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Complexity Theory
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…the twenty-first century would be the 
"century of complexity". ….



2.5 1018 bytes per day = 2500 PB/day ~ 1 Million PB/year 

Why should we care?
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Complex Systems Properties

Emergence of unexpected behaviours

No simple relation between stimulus and 
response!

Interaction have a distinct shape
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Web Complexity
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Complexity in Physics

φύσις
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Why Physics?

Physics (at least the aspect) is time invariant!!!!!
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Wembley July 13th 1985



Dr. Brian H. May (PhD Imperial College, 2007) 
Built himself his guitar (RED SPECIAL)

Dr. Brian May (Queen) 

Red Special
(un)fortunately very frequent approach…. 

imt.lu/gc @GuidoCaldarelli Guido.Caldarelli@imtlucca.it



10-10

−i! ∂
∂t
Ψ(!r ,t) = −

!2

2m
∇2 +V (!r ,t)

⎛

⎝
⎜

⎞

⎠
⎟Ψ(
!r ,t)

102110-20

(size, m)

Number of parts1023

velocity

Which Physics?
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Scatterings

Physicists study scatterings

That’s how we see ourselves…

To know what happens in a glass of water, I simply study the molecules’ scatterings

Problem: We have 1023-1024 of them

If every molecule were a rice grain, to match the number of molecules in a glass of 
water we should collect the harverst of 27 milions of years

(at the present rate of 739 milions of tons/year)
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Statistical Physics
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What can we learn?

Statistical Physics and Complexity

?????

People are not described by 2 variables only, and react
differently.

All we know, is the geometry of 
interaction
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Internet shape 
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Properties of complex networs
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Networks are game changer once we understand their properties

1 scale invariance that is highly heterogeneous

2 small world that is easy to travel

3 highly clustered that is community are present

And much more

4 centrality made that is some are more important than others



1) 12-years old students
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1) NYSE
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1) Scale invariance

Nobody is 3mm or 20Km tall

But somebody has 10000 more friends on Facebook than us!

Scale-invariant phenomenaGaussian Phenomena
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2) Small world
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2) Small world
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On average we are at six 
Degrees of separation

Much less actually
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3) Bipartite networks, clusters
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3) Bipartite networks, Erdos number



3) Bipartite networks, Bacon number
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3) Bipartite networks, clusters
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3) Bipartite networks, clusters
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3) Bipartite networks, clusters
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World Trade Web



4) Centrality

A Degree Centrality

B Distance Centrality

C Betweenness Centrality

D Eigenvector Centrality
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4) Clustering
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4) Centrality in politics
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Our interactions are a network
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Networks and user profiling

Francesca Paolo

Friendship Goods Political Opinions
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Profiling is quite effective
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With great powers comes great responsibility
(Spiderman)

Daddy says
you are 
spying on 
us!

He’s not 
your father

imt.lu/gc @GuidoCaldarelli Guido.Caldarelli@imtlucca.it



2 Relevance 
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In 2016, roughly 50% of
Americans aged 18-29 used
online platforms as their primary
source of news while 27%
watched the news on television
and 5% read print
newspapers[Niklewicz 2017];

As of August 2017, two-thirds
(67%) of US adults report that
they get at least some of their
news on social media[Shearer and 
Gottfried 2017];



Twitter networks

imt.lu/gc @GuidoCaldarelli Guido.Caldarelli@imtlucca.it

Retweet network for the
#SB277 hashtag, about
a California law on vaccination;
• The node size represents influence;
• The color represents bot scores:

• red nodes: bot accounts;
• blue nodes: humans.

Social bots can alter the perception of social 
media influence, artificially enlarging the audience 
of some topics[Ferrara et al. 2017]



Latest results
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arxiv.org/abs/1810.01466 : Unsupervised 
Machine Learning of Open Source Russian 
Twitter Data Reveals Global Scope and 
Operational Characteristics



Emotions
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Manipulation of public opinion:
• Societal debate interference: misinformation may strongly influence individuals’ 

beliefs on several topics, (e.g effectiveness of vaccination[Schmidt et al. 2018]);
• Disinformation in political campaign: massive diffusion of fake news on social 

media during the 2017 French presidential elections [Ferrara 2017] and the 2016 US 
presidential elections [Shao et al. 2018].

Timeline of the tweets volume generated every minute during April 27, 2017 through 
May 7, 2017 (French presidential election date).

Purple line: tweets on MacronLeaks;
Gray line: tweets on generic election-related discussion



Study of Twitter votes
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Centrality in political debate (France-Italy)

Politoscope
D. Chavalarias

C. Becatti, G.C. R. Lambiotte, F. Saracco
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Applications
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Other than Economics and Medicine:

Intelligence: we can track down the network of terrorists

Finance: for systemic risk in the interbank market

Brain: for diagnosis and analysis of diseases



Intelligence and Networks

imt.lu/gc @GuidoCaldarelli Guido.Caldarelli@imtlucca.it

Twin Towers atack 11 September 2001



Network of attackers
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Attackers
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Attackers
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How can we measure the 
fragility of the interbank 
network?
DebtRank is a centrality 
measure used by central 
banks in stress tests
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Financial Networks
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Research question: Brain Networks

R. Mastrandrea, F. Piras, A. Gabrielli, 
G. Caldarelli, G. Spalletta, T. Gili
arXiv:1901.08521

We can extract information on Functional Magnetic Resonance Imaging
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Allometric scale: first rank MST

Research question: Brain Networks

Can we use Networks for Disease Diagnosis ?
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Statistical Physics of Networks



Reconstructing from partial information

G. Cimini, T. Squartini, F. Saracco, 
D. Garlaschelli, A. Gabrielli, G. Caldarelli 
Nature Physics Reviews 1, 52-70 (2019)
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Concluding 

imt.lu/gc @GuidoCaldarelli Guido.Caldarelli@imtlucca.it

COMPLEX NETWORKS

DESCRIBES DYNAMICAL PROCESSES AND TIME SERIES

ALLOW TO MEASURE (QUANTITATIVELY) SEVERAL RELATIONS

MODELS THE EMERGENCE OF COMPLEXITY



G. Caldarelli, S. Wolf, Y. Moreno Nature Physics 14 870 (2018).

A Societal challenge
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Thank you!!!!
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NETWORKS@IMTLUCCA.IT

ISC-CNR Elsewhere



NETSCI 2020
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