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Abstract

It has been proven that collaboration between authors leads to a positive influence on
research. This paper aims to analyse the complex structure of the co-authorship network
among researchers of the Italian Institute of Technology. In this paper, we examine two
different co-authorship networks created starting from the data of the papers published by
the Italian Institute of Technology during the period 2006-2019. We apply the main Social
Network Analysis techniques to describe the relational structure of the group of researchers
and its evolution over time. The structure and characteristics of the networks are analysed
both at macro and micro levels, and an attempt is made to identify a possible relation-
ship between the position of researchers in the graphs and their scientific productivity and
quality.

Keywords Social network analysis - Scientific collaboration - Research performance -
Co-authorship network

Introduction

Nowadays research centers must be constantly monitored to evaluate scientific production,
scientific collaboration between researchers, and the degree of openness compared to other
national and international research centers. In recent years there has been an increase in
scientific collaboration between researchers (Drenth, 1998; Glinzel, 2001; Weeks et al.,
2004; Levsky et al., 2007; O’Brien, 2012; Henriksen, 2016; Kuld & O’Hagan, 2018).
Cooperation allows us to overcome the growing complexity and specialization of scientific
research. Joint work can involve actors working in the same disciplinary field, but also,
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and above all, actors from different sectors. This allows each actor involved to influence
ideas, share different expertise, and acquire new skills, leading to innovations more eas-
ily. An additional benefit of cooperation among scientists is given by the increase of their
scientific productivity because synergy could improve the quantity and quality of their
research output (De Stefano et al., 2010). Besides, the collaboration between actors may
reduce research costs, in particular in experimental research, because it is possible to share
the expenses for scientific instrumentation (Huang, 2014). Collaboration could be analysed
through co-authorship in scientific publications, as shown by several studies, such as that
of Glédnzel and Schubert (2004). This paper also uses co-authorship links as a measure
of scientific collaboration and, in particular, it analyses the collaborative research network
between researchers of one of the main Italian research centers, the Italian Institute of
Technology (IIT). IIT is a Foundation established in 2003,' publicly financed that con-
ducts scientific research in the public interest by promoting excellence in basic and applied
research. The study considers researchers employed in the Central Research Laboratories
based in Genoa, where the scientific headquarter of the Institute is located. The total staff
of the IIT is comprised of 1762 people and the scientific field is represented approximately
80% of the overall staff. In 2018, State financing received through the Ministry of Econ-
omy and Finance amounted to approximately EUR 91 millions (deducted spending review
amount), 80% of which were allocated to scientific and technological activities. Moreo-
ver, the Institute obtained other monetary resources through participation in competitive
and commercial projects, for more than 46.7 million euros. IIT Research Lines are divided
into four domains: Robotics, Nanomaterials, LifeTech and Computational Sciences. The
lines belonging to the first domain are dedicated to the development of new robotic plat-
forms, both hardware, and software. The Research Domain of Nanomaterials, instead,
includes activities for the creation of sustainable/biodegradable materials, nanocomposites,
2D materials, nanofabrication technologies and nanodevices, and new colloidal chemistry
approaches. The Research Domain of LifeTech is devoted to developing advanced genetic,
molecular, electrophysiological, computational, imaging, and perturbation tools for dis-
secting the microscopic neural processes underlying brain function. Finally, the Compu-
tational Sciences domain is focused on massive simulations of physical systems, repeated
numerous times to generate robust statistics and data mining of vast datasets to identify
unexpected patterns. In addition to the Research Lines, the Institute presents 8 Facilities.
Facilities can interact with all Research Lines and provide scientific and technical assis-
tance for basic research and the resulting applications. Each facility offers researchers and
students an extensive range of services from essential routine to more advanced technology
and consulting services.” There are currently 90 independent Research Lines and Facili-
ties at IIT developing the 4 Domains in a fully cross-disciplinary research environment. In
this paper, we propose an analysis of the scientific collaboration network between authors
belonging to the IIT. The analysis of these networks is very relevant to understand the evo-
lution of the network over time. It is important to understand whether the network of col-
laborations grows linearly or exponentially. In this work, we describe the data collected
via Scopus and those provided directly by the research center. Then, we present the main
techniques of the Social Network Analysis that have been used to examine the structure of
the graph of co-authorship and its evolution over the years. After we examine the scientific

! Ttalian Institute of Technology was established by Legislative Decree 269/03, converted by Law no.
326/2003 (Article 4 of the Statute).
2 https://iit.it/research/facilities.
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Fig. 1 Evolution of the number of papers published with the affiliation of the Italian Institute of Technology

collaboration network starting from the data of the papers published by the IIT, for this
reason, the reference period is between 2006 and 2019. We analyse the structure and the
characteristics of the graph (macro perspective), and the most central actors in the network
(micro perspective); moreover, we verify the existence of a relationship between centrality
measures of each author and their research performance, based on the number of docu-
ments published and the number of citations received by each of them. Finally, we discuss
the results and draw our conclusions.

