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Abstract

We propose a supervised machine learning approach to predict partnership formation
between universities. We focus on successful joint R&D projects funded by the Horizon
2020 programme in three research domains: Social Sciences and Humanities, Physical and
Engineering Sciences, and Life Sciences. We perform two related analyses: link formation
prediction, and feature importance detection. In predicting link formation, we consider two
settings: one including all features, both exogenous (pertaining to the node) and endoge-
nous (pertaining to the network); and one including only exogenous features (thus removing
the network attributes of the nodes). Using out-of-sample cross-validated accuracy, we
obtain 91% prediction accuracy when both types of attributes are used, and around 67%
when using only the exogenous ones. This proves that partnership predictive power is on
average 24% larger for universities already incumbent in the programme than for newcom-
ers (for which network attributes are clearly unknown). As for feature importance, by com-
puting super-learner average partial effects and elasticities, we find that the endogenous
attributes are the most relevant in affecting the probability to generate a link, and observe a
largely negative elasticity of the link probability to feature changes, fairly uniform across attri-
butes and domains.

Introduction

Link prediction is a key element to describe the evolution of complex networks. Depending on
the context of application, complex networks represent architectures characterized by highly
nonlinear interactions among entities such as neural, physical, and social actors. As the impor-
tance of networks expands, understanding networks’ evolution, change, and endogenous dynam-
ics is a key point. Therefore, developing efficient algorithms to study networks’ evolution
scenarios has become a challenging task, as it involves a large set of interlinked actors and factors.

Link prediction for prospective collaborations among entities belonging to a scientific envi-
ronment has attracted an increasing research interest [1, 2].

Based on past networks’ observation, this paper aims at contributing to the literature on
knowledge networks by carrying out an accurate prediction of prospective links that could
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potentially take place among diverse academic entities operating in a specific knowledge con-
text. More specifically, we consider project-based R&D collaborations taking place within the
Horizon 2020 research funding programme and falling within the three European Research
Council domains (or ERC classification): Social Sciences and Humanities (SSH), Physical and
Engineering Sciences (PE), and Life Sciences (LS).

These three networks pursuit specific and different modes of knowledge creation, as diverse
is their logic of activating collaborative research and the decision on how and with whom
knowledge has to be exchanged. The link prediction problem in a competitive environment, as
the Horizon 2020 programme, is therefore an entry point for examining the partnerships in
the three above-mentioned areas. We are aware that collaborations can have powerful effects
on scientific performance, and for this reason we aim at understanding the architecture and
characteristics of the three scientific fields, and which factors (endogenous and exogenous to
the network) may explain the link creation in one domain but not in the others.

Another motivation for conducting this research is in relation to the Horizon 2020 pro-
gramme. We know that the funding for this programme is set aside to encourage collaboration
through joint projects. In this regard, it is critical that the network is inclusive and accessible to
new participants. This study aims at understanding to what extent being or not being already
embedded in a certain network (i.e., being either an incumbent, or a new-comer) helps to pre-
dict future collaborations by assessing link prediction accuracy. We estimate link prediction
accuracy considering all the features together at first (that is, those that are both exogenous
and endogenous to the network), to then omitting the endogenous ones (that is, those features
that belong to the observed network).

Indeed, for newcomers (e.g. actors that were not part of the observed network), we only
know exogenous characteristics and not, for example, their centrality within the network
(which is an endogenous-to-the-network feature). By disentangling the contribution of endog-
enous and exogenous components, we are able to measure to what extent link prediction is
accurate for the incumbents as well as for the newcomers. As a result, link prediction among
Horizon 2020 actors is critical, particularly in the light of the Europe 2030 initiative. Related to
this, there is an ongoing debate in the literature about how such collaborations can increase
R&D productivity [3, 4].

By means of recent developments in machine learning predictive algorithms, in this paper
we attempt to estimate the probability that a university A collaborates with a university B by
considering their idiosyncratic attributes, as well as the past centrality and the sharing of com-
mon neighbors. For this purpose, we attempt to achieve a high prediction accuracy at a reason-
able computational cost.

This paper has a twofold objective: on the one hand, as a methodological contribution, it
supports the necessity to employ/compare different supervised machine learning algorithms
for link prediction; on the other hand, as a policy objective, it aims at providing decision-mak-
ers with a new perspective on how to assess the dynamics of the collaborations among the EU
academic organizations, thereby promoting effective integration of the actors belonging to the
European Research Area (ERA).

We look at the link prediction problem with the double lens of the network theory [5, 6] as
our theoretical background, and machine learning [7-9] as our data-driven approach.

Links’ creation takes place through different mechanisms. Some of these rely on the similar-
ity concept that is operationally based on nodes’ similar characteristics [10-12]; another fre-
quent mechanism described in the literature is the so-called “preferential attachment” [13, 14]:
two nodes have a higher probability to form a connection if they own common neighbors or
similar features [5, 10]. Some mechanisms are based on past topological structures, such as
cyclical forms, and hierarchical structures [15, 16], whereas others are based on node’s
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centrality as a measure affecting both the static and dynamic processes of a network formation
and development [17]. For a more comprehensive review on network link formation and pre-
diction, one can refer to Kerrache et al [18] and Lii and Zhou [19].

Most of the previous literature focuses on nodes and topological network characteristics. In
this paper, we take on a wider perspective. Indeed, as university collaboration networks in
joint research projects are composed of heterogeneous information, our assumption is that
their formation is driven by topological (information stemming from the graph adjacency
matrix), as well as non-topological node features (node attributes improving prediction
accuracy).

The paper is organized as follows. Section 2 provides a brief state-of-the-art of link predic-
tion in a knowledge network context. Section 3 describes the database and methodology and
presents our formulation of the link prediction. Section 4 sets out the results and their discus-
sion. Section 5 closes the paper.

A brief look at the extant literature

Most of the theoretical and applied studies in Network Science (NS) have focused on the
underlying patterns of the process-building of connections among nodes [20-24]. In the last
few years, a new wave of interest and research in the social network analysis has taken place by
focusing on link prediction. Link prediction is in fact of the utmost relevance in several knowl-
edge network sub-fields, including co-authorship networks [1, 2, 25], and future scientific
impact of scholars [26, 27].

In this paper, we look at a specific knowledge network, namely the network of European
universities that received funding in the three aforementioned ERC domains via the Horizon
2020 programme from 2014 to 2016. Focusing on three distinct domains allows us to identify
differences with respect to the driving factors of link creation in a project funding scheme. By
taking on an organizational perspective, we assume that academic participation in the Horizon
2020 programme is mainly driven by organizational factors, as well as the regional environ-
ment the universities lie on. Collaboration among academic organizations is an important
lever of knowledge diffusion and acquisition, as each university is a network’s node linked to
other nodes via joint projects.

In its focus, this study follows the steam of literature investigating structures and dynamics
of knowledge networks in competitive project funding. In recent years, increased competition
in the scientific ecosystem has led universities to act more and more strategically [28, 29]. As a
consequence, there has been increased emphasis on promoting the autonomy of universities
seeking funding streams different from the government core funds, such as project funding on
competitive scaling [29, 30]. The access to several funding resources, and a greater prestige
and reputation of the organization, lead to cumulative advantages sustained by preferential
attachment mechanisms and the creation of closed groups [31]. Link prediction for knowledge
networks is thus relevant, as it allows for the forecast of prospective collaborations among sci-
entists and their organizations.

These collaborations make it possible to facilitate financing strategies on the part of policy-
makers, providing support for further improving future relationships among scientists and
academic organizations. Unlike predicting the co-authorship network and the related impact
of scholar activities, predicting joint project collaborations at the university level is relatively
easier. Collaborations in joint projects, both at the scientist and organizational level, are in fact
lasting longer time, thus leading to generate rarer changes during the years than it happens
with co-authorship or citation networks [32]. Research on predicting joint project
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collaborations is still in its initial phase, and providing methods and techniques for predicting
collaborations seems a promising area of research.

Many university features play an important role in the collaboration behavior. The size of a
university is certainly relevant, as larger universities tend to attract more requests for collabo-
rations [33, 34]. With regard to a specific italian project funding, Zinilli [24] pointed out that
Betweenness centrality and geographical proximity are important drivers of collaboration for-
mation. Newman [35] shows that scientists have a higher probability to collaborate if they
have common neighbors. Abbasi et al [17] indicated the importance of centrality measures to
explain preferential attachment in a scientific collaborative publication network. They have
stressed the relevance of Betweenness centrality as predictor of the preferential attachment for
anew node. Likewise, similarity seems to play an important role in link prediction, as nodes
with similar features are likelier to get connected in the nearby future [11]. As result, global
similarity-based indexes such as the Katz Index [36] are often used for predicting links in large
networks [48]. Depending on the application, the importance of a vertex can have different
meanings and hence several network centrality measures have been used, for instance degree,
Closeness and Betweenness centrality. Analyzing citation networks by machine learning tech-
niques, Shibata et al. [37] concluded that the Jaccard coefficient, the Betweenness centrality,
and the cosine similarity are powerful factors affecting link prediction. This result is further
bolstered by the recent study conducted by Resce, Zinilli, and Cerulli [38], which focuses on
predicting linkages in coauthorships. In this research, we use the Jaccard, Katz Index (or cen-
trality), Closeness and Betweenness centrality coefficients as endogenous (i.e., network-
related) factors to explain network formation in the light of the previously cited literature. The
Jaccard coefficient represents the similarity of the neighborhoods of two vertices. The idea
behind neighborhood similarity as predictor of new link formation is that the presence of
many common adjacent nodes between two nodes indicates a higher chance of new connec-
tion’s formation between those two nodes. The Jaccard coefficient between node i and j, is
given by:

IN(i) N NG|

b= NGOG W

The Katz index measures the closeness of two nodes in this network as the weighted sum of
all pathways linking the two nodes, where the path weights collapse exponentially with path
length [48].

