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Abstract
Complexity and network science are nowadays used, or at least invoked, in a variety of scientiﬁc
researchareas ranging from the analysis of ﬁnancial systems to social structure and even to
medicine. Here I explore some of the possible reasons for this success, the relationship between
them and how they might be used in the future.

Complexity, (and one can probably expect it), lacks a simple deﬁnition, but somehow everybody intuitively
understands this concept. More importantly, there is a large consensus on its presence and role in the everyday
world [4, 26]. If we want to stick to the original formulation by Anderson [3], we immediately see in a large
class of phenomena that ‘more is different’, and that complexity (a new behaviour) arises whenever the number
of ingredients (the particles, the agents, whatever describes the system under consideration) become very large.
This explains why everybody understands what we mean when we talk about complexity. Complexity is indeed
one of the features of this modern world, and it looks very familiar, since we are embedded by the increasingly
growing number of relationships that we are establishing in this hyper-connected world. As a consequence of
these links, and as a consequence of the information we exchange on them, the total amount of data produced
and stored in the world is constantly increasing. According to a report [16], the total amount of data in the
world reached 2.8 zettabytes (ZB) in 2012–or 2.8 trillion gigabytes. The volumes of data was expected to reach
40 ZB by 2020 i.e. 4 × 1022 bytes, with emerging economies accounting for an increasingly large proportion of
the world’s total. On the same point, following a more recent report on the 2017 review from IBM Marketing
Cloud [1], we see that about 90% of the data in the world today has been created in the last two years alone, at a
rate of 2.5 quintillion (1018 ) bytes of data a day. The relations that we create can be of different natures: physical
as it is the ﬂow of people and goods from one country to another one; virtual as the information travelling
on the internet on the world wide web and the services on it; ﬁnancial with respect to the architecture of our
ﬁnancial systems with all the loans and credit amongst banks and ﬁrms worldwide. While on one hand this
development creates new opportunities of living, trading, being informed and able to run private business,
on the other hand it also poses new challenges as the recent spreading of COVID-19 clearly shows. It is then
imperative to be able to master the basic principles of complexity science, with respect to the mathematical
framework that allows us to deal with this unprecedented situation.
When considering this mathematical framework it appears that (maybe for historical reasons) complexity
science shares many approaches with statistical physics (another discipline that deals with a large number of
elements). On the other hand, very often, the applications of this theoretical machinery deal with a series of
phenomena that have never been considered in the study of physics. This apparent contradiction between theory and applications is instead a great opportunity to extend quantitative and scientiﬁc approach well outside
their traditional domain. Indeed, thanks to the recent developments, we are now able to quantitatively analyse
a series of disciplines that, so far, accepted only a qualitative description. Amongst the various instruments
of complexity science (not all of them coming from physics, but certainly used by physicists) that have been
proven to be more useful for that purpose we have
• Non-linearity a typical characteristic of complex phenomena where the output of the system is typically
unpredictable with respect to the input. It is a very general property that has been already successfully
applied to a few disciplines, for example ecology [37] and biological sciences [35].

