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Motivation

signal

(relevant info)

@ insights

(novel info)

noise

(irrelevant info)

information

(non-redundant
arts of data)
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Motivation

You are what you repeatedly do [aristételes]
Using BigData to infer behavior or society situation

Situation Behavior Observation
Demographics Social Surveys
—Health Mobility Credit card
—Conomy Activity Mobile phone
Jnemployment Content Social media
Transportation Searches
Geography
Politics

Individual - Group - City _
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Motivation

Sources of BigData

v
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Semantics/Value

Frequency/modelization
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Motivation

Sources of BigData

Transport Marketing
Development
Food Consumption

Social interactions Economy Energy

Retail Analytics
Jis i U nem ployment

Smart Cities

i

Service area delimit ™ Recorded path g I y
« Mobile phone tower «, Preferred position :: rg~4 km

netmob.org Mobility

- Blondel, V. D., Decuyper, A., & Krings, G. (2015). A survey of results on mobile phone datasets analysis. EPJ Data Science, 4(1), 10.
http://doi.org/10.1140/epjds/s13688-015-0046-0

« MOBILE PHONE NETWORK DATA FOR DEVELOPMENT. (2013). UN Global Pulse

« Saramaki, J., & Moro, E. (2015). From seconds to months: an overview of multi-scale dynamics of mobile telephone calls. The
European Physical Journal B, 88(6). http://doi.org/10.1140/epjb/e2015-60106-6

- Naboulsi, D., Fiore, M., Ribot, S., & Stanica, R. (n.d.). Large-scale Mobile Traffic Analysis: a Survey. IEEE Communications Surveys &

Tutona.IS, 1—1 . http//dOIOI’Cl/1 01 1 09/COMST201 52491 361 lcjl:ll;;rslllc]i:lci s @esteban moro




Motivation

Social networks are dynamical by nature
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Complex dynamics of real networks
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Social dynamical process

Miritello, G. et al., 2013. Time as a limited resource: Communication
strategy in mobile phone networks. Social Networks.
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Social dynamical processes

- Embeddedness / clustering / triadic closure / weak ties

® Fmbeddeadness, clustering:

O
People who spend time with a third 7 QOO Q3 (o 8 0
are likely to encounter each other [~ /5,59 - Q0T @ 0
(triadic closure). Minimizes conflict, — O~ © 800 OO(% ]
maximizes trusts,... o O OZ()
O-0O) OOC? s
* Bridges, structural holes (Burt): oridge | ° O
Bridges have structural advantages ¢ W
since they have access to non- v L ?e
redundant information « ’
O O
o |Veak ties (Granovetter): weak ties & 9 s p
tend to connect different areas of Vel 8 8 S
the network (they are more likely to o 8 X8 °
be sources of novel information) e e
O 0O OO0 =0
Rivera, MT Serrstrom, SB & Uzzi,.B., 2010.. Dynamics of O ° o 1O © 0
Dyads in Social Networks: Assortative, Relational, and . Q
FF)’Fr)c.)g:nji1t:/5l\./lechanisms. Annual Review of Sociology, 36(1), O




Dasgupta, K. et al., 2008. Social ties and their relevance

S OCiO | dyn O miCO | prccesses to churn in mobile telecom networks.

0.6

- Contagion 0a |

e Human behaviors spread on the network

Probability
o
w

e Dynamics too

May Churners - --@ - -
June Churners — —% —
0 July Churners —4——o
o Homophlly 0 5 10 15 20 25

Number of Churner Neighbours

e The greater the similarity between individuals the more likely they are to
establish a connection

Number of pairs of people at different ages

Attribute | Random | Communicate
Age -0.0001 0.297
Gender 0.0001 -0.032
Z1P -0.0003 0.557
County 0.0005 0.704
Language | -0.0001 0.694
Correlation coefficient e e

Leskovec, J. & Horvitz, E., 2008. Planetary-scale views
on a large instant-messaging network. pp.915-924.
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Social dynamical processes

Contagion = Homophily?

e Influence and homophily are usually confounded in observational social
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Aral, S., et al. 2009. Distinguishing influence-based contagion from homophily-driven
diffusion in dynamic networks. Proceedings of the National Academy of Sciences, ]
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Nodes

