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Spreading of infections

• Tizzoni et al. Real-time numerical forecast of

global epidemic spreading: case study of 2009

AH1N1pdm. BMC Medicine, 10, 165 (2012).
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• Pastor-Satorras R, & Vespignani A.Epidemic Spreading in Scale-
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(2001).
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Time Varying Graphs

• Perra N, Gonçalves B, Pastor-Satorras R, & Vespignani A. Activity driven modeling of time varying networks.

Scientific Reports, 2, 469 (2012).
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Time Varying Graphs

• Holme P,& Saramäki J. Temporal networks. Phys. Rep., 519, 97 (2012).
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Multiplex networks
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Multiplex networks

• https://github.com/manlius/muxViz
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Interdependent networks

• Buldyrev S V, Parshani R, Paul G, Stanley H E, & Havlin S. Catastrophic cascade of failures in interdependent

networks. Nature, 464, 1025 (2010).

Slide 6/11 — A. Cardillo — 04/07/14



U N I V E R S I T Y O F Z A R A G O Z A

Interdependent networks

• Gao J, Buldyrev S, Havlin S, & Stanley H E. Robustness of a Network of Networks. Phys. Rev. Lett., 107, 195701

(2011).
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Cooperation & time correlations

A brief introduction on evolutionary game theory

• Agents states are
equal to strategies
of a game;
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Cooperation & time correlations

A brief introduction on evolutionary game theory

• Agents update their
strategy;
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• Two different datasets;
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• Four different games;
• Two different datasets;

• Agents interact through the
structure of the
time-varying network
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• N. Eagle, and A. Pentland, “Reality mining: sensing complex social systems." Personal and Ubiquitous Computing

10, 255–268 (2006).

• J. Scott et al. , “CRAWDAD Trace", INFOCOM, Barcelona (2006).
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Multiplexity & topological properties

• Colizza et al. Detecting

rich-club ordering in complex

networks. Nature Physics, 2,

110-115, (2006).
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Interdependent processes

real case γ 6= 0
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Cooperation diagram

We measure the cooperation level as:

〈C(T ,S)∆t〉 =
1
Q

Q∑
i=1

N i
c

N
,
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Cooperation & Time-varying interactions

The model
• Agents are scattered

randomly on a surface;

• Agents interact through
proximity with those
agents within a radius R;

• Agents play a public goods
game

r ncoop c →


r ncoop c

N
−c

r ncoop c
N

• Agents move at random.
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Synchronization

• Gómez-Gardeñes J, Gómez S, Arenas A, & Moreno Y.

Explosive Synchronization Transitions in Scale-Free Net-

works. Phys. Rev. Lett., 106, 128701 (2011).

• Arenas A, Díaz-Guilera A, Kurths J, Moreno Y, & Zhou

C. Synchronization in complex networks. Phys. Rep., 469,

93 (2008).

• Gómez-Gardeñes J, Moreno Y, & Arenas A. Paths to
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Kuramoto Model

Fundamental relations

dθi

dt
= ωi +

λ

N

N∑
j=1

sin(θj − θi) , i = 1, . . . ,N (1)

r eiψ =
1
N

N∑
j=1

eiθj . i = 1, . . . ,N (2)
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Remote synchronization
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Activity driven model
The model
Consider N nodes and assign to each node i an activity rate
ai = ηxi , defined as the probability per unit time to create new
contacts or interactions with other individuals. Then, a simple
generative process is built, according to the following rules:
• At each discrete time step t the network Gt starts with N

disconnected vertices;

• With probability ai∆t each vertex i becomes active and
generates m links that are connected to m other randomly
selected vertices. Non-active nodes can still receive
connections from other active vertices;

• At the next time step t + ∆t , all the edges in the network
Gt are deleted. From this definition it follows that all
interactions have a constant duration ti = ∆t .

• Perra N, et al. . “Activity driven modeling of time varying networks”, Scientific Reports 2, 469 (2012).
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Airline results
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Diffusivity

• Gómez S, Díaz-Guilera A, Gómez-Gardeñes J, Pérez-Vicente C J, Moreno Y, & Arenas A. Diffusion Dynamics on

Multiplex Networks. Phys. Rev. Lett. 110, 028701 (2013).
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