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Abstract

Introduction. The centrality degree of a university collaborative network indicates
how many other universities the given university has active collaborations with. The
study analyses the centrality of university-level collaboration networks and aim to
assess the influence of organizational characteristics and bibliometric factors of
universities on the centrality degree.

Method. This study used artificial neural networks, particularly a multilayer
perceptron. The input variables included number of documents published, citations,
size, type, and location of the university. Data was extracted from the census of
institutions identified within the inter-university collaborative networks of
Santander and Caldas in Colombia. A total of 154 universities comprises the dataset
for the territory of Santander and 126 for Caldas.

Results. The results indicated that bibliometric factors had a significant influence
on the centrality degree of the networks. Organizational characteristics also had an
influence, but to a lesser extent than bibliometric factors.

Conclusion. The study found that the research output and impact are the most
important factors in predicting the centrality degree of a university in a
collaborative network. This suggests that policies to increase the research output
and impact of a university are likely to result in a more central position in the
network.
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Introduction

The globalization of higher education and the
rise of international cooperation in scientific
research have made the collaborative networks
of universities more and more important.
Inter-university = collaboration = networks
provide opportunities for institutions to share
resources and expertise, and to develop new
research and teaching partnerships. These
networks can help to increase the visibility of a
university and its programmes, and to build its
reputation as a leading research institution. In
addition, university collaborative networks can
help to attract new faculty and students, and to
secure funding for joint research projects
(Edgar and Geare, 2013; Rotolo and Messeni
Petruzzelli, 2013)

The centrality degree of a university
collaborative network indicates how many
other universities the given university has
active collaborations with. A high centrality
degree means that the university is highly
central within the collaborative network, while
a low centrality degree means that the
university is less central within the network.
The size, type, location, research output, and
research impact of universities are all critical
factors that affect the centrality degree of
university  collaborative  networks.  The
centrality degree evidences the university’s
ability to collaborate with other universities.
Universities that are more central within
university collaborative networks are better
able to form and maintain relationships with
other universities. These relationships are
important for the exchange of ideas, the
sharing of resources, and the formation of
partnerships. The centrality degree of a
university therefore affects the university’s
ability to engage in research collaboration.

There are several reasons why it is relevant to
study the centrality degree of inter-university
collaborative networks. One reason is that
centrality can be used as a measure of the
importance or influence of a university within a
network. This is important because it can help
researchers identify which universities are
more influential within the collaborative
network, and this information can be used to
study the network as a whole. Additionally, the

centrality degree can also be used to identify
potential leaders within the network, which can
be helpful in identifying potential collaborators
or in managing the network itself.

We believe that understanding the bibliometric
factors and organizational characteristics that
impact a university's centrality degree is
valuable for policy-makers as they seek to
effectively design academic collaboration
strategies to improve the competitiveness of
their institutions.

This study aims to delve into the interplay
between organizational characteristics,
including size, type, and location of
universities, and bibliometric factors, such as
research output and impact, on the centrality
degree of university collaborative networks.
The research question we address in this paper
is: What are the bibliometric and organizational
factors that influence the centrality degree of
university collaborative networks more?

Moreover, this research will shed light on the
relative importance of bibliometric factors
compared to organizational characteristics in
predicting a university's centrality degree.
While organizational characteristics provide
insights into the structural and cultural aspects
of universities, bibliometric factors offer
quantifiable measures of research productivity
and impact (Bonaccorsi et al, 2021).
Understanding the relative significance of
these factors will enable stakeholders to devise
targeted interventions aimed at enhancing a
university's collaborative engagement and
positioning within these networks.

