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Nowadays, scientific challenges usually require approaches that cross traditional boundaries be-
tween academic disciplines, driving many researchers towards interdisciplinarity. Despite its obvious
importance, there is a lack of studies on how to quantify the influence of interdisciplinarity on the
research impact, posing uncertainty in a proper evaluation for hiring and funding purposes. Here we
propose a method based on the analysis of bipartite interconnected multilayer networks of citations
and disciplines, to assess scholars, institutions and countries interdisciplinary importance. Using
data about physics publications and US patents, we show that our method allows to reveal, using a
quantitative approach, that being more interdisciplinary causes – in the Granger sense – benefits in
scientific productivity and impact. The proposed method could be used by funding agencies, uni-
versities and scientific policy decision makers for hiring and funding purposes, and to complement
existing methods to rank universities and countries.

I. INTRODUCTION

Interdisciplinary research has recently gained a central
role in the advancement of science, leading to important
achievements [1]. For instance, the 2014 Nobel Prize in
Chemistry was awarded to two physicists and a physical
chemist, for “a physical technique, developed with help
from chemistry, that helps illuminate problems in biol-
ogy” [2].

Even though several definitions and metrics for inter-
disciplinarity have been proposed [3–6], citation impact
metrics accounting for this aspect of scientific research
have not been defined yet.

On the other hand, funding agencies have created spe-
cific calls for interdisciplinary projects, like the Interdisci-
plinary Programs funded by the National Science Foun-
dation [7]. The European Research Council explicitly
encourages applications from scientists having published
in multidisciplinary journals [8], and the evaluation cri-
teria for the Marie Curie fellowships also include the in-
terdisciplinary aspects of the research [9]. Consequently,
there is significant need to evaluate projects and scholars
by considering interdisciplinarity too. The difficulties in
evaluating interdisciplinary research constitute a press-
ing controversy that leads many young scholars to remain
on more traditional tracks, because the risks associated
to undertaking an interdisciplinary career path seem too
high [10].

This work addresses the issue of quantifying interdisci-
plinarity by proposing a method to rank scientific publi-
cations (such as papers and patents) and their producers
(scholars, inventors, institutions, companies and coun-
tries) according to their scientific impact and its breadth
over different scientific disciplines. The method is based
on the detection of the most central elements of a com-
plex bipartite interconnected multilayer network repre-
senting scientific producers and scientific citations within
and across different fields. The citation network is com-
posed of multiple layers, each representing a scientific
discipline. Accounting for this diversity – instead of ne-
glecting the information it provides by building an aggre-

gated representation of the network – allows to unveil the
cross-disciplinary versatility of scientific publications and
of their producers, and therefore to obtain a quantitative
measure of their interdisciplinary scientific impact.

Since the seminal work of de Solla Price [11] and
Garfield [12], scientists have put a great effort into trying
to understand the patterns of citation distributions [13–
15] and the non-trivial dynamics of scientific recogni-
tion [16–24]. This fundamental body of work has the
ultimate goal of setting the basis for the definition of
more accurate and fairer scientific impact metrics used
for evaluation purposes.

In the last decades, several indices have been pre-
sented. They are based on the idea that we can quan-
tify the impact of a scientific publication by counting the
number of citations it has received over the years. A
widely adopted indicator to evaluate scholars’ scientific
impact is the h-index [25] (a scholar has an index h if h
of her/his publications have received at least h citations
each), and its numerous variants [26–28].

