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Author-Topic Evolution Model and Its Application

in Analysis of Research Interests Evolution
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Abstract One of the key problems in upgrading information services towards knowledge services is to automatically
mine latent topics, researchers’ interests and their evolution patterns from large-scale scientific & technical literatures. Most
of current methods are devoted to discover static latent topics and research interests. Nevertheless, previous evolution
analysis research mainly focuses on analyzing intra-features of documents, namely documents’ text content without
considering directly extra-features of documents such as authors. To overcome this problem, on the basis of Author-Topic
(AT) model and Topics over Time ( ToT) model, Author-Topic over Time ( AToT) model is constructed in this study, and
Gibbs sampling method is utilized to estimate corresponding parameters. This model is not only able to discover latent topics
and researchers’ interests, but also to mine their changing patterns over time. Another way to say this is that our AToT
model combines the advantages of AT and ToT models. Finally, the extensive experimental results on NIPS dataset with

1740 papers indicate that our AToT model is feasible and efficient.

Keywords topic model, author-topic (AT) model, research interests analysis, gibbs sampling, perplexity
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