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f\ Science Paradigms
IFISC

Fourth Paradigm, J. Gray, 2007

Thousand years ago:
science was empirical
describing natural phenomena

Last few hundred years:

2
theoretical branch a| 41Gp
using models, generalizations -

Last few decades:

a computational branch
simulating complex phenomena

Today:
data exploration (eScience)
unify theory, experiment, and simulation
Information/Knowledge stored in computer
Scientist analyzes database / files
using data management and statistics



http://es.rice.edu/ES/humsoc/Galileo/Images/Astro/Instruments/hevelius_telescope.gif

F\ u TWITTER DATA
IFISC http://ifisc.uib-csic.es/humanmobility/

Studying real time human mobility triggered by social events
through on-line networks

September 11, 2013 September 11, 2014

Sept. 11, 2013 #viacatalana

http://ifisc.uib-csic.es/humanmobility/

http://ifisc.uib-csic.es


http://ifisc.uib-csic.es/humanmobility/

Twitter, Mobility and City Influence
M.Lenormand, et al J. Royal Soc. Interface 712, (2015)

Day 1000

v .
.
» %) . .
. " * .
R AL "‘h‘" ke .
v, - apn a1 i
. . 0 < .
\:' L * . e ¥ or
as 5 . " *
e e
nd
.
*a

n' .

4

v

.

U
*a
ol N -
£ .

IFiow

Day 1:Mallorca

http://ifisc.uib-csic.es



F\ Data Science
'IFISC

-Opportunity and Challenge
-Data ‘ Information ‘ Knowledge

-What do we understand when we know everything?:

On the face of this 'data deluge’, it has been argued we are
witnessing the end of theory and that the scientific method is
becoming obsolete:

"The new availability of huge amounts of data, along with the
statistical tools to crunch these numbers, offers a whole new way
of understanding the world. Correlation supersedes causation, and
science can advance even without coherent models, unified

theories, or really any mechanistic explanation at all."

C. Anderson (2008) The end of theory: The data deluge makes the

scientific method obsolete. Wired Magazine.

It is nice to know that the computer understands the problem. But |
would like to understand it too (E. Wigner)
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SPURIOUS CORRELATIONS

US spending on science

£30 billion

$25 hillion

£20 billion

£15 billion

1599

1999

US spending on science, space, and technology

Science Challenge

correlates with

Suicides by hanging, strangulation and suffocation

2000

2000

2001

2001

Correlation: 99.79% (r=0.99789126)

2002 2003 2004 2005 2006

2002 2003 2004 2005 2006

-8 Hanging suicides - US spending on science

2007

2007

2008

2008

2009

2009

10000 suicides

3000 suicides

6000 suicides

4000 suicides

sapins Suiduey


http://www.tylervigen.com/
http://www.tylervigen.com/spurious-correlations

F\ The Virtue of Simple Models
'IFISC

Science as the art of abstraction:

"What do you consider the largest map that would be really useful?" "About six inches to the mile."
"Only six inches!" exclaimed Mein Herr. "We very soon got six yards to the mile. Then we tried a
hundred yards to the mile. And then came the grandest idea of all! We actually made a map of the
country, on the scale of a mile to the mile!" "Have you used it much?" | enquired. "It has never
been spread out, yet," said Mein Herr: "The farmers objected: they said it would cover the whole
country, and shut out the sunlight! So now we use the country itself, as its own map, and | assure

you it does nearly as well (From Lewis Carroll)

Questions and answers:

Computers are useless: They only provide answers! (Pablo Picasso)

http://ifisc.uib-csic.es



f\ What can we learn from models of simple social behavior?
IFISC

-Isolate a mechanism and determine collective level consequences

-Establish cause-effect relations

-Checking common sense concepts

Herding Behavior




f\ Voter Model: Imitation Dynamics
IFISC

Clifford and Sudbury, Biometrika (1973)

Two options: @ @ Holley and Ligget, Ann. Probability (1975)
@ L)

S S

Interaction: copy the state of one of your neighbors at random

First lesson: Choice of variables
Average number of nodes in one of the states is conserved