Ties

Network Communities

11 tz/ I t3
Nodes appear/ |
disappear \é/\l

t  t+AL

Tie activity is bursty ﬁ I IH I I >

Ties activity is 3 ?.\ tQN t3 ‘)\
correlated

Ties form/decay %‘
1 to t3
Communities form/
change/decay
t1 to t3
Networks grow/ 5. %
change/decay

Individual dynamics
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Individual dynamics

e Humans distribute their time differently along the day (circadian rhythms)

p()

p(t)
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Jo, H.-H., Karsai, M., Kertesz, J., & Kaski, K. (2012).
Circadian pattern and burstiness in mobile phone
communication. New Journal of Physics, 14(1), 013055.
http://doi.org/10.1088/1367-2630/14/1/013055
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Individual dynamics

¢ |ndividual heterogeneity is significant and persistent.
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Aledavood, T., Lépez, E., Roberts, S. G. B., Reed-Tsochas, F., Moro, E., Dunbar, R. I.
M., & Saramaki, J. (2015). Daily Rhythms in Mobile Telephone Communication.

PLoS ONE, 10(9), e0138098. http://doi.org/10.1371/journal.pone.01
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Individual dynamics

e Calling patterns are different at different times of the day
e At mornings we call a lot of new people

e At nights we call less people and those are the more significant ones

75_| I | I_ 75_[ I | I_ 75_| I | I_ 75_[ | | I_
a) b) ¢ c) d)
25} 1 o5} : 25—%\&— 2B et
¢ .
NOMAEN M A E N "M A E N "M A E N
Q. _I | _l | | I_ _I | | | _I I | I_
875 e) 75 f) 75 (g) / 75 h)
2 50t 1 50t 84 5ot £ =1 50f .
N ¢
?825_22%.;/3\/\8_ 25/41_. 25_:><g74'/ _ 25_0 ov_
G
o O | | | | O | | | | O | | | | O | | | |
X M A E N M A E N M A E N M A E N
time of day

(©) i e @estebanmoro




Nodes

Ties

Network Communities
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Contact dynamics

e Bursty human dynamics: inter-event time between activities is heavy-tailed

distributed

Probability density

10°
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Inter-event time, 1 (d)

Malmgren, R. et al., 2009. On universality in
human correspondence activity. Science,
325(5948), p.1696.
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Contact dynamics

e Bursty human dynamics: inter-event time between activities is heavy-tailed
distributed

-2

Delay time (1)

Delay time (1)
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Barabasi, A.-L., 2005. The origin of bursts and heavy tails in
human dynamics. Nature, 435(7039), pp.207-211. \ Universidad
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Tie activity

e Bursty contacts: inter-event times on ties are also heavy-tailed distributed

10-7107°107%10~1 101 10°
10—11 Y Y E Y Y el
107 107° 1073 101 101 103

T/T

Karsai, M. et al., 2011. Small But Slow World: How
Network Topology and Burstiness Slow Down

Spreading. Physical Review E, 83(2), p.025102.
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Miritello, G., Moro, E. & Lara, R., 2011. Dynamical
strength of social ties in information spreading.

Physical Review E, 83(4), p.045102.
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Tie activity

e Bursty contacts: impact on the waiting/response time

¢ \\Vnen should | wait next call from a friend?

e \When is the next bus coming?

. GivenP(5t), calculate P(T)

> otP(ot) 1

P(T) :/ dot _( )
~ ot ot ’

T = ot 1 U_%

T
>

<

T t 4 ot

Task/bus/call arrives at random time

l

N

N

== Start Timing Point

=== [ntermediate Timing Point
=== Other Bus Stop

4 3 2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1€

)

5

' Excludes the 3% of buses that were more than 20 Minutes

Bus Punctuality Statistics GB
2007. Dept. of Transport

@ ® Universidad
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Tie activity

Karsai, M. et al., 2012. Universal features of correlated
bursty behaviour. Scientific Reports, 2.

e |s that all? Nope: bursts are correlated in =~ & I] I | | ‘ | ‘
' 0d:0h 4h 8h 12h 16h 20h 1d:0h 4h 8h 12h 1
time | e