Materials and methods
Data sources

The study considers only the papers affiliated with the Italian Institute of Technology to
analyse the scientific productivity and the research impact of the organisation. To this aim,
we downloaded the data relating to all the documents published by the Italian Institute of
Technology for the years 2006-2019 from the bibliographic database of Scopus.® There
are 12,363 documents in all. The phase of data processing removed 47 papers* and the

3 The Scopus database was produced by the publishing house Elsevier and it was introduced on the market
in 2004. It is available at the following link: https://www.scopus.com/search/form.uri?display=Dbasic.

4 We removed duplicate papers because Scopus includes both the final versions of the articles and those
containing errors and we excluded the papers with a large number of authors for which affiliation informa-
tion was not available.
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final number of documents included in the analysis is 12,316. Figure 1 shows the trend
of the Institute’s number of publications in the period considered. The number of papers
increased significantly until 2015 when it reached a value of 1396; in the following 4 years
the growth stopped but the number of publications remained stable with a value of just
over 1300. We also used data provided directly by the Institute to implement a qualitative
check of the attributes concerning personnel.

The data we processed are relational data, so we can detect patterns and interactions
between researchers. In particular, we analysed the overall status of collaborative research
among authors, we determine the authors at the core of the cooperative research network,
we identify authors that have a strong cooperative relationship, and we verify the exist-
ence of a relationship between centrality measures of each author and their research perfor-
mance, based on the number of documents published and the number of citations received
by each of them.

Methods

Our research focuses on co-authorship links among scientists of the Italian Institute of
Technology. To study these relations we applied the techniques of the Social Network
Analysis (SNA), which is a method of structural analysis applied in many research fields
and developed since the 1930s with the work of Jacob Moreno (Freeman, 2004). In recent
years, the use of this method has seen exponential growth, also thanks to the increase in
data collection and the increase in computational capacity.

Network science allows the measurement and visualization of collaboration networks
between individuals through a graph. A graph is represented by a set of V vertices, also
called nodes, connected by E edges, also called arcs, links, or ties. In mathematical terms,
a network or a graph is defined by the object G = (V, E) where V is the set of nodes and
E the set of arcs. In the analysed graph the authors are the vertices and the co-production
between authors of a given publication are the edges. The network of co-authorship links
is undirected since the relationship between authors who wrote some papers together is
symmetric. Furthermore, the graph is weighted and the weight of each link is equal to the
number of publications two actors have collaborated on together during the period of inter-
est. The weight reflects the degree of collaboration. It is reasonable to consider that cer-
tain relationships are stronger than others because generally, an author prefers to collabo-
rate with another one with whom he has already cooperated, rather than looking for a new
peer. We use the weight to compute the average strength of the networks, illustrated and
commented below. However, to compute other measures, we do not consider the weight,
because it is inappropriate in situations where a smaller weight is preferred. For example,
the algorithm employed for the computation of the diameter in a weighted network favors
smaller edge weight since the weight of an edge is considered as the cost to travel between
two vertices. This implies that the algorithm will select the paths where two authors have
fewer collaborations, but in reality, it should be shorter and easier to reach a frequent col-
laborator rather than a new author (Bian et al., 2014). Another edge attribute is given by
the date of publication of each paper. Social Network Analysis includes some measures rel-
evant to the identification of the central actors and the most cohesive relationships within
the network. The statistics applied in the current study are described below. Each metric
was computed using igraph, a network analysis package developed in R. For research
purposes, centrality measures, density, degree distribution, degree centralisation, clustering
coefficient, connectivity, and diameter of the network were evaluated.
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Social network metrics

Diameter The first index analysed refers to network connectivity. A graph is said to be
connected if for each pair of nodes i, j there is a path, i.e. a set of consecutive arcs con-
necting i and j. In the case of a non-connected network, it is possible to split the graph
into components, i.e. in connected sub-graphs. Network components can be made up of
a single node, in this case, nodes are called isolated, or of a group of connected nodes.
SNA theory defines a giant component a component in which the cardinality of all its
nodes is of the order of N, the total number of the nodes in the network. In the studies of
complex networks it is generally necessary to work with connected graphs. For this rea-
son, the giant component of the network is typically extracted and analyses are carried
out on it. A measure related to network connectivity is the graph diameter. The diameter
is the longest geodesic distance between any pair of vertices or the distance between the
two furthest vertices. Formally, the diameter is shown in Eq. 1.

diameter = max, ;d(i,j) = maxe, (1)