More recently, a different approach has been proposed.
Building networks that reconstruct the chains of scien-
tific citations allows for a global understanding of the
intrigued patterns of citations between publications – or
between producers. This representation allows to un-
veil the difference between, for instance, a publication
that has received 10 citations coming from highly cited
publications, and a publication that has received 10 cita-
tions too, but from low-cited papers. The two have the
same number of citations but the former has clearly had a
higher impact. To rank publications, journals or scholars
according to their importance in the respective citation
network, researchers have proposed diffusion algorithms
that simulate the spreading of scientific credits on the
network [29–31]. In practice, this is the same idea at the
basis of the PageRank, i.e the algorithm that Google uses
to rank the pages of the World Wide Web [32].
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Figure 1: Bipartite interconnected multilayer network.
Panel A shows a simple example of bipartite citation network
made of 8 papers and 7 scholars. The 8 papers belong to
two disciplines – biology and physics. Green icons represent
biology papers, blue physics, and the bicolour icon represents
a paper that belongs to both biology and physics. Contin-
uous arrows represent citation edges, whereas dotted arrows
connect papers to its authors. Panel B shows the multilayer
representation of the network. Consider, for example, authors
a and b. If we discard the information about the scientific
fields and consider the aggregated network shown in panel A,
then the two authors’ centrality would be the same, because
they authored the same number of papers, having an identi-
cal structure of incoming citations. However, the multilayer
framework takes into account that one of b’s papers pertains
to both physics and biology, and, moreover, had an impact in
both fields (one citation comes from a physics paper and the
other from a biology one). Therefore b has a higher versatility
than a.

II. METHODOLOGY

In this work, we propose to rank scientific publica-
tions and their producers employing the PageRank de-
fined on a bipartite interconnected multilayer structure
that accounts for citations within and across different dis-
ciplines. This is equivalent to ranking nodes according to
their versatility [33] on an interconnected multilayer net-
work [34].

To account for interdisciplinarity, we define a bipartite
interconnected multilayer network representing citations
between publications (papers or patents) and relations
between publications and their manufacturers (scholars,
inventors, research institutions, companies or countries).

Given N nodes and L layers, the rank−4 multilayer ad-
jacency tensor Aαγ̃

βδ̃
is defined in the following way. Let

Cαβ (h̃, k̃) =
∑N
i,j=1 wi,j(h̃, k̃)Eαβ (ij) be the rank−2 adja-

cency tensor encoding information about the relationship
between layer h̃ and k̃, where wij(h̃, k̃) indicates the in-

tensity of the relationship between node ni in layer h̃
and node nj in layer k̃, and Eαβ (ij) indicates the rank−2
tensor that represents the canonical basis in the space

RN×N (note that when h̃ = k̃, Cαβ (h̃, h̃) represents the

intra-layer adjacency tensor), then

Aαγ̃
βδ̃

=

L∑
h̃,k̃=1

Cαβ (h̃, k̃)Eγ̃
δ̃

(h̃, k̃) (1)

where Eγ̃
δ̃

(h̃, k̃) indicates the rank−2 tensor that repre-

sents the canonical basis in the space RL×L. This is the
general formulation of an adjacency tensor representing
a multilayer network.

To build our network we consider N = NP + NA
nodes (where NP is the number of publications, and
NA the number of manufacturers of the chosen type
that produced the NP papers. Therefore, given the or-
dered set of nodes {n1, ..., nN}, the first NP elements
{n1, ..., nNP

} represent publication, and the other NA el-
ements {nNP+1, ..., nN} represent manufacturers. More-
over, we consider L = L′+ 1 layers, where L′ is the num-
ber of scientific disciplines that the publications belong
to. The 4 components of the rank−2 adjacency tensor
Cαβ (h̃, k̃) are defined as follows. Cαβ (l̃x, l̃x) and Cαβ (l̃x, l̃y),

with x, y ∈ [1, L′], encode information about publication
citations. Each layer represents a discipline or a subfield,
therefore wij(l̃x, l̃x) = 1

NL(i)NL(j) if both publications i

and j belong to discipline x, and publication i cites pub-
lication j. NL(i) (NL(j)) is the number of disciplines
that publication i (j) belongs to. This normalisation is
performed so that every citation carries one unit of value
overall. Interdisciplinary citations are instead encoded
by Cαβ (l̃x, l̃y); wij(l̃x, l̃y) = 1

