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Complex Systems
Ingredients

• Composed of many interacting elements
• They give rise to emergent collective behavior
• Emergence: Not directly related to individual
properties

• They are Ubiquitous, i.e., not related to any
characteristic life/energy scale
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Synchronization
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Epidemics
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Cooperation
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more than Congestion
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Social Collective Behavior
• Social Norms & Conventions
• Economic Crisis
• Viral Information
• Unfolding of social movements
•…
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BIG DATA Opportunities
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&
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LANGUAGE USE

Mocanu D, Baronchelli A, Perra N, Gonçalves B, Zhang Q, et al. (2013)
The Twitter of Babel: Mapping World Languages through Microblogging
Platforms. PLoS ONE 8(4): e61981.
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LANGUAGE USE

IS TWITTER REPRESENTATIVE OF
OUR SOCIETY?
Mocanu D, Baronchelli A, Perra N, Gonçalves B, Zhang Q, et al. (2013)
The Twitter of Babel: Mapping World Languages through Microblogging
Platforms. PLoS ONE 8(4): e61981.
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LANGUAGE USE
REPRESENTATIVENESS BY COUNTRY
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AND BY GDP

LANGUAGE USE
REPRESENTATIVENESS BY COUNTRY

AND BY GDP

It seems a very good sample for a sociology study
(especially in Kuwait…)
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LANGUAGE USE
LANGUAGES
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LANGUAGE USE
LANGUAGES

English overrepresented
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LANGUAGE USE
LANGUAGES

English overrepresented
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LANGUAGE USE
LANGUAGES POLARIZATION
Belgium

Montreal, CA
Catalonia, ES

@gomezgardenes

DIGITAL EPIDEMIOLOGY
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Jeremy Ginsberg, Matthew H. Mohebbi, Rajan S. Patel, Lynnette
Brammer, Mark S. Smolinski & Larry Brilliant. Detecting
influenza epidemics using search engine query data
Nature 457, 1012-1014 (19 February 2009)

DIGITAL EPIDEMIOLOGY

The initial Google paper stated
that the Google Flu Trends
predictions were 97% accurate
comparing with CDC data.

@gomezgardenes

Jeremy Ginsberg, Matthew H. Mohebbi, Rajan S. Patel, Lynnette
Brammer, Mark S. Smolinski & Larry Brilliant. Detecting
influenza epidemics using search engine query data
Nature 457, 1012-1014 (19 February 2009)

DIGITAL EPIDEMIOLOGY

The initial Google paper stated
that the Google Flu Trends
predictions were 97% accurate
comparing with CDC data.

@gomezgardenes

Jeremy Ginsberg, Matthew H. Mohebbi, Rajan S. Patel, Lynnette
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influenza epidemics using search engine query data
Nature 457, 1012-1014 (19 February 2009)

DIGITAL EPIDEMIOLOGY

GOOGLE FLU TRENDS
•

First launched in 2008 by Google.org
to help predict outbreaks of flu.

•

More than 25 countries

•

First example of “Big Data” for
social/health use
The idea behind Google Flu Trends (GFT) is that, by monitoring
millions of users’ health tracking behaviors online, the large
number of Google search queries gathered can be analyzed to
reveal if there is the presence of flu-like illness in a population.
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DIGITAL EPIDEMIOLOGY
The infamous 2012-2013 season

WHAT HAPPENED ?
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DIGITAL EPIDEMIOLOGY
The infamous 2012-2013 season

WHAT HAPPENED ?
•

Early Peak season

•

Highly contagious strain
(H3N2)

•

Huge news coverage

FINAL FINAL

POLICYFORUM

BIG DATA

The Parable of Google Flu:
Traps in Big Data Analysis

Large errors in flu prediction were largely
avoidable, which offers lessons for the use
of big data.

