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Abstract When we apply binary classification to multi-class classification for text categorization,
we use the One-Against-All method generally. However, this One-Against-All method has a problem.
That is, documents of a negative set are not labeled by human. Thus, they can include many noisy
documents in the training data. In this paper, we propose that the Sliding Window technique and the
EM algorithm are applied to binary text classification for solving this problem. We here improve binary
text classification through extracting noise documents from the training data by the Sliding Window

technique and re-assigning categories of these documents using the EM algorithm.
Key words : Text Categorization, Binary Classification, EM Algorithm, Sliding Window
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ﬂ:ﬁgjig s +3.05 +256 +0.86
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ship 197 6293 +9.11 +45 +1.13
wheat 212 6278 +7.29 +1163 +1.41
interest 347 6143 +0.33 +6.11 0
trade 369 6121 +15.25 +20.56 +0.85
crude 393 6101 +356 +2.85 +2.12
grain 433 6057 +1.01 +1.35 +1.34
money 538 5952 +1.57 +3.35 0
acq 1650 4840 +1.09 +1.28 0
earn 2877 3613 +1.18 +0.09 0
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