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In text classification for literature recommendation, there are several problems. First, zero-frequency problems
occur more frequently than commonly observed in other text classification. We tried “m-estimation” known to
work well for smoothing but found that it worked as well as conventional Laplace correction. Second, important
features of literature liked (or hated) are varied among users. Feature selection is inevitable since important
features vary among users and are buried in common features. We found that “Bi-Normal Separtion” is the best.
Third, importance of literatures must be weighted to reflect relative importance. We evaluated these methods and
parameters on data obtained from six subjects on Aozora-Bunko.
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