David Lazer, 1, 2* Ryan Kennedy,1, 3, 4 Gary King,3 Alessandro Vespignani 3,5,6

I

n February 2013, Google Flu
Trends
(GFT)343,
made 6176,
headlines1203-1205
Science
but not for a reason that Google
executives or the creators of the flu
tracking system would have hoped.
Nature reported that GFT was predicting more than double the proportion of doctor visits for influ-
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(2014)

the algorithm in 2009, and this
model has run ever since, with a
few changes announced in October
2013 (10, 15).
Although not widely reported
until 2013, the new GFT has been
persistently overestimating flu
prevalence for a much longer time.

DIGITAL EPIDEMIOLOGY
The infamous 2012-2013 season

WHAT HAPPENED ?
•

Early Peak season

•

Highly contagious strain
(H3N2)

•

Huge news coverage

FINAL FINAL

POLICYFORUM

BIG DATA

The Parable of Google Flu:
Traps in Big Data Analysis

Large errors in flu prediction were largely
avoidable, which offers lessons for the use
of big data.

David Lazer, 1, 2* Ryan Kennedy,1, 3, 4 Gary King,3 Alessandro Vespignani 3,5,6

I

n February 2013, Google Flu
Trends
(GFT)343,
made 6176,
headlines1203-1205
Science
but not for a reason that Google
executives or the creators of the flu
tracking system would have hoped.
Nature reported that GFT was predicting more than double the proportion of doctor visits for influ-

@gomezgardenes

(2014)

the algorithm in 2009, and this
model has run ever since, with a
few changes announced in October
2013 (10, 15).
Although not widely reported
until 2013, the new GFT has been
persistently overestimating flu
prevalence for a much longer time.

@gomezgardenes

+ Re

alis

m
+ Co
mpl
ex

ity

+R

ea

lis
m

m

+

m
+ Realis

lis
a
e
R

y
t
i
x
e
l
omp

+C

@gomezgardenes

sm ity
i
l
a
e
R
lex
+
p
m
o
C
+

+ R ea
lism
+ Comp
lexity

@gomezgardenes

Complex Networks
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Common language for complex systems of diverse nature
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Common language for complex systems of diverse nature
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Goal: To reveal Similar (Universal) organizational
principles of Complex Systems
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A growing field…
1800

WEB OF SCIENCE

# Articles

1350

900

450

0
99

00

01

02

03

04

05

06

07

08

Year

@gomezgardenes

09

10

11

12

13

14

15

16

Some Master References
Reviews

REVIEWS OF MODERN PHYSICS, VOLUME 74, JANUARY 2002

Statistical mechanics of complex networks
Réka Albert* and Albert-László Barabási
Department of Physics, University of Notre Dame, Notre Dame, Indiana 46556
(Published 30 January 2002)
c 2003 Society for Industrial and Applied Mathematics
⃝

SIAM REVIEW
Vol. 45, No. 2, pp. 167–256

Complex networks describe a wide range of systems in nature and society. Frequently cited examples
include the cell, a network of chemicals linked by chemical reactions, and the Internet, a network of
routers and computers connected by physical links. While traditionally these systems have been
modeled as random graphs, it is increasingly recognized that the topology and evolution of real
networks are governed by robust organizing principles. This article reviews the recent advances in the
field of complex networks, focusing on the statistical mechanics of network topology and dynamics.
After reviewing the empirical data that motivated the recent interest in networks, the authors discuss
the main models and analytical tools, covering random graphs, small-world and scale-free networks,
the emerging theoryAdvances
of evolving in
networks,
and
interplay
between topology and the network’s
Physics
51the
1079
(2002)
robustness against failures and attacks.