Degree centrality The degree, denoted by k; corresponds to the number of incident arcs
of the ith node. For the degree centrality the vertices with a higher degree are more cen-
tral and, in contrast, the vertices with a lower degree are located in the peripheries of the
network. This measure is based on the idea that the central nodes must be the most active
since they are mostly connected to the other nodes in the network (Wasserman and Faust,
1994). The general formula of the centrality index based on the degree is shown in Eq. 2:

Cp(i) =k; (2)

to compare the degree in different graph, it is possible to standardize the index by dividing
by the maximum possible value N — 1:

. ki
Cp() = o1 3)
where the subscript D is for “degree”, k; is the node degree and N — 1 is the maximum
number of links that the node can have. After converting the multigraph network into a
weighted graph, the strength of the vertices was also computed. The strength of a generic
node i is equal to the sum of the weights of the arcs connected to it.

Closeness centrality The closeness centrality is based on the concept of geodesic dis-
tance, which is the shortest path that connects the nodes. According to this index, the
central actor is the one who can reach all other nodes most quickly. Hence, the more
central a node is, the lower its total distance to all other nodes. Sabidussi (1966) defined
the closeness centrality as the reciprocal of the sum of the distances from node i to all
other nodes:

N -1
Celd) = | D dGi.j) 4)

J=1

in this case, the subscript C stands for “closeness”. Again, for comparison purpose, we can

standardize the closeness by dividing by the maximum possible value (N — 1)~\.
Betweenness centrality For the betweennes centrality the importance of an actor

depends on the probability that he has to be along all the possible shortest paths that
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connect the actors of the network. In other terms, an actor is central if he undertakes a
mediation role. The betweenness for a node i is computed as follow:

8k ()
Cpy =y = 5)

J<k 8jk

where g, is the total number of geodesic paths that link node j to node k, while g; (i) is the
number of geodesics linking the two nodes that involve node i. The betweenness index can
be standardized by dividing by the maximum possible value. Unlike closeness centrality,
this measure can be applied even if the network is not connected.

Density The density index, denoted by A, is a graph property that describes the general
level of linkage among the actors in a network (Abbasi et al., 2011). The index is defined as
the ratio between the number of edges and the maximum possible number of edges in the
graph, as shown in Eq. 6.

Ao L 2L
T NN-1/27 NN-1) (6)

The A varies from zero (there are no links present) to one (all possible links are present).
Density values tend to reach zero in sparse networks, and close to one in tightly connected
networks (Wu et al., 2019).

Degree distribution Degree distribution, denoted by p,, represents the probability that
a randomly selected node in the network has degree k. This probability is given by the fol-
lowing formula:

Ny
P= (7)
where N, is the number of nodes in the graph having degree equal to k and N is the total
number of nodes in the graph. This property of the network becomes one of the most
important for several reasons. Firstly, to calculate most of the properties of a network it is
necessary to know the degree distribution. Secondly, the determination of certain phenom-
ena, such as the robustness of the network, depending on it. Real networks have a highly
heterogeneous degree distribution, with low degree nodes and very high degree nodes.
Networks with these properties are called scale-free since they are not characterized by a
specific scale size.

Degree centralisation The degree centralisation is an index that detects the dispersion
around the average degree value, or in other words, quantifies the range or variability of the
degree of each individual actor (Wasserman & Faust, 1994). Therefore, the degree centrali-
sation measures the overall consistency of a network, indicating how much relations are
organized around particular star actors. The index is bounded between zero and one; high
centralisation values normally indicate the accumulation of relations and ties around a few
network actors. Freeman (1979) defined a general mathematical formula for the calculation
of centralisation indices, that derive from a transformation of the centrality indices (shown
above). For non-direct graphs the degree centralisation index is expressed as follows:

>k =)

PTIN-DHIN-2) ®)

@ Springer



Scientometrics (2021) 126:8517-8539 8523

where k; is the degree of i-th node; N is the total number of nodes, and k* is the largest
observed degree value.

Clustering coefficient The clustering coefficient of a node, defined by Watts and Strogatz
(1998), is an index that considers the number of triads in which the corresponding node
takes place, compared to the number of potential triads involving that node. In other terms,
it measures the transitivity of the node. The index ranges between zero and one. A value
close to zero indicates poor transitivity, while a value close to one indicates a high percent-
age of triangles in the graph.

c 2t;

T k=1 ®)
where #; is the number of links between the set of nodes connected to i. From the nodes
clustering coefficient, it is possible to obtain the graph clustering coefficient, whose equa-
tion is as follows:

N
_L
(=5 26 (10)

