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early prediction of cascading outbreaks by OSLOR.
Minimizing target:
F(@) = T,(@) + Ta(@) + Ty(d)
T,(f) = = log Lif T;(0): the target of logistic regression.

T2 = ’:Lf Z'Hﬂxvgﬂ: T,(0): The powerful users should have

OSLOR: Orthogonal Sparse LOgistic X minimum redundancy.

Regression F3(8) = ¥l T5(0): The powerful users should be limited.
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» Basic Hypothesis: User behaviors cause outbreaks — all cascades
—— outbreak cascades size in [543, 1200]
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Prediction results of different methods with outbreaks!

different early stage time.
»Our approach performs best
» Data driven approaches outperforms topology-based
approaches

»Big nodes’ participation will cause outbreaks in most cases
»Only a part of outbreaks are caused by big nodes
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