Z o'paths,(i, j) (2)

=1

where paths(i, j) denotes the number of paths of length I connecting (i) and (j) in a specific
network.

Closeness centrality refers to the average shortest distance between any given two nodes.
Formally, we define Closeness centrality, Cj;, between two nodes (i) and (j) in a network with
(N) nodes as follows:

C,, =

Y

N
) (3)
Note that (d;;) is the shortest distance between the nodes (i) and (j).

The Betweenness centrality, By, is defined as the number of shortest paths passing through
(i, 7) among those linking all node pairs (u, v) of the network. Betweenness stresses those links
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that facilitate information exchange among network members. More specifically:

BY

Bi=2 3" (4)

uveV Uy

where B, , is the number of shortest paths connecting (u, v), and Bf{y is the number of such
paths passing through (3, /).

As different studies have shown [e.g. 24, 31, 39], the collaboration in research projects could
be explained by different factors, either endogenous (related to the network structure), and
exogenous to the extant network (related to the node attributes). It is thus important to con-
sider the endogenous characteristics of a graph (among others, the Jaccard coefficient, Katz,
Closeness and the Betweenness centrality) along with the exogenous node attributes [18].

In what follows, we address three related questions: (i) to what extent can collaborations in
joint projects be accurately predicted using machine learning algorithms, by jointly and sepa-
rately considering endogenous and exogenous node characteristics? (ii) what is the role played
by node topological features vis-a-vis link prediction? (iii) what features, either endogenous or
exogenous to the network, have a larger impact in predicting new links, and in what direction
do they act?

Materials and methods
Problem formulation

The key point of this paper is to predict the formation of network connections. For this pur-
pose, it is important to combine factors that measure different aspects of the nodes into a single
data structure. The issue can be articulated as follows: given a node pair i and j, where i and j
may be (incumbents) or may not be (newcomers) part of the current network, we aim at pre-
dicting the probability of this pair to generate a relationship in the next future.

Suppose G(N, L) to be an undirected graph, with N a set of nodes (e.g. the universities
funded under Horizon 2020 between 2014 and 2016 in the three ERC domains), and L repre-
senting the link between nodes. Loop and multiple links among nodes are not considered in
this analysis. Our aim is to predict the link probability of a given node with respect to all the
other nodes of the graph. Given a snapshot of the network at time ¢, we seek to predict what
links are likely to be created (or, possibly, kept) in a future time #. Fig 1 shows the observed
links at time t, and the link prediction at time ¢, considering a new node F that did not belong
to the network at time ¢.

A

B
E
t

Fig 1. Representation of two graphs: Observed links at time f, and missing link prediction at time #.

https://doi.org/10.1371/journal.pone.0290018.9001

t'(t'<t)
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By means of popular machine learning algorithms, for each node in the network, we deter-
mine all the possible link probabilities with the other nodes. In the simplified example of the
figure, node F has zero link probabilities with all the other nodes, except for node B and D.
The link with node B has a 70% likelihood to occur, against a 30% of the link with node D. It is
thus likelier that university F will collaborate with university B in a new round of the research
funding programme herein analyzed. Of course, it is relevant to evaluate to what extent these
probabilities are accurately estimated. This is the aim of the first part of our study (first ques-
tion), where we set out the out-of-sample performance accuracy of such predictions using sev-
eral machine learning predictive algorithms. The accuracy is clearly conditional on the
features employed. As already said, in fact, the features can be endogenous to the nodes (e.g.,
Jaccard coefficient and Betweenness centrality), or exogenous to the nodes (e.g., the gross
domestic product of the region a node belongs to).

The distinction between endogenous and exogenous features is relevant as it entails a pre-
diction trade-off we aim at exploring in this paper (second question): indeed, if we use both
endogenous and exogenous features, we are unable to predict link probabilities for the so-
called newcomers in the programme, as these entities have no (past) information on network
endogenous measures, as they have never been part of the extant network. In this case, we are
obliged to rely only on those entities that are already part of the network, as for them we know
both endogenous and exogenous features. This is a limitation, but it lends larger predictive
power, as long as the endogenous features are highly correlated with link prediction (as a large
empirical evidence supports). In contrast, relying only on exogenous features allow us for esti-
mating link probabilities also for the newcomers, a task that may be of great interest for under-
standing future new configurations of the network. However, as in this case we are excluding
from the analysis features possibly highly conducive to predict new links, the statistical accu-
racy of the estimated probabilities could be poorer, undermining the forecasting quality of the
network evolution. Providing a measure of the accuracy reduction produced by excluding the
endogenous features is one of the contribution of this study.

Finally, this paper provides a more in-depth understanding of the role played by each single
feature in steering the probability of setting-up a link (third question). We carry out this analy-
sis by aggregating over all the learners employed (“super-learning”) the average partial effect
(APE) of each single feature. For a single feature x;, the APE is the derivative of the probability
to lie a link with respect to the feature x; itself, with all the other features kept fixed at their
sample mean. As machine learning algorithms are highly nonparametric, this derivative is a
highly nonlinear function of the level of the feature; exploring APE’s shape sheds light on the
relative importance of each feature in driving link probability. Interestingly, beside derivatives,
we also explore the pattern of the elasticities to catch the percentage change activated by a one
percentage change in every considered feature.

Data preprocessing and step-wise implementation

This paper presents a set of machine learning algorithms for predicting network links. Here,
we discuss the different steps we have undertaken for the data preprocessing. Originally, we
had a bipartite network (university by project), and the variables at university level. Then, we
transformed the network into a one-mode format. The one-mode projection means a network
containing all universities’ pairs. According to the ERC panels, we assigned each project to one
the following three research domains: Social Sciences and Humanities (SSH), Physical Sciences
and Engineering (PE) and Life Sciences (LS). Each project is assigned to a domain based on its
topic identifier, keywords, and abstract content. Each project has a topic identifier that allows
it to be assigned to an ERC domain. When the topic identifier for the project was ambiguous
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(no direct association), the project was assigned to a domain based on the content of its
abstract. A small number of projects (just over 2% of the total) is excluded from the study
because explicitly described as multidisciplinary, thus not having a clear attribution to a
research domain. Because of their primarily individual nature, we also exclude Marie Curie
and European Research Council projects. To prepare the dataset for running the machine
learning algorithms, we separate the target variable and the features, with the features trans-
formed into normally standardized variables. We only have one training dataset, and we mea-
sure learners’ goodness-of-fit via a 10-fold cross-validation out-of-sample accuracy. As
accuracy measure, we employ the complement of the error rate, that is, the out-of-sample pro-
portion of correct matches found between the actual and the predicted labels.

N

Accuracy = 1— Y Ify, # L(X))] (5)

i=1

where: N is the number of universities’ pairs; y; is the link binary variable for pair 7 (taking
value 1 if a link exists, and 0 otherwise); ﬁ() is a generic learner (a classifier, in our case); X; is
a vector of p features (either exogenous or endogenous); and I[-] is an indicator variable taking
value 1 if the statement into the squared parenthesis is true, and 0 otherwise. Eq (5) can be esti-
mated both in-sample (training accuracy), or out-of-sample (testing accuracy). As usual in
machine learning, testing accuracy will be retained as our reference goodness-of-fit, being
training accuracy plagued by overfitting).

Also, to take into account the large number of zeros within our link target variable, we car-
ried out random under-sampling.

For carrying out our analysis along the line mentioned above, we proceed according to the
following road-map:

1. We start using the EUPRO dataset (a dataset providing information on R&D projects, par-
ticipants and resulting networks of the EU FPs) to build the R&D project network from
2014 (when the Horizon 2020 programme has started) to 2016. In our network, the node is
the university, and the link indicates a collaboration on a joint project within the Horizon
2020 programme.

2. We classify projects according to the ERC panels, by assigning each project to a specific
research domain: Social Sciences and Humanities, Physical Sciences and Engineering, and
Life Sciences. The assignment is based on project keywords and on the content of the proj-
ect’s abstract. When a project is multidisciplinary, with no clear designation of its domain,
we exclude it from the analysis. In this way we are able to capture the specificity of each
ERC domain. Given their larger specificity, we do not consider ERC grants and Marie
Curie projects. To circumscribe our analysis to more homogeneous partnerships, we focus
on the three ERC domains separately.

3. We use the RISIS-ETER (database on European Higher Education Institutions) database to
extract university level variables and the geographical distance for each couple of universi-
ties, and combine EUPRO and RISIS-ETER information using the same node ID.

4. We use a proxy for university size based on the number of students belonging to a specific
ERC domain, and compute the Jaccard coefficient, the Katz score and Closeness and
Betweenness centrality for every node in every year.

5. We apply several supervised machine learning methods for predicting universities’ link
probabilities. As our link target outcome is a binary factor variable (taking value 1 if there is
alink, and 0 otherwise), we run several binary classification experiments.
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. We compare the performance of the proposed learning algorithms by jointly considering—

for every learner—the average out-of-sample (or “test”) accuracy, and the standard devia-
tion obtained by a 10-fold cross-validation resampling procedure.

