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Interactions



Model of interacting phase
oscillators

9.(t) = o, i=1,..N

4

d(t)=w, t

ﬁi(t) =, + %Zsin[ﬁj(t) -0 (1)]

Kuramoto model (1975)



N
Kuramoto ﬁ(t) = . + 5 sin[ﬁ.(t) — ﬁ(t)]
model (1975) N Z ’ |

http://www.complexity-explorables.org/explorables/kuramoto/

Dirk Brockmann: Complexity explorables

Nil Phase-Locking Partial Phase-Locking Full Phase-Locking

K=12



Incoherence

Kuramoto model (1975)



Complex networks...

..I.e. what can we learn of a
complex system by looking at the
backbone of its interactions ?




Two examples



Example 1: Bird flocks




We have many individuals plus their interactions.....

.....or even more than that !! ) o .,
More is different

Anderson, Science 1972

In a complex system, simple rules
give rise to complex behaviors

Complex
Systems



In a complex system, simple rules give rise to complex behaviors

Reynolds (1986): Flocking model

ALIGNMENT COHESION SEPARATION
IRV .
\> "\ |
|
}x 4\_ 4 | | A
Steer to the average heading  to move towards the average Steer to avoid crowding
of local flockmates position of local flockmates local flockmates

Vicsek et al. PRL 75(1995) 1226
Ballerini et al. PNAS 105(2008)1232

INTERACTIONS are the MAGIC INGREDIENT !!



We represent the interactions in a complex system
as a complex network !!!

It's Saturday, let's monkey around

Three months of
primate interactions
L. Wolfe (1992)

1) The animals are the nodes of the network

2) The interactions are the links of the network (can be weighted,

directed, time-varying, etc..)

3) Networks are usually sparse, and neither regular nor random



Example 2:

30.0)

D11



Example 2: The life of the party
(Moody et al. 2005)

A social network changing over time
Kamada-Kawai (springs)
Two types of nodes, three types of links

Light Gray: Not currently engaged with each other
but had an encounter earlier in the party

Qs
Qv

(‘-..w,
Dark Gray: Currently engaged, strangers pre-par(y' X

Blue: Currently engaged, knew
each other pre-party



The life of the party
(Moody et al. 2005)

95% of encounters with pre-known
Bridging (n=24)

"So far I'm doing all right. Iwentover to talk to six

O u tS i d e th e pa rty n etWO rk ( n —_ 1 8 ) people, but nine people have come over to talk to me."

n=40 knows only 10 (av=31). Ends up with 23 new
Homophilous pairings (n=30 + 31)

High physical attractiveness (n63) vs low (n82)
High self-monitors (size) (n=79)




It is exciting research to do
because...

..networks are everywhere !!



Social Networks
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P S Bearman, J Moody, and K Stovel, Am J Soc (2004).

Relationships
In high school

...You can construct yourself your home-made

social network !!!



Social Networks

Elvis

Alessandra .\.
/ \ x Ludovica

Chiara /
A

Gabriella

Giuliana

\ Pierfrancesco

N )

| 7

< Emanuele

Gianluca Simone\

Friendships at the kindergarten of my daughter Elisa (2006)



Other three social examples

KARATE CLUB
Zachary 1977

COMICS

Simpson's Family Network

Family Ties
Friendship Ties
Work Ties

Barnie

Milhaus

Lenny Carl
Network Visualization: INFLOW 3.01 - http://www.orgnet.com



Zachary' s karate club

Outside club activities (3 years of observations before fission
by anthropologist Wayne Zachary)
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Fission:16 members following 1 (the instructor Mr. Hi),
18 members following 34 (Mr. John A. the administrator)



The good and the bad collaboration net

— S\ <:_;
‘ N - .
s« “.’ Mathematical

Ecology

Researchers at the Santa Fe Institute, Newman PNAS 04



The good and the bad collaboration net

|
Abdussattar Shaikh
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M Flight UA #93 - Crashed in Pennsylvania AN
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Mohamed Abdi
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Satam Sugami
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Krebs, Connections 2001



Collaboration

network of scientists working on networks !

