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Abstract

Scientific cooperation is one the most important issues to improve the research quality. A multidisciplinary scientific
group connection among different knowledge areas (e.g., engineering, mathematics, sports, sociology and others) can
be a potential factor to build skilled manpower necessary for strong scientific research. Therefore, based on a case study
from RoboCorp, a multidisciplinary group with researchers from several scientific fields, this paper presents the
scientific cooperation between researchers through networking graph theory. These networks are addressed to answer a
broad variety of questions about collaboration patterns, such as the number of papers authors write, with how many
researchers they write and how researchers “connect” to make papers in specific areas. First, a weighted adjacency
matrix is built based on papers published in accordance with international standards (e.g., ISBN, ISSN), in which it is
possible to perceive the connectivity among researchers. Secondly, an easy-to-use MatLab script was developed to
compute the data, thus presenting the scientific networks. Afterwards, in order to further study the subcommunities
inside the research group, a graph partition methodology was used to divide the graph into clusters. Moreover, several
network concepts were used to evaluate the intra and inter-researchers performances as well as the collective
performance of the whole group. Results showed that the research group is integrally connected when considering all
published papers. However, dividing the networks by scientific areas, one can observe that some researchers ‘loses’
their connectivity, i.e., some authors only publishes on specific scientific categories or with specific researchers within
the group.
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1. Introduction

Graph theory was created through Euler’s solution of the Konigsberg’s bridges problem in 1736. Over time, they have
also become extremely useful as representation of a wide variety of systems in different scientific areas [1]. Biological,
social, technological, and information networks can be studied as graphs, and graph analysis has become crucial to
understand the features of these systems [2]. One such property is the “small world effect”, which is the name given to
the finding that the average distance between vertices (i.e., network nodes) in a network is short usually scaling
logarithmically with the total number n of vertices [3].
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1.1 The usefulness of network in real life studies

Graph theory, or more specifically network theory, has been used in several studies such as social networks and biology
[4] or collaboration networks [5].

In biology, the high volume of data requires the use of network methods in order to understand the dynamical
interactions between organisms [6-7]. For instance, in Mason and Verwoerd’s work [9], three classes of bio-molecular
networks had been studied: i) metabolic networks of biochemical reactions between metabolic substrates; ii) protein
interaction networks consisting of the physical interactions between an organism’s proteins; and iii) the transcriptional
regulatory networks which describe the regulatory interactions between different genes. Using network theory, the
authors were able to explore the structural properties of networks in living cells, thus understanding their properties and
how they biologically evolved. Similarly, Uetz et al. [7] was able to detect novel interactions for proteins previously
studied by other researchers, using the two-hybrid assay with activation-domain libraries of randomly generated inserts
using network methods. In the case of Schwikowski, Uetz and Fields [8], the network methods revealed global patterns
of proteins interactions within functional classes or localization assignments, as well as many possible cross
connections.

On economics, network structures play an important role in the organization of some major relationships [10]. For
instance, in order to understand the relationship among partners and to optimize the potential connection between
structures, microeconomic theory have used network structures for different issues such as the internal organization of
firms [11-12], labor economics [13], systems compatibility [14] and the structure of airline routes [15-16].

In collective sports (e.g., soccer), the team performance may be evaluated and even assured by using a complex network
of interpersonal relationship among players [17]. Within this context, the competency network [18] is more like a
dynamical concept than a static one [19]. Therefore, the analyses need to contemplate the regular and variable
interactions between players. Network theory has been used to verify the collective behavior between players of a team
[20-22].

On sociology, the social network analysis [23] conceptualizes the social structure as a network [24]. A social network
may then be defined as a set of people, or groups of people, with some pattern of interactions among them. Typically,
network methods in sociology have been data-oriented, involving empirical investigation of real-world networks
followed, usually, by graph theoretical analysis often aimed at determining the centrality or influence of the various
actors [25]. As an example, on real political application, the network method was used to analyze and understand the
cooperative voting decisions [26-27]. Other application example may be observed on business processes [28] in order to
understand the interaction within the business system.

1.2 Coauthorship Network

Despite the previous applications of network theory, very little attention has been given in the evaluation of research
groups. The coauthorship of a paper can be understood as a documenting collaboration between two or more authors, in
which these collaborations form a coauthorship network. According to Newman [29] scientific publications can be
better represented by social networks than many affiliation networks. This may imply that researchers who have written
more papers together are genuinely acquainted with themselves. Therefore, the study of coauthorship networks has
received some of the attention of researchers, seeking to understand the dynamics inherent to the scientific activities and
collective work [30-32].

Some studies had used scientific databases in order to understand the connectivity and dynamics among researchers and
among scientific areas [33-35]. Over time, some studies analyzed the collaboration among researchers through
coauthorship networks [36].