Results

The results presented below, refer to the scientific collaboration network of the Italian
Institute of Technology created starting from all the documents published by the research
center during the period 2006-2019. The IIT was established in 2003 but the first papers
available on Scopus date back to 2006. From the information on the papers, two differ-
ent Co-Authorship Networks were created. Our data contained a binary variable that takes
value 0 if the author was not affiliated with the Italian Institute of Technology, and 1 oth-
erwise. For the first network, we considered only links in which at least one author was
affiliated with the Italian Institute of Technology; from this point forward, this graph will
be called heterogeneous network. The second graph instead was made up only of authors
affiliated with the scientific research center and will be called homogeneous network. We
decided not to consider the ties between authors not affiliated with the IIT because the
paper aims to analyse the scientific collaboration network of the IIT. If we had also con-
sidered the co-authors of the authors not affiliated with the IIT we would have analysed
almost all the papers available on Scopus (according to the Small World theory).’ We ana-
lysed the scientific collaboration networks in 2006 and then by tracking the change of the
cumulative network structure in 1-year intervals (e.g. the network from 2006 to 2007, from
2006 to 2008, and so on). Figure 2 shows the cumulative Co-Authorship Networks for the
years 2006-2019. The vertices of the graphs are characterized by different colors, the blue
ones represent researchers of the IIT, while the red ones researchers with other affiliation.
The graphs were created by using the software R and the package igraph, by applying

3 The first relevant empirical study of the small-world phenomenon was undertaken by the social psycholo-
gist (Easley & Kleinberg, 2010). Small world theory is based on the idea that two individuals will be con-
nected through a series of intermediaries by a small number of hops or steps.
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Fig.2 Cumulative Co-Author- o
ship Networks depicting collabo- oo
rations among researchers at the
Italian Institute of Technology.
The blue nodes represent authors
of the IIT, while the red ones
other co-authors

(b) Homogeneous Network (2006-2019)

a force-directed algorithm, Graphopt, created by Michael Schmuhl.® The algorithm uses
physical analogies to define attracting and repelling forces among the set of nodes and then
the physical system is simulated until it reaches an equilibrium.

A summary of the statistics of the heterogeneous networks is given in Table 1, and
Fig. 3 represents the line plot of each statistic.

The scientific collaboration network has grown over time, in fact from 2006 to 2019, the
number of authors has gone from 33 to about 25,000; starting from 2014, the number of
nodes increases by more than 2500 units per year. Figure 3a compares the size of the giant
component with the whole network. The blue curve denotes the growth of the co-author-
ship network, while the red one denotes the growth of its largest connected subgraph. These
two curves exhibit a similar growth mode and at the end of the reference period, 98% of all
the nodes belong to the giant component. The total number of links has also increased over
time, moving on from 97 to 93,533, respectively in 2006 and 2019; thus, co-authorship

® See http://www.schmuhl.org/graphopt/.
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Fig.4 Degree distribution of the Heterogeneous cumulative Co-authorship Network

has become a common practice in the Institute. From 2006 to 2007 the number of new ties
was 574, the value has increased each year and from 2008 to 2019 the number of new ties
reached the value of 12,030. The increase in ties just described does not take into account
the consolidation of existing connections, but only the presence of new links. However,
even considering the weight, given by the number of papers that two actors have coau-
thored, the growth is confirmed by the trend of the average strength: the average number
of scientific collaborations per author has increased from 6.30 in 2006 to 14.18 in 2019.
We also computed the degree distribution for the final cumulative co-authorship network
(2006-2019) because it contains important information about the nature of the network.
Real networks have a highly heterogeneous degree distribution, with many nodes with only
a few links (low degree) and few hubs with a large number of links (high degree), as in our
case study (Fig. 4). Networks with these properties are called scale-free since they are not
characterized by a specific scale size.

As mentioned in Sect. 2.2, the increase in the number of nodes determines an increase
in the number of the maximum possible distinct links. If we look at the density values, they
decrease over time from 18% in 2006 to 0.03% in 2019. However, it is worth noting that
the links between the authors who are not affiliated with the Italian Institute of Technol-
ogy have not been taken into consideration, therefore with the increase in the number of
external collaborators, the density can only decrease; the same is valid for the clustering
coefficient. For this reason, it is worth analyzing these two metrics for the network in which
all the nodes are affiliated with the Italian Institute of Technology. Degree centralisation is
not constant over time but remains relatively low, except for the first 2 years in which its
values are equal respectively to 32% and 13%. In the following years, the values fluctuate
and then begin to decrease starting from 2011, going from 7 to 3%. Degree centralisation
indicates that the whole network is not organized around a single central node but it has
many influential authors. This means that the co-authorship network of the Italian Institute
of Technology is not based on a single author, but its research impact is determined by
the sum of the individual authors; therefore even eliminating the most important nodes
from the graph, the structure would remain the same.” The clustering coefficient values
decrease with time, the probability that two of a researcher’s collaborators have themselves

