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Who is Alessio Cardillo?

• Born a long time ago in a city
(Catania, Italy) far far away . . .

• Trained as a confused physicist
(MSc and PhD in physics).

• Ramon y Cajal fellow at FMC-UB
since 2025.

• Expert in complex systems,
network science, nonlinear
dynamics, applications of
statistical physics.
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Who is Alessio Cardillo?

Lausanne

Catania
Tarragona

Bristol

Zaragoza
Barcelona

• Very broad range of research
topics: linguistics, archaeology,
mobility, humanities, ecology,
collective behaviors (vaccination,
cooperation, synchronization), etc..
• Working in highly multidisciplinary

teams.
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Complex systems

• https://www.art-sciencefactory.com/complexity-map_feb09.html
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Complex systems

• https://www.nobelprize.org/prizes/physics/2021/parisi/facts/
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Complex systems

What is a complex system?
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Complex systems
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Complex systems

• G. Bianconi et al., J. Phys. Complex., 4 010201 (2023). DOI: 10.1088/2632-072X/ac7f75
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Complex systems

“. . . any system consisting of many interconnected parts which,
as a whole, display properties that are not trivial aggregates of
those of its constituents”
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Complex systems

“. . . any system consisting of many interconnected parts which,
as a whole, display properties that are not trivial aggregates of
those of its constituents”

• P.W. Anderson. Science 177(4047), 393-396 (1972). DOI: 10.1126/science.177.4047.393
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Complex systems
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Complex
systems

lattice / random continuum













Graph theory/network science
in a nutshell



A bit of theory

Once upon a time . . .

In 173x a mathematical puzzle
based on the city of Königsberg
was posed.
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A bit of theory

The puzzle
Can we find a path that makes us
explore the city passing
from each bridge just once?

• https://en.wikipedia.org/wiki/Seven_Bridges_of_K%C3%B6nigsberg
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A bit of theory

The solution
In 1736 Leonard Euler found the
answer and gave birth to graph
theory.
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A bit of theory

N × N Adjacency matrix

A =

©­­­­­­­«

0 1 0 0 1 0
1 0 1 1 0 1
0 1 0 0 1 0
0 1 0 0 0 0
1 0 1 0 0 1
0 1 0 0 1 0

ª®®®®®®®¬
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A bit of theory

Advantages
• Easy mathematical formalism.
• Ability to go beyond visual inspection.
• Possibility to adopt many techniques from
statistical physics/nonlinear dynamics.
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A bit of theory

Degree

ki =
∑

j
aij .
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A bit of theory

Weight

1

2

3

4

5

6

N × N Weight matrix

W =

©­­­­­­­«

0 2 0 0 7 0
2 0 3 1 0 1
0 3 0 0 5 0
0 1 0 0 0 0
7 0 5 0 0 1
0 1 0 0 1 0

ª®®®®®®®¬
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A bit of theory

Strength

si =
∑

j
wij .
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A bit of theory

Network science’s flavors
• Spatial networks
• Networks of networks
• Time-varying networks
• Multiple interactions (multilayer/multiplex)
• High-order networks
• . . .
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My research interests in a nutshell
Structure

Spatial Networks

• Cities
• Geomarketing
• Transportation (Multiplex)
• Mobility (gender/socio)F

Semantic Networks

• Computational
Linguistics

Social Networks

• Co-Authorship
• Mesoscopic structure
• Historical networks &

Digital humanitiesF
• HomophilyF

Palaeocological NetworksF

Dynamics

Synchronization
• Remote synchronization
Emergence of cooperation

• Time-varying interactions
• Zealotry

Coevolutionary dynamics

• Spontaneous vaccination
(spreading + games)

• Evolutionary synchronization
(synchro + games)

• Evolutionary spreading
(spreading + games)

Context-dependent
dynamicsF
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Network filtering
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Weight

1

2

3

4

5

6

N × N Weight matrix

W =

©­­­­­­­«

0 2 0 0 7 0
2 0 3 1 0 1
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Thresholding
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Thresholding

• M. Tumminello, et al. Proc. Nat. Acad. Sci. USA, 102, 10421–10426 (2005).

DOI: 10.1073/pnas.0500298102
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Thresholding

• F. De Vico Fallani, et al. PLoS Comp. Bio. 13 e1005305 (2017). DOI: 10.1371/journal.pcbi.1005305

8/12

10.1371/journal.pcbi.1005305


Thresholding

• X. Yan, et al. Phys. Rev. E 98, 042304 (2018). DOI: 10.1103/PhysRevE.98.042304
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Thresholding

• M. S. Granovetter, The Strength of Weak Ties. Am. Jour. Soc., 78, 1360 (1973). DOI: 10.1086/225469
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The ECM-filter
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The ECM-filter

Main Features
1 Based on the comparison between the observed network and one

generated via a null model.

2 Null model: maximum-entropy canonical ensemble of networks satisfying
given constraints.

3 Constraints: {ki} and {si} preserved (on average).
4 Two versions: local (focus on links) and global (focus on entire networks).