¢ Jo find correlation, detect i | ‘ | I “

: 0 1 2 3 4 5 6 7 8 9 10
sequence of events with 0t < At | | |
J IR
e |f activity is a renewal process, the ]] | | 1M |
e . . 20d:0h 2h 4h bh Bh 10h 12h 14h 16h 18h P,
probability that we find n of such events in ;
a row is e & At=100s
s N e s Ag0: |
) — 107t ® At=3600 s
P(E = n) = ( /O P(5t)d5t> (1 - /O P(5t)d5t> 107 | @ £t=360
E lﬂ-ﬁ |
. & 108}
e P(E) decays exponentially 107t
| | | IG-E i
e However, In real data it decays like a 107}
-10
power-law ig_” |
10° 10 10°

=

Universidad
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Tie O CtiVity Miritello, G., Moro, E. & Lara, R., 2011. Dynamical

strength of social ties in information spreading.
Physical Review E, 83(4), p.045102.
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Tie dynamics

e [ies are formed and decay
e Why”
e Creation
e Node creation/decay
e Assortative: Homophily/Heterophily
e Relational: Reciprocity, Triadic Closure, Degre
® Proximity: Proximity and Social Foci
e Decay
* ldem
e How”

e Social limitations / strategies

5




Tie dynamics

¢ [ie formation: Relational predictors

)
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Time T Time T+1

¢ [riadic closure
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Tie dynamics

¢ [ie formation: predictors

Liben Nowell, D. & Kleinberg, J., 2007. The link-prediction problem
for social networks. Journal of the American Society for
Information Science and Technology, 58(7), pp.1019—-1031.

1
2 €T @) Togh' Q)

v

Probability of a new tie
50—
-
10 w T T T
A 2 o
~4 S 40— - |
10 —9- @ - @ S
Do : T
_E S N omm
107} ' ; T -
A S -
10_3 i 1 i i i % T
1 2 3 4 5 6 T+ £
dr— . § 20— [
'| Distance in the network g 1 -1 1
= 1 - 1 L -
c' 2 10— - 1
©
s
random predictor
pnew 0 ] * * * [7)] * * *
§ N 2% § ¥ § 2 ¥ & E
T X2 8 5 ¢ g g f o
E 3 2 533 % > & E s §
S § % 5 £ & c @ g =
o H a & 1 " 3 i i < % % E é _8 § ©
O 2 4 6 8 10+ 0 1 2 3 4 5+ "X e g 5 7
Mutual acquaintances Shared classes T °
o

Kossinets, G. & Watts, D.J., 2006. Empirical analysis of an
evolving social network. Science, 311(5757), pp.88—90.
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Tie dynamics

Hidalgo, C. & Rodriguez-Sickert, C., 2008. The
dynamics of a mobile phone network.
Physica A, 387(12), pp.3017-3024.

* Tie decay: predictors b '} oo
1.0
2 3 Burt, R., 2000. Decay functions. 3 08] _5§
2 s Social Networks, 22(1), pp.1-28. = S o >
0o c E=
cE = s S =
£F @ ’
5 % ul Y = (T+1)-466 S 04l ) Time [Days] :
>= social relations with famil . - * *
3 ’ S 104 10' 10 10°
20, Y = (T+1)~716 ©
E social relations beyond family E 0‘ 2 i
0 : : : : , , , : : , Y = (T+1)1842
0 1 2 3 4 5 6 7 8 9 10 banker-colleague relations
Years (T) after Initial Observation 0 : . L
0 100 200 300
Table 1
Persistence of ties and link attributes Time [Days]
Pearson’s correlation AC Ak Ar R TO Persistence
AC 1 0.023 0.15 0.11 0.23 0.15
Ak 1 0.02 —0.13 —0.19 —0.16
Ar 1 —0.68 —0.073 0.033
R 1 0.2964 0.5886
TO 1 0.3537
Regression coefficients 0.09 0.002 0.15 0.35 0.56
Partial correlations 0.0027 0.0032 0.007 0.26 0.034

® | inks with large embeddedness and reciprocity are more likely to persist

R Universidad
& Carlos Il de Madrid
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Tie dynamics

e [woO paradoxes

® Ties bridging distant parts of the network (the ones important for information
diffusion, achievement) are not only the least likely to be created, but also the
most likely to decay
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Tie dynamics

e [woO paradoxes

* Tie formation tends to close triangles. But ties embedded in triangles are less
likely to decay. Thus, network should become more clustered