" We have implemented a robustness check, eliminating a random sample equal to 10% of the total network
nodes. We calculated the degree centralisation metric on the new network, obtaining values identical to
those of the complete network. We also tried to eliminate the ten authors with the highest degree one at a
time and we saw that the network structure remains stable.
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collaborated is equal to 0.65 in 2006, and only to 0.10 in 2019. The last values reported
in Table 1 refer to graph connectivity. The values of diameter increase with time from 2
(2006) to 17 (2006-2012) but in subsequent networks the values of the diameter decrease,
and this implies that the efficiency of information flow on the network is increased. The
Co-Authorship Network is not a single connected graph; the number of components in
which the network is divided is not regular in the period considered, but in general, it
increases, going from 5 in 2006 to 85 in 2019. According to the theory, as the number of
total links increases, there comes a point in which a giant component forms (Sabidussi,
1966). Even the trend of the percentage of nodes that make up the largest component is
not constant with time, but it has grown substantially and in recent years the 98% of the
authors are included in the giant component. So 98% of the nodes are connected by a direct
or non-direct collaboration network.

To analyse how much the researchers of the Italian Institute of Technology tend to col-
laborate with each other, we also analysed the homogeneous network constituted exclu-
sively by the authors that have been affiliated with the scientific research center. Table 2
shows the main statistics for the homogeneous network, and Fig. 5 represents the line plot
of each statistic.

As for the heterogeneous network, the size of the graph has increased gradually, there
are 3351 authors in 2019 and only 19 in 2006. The number of links has grown even more
rapidly, going from 39 to 27,051, respectively in 2006 and 2019. The speed with which
collaborations between researchers affiliated to the Institute increases is the same as that
observed in the previous network, as shown in Fig. 6, where the red line corresponds to the
ties of the heterogeneous network, while the blue one to those of the homogeneous graph.
Comparing the number of links between the two networks, it is clear that the percentage
of collaborators affiliated with IIT represents about 30% of the total collaborations. So, it
is evident that the growth of internal collaborations has gone together with that of external
collaborations.

The values of other statistics are relatively higher than those reported in Table 1. Com-
pared to the previous network, cooperation between researchers of the Italian Institute of
Technology is stronger, the average number of scientific collaboration per author reached
values above 40 since 2017. Comparing strength and degree values in the two networks,
it is possible to note that the frequency with which two authors collaborate is higher for
internal collaborations (co-authorship ties between members of the institute), this means
that although the number of internal and external collaborators grows equally in the two
networks, the average number of times two authors cooperate is higher among members of
the Italian Institute of Technology. Figure 7 shows that even the final homogeneous cumu-
lative co-authorship network (2006-2019) is scale-free.

Density decreases with increasing network size, values going from 23% in 2006 to
0.48% in 2019, but slowly compared to the previous network. It means that the increase of
the existing links is less than that of the number of possible connections between the nodes.
This result confirms the theory according to which the levels of density tend to decrease
in larger graphs (Kim & Diesner, 2016). Furthermore, real complex networks typically
present a low level of cohesion. Also, the observed values for the clustering coefficient
decrease with time, from 0.91 in 2006 to 0.25 in 2019; however, a propensity of authors to
form cliques equal to 25% shows a fairly high local cohesion. Degree centralisation fluc-
tuates in the first years but starting from 2011 values decrease until they reach 7%. This
metric indicates that the structure of the graph remains sparse and therefore it is not based
on particular focal nodes, but on multiple authors, as for the previous network. Finally, the
number of components in which the new graph is divided is significantly lower, and after
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Fig. 7 Degree distribution of the Homogeneous cumulative Co-authorship Network

an initial period of fluctuations, starting from 2014 the number of components decreases,
reaching a value of 18 in 2019, hence in this network researchers are well connected. As
for the heterogeneous network, the giant component contains almost all the nodes (98.5%).

Up to now, the scientific collaboration networks have been studied at a macro level,
since we have examined the global structure and characteristics of graphs. Now, we will
study the networks from a micro-perspective, through different centrality measures that
explain the behavior of researchers based on their relationships with other researchers
(Bordons et al., 2015), also identifying the most influential nodes in the scientific collabo-
ration network. These metrics are computed for individual authors on the giant component
of the last two networks. The frequency distributions of the centrality measures for the
years 2007, 2011, 2015, and 2019 are shown in Figs. 10 and 11. The first one relates to the
heterogeneous network, in which a link is made up of at least one author belonging to the
Italian Institute of Technology, while the second figure relates to the homogeneous net-
work that includes only authors affiliated to the research organisation. For both networks,
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Table 1 Statistical properties of the heterogeneous cumulative Co-Authorship Networks

Period No. of No. of Density Average Degree Clustering No. of Diameter
Nodes Ties strength centralisa- coefficient compo-
tion (%) nents