Several different methodologies to measure the connectivity among authors have been presented. For instance, some
studies are based on the strength between link vertices, using these indicators to measure the coauthorship networks
[33-35]. However the reported studies were mainly based on static network and did not analyzed the evolution of
networks over years or over the increasing number of published scientific articles. In response to this, Yoshikane and
Kageura [36] used the Monte-Carlo simulation to evaluate the growth and change of networks. Nevertheless, the
authors have not examined the observed accumulation according to time series, i.e., their analysis was based on
simulation data instead of real data.
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Similarly, Newman studies [25, 29] showed that the structure of such networks turns out to reveal many interesting
features between academic communities. Their studies analyzed results associated to the number of authors, number of
papers per author, number of authors per paper and clustering coefficients. Additionally, in order to measure the
complex patterns, the author used several graph theory techniques such as the shortest paths, average distances and the
weighted collaboration networks.

1.3 Scientific Contribution

However, the majority of the works published about coauthorship networks focused the study on scientific databases,
not considering the monitoring and evaluation of research centers/groups. In other words, the current scientific
evaluation uses network methods centered in a global way, i.e., they do not consider the scientific communities as
research centers for evaluation purposes. Nevertheless, the scientific work is mainly accomplished in a community way,
i.e., researchers belong to research centers. Therefore, it is not enough to study the network in a global way, since this
does not allows a deep understanding about how researchers works in their scientific group. Hence, it is important to
understand the functional level of each researcher center and how researcher contributes, in order to adopt new ways to
improve the potentialities of the scientific community. As a result, this paper presents an evaluation strategy based on
graph theory to further evaluate research groups. Besides presenting the connectivity between researchers as Newman’s
work [29], the herein proposed methodology also offers a graphical way to identify the most contributing researchers
(i.e., the ones that publishes the most within the group) and the group partitioning (i.e., identification of possible
subcommunities within the group).

To that end, an easy-to-use script developed in MatLab allows the user to add new papers, thus updating the network
graphs of the research group and possible subcommunities within the group. Experimental results were obtained by
using data from a multidisciplinary group with researchers from several scientific fields named as RoboCorp. Only the
last five years were analyzed, from 2007 to 2011, with a total of 108 original papers published in accordance with
international standards (e.g., ISBN, ISSN). Also, only twelve researchers were considered since they were the only ones
publishing since the beginning of 2007 until the end of 2011.

2. Scientific Cooperation

In order to achieve the proposed objectives previously defined, this work may be divided into three research aspects: i)
the graphical representation of coauthorship networks based on researchers’ interactions that arises from the publication
of scientific articles from a given research group; ii) the network partitioning of the coauthorship network into multiple
sub-groups based on researchers’ connectivity; and iii) the evaluation of the coauthorship network through network
concepts (i.e., network indices) to describe the topological properties of the research group.

2.1 Coauthorship Networks

The concept of coauthorship networks was first introduced by Newman [29] in which network theory was used to
represent the scientific collaboration between researchers. The coauthorship networks herein presented are similar to the
ones introduced by Newman [29] but contributes with the development of an easy-to-use script that allows to
graphically represent the relation between researchers and further identify the most contributing researchers within a
research group of n researchers (i.e., the ones that publishes the most within the group).

A MatLab script denoted as wgPlot was developed by Michael Wu [37] which allowed to plot graphs similarly to gPlot,
a MatLab function that allowed to plot n vertices (i.e., researchers) connected by links representing a given adjacency

matrix A= [aij ]e R™ defined by:

1, connection between nodeiand j
a; = (1)

0, no connection between nodeiand |
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Within coauthorship networks context, edges are adjacent when there is one vertex incident with them, i.e., the
connection between vertices (i.e., researchers) is defined by the coauthorship of a single paper published in accordance
with international standards (e.g., ISBN, ISSN).

It is noteworthy that in our special situation, in which each adjacency matrix represent a publication, the diagonal
elements (i.e., when 1 = ] ) are set equal to 1 to identify the researcher as one of the coauthors of the publication. As an

example, consider the herein presented publication in which the first author corresponds to the first vertex and so on.

The research group under study has, for instance, five researchers, i.e., N =5, but the two last did not contribute to this
work. The adjacency matrix of this publication would be represented by:

(11100
11100
A=[11100 | e R*>® )
00000
00000

The script wgPlot from Michael Wu [37] allows the user to input an adjacency matrix with weighted edges and/or
weighted vertices being denoted as edge-weighted edge-adjacency matrix A,, , introduced by Estrada [38].