NL(i)NL(j) if publications i

belongs to discipline x and j to discipline y, and publi-
cation i cites publication j. Let l̃A denote the remaining
layer, then the tensors Cαβ (l̃x, l̃A), with x ∈ [1, L′], encode
information about the relation between publications and
their manufacturers, i.e. if the chosen type of manufac-
turer is scholars, then wij(l̃x, l̃A) = 1

NL(i) if author j is

one of the authors of publication i. If we consider re-
search institutions, we connect each publication to the
institutions to which its authors are affiliated; if we con-
sider countries, the connections are to the countries in
which these institutions are based. Finally, we define
Cαβ (l̃A, l̃x) and Cαβ (l̃A, l̃A) to be zero tensors. Cαβ (l̃A, l̃x)
tensors are null because we do not want the relations be-
tween publications and manufacturers to be symmetric,
to avoid unrealistic paths to take place when comput-
ing the nodes centrality. Cαβ (l̃A, l̃A) is null because all
the information is already encoded in the other tensors:
we do not need to explicitly add citation edges between
authors.

In this framework, for the citation layers, each node is
active on a given layer if and only if the publication it rep-
resents belongs to the corresponding field. For example, a
monodisciplinary publication is active only on one layer,
whereas an interdisciplinary publication, pertaining to
both physics and biology, is active on two layers. As a
consequence, a publication whose impact is restricted to
only one discipline has intra-layer incoming edges only,
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whereas a publication that has influenced the work of re-
searchers in more than one field has inter-layer incoming
edges too, which represent the bridges between the differ-
ent fields involved. Therefore this framework allows for
a natural representation of the interdisciplinarity degree
of a publication. Being our goal to rank publication pro-
ducers too, we introduce in the network a second type of
nodes, which, according to the specific need, represent
scholars, inventors, research institutions, or countries.
These nodes are active on a dedicated layer, and each
publication has directed outgoing inter-layer edges point-
ing to each of its producers. Previous works on ranking
producers are based on one-mode projections of the bi-
partite network of publications and producers, whereas
in this work we prefer to take advantage of the complete
bipartite structure in order to avoid any information loss,
as further detailed in Appendix A.

On the proposed network, the ranking is obtained
through a process of diffusion of scientific credits from
paper to paper through citation edges within and across
disciplines. Producers are the sinks of this diffusion pro-
cess, being represented by nodes with no outgoing edges,
and incoming edges originated from the papers they have
produced. A schematic representation of the proposed
network is shown in Figure 1.

Having defined the multilayer citation network, we pro-
pose to rank its nodes according to their PageRank ver-
satility, which is given by the steady-state solution of the
equation

pβδ̃(t+ 1) = Rαγ̃
βδ̃
pαγ̃(t) (2)

where pαγ̃(t) is the time-dependent tensor that gives the
probability to find a random walker at a particular node
α in a particular layer γ̃, and

Rαγ̃
βδ̃

=
[
rTαγ̃

βδ̃
+

1− r
NL

uαγ̃
βδ̃

]
, (3)

N being the number of nodes in the network, L the num-
ber of layers, and r the teleportation rate. Tαγ̃

βδ̃
denotes

the rank−4 tensor of transition probabilities for jump-
ing between pairs of nodes and switching between pairs
of layers, and uαγ̃

βδ̃
is the rank−4 tensor with all com-

ponents equal to 1. Let Ωαγ̃ be the eigentensor of the

transition tensor Rαγ̃
βδ̃

, denoting the steady-state proba-

bility to find a random walker in node α and layer γ̃. The
tensor Ωαγ̃ provides the PageRank of each node (α) in
each layer (γ̃): it is crucial to remark here that this is not
equivalent to calculate the PageRank in each layer sep-
arately, because our formulation accounts for the whole
interconnected structure to solve the eigenvalue problem.
To obtain the multilayer PageRank of each node, regard-
less of the layer, we project the values obtained from
its replicas in different layers, obtaining the multilayer
PageRank vector

ωα = Ωαγ̃u
γ̃ (4)

where uγ̃ is the vector with all components equal to 1. It
has been shown [33] that this operation provides the same
results that would be obtained by calculating PageRank
by means of simulated random walkers that explore the
multilayer structure according to transition rules encoded
in Rαγ̃

βδ̃
.