2006 33 97 0.18371  6.30 31.63 0.65 5 2

2006— 307 671 0.01429  5.58 12.95 0.40 26 5
2007

2006— 856 1850 0.00506  5.73 5.34 0.30 46 10
2008

2006— 1766 4203 0.00270  7.03 6.25 0.23 45 15
2009

2006— 2974 7891 0.00178  8.50 6.62 0.18 50 13
2010

2006— 4681 13,416 0.00122  9.58 6.76 0.15 58 16
2011

2006— 6578 20,044 0.00093 10.62 5.31 0.15 49 17
2012

2006— 8461 27,081 0.00076 11.81 4.38 0.14 62 13
2013

2006— 10,999 36,594 0.00061 12.38 3.60 0.13 61 12
2014

2006— 13,775 47,656 0.00050 13.01 3.35 0.12 57 12
2015

2006— 16,445 58,140 0.00043 13.36 297 0.11 62 12
2016

2006— 19,201 69,853 0.00038 13.74 3.05 0.11 69 12
2017

2006— 21,988 81,503 0.00034 13.98 3.15 0.10 65 12
2018

2006— 24,822 93,533 0.00030 14.18 2.79 0.10 85 11
2019

the frequency distributions of degree and betweenness centrality follow a gamma distribu-
tion, most authors have low centrality values, while a few authors are characterized by high
values. This type of distribution for degree centrality indicates that these co-authorship
networks have a scale-free character (Barabasi & Albert, 1999). Conversely, the values of
closeness centrality follow the Gaussian function. Tables 3 and 4 report the position of
the top-ranked authors of the cumulative networks 20062019, according to the centrality
measures.

Except for a few authors, the names in both tables are the same and all the authors are
affiliated with the Italian Institute of Technology. Note that the author who appears in the
highest position in all rankings is almost always the same; hence he is the central actor of
the analysed co-authorship networks. In the heterogeneous network, the degree centrality
for this author indicates that he collaborated with 504 co-authors, but in the homogeneous
network he occupies the first position of the ranking with 252 collaborations; this means
that the author preferred internal collaborators than external ones. For a scientific commu-
nity, the greater is the number of collaborators, the higher is the level of degrees of intra-
community influence (Yan & Ding, 2009). The authors that are in these tables play a piv-
otal role in the network because they are characterized by high communication activity and
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Table 2 Statistical properties of the homogeneous cumulative Co-Authorship Networks

Period No. of No. of ties Density Average Degree Clustering No. of Diameter

nodes strength centralisa- coefficient compo-
tion (%) nents

2006 19 39 0.22807 4.74 10.53 091 4 2

2006— 122 224 0.03035 5.66 6.88 0.66 21 4
2007

2006— 261 556 0.01639  7.38 7.21 0.56 33 5
2008

2006— 464 1308 0.01218 11.19 14.12 0.44 31 17
2009

2006— 705 2385 0.00961 15.08 14.81 0.38 33 14
2010

2006— 983 4047 0.00838 19.76 14.95 0.35 32 12
2011

2006— 1287 6351 0.00767 24.38 12.37 0.33 21 11
2012

2006— 1552 8649 0.00719 29.33 11.02 0.33 25 10
2013

2006— 1845 11,339 0.00667 33.29 9.85 0.31 26 12
2014

2006- 2162 14,443 0.00618 36.92 8.45 0.30 20 11
2015

2006— 2461 17,463 0.00577 39.45 7.84 0.28 23 10
2016

2006— 2763 20,854 0.00547 42.12 8.18 0.27 22 10
2017

2006— 3055 23,998 0.00514 44.05 7.48 0.26 21 11
2018

2006— 3351 27,051 0.00482 45.56 7.04 0.25 18 10
2019

Table 3 List of the top ten authors based on centrality measures

ID Degree ID Closeness ID Betweenness

57214432011 701 36038586400 0.355 36038586400 0.091

57208455894 657 7004555976 0.348 57214432011 0.066

7005221987 546 57208455894 0.340 7004555976 0.061

7004555976 539 57214432011 0.339 6603680863 0.045

7004723880 507 57203054720 0.338 7101898098 0.045

36038586400 504 7005225151 0.336 57208455894 0.045

57211227572 474 56999237200 0.336 57201554399 0.039

57201554399 470 7006790590 0.335 57211227572 0.038

7101898098 454 7005221987 0.334 6507663930 0.036

23100242200 450 24502683600 0.332 7006790590 0.036

The authors belong to the heterogeneous network
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Table 4 List of the top ten authors based on centrality measures

ID Degree ID Closeness ID Betweenness
36038586400 252 36038586400 0.416 36038586400 0.127
57211227572 246 7004555976 0.397 57211227572 0.086
57208455894 238 7005225151 0.393 57201554399 0.059
7005221987 234 57208455894 0.385 7004555976 0.054
7005225151 213 57203054720 0.385 57214432011 0.049
57214432011 208 57214432011 0.383 6603680863 0.048
7004266208 206 55894681500 0.380 7006595496 0.048
7004555976 199 8545961300 0.379 7101898098 0.045
24502683600 189 7005221987 0.379 7005225151 0.041
57201554399 176 7005551012 0.378 57203054720 0.038

