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Significance Analysis of Papers based on Occurrence of Terms
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Recently there are many datasets where entities are connected by links and the importance of entities are
measured by the link structure. Examples include academic papers, in which the importance of a paper is measured
by the number of citations. Because it is sometimes difficult to obtain the link information, we can use a set of
features as a surrogate of the link information. In this paper, we propose a new method to measure the link-based

importance of entities without using explicit link information.

Features which co-occurs with the existence of

links are extracted, and added as nodes to a network composed of entities. Our graph-based ranking algorithm
can estimate the importance of the entities and the features simultaneously. We conducted an experiment on the
scientific papers dataset and compared the results with an existing algorithm.
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