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Promising Entities Discovery Based on Network Analysis

Ta1k1 Mrvanisnl ,! Kazuniro Sk 2
and KUNIAKI UEHARA 3

This paper proposes a framework to predict future significance or importance
of nodes of a network through link prediction. The network can be any kind,
such as a co-authorship network where nodes are authors and co-authors are
linked by edges. In this example, prediciting significant nodes may mean to
discover influential authors in the future. There are existing approaches to
predicting such significant nodes in a future network and they typically rely
on existing relationships between nodes. However, since such relationships are
dynamic and would naturally change over time (e.g., new co-authorship con-
tinues to emerge), approaches based only on the current status of the network
would have limited potentiality to predict the future. In contrast, our proposed
approach first predicts future links between nodes by multiple supervised classi-
fiers and applies the RankBoost algorithm for combining the predicitions such

that the links would lead to more precise predictions of a centrality (signifi-
cance) measure of our choice. To demonstrate the effectiveness of our proposed
approach, a series of experiments are carried out on the arXiv (HEP-Th) cita-
tion data set.
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Algorithm Rankboost training process

Input: Given entities e1,--- ,em € &,
distribution D over £ x £ and a graph ¢* at time ¢
where
£ is the set of the entities
Initialize D1 = D
Generating link predictors {L}x from the graph g‘
where
{L}k is the function giving link occurrence probabilities to all entity pairs
Predicting K-th graph ¢'*' from {L}x
fork=1,--- ,K do
e Select pair (e;,ej) € € x € with dictribution D
e Get weak ranking hj from the graph gZH
e Update: ay = 3 In(3£2),
where 7 =3 Dy (hi(e:) — hi(ejy))
e Update: Diy1(es,e;) =

v Di(eire) exp(ag (hi(es) —hi(e))))
Zy,

where Zj is a normalization factor.
Zi =20, e, Drlei e5) exp(an(hu(e:) — hi(e;)))
end for

Output the final ranking: H(e) using the strong predictor L = Zle ak L
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