The authors belong to the homogeneous network

Fig.8 Average number of
publications from the first year of
publication

o
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Years from 1st publication

popularity. Researchers with the highest closeness centrality values had the highest oppor-
tunity to exchange and propagate information to establish a cooperative relationship with
other authors within the network. The closeness rate explains how long information flow
takes from a given node to others (Yan & Ding, 2009). Finally, the authors with the highest
betweenness centrality values play a crucial role to connect different groups as a broker,
hence they possessed a large number of research sources and they can control collabora-
tive relationships (Wu et al., 2019). It is worth noticing that all the top-ranked authors in
Table 4 have published for several years for the Italian Institute of Technology. Each of
these authors has been publishing for the IIT for more than 8 years, hence they consoli-
dated their role within the organisation over the years. This result leads us to analyse the
relationship between the number of publications and the seniority of the authors, measured
as the number of years since the first publication for the research organisation. Figure 8 and
Table 5 show the average number of publications per seniority.

On average authors published 1.59 papers in their first year, the average increases by
65% in their second year, and continues to grow in the subsequent years. This confirms
that productivity grows with seniority. Authors with the fewest years from first publication
are also included in subsequent years, but not vice versa. All authors contribute to the first-
year average, but only eight authors have published for 14 years for the Institute. For this
reason, we have decided to repeat the analysis considering only the 501 authors who have
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Table 5 Average number of
publications from the first year of
publication

Years from Ist publication Average No.
of publica-
tions

1.59
2.64
3.14
3.38
3.73
4.06
4.47
4.99
5.30
5.71
5.66
6.10
6.04
6.50

© 0NN AW = O

—_ e e e
W N = O

Fig.9 Average number of
publications from the first year of
publication

s o

Average No. of publications
w

0 1 2 3 4 5
Years from 1st publication

published for at least 6 years so that the average is always calculated on the same authors.
The results are shown in Fig. 9. Even though the average values are higher than the previ-
ous ones, the growth rate is the same. In fact, in the first year, the average is 2.23 and in the
second year, it grows by 68%.

According to the literature, collaborations have a positive correlation with the number
of publications (Lee & Bozeman, 2005; McFadyen & Cannella, 2004) and the publica-
tions’ impact (He et al., 2009; Wuchty et al., 2007). We try to verify the existence of a
relationship between the position of authors in the cumulative scientific collaboration net-
work of 20062019 and their performance based on the number of documents published
and the number of citations received from each author. In particular, we compare Table 3
with Table 6 that reports the list of the top ten researchers based on the number of cita-
tions and publications. From the comparison of the two lists, it is clear that 8/10 of the
top-ranked authors for centrality measures are in the top ten rankings for the number of
publications, whereas only 4/10 are in the top ranking for the number of citations. The dif-
ference between the two tables is because greater scientific productivity is not necessarily
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Table 6 List of the top ten

authors based on citation and Ranking ID Publication  ID Citation
publication counts 1 57211227572 555 24344803200 15273
2 56275172000 347 7005221987 15,244
3 57201554399 305 8833978100 10,105
4 7005221987 264 57211227572 9986
5 7006595496 256 6508101563 9793
6 6602884280 256 36038586400 9459
7 7004555976 250 23003424200 7353
8 7005225151 233 7006790590 7169
9 36038586400 224 55053316100 7166
10 57203054720 215 35224069200 7144
Fig. 12 Spearman’s correlations
between centrality measures and
publication and citation counts Publication - 0.75
Corr
o 1.0
Degree 1 0.58 0.69
05
0.0
Citation - 0.35 0.55 0.45 05
=10
Closeness - 0.26 0.56 0.34 0.41
=} %
CF A
1o Yol © O
X &
Q Q,é*‘“