. We further compute the accuracy achieved by comparing two specifications of our predic-

tive model, one embedding both exogenous and endogenous features, and one considering
only exogenous features. We thus calculate the accuracy gap.

. For each learner, we then estimate the average partial effects (APE) function, i.e. the deriva-

tive of the conditional probability function with respect to one feature, with all the others
held fixed at their sample mean.

. We aggregate all the derivatives obtained in the previous step by averaging over them, thus

obtaining a super-learning derivative estimate that we plot, compare, and comment for
every feature.

10. As a derivative measures, by definition, infinitesimal changes, we also calculate elasticities

to assess the percentage change of link probability induced by a given percentage change
in the considered feature.

The features employed for link prediction are:

« EXOGENOUS FEATURES

o Regional gross domestic product (PPS per inhabitant), measured at regional level from 2014
to 2016. Universities located in regions with a higher gross domestic product (GDP) are
likely to hold the necessary capacities and resources to acquire public funding for collabo-
rative projects [40].

Core funding, indicating the overall government funding available for a university. It con-
sists mainly of basic government allocation. It can be considered both as a magnitude of
financial inputs in knowledge production, and as a “boost” to push universities to increas-
ingly raise funding (e.g., by participating to competitive projects) [41]. It is thus a lever to
help generating additional (external) funding.

Citation score, measured by the “mean normalized citation score”, is the average
number of citations of a university’s publications, normalized by field differences and
publication year. This variable is a proxy of university reputation. Citations have been
widely used in the scientific literature to capture knowledge outputs [see, for example,
42].

o Number of students by ERC domain, considered as a proxy of university size re-scaled
within the three ERC domains.

Inverse of the distance, considered as the Euclidean distance in terms of kilometers between
two uniersities. We used the inverse of geographical distance as a measure of proximity
between universities. The inverse of geographical distance can be interpreted as a measure
of closeness or connectedness between universities, where larger values indicate stronger
proximity.

« ENDOGENOUS FEATURES

o Jaccard coefficient, defined as the proportion of common neighbours in the total number
of neighbours. This index is maximum when neighbours are common to both nodes. In
co-authorship networks, the Jaccard coefficient catches the idea that nodes having
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common neighbors are likelier to connect with each other in the next future. In joint proj-
ect networks this occurrence is however not always true [43].

Katz centrality is determined by summing up the contributions of all its neighbors and
their neighbors, with each contribution weighted by a factor of decay. Universities with
high Katz scores are those that not only have direct collaborations with other universities
but also have connections to other universities through their collaborative partners.

Closeness centrality, like Betweenness centrality, is a distance-based measure, reflecting the
importance of nodes according to their connection distances in the network. It reflects
how easily or quickly a node can reach other nodes in terms of geodesic distance (the
shortest path between two nodes). Universities with high Closeness centrality scores are
considered more central as they have shorter average distances to other universities in the
network.

o Betweenness centrality, referring to the frequency that a university acts as a connection
between a pair of other universities. It is computed for all universities every year. A univer-
sity with higher Betweenness has a larger influence on the whole network and can deter-
mine the network’s ability to capture resources and information. Universities with high
Betweenness can benefit more from shorter paths towards a larger set of nodes as they are
strongly embedded within the network structure.

Optimal prediction via machine learning

We define a learner L; as a mapping from the set [X, 6;, A;, fi(-)] to an outcome y, where X is the
matrix of features, 6; a vector of estimation parameters, A; a vector of tuning parameters, and
fi(+) an algorithm taking as inputs X, 6;, and A;. Generally, applied empirical studies use a sin-
gleton f;(-) for modeling and predicting targeted outcomes, typically one member of the Gen-
eralized Linear Models (GLM) family (linear, probit or multinomial regressions are classical
examples). GLM are highly parametric and are not characterized by tuning parameters. Non-
parametric models, such as local-kernel, nearest-neighbor, or decision trees are on the con-
trary characterized by one or more hyper-parameters A; which may be optimally chosen to
minimize the so-called test prediction error, i.e. the out-of-sample predicting accuracy of the
learner.

Fig 2 presents the learning architecture herein proposed. This framework is made of three
linked learning processes: (i) the learning over the tuning parameter A, (ii) the learning over
the algorithm f{-), and (iii) the learning over new additional information. The departure is in
point 1, from where we set off assuming the availability of a dataset [X, y].

The first learning process aims at selecting the optimal tuning parameter(s) for a given algo-
rithm f(-). ML scholars typically do it using K-fold cross-validation, a resampling approach
estimating the out-of-sample performance of a learner by leaving one group of observations
out of the estimation, and then using prediction over these left-out observations to measure
predictive accuracy. This procedure is iteratively repeated for each fold, eventually obtaining K
test-accuracy (or, equivalently, test error) measures over which taking the average and the
standard deviation.

At the optimal A, one can recover the largest possible prediction accuracy for the learner
fi(+). Further prediction improvements can be achieved only by learning from other learners,
namely, by exploring other fi(-), with j = 1, ..., M (where M is the number of learners at hand).

It is important to observe that the so-called training error, i.e. the in-sample predictive per-
formance of a learner, is a misleading measure of the actual model goodness-of-fit as plagued
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by the overfitting phenomenon: it may be the case that the training error decreases monotoni-
cally with the tuning parameter even if the out-of-sample performance of the learner is wors-
ening. In Fig 2, it corresponds to the light blue sequence of boxes leading to the MSETran
which is in fact a dead-end node, as not informative for making correct decisions.

Conversely, the yellow sequence leads to the MSErgst, which is informative to take correct
decisions about the predicting quality of the current learner. At this node, the analyst can com-
pare the current MSE g with a benchmark one (possibly, pre-fixed), and conclude whether
to predict using the current learner, or explore alternative learners in the hope of increasing
predictive performance. If the level of the current prediction error is too high, the learning
architecture would suggest to explore other learners.

In the ML literature, learning over learners is called meta learning, and entails an explora-
tion of the out-of-sample performance of alternative algorithms f;(-) with the goal of identify-
ing one behaving better than the those already explored [44]. For each new f;(-), the learning
architecture finds an optimal tuning parameter and a new estimated accuracy (along with its
standard deviation). The analyst can either explore the entire bundle of alternatives and finally
pick-up the best one, or decide to select the first learner whose accuracy is larger than the
benchmark. Either cases are automatically run by this architecture.

The third final learning process concerns the availability of new information, via additional
data collection. This induces a reiteration of the initial process whose final outcome can lead to
choose a different algorithm and tuning parameter(s), depending on the nature of the incom-
ing information.

As final step, one may combine predictions of single optimal learners into one single super-
prediction (ensemble learning). What is the advantage of this procedure? An aggregation of dif-
ferent learners, by reducing prediction variance, can lead to a smaller predictive uncertainty,
thus improving overall prediction quality [45].

Results

We run a series of popular machine learning algorithms to predict future link formation
between universities. In particular, we compare the following learners: Tree, Random forest,
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Boosting, Regularized multinomial, Nearest neighbor, Neural network, Naive Bayes, and Sup-
port vector machine.

We provide a brief description of these classification methods:

. Tree. Decision tree algorithms are a type of supervised machine learning algorithm that par-

titions the input data based on a series of hierarchical decisions or rules. Each decision splits
the data into two branches (recursive binary splitting algorithm) until reaching leaf nodes.
Decision tree use the simple arithmetic mean to predict the target variable within each ter-
minal node.

. Random forest. Random forest is an ensemble learning method that combines multiple

decision trees. Each tree is trained on a bootstrapped sample of the original data using a
random subset of the features used as splitting variables at each node. The final prediction
is obtained by aggregating the predictions of all individual trees, generally resulting in a
more robust and accurate prediction.

. Boosting. Boosting is another ensemble learning technique that combines multiple trees to

create a strong predictive model. Boosting algorithms sequentially train models, with each
subsequent model focusing on the instances that the previous models misclassified. Each
boosted tree learns form the error and the final prediction is a weighted combination of the
predictions from all the trees.

. Regularized multinomial. Regularized multinomial algorithms are used for multiclass classi-

fication problems. These algorithms apply regularization techniques, such as L1 or L2 regu-
larization, to prevent overfitting and improve generalization. They learn a set of coefficients
for each class and use them to predict the target variable. Estimation is made using maxi-
mum likelihood.

. Nearest neighbor. The nearest neighbor algorithm is a simple yet effective method for classi-

fication and regression. It works by finding the k nearest neighbors to a given data point
and predicting the target variable based on the values of those neighbors (generally, a
weighted mean). The choice of neighbors and the method used to calculate proximity (e.g.,
Euclidean distance) may vary.

. Neural network. Neural networks are powerful models inspired by the structure and func-

tioning of biological brains. They consist of interconnected nodes or artificial neurons orga-
nized in layers. Each neuron applies an activation function to its input, and the network
learns by adjusting the weights between neurons through a process called backpropagation.
Neural networks can be used for a wide range of tasks, including classification, regression,
and pattern recognition. In our application, we consider only 2-layer networks.

. Naive Bayes. Naive Bayes algorithms are based on Bayes’ theorem and assume that the fea-

tures are conditionally independent in each class. They are commonly used for classifica-
tion tasks, calculating the probability of a data point belonging to each class based on the
feature values. Naive Bayes algorithms are computationally fast and work well even with
high-dimensional data.