To achieve these objectives, we employ a case
study research design focusing on the
interuniversity collaborative networks of
Santander and Caldas in Colombia. These
regions are selected due to their high
concentration of academic institutions and
research centres, making them pivotal hubs of
academic activity within the country
(Quintero-Quintero et al., 2021). By comparing
the characteristics and centrality degrees of
universities in these territories, we can
elucidate the specific factors that influence a
university's centrality within the collaborative
networks.
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This paper explores the potential of artificial
neural networks in assessing the influence of
bibliometric factors and organizational
characteristics of the universities on the
centrality degree of inter-university networks.
We apply artificial neural networks to model
complex relationships between inputs and
outputs. They can be used to predict the
centrality degree of academic networks. The
advantage of using artificial neural networks is
that it can handle nonlinear relationships
between inputs and outputs. In addition, they
can be used to identify patterns in data that are
too complex for humans to identify. By
leveraging the potential of artificial neural
networks to model complex relationships, we
seek to unravel the underlying dynamics that
influence a university's centrality within these
networks.

This study provides a comprehensive analysis
of the centrality degree in collaborative
networks, focusing on the influence of
bibliometric factors and organizational
characteristics on the centrality of universities.
The theoretical framework, including previous
research findings and theoretical perspectives,
is discussed in detail. The methodology
employed in this study, which utilizes artificial
neural networks as a powerful analytical tool, is
described thoroughly. The results and their
implications are presented, followed by a
critical discussion of the findings and their
limitations. Finally, the paper concludes with
recommendations for policy makers and
university administrators to enhance the
centrality of universities within collaborative
networks.

Theoretical background

Collaborative networks centrality

The literature on university collaborative
networks is still sparse, although it has
increased in recent years. For the purposes of
this paper, we apply a relational capital-based
approach in the context of universities (e.g.,
Andrews, 2010; Bucheli et al., 2012; Cricelli et al.,
2018; de Frutos-Belizon et al.,, 2019; Salinas-
Avila et al, 2020) on the literature that
specifically discusses university collaborative
networks as a means of promoting and

facilitating collaboration between universities.
Relational capital refers to the relationships
between different universities that allow for
the exchange of knowledge and resources
(Bucheli et al., 2012; de Frutos-Belizon et al.,
2019). These relationships can take the form of
formal agreements, such as research
collaborations, or informal relationships, such
as shared resources or information.

Burris (2004) developed a model to explain how
universities are organized into a hierarchical
network. The model suggests that each
university occupies a position in the network
based on its relative size, prestige, and power.
A more recent work that has looked at
university collaborative networks is a study by
Weber and Yuan (2019), which aimed to
investigate the research networking systems
that help users identify investigators with
particular areas of expertise, affiliations,
interests, resources, or other characteristics
that would make them potential collaborators.

The authors discovered that research
networking systems are emerging as the
predominant source of data about

investigators. This shift is expected to alleviate
the administrative burden on investigators and
provide metrics that more accurately reflect
their contributions to collaborations and team
science activities. A relevant study by Zhang et
al. (2021) discusses the use of a neural network
to predict the citation count of a paper. The
study found that the neural network was able
to predict the citation count of a paper with a
high accuracy. The study also found that the
factors that had the most impact on the citation
count were the novelty of the paper, the
bibliometric factors, and the academic-
network factors.

Finally, a third group of relevant studies include
Bucheli et al. (2012); Cricelli et al. (2018) and
Salinas-Avila et al. (2020), who focus on the role
of relational capital on the knowledge
generation and the growth of scientific
production in Colombian universities. Two
relevant mechanisms that emerge from these
studies are the capacity for knowledge
generation, which depends largely on the
availability of relational capital, and the
capacity for cooperation and knowledge
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sharing, which also depends on relational
capital.

Past research found that the centrality degree
of a university corelates positively with the
number of research papers published by the
university, with the number of research
collaborations between the university and
other institutions, and the number of
international research collaborations involving
the university (Huggins et al., 2020; Uddin et al.,
2013). These studies suggest that university’s
research productivity and visibility are good
predictors of the centrality degree of a
university, which in turn appears to be a good

predictor of the university’s success in
international research collaboration.
Bibliometric factors and
organizational  characteristics  of
universities

There are two types of factors that influence
the productivity and impact of a university's
research: bibliometric and organizational.
Bibliometric factors are related to the content
and structure of the scientific literature, and
include aspects such as the number of
documents produced by an institution and the
number of citations a paper receives, the
number of co-authors, and the journal in which
it is published. Organizational factors are
related to the institutions themselves,
including the size and the type of the
institution, and the geographic location.
Organizational factors are important in
understanding how universities are
interconnected and how they can best
collaborate with each other.