Collaborations Between Network Scientists
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This figure shows a network of collaborations
between scientists working on networks, It
was compiled from the bibliographies of two
review articles, by M. Newman (SIAM Review
2003) and by S. Boccaletti ef al. (Physics Re-
ports 2006). Vertices represent scientists whose
names appear as authors of papers in those bib-
liographies and an edge joins any two whose
names appear on the same paper. A small num-
ber of other references were added by hand
to bring the network up to date. This figure
shows the largest component of the resulting
network, which contains 379 individuals. Sizes
of vertices are proportional to their so-called
“community centrality.” Colors represent ver-
tex degrees with redder vertices having higher
degree.
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Citation network between authors working on networks
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Happiness is......

A A —— -
Fowler, Christakis. 2008
““Dynamic spread of happiness in a large social
network: longitudinal analysis over 20 years in

the Framingham Heart Study. ”’

British Medical Journal 337, no. a2338: 1-9

Fig 1| Happiness clusters in the Framingham social network. Graphs show largest component of
friends, spouses, and siblings at exam 6 (centred on year 1996, showing 1181 individuals) and
exam 7 (year 2000, showing 1020 individuals). Each node represents one person (circles are
female, squares are male). Lines between nodes indicate relationship (black for siblings, red for
friends and spouses). Node colour denotes mean happiness of ego and all directly connected
(distance 1) alters, with blue shades indicating least happy and yellow shades indicating most
happy (shades of green are intermediate)



Happiness is...... having happy friends !!
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Fig 4| Alter type and happiness in the Framingham social
network. Friends, spouses, siblings, and neighbours
significantly influence happiness, but only if they live close to



The NEW ENGLAND JOURNAL of MEDICINE

SPECIAL ARTICLE ObeSIty iS e

having

The Spread of Obesity in a Large Social obese friends ?2?

Network over 32 Years

Nicholas A. Christakis, M.D., Ph.D., M.P.H., and James H. Fowler, Ph.D.

E 1995 F 2000

Figure 2. Part of the Social Network from the Framingham Heart Study with Information about Body-Mass Index According to Year.

Each circle (node) represents one person in the data set. Circles with red borders denote women, and circles with blue borders denote men.

The size of each circle is proportional to the person's body-mass index. The interior color of the circles indicates the person's obesity status:

yellow denotes an obese person (body-mass index, =30) and green denotes a nonobese person. The colors of the ties between the circles

indicate the relationship between them: purple denotes a friendship or a marital tie and orange denotes a familial tie. The disappearance

of a circle from one year to another indicates the person's death, and the disappearance of a tie between the circles indicates that the re-
lationship between the two persons no longer exists. The largest connected subcomponent of the whole network and the change in obe-
sity over the 32-.year study period are shown in an animation that is available with the full text of this article at www.nejm.org.
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Tens of examples in biology

S Maslov and K Sneppen, Science (2002).

Protein interaction network
in the Yeast (S.C.)

Eel River, California

Tuft-weaving chirononuds

Pl

Cladophora, epiphytic diatoms, Nosto

Food Webs



Brain networks: anatomical connectivity

C. elegans: layout of ganglia SO B et S
OF PRI i

Pharynx

Brenner et al, 1975 mapped every single -
nervous cell, synapses and gap junctions Neuron network

Cortical regions of macaque
Links between cortical areas



Brain networks: functional connectivity
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O

0 not forget man-made systems !!

-Hyperlinks between Web
pages

-- directed network

-- the largest net



20 years of Complex Networks

Watts, Strogatz, Nature 393, 440 (1998)

Barabasi, Albert, Science 286, 509 (1999)

1) Characterize the structure of large real networks
2) Developing new models (growing graphs)

3) Dynamical processes (percolation, diffusion,
spreading, games, network of dynamical systems)



Degree distributions

Scale-free
networks

Barabasi-Albert
Rev. Mod. Phys 2001

Poisson distribution

Power-law distribution

§ 0.1
§ 0.01 ; P(k) ~k™’
0.001 '
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The Barabasi-Albert model

t=1 =2 t=3

1) Growth : a node (with m links) is added at every time step

2) Linear preferential attachment: Hn%i oC ki

P(k) >ck™

[—>00

Barabasi, Albert, Science 286, 509 (1999)



Epidemic spreading

— Transmission rate
SIS model S4] D 1. )
S = Susceptible B Recovery rate 7= E
| = infected N 7 0 y S
di(t
il(t) = —pi(t) + Ak)i(¢)[1 — i(¢)] No endemic state (i*=0) if

