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Summary

This paper proposes a framework to predict future significance or importance of nodes of a network through
link prediction. The network can be of any kind, such as a co-authorship network where nodes are authors and co-
authors are linked by edges. In this example, predicting significant nodes means 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 continues 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 classifiers and applies the RankBoost algorithm for combining the predictions
such that the links would lead to more precise predictions of a centrality (significance) measure of our choice. To
demonstrate the effectiveness of our proposed approach, a series of experiments are carried out on the arXiv (HEP-Th)
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7. O g

0000000 RankBoostOOOOOODOO 2000
oooD30000

0 3 RankBoost OO OO0

Top Centrality 1 p c
5 Betweenness | 900 5 | Bet
5 Closeness 1000 | 5 | Clo
5 Degree 1350 | 10 | Bet
5 PageRank 1050 | 10 | Bet
10 | Betweenness | 950 | 10 | Bet
10 Closeness 850 | 10 | Bet
10 Degree 1400 | 10 | Bet
10 PageRank 1150 | 10 | Bet
20 | Betweenness | 1150 | 10 | Bet
20 Closeness 1100 | 5 | Bet
20 Degree 1350 | 5 | Clo
20 PageRank 1300 | 5 | Clo
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