• R. Mastrandrea, et al. New Jour. Phys., 16, 043022. (2014). DOI: 10.1088/1367-2630/16/4/043022

• V. Gemmetto, et al. arXiv, 1705-00230 (2017). DOI: 10.48550/arXiv.1706.00230
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The ECM-filter

Local filter

1 Generate the null model networks’ ensemble and compute:

qij (w) ≡
(
xixj

)Θ(wij) (yiyj
)wij (1 − yiyj

)
1 − yiyj + xixjyiyj

.

2 Compute the probability:

pij (w★) = 1 −
w★−1∑
w=0

qij (w) .

3 Associate for each link a p-value, W, such that P(wij > w★
ij ).

4 Select a threshold W̃ and remove all the links with Wij > W̃.

• V. Gemmetto, et al. arXiv, 1705-00230 (2017). DOI: 10.48550/arXiv.1706.00230

9/12

10.48550/arXiv.1706.00230


The ECM-filter

Local filter
1 Generate the null model networks’ ensemble and compute:

qij (w) ≡
(
xixj

)Θ(wij) (yiyj
)wij (1 − yiyj

)
1 − yiyj + xixjyiyj

.

2 Compute the probability:

pij (w★) = 1 −
w★−1∑
w=0

qij (w) .

3 Associate for each link a p-value, W, such that P(wij > w★
ij ).

4 Select a threshold W̃ and remove all the links with Wij > W̃.

• V. Gemmetto, et al. arXiv, 1705-00230 (2017). DOI: 10.48550/arXiv.1706.00230

9/12

10.48550/arXiv.1706.00230


The ECM-filter

Local filter
1 Generate the null model networks’ ensemble and compute:

qij (w) ≡
(
xixj

)Θ(wij) (yiyj
)wij (1 − yiyj

)
1 − yiyj + xixjyiyj

.

2 Compute the probability:

pij (w★) = 1 −
w★−1∑
w=0

qij (w) .

3 Associate for each link a p-value, W, such that P(wij > w★
ij ).

4 Select a threshold W̃ and remove all the links with Wij > W̃.

• V. Gemmetto, et al. arXiv, 1705-00230 (2017). DOI: 10.48550/arXiv.1706.00230

9/12

10.48550/arXiv.1706.00230


The ECM-filter

Local filter
1 Generate the null model networks’ ensemble and compute:

qij (w) ≡
(
xixj

)Θ(wij) (yiyj
)wij (1 − yiyj

)
1 − yiyj + xixjyiyj

.

2 Compute the probability:

pij (w★) = 1 −
w★−1∑
w=0

qij (w) .

3 Associate for each link a p-value, W, such that P(wij > w★
ij ).

4 Select a threshold W̃ and remove all the links with Wij > W̃.

• V. Gemmetto, et al. arXiv, 1705-00230 (2017). DOI: 10.48550/arXiv.1706.00230

9/12

10.48550/arXiv.1706.00230


The ECM-filter

Local filter
1 Generate the null model networks’ ensemble and compute:

qij (w) ≡
(
xixj

)Θ(wij) (yiyj
)wij (1 − yiyj

)
1 − yiyj + xixjyiyj

.

2 Compute the probability:

pij (w★) = 1 −
w★−1∑
w=0

qij (w) .

3 Associate for each link a p-value, W, such that P(wij > w★
ij ).

4 Select a threshold W̃ and remove all the links with Wij > W̃.

• V. Gemmetto, et al. arXiv, 1705-00230 (2017). DOI: 10.48550/arXiv.1706.00230

9/12

10.48550/arXiv.1706.00230


The ECM-filter

Global filter

1 Find the subgraph O with L′ links minimizing the likelihood
of being generated by chance.

2 Minimize the function:

P(O) =
∏
i<j

[
qij (wij)

]aij
.

3 Rank edges upon their qij (w). and then add the first L′
smallest ones.

• V. Gemmetto, et al. arXiv, 1705-00230 (2017). DOI: 10.48550/arXiv.1706.00230
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ECM-filter in action
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ECM-filter in action

(a) (b)

(c) (d)
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ECM-filter in action

FISH CARPETS

VEHICLES WATCHES
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Wanna know more?



Networks & Physics at UB

•https://www.ub.edu/ceps/
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Networks & Physics at UB

•https://ubics.ub.edu/
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Networks & Physics at UB

• Albert Diaz-Guilera
• Conrad Perez-Vicente
• Emanuele Cozzo
• Oriol Artime
• Mariangeles Serrano
• Marian Boguñá
• Jordi Soriano
• Mari Carmen Miguel
• . . .
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Networks & Physics at UB

• https://web.ub.edu/en/web/estudis/w/masterdegree-md70c
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Extra slides



The Enhanced Configuration Model (ECM)

• R. Mastrandrea, et al. New Jour. Phys., 16, 043022. (2014). DOI: 10.1088/1367-2630/16/4/043022
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