The weighted matrix A,, can be easily defined by the sum of all adjacency graphs each one generated by a single

publication. Let us suppose an example in which two other more publications, besides this herein presented. The first,
second, fourth and fifth researchers handle the coauthorship of the first publication while the second publication has the

contribution from the first, second and fifth researchers. The matrix A, = [Wij ]e R would then be represented by:

33112 ]
33112
A, =|11100 @)
11011
22012

To allow a graphical representation of the scientific cooperation, the script presented by Michael Wu [37], denoted as
wgPlot, was further extended based with the following features: i) the vertex (i.e., researcher) size i, i = j, of the

network is proportional to the number of publications in which he/she is a coauthor W;; ; ii) the edge (i.e., coauthorship

between researchers) thickness and colormap of the network is proportional to the number of publications in which
researcher iand j, 1 # j, publish together; iii) the script receives as input a binary database (e.g., excel file) in which

each line corresponds to a publication and each column to a researcher, i.e., each line corresponds to an adjacency
matrix A; and iv) besides returning the network from A, , it also returns the clusters, i.e., subcommunities, of the

research group based on Hespana’s work [39] and extensively used in Lim et al. [40]. This last point will be further
explained in next section.
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2.2 Network Partitioning

In order to detect groups among researchers, graph theory has specific methodologies to constitute partitions. Uniform
graph partition consists of dividing a graph into components, such that the components are of about the same size and
there are few connections between the components. One of the functionalities of the graph partition is generate
communities. Communities, also called clusters or modules, are groups of vertices which probably share common
properties and/or play similar roles within the graph [41].

The uniform graph partition has gained importance due to its application for clustering and detection of cliques in
social, pathological or biological networks [42]. Commonly the graph partition is defined by G = (V, E) where V is
the vertex and E is the edges, such that is possible to partition G into smaller components with specific properties. A
k-partition of V is a collection P = {\/1,V2,...,Vk} of K disjoint subsets ofV , whose union equals V (Hespanha,
2004).

The MatLab function grPartition described in the technical report of Hespana [39] allows the fast partition of large
graphs. This function implements a graph partitioning algorithm based on spectral factorization. The herein proposed
MatLab script then merges the wgPlot and grPartition functions, with a few adaptations as previously presented, to
understand the scientific cooperation patterns within a given research group, such as the numbers of papers authors
write, how many colleagues they write them with and the existences of subcommunities among them.

Therefore, running the script with the previously described example (cf., section Coauthorship Networks) would then
return the following coauthorship network, thus identifying the scientific cooperation among researchers (Figure 1).

5

Figure 1. Coauthorship network between three publications from five researchers (cf., example previously described
and represented by A, in equation 3).

As one can observe, the first and second researchers are the ones that publishes the most (i.e., larger vertices). This may
be closely related with the cooperation between both researchers since they present a high connectivity (i.e., ticker
edge). On the other hand, the third and fourth researchers are the ones that publishes less (i.e., small vertices). Also,
there are essentially two sub-groups (i.e., vertices of different colors) in which one is formed by the third researcher and
the other by the remaining researchers, i.e., first, second, fourth and fifth researchers. This could mean that the third
researcher is not cooperating as other group members are.
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2.3 Network Concepts

Many kinds of networks (e.g., biological, sociological or others) share topological properties. To identify and describe
such properties most potentially useful network concepts are known from graph theory. In coauthorship networks
context, one can divide network concepts into: i) intra-researcher network concepts (i.e., network properties of a node);
ii) inter-researcher network concepts (i.e., network relationship between two or more vertices); and iii) group network
concepts (i.e., whole network concepts).

To allow using most of the network concepts, one can create a new relative weighted adjacency matrix
A = [rij ]e R™" | defined as:

Wi i .
—J’|¢J
=<{max A, (4)
Wij1i:j

Fi

where 0<r; <1 for I # J, with i, j=1..,n. The denominator Max;

i#]

A,, corresponds to the larger
connectivity between researchers, i.e., the researchers that most published together.

It is noteworthy that the diagonals of A will still represent the number of papers published by a researcher. However,
this value is not considered to compute the network concepts herein presented.

Intra-Researcher Concepts

The first concept and one of the widely used in the literature for distinguishing a vertex of a network (cf., Horvath,
2011), is the connectivity (also known as degree). The connectivity of researcher i can be defined by:

k = ; Iy 5)

such that K = [ki ] € R is the vector of the connectivity of researchers.

In the situation herein presented, i.e., coauthorship networks, the connectivity equal the sum of connection weights
between researcher i and the other researchers.

The most cooperative researcher, or researchers, can be found by finding the index/indices of the maximum
connectivity.

k =maxKk. (6)

5= ™

(6]



such that S = [si ] € R*" is the vector of the relative connectivity of researchers.

In research group context, one could interpret the scaled connectivity as a measure of cooperation level of a given
researcher in which high values of S; (i.e., as S;tends to 1) indicate that the i™ researcher works with most of the
other researchers from the group.