The Structure and Function of
Complex Networks∗
M. E. J. Newman†

Evolution of networks

-mat.stat-mech] 7 Sep 2001

Abstract. Inspired by empirical studies of networked systems such as the Internet, social networks,
and biological networks, researchers have in recent years developed a variety of techniques
and models to help us understand or predict the behavior of these systems. Here we
review developments in this field, including such concepts as the small-world eﬀect, degree
distributions, clustering, network correlations, random graph models, models of network
growth and preferential attachment, and dynamical processes taking place on networks.
Key words. networks, graph theory, complex systems, computer networks, social networks, random
graphs, percolation theory
AMS subject classifications. 05C75, 05C90, 94C15
PII. S0036144503424804

Physics Reports 424 (2006) 175 – 308

www.elsevier.com/locate/physrep
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Goal: To reveal Similar (Universal) organizational
principles of Complex Systems
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Structure
of
Complex Networks
@gomezgardenes

Encoding a Network
Adjacency Matrix

0
B
B
B
B
@

@gomezgardenes

0
1
0
0
0

1
0
1
1
0

0
1
0
1
1

0
1
1
0
1

0
0
1
1
0

1
C
C
C
C
A

Encoding a Network
Adjacency Matrix

0
B
B
B
B
@
Network Laplacian
0
k1 0 .
0
B 0 k2 .
0
B
. .
.
L=B
B .
@ 0 0 . kN
0 0 .
0

@gomezgardenes

1

0
0
.
0
kN

1
C
C
C
C
A

0
1
0
0
0

A

1
0
1
1
0

0
1
0
1
1

0
1
1
0
1

0
0
1
1
0

1
C
C
C
C
A

Encoding a Network
Adjacency Matrix

0
B
B
B
B
@
Network Laplacian
0
k1 0 .
0
B 0 k2 .
0
B
. .
.
L=B
B .
@ 0 0 . kN
0 0 .
0

@gomezgardenes

1

0
0
.
0
kN

1
C
C
C
C
A

0
1
0
0
0

1
0
1
1
0

0

B
B
A =B
B
@

0
1
0
1
1

1
1
0
0
0

0
1
1
0
1

1
3
1
1
0

0
0
1
1
0

1
C
C
C
C
A

0
1
3
1
1

0
1
1
3
1

0
0
1
1
2

1
C
C
C
C
A

Main Global Descriptors
• Degree Distribution
• Clustering Coefficient
• Distances
• Correlations
• Centrality
• K-Cores
• Motifs
• Communities
….
•
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I Degree Distribution
Paul Erdos

Jeong et al. Nature 407, 651 (2000)
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I Degree Distribution

Jeong et al. Nature 407, 651 (2000)
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Krioukov et al. scientific reports 2, 793 (2012)

I Degree Distribution

Jeong et al. Nature 407, 651 (2000)
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Krioukov et al. scientific reports 2, 793 (2012)

II Clustering Coefficient
Clustering of a node:
#triangles connected to i
2Ei
Ci =
=
#possible triangles connected to i
ki (ki 1)

Clustering of the Network:
N
X
1
C=
Ci
N i=1
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II Clustering Coefficient
Clustering Spectrum

gulyás et Al. nature communications 6, 7651 (2015)
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III Distances
Paths
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III Distances
Distance between two nodes dij :
Minimum number of links to be crossed between them
Shortest Path:
The sequence of links to be
crossed
Average Path Length:
N
X
1
L=
dij
N (N 1) i,j=1

Diameter: D = max{dij }
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III Distances
Small-World Phenomenon (Six Degrees of Separation)

Everybody is connected to everybody else by no more than six degrees of separation
by sociologist Stanley Milgram (1967)
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III Distances
Small-World Phenomenon (Six Degrees of Separation)

Everybody is connected to everybody else by no more than six degrees of separation
by sociologist Stanley Milgram (1967)

L ⇠ ln(N )
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LX
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III Distances
Naive Estimation

The number of nodes at distance l
from node i is:

hkil
To reach all the nodes:

i

N=

LX
max
l=0

hkil

log(N )
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hki

Lmax

L log(hki)

hki

L

III Distances
Naive Estimation

The number of nodes at distance l
from node i is:

hkil
To reach all the nodes:

i

N=

LX
max
l=0

hkil

log(N )

hki

Lmax

L log(hki)

log(N )
L
log(hki)
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hki

L

IV Correlations
0

P (k , k) : Probability that two nodes of degree k and k 0
are linked

Detailed balance Equation for Networks
P (k 0 , k) = kP (k)P (k 0 |k) = k 0 P (k 0 )P (k|k 0 )