. Support vector machine: Support vector machines (SVMs) are supervised learning models

used for classification as well as regression tasks. SVMs aim to find an optimal hyperplane
that separates the data into different classes or predicts a continuous target variable. They
maximize the margin between the closest data points of different classes, making them
robust to outliers. SVMs can also use kernel functions to handle nonlinear relationships
between features.
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Table 1. List of the relevant tuning parameters by learner.

LEARNER

Decision Tree

Support Vector Machine
Regularized Multinomial
Random Forest

Neural Network

Nearest Neighbor

Naive Bayes

Boosting

https://doi.org/10.1371/journal.pone.0290018.t001

M L2 A

Leaves - -

C r -

Penalization - -
Splitting features Bootstraps Tree-depth

Hidden layers Neurons -

Neighbors - -
Learning rate Iterations Tree-depth

For each method, the optimal tuning of hyper-parameters have been found via a 10-fold
cross-validation. Different ML methods have different tuning parameters, with methods like
Tree having one singleton parameter—i.e. the number of final layers (otherwise known as tree
depth), and methods like Boosting having three tuning parameters (namely: tree depth, learn-
ing rate, and number of sequential trees, or iterations). Learner-by-learner, Table 1 reports the
list of the relevant tuning parameters.

In this work we do not consider deep-learning predicting algorithms. In the social sciences
and business analytics data context, deep learning models have been proved to have predictive
accuracy generally comparable to other ML methods [46]. This depends on the fact that deep-
learning models improve prediction by exploiting some kind of ordering in the data. Convolu-
tional neural networks, for example, exploit hierarchical spatial ordering in predicting images,
while recurrent neural networks exploit sequential ordering to predict sequences (for example,
time series). These two types of ordering are not present in our data, as in many other typical
social sciences datasets [47]. For this reason, we preferred to stick to more comparable ML
models, although we also estimated a neural network although in its fully-connected 2-layer
structure course, there exists also a literature on link prediction based on deep-learning tech-
niques. For example, Pan, Shi, and Dokmanic [48] propose an algorithm for network link pre-
diction based on a random-walk pooling mechanism (called WalkPool) able to accurately
learn network topological heuristics. In another paper, Pan et al. [49] proposed a novel deep-
learning adversarial algorithm with two variants—adversarially regularized graph autoencoder
(ARGA) and adversarially regularized variational graph autoencoder (ARVGA). The experi-
mental results demonstrate the good performance of these algorithms on link prediction and
other tasks. See also Wang et al. [50].

For every considered machine learning algorithm, cross-validation results are set out in
Fig 3 for SSH, Fig 4 for PE and Fig 5 for LS. Here, we observe the pattern of the training- and
the test-accuracy by ERC domain as a function of the grid index, with each point of the grid
representing a specific configuration of the tuning parameters. As long as the grid index
increases, we have that all the tuning parameters increase thus entailing a trade-off between
prediction bias and variance. As expected, the training-accuracy sets out a monotonic
increasing pattern going asymptotically to one. This is the well-known overfitting phenome-
non characterizing in-sample prediction accuracy. To avoid overfitting, ML scholars suggest
looking at the test-accuracy instead. The test-accuracy—generated by cross-validation—rep-
resents the correct out-of-sample accuracy to look at, and its maximand is the optimal tuning
parameters’ configuration.

Once the optimal tuning parameters’ configuration is found, we use it to predict the proba-
bility of link formation. Table 2 sets out point accuracy results for SSH.
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Looking at the column reporting test-accuracy, it is immediate to see that for the SSH sector
every learner fits well our network data considering all exogenous and endogenous variables,
with Neural Network obtaining the best accuracy performance (92.9%). Except for the Nearest
neighbor (87%) and Naive Bayes (89%), all the other learners reach accuracy values higher
than 90%. For the PE domain, the Neural Network classifier achieves an accuracy of 89.4%
(see Table 3).

Finally, for the LS domain, the best accuracy performance was achieved again by the Neural
Network learner (91.5%) (see Table 4).

As well-known, assessing a learner’s predictive performance just on the basis of its point
average accuracy may be misleading, as the estimation of such accuracy may be in some cases
severely imprecise. For this reason, it is appropriate to jointly consider accuracy mean (as done
above) and standard deviation, thus obtaining an accuracy’s confidence interval. This is
reported in Fig 6 for SSH, Fig 7 for PE and Fig 8 for LS, where our learners are compared not
only over their average accuracy but also by taking into account estimation precision. Interval
estimation at 95% significance level shows that the predictive precision of our learners is rather
uneven compared to point estimation. For the different ERC domains the best performers in
terms of interval estimation are Random Forest (SSH) and Neural Networks (PE and LS), all
having a tighter distribution around their accuracy mean when compared to the other
learners.

PLOS ONE | https://doi.org/10.1371/journal.pone.0290018  November 30, 2023 13/32


https://doi.org/10.1371/journal.pone.0290018.g003
https://doi.org/10.1371/journal.pone.0290018

PLOS ONE Link prediction and feature relevance in knowledge networks: A machine learning approach

.802

892
(1-Em)
8

798

el

Accuracy
Accuracy

.89
796

.888

150 -1 1 0 5 10 15
Index Index Index

TEST ACCURACY — — TRAINACCURACY TEST ACCURACY —— — TRAINACCURACY ‘ TEST ACCURACY —— — TRAINACCURACY ‘

i ! | g | i | MYy oy Yy e
5 \,\ h]ﬂ\’f\,‘1\"\“!\’\‘1’\'\hnruW: ”’\Iu‘ﬁ, S N e kol I |Wm~“’”
£l U lll“\”“\\lll\l\l\l\l\ H; 9“\1 ’l . / Ll
AT |
™ M <® | ) |
TEST ACCURACY —_— TRAINACCUHACY‘ l TEST ACCURACY — —  TRAINACCURACY l TEST ACCURACY — —  TRAIN ACCURACY

.896
1

sl —— 3 _ | L
Eo £ £ P
w w ww
r | oo o | e
Ty | W W | -
o oy z -
g g2 g —
3 | g |l 3o
< I <o I < |-~ |
®
2 W I 9 |
: : - - : : - - : - - - -
0 20 40 60 80 0 20 40 60 80 0 5 10 15
Index Index Index
TESTACCURACY — —  TRAINACCURACY [ TEST ACCURACY — —  TRAINACCURACY [ TEST ACCURACY — —  TRAINACCURACY |

mer = regularizedmultinomial
13

earner
Optimal index = Optimal =0
Number of folds = 10 Number of folds = 10

=3
of folds = 10

Fig 4. Learners’ optimal tuning using 10-fold cross-validation for PE.
https://doi.org/10.1371/journal.pone.0290018.9004

Previous results hinge on a model specification including both exogenous and endogenous
features. As stressed earlier in this paper, however, a model embedding node endogenous fea-
tures can only predict link probabilities for nodes that already belong to the extant network. If
we are interested in investigating how brand-new links are formed considering nodes that
were not previously part of the network, we have to rely on a model specification incorporating
only exogenous features. Accuracy results regarding such a model are visible in Table 5 for
SSH, Table 6 for PE, and Table 7 for LS, where it is immediate to recognize a general reduction
in prediction accuracy for all the learners considered. Considering only exogenous variables
for SSH (Table 5) the best accuracy performances are given by the Support vector machine
(63.9%) and the Neural Network (63.4%).

For the PE sector, we obtain an accuracy of 72.3% (Random forest) when we treat only
exogenous features (Table 6).

For the LS sector, with only the exogenous variables in the model, the best performance is
given by Boosting (68.1%) (Table 7).

One of the objectives of this study was to evaluate the relative importance of endogenous
features in predicting the links in joint projects. The findings have revealed that, by excluding
the two network endogenous components, we lose approximately between 20% (PE and LS)
and 30% (SSH) of accuracy. A non-trivial result that enhances and emphasizes the role of
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network configurations in link prediction. This finding stresses the trade-off we were referring
to in the section titled “Problem formulation” entailing that, if we want to know more about
the evolution of a network structure by also incorporating newcomer nodes, we have to pay a
cost in terms of reduced prediction accuracy that in our case may be sizable.

Table 2. Point estimation of the training- and of the test-accuracy in predicting network link formation by learner.
ERC domain: SSH.

TRAIN ACCURACY TEST ACCURACY
Tree .925515 .9180858
Support vector machine 9436323 .9090089
Regularized multinomial .9257615 .9251406
Random forest .9506328 .9269076
Neural network 9346718 .9286702
Nearest neighbor 1 .8729601
Naive Bayes .9028075 .8984187
Mutinomial 9258791 .9248887
Boosting .924507 9203522

https://doi.org/10.1371/journal.pone.0290018.t002
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Table 3. Point estimation of the training- and of the test-accuracy in predicting network link formation by learner.
ERC domain: PE.

TRAIN ACCURACY TEST ACCURACY

Tree .9050687 .893847

Support vector machine 911601 .8739745
Regularized multinomial .8944232 .8884026
Random forest 9157441 .8924846
Neural network .8979616 .8941187
Nearest neighbor .8570737 .8375163
Naive Bayes .8016995 .8007404
Mutinomial .8945442 .8878584
Boosting .8947559 .8919418

https://doi.org/10.1371/journal.pone.0290018.t003

Table 4. Point estimation of the training- and of the test-accuracy in predicting network link formation by learner.
ERC domain: LS.

