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Diseases

Plague of Athens

4308.C. 25% population

1300- Plague
1700 ~75-200 million died

1816-
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Bubonic Plague

Spread of Bubonic Plague
in Europe
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Spreading depends on the network structure!
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What is a network?
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Networks represent the structure of complex systemes.



Epidemic models

Infection

Susceptible
(healthy)



Epidemic models
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Pastor-Satorras et al. Reviews of Modern Physics 2014



Epidemic models
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Epidemic models
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Figure 2.4. The S/ R dynamics. The filled circles represent the number of boys with influenza in an
English boarding school in 1978 (data from the March 4th edition of the British Medical Journal).
The curves represent solutions from the S7 R model fitted to the data using least squares. Estimated
parameters are 8 = 1.66 per day and 1/y = 2.2 days, giving an R, of 3.65.



Networks

Twitter

Facebook



Epidemic models in networks

Degree-based mean field: SIS model

di k=4

k . .
e = B(1-i)k®, (1) — i,
dt

\'
;oo
Z K'Pyiy the fraction of
@k = & =0  infected neighbors of
(k) a susceptible node k =t

Keeping only the first order terms:

Multiplying the equation with (k—1)pk/ (k) and summing over k

@_(ﬂ<k2>—'l,{)® . ’(_)(t)zcet/r’

dt " (k)

(1

(k)

" BUEY— (ko

characteristic
time



Epidemic models in networks

Degree-based mean field: SIS model

k=4

G‘)(t) — Cetlr’ T = 2<k> Oo .O 0 2
Bk —<ku »

A global outbreak is possible if T>0, which
yields the condition for a global outbreak as

=ﬂ> (k) k=1 k=3
uno (k%)

l . »—= ER homogeneous network

B .. = s 2.5
v'ﬁ Scale-free network (P(k) ~k )

P(k)

(k)
4 :
C <k2>

10° 10' 10° 10° 10"

Satorras and Vespignani, PRL, 2001



Epidemic models in networks

P No epidemic
Absorbing phase

Epidemic
Active phase




Epidemic models in networks

02 s P(k) o~ k"‘{ ’,,/'
SCALE-FREE

ot 020 / 0.40 A 060 080

A. L. Barabasi, Network Science, Cambridge, 2015.



Scale-free networks

ANOMALOUS
REGIME

No large network
can exist here
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Discrete-time Markov chain approach

The evolution of the probability of infection of any node |

pi(t+1) = (1 —gqi(t))(1 —pi(t)) + (1 — p)pi(t) +p(1 —q(?))pi(?)

the probability that an

i & the probabilit
probability that nodei is P Y ferted node recovers

susceptible (1-pi(t)) and  thatnodei is _ |
isinfected (1-qj(t)) by at infected at timet (upi(t)) but isre-

Infected by at least a
least a neighbor. and does not ! .
J ecover neighbor (1 — gi(t)).

where the probability of node | not being infected by any neighbor Is:

H /BTszJ

Gomez et al. EPL 2010.



Discrete-time Markov chain approach

number of random

Contact probabilities /walkers leaving node
\ 1 at each time step
;4 :
ri; — 1 — (1— w:)
Contact process: R isthe transition probability matrix

Reactive process. R Is the adjacency matrix
Tij = Qi

Gomez et al. EPL 2010.



Discrete-time Markov chain approach

Considering that when 3 — [3c, the probabilities pi = i, where0 < ¢j « 1,

N N
t) = H(l — Brjip;(t)) » g~1-p0 Z"'jifj
1=1

j=1
Including in:

pi(t+1) = (1—¢qi(t))(1—pi(t)) + (1 — p)pi(t) +1(1 —qi(?))pi(t)

Neglecting second-order termsin € we get

N
Z(Tﬁ gdﬂ) €; =0, V=1, ..oy dY,

This system has non trivial solutionsif and only if W/p isan eigenvalue of the
matrix R. Since we are looking for the onset of the epidemic, the lowest

value of 5 satisfying
the largest Amax = (k%) / (k)

elgenvalue of the
ma,x .
_— matrix R Gomez et al. EPL 2010.
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Epidemic models in networks

P No epidemic
Absorbing phase

Epidemic
Active phase
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A. L. Barabasi, Network Science, Cambridge, 2015.