30
<k> 20T A e UEEUIEe A
1Qp ~°"7FmTTTS Jo """ " T
0
S
L
C
0.05f Fall Spring Summer 7
u i | 1 2 5

0 50 100 150 200 250 300 350
Time (days) s @estebanmoro



Tie dynamics

e How are ties formed and destroyed?
Is there any strategy?

e Cognitive limitations, time limitations

e Dunbar number: there is a limit to

the numlber of people with whom
one can maintain stable social
relationships.

e Time/attention is limited: how do

we manage relationships if our
time is limited?

Universidad
Carlos III de Madrid
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Tie dynamics

e How are ties formed and destroyed?

e Disentangling tie burstiness and formation/decay

6 months

7 months

6 months

Miritello, G. et al., 2013. Limited communication
capacity unveils strategies for human
interaction. Scientific Reports, 3.
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Tie dynamics

e How are ties formed and destroyed?

® \ery heterogeneous tie evolution

% Z( ) a’z( )_i Z( ) —— 1 |Agg. # of ties formed

= e 7 I‘C@(t) e §

-— ' ]

B | ---i‘r--ir——— g — [t -

8 o | 'a ,'—'— — == - — ”— #of ties opened

Q AN ' ‘ L= : : Lo :

2 et
1 - . s # of ti t

5 < 5 . o \ .—'—'_' gg. # of ties destroye

e Mean (Mg.) = (N i) ~ 8 (ki) ~ 16
* But Ny 4 > 1O for 20% of nodes
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Tie dynamics

e How are ties formed and destroyed?

Kikas, R., Dumas, M. & Karsai, M., 2012. Bursty egocentric
network evolution in Skype. arXiv.org, physics.soc-ph.

¢ Tie formation/decay is bursty

(@) 1e-0x g ———————— —————
5
o
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a
o | T = 0tk—ski1
Io#\ T T T
10° 10° 10" 10’
x/T
(b) 1e-0x — S —
\\\
Te-1x | T
le-2x
é 1e-3x
o
le-4x
N Otk—k—1 1e-5x |
e EP 0%
-5 -3 -1 1 -082 ——
10 10 10 10 oy L0 —
_ 1 10 100
ZC/CU Toq » (in days)

Miritello, G., Temporal Patterns of Communication

) 8 Universidad
in Social Networks, Springer 2013 ) Criaevans @eStebanmoro




Tie dynamics

e How are ties formed and destroyed?

® [ inear tie formation/decay and conserved capacity

W 9e-3

" —R;(t) Na.i(t) + ki (0) ©
S kz(t) ,_..—L\ == -
— e EEE N 6e-3
© o] N LT = e T
ks ,-*f“’;r_'_d | N, (t) 3e-3
5 °1 . N
Z 2 m

=1 HE. 0

days
Na.i(t) >~ a;t New.i(t) ~ w;t
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Tie dynamics

e How are ties formed and destroyed? Linear tie formation/decay
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Tie dynamics

e How are ties formed and destroyed?

e Social capacity and activity are not
Independent

Neai X Ky

® For a given ki we have
e Social explorers (A) Ma,i > Ki
e Balanced (1) Ma,i &2 Ki

e Social keepers (B) Mq,i <K Kj

1_

lo g K;
Miritello, Lara, Cebridn and EM
Scientific Reports 3, 1950 (2013)

¥ Carlos 1l de Madrid
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Tie dynamics

* H

Na i = 23,%@ =4
Social explorer

Na i = S,EZ’ = 24
Social keeper
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Geographical dynamics




Geography and network dynamics

® Does geography play a role in the dynamics of human communication?

e Known results:

e City properties scale super-linearly
with population

* |ncluding #links within the city!!

vy
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Bettencourt, L.M.A., 2013. The Origins of Scaling
in Cities. Science, 340(6139), pp.1438-1441.
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Geography and network dynamics

e Dynamics also scale super-linearly with the size of the city

¢ Bigger cities have more dynamical networks

Number of links Numlber of explorers Tie persistence

Postcode partition Postcode partition Postcode partition

10000

0 _U!JO.Q
~ é- E
e 2 5
5 2
: 2
P 'E 100 ® 0.8 ® o g e
=) ) o
100 = - g ’ ¢
B=1.172
[ ) [ ) [ ]
® 2
oo R = 0.897
o 0.7
16403 1e+05 1e+03 1e+04 1e+05 10103 1er05
Population Population - Population o
, Et+T)NE(t
Persistence = | ( ) ( )|

[E(1)
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Geography and network dynamics

¢ [ie Dynamics also depend on the distance between type
people: L .

e At small distances ties are very stable . . 5 .