TRAIN ACCURACY TEST ACCURACY
Tree 9303819 9021244
Support vector machine .93543 .8881393
Regularized multinomial 9197313 9146194
Random forest .9380926 9066119
Neural network 9221718 9151169
Nearest neighbor 1 .8726791
Naive Bayes .8691407 .8701717
Mutinomial 9197312 9146169
Boosting 9158487 .9066269

https://doi.org/10.1371/journal.pone.0290018.t004

Feature partial effects for link formation

In this section, we provide evidence about the role played by every single feature viewed as a
driver of the probability to create a link. In machine learning, feature importance measures are
generally obtained by computing the contribution of each feature to increase the test-accuracy
of a learner (or, equivalently, to reduce the test-error). This approach is no doubt informative,
but lacks an essential element, i.e. understanding which is the contribution of every single fea-
ture to the probability to produce a link. This has to do with the marginal effect (or partial
derivative) of a feature on the link probability. As supervised learning is statistically equivalent
to estimating the conditional mean of the target y given the vector of features X, defining and
computing an average partial (or marginal) effect (APE) is straightforward, with the formula
taking on this form:

OE(y|x;, X ;) _ OProb(y = 1|x, X )) ©
Ox; Ox,

J J

APE(y, x,) =

where X | indicates all the features different from x; evaluated at their sample mean. Observe
that the second equality of Eq (6) derives from the fact that y is binary.
Eq (6) can be easily estimated on the sample, and a simple plot of I:Z(y|xj, X ;) is sufficient to

identify the curvature of its derivative over x;. In this way, we can derive both the shape of the
probability to generate a link as a function of every x; given that all the other features are held
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https://doi.org/10.1371/journal.pone.0290018.g006

fixed at their mean, and the sign and size of the derivative. In practice, this allows us to gauge
whether the link probability increases (decreases) as x; increases (decreases) and to what
amount, and if there are different patterns in different regions of the support of x;. We consider
for this analysis the complete model specification (i.e., both network exogenous and endoge-
nous features).

The APE estimation can be carried out by every single learner, but results may be character-
ized by a large variability. In other to reduce estimation variance, we opt to rely on an aggrega-
tion (average value) of the derivatives obtained learner-by-learner. Aggregating learners’
estimates entails to estimate a “super-learner” generally having smaller variance at reasonable
costs in terms of reduced point estimate precision (bias).

The first domain under consideration is the SSH. Fig 9 sets out our estimates of Prob(y =
1]x;, X_ ;) for the SSH sector, that is, the conditional partial expectation of the probability to
have a link as a function of every single feature. Observe that, in order to aggregate the features
of the different nodes, we use their arithmetic mean.

The total core budget exhibits a decreasing pattern of Prob(y = 1|x;, X ;) followed by a sta-
bilization phenomenon, as showed by Fig 10 where the APEs are plotted. We can summarize
this finding as follows: initially, if either (or both) universities have a low core funding, it is
more likely that they will collaborate in publicly funded research projects. However, as the
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core funding increases beyond a certain threshold, this probability decreases. This suggests a
non-linear relationship between core funding and collaboration probability, where lower levels
of core funding foster collaboration, but as the funding increases over a certain threshold, the
motivation for cooperation declines.

The mean citation score presents a U-shaped form: at low level of this index, universities
exhibit a high level of APE, that however decreases dramatically near the average of this fea-
ture, to then growing towards higher values. Universities having a lower scientific reputation
tend to connect together, as well as universities with a higher reputation tend to be more
prone to create a link. It is plausible to conclude that organizations tend to choose partners
that are similar with respect to their scientific reputation. In this context, the U-shaped pattern
indicates a similarity effect.

Universities located in more economically developed regions tend to have a lower probabil-

ity to lay links.

When comparing the findings related to low core funding and low GDP per

capita, both demonstrate a similar trend in terms of collaboration probability in publicly
funded research projects. In both cases, higher levels of core funding or GDP per capita are
associated with a lower likelihood of universities engaging in joint projects. There is evidence
of dissimilarity effects in inter-university collaboration, emphasising the importance of bridg-

ing regional disparities and fostering collaboration as a means to enhance research and inno-
vation across the EU (these are to be taken however as mere speculations, as we are unable to
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test such assumptions in this paper). The lower capacity of universities in poorer regions to
secure funding, as well as their relatively limited availability of skills and resources, can con-

tribute to the observed dissimilarity effects in inter-university collaboration.

The pattern exhibited by the Betweenness centrality displays a symmetric J-shaped form. At

lower level of the Betweenness, the Prob(y = 1|x;, X ;) is higher. We then observe, again, a

Table 5. Point estimation of the training- and of the test-accuracy in predicting network link formation by learner.

Only exogenous features considered. ERC domain: SSH.

TRAIN ACCURACY TEST ACCURACY
Tree .6632826 .6321011
Support vector machine .7409018 .6393574
Regularized multinomial 6265143 6137518
Random forest .6690841 .6309015
Neural network 6747776 .634275
Nearest neighbor .687374 .6279877
Naive Bayes .6084446 5977711
Mutinomial .6266755 .613509
Boosting .6411785 .6178417
https://doi.org/10.1371/journal.pone.0290018.t005
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Table 6. Point estimation of the training- and of the test-accuracy in predicting network link formation by learner.
Only exogenous features considered. ERC domain: PE.

TRAIN ACCURACY TEST ACCURACY

Tree 7155144 702152

Support vector machine .8480048 .7097012
Regularized multinomial .7164662 .7120321
Random forest .7206208 723199

Neural network .7261605 7135913
Nearest neighbor 1 .7086576
Naive Bayes 7126867 7130731
Mutinomial .7160335 7125517
Boosting 7190917 .7138463

https://doi.org/10.1371/journal.pone.0290018.t006

Table 7. Point estimation of the training- and of the test-accuracy in predicting network link formation by learner.
Only exogenous features considered. ERC domain: LS.

TRAIN ACCURACY TEST ACCURACY
Tree .6835182 .6384825
Support vector machine .9885519 .6778985
Regularized multinomial 6950736 6712026
Random forest .6834646 6774247
Neural network 6839997 6745402
Nearest neighbor 7161513 .6625534
Naive Bayes 4677673 4435177
Mutinomial .6952876 .6716857
Boosting .6826616 .6817517

https://doi.org/10.1371/journal.pone.0290018.t007

strong drop at relatively high levels, leading to a long plateau at a higher level of Betweenness
where it reaches its minimum. This pattern suggests that when universities are poorly central
in the network (low Betweenness), i.e. its mediating role is negligible, small increases in its cen-
trality reduces the probability to generate links and, possibly, larger centrality. This effect gets
to an end rather soon and fades away along the plateau, until the probability of new links gets
locked in. Those nodes with higher Betweenness centrality often connect nodes found in dif-
ferent communities, and usually they are far from each other.

As for university size, we observe a quite clear pattern, as it seems to have a positive correla-
tion with the link formation. The probability of activating a link increases significantly when
universities get larger.

The pattern of the Jaccard coefficient is similar to that of the Betweenness centrality; these
two features move in the same direction. There may be complementarity effect in this pattern,
as well as for the Betweenness centrality. Complementarity is a crucial aspect in collaborations,
and is explained by the resource-based view of strategic alliances. Two universities with com-
mon neigbours are likelier to share the same scientific cluster, and probably have similar com-
petences. Pairs of universities with a higher Jaccard coefficient have a greater cognitive
proximity that can reduce the likelihood of receiving funding, in favor of a diversification of
the scientific competences. This result suggests that universities tend to create links with non-
neighboring universities (perhaps in different communities). Based on our experiments, we
observed that the Jaccard coefficient is a largely effective feature for link prediction. We can
observe, compared to the other features, that the range of probability is much higher (from 0
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Fig 9. Conditional partial expectation of the probability to have a link for SSH.
https://doi.org/10.1371/journal.pone.0290018.9009

to 0.85). In the context of predicting links between universities in the Horizon 2020 pro-
gramme, a higher Katz centrality score for a university implies that it has stronger connections
and influence within the network. Therefore, universities with higher Katz centrality scores

are more likely to have links or collaborations with other universities within their clusters or
communities. This analysis can provide valuable information for policymakers, it can aid in
identifying universities that may benefit from targeted support and resources to further
strengthen their connections and collaborations within the network. The “S” trend observed

in Closeness centrality suggests that certain universities within the network exhibit varying
degrees of proximity to other nodes. The Closeness centrality scores are relatively low in the
start of the trend, indicating that certain universities are quite distant and have a tendency to
link less. As the trend progresses, the Closeness centrality scores increase, signifying that the
universities become progressively more connected and accessible to others. It highlights the
emergence of key universities that act as information brokers, facilitating efficient communica-
tion and information diffusion within the network. Finally, the inverse of the distance (prox-
imity) exhibits an oscillating pattern with an initial phase showing a low probability of creating
a link between universities that are geographically distant. This is followed by a subsequent
increase, then a slight decrease, another rise, and a subsequent descent as the proximity
between the universities increases. Overall, understanding the relationship between geographic
distance and the probability of link formation provides valuable insights into the dynamics of
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Fig 10. Pattern of the derivative of the probability of produce a link as a function of the features for SSH.
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collaboration in research networks. It highlights the importance of proximity in fostering col-
laborations, while also acknowledging that other factors beyond distance may influence the
likelihood of link formation between universities. Furthermore, it is crucial to consider the
nature of the network under analysis, especially in the case of international programmes like
Horizon 2020, which emphasize collaborations among institutions from different countries.

