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Branching Processes

* Francis Galton proposed a formulation to understand the likelihood of
a family name staying alive in Educational Times 1873 through the
following question

PROBLEM 4001: A large nation, of whom we will only concern ourselves with adult
males, N in number, and who each bear separate surnames colonise a district. Their
law of population is such that, in each generation, ay percent of the adult males
have no male children who reach adult life; a; have one such male child; a, have
two; and so on up to as who have five. Find (1) what proportion of their surnames
will have become extinct after r generations; and (2) how many instances there will
be of the surname being held by m persons.”

138 WatsoN and GALTON.— Eztinction of Families.

Mr. Galton then read the following paper by the Rev. H. W,
Watson and himself:

On the PROBABILITY of the EXTINCTION of FAMILIES. By the Rev. RevH. W
H. W. Warson. With PreraTorY REMARKsS, by Francis o Bfe
Gavton, F.R.S. Watson

naXys Seminar THE decay of the families of men who occupied conspicuous po- 3 @obrienj_
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Branching Processes

While classically used for biological purposes - recently have been used to
describe popularity dynamics including:

Citation dynamics

 M.V.Simkin and V. P. Roychowdhury, 58, 1661 (2007).
Viral marketing

« R.VanderLans,etal., 29, 348 (2010).

 J.L.lIribarren and E. Moro, 84, 046116 (2011).

Social media cascades

 0O.Yaganatal., 31,1038 (2013).

e J.P.Gleesonetal, 112,048701 (2014).

« J.P.Gleeson atal., 6,021019 (2016).

naXys Seminar W @obrienj_



UBER I'acechook

SKkype
o ok 594 g TUTTE
Buzziced @ g YOUTUBE
“ li’() Q ’ Q;()()
RUAT crery Instagram

284722.~ M TE «Onssm

Tinder il AY \© PINTEREST

590278 @/ 4“5
VINE . APPLE

1,041,666  Awazon .um.. Netflix. <1 000
4,310 34; 77160




Empirical cascades

x views (t,=20d) x votes (t.=ly)

J. M. Miotto, E. G. Altmann, Predictability of Extreme
Events in Social Media. 9(11) (2014)
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Empirical cascades
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J. Leskovec et al. "Patterns of cascading behaviorin
large blog graphs."
(2007).
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A. N. Medvedev, R. Lambiotte, and J.-C. Delvenne. "The
anatomy of Reddit: An overview of academic research."

Springer, Cham, 2017(2017).
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Empirical cascades

MULTI-NETWORKING
Average number of social media accounts held by internet users
Over time - global average By Region - 2017
Asia Pacific 8.6
|
Europe 6.8
|
Latin America 9.1
.
Middle East and Africa 7.9
|
4.3 e |
North America 6.6
|
2013 2014 2015 2016 2017

Dave Chaey. Global social media research summary 2017. Smart Insights: Social Media Marketing, 2018.
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What we want to obtain

* A model which can capture the
features of empirical data.

* Uses the exact network topology
(rather than ensembles of random
graphs).

 Considers the fact that different users
have different behaviours.

* Allows users to have accounts on
multiple platforms.
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Maths behind the memes

Each edge, so either between ‘friends’ or the user’s other accounts will
have its own probability generating function which determines meme
popularity

—~

00 min(4,a) a—T _ _ N
o) — / ri exp (—7:f) exp {(1 Y / i / i(a—7—7) [1- Riy(Fiz) dt} ar.
0 0 0

network Innovation  Activity rates Memory time distribution
structure probability
Interestingness Cross platform sharing

Rij(a; CE‘) =T (1 — )\ij + )\ij Hij(CL; 35’)) {1 — Cyj + Cij H (1 — )\jl + /\jl HGlm(CL;.’B))] } .
k m

[

Difficult to work with, but can do some analysis...
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Criticality of the system?

The so-called ‘Mean Matrix’

N (cij + Xig) (1 — p14) Bi
pilBi + 2 0 AkiBe + D CkiBr + Dk [ Aki (O cikBi)]

mij
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Criticality of the system?

