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* Business applications such as viral marketing
have driven a ot of research eftort predicting

whether a cascade will go viral.

* |nreal lite, there are very few truly viral
cascades.

* Previous research work* shows that temporal

features are the key predictor of cascade size.

* Justin Cheng, Lada A. Adamic, P. Alex Dow, Jon M. Kleinberg, Jure Leskovec:
Can cascades be predicted? WWW 2014: 925-936
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Observations in Twitter

Observation 1. Only the first re-sharer matters.

Pi(t) = hi(t, t;; ©) - dt

where j* = argmin ;{t;|u; € Followee¥ (t)}




Observation 1. Only the first re-sharer matters.

Pz(t) — hz‘(t,tj*; @) - dt

where j* = argmin ;{t;|u; € Followee¥ (t)}

Observation 2. The chance of a tweet to be
retweeted decreases as time goes by.

Pi(t) = hi(7;0) - dt

where r=t —t;~ and h;(7)Is a decreasing function.
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Hazard Function Design
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H(t)
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Hazard Function Design

Ht)=~ = Ft)=1- e > Exponential distribution
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Hazard Function Design

Ht)=~ = Ft)=1- e > Exponential distribution
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1 —e % Exponential distribution

Weibull distribution

I) H(0)=0.
) H(oco) = —log(l — F(c0)) < oc.
III) H(7) is an increasing function of 7.
IV) h(t) = dg,(:) is a decreasing function of .
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Hazard Function Design

I) H(0) =0.
II) H(oo) = —log(1 — F(o0)) < oo0.
II) H(T) is an increasing function of .

IV) h(r )— (T) is a decreasing function of 7.
H(n)=A-(1-(=+1)"F
(87
dH(T) 5 T —(B+1)
h(r) = S W (A
(7) dr x (a )
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Hazard Function Design

H(r)=A-(1-(=+1) %

87

shape parameter
scale parameter

F(o0) =~ H(0) = A
describes the eventual re-tweeting probability ( ~' )
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Hazard Rate lllustration
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From a Singapore based Twitter data set, we get all the
retweets to construct retweeting cascades. In all we get
2,425,348 cascades.
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TM: Threshold Model
hi(t) = A- s(|Foll0wee(i) (t)])
1

where s) = T
TCM-CH Constant Hazard
HO=X-7 k()= dfd{f) =)\
TCM-EH Exponential Hazard
B =A- (- nir) = Dy g emtr

TCM-LH Long tail Hazard (our proposed)
H(r)=X- (1 - (g f) n) = D BT g6
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Probabilistic Model Fitting

For each cascade, observe its development in first Ty for
training, and the next AT for testing.
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Probabilistic Model Fitting

Real Cascade
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Predicting Cascade Growth
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Random Without With
Alreshoid | vieasure Guessing | Simulation | Simulation
Recall 0.4817 0.4535 0.6254
20 Precision | 0.0034 0.7285 0.5678
F1 0.0068 0.5590 0.5952
Recall 0.5764 04716 0.5808
25 Precision | 0.0026 0.7500 0.6215
F1 0.0053 0.5791 0.6005
Recall 0.4600 0.4333 0.5667
30 Precision | 0.0014 0.6915 0.6071
F1 0.0027 0.5328 0.5862
Recall 0.4653 0.3762 0.5446
35 Precision | 0.0009 0.6909 0.5612
F1 0.0019 0.4872 0.5528
Recall 0.4545 0.2424 0.4697
40 Precision | 0.0006 0.6667 0.4247
F1 0.0012 0.3556 0.4460
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