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study and understand inter- and intra-institution research collaborations [3]. Graph theoretical analyses of research collaboration networks (RCNs) would offer us valuable insights, and
allow us to understand the network dynamics of collaborative
relationships.

Abstract—A recent surge of research on social networks
and their characteristics has attracted an increasing amount of
interests from the community of biomedicine and biomedical
informatics. Social network analysis (SNA) methods have been
regarded as an effective tool to assess inter- and intra-institution
research collaborations in the Clinical Translational Science
Award (CTSA) community. In this paper, we present a case study
of SNA on the research collaboration networks (RCNs) at the
University of Arkansas for Medical Sciences (UAMS) - a CTSA
institution. We have applied graph theoretical analyses to the
RCNs prior to and after the CTSA award at UAMS. By virtue
of quantitative measures, we have obtained valuable insights
into the network dynamics and topological characteristics of the
research environment. Moreover, through observing the temporal
evolution of the RCNs at UAMS, we are able to demonstrate
the effectiveness of the CTSA program and its important role
in promoting trans-disciplinary collaborative research within an
institution.

Many complex systems can be abstracted as networks (or
graphs) where the nodes (vertices) represent entities of interest
(e.g., persons, organizations, or objects) and the edges (links)
indicate certain relationships or interactions (e.g., friendships
in social networks, neurological connections in brain connectivity networks) between nodes [4]. Studies on collaboration
networks based on co-authorship in scientiﬁc publications [5],
[6] have provided insights into the networks’ topological characteristics and dynamics [7], [8]. Although being important
and informative, the studies on publication co-authorship may
not be able to effectively reveal the underlying driving force
of collaborations due to their microscopic perspective.
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I.

In this paper, rather than based on publication coauthorship, we study research collaborations formed in collaborative biomedical research grants at the University of
Arkansas for Medical Sciences (UAMS) – a CTSA institution.
One of the key goals of this study is to assess the effectiveness
of the CTSA award (i.e., after 2009) at UAMS and its impact
on the research collaboration environment within an institution.
To achieve this goal, it is necessary to observe the temporal
evolution of the RCNs through comparing various network
characteristics.

I NTRODUCTION

The importance of collaborative research activities across
different disciplines and even different geographical locations
[1], [2] has gained increasing attention. One of the key
objectives of the Clinical Translational Science Award (CTSA),
funded by the National Center for Advancing Translational
Sciences (NCATS, NIH) (formerly through the National Center
for Research Resources (NCRR, NIH)), is to promote crossdisciplinary collaborations that can accelerate the translation
and application of biomedical research discoveries into clinical
settings. It is essential to quantitatively assess the quality and
efﬁciency of research collaborations, so that we can promptly
identify those potential collaborations that are more likely to
be productive and make signiﬁcant impacts.

Nagarajan et al. presented a baseline study [9] on the
collaboration networks prior to the UAMS’s CTSA award (i.e.,
from 2006 to 2009) . Their study suggests that the RCNs at
UAMS have “unique characteristics different from those of the
established real-world networks”. For example, the networks
were disconnected with mutually exclusive groups and few
weakly connected clusters of staff within the same department.
Nevertheless, the baseline study models research collaboration
networks as binary (i.e., unweighted) graphs, where it only
considers the existence of a collaboration. However, in real-

In the CTSA evaluation community, social network analysis (SNA) methods have been regarded as an effective tool to
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aggregation to identify centrality leaders. In Section IV, we
present the analysis results, our interpretations and a few
important observations on the trend of collaborative research in
a CTSA institution similar to UAMS. In summary, we believe
the CTSA award has a positive impact on the RCNs at UAMS
through our experiments and observations.

world examples, collaborative research relationships among
different investigators may vary. For example, one tends to
feel more comfortable to work with existing collaborators
rather than ﬁnding new peers. Therefore, certain connections
in one’s collaboration network are considered to be “stronger”
than others. It is our tenet that such nature of collaboration
relationships should be respected if possible. In this study,
we model the RCN as a weighted network, where the weight
of an edge is the number of collaborations between the two
investigators.

II.