For Physical and Engineering Sciences (Fig 11) the pattern shows a lower predicting
responsiveness than in SSH, highlighting the limits of using the exogenous variables in the link
prediction. Furthermore, we notice here the presence of a greater prediction uncertainty than
in the SSH domain. APEs results for PE are showed by Fig 12.

PE, the general pattern of the total core budget displays a plateau in the initial half, indicat-
ing that the starting range has the lowest incidence of link creation. The examination of the
entire core budget shows an upward tendency in the second section of the distribution. The
citation score variable shows a lower probability to form links in second half. Universities in
areas with a lower GDP per-capita are likelier to collaborate in publicly funded research proj-
ects, after which the tendency begins to decline and ultimately stabilizes. Universities with
lower initial Betweenness centrality scores interact less. These couples are more likely to coop-
erate as the Betweenness centrality grows. In PE network, we show a lower predictive respon-
siveness as compared to SSH findings. The trend of university size is increasing around the
zero point. It is interesting to note, instead, that the Jaccard coefficient shows a very similar
trend to that of the SSH sector. Katz centrality reveals a consistent increasing pattern, with a
low predictive responsiveness. The “S” pattern in Closeness centrality indicates behavior com-
parable to the SSH network. The analysis of the inverse of the distance reveals an increasing
pattern. It quantifies the degree of proximity or closeness between universities, with higher val-
ues indicating closer proximity. Universities that are closer in terms of geographic distance
exhibit a higher probability to collaborate.

PLOS ONE | https://doi.org/10.1371/journal.pone.0290018  November 30, 2023 22/32


https://doi.org/10.1371/journal.pone.0290018.g010
https://doi.org/10.1371/journal.pone.0290018

PLOS ONE

Link prediction and feature relevance in knowledge networks: A machine learning approach

=Yes)
.03 .04 .05
1

Pr(Link:
.02
L

.01
1

1
P |

Pr(Link=Yes)

.02 .
1

02 .03 .04 .05 .06
1 1 1
:j
—
<
Pr(Link=Yes)
03 .04 .05
1
_—
(’>

01
1
01
1

Yes)
.02 .03 .04 .05
1

Pr(Link:

.01
Il

Mean Citation Score GDP per capita

Pr(Link=Yes)
.025.03.035.04.045.05

Betweenness Centrality

8 ) «
%‘g E _\\ H j\\//ﬂ/ 7\
A7 el L £l |
nJ 2, \ =)
(- Ee- I ol
- U ol — S
T T o' T T T T T T T T T T
4 6 -2 0 2 4 6 -1 0 1 2 3

Total Students Jaccard index

!

A
|

5
1
Yes)
15 .2 .25
i

Pr(Link=Yes)

.05
1
/
c
Pr(Link:
1
1

0 .05
1
K

0
|

T

5

Katz centrality

T |
5 10 15
Inverse of the distance

o

T
10 15 -2 0 2 4 6
Closeness centrality

MEASURE: Marginal effect
METHOD: Average over all the learners
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As for the link prediction in Life Sciences (Fig 13), we observe a decreasing trend in the
influence of the total core budget on the probability of collaboration between two universities.
This suggests that as the total core budget increases, the likelihood of collaboration between
universities decreases. The mean citation score trend is decreasing, with a flattening of the line
in the higher values of the variable. GDP per-capita also exhibits a U-shaped curve describing
the sub-population of universities contributing to link prediction. There would seem to be a
similarity effect between universities regarding the GDP of the regions in which they are
located. Universities located in areas with a lower GDP tend to link up more; similarly, univer-
sities located in areas with a higher GDP link together. The bridging role of the university on
the link creation loses its initial potential with higher values of Betweenness centrality. Our
analysis reveals a U-shaped relationship between the size of universities and the probability of
collaboration. This U-shaped pattern suggests that there is some degree of similarity in terms
of university size that promotes collaboration between universities. However, we observe a low
level of responsiveness. This means that the probability of collaboration between universities is
not highly sensitive or responsive to changes in university size. The Jaccard index shows simi-
lar values to the SSH and PE domains. Moreover, when two universities have low Katz scores,
there is an initial high probability of collaboration, followed by an immediate plateau in the
probability. We also note a low level of responsiveness of this variable in determining collabo-
ration probabilities. The Closeness centrality exhibits a U-shaped pattern. This finding
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Fig 12. Pattern of the derivative of the probability of produce a link as a function of the features for PE.
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suggests that nodes with similar values of Closeness centrality in the network tend to exhibit a
higher propensity for connecting with each other compared to nodes with intermediate values.
Understanding the propensity for nodes with similar Closeness centrality values to connect
can provide insights into the underlying dynamics of the network. It suggests that there are
certain attractor mechanisms or clustering tendencies that operate based on Closeness central-
ity values. The inverse of the distance, which captures the geographic proximity between uni-
versities, exhibits a trend characterized by low levels of probability for distant universities,
followed by an increase in probability up to a certain threshold (around the value of 10), and
then a slow decrease.

As in the other domains, the Jaccard coefficient has the highest impact on link prediction.
Above a certain threshold limit, the probability is steady and closer to zero. The effect of com-
mon neighbors in creating connections tends to become saturated in terms of community
capacity to offer additional skills. APEs results for LS are showed by Fig 14.

In order to explain the differences emerged between the PE and LS domains compared to
the SSH domain in our results, we can refer to the major complexity of the types of organiza-
tions and institutional collaborations operating within the projects taking place within the PE
and LS domains. These consist of collaborations that often include private companies, of orga-
nizations operating through large R&D laboratories that carry out more explorative and risky
research, characterized by larger irreversibility and huger sunk costs.

Finally, Figs 15-17 set out the pattern of the elasticity of the probability of forming a link as
a function of the features for SSH, PE, and LS respectively. The interpretation of these figures
is as follows: for a given feature level x, each point in the graph sets out the percentage increase
of the probability to set up a link induced by a 100% increase in the feature evaluated at that
specific level. These changes can be both positive or negative, and their variability measures
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Inverse of the distance

the sensitivity of the link probability to changes in the feature itself. By and large, we observe
that: (i) negative elasticities are in general likelier than positive ones over all features and
domains; (ii) elasticities are more sensitive to changes in the Betweenness centrality, Closeness
centrality, and the Jaccard coefficient than in the other features; (iii) the average sensitivity is
larger in the SSH, than in the PE and LS domains.

Conclusion

Although machine learning methods have been widely used for network link prediction, to the
best of our knowledge, our study is the first attempt to predict links using advanced machine
learning methods in a competitive project-funding programme, as well as the first to identify
the best ML approach in three different ERC domains. Moreover, no other studies have esti-
mated average partial effects within a super-learning setting.
Link prediction is an important challenge in knowledge networks. In this regard, our paper
has provided new contributions to this topic. First, we used different analytic procedures to
examine and compare the prediction accuracy, both jointly and separately for exogenous and
endogenous network variables. Second, we performed data analysis for link prediction in three
different ERC domains, i.e. Social Sciences and Humanities, Physical and Engineering Sci-
ences, and Life Sciences.
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Fig 14. Pattern of the derivative of the probability of produce a link as a function of the features for LS.

https://doi.org/10.1371/journal.pone.0290018.g014

By jointly using all the selected features, we reached a link prediction accuracy larger than
90% for pretty all the machine learning methods employed. Removing the endogenous fea-
tures of the nodes (namely, Betweenness centrality, Closeness centrality, the Jaccard coeffi-
cient, and Katz centrality) the accuracy drops significantly down in all domains by, on average,
24 percentage points. Furthermore, we observe greater irregular fluctuations for the exogenous
variables. Lower accuracy when endogenous factors are removed and higher fluctuation of
exogenous ones indicate that predicting connections for the so-called newcomers (for whom
we do not know the endogenous features) is significantly more difficult than predicting links
for incumbents, who are already in the network (for whom we know both endogenous and
exogenous features). Based on our results, Jaccard coefficient appears to have the greatest link
predictive power across all scientific domains. As the Jaccard coefficient increases, the proba-
bility of forming a link decreases. Sharing common neighboring nodes reduces the likelihood
of a connection in joint project collaborations. In SSH and LS, the connection probability falls
as the Betweenness grows up. We know that knowledge networks are generally composed of
communities connected by links that bridge between them. According to our findings, univer-
sities connecting different communities have low link Betweenness. This centrality measure
exhibits higher responsiveness in the Social Sciences and Humanities (SSH) domain. The
higher responsiveness of Betweenness centrality in SSH implies that its variations have a more
pronounced impact on link prediction in this domain.

In the SSH domain, the results appear fairly different than in PE and LS. SSH shows less
predictive uncertainty, reflected in the likelihood of forming links. Moreover, elasticities have
a wider range of variation in SSH, which accounts for a larger sensitivity to attributes’ change.
The size of universities, represented by the total number of students, exhibits higher respon-
siveness in SSH domain compared to other domains. In SSH, there is a clear pattern where the
probability of link formation increases significantly as the size of universities increases. Our
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results indicate that the Katz and Closeness centralities exhibit lower responsiveness in PE
compared to other domains. Compared to other domains, the influence of Katz centrality and
Closeness centrality on the likelihood of link creation is less pronounced in PE.

The inverse of distance, which captures the geographic proximity between universities,
appears to be important in both PE and SSH domains, but with some differences in their rela-
tionship with link prediction. In PE, there is a more linear relationship between the geographic
proximity and the probability of link formation. On the other hand, in SSH, the relationship
between the inverse of distance and link prediction is not strictly linear; it exhibits an oscillat-
ing pattern.