* At large distances ties are very unstable ] H—]

T .
0
Q N ) [ '
=3 //\“‘ There is a geographical
o w ‘ scale for dynamics
° e d ~ 50km
0.1 0.5 5.0 50.0 506.0

“distance
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The geographical picture of temporal
networks

—— Stable
................ Unstable
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Tie dynamics

o O
e Wrap-up @ a
@
e Individual activity is heterogeneous and C? ©
persistent O e o
O O
e Different parts of the day are used for ®) Oo © "N
different social tasks O o @ o
T . -~ © @ —--%oa%
e Activity within a single tie is bursty o O— @ Oo O,_.,OOO .
e P(dlt) is a heavy tailed 0000 @
o B © O ®0 \©
ursts are correlated D ® ©
0%
* Activity across adjacent ties is correlaied _® ® PN @0
e Two adjacent ties © ° e®
® ® O

e Group conversations

e Impact on the waiting time (spréading) O O



Tie dynamics

e [riadic closure, reciprocity are predictors for the
formation of a link

® Fmbedadedness, reciprocity are predi&ors for the
persistence of a link

¢ [ie formation/decay is bursty
¢ Tie formation/decay strategy:
® Heterogeneous
e | inear in time \
e Social explorers / social keepers
e (Geography:
® [ arger cities are more dynamical

e At larger distances links are more unstable

W CarlosIIde Madrid o Lcial Il 1 1UITV




Impact on diffusion processes E



Relevant question in spreading

 Reach

e How many people are infected from a initial
spreader?

* Time
e How long does it take to infect them?
e Early detection of an outbreak, possible?

. . . 2009-
- Optimization Christakis & Fowler "10

e How do we choose a given a number N of initial spreaders, so that reach is
maximize in a given time? What is the optimal N for a given cost?

e How do we choose a given number of immune people so that reach of the
disease is minimized? (resiliance of networks)

e How do we choose sensors to detect propagation?

(@) i s @eStebanmoro




Information spreading as cascades

http://www.facebookstories.com/stories/2200/data-visualization-photo-sharing-explosions




Simple model for spreading

e S|/ SIR / SIS models (Kermack & McKendrick '27)

e S: suceptible (non infected)
e | Infected ‘ °

e R: resiliant 800

*S+[I+R=N e
7S A\ 600}
E:_)\Is RO — N— DE% 500

dl ’y [].8:5 400L

— =S —~I £

dt dl 4 4 300t

dit DT V(ROS/N o 1)I 200t
P v dt 02]
| 100}

0720 2 4 % R
Timeuyfays)
RO > N/ S (O) i d]/dt > O Fig. 19.3. Influenza epidemic data (e) for a boys boarding school as reported in British Mz

Journal, 4th March 1978. The continuous curves for the infectives (I) and susceptibles (S)
obtained from a best fit numerical solution of the SIR system (19.1)-(19.3): parameter
RO < [ V /S(O) — d]/dt < O N =163, So = 762, I = 1, p = 202, r = 2.18 x 10~3/day. The conditions for an epiden

occur, namely S > p is clearly stisfied and the epidemic is severe since R/p is not small

¢ Ro: basic reproductive number



SIR on temporal netwgiks




= percolation

N

SIR on temporal netwg

P. Grassberger, On the critical behavior of the general
epidemic process and dynamical percolation, Math.
Biosci., 63 (1983), pp. 157-172.

Newman, M., 2002. Spread of epidemic
disease on networks. Physical Review E,
66(1), p.16128.