Two ways of measuring
knn =

X
k0
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0

0

k P (k |k) = f (k)

2

hki kj i hki
r=
hk 2 i hki2

IV Correlations

r>0

knn =

X
k0
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0

0

k P (k |k) = f (k)

r<0
2

hki kj i hki
r=
hk 2 i hki2

IV Correlations

knn (k)

k
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k

Networks’ Taxonomy
Network

Type

Nodes

NEWMAN, sIAM REVIEWS 45, 167 (2003)
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Links

<k>

L

Clustering

Corr. (r)
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Why Complex?
• Not regular/ordered

• Not completely random
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Why Complex?
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What are those important
actors?
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“Two sides of the same node”
Ideal targets for attacks

VS
Good places to allocate controllers
Good candidates for being vaccinated
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Main Centrality measures
• Degree
• Eigenvector Centrality
• Closeness
• Betweenness
•…
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I Eigenvector Centrality
Centrality measure of a node that takes (also) into
account the importance of its neighbors
Recursive definition:

x⇤i = ↵

N
X

Aij x⇤j

j=1

P. Bonacich, Journal of Mathematical Sociology 2, 113 (1972)
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1 ⇤
x = Ax⇤
↵
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connected to important (high degree) nodes
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II Closeness
Considers the distances between a node and the
rest of the network
cj =

N

1
P
N
1

l=1

djl

j

l
M.A. Beauchamp, Systems Research and Behavioral Science 10, 161 (1965)
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rest of the network
cj =

N

1
P
N
1

l=1

djl

j
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M.A. Beauchamp, Systems Research and Behavioral Science 10, 161 (1965)
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III Betweenness
Centrality measure of a node that counts the number
of shortest paths that traverse it
N
X
1
Bi =
gi (j, l)
2
j,l=1

j

i
l

gi (j, l) = 2/3
@gomezgardenes

L.C. Freeman, Social Networks 1, 215 (1979)

III Betweenness
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N
X
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j
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L.C. Freeman, Social Networks 1, 215 (1979)

Lets test!
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Simultaneous

Scale-free network

Random Graph
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Simultaneous

Scale-free network

Random Graph
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Synthetic Models
of
Complex Networks
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Two frameworks
• Equilibrium Random Networks
• Non-equilibrium Random Networks
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Equilibrium Random Networks
Percolation models

• Number of nodes N fixed

• Connect
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Equilibrium Random Networks
Percolation models

• Number of nodes N fixed

• Connect randomly chosen pairs of nodes
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Statistical Sense

• A particular network is a member (realization) of a
statistical ensemble of networks.

• Ensemble of Random

@gomezgardenes

Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

• Start with N isolated nodes
• For each pair connect them with probability p
• The total number of links created is a random variable
• The probability of
@gomezgardenes

Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

• Start with N isolated nodes
• For each pair connect them with probability p
• The total number of links created is a random variable
N (N
E(L) = p
2

• The probability of
@gomezgardenes

1)

Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

• Start with N isolated nodes
• For each pair connect them with probability p
• The total number of links created is a random variable
N (N
E(L) = p
2

1)

• The probability of finding graphs with L links is
P (N, L) =
@gomezgardenes

✓

N (N

1)/2
L

◆

L

p (1

p)

N (N
2

1)

L

Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

• Average connectivity of the nodes
• Percolation Transition:
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Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

• Average connectivity of the nodes
• Percolation Transition:
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hki = p(N

1)

Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

• Average connectivity of the nodes
• Percolation Transition:
For <k> < 1:
Isolated clusters
For <k> >1:
Giant Connected Component appears
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hki = p(N

1)

Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

Poisson Degree distribution
k
(pN
)
P (k) ' e pN
=e
k!
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k
hki
hki
k!