1
O < Oc R
7:* Healthy state <k>

Infected state

Epidemic P — )‘/,U
threshold ¢



Epidemic spreading in scale-free nets

_ Transmission rate

S_I_ I—QD%I_F I dl;ﬁt) = —ik(t)+/\k [1—’ik(t)] @k(t) k=0,....N—1
Recovery rate Or(t) = @[{ik’(t)k':u ‘N—l}] —

No epidemic threshold

Pastor-Satorras, Vespignani, PRL 86, 3200 (2001)



Structure and dynamics of complex nets

- Structural descriptors of networks from the real world

node properties, degree distributions, degree-degree correlations,
motifs, communities

- New graph models

random graphs with P(k), models of graph growth, correlated graphs

The structure affects the function

percolation, diffusion, spreading of diseases, searching information,
routing protocols, coupled dynamical systems

Albert, Barabasi, Rev. Mod. Phys. 74 (2002) 47
Newman, SIAM Rev. 45 (2003) 167
Boccaletti, Latora, Moreno, Chavez, Hwang, Phys Rep 424 (2006) 175
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Networks constitute the backbone of complex systems, from the human
brain to computer communications, transport infrastructures to online
social systems, metabolic reactions to financial markets. Characterising their

structure improves our understanding of the physical, biological, economic
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Complex Networks:
Priciples, Methods and Applications

S another one

S But different: each chapter contains an idea, a network to

explore it, the mathematical background, and an application

-> You are given the "historically famous™ network data sets
+ algorithms



The new hot topics In
Network Science



“"Rich” networks - generalised graphs

Node and links are in space and in time (spatial networks
temporal networks)

Node and links can be of different types (multiplex,
iInterconnected networks

The basic units are not only nodes and links (hypergraphs,
simplicial complexes)

Simplicial models of social contagion,
lacopini, Petri, Barrat, Latora
Nature Communications 10, 2485 (2019)



New hot topics: Spatial networks

Urban
street
patterns
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M. Barthelemy, Spatial networks, Phys. Rep. 499 (2011) 1—-101



Urban street patterns
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Classification of cities
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Cardillo, Scellato, Latora, Porta, Phys. Rev. E 73, 066107 (20006)
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Chaos 16, 015113 (20006)






Correlations with human activities
]

Porta et al., Env. Plann. B 36, 450-465 (2009)



Pass to action !

Parma Uni Campus
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Porta et al., Env. Plann. B 36, 450-465 (2009)



Dynamics: cascading failures
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Arcs weights: ii
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node i to node j .~
'©2003, Maporama, Navtech
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Load redistribution
can cause traffic
in alternative
routes.
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Overload
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New choice of
alternative routes

New
overload

l

New &)
degradation in
efficiency
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...and the result Is...




A model for cascading failures

0af g T o
: Erdos-Renyi '

a)

0.034- o  generators .

| I I I(a) .

1 1.2 14 16 1.8 2
Overload tolerance o
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Crucitti, Latora, Marchiori, Phys. Rev. E 69 (2004)045104(R)
Kinney, Crucitti, Albert, Latora, Eur. Phys. J. B 46, 101 (2005)



Cascading failures in power grids

a b
m5
o
S 4
‘©
"53
£
- 2 e
3+
1
0 .
0 1 2 3 4 5 6
Time|(s)
C o7 d -,
& 06F & 0.6
2 05 —F 2
LL . ‘- LL 0-5‘-
3 04} —Fi-s 3 04
2 0.3 — Fis Q@ 0.3
> >
© 0.2 F,ees S 0.2
3 a
< 0.1 — F3.4 < 041
0.0 : el S 0.0
1 > 3 4 5 6 40
Time (s) Time (s)

Schafer, Witthaut, Timme, Latora, Nature Comm. 9, 1975 (2018)



Power grids

The swing equation:

iH—w

dt

d —~
Ilaw = P, —yiwi—l—;Kijs1n(9j—9i)

—

overload : ;

]()|>c oK.

