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In this paper, we compared two weblog classification methods for extracting reviews. So far, we proposed the
system for weblog search to get some reviews of products or services. And we proposed two approaches for that.
First approach is a way to classify weblog articles into personal ones and non-personal ones. Second approach is
a way to evaluate how much review information articles have and to rank these articles. We thought to improve
the first approach. And we compared classification methods. As a result, combination of Naive Bayes and EM
Algorithm performed better than combination of SVM and EM Algorithm. So we selected former method.
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