The different ERC domains are characterized by different intellectual and organizational
patterns, and cover a wider spectrum of epistemic communities. More heterogeneity of the
types of partnerships (in particular with the private sector), and the presence of large laborato-
ries or research infrastructures characterize the PE and LS sectors compared to SSH, and can
explain the difference we have found in their link prediction performance.

Our results can be used to explore collaborations on scientific networks between universi-
ties by providing useful advice to policy makers. For example, reinforcement mechanisms can
be limited in competitive project funding, and policy makers may adopt specific actions with
the aim of facilitating integration and boosting the productivity of smaller universities. These
actions could include providing targeted support and resources to newcomers to improve
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Fig 16. Pattern of the elasticity of the probability of produce a link as a function of the features for PE.
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their research capabilities and increase their chances of collaboration. This could involve offer-
ing funding opportunities specifically designed for newcomers, promoting networking events
and conferences to facilitate connections between universities, and fostering partnerships
between newcomers (individuals or institutions who are relatively new or less established
within the network) and incumbents (experienced researchers or institutions that have been
actively involved in the network for a significant period). By implementing such measures, pol-
icymakers can create a more inclusive and collaborative research environment, enabling new-
comers to contribute effectively to scientific advancements and fostering a more diverse and
dynamic scientific community.

Of course, our paper has also limitations. First, the paper analyzes competitive projects
funded within the Horizon 2020 programme, whose results cannot be generalized to other
science funding programmes. Second, the machine learning methods used in this paper do
not explicitly consider the network time serial correlation. We think however that this prob-
lem is alleviated in our case by the fact that—within the Horizon 2020 programme—nodes
and links are slightly changing over time (differently from what happens, for example, in co-
authorship networks). Third, we have considered only collaborations in the Horizon 2020
programme that actually received funding. We did not have information of collaborations
generated outside this funding mechanism, thus excluding these network links from our
analysis.

PLOS ONE | https://doi.org/10.1371/journal.pone.0290018  November 30, 2023 28/32


https://doi.org/10.1371/journal.pone.0290018.g016
https://doi.org/10.1371/journal.pone.0290018

PLOS ONE Link prediction and feature relevance in knowledge networks: A machine learning approach

X % X217
X 2 A X
g_ | 2 S
3° 5° g
T R 1°7
£ v £
o = =
5] 59 521
B3 B3 B3
Qe Qo Qe
! T T T T T T T T T T !
-2 -1 1 2 -4 2 0 2 4
Total Core Budget Mean Citation Score
X 10 x x
2 2 Lo
2o r So =
8 8 881
>0 | >o >-°l
Iy 4 18
=S cu ey
2 = 49
£ Es &3
o w0 o o !
™+ Y s o
< g © qg_
T T T T T T T T T T T T T T T T
0 2 4 6 8 -2 0 2 4 6 -1 1 2 3 4
Betweenness Centrality Total Students Jaccard index
X o . % x N -
R @ 1 X o+ o\"m
gg_ go §‘-—
[ N~ »
$o. g g
17 18 i,
5% Sq 587y
£%- £ E o Thirr—
Sa <9 < LA —
43 ay a8
w T T T T T T T T T T ' T T T T
0 2 4 6 8 -2 0 2 4 6 0 10 20 30

Katz centrality Closeness centrality

MEASURE: Elasticity

METHOD: Average over all the learners

ROBUSTNESS: Winsorized values

SCALE: % increase in the probabiity to link for a 100% increase in the feature

Fig 17. Pattern of the elasticity of the probability of produce a link as a function of the features for LS.

Inverse of the distance

https://doi.org/10.1371/journal.pone.0290018.9017

Author Contributions

Conceptualization: Antonio Zinilli, Giovanni Cerulli.
Data curation: Antonio Zinilli.

Formal analysis: Antonio Zinilli, Giovanni Cerulli.
Investigation: Antonio Zinilli, Giovanni Cerulli.
Methodology: Antonio Zinilli, Giovanni Cerulli.
Supervision: Antonio Zinilli.

Validation: Antonio Zinilli, Giovanni Cerulli.
Visualization: Antonio Zinilli, Giovanni Cerulli.

Writing - original draft: Antonio Zinilli, Giovanni Cerulli.

Writing - review & editing: Antonio Zinilli.

References

1. LandeD., FuM., Guo W. et al. Link prediction of scientific collaboration networks based on information
retrieval. World Wide Web 23, 22392257 (2020). https://doi.org/10.1007/s11280-019-00768-9

PLOS ONE | https://doi.org/10.1371/journal.pone.0290018  November 30, 2023

29/32


https://doi.org/10.1007/s11280-019-00768-9
https://doi.org/10.1371/journal.pone.0290018.g017
https://doi.org/10.1371/journal.pone.0290018

PLOS ONE

Link prediction and feature relevance in knowledge networks: A machine learning approach

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

ChoH., YuY. Link prediction for interdisciplinary collaboration via co-authorship network. Soc. Netw.
Anal. Min. 8, 25 (2018).

Lee S., Bozeman B. (2005). The impact of research collaboration on scientific productivity. Social stud-
ies of science, 35(5), 673—-702. https://doi.org/10.1177/0306312705052359

Min S., Kim J., Sawng Y. W. (2020). The effect of innovation network size and public R D investment on
regional innovation efficiency. Technological Forecasting and Social Change, 155, 119998. https://doi.
org/10.1016/j.techfore.2020.119998

Ahmad I., Akhtar M. U., Noor S., and Shahnaz A., ‘Missing link prediction using common neighbor and
centrality based parameterized algorithm’, Scientific Reports, vol. 10, no. 1, pp. 1-9, 2020.

Sun J., Feng L., Xie J. et al. Revealing the predictability of intrinsic structure in complex networks. Nat
Commun 11, 574 (2020).

Nickel K. Murphy V. Tresp, and Gabrilovich E. A review of relational machine learning for knowl-
edge graphs. Proceedings of the IEEE, 104:11-33, 2016. https://doi.org/10.1109/JPROC.2015.
2483592

Wang Peng, Xu Baowen, Wu Yurong, and Zhou Xiaoyu. 2015. Link prediction in social networks: The
state-of-the-art. Science China Information Sciences 58, 1 (2015), 1-38. https://doi.org/10.1016/j.ins.
2015.05.017

Tang J., Qu M., Wang M., Zhang M., Yan J. and Mei Q. LINE: Large-scale Information Network Embed-
ding. In WWW, 2015.

Zhou T., LU L. & Zhang YC. Predicting missing links via local information. Eur. Phys. J. B 71, 623-630
(2009). https://doi.org/10.1140/epjb/e2009-00335-8

Lu L., Jin C.H., Zhou T. Similarity index based on local paths for link prediction of complex networks.
Phys. Rev. E, 80 (2009), Article 046122.

Leicht E., Holme P., and Newman M. E. Vertex similarity in networks. Physical Review E, 73
(2):026120, 2006. https://doi.org/10.1103/PhysRevE.73.026120

Barabasi A.-L., Albert R. Emergence of scaling in random networks. Science 286, 509-511 (1999).
https://doi.org/10.1126/science.286.5439.509

Newman M.E.J. (2003) The Structure and Function of Complex Networks. SIAM Review, 45, 167—256.
https://doi.org/10.1137/S003614450342480

Baumes, J., Goldberg, M., Krishnamoorthy, M., Magdon-Ismail, M., and Preston, N. 2005. Finding com-
munities by clustering a graph into overlapping subgraphs. In Proceedings of the IADIS International
Conference on Applied Computing. 97-104.

Clauset A., Moore C. & Newman M. Hierarchical structure and the prediction of missing links in net-
works. Nature 453, 98—101 (2008). https://doi.org/10.1038/nature06830

Abbasi A., Hossain L., Leydesdorff L. Betweenness centrality as a driver of preferential attachment in
the evolution of research collaboration networks. J. Informetr., 6 (3) (2012), pp. 403—412. https://doi.
org/10.1016/}.j0i.2012.01.002

Kerrache S., Alharbi R. & Benhidour H. A Scalable Similarity—Popularity Link Prediction Method. Sci
Rep 10, 6394 (2020).

Lu L. and Zhou T., “Link prediction in complex networks: A survey”, Physica A: Statist. Mech. Appl., vol.
390, no. 6, pp. 1150-1170, 2011. https://doi.org/10.1016/j.physa.2010.11.027

Watts D.J., Strogatz S.H. Collective dynamics of small-world networks. Nature, 393 (6684) (1998), pp.
440-442. https://doi.org/10.1038/30918

Redner S. Citation statistics from 110 years of physical review. Phys. Today, 58 (6) (2005), pp. 49-54.
https://doi.org/10.1063/1.1996475

Vazquez A., Oliveira J.G., Dezso Z., Goh K.-I., Kondor I., Barabasi A.L. Modeling bursts and heavy tails
in human dynamics. Physical Review E, 73(036127), 2006.

Giannotti, F., Pappalardo, L., Pedreschi, D., & Wang, D. (2013). A Complexity Science Perspective on
Human Mobility. In C. Renso, S. Spaccapietra, & E. Zimanyi (Eds.), Mobility Data: Modeling, Manage-
ment, and Understanding (pp. 297—-314). Cambridge: Cambridge University Press.