Erdös-Rènyi graphs
p. erdös & A. Rènyi, Pub. Mathematicae 6, 290 (1959)

Clustering Coefficient

Probability that two nodes j and l are connected,
provided they are both connected to a third one
i, is: p

l
i

j

hki
CC = p =
N
Clustering tends to 0 as N increases!!!
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Equilibrium Random Networks
Percolation models

• Number of nodes N fixed

• Connect randomly chosen pairs of nodes
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Equilibrium Random Networks
Rewiring models

• Number of nodes and links fixed

• Reconnect r
@gomezgardenes

Equilibrium Random Networks
Rewiring models

• Number of nodes and links fixed

• Reconnect randomly chosen pairs of nodes
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Equilibrium Random Networks
Rewiring models

• Number of nodes and links fixed

• Reconnect randomly chosen pairs of nodes
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networks.
biological,
technological and social networks lie somewhere between these two extremes.

Watts-Strogatz Model

dynamical systems with small-world coupling display enhanced signal-propagation speed, comput
s that Models
can beoftuned
through this middle ground: regular networks 'rewired' to introduce increa
particular, infectious diseases spread more easily in small-world networks than in regular lattices.

e highly clustered, like regular lattices, yet
have small characteristic path lengths, like random g
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)

with the small-world phenomenon (popularly known as six degrees of separation). The neural n

THM To interpolate between regular and random networks, we consider the following random rewiring procedure.

rid of the western United States, and the collaboration graph of film actors are shown to be sma
We start with a
ring of n vertices

where each vertex
is connected to its
k nearest neighbors

like so.

We choose a vertex, and
the edge to its nearest
clockwise neighbour.

orld coupling display enhanced signal-propagation speed, computational

easily innsmall-world
networks
than in regular lattices.
= 12
k=4

With probability p, we re
this edge to a vertex ch
uniformly at random ov
entire rin
power, and synchroniz
duplicate
forbidden
wise, we
the edge

networks, we consider the following random rewiring procedure.
like

Next, we consider the
As before, we randomly
We continue this process,
For p = 0,
edges that connect vertices rewire each of these
circulating around the ring and
the ring is
so.their second-nearest
We choose a vertex,
With probability
p, we outward
reconnect
this
to
edgesand
with probability
p.
proceeding
to more We repeat
unchanged
edge to its nearest
this edge to distant
a vertex
chosenafter each moving clockwi
neighboursthe
clockwise.
neighbours
until each
clockwise neighbour.
uniformly at lap,
random
overoriginal
the edge the ring, consid
hasentire
been considered
ring, with once.
v

edges
As duplicate
there are nk/2
edges in
theforbidden.
entire graph,Otherthe rewiring
process
after k/2 laps.
wise,stops
we leave

u
is

the edge in place.
This construction allows us to 'tune' the graph between regularity (p = 0) and disorder (p = 1), and thereby to
about which little is known.

e@gomezgardenes
randomly
We continue this process,

For p = 0,

As p increases, the

Watts-Strogatz Model
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)
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Watts-Strogatz Model
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)

N
L'
2hki
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1

3(hki
C=
4(hki

2)
1)

Watts-Strogatz Model
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)

ln N
L'
lnhki
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hki
C=
N

Watts-Strogatz Model
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)

hki
C =?
N

lnN
L= ?
lnhki

?
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Watts-Strogatz Model
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)
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Watts-Strogatz Model
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)

Degree distribution?
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Watts-Strogatz Model
D. Watts & S.H. Strogatz, Nature 393, 440 (1998)

Degree distribution?

Poisson distribution

Dirac -function
@gomezgardenes

... but Complex Networks evolve!