III. DATA

To illustrate the proposed ranking method, we test
it on two case studies: the APS and the US patents
datasets.

The first is a collection of papers published in the jour-
nals of the American Physical Society (Physical Review
Letters, Physical Review and Review of Modern Physics)
between 1985 and 2009 [? ]. We restricted the analysis
only to papers with at most ten authors, to avoid biases
due to the papers of experimental high-energy physics
in which all the project collaborators are listed as co-
authors. To disambiguate author’s name, we used a sim-
ple technique introduced in previous studies [31]. Meta-
data in the dataset provide information about the topic
of the papers through the specification of the assigned
“Physics and Astronomy Classification Scheme” (PACS)
code, developed by the American Institute of Physics
(AIP) and used in Physical Review since 1975 to iden-
tify fields and sub-fields of physics [35]. We exploited
this information to build a heterogeneous interconnected
10-layer network in which each layer represents a sub-
field of physics, as defined by the PACS systems: Gen-
eral ; The Physics of Elementary Particles and Fields;
Nuclear Physics, Atomic and Molecular Physics; Electro-
magnetism, Optics, Acoustics, Heat Transfer, Classical
Mechanics, and Fluid Dynamics; Physics of Gases, Plas-
mas, and Electric Discharges; Condensed Matter: Struc-
tural, Mechanical and Thermal Properties; Condensed
Matter: Electronic Structure, Electrical, Magnetic, and
Optical Properties; Interdisciplinary Physics and Related
Areas of Science and Technology ; Geophysics, Astron-
omy, and Astrophysics. From the paper meta-data we
also extracted the authors affiliation information, which
allowed us to associate to each paper a list of (one or
more) institutions and countries. The final dataset con-
sists of 319816 papers, 204809 authors, 626 institutions
and 54 countries. Arguably, the APS cover only Physics,
but note that physics is a vast field that spans from bi-
ological physics to astrophysics and although it may fall
short of a full interdisciplinary analysis it is clear that
this is a powerful indicator of multi-topic analysis that
serves to proof the usefulness of the method.

The second dataset contains the U.S. patents granted
between January 1963 and December 1999, and all cita-
tions made to these patents between 1975 and 1999 [36].
To define the layers, we used the 6 categories proposed in
previous studies [37]: Chemical (excluding Drugs); Com-
puters and Communications; Drugs and Medical ; Elec-
trical and Electronics; Mechanical ; Others. Each patent
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is assigned to one main class defined by the United States
Patent and Trademark Office (USPTO), and to any num-
ber of subsidiary classes. Each class belongs to one of
the listed categories, therefore each patent is associated
with one or more layer according to its classes. How-
ever, the dataset only contains the information about
the main class, therefore we complemented it by extract-
ing the information about the other classes from the
USPTO Patent Grant Full Text [38] The final dataset
contains 1574882 patents, 1142499 inventors, 138833 as-
signees (i.e. corporations for the most part), and 127
countries.

IV. RESULTS

Figure 2 shows the evolution of the interdisciplinary
ranking of the world top physics departments, and of the
world top companies, over time. This visualization al-
lows to observe, for instance, the raise of the University
of Texas at Austin during the 1990s, after the establish-
ment, in 1985, of the Center for Nonlinear Dynamics,
funded and directed by the Boltzmann Medal laureate
Harry Swinney [39].

Using the same data, we show that the proposed
method is able to capture two fundamental aspects of in-
terdisciplinary research: intrinsic multidisciplinarity (i.e.
publishing papers or patents pertaining to different ar-
eas) on the one hand, and effective interdisciplinarity,
i.e. being credited by different scientific areas, on the
other.