Bibliometrics factors and inter-university
collaborative networks centrality: research
output and impact

The research output of a scientific institution is
typically measured by the number of
documents published in peer-reviewed
journals. This metric is used because it is
generally accepted that peer-reviewed journal
articles are the most reliable and valid source
of scientific knowledge. However, there are
some limitations to this metric. First, not all
scientific knowledge is published in peer-
reviewed journals. Second, the number of

documents published does not necessarily
reflect the quality or impact of the research.
For example, a small number of high-quality
papers can have a greater impact than a large
number of lower-quality papers.

Despite these limitations, the number of
documents published is still the most
commonly used metric for research output.
This is because it is the most objective and
easily measurable metric. Additionally, the
number of documents published is a good
proxy for the amount of research being
conducted at an institution (Liang et al., 2021).

The number of documents published is also
affected by the number of authors on a paper.
Typically, papers involving a greater number of
authors tend to garner higher citation rates
(Gazni & Didegah, 2011; Katz & Martin, 1997).
Moreover, collaboratively written papers
exhibit an increased likelihood of achieving
exceptionally high citation levels, thereby
enhancing the prospects of publication as well
(Wuchty et al., 2007).

A large body of research has shown that the
number of documents published is positively
associated with the centrality degree of
university  collaborative  networks (e.g.,
Leydesdorff & Wagner, 2008). In other words,
universities that publish more research output
are tend to more central in collaborative
networks. However, a study by Rotolo and
Messeni Petruzzelli (2013) suggest that at the
individual scientific level, it is observed that
scientific =~ productivity = experiences a
decrement once a specific threshold value of
centrality is surpassed. This observation
highlights the presence of an inverted U-
shaped relationship, signifying that elevated
levels of social capital linked to centrality carry
an associated opportunity cost. This cost
pertains to the potential hindrance in the
knowledge creation process as heightened
social capital may expose a scientist to
uncooperative behaviors, reluctance, and
potential sabotage from other individuals or
groups within the same organizational or
community.

The research impact of a paper is typically
measured by the number of citations it has
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received from other papers (Aksnes et al., 2019;
Liao, 2011; Thelwall and Maflahi, 2020). The
more citations a paper has, the greater its
impact. Impact is an essential metric for
assessing the quality of research (Zhao et al.,
2019). It is used to compare the relative
importance of different papers and to identify
the most influential papers in a field. This
metric is used because it is a good proxy for the
paper’s influence. However, there are some
limitations to this metric. First, it only captures
the impact of papers that have been published.
Second, it does not consider the quality of the
citations. A paper with many citations from
low-quality journals is not necessarily more
impactful than a paper with fewer citations
from high-quality journals. Third, the number
of citations a paper has received does not
always reflect its quality. A paper that is highly
cited may be of poor quality, and vice versa.
Fourth, the number of citations a paper has
received is not always a good predictor of its
future impact. A paper that is highly cited in its
first year may not be highly cited in subsequent
years.

Finally, the number of citations a paper
represent a good but not perfect impact
measure (Aksnes et al., 2019). The citations
received by a paper are not always a good
measure of its impact on society. A paper that
is highly cited may not have had a significant
impact on society, and vice versa. Societal
relevance is often considered to be something
which is much harder to measure than
scientific relevance or impact (Aksnes et al,
2019; Martin, 2011). Despite these limitations,
the number of citations a paper has received is
still the most commonly used metric for
assessing its impact (Martin, 2011).

The literature on the centrality degree of

university collaborative networks remains
inconclusive about the most effective
measurement  method  (Martin,  2011).