Simulation

Discrete time:

Reactive process Contact process

/\< /\% /\/X y‘>@£\;

Continuous time;

Poisson Process
Gillespie Algorithm




Epidemic spreading depends on the

network structure

1. Mean-field

PHYSICS REPORTS 2. Markov chain
3. Quenched-MF (QMF)

Fundamentals of Spreading Processes

in Single and Multilayer Complex Networks 4, Pair apprcximation

5. Individual based MF
6. Message passing
/.

Arruda, Rodrigues and Moreno, 2018




Epidemic spreading with awareness



Disease control

Different strategies:

Vaccination
Quarantine
Disease awareness




Disease awareness

DLINES
OUR HUMBER ONE SOURCE FOR HEN €
| Since 1883 Y

s

CDCO ﬁCDCQOV 6h v
What does #flu look like near you? Check out our state flu activity map to learn
more.

Even If fiu activity is In your area, It's not too late to get yoursalf and your family
vaccinated. bit.ly/2AfIS02 #FightFlu

IT’S NOT TOO LATE

GET A FLU VACCINE TO

FRIGHT FLU ) | ¢ o

O 2 11 38 ) 49 =



Disease awareness

® |f you know about the disease, then you try
to avoid the infection.
® The probability of infection is reduced.




Epidemic spreading with awareness

Rumour spreading

Disease transmission




Awareness = Rumour propagation

lgnorant >  Spreader » Stifler
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Deterministic compartmental models

3 S: Spreader
Maki- Thompson [+5 =21 |: Ignorant
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Simulation

Truncated process

N
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Epidemic spreading with awareness

Rumour
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Epidemic spreading with awareness
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® The rumour and
disease propagate
with different
velocities.

® At each time step:

7 . information

1 — 7 : disease



Epidemic spreading with awareness

7 : information
Markov chan formulation: 1 — 7 : disease

U—- U S—> S
pi(t+ 1) = pe, Ola(1 = ri(0) + (1 — 2)(1 — g, ()]

R — U | I—> S
+pep(Dlral + py (1 — mu]

q,,- infection of an unaware node
r;- awareness by contacting an aware neighbor

rt: stifling - lost of interest
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Ventura et al. Physical Review E, 100,032313 (2019).
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Information ( 71 )
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Epidemic spreading with awareness

Spreader

e R R R

Stifler

> Time

S+I—-5+S

S+S—>R+R
S+R—-> R+R S: Spreader
R —1 : lgnorant

R: Stifler



Epidemic spreading with awareness
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® |[f the rumor propagation is too fast, then the

outbreak increases!
Ventura et al. Physical Review E, 100,032313 (2019).



Epidemic spreading with awareness

Applications

® |nfectious diseases with no symptoms
(Sexually transmitted diseases (STD)).

The Economist explains

The Economist explains
Why STDs are on the rise in America

A burgeoning pubic-health crisis




Time scale plays a
fundamental role on the

epidemic spreading with

awareness.

Ventura et al. Physical Review E, 100,032313 (2019).



Predicting epidemic spreading
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Inference X Prediction

Inference: the goal is to understand the role of
the input variables in explaining the outcome.
® Jo explain the data we have.

Prediction: the goal is to predict the outcome
from the income data.
® Based on the date we have, predict new data.



Inference and Prediction

Global level: Consider the large-scale network
properties to predict the outbreak size.

Local level: Consider the node properties to
predict the average outbreak size when the
disease starts at each node.