In this study, the data for building research collaboration
networks is obtained from two sources: ARIA and TRI. The
Automated Research Information Administrator (ARIA) is an
integrated platform developed internally at the UAMS (partially supported by the National Center for Research Resources
(NCRR, NIH)). The ARIA system is used by the Ofﬁce for
Research and Sponsored Programs (ORSP), the Institutional
Review Board (IRB), and the Research Support Center (RSC)
for managing both research grants and clinical trails. Since
2002, investigators at UAMS have been required to ﬁrst
submit their grant applications to the ARIA system for review
before submitting them to the funding agencies. The ORSP at
UAMS uses ARIA to keep track of the detailed information
regarding research grants such as the requested budget, the
budget start/end date, the funding agencies, as well as all the
investigators and their roles on the grants.

We believe that our network model provides a more precise
abstraction of RCNs and helps us study the network dynamics
of research collaborations. The fundamental understanding of
RCNs will assist in shaping organizational policies, structures,
leaderships and resource allocation strategies to make a positive and signiﬁcant impact on research collaborations and their
outcomes.
The contributions of this paper are summarized as follows:
•

Our network model assigns non-binary weights to
edges to reﬂect degree of collaboration. Previous studies on scientiﬁc collaboration networks [5]–[7], [9]–
[11] focus on unweighted or binary networks, where
the edge weight is either one or the edge does not
exist. However, in real-world examples, collaborative
research relationships among different investigators
may vary.

•

We have studied a number of network characteristic
measures such as clustering coefﬁcient, characteristic
path length, and number of disjointed components,
pertaining to research collaboration networks. Moreover, through observing the temporal evolution of
these measures prior to and after the CTSA program at
UAMS, we are able to demonstrate the effectiveness of
the CTSA program and its important role in promoting
collaborative research within an institution. 1

•

We have applied rank aggregation techniques to consolidate four types of network centrality measures (i.e.,
degree centrality, betweenness, closeness, and eigenvector centrality) [4] to identify important “leader”
nodes in RCNs. Network centrality measures express
the relative importance of a vertex within the graph.
However, different types of centrality measures favor
different properties of the vertex. Therefore, they
sometimes can make contrary rankings and ambiguous conclusions. Through rank aggregation, we can
provide a more concise and representative ranking.

M ATERIALS

Besides the ORSP and ARIA, the Translational Research
Institute (TRI, UAMS) supports all the CTSA activities at
UAMS. With a team of dedicated professionals and many
new resources, the TRI helps basic and clinician scientists at
both UAMS and external institutions to translate their ﬁndings
more quickly to clinical practice and into the community. The
TRI at UAMS uses the CTSA to provide pilot awards for
supporting promising translational studies, and is partnering
with multiple research communities across Arkansas to help
guide development of meaningful research projects and implementation of research ﬁndings. As the TRI tracks all CTSA
related activities such as publications, pilot awards and so on,
we use the TRI’s CTSA reports to obtain the information of
whether an investigator on a grant is supported by the CTSA
or using TRI services.
Table I shows the statistics of the research grant data we
have obtained from both ARIA and TRI. We use the meta-data
of those grants to construct an RCN for each budget year from
2006 to 2012. The CTSA at UAMS started on July 14th, 2009.
Therefore, in this analysis, the “# of CTSA Investigators”
(i.e., investigators who are listed on the original CTSA grant)
and “# of CTSA supported investigators” (i.e., investigators
who received support from the CTSA) columns in Table I
are not applicable for budget years from 2006 to 2009, We
only consider the “Principle Investigator”, “Co-Investigator”,
and “Sub-Investigator” roles on the grants, and exclude other
personnel such as “Support Staff” and “Laboratory Staff”. In
addition, we only take into account the grants that have been
“Awarded” by the funding agencies for two main reasons: 1)
the awarded collaborative research grants indicate successful
executions of team science; and 2) a grant might have to
go through a few review and revision cycles to get funded.
Moreover, resubmitted grant applications normally have the
same collaborators. By considering only the ﬁnal awarded
version, we can effectively eliminate some of the noises in

The rest of the paper is organized as follows. We ﬁrst
describe the background of the source data retrieved from
an in-house developed research grant management system,
ARIA, and how the RCNs are constructed from this dataset
in Section II. In Section III, we introduce our weighted
network model of research collaboration networks, set forth
the concept of network characteristics and introduce some of
the basic measures pertain to this study. Subsequently, we
discuss our methods of using centrality measures and rank
1 Note that this is an retrospective study such that the administration of the
CTSA grant is not aware of these network metrics before this study; thereofre,
there is no bias that affects our observations.