Nevertheless, it does indicate that the number
of citations received by each university serves
as a reasonable proxy for its importance within
the network as it can be easily calculated and
compared  across  different  networks
(Tahamtan et al., 2016; Tahamtan & Bornmann,
2019).

For example, a study of the relationship
between centrality and research impact in the
context of the world-wide web found that the
most central nodes in the web were also the
most highly cited (Tian et al., 2021).

Citations may be a particularly important
predictor of centrality degree in disciplines
where collaboration is essential to progress,
such as in the natural sciences. In such fields,
papers resulting from collaboration among a
large number of universities are more likely to
be highly cited than those resulting from
collaboration between a small number of
universities.

One study found that the centrality degree of
university collaborative networks in Colombia
was positively correlated with the number of
citations received by the universities in the
network (Bucheli et al., 2012). This finding
suggests that the more central a university is in
the collaborative network, the more likely it is
to be highly cited.

Organizational characteristics and
collaborative networks centrality: size, type
and location of the university

The centrality degree of  university
collaborative networks has been found to be
positively associated with the size of the
university, as measured by the number of
students enrolled (Chen et al., 2020; Liao, 2011).
In other words, universities with more students
tend to have more collaborative relationships
with other universities, as measured by the
number of co-authored papers and joint
research projects. This finding is consistent
with the idea that larger universities are more
likely to have the resources and the incentive
to engage in collaborative research with other
universities.

Chen et al. (2020) found that, when controlling
for a variety of factors, the size of the university
had the strongest positive association with the
centrality degree of the university's
collaborative network. This finding suggests
that, other things being equal, a university with
more students is more likely to be more central
in the university collaborative network.
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Theoretically, it is expected that larger
universities have a higher centrality degree due
to their greater ability to attract resources and
generate knowledge. However, this
relationship has not been extensively studied.
The few studies that have been conducted
suggest that university size is not a significant
predictor of centrality in  university
collaborative networks. For example, a study of
university-industry collaboration in Colombia
found that university size was not a significant
predictor of the number of collaborative
agreements signed by universities (Cricelli et
al., 2018). The absence of empirical evidence on
the impact of university size on the centrality
degree of university collaborative networks
suggests the need for further research to
investigate this relationship.

The type of university significantly influences
the centrality degree within collaborative
networks, owing to distinct organizational
structures and cultural disparities present in
public and private universities (Cricelli et al.,
2018; Salinas-Avila et al., 2020). Public
universities often adopt hierarchical and
bureaucratic structures, fostering
departmental silos that impede cross-
departmental relationship building (Cricelli et
al,, 2018). This hierarchical framework can
create difficulties for individuals seeking to
establish connections beyond their specific
department. Conversely, private universities
tend to exhibit more flexibility and encourage
interdisciplinary  collaboration, facilitating
easier networking across departments or
faculties (Salinas-Avila et al, 2020). Such
cultural differences and organizational
structures significantly shape the formation
and sustainability of collaborative networks
within academic settings.

The geographic location of a university has
been found to influence the centrality degree
of university collaborative networks, since
institutional collaboration decreases
exponentially as the geographic distance
separating collaborative partners increases
(Kenekayoro et al, 2014). In particular,
universities located in the same country tend to
have more centrality in their collaborative
networks than universities located in different

countries. This may be due to the fact that
universities in the same country are more likely
to share common research interests and to be
familiar with each other’s work. Additionally,
the proximity of universities may make it easier
for them to establish and maintain
collaborative relationships.

The impact of ICT on the establishment of
relations among universities has been
particularly evident during the COVID-19
pandemic. The widespread use of video
conferencing and other online communication
tools has made it possible for universities to
continue to collaborate despite the physical
distance between them. In many cases, the
pandemic has actually led to an increase in
university collaboration, as universities have
turned to each other for help in addressing the
challenges posed by the pandemic (Kalmar et
al., 2022).

Overall, the geographic location of a university
does appear to influence the centrality degree
of university collaborative networks. However,
the impact of ICT has made it possible for
universities to overcome the geographical
barriers to collaboration, and in some cases,
has actually led to an increase in collaboration
among universities.