© 2020 The Author(s). Published by IOP Publishing Ltd

J. Phys. Complex. 1 (2020) 021001 (5pp)

G Caldarelli

• Adaptation in the sense of the dynamical changes of the system (or individual or species) to the environment is one of the typical traits of the theory of evolution by Charles Darwin [22] and one of the
theoretical instruments not developed in physics, but used by physicists in a series of analysis, mostly
within the third instrument of complex networks [29].
• Data science a recent term that has been introduced to indicate a framework of theoretical and
experimental instruments that allow to make sense of the above-described deluge of unstructured data.
• Complex networks that with respect to the above properties is rather a mathematical formalism that allows
us to treat the other features in a simple formal way.
The mathematical formalism of graphs [14] is a good way to describe complex systems. If we indicate
our microscopic agents as vertices and we consider their interactions as the edges, we have a natural representation of a complex system by means of a network structure [2, 18, 25, 36]. Actually, network theory
plays several roles in the area of complexity. Firstly, as just mentioned, networks are the most immediate
microscopic tool to describe the onset of complexity; secondly, networks are a crucial tool to model the
structure and dynamics of a variety of phenomena; thirdly and ﬁnally, they allow to visualize and to ﬁlter
information in these data deluge we are witnessing in these times. Of all the above features, visualization
is the one that is often underrated. In fact, to see and to understand are pretty similar concepts. Consequently in almost every Indo-European language past or present, they are indicated by the same root ‘∗ weyd-’
(e.g. there is the Latin video/videor with the meaning ‘I see/I think appropriate’, the ancient Greek
((v)oida) with the meaning ‘I know because I have seen’; the Sanskrit
(veda) meaning ‘knowledge’, up
to the two modern English words ‘video’ and ‘wise’). Even in Chinese, ‘to understand’ is indicated by two
ideograms
i.e. (míngbai) with the literal meaning of ‘bright white’. This is just to remark how much
‘visualising’ and its immediate consequence ‘understanding’ are related and to stress that the immediacy
of visualisation power is one of the most important features of complex networks. In fact, the relationship between visualisation and understanding goes far beyond network theory. The power of visualisation
is widely used in data science [13, 24], climate studies [21] and so on. Obviously, such a power is strongly
reduced when considering big data or very dense networks. In such cases ﬁltering methods to enhance the
most important edges work remarkably well. They range from minimal spanning trees [33] to planar graphs
[40] to the use of comparative advantage [5] to evaluate economic exports in the matrices of trade between
nations.
As complexity increases, one has to take into account different kinds of networks. For as for example
when considering the different kind of relationsips that companies might have with each other, we need
more reﬁned versions of networks as multigraphs or multilevel networks [8, 11, 12]. In this vast scenario,
we can try to select the most important issues that will attract the interest of scientist and that will have the
greatest impact on society. Certainly we can predict that the distances (in the topological sense of number
to edges to travel to join two vertices) in the future world, will decrease even more from their present value
(not withstanding the fact that the effects of the 2020 pandemic have still to be understood). An immediate
consequence of this phenomenon is the parallel growth of disintermediation, that is the removal of intermediate agents in the chain of distribution, discussion, and/or production. Such disintermediation, that is
the possibility to establish contacts and contracts with everybody else in the world without any intermediate passage, is probably a phenomenon that deserves to be studied in great detail. A ﬁrst effect (thanks
to the pervasive presence of social networks on which everybody is spending more and more time) will be
the inevitable consequence of getting more and more information from our contacts, in a phenomenon that
has been called the disintermediation of news access [31]. While propaganda and political use of fabricated
news has always been around, we are now witnessing an explosion of this phenomenon in the current times.
Many journals, papers, television shows and naturally social networks devoted a great attention to similar
issues [39] as ‘fake news’, ‘post-truth’, ‘alternative facts’ [17] with the division of citizens in various comfort areas of people with similar views [28]. Since the number of people taking social media as their main
source of news is steadily increasing worldwide, various narratives, if not directly alternative facts, are circulating in the community without any control from fact-checking institutions. Progress in machine learning and
artiﬁcial intelligence adds another problem to this already disturbing situation, that is by creating software
devoted to the creation and dissemination of fake news. This phenomenon of ‘bots’ is particularly important
on Twitter. Scientists made their best efforts to ﬁght the never ending plague of malicious bots populating
social networks. The literature suggest ways to identify them, including studying the proﬁle [20, 38], the
network structure [32, 41, 42], and the posting-characteristics [19, 27] of the accounts. Typically the most
successful approaches combine studying the topology of contacts (i.e. network analysis) with semantic analysis (the study of the content of the messages) ﬁnding a way to remove most of the malicious agents from the
system.