However, a researcher may present a high connectivity but may be unable to produce consensus among his/her

coauthors. In other words, he/she may publish with several other researchers that do not publish with each other.
Therefore, the clustering coefficient of researcher i offers a measure of the degree of interconnectivity in the

neighborhood of researcher i, being defined as:

. ZHZM Fii Vit i ©
(Zjﬂ rij)2_2j¢i(rij )2

such that C = [Ci ] € R™" is the vector of the clustering coefficient of researchers.

As Watts & Strogatz [4] suggests, this intra-researcher network concept is a density measure of local connections, or
“cliquishness”. Hence, the higher the clustering coefficient of a researcher, the higher is the scientific cooperation
among its coauthors. In other words, a clustering coefficient tends to zero if all the coauthors of a given researcher do
not publish much with each other.

The relationship between the clustering coefficient and the connectivity has been used to describe structural
(hierarchical) properties of networks [43]. Despite that in most situations the clustering coefficient is inversely related to
the connectivity, researchers that are associated with only one scientific category may have a high connectivity and also
a high clustering coefficient. However, researchers that work in multiple scientific categories are correlated with a
larger number of researchers, but many of these researchers do not publish with each other, leading to a smaller
clustering coefficient.

As a multidisciplinary research group, a weighting distribution of the cluster coefficient and the connectivity between
researchers should be taken into account. RoboCorp research group considers that it is important to have a high level of
connectivity since researchers should present a persistent partnership over time, seeking to create strong and lasting
relationships. At the same time, it also considers that the cluster coefficient of a researcher is relevant to the group since
it is necessary to produce partnerships in order to create interdisciplinary relationships, thus increasing the collective
productivity of the group, i.e., the group should sustain itself as a group avoiding to ensure exclusive priority to the
individual performance. Therefore, a weighting function, denoted as global rank, was defined as:

gi :pssi +:0cci (9)

where p, + p, =1, suchthatg = [gi ] € R™" is the vector of the global rank of researchers.

Note that the scaled connectivity s; was chosen over the unscaled one k; since it lies between 0 and 1 as the clustering
coefficient, thus resulting in 0 < g, <1. Taking into account that the main objective of RoboCorp research group is to
give priority to the collective performance (i.e., the overall interaction between researchers), one can ponder a balanced
consideration of p, = p, = 0.5. The top-ranked researcher, i.e., the one presenting the higher g, , will then be

denoted as the researcher centroid. Within research group context, the researcher centroid could be considered as a
hierarchically superior member (e.g., supervisor).

As a result, the herein proposed script returns the scaled connectivity, clustering coefficient and global rank of

researchers of a given coauthorship network. Using the previously presented example, the script would return the
following output:
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s =[1.0000 1.0000 0.2857 0.4286 0.7143]
¢ =[0.3922 0.3922 1.0000 0.7778 0.6667]
g =[0.6961 0.6961 0.6429 0.6032 0.6905]

As it is possible to see, researcher 3 presents the lower connectivity of the group and the higher clustering coefficient
(since researchers 1 and 2 highly cooperates with each other), thus resulting in a global rank higher than researcher 4
(which present an higher connectivity than researcher 3). It is also noteworthy that in this specific example, both
researchers 1 and 2 are considered the researchers centroids. Within coauthorship context, they could both be
considered as hierarchically superior to the other researchers (e.g., supervisors).

Inter-Researcher Concepts

To complement the intra-researcher concepts, at least two inter-researcher concepts need to be considered. The first one
arises from the researcher centroid (defined above) in which one can express his/her connection strength to all other
researchers as:

r-i,centroid’i # J
CCi,centroid = {1 | _ J (10)

This inter-researcher concept is denoted as centroid conformity and corresponds to the adjacency between the researcher
centroid and the i" researcher, such that cC = [CCi ] € R™" is the vector of the centroid conformity of researchers. In

other words, CC:

i centroid  Presents the cooperation level of the i" researcher with the top-ranked researcher.

The second inter-researcher concept is based on the topological overlap presented in several works such as Ravasz et al.
[43] and Horvath [44] which represents the pair of researchers that cooperates with the same researchers. However, this
measure presents the overlap between two researchers even if they do not publish with one another. In other words, the

topological overlap between the i™ researcher and the jth researcher depends on the number of published papers with

the “shared” researchers but does not take into account the number of published papers between them as it should.
Moreover, the topological overlap is represented by a symmetric matrix, thus presenting the overlap between
researchers but neglecting the most independent researcher of the pair. Therefore, by using the concepts inherent to the
clustering coefficient (equation 7), one should consider not only the “shared” papers but also the influence of the
conjoint publications among researchers i and j. In other words, if two researchers publish with the same other

researchers, then the cooperation between both of them allows building triangular relations between the other
researchers. However, the i™ researcher may be more dependable from the jth researcher if he/she only publishes with

the same researchers than researcher jth which, in turn, is able to publish with other researchers. As a result, similarly

to Ravasz et al. (2002) and Horvath (2011), one can define a topological dependencde = [td i ]e R™" as:

ZZL¢Ljrnﬂjﬁj’i g
Zlii Fi
:Elihjrnnjnj i
ij D e
pIS

Li=j

td

(11)

with i, j,1=12,...,n.
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As a consequence, two researchers have a high topological dependency, i.e., td;; = 1, if they publish with the same

researchers and with one another. In other words, the more researchers are “shared” between two researchers that highly
publish with one another, the stronger are their cooperation and more likely they will both represent a small cluster.