Budget Year

Awarded Grants

# of Investigators

2006
2007
2008
2009
2010
2011
2012

477
479
601
518
602
538
548

356
418
472
414
431
463
450

# of CTSA
Investigators
N/A
N/A
N/A
N/A
34
26
23

# of CTSA Supported Investigators
N/A
N/A
N/A
N/A
114
115
322

TABLE I: Statistics of the research grants dataset at UAMS.
*The number of CTSA supported investigators is signiﬁcantly higher in 2012 than previous years. We think it is because more investigators
become aware of and start utilizing the CTSA services as we advertised more to the campus.

the constructed networks. As each revision is tracked individually as a separate grant application in ARIA, for a research
grant spanning multiple years, the grant is considered as an
individual one for each ﬁscal year. For example, a two-year
grant whose budget year starts on July 1st, 2009 is counted as
an awarded grant for both 2010 and 2011 ﬁscal years.
III.

constantly seeking metrics to characterize complex networks in
a compact and convenient way. In turn, these structural metrics
are often used to benchmark or infer functional aspects of
a network. For example, the mean path length (characteristic
path length) L of a network is often employed to measure the
efﬁciency of information ﬂow on a network.
In analyzing research collaboration networks, we are
mostly interested in a network’s clustering coefﬁcient (C)
and its characteristic path length (L) as they can often be
used to categorize a network, e.g., whether the network of
interest is a small-world network or a random graph. Network
categorization is important since many real-world networks
exhibit the small-world property (A small-world network exhibits the low degree of separation among nodes in a sparse yet
highly clustered network [12]) and a small-world network has
often been hypothesized as more robust to perturbations than
other networks [12], [13]. Note that our RCNs are weighted
undirected graph; therefore, we shall respect the edge weights
if possible.

G RAPH THEORETICAL ANALYSIS OF RESEARCH
COLLABORATION NETWORKS

A. Network model of research collaborations
An RCN can be modeled as an undirected graph, G =
(V, E), where each vertex (vi ) represents an investigator and
each edge (eij ) indicates that the two investigators (vi and
vj ) have collaborated in an awarded research grant during the
time period of interest. If three investigators (vi , vj , and vk )
have worked together on the same research grant, we draw an
edge between every two of them (eij , eik , and ejk ). Previous
studies on research collaboration networks [5]–[7], [9]–[11]
only model a collaboration network as a binary (unweighted)
graph, where the edge is either existent or not existent. However, intuitively, collaborative research relationships between
different investigators may vary. For example, an investigator
often has many collaborations with the same group of people
but much less collaborations with peers outside of that group.
Hence, it is crucial to take into account the strength of the
collaborative research relationships among investigators.

The characteristic path length (L) refers tothe average
shortest path length in a network [12], i.e., L = n1 i∈V (G) Li ,
where n is the total number vertexes in the graph and Li
is the average distance between vertex (vi ) and all other
vertices in the network. The characteristic path length on
weighted graphs are computed similarly, provided that path
lengths are calculated with respect to the weights of the edges
along the paths. Recall that we deﬁne the edge weight wij
as the number of collaborations between investigator i and j.
However, algorithms of computing shortest paths often treat
the weight of an edge as a cost and prefer edges with smaller
weights. Therefore, when calculating shortest path lengths in
RCNs, the weight of an edge should be seen as a resistance
factor of the collaboration. The more number of grants two
investigators have worked together, the “resistance” for future
collaborations should be lower, and the cost of reaching one
node from the other should also be smaller. Thus, we deﬁne the
resistant factor between two investigators (rij ) as the reciprocal
of the number of collaborations between the two, and use rij
r
o
as the new edge weights (wij
= 1/rij = 1/wij
). We use the
resistant factor as the weighting schema for all shortest path
related measures.

In this study, we represent each RCN as an undirected
weighted graph, where the weight (wij ) of an edge (eij ) is
the number of research grants the two investigators (vi and
vj ) have collaborated on during the time period of interest.
Figure 1 depicts two RCNs, where graph (a) is the RCN at
UAMS prior to the CTSA award from 2006 to 2009, and
graph (b) is the RCN after the CTSA award from 2010 to
2012. For visualization purpose, we only pick the largest
strongly connected components of the two RCNs. Both the
original RCNs contain isolated small clusters (i.e., groups that
have strong collaborations internally but no connections to
other parts of the RCN) and isolated individual nodes (i.e.,
investigators carried out the research independently). Note that
most of these non-collaborative grants are training grants.