>
N




Comparison with null models

¢ Real data

e Time Shuffled data

P(dt) heavy tailed
Correlated bursts
Correlated tie activity
Temporal motifs

Tie dynamics

\_/

\_/

N\

\

P(dt) exponential

ncorrelated bursts
ncorrelated tie activity
o temporal motifs

O tie dynamics
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Data-driven simulations

¢ SIR model on real contact data

Ui,?]j,t U@,Uj,t
;’g’g;?g Select seed ;’g’g;g
y + y Sy
54631 infectineach  5,4,631 = (4)
3,7,782 Contactl Wlth 3,7,782
1ogoq PO 4 0 9o O
2. (,999 4,7,999

(©) i e @estebanmoro



Data-driven simulations

¢ SIR model on shuffled contact data

Vi, Vj, 1 Vi, Vj, T Vi, Uj, 1t

15412 12412 ., 12,412 %
03523 23523 . 23,523
54,631 — 15,631 infectineach 15631 =({f | (&

contact with
3,7,782 27,782 iy 27,782 ©
1,2,921 3,7 ,921 3,7,921
2,7,999 5,4,999 5,4,999

Real data Shuffled data
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Spreading including tie activity

e Spreading (SIR) on contact networks < I >
. Tij 5tij
e Hypothesis: i — o s |
® |n every contact there is a | | ; n | |
probability A to infect * 1 ] | | |
e Nodes only remain infected for a ta
time “’[" ~ 1/7“

* Transmissibility: probability that /
infects j after being infected at t,,

Miritello, G., Moro, E. & Lara, R., 2011. Dynamical
strength of social ties in information spreading.
Physical Review E, 83(4), p.045102.
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Spreading including tie activity

* Transmissibility: i — ] > > —

723’ = 1 — (1 — )\)nij(to‘) * —

® Wwhere

n;;(te) =numberof ¢ — j eventsin
the time interval [ta, to + T

() &t v @estebanmoro




Spreading including tie activity

e Assuming * — 2 contacts are independent and equally probable in the
observation period

TiiAT) = (1= (1= Aty

Tij AT = Z P(n;; =n;T)[1 - (1 —=A)"]

n=0 T

Probability of having n interactions between
jand/ in a time interval of length T

(@) @it v @estebanmoro



Spreading including tie activity

Tij A T] = ZP(T%;‘ =n;T)[1 —(1—A)"]

e (General process. Approximations

f AKC1=1—(1-X)"~An

- o= oy
= = N

e waia @eSstebanmoro




Spreading including tie activity

*A~1
e Probability of no event PZ%-

P = P(n;; =0;T) =

10' |- Lo I- Lot I- L1 1111106
10°® 10™ 102 10 10

Tij [ Oti;

Long waiting times (bursts)
make transmissibility smaller

ﬁj:l_ﬂ(}
Tij < Tij

(@) it s @estebanmoro




Spreading including tie activity

e Smaller transmissibility =
e Slower propagation

e Smaller propagation

¢ [ransmissibility can be used to
predict the dynamical percolation
transition

vy m

| | | | | oS, O
20 40 60 80 100 0.05 0.1 0.15 0.2

(5 Tip)2hi — (X, T2y, L (mdays \
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Other models

Random Walks Voter Model

0 0 Density of active links
10 [T [T TTITm) [T
! Averaged over all runs
) E 1 T | T | T | T | T 0.!
107
E — SRep 0.1k 0«
10'4 . — SRan ' ;
— SStat - 0.
— - th. pred. - .-
Z -GEA_LLIIIII I 4vvom I vovum IEET 0'0] E-
=10~ 2 0 2 - 0
O 10 10 10 10 - ol
0 0
10 e 0.001 -
0.
o - | | | |
0.0001 e L l (
102 0 50 100 150 200 250 300
A Survival probability
10
— Keeping corrclations and frequencies
-4 I I I -4 L 4 vium | 4 vvm l 1 . .
10 u u - 10 - - ——  Keeping frequencies
10" 107 10° 10° 10" 10 ! 10 10 107 Onl;')oggi::l —
pt/N ——  Randomized network
Starnini, M. et al., 2012. Random walks on
temporal networks. Physical Review E, V. Equiluz & EM, unpublished, 2011
85, pp.056115-056115.
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Spreading including tie activity

¢ Some data/models shows that burstiness accelerates contagion

Rocha, L., Liljeros, F. & Holme, P., 2011. 0
Simulated epidemics in an empirical
spatiotemporal network of 50,185 g 04
sexual contacts. PLoS Computational ~
Biology, 7(3), p.e1001109. 0.2

0

Takaguchi, T., Masuda, N. & Holme, P., 2012.
Bursty communication patterns facilitate
spreading in a threshold-based epidemic
dynamics. PLoS ONE, 8(7), pp.e68629—
€68629.