Non-Equilibrium Networks

• Number of nodes N(t) grows with time
• At each time step new nodes are
incorporated

• New links are also created at each time
step

@gomezgardenes

Barabàsi-Albert Model
A.L. barabàsi & R. albert, science 286, 509 (1999)

•
•

At each time step 1 new node is incorporated
The new node launches m new links to the already
existing nodes

@gomezgardenes

Barabàsi-Albert Model
A.L. barabàsi & R. albert, science 286, 509 (1999)

•

The probability that a node i receives a link from the
newcomer is:
ki (t)

⇧i (t) = Pt+m0
j=1

@gomezgardenes

1

kj (t)

(Preferential attachment rule)

Barabàsi-Albert Model
A.L. barabàsi & R. albert, science 286, 509 (1999)

The probability that a node i receives a link from a
•
• The time evolution of the degree of a node is given
newcomer at time t is:
by:
@ki
ki (t)
= m Pt+m0 1
@t
kj (t)
j=1

with ki (t = ti ) = m

is: of the degree of a node is given
The timesolution
evolution
••…whose
by:
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Barabàsi-Albert Model
A.L. barabàsi & R. albert, science 286, 509 (1999)

The probability that a node i receives a link from a
•
• The time evolution of the degree of a node is given
newcomer at time t is:
by:
@ki
ki (t)
= m Pt+m0 1
@t
kj (t)
j=1

with ki (t = ti ) = m

is: of the degree of a node is given
The timesolution
evolution
••…whose
by:

ki (t) = 0
✓ ◆1/2
t
ki (t) = m
ti
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t < ti
t > ti

Barabàsi-Albert Model
A.L. barabàsi & R. albert, science 286, 509 (1999)

• …that finally yields: 2m(m + 1)
P (k) =

@gomezgardenes

k(K + 1)(k + 2)

'k

3

Barabàsi-Albert Model
A.L. barabàsi & R. albert, science 286, 509 (1999)

Clustering Coefficient

CBA ⇠ N
CER ⇠ N
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0.75
1

Barabàsi-Albert Model
A.L. barabàsi & R. albert, science 286, 509 (1999)

Clustering Coefficient

CBA ⇠ N
CER ⇠ N

Average Path length

LBA
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ln N
⇠
ln ln N

LER ⇠ ln N

0.75
1

Overview
ER

WS

BA

• Degree distribution
• Average length
• Clustering Coefficient
A number of variations of the former network models available
@gomezgardenes

the new links come out. They may come out from the new
site, from old sites, or even from outside of the network.
Our results do not depend on that. Therefore, the model
describes also the particular case when every new site is
the source of all the m new links like in the BA model.
In this case, every site has mDorogovtsev-mendes-samukhin
outgoing links and the total

Alternative Formulations

The only known mechanism of self-organization of a
owing network into a free-scale structure is preferential
king [7–9], i.e., new links are preferentially attached to
es with high numbers of connections. A simple model of
rowing network with preferential linking was proposed
Barabási and Albert [7] (BA model). At each time step
new site is added. It connects with old sites by a fixed
mber of links. The probability of an old site to get a new
k is proportional to the total number of connections with
s site. It was found in [7,8] that the distribution of the
mber of links has a power-law form at long times. The i
ue of the corresponding
g, obtained
i scaling exponent,m
+t 1
ng a mean-field approach, equals 3. This value0is close
that one observed in the network of citations
[3], but
j=1
her examples of evolving networks show different values
g. Introduction of the aging of sites changes g [22] and
y even break the scaling behavior [13,22].
In the present Letter, we generalize the BA model and
d the exact form of the distribution of incoming links of
es in the limit of large sizes of the growing network. We
rive a scaling relation connecting the scaling exponent of
distribution of incoming links and the exponent of the

phys. rev. lett. 85, 4633 (2000)

Scale-free with tunable

⇧ (t) = P

k +↵

↵ 2 ( m, 1)

0031-9007$00$85(21)$4633(4)$15.00

@gomezgardenes

=3

(kj (t) + ↵)
t

t+1

FIG. 1. Illustration of the growing network under consideration. Each instant a new site (open circle) and m (here, m ! 2)
new directed links (dashed arrows) are added. These links are
distributed between the sites according to the rule introduced in
the text.