Local variable: o Average number of active links (interface density)



f\ Role of topology of interactions
IFISC

050 Long-lived, dynamically active,

ousl ] disordered states
0.46; - 0'5§ ---------------------------- ;
04r 0.4¢
042 :
w040 e ia b V/\ ﬁ
0.38- 0ot W W V4
036
0.34f 0.1t é:
032 L A
- % 5000 10000 15000
030 ‘ — L to
o _ 5—1 Characteristic size of

ordered domain

<k>-=-2
\5_2(<k>—1)




f\ Role of topology?: Dimensionality
IFISC

1D Scale free net? T m——

Structured SF: <p>{

107}

10

Scale free but
high clustering and 1d

P(k) ~k-3
L~N C ~ N° Dimensionality determines when imitation
leads to growing agreement
Klemm and Eguiluz, Degree distribution or network disorder

Phys. Rev. E 65,036123 (2002)



Human Activity Patterns

Fernandez-Gracia et al, PRE (2011);
Artime et al, ArXiv 1604.04155 (2016)
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f\ Imitating vs Choosing neighbors
IFISC

Dynamics ON the network coupled with dynamics Of the network

M. Zimmerman, et al Lecture Notes in Economics and Mathematical Systems 503, (2001)

Social Imitation Breaking and.. .\ /.\.
‘ ' ¥ s : changing
> , rewiring

Voter Model Rewiring



- Coevolving Voter Model
IFISC F. Vazquez, et al, Phys. Rev. Lett. 100, 108702 (2008)

due to
of time scales:
- evolution of the network
(link dynamics)
- evolution on the network
(node state dynamics)




f\ Coevolving Voter Model + Noise
IFISC Diakonova et al. Phys. Rev E 92, 032803(2015)
Choosing

neighbors

Social Imitation

'Iﬂl.ﬂ l-hl’man" | ke

{ﬁm s

Voter Model Rewiring
random change of state,
with probability €/2 |,
at end of update

|
!

Coevolving Voter Model

Plasticity p Homogeneous (g=1)

Noise intensity €/2 arasted Noise (0<d<t 1
<g<l, e =
Fraction of noisy nodes g argeted Noise (0<q<1,c =1




Coevolving Voter + Homogenous Noise

-~ Noise destroys fragmentation transition. No absorbing states

Diakonova et al. Phys. Rev. E 92, 032803 (2015)

- Three regimes separated by finite-size noise induced transitions

Initial condition: RRN, u=<k>=4
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Carro et al. Sci. Rep. 6, 24775 (2016) rewiring p

http://ifisc.uib-csic.es



f\ Coevolving Voter + Targeted Noise
IFISC Diakonova et al. Phys. Rev E 92, 032803 (2015)

Topological absorbing states are possible

Three regimes and a shattering fragmentation transition at g*(p,N)
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= Multilayer Coevolving Voter Model
//; SC Diakonova et al., Phys. Rev. E 89, 06218 (2014)
W p, Different
plasticities p;

P,

Rewiring Probabilities L0

P1 P2

ratio of link/node state updating g

y o
= Wi [T 11 } ..‘
q Mr—TT 0T UF 0F o 85 0T o1 uh

; I :
identifies nodes that are the Transition shift: p_(q)> p.(q=0)
same in both layers Multiplex structure

can prevent fragmentation



//- Multilayer Coevolving Voter Model
I

F|SC\' Diakonova et al., Phys. Rev. E 89, 06218 (2014)
q=20 q=0.5
p1=1
fully-dynamic
p2 =10 :

voter

= q =0 q=0.3 [g=05 M = 0.6

T Y 4 " i

Critical degree of multiplexing q*(p,,p,):prevents fragmentation of dynamic layer
Shattered fragmentation transition for g<q*



f-\ What can we learn from models of simple social behavior?
IFISC

Lessons from Voter Model on imitation processes:

-Choice of variables

-Irrelevance of topology of fixed network
-Importance of activity patterns

-Coevolution as a mechanism of group formation
-Role of imperfect imitation: Noise/free will

-Role of social context: multiplexing



f\ What can we learn from models of simple social behavior?
IFISC

Voter Model: Beyond understanding mechanisms

Data?