We define the topical interdisciplinarity TI(a) of an
author a (who could be a scholar or an inventor) as the
average number of different scientific areas her/his pub-
lications pertain to, i.e.:

TI(a) =
1

n(a)

n(a)∑
i=1

d(pi) (5)

where n(a) is the number of publications authored by
a, and d(pi) is the number of fields that publication pi
belongs to.

Moreover, for each publication p we define an entropy
metrics based on the distribution of its incoming citations
across the different fields represented by the different lay-
ers:

H(p) =
∑

fi log
1

fi
(6)

where the sum is over the different fields (layers) and fi is
the proportion of edges incident in p that come from layer
i. Therefore if a publication is only cited by other pub-
lications belonging to its own field H(p) = 0, whereas
a publication that has received citations from different
fields has H(p) > 0, and the higher the number of fields
it has had impact on, the higher its entropy. For each au-
thor a we then compute her/his citation interdisciplinar-

B

A

Figure 2: Interdisciplinary ranking evolution. Panel A:
Visualization of the time evolution of the interdisciplinary
impact ranking of the top 20 physics departments, computed
using the APS dataset. Panel B: Time evolution of the inter-
disciplinary impact ranking of the top 20 world companies,
computed using the US patent data. Broken lines represent
institutions or companies that do not belong to the top 20 in
the previous or the following time stamp.

ity CI(a) as the average entropy of her/his publications:

CI(a) =
1

n(a)

n(a)∑
i=1

H(pi). (7)

We find a strong positive correlation between the gain
in rank that scholars and inventors obtain when evalu-
ated using the proposed method – instead of a method
based on a flat representation of the citation network –
, and their topical interdisciplinarity (Figure 3, panels
(a) and (b)). Moreover, we find that the rank gain is
also positively correlated with the disciplinary diversity
of scholars’ and inventors’ incoming citations (Figure 3,
panels (c) and (d)).

Recent studies have shown correlations between pa-
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US patents inventorsAPS journals authors

r = 0.75 (CL = 99.9%) r = 0.76 (CL = 99.9%)

r = 0.63 (CL = 99.9%) r = 0.66 (CL = 99.9%)

A B

C D

Figure 3: Correlations. Heat-maps representing the corre-
lation between the gain in rank that scholars and inventors
obtain when evaluated using the proposed method – instead
of a method based on a flat representation of the citation net-
work –, and two measures of their interdisciplinarity level.
The x-axis represents, in panel (a) and (b), scholars’ and
inventors’ topical interdisciplinarity, defined as the average
number of different scientific areas their publications pertain
to, and, in panel (c) and (d), their diversity in terms of dis-
ciplines of the scholars’ and inventors’ incoming citations (ci-
tation interdisciplinarity). Correlations are calculated using
Pearson’s r coefficient, and setting the statistical significance
at 0.1%. Solid lines represent density gradient contours, and
dashed lines represent linear regression models estimated via
maximum-likelihood.

pers’ and producers’ interdisciplinarity and their cita-
tion impact [40, 41]. Here, having defined a quantitative
method to rank scientific research actors according to
their interdisciplinary impact, we carry out a longitudi-
nal study based on Granger-causality of the implications
of interdisciplinarity on scientific research. We find that
the trend of an institution’ or company’ interdisciplinary
impact over time Granger-causes [42] its trend in pro-
ductivity and impact. To obtain this result we check, for
every institution in the APS dataset and every company
in the US patent dataset, over a 20 years time span, if the
evolution of the interdisciplinary impact Granger-causes
the evolution of the corresponding h- and r- index [43].
The latter is defined as the square root of the sum of
the citations to the publications in the h-core, i.e. the
set of h publications having received at least h citations
each. It has been shown that these two indices comple-
ment each other in evaluating the production and impact
of scientific publication producers [27].