The so-called ‘Mean Matrix’

N (cij + Xig) (1 — p14) Bi
pilBi + 2 0 AkiBe + D CkiBr + Dk [ Aki (O cikBi)]

Criticality of the system is determined by the largest eigenvalue of this
matrix

mij

p <1 = Subcritical
p =1 — Critical
p > 1 — Supercritical
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Criticality of the system?

pi =0

In this case the mean matrix simply has elements given by

_ Aij Bi
> o ki Bk

mij

We can show that the largest eigenvalue in this case is exactly 1, a critical
system, generalizing the result of Gleeson et al. ( ).
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Criticality of the system?
pi =0

In this case the mean matrix changes slightly

_ (A= i) AisBi
wilBi + > 1 AkiBk

mij

Using perturbative arguments we can show that in this case the largest
eigenvalue is less than 1, i.e., a subcritical system.
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Criticality of the system?

Cijy i = 0
We are now back in the case we showed originally

N (cij + Xig) (1 — p14) Bi
pilBi + 2 0 AkiBe + D CkiBr + Dk [ Aki (O cikBi)]

mij

In this case the analysis is difficult but some perturbative results may still
be obtained, and in fact for small crossover probabilities we find that the
change depends on the existence (or not) of a dominant layer...
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Criticality of the system?

Cijy i = 0

If a dominant layer exists, the criticality of the system is
dependent purely on this dominant layer. p; > ps ..

'

If two or more layer’s largest eigenvalue are approximately equal
however theresultis lessclear. p1 =~ p2 ,,

and as such we resort to numerical simulations.
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10° 10° 10*
popularity n
DE = k_3'5 & k_2'5

Die k3'5 k2'5
C P P1 P2
0 0.9368 0.9368 09217
10~% | 0.9317 0.9317 0.9270
1073 | 0.9306 0.9306 0.9189
10~1 | 0.8470 0.8213 0.8108
0.8 | 0.6543 0.4543 0.4346

Largest eigenvalue of entire system,
and also both layers, for various ¢

values
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Predicting Content Popularity and Self-exciting Processes

J. Cheng, L. Adamic, P. A. Dow, J. M. Kleinberg, and J. Leskovec. Can cascades be predicted? Proc. WIWIW23,

925-936. ACM, 2014.

* J.M. Miotto and E. G. Altmann. Predictability of extreme events in social media. PLoS One, 9(11):e1115086,
2014.

* L.Weng, F. Menczer, and Y. Ahn. Virality prediction and community structure in social networks. Scientific
Reports, 3:2522,2013.

* R.Bandari, S. Asur, and B. A. Huberman. The pulse of news in social media: Forecasting popularity. Proc. AAAI

CWSM6, 2012.

* S.Mishra, M. A. Rizoiu, and L. Xie. Feature driven and point process approaches for popularity prediction.
Proc. ACM IIKM, 1069-1078. ACM, 2016.

* Q.Zhao, M. A. Erdogdu, H.Y. He, A. Rajaraman, and J. Leskovec. SEISMIC: A self-exciting point process model
for predicting tweet popularity. Proc. ACM SIGKDD, 1513-1522. ACM, 2015.

* R. Kobayashi and R. Lambiotte. TiDeH: Time-dependent Hawkes process for predicting retweet dynamics.
Proc. AAAI CWSM10, 2016.

* M. A. Rizoiu, L. Xie, S. Sanner, M. Cebrian, H. Yu, and P. Van Hentenryck. Expecting to be HIP: Hawkes intensity
processes for social media popularity. Proc. WIWIV26, 735-744. ACM, 2017.

» Work generally based on intensive numerical computation rather than mathematically tractable models.
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What is a Hawkes Process?

Process
Poisson process
Inhomogeneous Poisson process
Hawkes process

Expected no. of events
A dt
A(t) dt

@ + 25 (¢t — 1)l d

t

P time
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What is a Hawkes Process?

