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Abstract Doe to growth of blogs, There are certain needs for gathering useful and extracting information from
them. There have been proposed approaches that are trying to extract topics from blogs. However, there are still
difficult issues to cut out appropriate topics for various needs. It is needed to analyze the same topic from multiple
aspects according to each situation rather than static aspects. Therefore, it is very important to extract topics from
a large number of blog articles in several aspects. In this paper, We focus on topic extraction from blog articles
that are demanded to be analyzed from multiple aspects. In this paper, we propose a method for adaptive topic
extraction in various aspects from the specified blog articles by using grammatical characteristics of words that are
related to the aspecs. Locally Weighted Clustering is applied for this purpose.
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