The clustering coefﬁcient is a measure of how likely nodes
in a graph tend to cluster together. The (local) clustering coefﬁcient of a vertex is deﬁned as the fraction of triangles around
the vertex [12], [14], where the (global) clustering coefﬁcient
of the network is deﬁned as the average clustering coefﬁcient
of all vertices in the graph. The clustering coefﬁcient on a

B. Research collaboration network characteristics
In network analysis, the topological features of a network
can be quantitatively measured as network characteristics (also
called network metrics, network measures, or network indices,
which are used interchangeably in this paper). Researchers are


(a)

(b)

Fig. 1: The research collaboration networks (RCNs) at UAMS, where graph (a) is the RCN prior to the CTSA (i.e., 2006 –
2009); and graph (b) shows the RCN after the CTSA from 2010 to 2012. (*The edge weights are visualized as thickened lines.
The thickness represents the degree of collaboration between two investigators. Nodes in green represent investigators who are
supported by the CTSA)

weighted graph can also be calculated by considering the
contributio n of each triangle with respect to the weights
of its edges [15]. To model the trend of cross-disciplinary
collaborations, which is particularly interested by the CTSA
community, we propose a quantitatively “diversity” measure
for RCNs. Thus, the diversity of a network Dg is deﬁned as
follows:
n
1
LSk −>¬Sk )−1 ,
Dg = (
n

measure deﬁnes the meaning of importance from a different
perspective [4]. In this paper, we investigate four widely-used
network centrality measures: degree centrality, betweenness,
closeness, and eigenvector centrality [16]. We brieﬂy describe
them below.
The Degree centrality is simply the degree of a vertex (vi ),
which is the number of edges incident to the vertex. A node
with a high degree can be seen as a highly connected “hub” in
the RCN. Since the RCNs are weighted graphs, we measure
the weighted degree (a.k.a., strength) of each vertex and deﬁne
the strength of a vertex (si ) as the summation of the weights
of all edges incident to that vertex. Many real-world complex
networks follow a power-law degree distribution, where the
majority of the nodes have a small number connections, while
there exist a few well-linked hubs. Such networks are often
called scale-free.

k=1

where LS−>¬S is the average shortest path length from nodes
in set S to all other nodes in the network, n is the number of
distinct groups (a collection of nodes having the same property
of certain kind) in the network. If we deﬁne each group as a
discipline in the RCNs, the diversity measures how easy (or
difﬁcult) an investigator from one discipline reaches another
investigator in a different research ﬁeld. Therefore, the higher
the diversity value, the more diversiﬁed the collaborations
are in the RCN, as the average distance is shorter for an
investigator to travel from one group to another.

The Betweenness centrality of a vertex (vi ) is deﬁned
as the fraction of all shortest paths in the network that pass
through that vertex (i.e., the number of shortest paths that go
through vertex i over the total number of shortest paths in
the network). Betweenness centrality of node i in a weighted
graph can be deﬁned similarly, given the shortest path length
is the weighted shortest path length. Betweenness centrality
measures a node’s control of the communication between other
nodes in the network [17]. Conceptually, in the RCNs, a node
with a high betweenness centrality value can be interpreted as
an inﬂuential (control of communication) investigator in the
research community.

C. Identify centrality leaders in the RCNs
In social network analysis, the centrality measures of a
node are often used to determine the relative importance of
the node in the network. Within the context of social network,
a centrality measure can be interpreted as how inﬂuential
or important a person is in the social network of interest.
There are various network centrality measures, where each


RCN

# of nodes

# of edges

density

# of
isolated
components

clustering
coefﬁcient

characteristic
path length

diversity

average #
of new
edges

2006
2007
2008
2009
2006 – 2009

184
275
276
262
487

279
678
532
590
1318

0.02
0.02
0.01
0.02
0.01

51
44
48
41
55

0.84
0.87
0.73
0.79
0.66

1.03
2.31
2.10
2.98
2.65

0.75
0.39
0.40
0.29
0.37

N/A
1.58
-0.10
0.47
N/A

2010
2011
2012
2010 – 2012

292
308
280
425

1412
1082
1083
2006

0.03
0.02
0.03
0.02

31
34
31
36

0.77
0.76
0.82
0.70

2.16
2.54
2.09
1.68

0.44
0.39
0.48
0.56

10.79
-9.89
0.59
16.47

TABLE II: Network characteristics of the RCNs at UAMS from 2006 to 2012.