Structure X Dynamics: global level

Hypothesis:

Regression model

d: number of features



Structure X Dynamics: global level

Dataset:
Each observation: a network
Attributes: Large scale network measures

Models
e ER 50 networks
BA | > for each model

Non-linear BA

WS

Waxman

Spatial scale-free
Assortative scale-free

Dissassortative scale-free



Structure X Dynamics: global level

Dataset:

Each observation: a network
Attributes: Large scale network measures

Measures:

Average search information

Number of articulation points

Second moment of degree distribution
Shannon entropy of the degree distribution
Average efficiency

Assortativity coefficient

Average clustering coefficient

Average coreness (hkci),

Transitivity

Variance of the betweenness centrality



Structure X Dynamics: global level

Beta regression

(s p, 6) = F(M)I{}(g)_ 9) y (1 — g) e

p(1 — p)
1+¢

E(y) = p var(y) =

91(1) = Bo + P1S + BoA + B3(k?) + BsE + BsH
+ Ber + Br{cc) + Bslke) + [oC,

g2(¢) =70 + 71V (B) + v2(cc) + v3H + 74V (B){cc)
+ 5V (B)H + ~ye{cc)H + 7V (B){cc)H.




Structure X Dynamics: global level

Beta regression

Epidemic spreading Rumour spreading
Mean Std. error p-value Measure Mean Std. error p-value Measure
Bp 1.913 0.001 =0 o Bo 143 0001 =0 =
By -0.200 0.008 ~ 0 < £y -0.290 0.010 =0 S
8> -0.123  0.004 =D A B2 -0.142  0.005 ~ 0 '1)
Ba -0.097 0.011 =0 (k?) Bz 0.196 0017 =0 (k)
Gy 0.108  0.013 =0 E Bs -0.231 0.018 ~ 0 E
Bs 0.063  0.008 ~ 0 H B 0.043  0.008 =0 H
Gs -0.134  0.002 ~ 0 r Bs 0.000  0.002 0.813 r
G- 0.002 0.012 0.843 (ec) 3 -0.188  0.020 ~ () (ec)
Gs 0.066  0.008 ~ 0 {ke) Bs 0.127  0.008 = 0 (ke)
Be 0.119  0.012 ~ 0 C Ba 0.072  0.017 ~ 0 C
Yo 9611  0.151 =0 - vo 8828 0151 =0 =
v 0.065 0.158  0.681 V(B) v -1.863 0.158  ~0 V(B)
v2 -0.562  0.304  0.064 (cc) v2 -1.007 0.303  0.001 (cc)
va -0.388  0.201 0.053 H vz -1.194  0.201 ~ 0 H
74 -0.483 0346  0.163 V(B): (cc) va 0.134 0346  0.698 V(B): (cc)
vs -0.191  0.333 0.566 V(B): H vs -0.875  0.333 0.009 V(B): H
v6 -0.01 0263 0.968  (cc): H v 0.338 0.263 0198  (cc): H
vr -0.223  0.183 0.224 V(B):{ec): H vy -0.021  0.183 0911 V(B):({cc): H

The most influential topological measure in both dynamics
is the average search information (S).




Structure X Dynamics: global level

Beta regression

Predicted vs observed values

Prediciad vakies

FIG. 3: Predicted vs Observed values for the SIR model.

Predicted vaues

0.9

08

0.7

0.6

0.5

Predicted vs observed values

-
i‘o
o ‘
-
- o
L ] ©
‘ Q.Q
atee -
.. 3
o
| | | | |
05 06 07 08 09

FIG, 4: Predicted vs Observed values for the ISR model.



Structure X Dynamics: Local level

=f( A< ) + &

Yi = f(X|) 4+ & Regression model

fx) RS R d: number of features

Hypothesis:

Rodrigues et al., https://arxiv.orglabs/1910.00544



Structure X Dynamics: Prediction

Local level: predict the average outbreak size
of a disease starting in a single node from the

node properties.

® Nodes (observations)
are not independent,
then traditional
regression models
cannot be considered.

Rodrigues et al., https://arxiv.orglabs/1910.00544



Structure X Dynamics: global level

Y =f(X)+¢

fx) RS R

® The function f is very complicated due to the
presence of non-trivial patterns of connections,
nonlinear effects and correlations between
variables...