Fithess Memory kernel

At) =p(t)+ > ot — )

Background intensity o _
Excitation Function

P time

3 T 4 t t—|_dt
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Example Kernels

The most well known kernel is constant background intensity with exponential
memory, particularly in finance.

M) = Ao+ ) Be 7T,

T, <t

another commonly used kernel is that of the shifted power-law generally used in
seismology.

At)=Xo+&) B (t—7+c)” A

T, <t
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Branching Process Description

In each time interval (t, t + dt)
someone may
* Reply to the original post w.p.

u(t) dt
* Reply to areply made at time 1;

w.p. £ p(t — 1;) dt

> time

o : ¢
1(t1) dTT

§P(t2-71) dTT

pu(t3) dt

EP(14-12) dt
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Branching Process Description

The main quantity of interest is the
probability of having m replies
when the thread has age t - q,,,(t)

7:0=0§ Tlé Tzé Tgé T4§ Q )
H(t;z) = Z G (t) T™ i —> time
m=0
® O § O ;

. p(tq) dt ‘

Ho) =vep{ [ G- yin) = dy}. soma]
t pu(ts) dz

Glti) = exp {¢ [ o(w) (Gt —wio) - 1] du —

0
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Branching Process Description

Number of Events

Time

naXys Seminar

Calculate the expected number of events in
Laplace space through

ey = Ly 9

5 s[1-€4(s)]

which may be analytically analysed in some
scenarios e.g., exponential case

- [t " 6(1£— g (e 1)] |
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Branching Process Description

naXys Seminar

Number of Events

Determine the distribution at any time via

1 d™
qm(t) = ﬁm—mH(taSE)

1
= —— ¢ H(t;z)z~ ™ dg,
271 C

x=0

which is evaluated numerically through inverse
fast Fourier transforms.
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Branching Process Description
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Branching Process Description

a0 @ Simulated Hawkes

=== Theoretical Mean

=== 95% Prediction Interval
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What About Prediction?

» time

To, T T T T, T Q

——

Observation window Prediction window

Length of prediction Fitness

No. events in .
window

observation window

Memory kernel

T n—1
I(r;x) = 2" exp —/0 u(r +ag —w) + Z EP(r+a; —w) | [1 —G(w,0;x)] dw
i=1

Background intensity Age of ith event at time T
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What About Prediction?
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What About Prediction?
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Simulation Results

100 l l l 50

i
= Simulated Hawkes : :
n === Theoretical Mean i -
c 80 95% Prediction Interval: 40 | "
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= 60 . 30 :
o : "
Q 40} : 20 | E
£ : :
>
Z 20+ ' 10 | .
0 . : L 0 I : |
0 5 10 15 20 0 5 10 15 20
Time Time
At) =Ko +€ ) BePlmm), ARy =Xo+&) B (t—7+¢)~ 0P,
T <t T <t
M=15 B=< ¢=08 =1 f=1, c=001, &=05

naXys Seminar W @obrien;j_



Empirical Data - Forocoches

« Spanish language discussion board created in 2003 with the purpose of talking about cars.

* Now the 52" most visited website in Spain with a wide-range of topics.

* Follows the usual dynamics of a discussion board where a user creates a thread which receives replies
that themselves may be replied to. Threads are ordered on the front page shows at most 40 by time of

last post.

* Thelonger the thread is on the front page more likely it is to be seen and replied to, so can be thought

of as a self-exciting process.