The Closeness centrality of a vertex (vi ) (i.e., local
closeness centrality) is the inverse of the local characteristic
path length (i.e., the sum of its distances to all other nodes)
of the vertex [17]. Closeness centrality of a vertex (vi ) on
a weighted graph can be computed similarly, considering that
the path lengths are calculated using the weighted deﬁnition. In
a connected graph, the closeness centrality of a node reﬂects
how close the node is to all the other nodes. The closeness
centrality value can be seen as how fast information can ﬂow
from a node to all other nodes [18]. Therefore, a node is more
“central” if its total distance to all other nodes is smaller, and
its closeness centrality value is higher.

IV.

R ESULTS AND D ISCUSSION

A. Temporal evolution of research collaboration networks at
UAMS
We constructed a number of RCNs with varying time
periods of interest, in which each RCN is composed with
only grants that are awarded during that time period. We
constructed seven snapshot RCNs each for one budget year
from 2006 to 2012 (RCN2006 ∼ RCN2012 ). We also constructed two aggregated RCNs, one spanning from 2006 to
2009 (RCN2006−2009 ) (i.e., prior to the CTSA award) and the
other spanning from 2010 to 2012 (RCN2010−2012 ). By doing
so, we study the structure of RCN from both short-term and
medium-term perspectives.

The Eigenvector centrality measures the inﬂuence score
of a vertex (vi ) in the network [19]. Similar to a preferential
attachment process, the calculation of the eigenvector centrality
score makes the assumption that connecting to a high-score
node generally gains more “reputations” (i.e., scores) than
connecting to a lower score node. The random walk with restart
(RWR) process that will be described in the next subsection
essentially calculates the personalized pagerank score of each
vertex, which is a variant of the eigenvector centrality measure.

Table II shows the network characteristics we observed for
each of the snapshot RCN we have constructed. We eliminated
all isolated single nodes that do not connect to any other nodes
in the network. These isolated nodes indicate that the investigators carried out the research activities independently. It is
reasonable to remove these nodes as they do not contribute any
information to the study of collaborations. Besides the abovementioned clustering coefﬁcient, characteristic path length and
the diversity measure, we have also included a few auxiliary
metrics that can help us understand the network structures. We
brieﬂy introduce these measures as follows.

Using these centrality measures, we can rank an investigator’s inﬂuence (or importance, contribution) in the research
community. However, the centrality measures can rarely make
a consensus regarding the ranking orders of the nodes in the
same network. Therefore, we propose to use rank aggregation
techniques [20]–[22] that can combine multiple rankings of
nodes (investigators) to generate a better and more concise
ranking. There are basically two classes of rank aggregation
methods: 1) score-based rank aggregation, where each object
in the input ranking is associated with a score and the goal
is to combine different scoring systems to produce one set
of scores; and 2) order-based rank aggregation, where only
the orders of objects produced by individual ranking method
is considered. Since the scores given by different centrality
measures are diverse and it is difﬁcult to choose a meaningful
normalization process, we decide to use the simple Borda
count [21] system, which is an order-based voting system. The
Borda count system gives each candidate certain points based
on her position on each ballot. The candidate with the most
points is the winner. If we consider each centrality measure as
a voter that gives a preference ranking of all investigators in
the RCNs, the ﬁnal ranking can be easily computed using the
Borda count of each investigator.

The density of a network G = (V, E) is deﬁned as the ratio
of the number of edges in set E over the maximum possible
number of edges (for undirected graph, d = 2 × |E|/(|V | ×
(|V | − 1))). An isolated component in a network is a small
community that has no links to any other parts of the network.
The number of isolated component can be seen as a measure
of the degree of segregation in the collaboration environment.
The average number of new edges is measured as follows.
We compare each year’s RCN with that of the previous year,
and identify all the nodes exist in both years (i.e., investigators
who have collaborative funding grants in both ﬁscal years).
We count the number of newly created edges for each of
the identiﬁed node, and take the average over all the nodes.
We use the FY2006 data as our baseline for this measure.
Therefore, there is no result for RCN2006 and RCN2006−2009 .
For RCN2010−2012 , we compare it with the aggregated RCN
prior to the CTSA award (RCN2006−2009 ).
As shown in Table II, the RCN at UAMS is moving towards
a positive direction, i.e., not only more collaborations, but also
more cross-disciplinary teamwork. The RCNs after the CTSA
award (i.e., 2010 – 2012) have signiﬁcantly more edges (i.e.,