Artificial neural networks

According to Yaghi et al. (2020), artificial neural
networks are structures that are inspired by
the functioning of the brain. These networks
can perform model function estimation and
handle linear or nonlinear functions by learning
from data relationships and generalizing to
unobserved situations. A popular type of
artificial neural network is a multilayer
perceptron. Multilayer perceptrons are a kind
of mathematical models inspired by biological
neural networks which are wused to
approximate functions from many inputs. They
can learn from data relationships and
generalize to unseen situations. Multilayer
perceptrons are a type of artificial neural
network that is composed of an input layer,
hidden layers, and an output layer. Information
flows in one direction from the input layer to
the output layer. Each connection between
neurons has its own weight.
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Aneural network can approximate a wide range
of statistical models without the need to
hypothesize in advance certain relationships
between the dependent and independent
variables. This non-a priori model should be
more accurate than the classical parametric
methods of logistic or linear regression, as
proposed for instance by Persson (2017) to
evaluate co-author networks and by Yu et al.
(2014) to predict citations impact. This
theoretical superiority is presupposed from the
high complexity, computational power and
learning capability associated with
nonparametric approaches (Heazlewood et al.,
2016). Neural networks are good at capturing
non-linear relationships. Finally, neural
networks are good at generalizing from data.
This is important because it allows the findings
from the investigation to be applied to other
university collaboration networks.

The relative importance output of a multilayer
perceptron can be interpreted as the relative
importance of each input variable in predicting
the output variable. The output of a multilayer
perceptron is a list of the input variables in
order of importance, with the most important
variable listed first. The importance of each
input variable is quantified by a percentage,
which indicates the percentage of the total
variance in the output variable that is explained
by that input variable. The output of a
multilayer perceptron can be used to identify
the most important input variables for a given
output variable. This information can be used
to simplify the input data set, or to focus on the
most relevant input variables when building a
predictive model.

Methods

Data collection and case selection

Our research design is a case study of two
territories within Colombia (departments of
Santander and Caldas). A case study research
design is appropriate for this study because it
enables an in-depth understanding of the
development and operation of university
collaborative networks among territories.
Furthermore, a case study allows for
comparisons between the two territories,
facilitating a more accurate and comprehensive

analysis of the data. Including both territories
in the study helps control for any confounding
factors that may exist between the two
collaborative networks, providing a more
accurate depiction of the true relationships
between the variables of interest. Additionally,
incorporating both territories in the analysis
allows for an increased sample size, thereby
enhancing the power of the study.

The departments of Santander and Caldas are
home to a number of academic institutions and
research centres, which makes them crucial
centres of academic activity in Colombia. These
organizations are valuable for the development
of the region and the country. They contribute
to the economic development and provide jobs.
They also contribute to the knowledge base and
help to improve the quality of life for the people
of the region. As Santander and Caldas are two
of the most populous regions in Colombia, their
inclusion enhances the comprehensiveness of
the  country's university  collaborative
networks. Furthermore, these two territories
have a high concentration of universities,
rendering them prominent nodes in the
network. The inclusion of these regions also
facilitates a more fine-grained analysis of the
organizational characteristics of universities
regarding the centrality degree of university
collaborative networks.

For this study, we collected data from
agricultural innovation systems, which are
networks of actors (universities, research
centres, territorial entities, enterprises, NGOs)
working collaboratively (Galeano-Barrera et al.,
2022). Universities play a central role in the
collaboration between actors in innovation
systems at the global level, through functions
and roles such as knowledge brokering,
supported by their social capital (Romero-
Riafio et al, 2019). The heterogeneity of
scientific collaboration networks is a facilitator
of innovation diffusion and the impact of
research results.

We analyse the citation networks of authors
and organizations in agricultural research in
Colombia, as an academic contribution to the
understanding of the productivity and impact
of universities, as well as collaboration within
this discipline. Data was extracted from the
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study conducted by Romero-Riano et al. (2019)
corresponding to the census of institutions
identified within the collaborative networks of
Santander and Caldas for the period 2014-2018.
A total of 154 universities comprises the dataset
for the territory of Santander and 126 for
Caldas.