Rodrigues et al.,, in preparation



Structure X Dynamics: Prediction

Yi =f(Xi)+¢i

Solution:

Machine Learning

Rodrigues et al,, https://arxiv.orglabs/1910.00544



Supervised (inductive) Learning

Supervised Learning Process

Data Hypothesis Space
(inputs X / outputs t) (e.g. all lines in 2D)
Functions that map inputs to outputs

}(x;/w) X — t

"Goodness" Metric
(e.qg. a distance of f(x;w) to t)

| -~ - >

»S=12mili N
L - ) !. I.l
- 218*18 .
' e i) »

Parameters W (choose a specific hypothesis/mapping)




node i X Y
k(i), ce(i), B(i), PR(i), ke(i), ec(i) yi

k(j), cc(i), B(i), PR(i), ke(i), ec(i) Y]




Epidemic spreading

® We defineYi as the expected fraction of
infected nodes when the disease starts in |

1 N

Yi =f(Xi)+¢€

Rodrigues et al., https://arxiv.orglabs/1910.00544



Machine learning:

® To obtain the function f(x): RY - R
® Random forests

® Neural Networks

Rodrigues et al., https://arxiv.orglabs/1910.00544



Artificial neural networks

iInput layer

hidden layer 1 hidden layer 2



Random forests

X dataset
N, features N, features N, features N, features
TREE #1 TREE #2 TREE #3 TREE #4
CLASS C CLASS D CLASS B CLASS C

MAIJORITY VOTING

FINAL CLASS




Predictive learning

Training set

k(1), cc(1), ..., ke(1), ec(1)

k(). cc(l), ... ke(l), ec()

Testing set
k(1+1), cc(I+1), ..., ke(I+1), ec(l+1)

K(NY, cc(N), ... ke(N), ec(N)

Model

g

Deduction

Learning
algorithm

won l

Learn

Apply ' ‘/

Model



K-fold cross validation

Training data [
Testing data [

Fold 1 Fold 2 Fold 3




Prediction

=== | —
Pearson coefficient: 0.96 - - Pearson_coefﬁcient: 0.97
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Our approach solve the problem of the
identification of most influential spreaders!



Exclusive Excerpt:
Tenet Strikes Back

P
" 'n”r‘,u as in denlal

nawure

physics
Letter  Published: 29 August 2010

Identification of influential spreaders in
complex networks

Maksim Kitsak, Lazaros K. Gallos, Shlomo Havlin, Fredrik Liljeros, Lev Muchnik, H. Eugene Stanley &

Hernan A. Makse

namre

International journal of sclence

Letter  Published: 01 July 2015

Influence maximization in complex
networks through optimal percolation
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Features’ importance
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Our approach solve the problem of the
identification of most influential spreaders!



Statistics and machine
learning are very useful tools

to predict dynamical

processes from the network

structure.




Challenges

i Twitter
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® Temporal networks
T AR "';-"l;/lyspace

® Multilayer networks

® Networks with noise

® Heterogeneous dynamics

® A new statistics?
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Spreading in Multilayer Networks



Multilayer networks




Multilayer networks

® A multilayer network is a network made up of several layers:

-2

(b) ﬁ
m}




Theoretical formulation

® A multilayer network is represented as the fourth-order

adjacency tensor M € Rn*nxmxm

Mas? — Z Ca(hk)E(hk)
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® The adjacency matrix representing the connections inside layers:
MZEL(r7) = Cy(77) = A3(7)
Arruda et al., Physical Review X, 2017



Multilayer networks

® The equations describing the system dynamics:

aX 55
dt

= —puX gz + (1 - ﬂa)'lRay( )X a7

Arruda et al., Physical Review X, 2017



Multilayer networks

® Following the tensorial formulation, we can show:
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® where A1 is the largest eigenvalue of the supra-adjacency matrix:
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Arruda et al., Physical Review X, 2017



Disease localization

® Defining the inverse participation ratio

IPR(A) = (fﬂ;s(A))“U/"g ® The localisation of the
w0 disease in a certain layer
N o | | l means that most of the
% o ol PN | spreading is expected to
R o | take place on the nodes
,,:;?*""’ - I of that layer.
= 1; PR(‘?\'S}) S i

Disease localisation

Arruda et al., Physical Review X, 2017
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1. Epidemic spreading
2. Networks
3. Awareness

4. Prediction