However, since T, corresponds to a square matrix with the size equal the number of researchers and since that
contrarily to the adjacency matrix or topological overlap usually used in the literature [44], T, is not symmetric, i.e.,
Td; =td

researcher concept denoted as topological inter-dependency T,, = [ti i ]e R™" as:

ji» 1t makes it difficult to compare the td j and td j Ppais. Therefore, one can introduce a new inter-

Tg =T, Ty (12)

Wherein TdT is the transpose of matrix T, and T,; corresponds to an antisymmetric square matrix, i.e., tiij =i i
In coauthorship networks, one can easily observe dependencies between researchers such that if tiij >0 then the
i™ researcher depends on the jith researcher to publish with his/her coauthors. Moreover, when associated to other

network concepts (e.g., researcher centroid) the relative topological dependency allows identifying possible
dependencies between researchers and even hierarchical relations.

As a result, the herein proposed script returns the centroid conformity as well as the topological overlap of a given
coauthorship network. Using the previously presented example, the script would return the following output:

cc =[1.0000 1.0000 0.3333 0.3333 0.6667]

0 0 -0.1190 -0.1058 -0.0889]
0 0 —-0.1190 -0.1058 -0.0889
T, =/0.1190 0.1190 0 0 0
0.1058 0.1058 0 0 0.0593
10.0889 0.0889 0 —0.0593 0 |

In this example, one can observe that the most cooperative researchers (researchers 1 and 2), i.e., the one that presents
the higher connectivity, are also the ones that most cooperate with each other (as they are both the researchers
centroids). Although this is not a linear relationship, it is highly probable that when the group has more than one
researcher centroid, they highly cooperate with one another. It is also possible to highlight researcher 5 as it seems to
cooperate more with researchers centroids. This could mean that he/she is hierarchically superior to researchers 3 and 4
(e.g., co-supervisor). Through the topological inter-dependency measure, one can, for instance, observe that researcher
3 presents a high overlap with researchers 1 and 2 — it could be concluded that approximately 10% of its publications
highly depends on them. Looking at Figurel it is easy to observe that while researcher 4 only publishes with the same
coauthors of researchers 1 and 2, they are both able to publish with other researchers (i.e., researcher 3). Despite
considering a small database, this may induce a “master-slave” relation between researchers 1 and 2 and researchers 4.
In other words, researchers 1 and 2 could be considered hierarchically superiors to researcher 4 (e.g., supervisor-student
relationship).

Group Concepts

Although both inter and intra-researcher concepts are useful to identify properties between researchers, group network
concepts also need to be considered to achieve properties of the full research group.

The inter-researcher connectivity allows retrieving several other group network concepts such as the network density
which can be defined as:

(9l
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Within coauthorship networks, the density measures the overall cooperation among researchers. A density that tends to
1 indicates that all researchers strongly publish with each other.

Another network concept based on the connectivity of researchers is the network heterogeneity which is closely related
to the variation of connectivity across researchers [45] and [46]. As Horvath’s work [44], it is herein defined as the
coefficient of variation of the connectivity distribution:

H = ny k! - (k)
k)

Since the heterogeneity measure is invariant with respect to multiplying the connectivity by a scalar, one could use the
scaled connectivity instead of the connectivity. Many complex networks have been found to exhibit an approximate
scale-free topology, which implies that these networks are very heterogeneous. In other words, a high heterogeneity of
the coauthorship network means that the research group exhibits a high level of subcommunities and there is,
collectively, a low level of cooperation between researchers.

(14)

Finally, to further analyze the coauthorship network, a widely used measure denoted as network centralization was
used. The network centrality (or degree centralization as Freeman [47] addresses) can be defined as:

c_. (maxk_Dj (15)
n-2\ n-1

A centralization of the coauthorship network close to 1 means that one researcher strongly cooperates with all other
researchers which, in turn, present a small (or inexistent) cooperation with each other. In contrast, a centralization of 0
indicates that all researchers cooperates equally between each other.

As a result, the herein proposed script returns the network heterogeneity, density and centralization of a given
coauthorship network. Using the previously presented example, the script would return the following output:

H=04751 D=04000 C =0.3056

In brief, one could conclude that the group is more or less homogeneous. For instance, researcher 3 should cooperate
more in order to reduce the heterogeneity of the group. Yet, the group presents a low density since researchers do not
cooperate enough with each other. Although the group presents a low network centralization, one need to be aware that
only three publications from five researchers were analyzed, thus making it impossible to observe a large discrepancy
between them.