Variables definition

The independent variables used in this study
include bibliometric and organizational factors
of the universities that influence the degree of
centrality of the collaborative network (see
Table 1). This model contains five input
variables and one output variable. The variables
chosen for this study were size, expressed as a
scalar variable, and type and location of the
university, which were expressed as dummy

variables. The rationale for this decision is that
they are commonly used in studies with similar
methodological designs.

In the case of the variable type, a value of one
was assigned to local universities, whose main
campus is located in Caldas or Santander, and
zero to foreign universities, whose main
campus is located outside Colombia. The
nature of the university was categorized as
follows: public universities were assigned a
value of one and private universities were
assigned a value of zero. The values for the size
of the university were extracted from the
official pages of the institutions. The scores for
number of documents and number of citations

of the universities were extracted from Scopus
database.

Variable Description Measurement
Degree of centrality Output Active collaborations of a Number of direct
university collaborative links of a
university
Size Input The size of the university in | Number of students enrolled
terms of enrolled students students
Type Input The type of the university in 1 public, 0 private
terms of ownership
Location Input The location of the 1 domestic, 0 foreign
university in terms of the
site of the main campus
Documents Input Number of documents Number of documents
published published by a university
during the period
Citations Input Number of citations Number of citations
obtained by documents obtained by documents
published published by a university
during the period

Table 1. Description of the input or independent and output or dependent variables

Neural network model

In the context of our paper, artificial neural
networks, particularly multilayer perceptron,
are used to assess the importance of the input
variables over the output variable. The artificial

neural networks will be able to make
predictions, in this case, about how
bibliometric and organizational factor of

university networks may impact the centrality
degree of a university collaboration network.

The first step in building the model is to divide
the data collected into two parts: training and
validation data. The training data comprises
70% of the data, while the validation data
comprises 30%. The neural network model was
built using the software IBM SPSS v. 26. The
multilayer perceptron typology implemented
was as follows: the multilayer perceptron
architecture is an input layer with two scalar
factors and three categorical covariables as
independent or, input variables, and seven
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units or neurons; a hidden layer with five unit
or neuron and hyperbolic tangent activation
function; and an output layer with one
dependent variable with one unit or neuron,
and identity activation function and cross-
entropy error function. The training data were
used to obtain the best configuration of the
multilayer perceptron architecture, while the
validation data were used to validate the model.

The default error function is sum of squares
error, which is the sum of differences between
each observation group means, and it is used to
indicate the variation within a cluster.
Therefore, the smaller the sum of squares

error, the less the variation between the
cluster.

Results

The case processing summary for multilayer
perceptron network is shown in Table 2. The
dataset used in this study is divided into two
groups which are training and testing
comparing both cases analyzed. The training
set for multilayer perceptron is 66.2% for
Santander (102/154) and 69% for Caldas
(87/126). The testing set is 33.8% (52 /154). The
overall data from the dataset is N =154 and N =
126, no data were excluded.

Santander

Percentage

Percentage

Training 102 66,2% 82 65,1%
Sample
Testing 52 33,8% 44 34,9%
Valid 154 100% 126 100%
Excluded 0 0% 0 0%
Total 156 100% 126 100%
Table 2. Case processing summary
Santander | Caldas
Training | Sum of squares error 11,01 4,26
Relative error 21,8% 0,9%
Testing | Sum of squares error 1,40 0,29
Error relative 26,7% 32,6%

Table 3. Summary of the model

Regarding the normalized importance of the
input variables, results indicate that the
bibliometric factors, such as number of
documents (100% and 100%) and citations

(79,5% and 48,7%), are the most influential in
determining the degree of centrality of both
universities, as shown in Table 3.
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Type 5,1% 3,7%
Location 4,3% 3,0%
Documents 100,0% 100,0%
Citations 79,6% 48,7%

Size 20,8% 12,6%

Table 4. Relative importance of independent variables

The results indicate that the number of
documents, number of citations, type, size, and
location are important factors influencing the
centrality degree of university collaborative
networks. The most important factor is the
number of documents, followed by the number
of citations, the type of university, the size, and
finally the location.