Schafer, Witthaut, Timme, Latora, Nature Comm. 9, 1975 (2018)



“"Rich” networks - generalised graphs

Node and links are in space and in time (spatial networks
temporal networks)

Node and links can be of different types (multiplex,
iInterconnected networks

The basic units are not only nodes and links (hypergraphs,
simplicial complexes)

Simplicial models of social contagion,
lacopini, Petri, Barrat, Latora
Nature Communications 10, 2485 (2019)



Temporal networks
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Holme and Saramaki, Phys. Rep. 519, 97 (2012)

Temporal networks, Eds Holme and Saramaiki,
Springer 2013



One school day: contacts over time

In a French primary school
Stehle et al. PLoS ONE 6, 23176 (2011)
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Temporal networks
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Non-Markovian temporal networks
P(Gt — 9\G1 =0g1,G2a=¢2,...,Gi_1 = 915—1)

DAR(p) process  X; = QtX(t—Zt) + (1 — Q) Yt
Where

o Q: ~ B(q)

o Z: €{1,p}

o Y; ~ B(y)

This gives an unweighted temporal network with precisely
controlled length (p) and strength (g) of memory.

Williams, Lillo, Latora, New J. Phys. 21 (2019) 043028



Non-Markovian temporal networks

SI model
with A = 0.5
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Williams, Lillo, Latora, New J. Phys. 21 (2019) 043028
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The growth of a nervous system
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Nicosia, Vertes, Schafer, Latora, Bullmore, Proc. Natl. Acad. Sci. 110, 7880 (2013)



Phase transition in the network growth

1000 2000 3000

1

o 1000 2000 3000
Time (min)

* A
BODY HEAD g
| D
: S
® 8 (s
e 2 ° - m':‘.”“x ° S
OO 904 ~T I o)
1 e K
05 0
Length (mm from head base)
2500+ 1
@ .
2000+ g
K 1500+ _
1000+ -
— K~N
500 cam K~N|
|
OO 250 300

Nicosia, Vertes, Schafer, Latora, Bullmore, Proc. Natl. Acad. Sci. 110, 7880 (2013)




Modeling the temporal phase transition
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The ESTG model
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Nicosia, Vertes, Schafer, Latora, Bullmore, Proc. Natl. Acad. Sci. 110, 7880 (2013)



The ESTG model
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Interconnected networks

Electric power grid

/' In}l!!l N
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Communication
systems, e.g Internet

Buldyrev et al, Nature 2010



Interconnected networks

Buldyrev et al, Nature 2010



Interconnected networks

Compressor Plant ~ Supply
Station

Electric Power

<
Oil/Gas NG

i il Substation
Transportation
Communications
End Office PR
Emergency
\ Services
Water
Emergency
Call Center
¢ Government
Services
Banking
: : Military
and Finance gpeqy ATM Pensions/Senvice " oma®  nstallations
Processing Payments Treasury
Center Department

FIGURE 3.1 Connections and interdependencies across the economy. Schematic showing the interconnected infrastructures
and their qualitative dependencies and interdependencies. SOURCE: Department of Homeland Security, National Infrastructure
Protection Plan, available at http://www.dhs.gov/xprevprot/programs/editorial_0827.shtm.



Multiplex networks
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Multiplex networks
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d-dimensional
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lacopini, Petri, Barrat, Latora, arXiv:1810.07031, Nat. Comm.



“"Rich” networks - generalised graphs

Node and links are in space and in time (spatial networks
temporal networks)

Node and links can be of different types (multiplex,
iInterconnected networks

The basic units are not only nodes and links (hypergraphs,
simplicial complexes)

Simplicial models of social contagion,
lacopini, Petri, Barrat, Latora
Nature Communications 10, 2485 (2019)



Less and more exotic” applications

Brain, innovation ecosystems, finance,
urban systems.

History, anthropology, archeology, arts.



- Exotic” network applications

nature .
huma'n behaVIOur PUBLISHED: 8 FEBRUARY 2017 | VOLUME: 1| ARTICLE NUMBER: 0043

LETTERS

Characterization of hunter-gatherer networks and
implications for cumulative culture

A. B. Migliano™, A. E. Page', J. Gomez-Gardeiies?, G. D. Salali’, S. Viguier'!, M. Dyble’, J. Thompson',
Nikhill Chaudhary', D. Smith’, J. Strods’, R. Mace', M. G. Thomas3, V. Latora* and L. Vinicius'

Anthropology
UCL




- Exotic” network applications
@

. 109"
Network Dynamics of * data (astronomy
Innovation Processes 10
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102

lacopini, Milojevic, Latora, /7. model (sw—330)

Phys. Rev. Lett. 120, 048301 T L
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