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A second effect relates to the complexity of ﬁnancial systems as a result of the increased facility in establishing connections and contracts. Disintermediation in economics and ﬁnance indicates another ﬁeld in which
complexity science can help in solving societal problems. One example of these is understanding the interactions between the interconnected layers of the ﬁnancial system that feed the world economy. Credit to ﬁrms,
insurances on these contracts (resulting in derivatives of the main loans) has grown exponentially in recent
times, given the relative facility with which proﬁt can be done. The typical network interdependence, while
improving efﬁciency, is also related to a new kind of risk. Networks can project the effects of distant problems
into our little community. Modern extended enterprises must be aware that if they beneﬁts from this situation
in terms of improved efﬁciency and ﬂexibility, they also have to deal with a number of new risks associated
with dependence on distant suppliers. Similarly, ﬁnancial institutions and governments must be as aware of
the risks of this new world as they are aware of the opportunities. These are the salient features of network
interconnections—if good things can move easily through a network, then so can bad ones. The very interconnectedness that underpins network efﬁciency is an Achille’s heel when things go wrong. In the simplest
version, by modelling ﬁnancial market as a network, i.e. by representing banks as nodes and contracts as links,
it is easy to realise that banks and contracts, (vertices and edges), depend upon the state of the other elements
in the same network [9]. Dynamical process of continuous readjustments are then needed in order to ensure
the stability of the system. More generally, banks (not to mention the companies they ﬁnance) form various
multilayer networks deﬁned by the various kinds of contracts with each other in a closed structure where the
liabilities of one institutions are the assets of the others [23]. Not surprisingly, the probability that one institution could default depends strongly upon the default probability of all of the other institutions in the network
[10]. This is a particularly interesting situation since it gives a possibility to study how to mitigate the ﬁnancial
risk, that is to reduce the probability that a vast majority of the ﬁnancial institutions might go bankrupt at the
same time. A disaster of this kind arises from a variety of different causes, to name a few:
• (i) An incomplete knowledge of the market. In the aforementioned cases small errors in the knowledge
of the network of contracts can lead to large errors in the probability of systemic defaults [10]. This is
due to the amplifying effects related to the multiplicative interplay among the parameters that matter for
the default thresholds. Similarly also errors in the contract structure also increase the potential information asymmetries [9]. To make matters worse, the institutions involved may pass on distress both to the
institutions that are exposed to them and to the securities they are exposed to [7].
• (ii) The various kind of contracts that can bind institutions together. A further complication is related
to derivative instruments; they are a special kind of contract between two or more parties where the
value of the payoff is derived from the value of another ﬁnancial instrument or asset (the underlying
entity). Originated as insurance, they rapidly changed their purpose. Credit default swap, for instance,
are insurances where one party (originally the lender of a loan) buys insurance from a third party to
insure against default of another institution (originally the borrower of the loan). However, in a way
that contrasts with conventional insurance, in which we own the goods (house, car, contract) we want
to protect, credit default swaps can be negotiated on any underlying entity—meaning anyone could take
out insurance on our goods. Imagine the ease of mind in leaving your car in a car park when you know
that everybody in the neighbourhood can apply to recieve a lump sum if your car is stolen. Speculation
therefore emerges as another reason to trade in derivatives, a dubious syndrome that gave rise to ‘ﬁnancial
weapons of mass destruction’ [15].
• (iii) The number of banks and (iv) the density of connections between them are a serious issue. It may seem
counterintuitive, but observinf the parallels between ﬁnancial systems and ecosystems [30, 34] we can
exploit most of the results of ecosystem stability to describe how risk can propagate in a ﬁnancial system.
In particular, processes that are widely believed to stabilize the ﬁnancial system, that is, market integration
and diversiﬁcation, can actually drive it towards instability, as they contribute to create cyclical structures
which tend to amplify ﬁnancial distress, thereby undermining systemic stability and making large crises
more likely [6]. This effect, which derives from the analysis of the spectral properties of the matrix of
leverage, is one among several results that are very hard to discern without the theoretical framework of
complex networks.
In summary, complexity science with the mathematical framework of network science represents a crucial
instrument to analyse and understand society. While the set of interconnections between us and the institutions
operating in this world is constantly growing, new opportunities and new problems arise. I believe that the
most formidable challenge, both scientiﬁc and societal is to be able to understand the structure of this new
highly connected world with simple mathematical instruments. This would allow scientists, policy makers,
citizens to make informed decisions and be accountable for their actions. At the same time it is important that
complexity science continues to disseminate her results to the general public who may then better understand
the multiple features of the world in which they live in.
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