A

I I |
—  Empirical
Randomized

_

o

0

0.6
I.
< ’> 0.4

200 400 600
Time (days)

0

(a) m original

200 400 600
Time (days)

1
0.8

0.2
0

O randomized

(c)

200 400 600 80
Time (days)

R Universidad
& Carlos Ill de Madrid
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Spreading including tie dynamics

¢ Real data

()
e Shuffled data (1)

()

e Shuffled data (2

()

P(dt) heavy tailed
Correlated bursts
Correlated tie activity
Temporal motifs

Tie dynamics

P(dt) exponential
Uncorrelated bursts
Uncorrelated tie activity
No temporal motifs

No tie dynamics

P(dt) exponential
Uncorrelated bursts
Uncorrelated tie activity
Temporal motifs ?

Tie dynamics

@) et 0 @eStebanmoro




Spreading including time dynamics

e Burstiness + conservation of ties

800

S — — — — — — — — — —
"—

600 —
N
o i
N—"
V)
~— 400 —]
real-time data -
overall shuffled data
200 intra-tie shuffled data
O "‘ | | | |
0 50 100 150 200

t (in days)

250

(2

(2

(2

e Half of the slowing effect comes from destroying tie dynamics in the shuffling

Springer.

Miritello, G. (2013). Temporal Patterns
of Communication in Social Networks.
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Spreading including geography

e Reminder: the fraction of unstable links is high at larger distance

¢ \Ve consider another shuffling: we only shuffle ties within geographical areas

Real

random

¢ \Ve study propagation of information across geographical areas with the SI model

e A geographical area is “infected” if at least a fraction of the nodes in the area is
infected.

Universidad

Carlos III de Madrid @eStebanmorO




Spreading including geography

¢ Information spreads geographical much slower than in the shuffled case

e Most of the slowing down of information diffusion comes from inter-city links.
Those links are the most unstable

<# postcodes>

500 1000 1500 2000 2500

0

—— Real

—— Random
—— Internal Random

1.9e+07

2.0e+07

2.1e+07

Time

I
2.2e+07

I
2.3e+07

3 &  Universidad

& Carlos Il de Madrid
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“ 1997 Ted Goff
1

rr\m - e w Oe g o A
L eQ G.— ? 4* O ‘ ‘-*a S:

P -

"Now that's what | call a breakthrough!”

Applications to real world



Information

e Hoaxes prevail for years

€ = C  © www.veuve-clicquot.com

. IMDbTop250ent: (DCC (DAc2 [Ejrbk ) BlogAdmin Y Google Reader

A | DR NN Al

Al ERTE CANULAR

Hello all Champagne lovers.

Send this message to 10 people, with a copy to [EMAIL ADDRESS REMOVED]
Veuve Clicquot France will contact you in order to deliver to you a case of

champagne in three weeks.

They are doing this to enlarge their database. It does work and you receive 6
bottles in 15 days.

Salut a tous les amoureux du champagne.

e i @estebanmoro



Viral marketing experiments

«‘(f‘/“\f P A7

e \/iral marketing campaigns IBM.COM
e 2003-2005 IBM.COM :
e 30000 B2B clients o o Scconday RN 3

(vire. ) | 2

e 11 european countries

e 2 months of campaign : i =

Banners,
e-mail T e
Search ads y (R —

ss SYTEEETT

@® Direct @

B et e

)"
’ s 3 I

° ®
. gy W N -
Nodes&llnks | ®
p < base
4
4

-
-

4
o .
ansied - @estebanmoro



Sack-of-the-envelope calculation

* Assuming S
® constant response time C O
O
e and number of “infected” O : ~
friends N @ Q.
e \What is i(t), the number @ = \: ® O
of infected people at @ O % = O
o )
time t? ® - A ® @ ~
- @ > ®
R() O O
< = > O ()
1 + R R? RS o X
0 _I_ 0 _l_ 0 _|_ RO _|_ RO _l_ vt
di Ryp—1 . .
=0 i(t) = i(0)e™
dt T

