of the energy subject field are much greater than the frequencies in other subject fields. This
means that, in the energy subject field, a research study requires more knowledge background from other
disciplines. Energy studies bring scientists together to work on the same projects from different subject
fields. Moreover, there are not many bridge authors between certain disciplines, such as the intersection
of geosciences — particle acceleration and astronomy and space—military and weapon, etc.

The raw frequencies shown in Table 2 can be considered as the strength of collaboration between two
subject fields. Since the duration of the two time periods in the Table 2 are not equal, it is not convenient
to compare the level of collaboration between subject fields directly using the raw frequencies in Table 2.
However, we can visualize the networks separately for the two time periods by constructing a weighted
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Table 2

Frequency of DOE information bridge authors between subject fields (1980-2000 upper line, 2000-2012 lower line)
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social network between different subject fields. Separate network visualization allows us to compare the
structure of collaboration between different subject fields.

The information in Table 2 is converted to a related data form in order to visualize the social networks
in Cytoscape. The frequencies in Table 2 are considered as edge weights in the social network model.
Weights are associated with the darkness of the edge color, changing from white to black. Darker edges
indicate higher collaboration compared to lighter colored edges. In this respect, Figs 5 and 6 show the
structure of collaborations among subject fields for time periods 1980-2000 and 2000-2012, respec-
tively.

Figure 5 shows which subject fields are in close collaboration for the time period 1980-2000. By
following the darker edges, we can definitely see a pattern structure naturally emerging from the data.
One can easily see how strongly the environment subject field is related to the nuclear (average 80 con-
nection per year), energy (average 106 connection per year) and fossil fuels (average 78 connection per
year) subject fields. By taking the somewhat less dark edges into account, we can see the high level of
collaboration between the environment, nuclear, energy, fossil fuels and physics subject fields.

From the results of our analysis, Fig. 6 shows the social network diagram of subject fields for the time
period of 2000-2012. Comparing Figs 5 and 6, we see that there are some major changes in the structure
of social network among subject fields from 1980-2000 to 2000-2012. One of the most prominent
changes is the increasing level of collaboration between the physics and particle acceleration (average
number of connections goes up from 27 to 53) fields. Another important change in the network diagram
is that there is a notable jump on the collaboration between the nuclear subject field and the others,
especially material science and energy. On the contrary, the collaboration level between environment and
fossil fuels subject fields has declined in the last 12 years compared to the time period of 1980-2000.
Additionally, the level of collaboration between the engineering subject field and other subject fields
such as energy, environment, and material science are slightly decreased in the last 12 years.

T

Fig. 5. Social network of subject fields during the time period 1980-2000. (Colors are visible in the online version of the article;
http://dx.doi.org/10.3233/ISU-130715.)



230  H. Bozdogan and O. Akbilgic / Social network analysis of scientific collaborations across different subject fields

Fig. 6. Social network of subject fields during the time period 2000-2012. (Colors are visible in the online version of the article;
http://dx.doi.org/10.3233/ISU-130715.)

This visualization of social networks makes node interaction easy to interpret. However, there are
other important statistics to interpret for network structures. In this study we use two of the network
metrics: betweenness centrality and closeness centrality for weighted networks, where the weights are
the frequencies in Table 2. These statistics are calculated using R software and the tnet package of
Opsahl [17]. The results are shown in Table 3.

Looking at Table 3, the non-zero betweenness centrality values for the time period of 1980-2000
indicates that only three of the subject fields — nuclear (0.28), environment (0.20) and energy (0.13) play
a key role by being in the middle of the network. These three subject fields bring the scientists together in
their scientific collaboration. Further, by being in the middle of the network, they continue to retain their
importance during the time period of 2000-2012. During this period, physics and engineering subject
fields gain importance in terms of collaboration by judging on their small betweenness centrality as
compared to zero betweenness centrality during the years of 1980-2000. This shows that physics and
engineering subject field also play a more important role in collaboration during the last 12 years.

Table 3 further shows that astronomy and space, along with chemistry, are the two subject fields
with the smallest closeness centrality statistics for both time periods under consideration. This indicates
that these subject fields are more isolated in the network with respect to levels of collaboration. The
subject fields of nuclear, energy, environment, and material science have the largest closeness centrality
values. This indicates that these subject fields are more open to collaboration in comparison to other
subject fields with smaller closeness centrality. Another prominent feature in Table 3 is that the closeness
centrality value of material science jumps from the fifth to the third highest closeness centrality in the
last 12 years as compared to the time period 1980-2000. This indicates that the role of material scientists
in energy projects has grown in the last 12 years.
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Table 3
Betweenness and closeness centrality values (1920-2012)
Subject fields Betweenness centrality Closeness centrality
1980-2000 2000-2012 1980-2000 2000-2012

Astronomy and space 0.00 0.00 0.038 0.034
Chemistry 0.00 0.00 0.045 0.047
Energy 0.13 0.17 0.069 0.106
Engineering 0.00 0.02 0.057 0.076
Environment 0.20 0.00 0.073 0.099
Fossil fuels 0.00 0.00 0.065 0.086
Geoscience 0.00 0.00 0.044 0.061
Life sciences 0.00 0.00 0.049 0.055
Material science 0.00 0.08 0.061 0.099
Math and computation 0.00 0.00 0.055 0.077
Military and weapon 0.00 0.00 0.052 0.063
Miscellaneous 0.00 0.00 0.010 0.041
Nuclear 0.28 0.24 0.074 0.110
Particle acceleration 0.00 0.00 0.047 0.070
Physics 0.00 0.06 0.061 0.084

4. Conclusions

In this study we analyzed the levels of scientific collaboration between different subject fields using
the OSTI database and the social network modeling tools. Results show an increasing collaboration
between scientists for almost all subject fields included in the OSTI database. We determined that the
productivity among scientists has increased in the last 12 years.

By bringing all the subject fields together in a social network, we analyzed the interaction between the
subject fields. We used authors having publications in more than one subject field as bridges connecting
subject fields to each other. In doing so, we constructed two separate social networks for the time periods
of 1980-2000 and 2000-2012 to determine structural changes in the network model between subject
fields. Our results show that the nuclear, energy, and environment subject fields play a key role in the
network with respect to level of scientific collaboration. These results support the increasing trend in
science to look for renewable energy sources as alternative of fossil fuel based energy sources. At this
point, nuclear energy research is also still very attractive topic although requires environmental research
accompanying with it.

Another interesting finding in this study is that there is an increasing scientific collaboration between
the subject fields, such as particle acceleration—physics, nuclear—energy and nuclear—physics. On the
other hand, the level of collaboration between environment—fossil fuels has decreased in the last 12 years
as compared to results during 1980-2000 based on the technical reports done for DOE. Note that, this
does not mean that there is a decreased collaboration between these fields overall. This might be due to
any changes in energy policies and interest of DOE.

In summary, when evaluating the overall results, we see that there are three subject fields — nuclear,
energy and environment — that are at the center of scientific collaboration, bringing scientists together
in common scientific projects. This is not surprising, since DOE’s focus has recently been in these areas
and there is an increasing interest in renewable energy research.
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In conclusion, it would be interesting to study whether there is a correlation between the level of
scientific collaboration and the amount of funds awarded in these subject fields, as well as the impact
of funding on the level productivity among scientists. This can serve as a platform for future funding in
different subject fields.
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