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In these days, e-commerce has been expanding with the spread of the Internet. Along with this, reviews for
purchasing transaction have been increasing. When a user wants to know goods and services, it takes a lot of time
to read all reviews about them. So, quickly understanding outline of the evaluation items is needed. Topic model as
represented by Latent Dirichlet Allocation (LDA) can infer topics in documents, without learning data, which can
classify evaluation items into topics. However, it is difficult for most of the topic models to get fine-grained topics.
When increasing the number of topics, similar topics tend to be generated. In this paper, we propose a method
to subdivide topics by the use of dependency information and demonstrate the utility of the proposed method by
evaluating the uniformity and the independence for each topic. Moreover, we propose a visualization method of

the hierarchical topic structure in the reviews.
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