® Unive
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Viral marketing experiments

e \/iral marketing campaigns prevailed for weeks/months

IIII ] ] IIIIIII ] ] IIIIIII
4.4 |

4.2 -

4.0 -

3.8 |-

3.6 |-

Avg. cluster size <s>

3.4 -

32k A -

LLill 1 11 1 I
1000

10000

Reescaled elapsed time (min.) awd 0 @estebanmoro

3.0 1 1 IIIIIII 1 1 IIIIIII 1 1 IIIIIII IIIIIII
0.1 1 10 100 100000




Sellman-Harris process

® [he process is characterised by the distribution of numlber of recommendations

and response time P(k) |P(r)] G(7)

(@) o ,.e @estebanmoro




Bellman-Harris Process

¢ |t |s the well-known Bellman-Harris Process

i(t) =1— G(t) + Ry /t dG(t) i(t — 7)

e where Ro is the secondary reproductive number and ’L(t) — <[ (t)>

¢ [he dynamics is determined by the tail of the distribution

Theorem. (Athereya & Ney '70s) If Ry < 1 and G is in the sub-
exponential class ., then
| 1 — G(t)
) ~
i(t) ~ —— R

£ Universidad
() Coroitaenians @EStEANMONO



Information travels in logarithmic time

e Prevalence

i(tf) ~ 10_3
ty ~ 12 days
ty >~ 2 months

i(tf) — 1074
ty >~ 17 days

(@) &t v @estebanmoro




Information spreading is dominated by the
tail of the distribution

\%

V

¢ t
Homogeneous response time Heterogeneous response time
(exponential) (subexponential)

1. lIribarren, J. E. L., & Moro, E. (2009). Impact of human activity patterns on the dynamics of information diffusion,
103(3), 038702-038702. http://doi.org/10.1103/PhysRevl ett.103.038702

2. lIribarren, J. L., & Moro, E. (2011). Branching dynamics of viral information spreading, 84(4), 46116. http://doi.org/
10.1103/PhysRevE.84.046116

(@) e . @estebanmoro




Individual activity and socio-economical

situation

Hypothesis: our activity in
social networks is correlated
with our socio-economical
status

Geo-localized tweets in Spain

e From 29th Nov 2012 to
30th June 2013

e 19.6 million tweets

e 0.57 million unigue users

00:02



Number of tweets

Individual activity and socio-economical

situation

e Qur daily activity is impacted by our socio-economical situation

e At the individual level

40
20 30

20
10

10
0 4 8 12 16 20 24 0

Hora
working

8 12 16 20 D4
Hora
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Individual activity and socio-economical
situation

e Qur daily activity is impacted by our socio-economical situation

e At group/city level

"1 Sobrarbe, 7% unempl.

Fracction of tweets

Criiaenaia @€STEIDANMOrO



Explanatory power of Twitter variables

e Simple linear regression

= ] Penetration

20 25

o Entropy (social)

15

Activity (morning)

10

N
\
\
\
N
NN
RN
NN
\
\ NS TN
\ NN SN
\ [N
\ \
\ \
\ \
N N
\
AN
\
\
\ LN
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\
\
\
N
\ \
N
\
\
\
N A v
\ \
\ v

#misspellers

“ :%2 — O 64 "unemployment"

,5 | 10 15 20 25 0 10 20 30 40
% Unemployment (real) % weight in the model

% Unemployment (predicted)

Llorente, A., Garcia-Herranz, M., Cebrian, M., & Moro, E. (2015). Social media
fingerprints of unemployment. PLoS ONE, 10(5), e0128692. http://doi.org/
10.1371/journal.pone.0128692
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Researcher Data scientist Policy maker

Researcher —ditor Referee
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Are we really wrong"?

Model Error = Model[variables] - Official unemployment

30% -
20% - ‘
10% -
1 S E———. . o

Error

_ 0]
107 Model predicts
there is “less
_ 0]
207 unemployment” in
areas with more
shadow economy | | |

e v 25 30 35

% Shadow Economy *
(* GESTHA report 2012)

-309
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