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(< How does information spread on social networks?
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Image credit: all-free-download.com
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What are the main forces behind the success/failure of memes?
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H1: The social network
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(a) Random network

(b) Scale-free network

pk)
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(D H1: The social network

Complexity

1000 -
o Sl 1.514
1005 ope: -1.
107108 L 1000 | /
° 10715
? 1020 |
= - 1075
1020 § ol
135 | Slope: -1.611
1040 F
10730 1045 2 8
1050 L 1 L 1 /| 1 )
< 1000 1010 1020 1030 1040 1050 1050
-
Degree (
10040 -
1050 | /
. Slope: -2.602
0™
o
EE———ESD
S ]
10,7_0 1 1 I 1 J
100.0 1010 1020 1030 104.0 1050 1060

Degree

Sziile, J., Kondor, D., Dobos, L., Csabai, |., & Vattay, G. (2014). Lost in the city: revisiting Milgram's
experiment in the age of social networks. PloS one, 9(11), e111973.
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H2: Exponential growth and selection
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(D H2: Exponential growth and selection
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dN

% S i

dlog(N)
dt

= log(x) + log(€)

where log(€) is a
Gaussian random
variable

Number of new tweets
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Can we tease apart the role of the network and growth?

Can we measure selection acting on information?
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Social media platforms - Twitter as a research tool
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The Twitter APl enables programmatic access to Twitter in unique and advanced ways. Tap into core elements
of Twitter like: Tweets, Direct Messages, Spaces, Lists, users, and more.
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Tweets + re-tweets

Language Covid Music Film
Portuguese 66 185 221 24 375 572 2 928 429
Italian 6 738 712 1016 834 995 971
German 13 566 605 447 831 444 034
Dutch 7 159 327 191 366 186 972
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The data

Tweets + re-tweets

Language Covid Music Film

Portuguese 66 185 221 24 375 572 2 928 429

Italian 6 738 712 1016 834 995 971

German 13 566 605 447 831 444 034

Dutch 7 159 327 191 366 186 972

Accounts Original tweets

Language Covid Music Film Covid Music Film
Portuguese 6914 262 3905141 2028429 20595795 13251392 7 888 742
Italian 728 279 728 279 728 279 2719 436 490 764 638 865
German 808 096 154 463 170 588 5 392 367 324 803 297 891
Dutch 461 353 69 203 95 396 3 293 620 138 851 115 969

April 2020 to June 2021
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(D Important definition

Cascade: Set of identical tweets, probably originating in a single seeding event.
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oIS Twitter time
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Number of tweets per hour
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(< 3-parameter model
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= 3-parameter model: The size distribution
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If we let all cascades grow to
maximum size, (i.e., t—+«),
then:

dN
dt

N{#) = (D) «eVoe =2 ="
lim N(t) = e"/*

t—00

= (3_g't
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= 3-parameter model: The size distribution

Complexity

If we let all cascades grow to
maximum size, (i.e., t—+«),
then:

dN
dt
D@} = (D] ug e =5 &

g D)= (

= (3_g't

Fithess
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= 3-parameter model: The size distribution
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If we let all cascades grow to What is the distribution of
maximum size, (i.e., t—+~), cascade sizes (f(N)), given a
then: certain distribution of
fitnesses (g(w))?
av
— = a- € 1
dt f(N) = < - g(log N)

N(t) = N(0) - gZ/se =2 ="""/s
live Ni{(T) = (
t—o00

Fithess, o
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= 3-parameter model: The size distribution

Complexity

What is the distribution of

If we let all cascades grow to cascade sizes (f(N)), given a
maximum size, (i.e., t—+«), certain distribution of
then: fitnesses (g(®))?
1
dN ., f(V) = = - g(log N)
— = a- €
dt

Example: g(®) is exponential

() = DY «ge == =5
tlim Nijl) = ( gw)=x-e
—00

\ - e—)\-log(N)

Fitness, ® f(N)=X-N—21
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= 3-parameter model: The size distribution
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T What is a good model for the fitness distribution?
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= Gamma
Q
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0 Generalized Gamma
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Scale (o)

Cox, C., Chu, H., Schneider, M.F., Munoz, A.: Parametric survival analysis and taxonomy of hazard functions
for the generalized gamma distribution. Statistics in medicine 26(23), 4352—4374 (2007)
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N Fitting cascade size distribution
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N Fitting cascade size distribution
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-3 Parameters of fitness distribution
Language Dataset A o B location
Portuguese  Covid 0.2 1.28 2058 -0.35
-2 Music 0.29 169 19.33 -0.21
Film 029 157 1811 -0.22
2 Italian Covid 1.28 156 -0.20 -0.27
18 Music 1.45 179 -0.51 -0.23
& Film 036 135 113 -0.31
German Covid 196 153 -1.84 -0.23
Lo Music 222 208 =157 -0.15
Film 198 205 -1.20 -0.17
Dutch Covid 0.64 1.23 3.51 -0.39
i Music 076 126 2.80 -0.33
: Film 1.32 182 0.46 -0.21
0 1 2 3
Scale (o)
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Shy s Intermediate conclusions
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We introduce the concept of twitter time

We show the social network is not necessary to reproduce the cascade
size distribution

The distribution of fitnesses is well approximated by a generalized
Gamma distribution with an exponential-to-heavy tail

Lilia Perfeito



T Dissecting the parameter space a little further
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Another way to estimate the distribution of fithess parameters: fit each cascade 1 by 1

Time consuming, not applicable to all cases
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(D Dissecting the parameter space a little further
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Dissecting the parameter space a little further
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(D Dissecting the parameter space a little further
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(D Dissecting the parameter space a little further
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How can we separate them?
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Can we tease apart the role of the network and growth?

Can we measure selection acting on information?
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Back to the questions

Q1: Can we tease apart the role of the network and growth?
A1: The network is not necessary.

Q1.1: Which one explains more of the variability in the data?
Q2: Can we measure selection acting on information?

A2: Yes

Lilia Perfeito



= Simulating tweets spreading on a social network
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k)

1. Build the network (1000 nodes)

a. Un IfO I"m/ Poisson (a) Random network (b) Scale-free network P
b. Realistic, ie, powerlaw

2. Choose a node at random to post the tweet

3. Lettweets spread

a. Following p;(share) = k; - a, - e 9"
b. Introducing a set of resistant nodes

4. Repeat thousands of times, find the simulation parameters that best fit the
data (Approximate Bayesian Computation)

5. Compare the goodness of fit of the best model without network with the best
model with network

Lilia Perfeito
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(D Outlook
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Simple vs complex contagion
Introducing heterogeneity in nodes (personality types)
True vs misinformation
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