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An entity may have multiple name aliases on the Web. Identifying aliases of a name is important to extract

precise information of entities.

In this paper, We try to extract an alias ranking of a given name using word

co-occurrence network. In the network, nodes are words which frequently co-occur with a given name, and an edge
represents existence of a co-occurrence relation. We rank each node based on structural similarity to a given name.
Experimental results on a dataset of Japanese celebrities show that the proposed method outperforms all baselines.
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Score(w) = |1hop(w) N 1hop(Name)] (2)
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