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Network of posts in the
905P Blogosphere

J kovec, M. McGlohon, C. Faloutsos, N. Glance, and M.Hurst. Cascading behavior in large blog graphs. In Proc. ICDM, 2007
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What factors affect

e.g.topicality of user

e.g. +ve or -ve emotion

) | Structural
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e.qg. time between re-shares e.g. weiner index
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. Uniformly at random pick a blog u, mark it as
infected and add to the cascade graph

. Infect each of its directed neighbours with probability

. Add the newly infected nodes {vq,vs,...,v,} to the
cascade

. Set the state of node u as not infected or susceptible.
Continue recursively from step 2, until no nodes are
infected.



Top 10 most frequent cascades generated by
Cascade Generation Model




SEISMIC:

| for Information cascades

A Self Excitation Mode

Given tweet and retweets upto time “1T”, can
we predict its final popularity...?




r SEISMIC

Defining Intensity fo

Poisson Process: Ay = A\

Infectiousness: “probability” of retweeting

At = P46 Dy, <4 (= 1)

“Rate of viewing”

(Intensity of arrival of new newly exposed nodes)
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Firefighti'S

Cascades Detection .
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