Given the reduced size of the time series, only 20
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Figure 4: Granger-causality. Plot representing the statisti-
cal power of Granger-causality tests in function of the number
of data points available, using real data (circles and triangles),
causal time series toy models (red and blue lines), and null
models of non-correlated time series (grey line). Line width
represents the range of variability of the model across differ-
ent lags. We can observe how the statistical power of the real
data series is highly consistent with the one obtained using
strong causal time series with the same number of data points.
This indicates that interdisciplinary impact has causal reper-
cussions – in the Granger sense – on scientific productivity
and impact.

temporal observations, we first need reference values to
asses whether we can accept the hypothesis that the
observed time series are Granger-causal. We generate
1000 strongly causal autoregressive models models with
memory of the same size of the data, and quantify the
corresponding statistical power π, i.e. the fraction of
times we correctly accept the alternative hypothesis when
it is true (being the null hypothesis that the observed
time series are not Granger-causal). We find a value of
π ∼ 0.3, with a 95% confidence level obtained through
bootstrapping [44]. We perform the same test on 1000
non-causal series and find π ∼ 0.05, almost an order
of magnitude lower. Therefore a value of π that lies in
the interval between these two reference values indicates
Granger-causality (see Appendix B for further details).
Indeed, applying the same analysis on the two empirical
datasets, we find that the interdisciplinary impact time
series Granger-causes both the h- and r- index time series
with a statistical power π = 0.28 and π = 0.25, respec-
tively (Figure 4). Even if we can not quantify the exact
amount of Granger-causality, because of the lack of time
series spanning a longer period, we can conclude that
our study provides quantitative evidence, with 95% con-
fidence level, that there is a causal relationship between
interdisciplinarity, productivity and impact.

V. DISCUSSION

In this paper, we propose a methodology to assess
the citation impact of scientific publications and their
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producers that intrinsically accounts for their interdisci-
plinarity. This aspect was not included in previous cita-
tion impact indicators.

Even though numerous metrics have been proposed to
assess citation impact, several issues have been raised.
These include the accounting of self-citations [45], the
choice of the appropriate citation time window [46], field
normalisation [47], and author credit allocation [48]. De-
spite the vast literature on the subject, consensus is still
lacking on how to solve these issues. Here, we propose
a method whose objective is to account for interdisci-
plinarity, and we do not enter those debates. However,
the bipartite interconnected multilayer networks of cita-
tions and disciplines that we introduce can be adapted
to take into account specific needs. For example, edges
connecting papers to their authors could be weighted dif-
ferently to take into account non-homogeneous allocation
of credit, or a specific time window could be chosen a pri-
ori to select the papers constituting the network.

Going beyond the presented assessment of the benefits
produced by interdisciplinarity, the method proposed in
this work could constitute a tool for funding agencies and
academic hiring decision makers to quantify the impact
of interdisciplinary research and its producers, for a faster
advancement of excellent science.
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Appendix A: Comparison with other approaches

The idea of ranking scholars simulating a diffusion process
was already introduced in [31] – and previously in [29] to
rank scientific publications – but the approach proposed in
this work considers a different kind of network – a bipartite
interconnected multilayer network. In this section we moti-
vate the choice of taking into account the complete bipartite
structure instead of its one-mode projection.

For the sake of simplicity, we will consider a bilayer version
of the network. Our focus here is not in fact the multilayer
aspect of the network capturing interdisciplinarity, but rather
its bipartition. Therefore, let us consider N = NP +NA nodes
and 2 layers {l1, l2}. The 4 components of the rank−2 adja-

cency tensor Cαβ (h̃, k̃) are now defined as follows. Cαβ (l̃1, l̃1)
encodes information about citing relations between papers,
i.e. wij(l̃1, l̃1) = 1 if paper i cites paper j. Cαβ (l̃1, l̃2) encodes

information about paper authorship, i.e. wij(l̃1, l̃2) = 1 if
author j is one of the authors of paper i. Finally, we define
Cαβ (l̃2, l̃1) and Cαβ (l̃2, l̃2) to be zero tensors, consistently with
the representation introduced in S.1. For the sake of simplic-
ity, since in the rest of the section we will be dealing only
with rank-2 tensors, we will make use of the simpler classical

matrix notation instead of the tensorial one. Therefore we
will denote Cαβ (l̃1, l̃1) as C and Cαβ (l̃1, l̃2) as A.

