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Abstract In recent years, as the number of blogs increases, the number or Spam blogs which is generated auto-
matically to obtain advertisement income are also increasing. The effectiveness of Spam blog filtering using machine
learning approach was shown, and the various features, the words in the documents, the number of out-link was
proposed. In addition to such features, we use latent topics in the documents to improve spam detection. However,
performance of Spam blog detection is deteriorated by the simple combination of the latent topic feature and other
features. We propose a novel method of the combination of the latent topic feature and other features. This method
is that we transform the results of learning by SVM to the probability, calcurate the odds ratio, and produt them.
In experiments using the actual spam blog dataset, the result of our method is promising.
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