Zinilli A. Competitive project funding and dynamic complex networks: evidence from Projects of
National Interest (PRIN). Scientometrics 108, 633—-652 (2016). https://doi.org/10.1007/s11192-016-
1976-4

Shi F., Foster J.G., Evans J.A. Weaving the fabric of science: Dynamic network models of science’s
unfolding structure. Social Networks, 43 (2015), pp. 73—-85. https://doi.org/10.1016/j.socnet.2015.02.
006

Hirsch J.E.Does the H index have predictive power?Proc. Natl. Acad. Sci. USA, 104 (49) (2007), pp.
19193-19198. https://doi.org/10.1073/pnas.0707962104

PLOS ONE | https://doi.org/10.1371/journal.pone.0290018  November 30, 2023 30/32


https://doi.org/10.1177/0306312705052359
https://doi.org/10.1016/j.techfore.2020.119998
https://doi.org/10.1016/j.techfore.2020.119998
https://doi.org/10.1109/JPROC.2015.2483592
https://doi.org/10.1109/JPROC.2015.2483592
https://doi.org/10.1016/j.ins.2015.05.017
https://doi.org/10.1016/j.ins.2015.05.017
https://doi.org/10.1140/epjb/e2009-00335-8
https://doi.org/10.1103/PhysRevE.73.026120
https://doi.org/10.1126/science.286.5439.509
https://doi.org/10.1137/S003614450342480
https://doi.org/10.1038/nature06830
https://doi.org/10.1016/j.joi.2012.01.002
https://doi.org/10.1016/j.joi.2012.01.002
https://doi.org/10.1016/j.physa.2010.11.027
https://doi.org/10.1038/30918
https://doi.org/10.1063/1.1996475
https://doi.org/10.1007/s11192-016-1976-4
https://doi.org/10.1007/s11192-016-1976-4
https://doi.org/10.1016/j.socnet.2015.02.006
https://doi.org/10.1016/j.socnet.2015.02.006
https://doi.org/10.1073/pnas.0707962104
https://doi.org/10.1371/journal.pone.0290018

PLOS ONE

Link prediction and feature relevance in knowledge networks: A machine learning approach

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.
46.

47.

48.

49.

Mistele T., Price T., Hossenfelder S. Predicting authors’ citation counts and h—indices with a neu-
ral network, Scientometrics, 120 (1) (2019), pp. 87—-104. https://doi.org/10.1007/s11192-019-
03110-2

Bonaccorsi A., & Daraio C. (2007a). Theoretical perspectives on university strategy. In Bonaccorsi A. &
Daraio C. (Eds.), Universities and strategic knowledge creation. Cheltenham/Northampton: Edward
Elgar Publishing.

Reale E., Zinilli A. Evaluation for the allocation of university research project funding: Can rules improve
the peer review? Res Eval (2017) 26 (3): 190-198. https://doi.org/10.1093/reseval/rvx019

Bozeman B., Rimes H., & Youtie J. (2015). The evolving state-of-the-art in technology transfer
research: Revisiting the contingent effectiveness model. Research Policy, 44, 34—49. https://doi.org/
10.1016/j.respol.2014.06.008

Enger S.G. Closed clubs: Network centrality and participation in Horizon 2020. Science and Public Pol-
icy, 45(6), 2018, 884—896. https://doi.org/10.1093/scipol/scy029

Okubo Y., Zitt M., Searching for research integration across Europe: a closer look at international and
inter-regional collaboration in France, Science and Public Policy, Volume 31, Issue 3, June 2004,
Pages 213-226. https://doi.org/10.3152/147154304781780019

Lepori B., Veglio V., Heller-Schuh B. et al. (2015) ‘Participations to European Framework Programs of
Higher Education Institutions and Their Association with Organizational Characteristics’, Sciento-
metrics, 105/3: 2149-78. https://doi.org/10.1007/s11192-015-1768-2

Frenken K., Heimeriks G. J., & Hoekman J. (2017). What drives university research performance? An
analysis using the CWTS Leiden Ranking data. Journal of Informetrics, 11(3), 859-872. https://doi.org/
10.1016/}.j0i.2017.06.006

Newman M. E. J. Clustering and preferential attachment in growing networks. Physical Review Letters
E, 64,2001.

Katz L.: A new status index derived from sociometric analysis. Psychometrika 18(1), 39—43 (1953)
https://doi.org/10.1007/BF 02289026

Shibata N., Kajikawa Y., Sakata I., Link prediction in citation networks, J. Am. Soc. Inf. Sci. Tec. 63 (1)
(2012) 78-85. https://doi.org/10.1002/asi.21664

Resce G., Zinilli A. Cerulli G. Machine learning prediction of academic collaboration networks. Sci Rep
12, 21993 (2022). https://doi.org/10.1038/s41598-022-26531-1

Wanzenbock I., Scherngell T. & Brenner T. Embeddedness of regions in European knowledge net-
works: a comparative analysis of inter-regional R&D collaborations, co-patents and co-publications.
Ann Reg Sci 53, 337-368 (2014). https://doi.org/10.1007/s00168-013-0588-7

Broekel T, Graf H (2012) Public research intensity and the structure of German R&Dnetworks: a com-
parison of 10 technologies. Econ Innov New Technol 21:345-372. https://doi.org/10.1080/10438599.
2011.582704

Enger S.G., Castellacci F. Who gets Horizon 2020 research grants? Propensity to apply and probability
to succeed in a two-step analysis. Scientometrics 109, 1611-1638 (2016). https://doi.org/10.1007/
s11192-016-2145-5

Aksnes D. W., Langfeldt L. & Wouters P. Citations, citation indicators and research quality: an overview
of basic concepts and theories. SAGE Open 9, 215824401982957 (2019). https://doi.org/10.1177/
2158244019829575

Wanzenbdck I., Lata R., Ince D. Proposal success in Horizon 2020: A study of the influence of consor-
tium characteristics. Quantitative Science Studies 2020; 1 (3): 1136—1158. https://doi.org/10.1162/
gss_a_00067

Hastie, T., Tibshirani, R., & Friedman, J. H. (2009). The elements of statistical learning: data mining,
inference, and prediction. 2nd ed. New York: Springer.

Zhou Z.H. 2012. Ensemble Methods: Foundations and Algorithms. CRC Press.

Schmitt M. (2023), Deep learning in business analytics: A clash of expectations and reality, International
Journal of Information Management Data Insights 3(1), 100-146. https://doi.org/10.1016/j.jjimei.2022.
100146

Cerulli G. (2023), Fundamentals of Supervised Machine Learning using Python, R, and Stata. Springer
(forthcoming).

Pan, L., Shi, C., and Dokmanic, |., Neural link prediction with walk pooling, in The Tenth International
Conference on Learning Representations, ICLR 2022, Virtual Event, April 25-29, 2022 (OpenReview.
net, 2022), https://openreview.net/forum?id=CCu6RcUMwKO.

Pan, S., Hu, R,, Long, G., Jiang, J., Yao, L., and Zhang, C., Adversarially regularized graph autoenco-
der for graph embedding, in Proceedings of the Twenty-Seventh International Joint Conference on

PLOS ONE | https://doi.org/10.1371/journal.pone.0290018  November 30, 2023 31/32


https://doi.org/10.1007/s11192-019-03110-2
https://doi.org/10.1007/s11192-019-03110-2
https://doi.org/10.1093/reseval/rvx019
https://doi.org/10.1016/j.respol.2014.06.008
https://doi.org/10.1016/j.respol.2014.06.008
https://doi.org/10.1093/scipol/scy029
https://doi.org/10.3152/147154304781780019
https://doi.org/10.1007/s11192-015-1768-2
https://doi.org/10.1016/j.joi.2017.06.006
https://doi.org/10.1016/j.joi.2017.06.006
https://doi.org/10.1007/BF02289026
https://doi.org/10.1002/asi.21664
https://doi.org/10.1038/s41598-022-26531-1
https://doi.org/10.1007/s00168-013-0588-7
https://doi.org/10.1080/10438599.2011.582704
https://doi.org/10.1080/10438599.2011.582704
https://doi.org/10.1007/s11192-016-2145-5
https://doi.org/10.1007/s11192-016-2145-5
https://doi.org/10.1177/2158244019829575
https://doi.org/10.1177/2158244019829575
https://doi.org/10.1162/qss_a_00067
https://doi.org/10.1162/qss_a_00067
https://doi.org/10.1016/j.jjimei.2022.100146
https://doi.org/10.1016/j.jjimei.2022.100146
https://openreview.net/forum?id=CCu6RcUMwK0
https://doi.org/10.1371/journal.pone.0290018

PLOS ONE Link prediction and feature relevance in knowledge networks: A machine learning approach

Artificial Intelligence, IJCAI 2018, July 13-19, 2018, Stockholm, Sweden, ed. Lang, J. (ijcai.org, 2018),
p. 2609-2615.

50. Wang, C,, Pan, S., Hu, R., Long, G., Jiang, J., and Zhang, C., Attributed graph clustering: A deep atten-
tional embedding approach, in Proceedings of the Twenty-Eighth International Joint Conference on Arti-
ficial Intelligence, IJCAI 2019, Macao, China, August 10-16, 2019, ed. Kraus, S. (ijcai.org, 2019),
p. 3670-3676.

PLOS ONE | https://doi.org/10.1371/journal.pone.0290018  November 30, 2023 32/32


https://doi.org/10.1371/journal.pone.0290018