© 2000 The American Physical Society

4633

G!am 1 q" s
the new links come out. They may come out from the new
p!q, s, t" !
G!am"q!
t
site, from old sites, or even from outside of the network.
Hence, this distribution has an exponential tail. Now one
may get also the expression for the average connectivity of
Our results do not depend on that. Therefore, the model
a given site:
∏
describes also the particular case when every new site is q!s, t" ! X̀ qp!q, s, t" ! am∑µ s ∂
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Main Dynamical Processes
• Simple diffusion processes
• Cascades (Failures and Attacks)
• Contagion processes
• Diffusion with queues
• Synchronization
• Evolutionary games
• Chaotic dynamics
•…
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Well mixed / Mean field
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Compartmental models
Aimed at capturing the global (population-level) dynamics
from the microscopic contagion processes
Each individual can be in one of n states at time t

S - Susceptible (Healty)
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I - Infected (and infectious)
(From Petter Holme’s blog)

R - Recovered (immune/dead)

Compartmental models
The transitions (e.g. S !I) are mediated by some rates:
and µ

!
S - Susceptible (Healty)
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I - Infected (and infectious)
(From Petter Holme’s blog)

R - Recovered (immune/dead)

Compartmental models
The transitions (e.g. S !I) are mediated by some rates:
and µ
The final impact of an SIR epidemic is given by the fraction
of affected (Recovered) individuals

!
S - Susceptible (Healty)
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I - Infected (and infectious)
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R - Recovered (immune/dead)

Some examples
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QUESTION: What is the minimum value of
epidemic outbreak to take place?
@gomezgardenes

R

for the

Epidemic Threshold
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Epidemics & Networks

More than 3900 citations
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Articles Published
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Epidemics & Networks
Scale-free phenomenon

P (k) ⇠ k
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Metapopulation Models

Different levels of description:
- Urban Areas
- Cities
- Regions
- Countries
@gomezgardenes

Basic Metapopulation Model
•

Different populations connected by a mobility
network (encoded in matrix W).

•

Each individual moves with probability p
from one population i to a neighboring
one j, according to Wobservations
ij
(
).nnnn

•

Then, each individual comes back to
its original subpopulation (node).
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wij

Inside each subpopulation, and at each
time step, epidemic dynamics takes
place ( and µ ).

i

wji

•

j

Theory
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Real mobility patterns
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HospitalizedD

β

rβ β

HospitalizedR

Infectious

Latent
ε
Infectious
dµ

HospitalizedD

(1-d)µ
HospitalizedR

µD
Dead

Flow diagram
Figure
1
of the transmission model

µR
Recovered

Flow diagram of the transmission model. The population of
each city is classified into seven different compartments, namely
susceptible (S), latent (L), infectious (I), hospitalized who either
recover (HR) or die (HD), dead (D) and recovered (R) individuals.
We assume that hospitalized as well as infectious individuals are
able to transmit the infection, given the large percentage of the
cases among health care workers [37-39]. The actual efficiency of
hospital isolation procedures is modeled through a reduction of
the transmission rate β by a factor rβ for hospitalized patients,
with rβ = 20% as estimated for the early stage of the epidemic in
Hong Kong [9]. The infectiousness of patients in the compartments HR and HD are assumed to be equal (although this assumption can easily be changed in the model). Susceptible individuals
exposed to SARS enter the latent class. Latents represent infected
who are not yet contagious and are assumed to be asymptomatic,
as suggested by results based on epidemiologic, clinical and diagnostic data in Canada [40]. They become infectious after an average time ε-1 (mean latency period). The individual is classified as
infectious during an average time equal to μ-1 from the onset of
clinical symptoms to his admission to the hospital where he eventually dies or recovers. Patients admitted to the hospital are not
allowed to travel. The average periods spent in the hospital from
admission to death or recovery are equal to μD-1 and μR-1, respectively. Thedatabase
average death rate is denoted
by d.
IATA
+ Urban
Census