In the author citation network proposed in [31], each node
represents an author, and wij 6= 0 if there exist at least one
publication α, of which i is an author, that cites a publication
β of which j is an author. Each such publication gives a
contribution 1

nm
to wij (where n is the number of authors of

publication α, and m is the number of authors of β) so that
the total contribution of each citation is equal to 1.

Let us consider an adjacency matrix C of size NP × NP ,
encoding the citation links between papers. C can be built
from C by means of multiplication with a rectangular matrix
I of size (NP +NA)×NP such that (I)ii = 1 for i = 1, ..., NP ,
and all the other elements are equal to 0. Then

C = ICIT . (A1)

Using I we can also build A from the projection matrix P,
of size NP × NA, where wij = 1 if j is one of the authors of
paper i:

A = IPIT . (A2)

Let us define P̃ as the normalised version of P, i.e. (P̃)ij =
(P)ij∑NA

k=1
(P)ik

= 1
mi

(where mi is the number of authors of paper

i), then the NA ×NA adjacency matrix representing the net-
work of citations between authors can be obtained performing
two successive matrix multiplications:

A = P̃T CP̃. (A3)

Proof:

(P̃T C)ik =

NP∑
h=1

(P)hi(C)hk =

NP∑
h=1

(P)hi 6=0,(C)hk=1

1

mh
(A4)

This means that (P̃T C)ik is a sum over the papers authored
by i that cite paper k, where each paper h gives a contribution
of 1 over the number of authors. Then:

(A)ij =

NP∑
k=1

(P̃T C)ik(P)kj =

NP∑
k=1

(P)kj 6=0

( NP∑
h=1

(P)hi 6=0,(C)hk=1

1

mh

) 1

mk

(A5)
Each element (A)ij is therefore a sum over all the pairs of
papers (h, k) such that i is an author of h and j of k, and
each element of the sum gives a contribution equal to 1

mhmk
,

as indeed defined in [31]. �
We have demonstrated that the adjacency matrix of the au-

thor citation network is obtained performing two operations
of matrix multiplication involving C and P. Matrix multi-
plications consists in multiplications and summations of the
matrix elements, which inevitably lead to information loss.
The supra-adjacency matrix of the network proposed in this
paper is instead the sum of the two expansions of C and P,
i.e. C and A, respectively. This guarantees that no infor-
mation is loss, and this why we chose to consider the whole
bipartite structure. Figure 5 shows an example in which the
information loss characteristic of the author citation network
leads to a less fair ranking of authors compared to the ranking
based on the network introduced in this paper. Using our ap-
proach (top figure), the most central author is B, who is the
author of both the most central paper and of one of the second
most central papers. However, in the author citation network
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framework, the most central author is A (to understand why,
we recall that the PageRank centrality is based not only on
the number of incoming edges, but on the importance of the
nodes from which these edges originate). This is due to the
fact that in the author citation network all the information
about an author’s incoming citations from different papers
is aggregated, and therefore A benefits from the importance
of B without any distinction between the importance coming
from papers that actually cite A, and that coming from B’s
other papers. In this case B’s most central (and cited) paper
is not the one citing A’s paper, but this information is lost
in the author citation network. As a consequence, the result-
ing ranking does not always reflect the real importance of the
different authors.

Figure 5: An example in which the PageRank centralities
computed on the author citation network and on the bipartite
network lead to different rankings of the authors.