RCN
2006 – 2009
2010 – 2012

Average Strength
S̄ −
S̄ +
9.97
19.88

10.30
23.60

L̄(−)

Average Shortest Path Length
L̄(+)
L̄(+⇒−)
L̄(−⇒±)

2.66
1.65

2.46
1.61

2.79
1.81

2.68
1.67

L̄(+⇒±)
2.57
1.69

TABLE III: Comparing network metrics between CTSA (+) supported investigators and non-CTSA (−) investigators.

B. The impact of the CTSA on RCNs at UAMS.

collaborations), although the number of grants in each year is
relatively stable (see Table I). Moreover, the number of isolated
components (RCN2006−2009 = 55 v.s. RCN2010−2012 = 36)
has decreased dramatically, which is another sign of growing
collaborations in the research community.

To examine the effect of the CTSA award, we also compared network metrics between CTSA (+) supported and
non-CTSA (−) supported investigators. We split the nodes
into two groups, i.e., CTSA and non-CTSA. For each group,
we measure the average strength (S̄), the average shortest
path length within a group (L̄(+) and L̄(−) ) (i.e., the average shortest path length from any nodes in a group to any
other nodes in the same group), and the average shortest
path length across groups (L̄(+⇒−) , L̄(+⇒±) , L̄(−⇒+) and
L̄(−⇒±) ) (i.e., the average shortest path length from any nodes
in a group to any other nodes in the other group). Since
RCNs are undirected graphs, the average shortest path length
across groups is therefore the same for both directions (i.e.,
L̄(+⇒−) = L̄(−⇒+) ). As we are interested in seeing how these
investigators interact prior to the CTSA award, we identify
the grouping of investigators in the RCN2006−2009 using the
RCN2010−2012 data, and compute the same set of measures
for RCN2006−2009 .

The clustering coefﬁcient and the characteristic path
length of a network are two important measures that help
us understand network topology, stability, characteristics and
efﬁciency. Our results conﬁrm the ﬁndings made by the
previous study [9] that the RCN at UAMS is moving towards a
small-world topology, as the clustering coefﬁcient (C ∈ [0, 1])
has increased from 0.66 to 0.70 while the characteristic
path length (L) has decreased from 2.65 and 1.68 between
RCN2006−2009 and RCN2010−2012 . The clustering coefﬁcient
measures the degree of the herding effect in a network (i.e.,
the probability that the immediate neighbors of a node are also
connected), where a high cluster coefﬁcient value indicates that
the nodes tend to create more tightly knit groups as shown in
Figure 1. The dramatic decrease of characteristic path length
(i.e., the degree of separation) after the CTSA award suggests
that it becomes faster for an investigator to reach another
investigator in the RCN and easier to foster new collaborative
research projects. However, we have yet to assert that the
RCNs at UAMS are actual small-world networks as we need
to compare the C and L of the RCNs with those of the random
graphs constructed from the same vertex set.

As shown in Table III, comparing network metrics between CTSA supported and non-CTSA supported investigators
reveals valuable insights. First, the average strength (i.e.,
weighted degree) of nodes within the CTSA group is larger
than that of the non-CTSA group for both RCN2006−2009
and RCN2009−2012 . More interestingly, the difference in
the average strength between the CTSA group and nonCTSA group increased dramatically from RCN2006−2009 to
RCN2010−2012 , which indicates the CTSA investigators became more active in collaborative research grants than the nonCTSA group (i.e., for RCN2006−2009 , S̄ + = 10.30 > S̄ − =
9.97; and for RCN2010−2012 , S̄ + = 23.60 > S̄ − = 19.88).
Second, as discussed above, the average shortest path length,
i.e., the degree of separation, tells us how easy or difﬁcult
for an investigator to reach another researcher in an RCN.
Comparing RCN2010−2012 with RCN2006−2009 , the degree
of separation decreases for both CTSA and non-CTSA groups.
This decrease indicates that with the CTSA grant, it is much
“easier” for investigators to ﬁnd other researchers (with or
without CTSA funds) and form new collaborations. Another
important observation of the path length measures is that the
difference between L̄(−⇒±) and L̄(+⇒±) decreases from 0.11
to 0.02 (i.e., between RCN2006−2009 and RCN2010−2012 ).
Therefore, the CTSA award not only encourages more collaborative research activities among the CTSA supported investigators but also shortens the collaboration “distance” for
non-CTSA supported investigators.