Therefore, to further endorse the current methodology, next section presents an extended analysis of RoboCorp group,
benefiting from the full properties of the herein proposed script.

3. Case Study

The previously defined methodology was applied to the data obtained from a multidisciplinary group with researchers
from several scientific fields named as RoboCorp. Only the last five years were analyzed, from 2007 to 2011, with a
total of 158 original papers published in accordance with international standards (e.g., ISBN, ISSN). Also, only twelve
researchers were considered since they were the only ones publishing since the beginning of 2007 until the end of 2011.
It is also important to emphasize that although the group presents multiple supervisor-student relationships, there is not
a pre-defined hierarchy within the research group.

[10]



Based on Harzing’s Publish or Perish [48], RoboCorp fields of studies can be divided into two categories:

1. Engineering, Computer Science & Mathematics;
2. Social Sciences, Arts & Humanities.

Therefore, the Table 1 depicts a summary of RoboCorp publications in the last 5 years.

Table 1. Summary of RoboCorp data from the last 5 years. Authors per Category - number of authors from a category;
Number of Papers - total number of papers published in a category; Papers per Author - mean number of papers
published by an author in a category; Authors per Paper - mean number of authors on a paper in a category.

Engineering, Computer Science & Social Sciences, Arts &

Mathematics (1) Humanities (2) Global
Authors per Category 6 6 12
Number of Papers 78 30 108
Papers per Author 14.25 5.58 9.92
Authors per Paper 2.19 2.23 2.20

As one can observe, the number of authors in both scientific categories is the same. Also, more than 70% of the
published papers fall into category 1 which may infer two assumptions: i) authors in category 1 publish more than
authors in category 2; or ii) authors in category 2 publish more in category 1 than authors in category 1 publish in
category 2. The same conclusions can be withdrawn by analyzing the number of papers per author. At least, although
the number of authors per paper is approximately the same in both categories and fairly small, it is noteworthy that only
RoboCorp researchers are considered. In other words, if an author publish a paper with several external authors (i.e., not
from RoboCorp), it will be considered that this paper was only published by one author.

However, all this statistical data may hide a large amount of information. For instance, one should note that most of
researchers from a specific area may publish in another, e.g., one of the researchers from sports sciences (category 2)
published 10 papers in sports science and 2 papers in engineering (category 1). Also, it is not clear what may be the
contribution of each researcher to the collective objective, e.g., while one of the researchers published only one paper in
the last 5 years, another one published 47 papers. As another example, the statistical data do not show how researchers
within the group cooperate with each other as time goes by. In fact, a given researcher may publish a large amount of
papers without any other RoboCorp members, thus increasing the number of papers published by the group. However,
this may mean that the group is fragmented and the loss of this researcher would imply a major breakdown of the
collective performance of the group. Therefore, the scientific cooperation between RoboCorp members will be further
analyzed through networking graph theory.

3.1 Coauthorship Network Evaluation

The evaluation of a research group should meet its evolution over time. In fact, this aspect is intrinsically related to the
qualitative analysis of the group. Indeed, only a cumulative analysis can provide the data that allow us to interpret the
performance of the group and its evolutionary trend, defining the growing level of the cooperation between researchers.
Therefore, the analysis should not be static, but rather a dynamic and evolving assessment standard as Yoshinkan
Kageura (2004) present. To that end, the analysis of the last 5 years of the research group RoboCorp was profiled in
order to interpret its evolution over a period of time, thus allowing understanding the relationships and connectivity
between researchers, as well as the usefulness of them (Figure 5).
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Figure 2. Evolution of RoboCorp coauthorship network from 2007 to 2011.