An alternative approach is to use the PageRank method
to get the centrality of papers in C, and then compute the
author centrality as a properly normalised sum of the cen-
tralities of the papers she/he has authored. In matrix terms,
the author PageRank centrality vector ωA can be obtained by
simply applying a linear transformation to the paper PageR-
ank centrality vector ωP :

ωA = P̃TωP . (A6)

However, this solution involves another kind of aggregation
which can lead to misleading results too. An example is shown
in Figure 6. Using the sum approach, author D becomes
more central than author A, because she/he authored two
papers, even though they are the two most marginal papers
in the network (note that the only citation to paper 4 is a self-
citation). On the contrary, A is the author of a very central
paper, and in fact our approach correctly classifies her/him as
more central than D. The issue with this alternative approach
is that the PageRank is a diffusion process, which is not a
linear dynamics. Therefore summing over the centralities of
different nodes is also an aggregation process through which
some information on the system is lost.

Figure 6: An example in which the PageRank centralities
computed as the sum over the papers and on the bipartite
network lead to different rankings of the authors.

Appendix B: Testing Granger-causality using
bootstrapping

To test whether a given time series x(t) = [x(1), . . . , x(T )]
Granger-causes a second time series y(t) = [y(1), . . . , y(T )],
where T is the number of available measurements, we use the
following procedure. Using the likelihood-ratio test statistics,
we test the null hypothesis of non-Granger-causality against
the alternative hypothesis of Granger-causality, for three dif-
ferent values of the maximum lag (1,2, and 3). In fact, we
do not have any a priori knowledge of the lag the Granger-
causality could depend on. We denote with D̂? the maxi-
mum value obtained for the likelihood-ratio. Successively, we
build n surrogate time series which are not Granger-causal by
randomly shuffling x(t) and y(t), performing the tests again

and obtaining the values {D̂1, D̂2, ..., D̂n}. To give our re-
sults statistical relevance, we use a two-sided nonparametric
Wilcoxon-Mann-Whitney rank test that, in our case – one
empirical observation against several synthetic values – can
be summarized as follows. Given the value of the test statis-
tics obtained from the data, we compare it against the values
obtained from null models and if D̂? is larger or smaller than
D̂i, for all i = 1, 2, ..., n, than we reject the null hypothesis.
This condition corresponds to verify iff

D̂? < min
i
{D̂i} OR D̂? > max

i
{D̂i}. (B1)

To obtain a confidence level of 95% (i.e., type I error α =
0.05), we need to generate n = 2

α
= 40 surrogates. We follow

this procedure for all the available time series and then com-
pute the Granger-causality statistical power as the fraction of
series for which the alternative hypothesis is accepted.

To evaluate the statistical power that we could expect for
time series with only 20 data points, we generate different sets
of synthetic models where we know, a priori, which hypothesis
is true (the null or the alternative one). First, we generate
causal time series using autoregressive models with memory,
while varying the number of temporal observations from 11
to 150. In particular, we generate 1000 series for each one of



8

the following models:

y[t] = 0.75x[t− l] + ε (strongly causal models) (B2)

y[t] = 0.5y[t− 1] + 0.5x[t− l] + ε (causal models) (B3)

with l ranging in the interval [1, 3], and ε being white noise.
For these models we know that the alternative hypothesis is
true.

Then we generate 1000 time series which are not Granger-
causal:

y[t] = 0.5y[t− 1] + ε. (B4)

In all cases the equation governing the x time series is:

x[t] = 0.5x[t− 1] + ε. (B5)

For these models we know that the null hypothesis is true.

We perform the procedure described above for each model
separately. In the cases when the null hypothesis is true, for a
test with 95% confidence level we expect to wrongly reject the
null hypothesis (i.e., to accept the alternative hypothesis) only
5% of times, exactly what we observe as shown in Figure 3 of
the main text. In the cases when the alternative hypothesis is
true, the fraction of times we correctly accept it depends, as
expected, on the size of the time series, where the availability
of a larger number of temporal observations leads to a higher
rate of correct decisions. For time series with 20 points, the
maximum achievable power in the classification of causal time
series is ≈ 0.3, in good agreement with results obtained from
the empirical datasets (Figure 4 of the main text).
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