linked to a greater number of collaborators; some authors may have fewer collaborators or
tend to cooperate with the same colleagues, they are not cut-points, and accordingly, they
are in the periphery of the co-authorship network. As done by previous studies [for exam-
ple those of Hou et al., (2008), Yan and Ding (2009)], we compute the Spearman’s cor-
relation between the number of publications and citations and centrality measures for all
the authors in the giant component of the cumulative co-authorship network 2006-2019.
Figure 12 shows that there are only positive correlations between metrics. The most corre-
lated are betweenness and degree centrality measures with publication counts, with a cor-
relation value equal respectively to 0.75 and 0.58, whereas the correlation value between
closeness centrality and the number of publications is lower and equal to 0.34. Centrality
measures present less correlation with citations than with publications, values correspond
to 0.45, 0.35, and 0.26 respectively for betweenness, degree, and closeness centrality. This
is normal because the co-authorship network is indirectly created from data concerning
the documents published by the research organisation. However, although citations, pub-
lications, and centralities measure different contents, the positive correlations of centrality
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measures with the number of publications and citations demonstrate that centrality meas-
ures are able not only to assess the importance of the actors within a network but in some
way also their scientific productivity and in a secondary way their quality. In particular,
these results suggest that researchers who play a bridging role between different groups of
authors (high betweenness) or those with a higher number of collaborators (high degree)
are likely to obtain better performance results. It is worth noting that these metrics are used
to measure the structure and the characteristics of the organisation as a whole and cannot
be used to make a single author assessment. These measures do not take into account the
academic career, the degree of seniority, and the position held by each author within the
research organisation.

Discussions and conclusions

Compared to the existing literature, this paper does not focus on scientific collaboration
across different disciplines but collaboration within an Italian research center, the Italian
Institute of Technology. The main objective of this paper is to analyse the structure and
evolution of the co-authorship network of the IIT, the actors’ position and attributes to
identify some interesting features of the research organisation, and the areas where it is
most productive. In this paper, we have analysed different co-authorship networks in which
the nodes are authors, while the edges represent the connection between two actors that
have co-authored a paper. In particular, we have examined two graphs that are created start-
ing from the data of the papers published by the Italian Institute of Technology during the
period 2006-2019: the first network is made up of ties in which at least one author is affili-
ated with the research organisation (external collaboration), while the second network is
made up of ties only between the Italian Institute of Technology members (internal collab-
oration). The structure of the graph is rapidly expanding, and since 2014 growth has started
to stabilize. Generally, external collaborations represent 70% of the total collaborations,
while internal ones only 30%. The growth of collaboration is constant over the years and
external and internal collaborations grow together. However, when considering the rela-
tionship between degree and average strength, an author is more likely to collaborate more
frequently with another author affiliated with the institute than with an external researcher.
The networks are decentralised, so if the Institute loses one of its focal authors, the struc-
ture of the networks would not change, and this result was confirmed by the robustness
checks. The networks have been analysed not only at a macro-level but also at a micro-
level. In particular, we identify the researchers with a more strategic position within the
network, through the computation of centrality measures. We found out that the most cen-
tral actors are those that have belonged to the Institute for the longest time. So we analysed
the link between the seniority and the average value of publications and we discovered that
the values increase over the years. For this reason, it would be convenient to keep their
researchers for a longer period rather than favor the turnover. For a more in-depth analy-
sis of the link between seniority and productivity, the papers published by the researchers
should also be analysed before entering the institute. We also try to figure out which prac-
tices determine higher performance, studying the relationship of the centrality measures
with the number of publications and citations. Our research shows that there is a relation-
ship between the centrality measures of each author and their research performance, but
there is not a perfect correlation. This is because centrality measures, publication, and cita-
tion counts measure different contents. In particular, the number of publications measures
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the author’s productivity, the number of citations the quality, and the impact of papers,
instead, centralities measure not only the author’s productivity and impact, but also his role
within the community and his influence in spreading information. However, since there is a
positive correlation between the metrics, it is possible to affirm that centrality measures can
mainly evaluate the scientific productivity of a researcher and only partially the quality of
his work. These metrics can be used jointly to evaluate the characteristics of the network,
but it is necessary to note that these cannot be used to assess individual actors. These met-
rics do not consider determining factors for an objective assessment, such as the degree
of seniority, the academic career, and the position held by each author. Finally, it is worth
noting that we have found a positive relationship between the centrality measures and the
number of citations and publications, but correlation does not imply a cause-effect relation-
ship but the tendency of one variable to change as a function of another.

Our study presents some limitations. First of all, we used only a bibliometric source,
the Scopus database, to collect publication data, hence the dataset does not represent the
complete production of the IIT (other databases could contain publications in other jour-
nals and/or languages) (Abbasi et al., 2011). Secondly, we have used only the citation and
publication counts to evaluate research performance, other bibliometric indicators could
have been used. In general, it is possible to state that the results obtained can allow the
individual researchers to self-evaluate their propensities to cooperate with other scientists
(Abramo et al., 2013). Besides, the results can support the implementation of research poli-
cies and can have a potential impact on the community organisation. Further studies should
consider all the documents published by researchers employed at the IIT, also the papers
published before their hiring at the scientific institute; the prestige of a research center is
given not only by the scientific results obtained, but also by its human capital, that is, by
the people who make up the organisation, so it is necessary to consider the entire career
of the researchers. Finally, we would like to make a national or international comparison
among different research institutions; it would be interesting to compare the style of col-
laboration in research organisations of countries with different cultures.
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