In 2007, (i.e., year in which the group was founded), most of researchers were students fulfilling their academic degree
(e.g., BSc, MSc and/or PhD), hence not devoted solely to research and investigation. It should be noted that in 2007
only four members (researchers 1, 5, 6 and 10) had recently completed their advanced academic progression (i.e., PhD).
Later this year, there is a constitution of a sub-group (i.e., vertices of different colors) related to the BSc thesis project in
category 1 established between the supervisor (researcher 1) and three students (researchers 2, 4 and 9). In 2008, a new
sub-group is formed which is related with the MSc thesis from category 2 by researcher 3 under the guidance of
researcher 10. It is noteworthy that the four researchers who began the scientific production in 2007, i.e., those who
finished their PhD, have not established much cooperative work with other group members. This may be explained by
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the publications that arise from their PhD work in which other RoboCorp members did not contribute. Thus, we are
witnessing an enlargement of the network vertex without any connectivity established between peers. While in 2008 the
maximum connectivity was maintained between researchers 2 and 4, in 2009 we are witnessing a change in the higher
level of connectivity of the group, justified by the end of the MSc thesis of researcher 2 under the guidance of researcher
4. By analyzing the year 2009, there appears an interaction between the two sub-groups previously defined (i.e., a group
from category 1 and another from category 2) created by the cooperative work among peers. It also appears that the
remaining network vertices still produce scientifically but do not cooperate among them. The year of change in the
interaction between researchers was in 2010. The major part of the group were graduated students, thus resulting in an
enlargement of network vertices (i.e., the scientific productivity of researchers), as well as the connectivity between
researchers. There is also the maintenance of cluster formed by researchers from category 1 and 2 with the addition of
an element from category 2 to this group (researcher 11). The lack of a full connected network is due to the fact that
researcher 8 is still in his/her graduation process. From the analysis of 2011, there is a sub-division of the group that
was initially formed in 2009 as a result of contributions from authors of different categories, reinforcing its specific
intervention. It should be noted that the researcher who had joined the group in 2010 (researcher 11) has been isolated
in 2011. There has been equally the addition of a new researcher (researcher 12) who started the scientific production
with the other members in 2010. The change between group members may be explained by the fact that researcher 12
have cooperated more with researchers 3 and 10 in 2011 than researcher 11.

By analyzing the global network it is not possible to verify the effectiveness of all individual contribution that
researchers provides to the group. Thus, applying the intra-researcher global rank (cf., Figure 3) one can analyze the
trade-off between the cooperation level of a given researcher and the consensus that he/she can create with its co-
authors. Thus, as the number of collective contributions arises, one can observe a descending tendency in the
researchers that started publishing in 2007.
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Figure 3. Global rank of RoboCorp researchers from 2007 to 2011.

Table 2 was obtained by analyzing the final network (i.e., cumulative network between 2007 and 2011), thus describing
the ranking for both scientific categories previously defined. This classification is based on the global rank metric
ordered in descending order. Theoretically, researchers from a certain category should present a higher rank in their
category. Although this assumption is confirmed in the first ranking positions, the classification of a certain category is
influenced by the classification of researchers in the other category. In general, category 1 presents a higher rank than
category 2, i.e., the group presents a greater focus toward category 1 as the global rank is highly influenced by category
1.
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Table 2. Global rank g, of RoboCorp researchers. Researchers highlighted in blue are from category 1 while
researchers highlighted in green are from category 2.

Engineering, Computer Social Sciences, Arts &

Science & Mathematics (1) Humanities (2) Global

Researcher 2
Researcher 1
Researcher 4
Researcher 9
Researcher 3
Researcher 10
Researcher 8
Researcher 7
Researcher 5
Researcher 12
Researcher 6
Researcher 11

Researcher 10
Researcher 3
Researcher 12
Researcher 2
Researcher 5
Researcher 9
Researcher 4
Researcher 11
Researcher 1
Researcher 6
Researcher 7
Researcher 8

Researcher 2
Researcher 1
Researcher 4
Researcher 9
Researcher 3
Researcher 10
Researcher 8
Researcher 12
Researcher 11
Researcher 5
Researcher 7
Researcher 6

In order to present the inter-researchers metrics, a hierarchy graph was defined based on the centroid conformity and
directional edges points toward the direction of the researcher for which a given researcher depends based on the
topological inter-dependency (Figure 4). To categorically group the researchers, a uniform distribution was carried out
for each quartile. For instance, for a researchers’ centroid conformity between 0% and 25% of the distribution (i.e., first
quartile), they are placed in the lower level.

One can observe that there is a relationship between the hierarchically location of researchers and the dimension of the
vertices (i.e., number of publications), thus presenting a relationship between researchers who publish the most with the
centroid and the overall contribution to the group. Some exceptions may be identified, such as researcher 5 in which,
even being hierarchically inferior to researcher 3, he/she presents a greater contribution to the group.

It is also easy to conclude that researchers in a lower hierarchically position present a greater dependence over
hierarchically superior researchers. However, an exception to this trend can be observed through the analysis of
category 2, wherein researcher 12, although superior to researcher 2, presents a dependency relationship with him/her.
This may be justified by the fact that researchers 2 and 12 published a large number of articles with researchers 3 and
10. However, researcher 2 publishes with a larger diversity of other researchers. It is also possible to observe neutral
relationships within the lower classified researchers (i.e., two-way edges), i.e., there is no dependency between
researchers despite publishing together. Theoretically, researchers with higher academic degree should be the
researchers’ centroid. Nevertheless, in this case study, the centroid researcher (researcher 2) is a PhD student oriented
by researcher 1 as can be seen by the thicker edge between them. However, as researcher 2 is engaged in other works
within the group, being an active member in their execution, his/hers position in the group grows faster than the two
senior researchers with higher academic degree (researchers 2 and 10).