= 4 Un mallorquin recupera a su hija secuestrada durante 8 afios por su madre Hoy 16:00
b B.Samaritano Hidra 3J
=) ™ Me la quieren liar por Telegram. +PRV +CAPTURAS +POSIBLETROLEO (] 123456 78 ... Ultima Pagina Hoy 16:00
- The Treeman A TacoDeBillar 3J
=) 4 Venga shures toca disfrutar Hoy 16:00
=3 ZKB DonPingPong J
=) @ DiSioNoytevas. ([]12345) Hoy 16:00
- Joe Capacho comilk &J
=) MLaAolaB? ([]123) Hoy 16:00
- Reydelaspajas Amster 3
=) 4 Qué le pasa a Federico con Greta??? ([]12) Hoy 16:00
- UnCojonudo S.Dev 3J
4 Asi son muchos MGTOW y muchos Incel +video Hoy 16:00
Von Ribbentrop MrWrong 3J
@ PENA ESQUIZA DEPORTIVA Vol. 646 "LALETI, LA PUTITA DEL BARSA" -cholo +prv e
;ﬁ‘ ([]123456 78 ... Ultima Pagina) pin;/wzz'a
Red John
= 4 Vendo grupo de WeChat de 2011 por 350€ Hoy 16:00
- Alacran Reiben 3j

naXys Seminar
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Empirical Data -
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Empirical Data - Forocoches
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Empirical Data - Forocoches
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Issues With the Model

 We require enough activity in the observation period to provide accurate parameter

estimation.

* Inall of the above we have assumed constant background intensity so can capture the daily
variation in the number of users present online.

* In spite of this, we can provide useful predictions regarding future thread popularity with
results comparable to the current literature (without extensive numerical computations).
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Issues With the Model

* Werequire enough activity in the observation period to provide accurate parameter

estimation.

* Inall of the above we have assumed constant background intensity so can capture the daily
variation in the number of users present online.

* In spite of this, we can provide useful predictions regarding future thread popularity with
results comparable to the current literature (without extensive numerical computations).
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Conclusions

* Branching processes are extremely powerful tools in describing online
information cascades.
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Conclusions

* Branching processes are extremely powerful tools in describing online
information cascades.

* Developed a multi-type BP to capture the empirically observed cascades
on multiple social media platforms - generalizing the ‘competition-
induced-criticality’ result.

* Can fully describe the Hawkes process allgwin% new results to be
determined and allow theoretical predictions to be made for future
cascade dynamics.

* Plenty of scope for further extensions...

* Don’t prep a talk the day after a U.S. presidential election!!! %

naXys Seminar W @obrienj_



New Journal of Physics

( : o lla b o ra to rs & I h a n ks The open access journal at the forefront of physics loP
PAPER
@ CrossMark

Spreading of memes on multiplex networks

OPENACCESS
Joseph D O’Brien"’ @, [oannis K Dassios”® and James P Gleeson'
RECEIVED 1 A ACQ . e At efiee U Tnivercitn af | etk Tl
29 October 2018 MACSI, J_)de.-ltlntfnt of l\/[dtl‘lell‘ldt?tb and Statistics, University of Limerick, Ireland
2 AMPSAS, University College Dublin, Ireland
REVISED * Author to whom any correspondence should be addressed.
17 January 2019 :

PHYSICAL REVIEW E 101. 062311 (2020)

Quantifying uncertainty in a predictive model for popularity dynamics

J Gl Alberto Aleta
a m eS eeso n Joseph D. O’Brien®.! Alberto Aleta®.>? Yamir Moreno®,%3* and James P. Gleeson®'
. . . H 1 'MACSI, Department of Mathematics and Statistics, University of Limerick, Limerick V94 TOPX, Ireland
( U n I A Of LI m e rl C k) ( I S I FO u n d a tl O n 9 T u rl n ) Institute for Biocomputation and Physics of Complex Systems, University of Zaragoza, Zaragoza 50018, Spain

3ISI Foundation, 10126 Turin, Italy
*Department of Theoretical Physics, Faculty of Sciences, University of Zaragoza, Zaragoza 50009, Spain

M| (Received 26 January 2020: accepted 3 June 2020; published 22 June 2020)

Thank you for listening!

New J. Phys. 21 025001 (2019);
Phys. Rev. E, 101.062311 (2020)

loannis Dassios Yamir Moreno DA joseph.qbrien@ul.ie
(Uni. College Dublin) (BIFI, Uni. Of Zaragoza) © @obrienj_