Imitation + coevolution + multilayering

Klimek et al., New Journal of Physics 18, 083045 (2016)

ScienceShot: Physics Predicts U.S. Voting
Patterns

Imitation + imperfect imitation + mobility

Fernandez-Gracia et al. Phys. Rev. Lett.112,158701 (2014)




f\ Community structure of multilayer societies
IFISC Klimek et al., New J. of Physics 18, 083045 (2016)

“..an award-winning graphical browser-based

« MMORPG ... set in a futuristic universe where
SRUIBE players interact and compete in space. It is a

persistent-universe, open-ended game with a player- | . -
driven economy. Players travel through hundreds of [EE= 4
"sectors" or solar systems while trading, building or
battling with Non-Player Characters ... and other e
players.” https:/www.pardus.at/ :

Online characters: 300
Active characters: 8,712
Registered characters: 426,165

Pardus Multiplex Network

Links established by clicking.
Multiplex network constructed tor each

Private messages. month from Sep 2007 to Sep 2008

Exchange of game money/commodities

0 Friendship Trade Communication Communication C fast
Pa 0.004(1) 0.27(1) 0.35(2)
slow
Le 1.45(2) = 10 5.57(2) = 10* 1.90(3) = 10" F
Friendship
T~ fast

Trade


https://www.pardus.at/

f\ Community structure of multilayer societies
IFISC Klimek et al., New J. of Physics 18, 083045 (2016)
Lesson from data: Topology of networks with high triangular clustering

Modified coevolving model: Rewiring with triadic closure

Consequence of triadic closure:
Partial multiplexing not required for shatered fragmentation
Analysis of fully multiplexed Pardus data (g=1)

Data analysis: Mesoscopic structure of the layers exhibits significant
heterogeneity in size of largest community (S,) and relative
number of communities (Nc),

Communication C

T




f\ Community structure of multilayer societies
IFISC Klimek et al., New J. of Physics 18, 083045 (2016)
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Degree correlation \ Degree rank correlation



F\ Community structure of multilayer societies

IFISC Klimek et al., New J. of Physics 18, 083045 (2016)
Community size distribution: Data vs model
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Different form of shattering for different plasticities
F layer: Small plasticity implies

small number of very large communities (flat tail distribution)

T and C layers: Large plasticity implies
large number of small communities centered around n=50
http://ifisc.uib-csic.es




f\ What can we learn from models of simple social behavior?
IFISC

Voter Model: Beyond understanding mechanisms

Data?

1. Community structure of online games

Imitation + coevolution + multilayering

Klimek et al., New Journal of Physics 18, 083045 (2016)

News Home Hot Topics Categuries From the Magazine Selencaiow Seienceinsider Seisncel ve
n s e o e I o e Hewes » Soince Shots » Physics » SchanceShot Physics Predicts U5, Vioting Patterns

F] Scienceshot: Physics Predicts U.S. Voting
a u Patterns
23 Apri 2014 £:00 pm| 1 Comment

Model for Voters?

(Efo]+]e

Imitation + imperfect imitation + mobility

Fernandez-Gracia et al. Phys. Rev. Lett.112,158701 (2014)



f\ Is the Voter Model a Model for Voters?
IFISC

Evolution of democrat shares

US presidential elections 1980-2012

Global percentage of votes for
each party and turnout

N

0'Ol 980 1990 2000 2010

Year
Other

parties

Basically two option system

Blue: Democrat
Red: Republican




Irrespective

of the
winner!

IBM
Diffusive model?

Statistical regularities of electoral data

Probability density

Vote

fraction

[l | +vaapono|]
:

— G !
(@=011) |

~log decay

C. Borghesi et al.

Eur. Phys. J. B 75, 395-404 (2010}

LoS ONE 7(5):€36289,05 (2012)
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f\ Social influence model of voting behavior
IFISC

Ingredients of a social influence model:

a) Interaction mechanism: Imitation as basic manifestation of social influence.

b) Social context: Set of all possible interactions of an individual with any
other peer. We model it as a network of interactions from census data for
population and mobility.
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f\ Population and mobility networks
IFISC

- 2001 census data Directed, weighted network.

N=3114

" Loving, TX

10 Populations Q;(p% .
@ } = m

10 Los Ange]es CA-_Zg
10 2 5

0" 1080 100 100 100 10° 107
N.

1

Heterogeneous network in many characteristics



f-\ Metapopulation Voter Model
IFISC

- N agents with a binary variable (state, opinion,...) with voter-like interaction
- There are N, . (counties).
- Each agent is considered in two sites: where she lives and where she works.

Probability a: HOME interactions Probability 1-a: WORK interactions

-Nij = # of agents living in i and working in j.
-N; = # number of agents living in i = N; +%; N,
-N'; = # number of agents working in i= N; + %, N;

An agent interacts with probability a with anyone in N.: lives where she lives.
With probability 1-a interacts with anyone in N, : works where she works.