The proposed diversity measures of the two aggregated
RCNs (i.e., RCN2006−2009 and RCN2010−2012 ) have revealed
that the research community at UAMS is shifting towards more
interdisciplinary collaborations. As the goal of CTSA award
is to incubate new multidisciplinary collaborations and high
impact research across the spectrum of translational science,
the shifting suggests the impact of CTSA.
The average number of new edges is also interesting.
Compared to the result in the previous year, the average
number of new edges (i.e., new collaborations) is rather stable
from 2007 to 2009. Surprisingly, there was a surge of new
collaborations in 2010, that is, 10.79 new collaborations on
average compared to the 2009 dataset. We believe it is a mixed
effect of the CTSA award and the American Recovery and
Reinvestment Act of 2009, which resulted in a large number of
new grants funded that year. However, there was a signiﬁcant
decrease from 2010 to 2011 (i.e., −9.89) possibly due to the
economic recession. Without network analysis of the RCNs,
these novel observations would not be uncovered. We note
that the these ﬁndings are important in that they can help
an organization to understand the driving forces of research
collaborations and adjust its policies to promptly protect the
collaboration environment.

C. Centrality leaders in the research collaboration networks
at UAMS
We use the proposed method to identify centrality
leaders (i.e., social leaders) in the two aggregated RCNs
(RCN2006−2009 and RCN2010−2012 ). As shown in Figure 2,


(a)

(b)

Fig. 2: The centrality (i.e., social) leaders identiﬁed in the RCNs at UAMS, where graph (a) is the RCN prior the CTSA award
(i.e., 2006 – 2009); and graph (b) shows the RCN after the CTSA from 2010 to 2012. *The relative sizes of the nodes illustrate
the consented centrality rankings.

the size of a node is set proportional to its ranking (i.e., the
larger the node in size, the higher the investigator’s ranking)
to depict the leader nodes.

collaborative relationships. We believe that our weighted graph
model provides a more natural representation of research
collaborations and helps us understand the characteristics and
dynamics of the collaborative research environment. Moreover,
through observing the evolution of the research collaboration
network prior to and after the CTSA award at UAMS, we
obtained quantitative evidences that the research environment
at UAMS is moving towards a positive direction in terms of
both productivity and efﬁciency. Furthermore, since the CTSA
award, investigators at UAMS have established more crossdisciplinary collaborations, which suggests that the CTSA at
UAMS has had a positive impact on creating an effective
trans-disciplinary research collaboration environment. Last but
not least, we applied a rank aggregation method to consolidate the four widely-used network centrality measures
to identify “inﬂuential” or “important” investigators in the
research collaboration networks. We believe our study can
help administration and leaderships in a research organization
to strategically allocate resources to protect or nurture more
“inﬂuential” nodes as losing these nodes may have negative
impacts on the efﬁciency of the network.

Combining various network centrality measures through
rank aggregation leads to discovering key components in a
network in a more concise and representative manner. Visually,
as demonstrated in Figure 2, the identiﬁed centrality leaders
are mostly the bridging nodes that connect different parts of
the network.
However, the discovered centrality “leaders” are rather
different from what we normally perceive as “leaders” in the
context of academic institutions. For example, we found that
the identiﬁed “leaders” of the RCNs at UAMS are neither
the actual leaders of the university nor are the leading investigators. Top ranked investigators instead often are biomedical informatics researchers and biostatisticians. Biomedical
informatics and biostatistic investigators provide a common
service to other researchers, so that they often appear on many
grants collaborating with different PIs as “Co-Investigator”.
Nevertheless, in the context of collaboration networks, these
are the “leader”-nodes as they contribute the most to the
structure and efﬁciency of the network.
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C ONCLUSION

In this paper, we presented an extensive study of biomedical research collaborations using network analysis methods.
Distinct from previous studies on the same topic, we proposed
a novel network model that considers the strength of the
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