The importance of evaluating the performance of a research group, more than just analyzing the individual performance
and the performance among researchers, one needs to analyze the collective performance (Figure 5). This evaluation
will depend on the cumulative results over the last five years of the research group. Figure 4 allows a better
understanding about the relationship between researchers, being possible to observe that researchers that published with
the researcher centroid are the top ranked ones. However, researchers’ position, in some specific cases, do not match
their position as senior members, wherein the global hierarchy shows that researcher 10 (i.e., supervisor from category
2) is at an inferior level. In other words, although researcher 10 is the research centroid from category 2, his/hers work
is too focused on his/hers field of research (i.e., category 2). Hence, in a global viewpoint of the group, his/hers position
substantially decreases since he/she presents a low general engagement.
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Figure 4. Inter-researchers concepts of RoboCorp coauthorship networks. The researcher centroid is identified as the
top vertex; the hierarchy is represented by a uniform distribution of the most conforming researchers to the researcher
centroid; and the direction of arrows represents the dependency between researchers.

The network density allows showing a gradually increasing trend showing a greater collective connectivity between
researchers, i.e., there is a greater level of cooperation over time. However, this level of cooperation may not be uniform
among researchers, i.e., there may be some researchers who cooperatively publish much more than others triggering an
increased level of connectivity.
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Figure 5. Group concepts of RoboCorp coauthorship network from 2007 to 2011.

Hence, the network heterogeneity was used to assess the diversity of researchers’ intervention. Through the analysis of
the heterogeneity, it is possible to verify a downward trend resulting from a greater distributed cooperation among
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researchers, i.e., the connectivity of researchers is gradually more uniform over time. However, there is an exception to
the gradual decrease of the heterogeneity from 2008 to 2009. This may be explained by the increasing number of
publications from the sub-groups previously formed, by the increase in the network connectivity between researchers
who started co-authorship works in 2009 and the lack of research publications from other researchers still under
graduation.

There is also the centralization of the group over the years that have been increasing gradually. In fact, it was initially
small since most of researchers did not publish collaboratively. Over the years, the triggering for a greater diversified
cooperation among researchers unleashed a centralization over a particular group or researcher.

In general, it appears that the methodologies applied and the associated metrics allows assessing the collective dynamics
of the research group RoboCorp. One can verify that the group focuses its production on the scientific category 1,
denoting its growing interest in category 2 over the years. Also it is clear that the group tends to create a greater
connectivity and centralization (i.e., hierarchy effect) over the years due to the extending of inter-researchers relations.

One can also observe a high cooperation level over the years triggering a decrease in the heterogeneity of the group.
Regarding the cooperation between researchers [], multiple dependency relationships can be observed between
researchers. It is interesting to analyze that this dependence, in general, exists in the hierarchically inferior researchers
to the higher ranked ones. Additionally, neutral relationships can be more often observed between hierarchical inferior
researchers.

By applying the intra-researcher global rank analysis, it was possible to observe the trade-off between the cooperation
level and the consensus that a given researcher is able to generates with its co-authors. Given the larger number of
collective contributions arising from the higher scientific cooperative productivity, a downward trend of the global rank
can be observed in researchers who started such publications in 2007 instead of those who started the publication
process later.

In summary, this evaluation methodology allows a global overview of the research group. First, it is possible to observe
the personal contribute to the collective objective of the group. By analyzing the global rank, it was possible to see that
researchers 5, 6 and 7 are progressively decreasing their contribution to the group. Hence, this analysis may help the
group coordinator to evaluate researchers’ work and quantitatively justify his/hers actions. Moreover, the centroid
position is a fundamental methodology to analyze the specific members that engage in the collective work.

4. Conclusions

Our work aims to present a methodology to analyze and evaluate research groups and cooperation between researchers.
Thus, a MatLab script was developed which benefits from networking concepts described in the literature, as well as
others introduced specifically in this work, aiming to analyze the performance of inter and intra- researchers’
performance.

Using the herein proposed methodology in the multi-disciplinary research group RoboCorp, it was possible to observe
an increasing level of cooperation among researchers over the years, thus indicating an increase of the individual and
collective intervention towards the success of the group. It was also possible to observe the existence of dependencies
between researchers, as well as hierarchical classifications within the group.

The results led to a further understanding of the dynamical cooperation between researchers, emphasizing the
importance of this methodology for the practical evaluation of research groups, thus enhancing potential useful relations
between researchers.

As future work, it is considered important to include other weighting factors, as the impact factor of articles and the
number of authors associated to each publication. It is also relevant to analyze the researchers who contribute the most
to the success of the group. To that end, new metrics need to be explored to further evaluate the usefulness of the work
developed by researchers and their real contribution and relevance to the collective performance.
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