Metapopulation Voter model

Parameters (census)

Nij: number of agents N; =Y Nj
living in i and working in j. J

X, Y location of city i. N/ = ZNji
J

Variables

Vij: number of agents living in i

and working in j holding opinion +1.

Correlations  (v;vj)  of densities

Transition rates
ri;(Vij = Vij —1) =V

Langevin equation

w2 (5
I i

> Navi n

N;

http://ifisc.uib-csic.es



f\ US presidential elections: Metapopulation Voter Model
IFISC

a=1/2

Diffusion process:
— correlations grow, share
distribution narrows.

L7 - |

P(v)

Extra ingredient needed for stationarity:
Imperfect imitation or External noise

o = MW
— T




f\ Metapopulation Voter model: Analytical insights
IFISC

Finite size (internal) + external noise

Vij

Ni.: number of agents N; = Zf\%j Viji number of agents living in i Yig = N

living in i and working in j. i and working in j holding opinion +1. ”

Zj Vij
N,

o

X, Y . location of city i. N/ = Z Nj; Correlations (v;v;) of densities v; =

?"1-3-(1/1-3- — Vij +1) = (Nyj — Vij) [ N

\ Imperfect
/ imitation

I-l\ll
ri;(Vij = Vi —1) =V, [(.1'

Z; ( 1** - 5:,,,) v+ (1—a))

l

D'blfi
E; l J'_I_




f\ US presidential elections: Metapopulation Voter Model
IFISC

_ Vote share standard deviation
a=1/2 after 1000 MC steps.

04 T

y.r.
£

-0.2

2 0
V-<V>

For D=0.02 the st. dev. of the vote share distribution
remains stationary and fits the empirical value (data)



S US presidential elections: Metapopulation Voter Model

IFISC Fernandez-Gracia et al. Phys. Rev. Lett.112,158701 (2014)
Democrat share. Initial condition 2000

W vy e g o=1/2

Single fitted parameter: D=0.02

Time calibration:
10 MC steps =4 years=
1 election period

Vote share distribution Spatial correlations
Data Model Data Model
f) T 5 T T I [=] o T I !
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Sk o Republicans |- . — =y || Lo 7N 1 08
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St. dev. remains constant. Logarithmic decay remains.



Electoral predictions?

Results for democrat party

Data Model (i.c. 2000)
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f\ Multiscale Predictions
IFISC

COUNTIES CONGRESSIONAL DISTRICTS ] STATES
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f;\ What have we learnt?
IFISC

IBM implementation of a microscopic mechanism leading to diffusive

mesoscopic stochastic dynamics reproducing statistical regularities of
election data.

Data Based Modeling: Input parameters from census data for populations
and commuting fluxes.

Single calibrated model parameter: D, the noise intensity. Also calibration of
time scale.

What do we explain?

-Two generic features in the background of election results:

i)Stationarity of the dispersion of vote shares and ii) the time persistent logarithmic
decay of spatial correlations.

-Spatiotemporal fluctuations in electoral results at different length scales

-No attempt to predict electoral results
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Master in Physics of
Complex Systems

Main features

Programme syllabus 2013-2014
Schedule

Pre-registration

Poster and Leaflet
Research lines
Fellowships

Partners

Contact and location
Freguently asked questions
IFISC home page

Login

IFISC

@ liare ©CSIC

IFISC MASTER

/
s/Deg _
jof Complex Systems\

br

The Master in Physics of Complex Systems is an official degree offered by the University of the Balearic Islands (UIB)
in collaboration with the Spanish National Research Council (CSIC). Itis organized and taught by IFISC, the Institute
for Cross-Disciplinary Physics and Complex Systems, a joint UIB-CSIC research center in Palma de Mallorca, Spain.

Master's Degree in Physics of Complex Systems

. Download the video in SO Download the video in HD See in Vimeo



http://ifisc.uib-csic.es/master/

IFISC- 10 years
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The conference Crossroads in Complex Systems, will take place at IFISC, Mallorca (Spain), 5-8 June 2017, on occasion of the 10th anniversary of
IFISC (Institute for Cross-Disciplinary Physics and Complex Systems, UIB-CSIC) .


https://crossroads2017.ifisc.uib-csic.es/
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