Discussion and conclusions
Artificial neural networks are a well-known and
widely used machine learning technique. In the
past few years, artificial neural networks have
been applied to a variety of tasks in the field of
information systems, with promising results. In
this study, we applied a multilayer perceptron
to assess the influence of bibliometrics and
organizational factor on the degree of
centrality of an inter-university network within
two agricultural innovation systems in
Colombia (Santander and Caldas).

We found that the main drivers of the centrality
of a university in the network are the research
output, measured by the number of documents
published, and the research impact, measured
by the number of citations. We also found that
location, size, and type of the university have a
residual importance.

There are two main explanations for these
findings: first, the research output and impact
reflect the research capabilities of a university.
Therefore, it is not surprising that these two
factors are the most important ones in
predicting the centrality degree of a university
in a collaborative network. That is, the more

influential a university is, the more central it is.
Central universities tend to have more
resources and capabilities and usually are more
visible and accessible to other universities,
which makes them more attractive partners for
collaboration, and thus they are more likely to
be involved in collaborative research projects.

Second, the location, size, and type of the
university are usually not indicative of the
centrality degree of a university. For example, a
small university located in a rural area may have
a low research output, but a high research
impact. Similarly, a large university located in
an urban area may have a high research output,
but a low research impact. In this sense, the
location of a university is not a barrier to the
collaborative behaviour, given that we can find
a great amount of collaboration between
universities that are located in different cities
or countries. Finally, the size of a university is
not a good predictor of the collaborative
behaviour, because it is possible to find a great
amount of collaboration between small and
large institutions. Therefore, it is not surprising
that these factors are not as important as the
research output in predicting the centrality
degree of a wuniversity in a collaborative
network.

The findings of this study contribute to the
understanding of the collaborative behaviour of
universities in innovation systems. In
particular, the results suggest that
bibliometrics factors are the most important
predictors of the centrality of a university in a
collaborative network. This is a useful finding
for  policy  makers and  university
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administrators, since it suggests that measures  specific dataset from two agricultural
to improve the research output and impactofa  innovation systems in Colombia. These
university are likely to result in a more central  conclusions may not be generalizable to other
position in the network. These factors should types of machine learning tasks or other
be considered when making decisions about datasets.

research funding, university rankings, and
collaborative partnerships. In particular,
policies aimed at enhancing the research
output and impact of universities should be
considered to increase the centrality of
universities in collaborative networks.

Future research could be directed at assessing
the influence of other factors on the centrality
of university networks, such as the number of
publications, the number of citations, the
number of collaborations, or the number of
external research funding. Additionally, future
The study's results should be taken in light of  research could be directed at assessing the
their limitations. Due to the nature of the centrality of university networks in other
research, the paper is limited to using contexts, such as in other countries.
bibliometric = data and  organizational

characteristics to assess the centrality degree ACkDOWICdgementS

of inter-university collaborative networks. The = The authors extend their gratitude for the
paper does not consider other factors that may  support received during the postdoctoral stay
influence the centrality degree, such as for strengthening vocations and training in
personal relationships or  geographical Science, Technology, and Innovation for
proximity. Additionally, the paper is limited to  economic reactivation in the post-pandemic
using data from the Scopus database, which  context. This work was made possible through
may not be representative of all inter- the 2020 Call 891 by the Ministry of Science,
university  collaborative networks. Data  Technology, and Innovation of Colombia
collected is specific to the task of assessing the ~ (MinCiencias). Special thanks to the Colombian
influence of bibliometrics and organizational = Observatory of Science, Technology, and
factors on the degree of centrality of a  Innovation for their invaluable contributions.
university network, and they're based on a
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