The defined model considers stochastic fluctuations both
in the individual compartmental transitions and in the
traveling events. This implies that in principle each model
realization, even with the same initial conditions, may be
different from all the others. In this context, the comparison of a single realization of the model with the real evolution of the disease may be very misleading. Similarly,
the mere comparison of the number of cases obtained in
each country averaged over several realizations with the
actual number of cases occurred is a poor indicator of the
reliability of the achieved prediction. Indeed in many
cases the average would include a large number of occurrences with no outbreaks in a variety of countries. It is
therefore crucial to distinguish in each country (or to a
higher degree of resolution, in each urban area) the nonoutbreak from the outbreak realizations and evaluate the
number of cases conditionally to the occurrence of the latter events. For this reason, we define in the following a set
of indicators and analysis tools that can be used to provide scenarios forecast and real world data comparison.
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Outbreak likelihood and magnitude
The likelihood to experience an outbreak can be provided
by analyzing different stochastic occurrences of the epidemic with the same initial conditions, and by evaluating
the probability that the infection will reach a given country. In the following we will consider statistics over 103 different realizations of the stochastic noise, and define the
probability of outbreak in each country as the fraction of
realizations that produced a positive number of cases
within the country. This allows for the identification of
areas at risk of infection, with a corresponding quantitative measure expressed by the outbreak probability. A
more quantitative analysis is obtained by inspecting the
predicted cumulative number of cases for each country,
conditional to the occurrence of an outbreak in the country. The outbreak likelihood and magnitude analysis can
be broken down at the level of single urban areas. In the
following section we present an example of the results
available at this resolution scale.
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Predictability and epidemic pathways
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Background: The global spread of the severe acute respiratory syndrome (SARS) epidemic has
clearly shown the importance of considering the long-range transportation networks in the
understanding of emerging diseases outbreaks. The introduction of extensive transportation data
sets is therefore an important step in order to develop epidemic models endowed with realism.

Methods: We develop a general stochastic meta-population model that incorporates actual travel
and census data among 3 100 urban areas in 220 countries. The model allows probabilistic
predictions on the likelihood of country outbreaks and their magnitude. The level of predictability
offered by the model can be quantitatively analyzed and related to the appearance of robust
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evaluated from empirical data for Hong Kong. The outbreak likelihood for specific countries is
evaluated along with the emerging epidemic pathways. Simulation results are in agreement with the
empirical data of the SARS worldwide epidemic.

Conclusion: The presented computational approach shows that the integration of long-range
mobility and demographic data provides epidemic models with a predictive power that can be
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Conclusion: The presented computational approach shows that the integration of long-range
mobility and demographic data provides epidemic models with a predictive power that can be
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Abstract
Background: The global spread of the severe acute respiratory syndrome (SARS) epidemic has
clearly shown the importance of considering the long-range transportation networks in the
understanding of emerging diseases outbreaks. The introduction of extensive transportation data
sets is therefore an important step in order to develop epidemic models endowed with realism.
Methods: We develop a general stochastic meta-population model that incorporates actual travel
and census data among 3 100 urban areas in 220 countries. The model allows probabilistic
predictions on the likelihood of country outbreaks and their magnitude. The level of predictability
offered by the model can be quantitatively analyzed and related to the appearance of robust
epidemic pathways that represent the most probable routes for the spread of the disease.
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Results: In order to assess the predictive power of the model, the case study of the global spread
of SARS is considered. The disease parameter values and initial conditions used in the model are
evaluated from empirical data for Hong Kong. The outbreak likelihood for specific countries is
evaluated along with the emerging epidemic pathways. Simulation results are in agreement with the
empirical data of the SARS worldwide epidemic.
Conclusion: The presented computational approach shows that the integration of long-range
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