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Evaluation of a Pseudo-Voting Method

TAKAYUKI UDA,'t1  ATSUSHI FuJir'z and TETSUYA ISHIKAWA':

Recommender systems utilize user profiles to predict his/her preference for unseen
information items, and present preferable items. The collaborative filtering (CF) method does
not analyze the content of items, but utilizes user rating (an item-user matrix) to determine
recommending items. CF-based systems (do not) favor items rated highly by the users whose
preference is (not) similar to that of a target user. Users can update their profiles by selecting
items and do not need to submit search keywords. However, due to the sparsity and recurring
startup problems, many items are not rated and thus cannot be recommended to users. To
resolve these problems, we propose "pseudo-voting method", which increases the number of
rated items by integrating user rating and content-based item similarity. We show the

effectiveness of our method by means of experiments.
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Table 1 Classification of existing recommender systems.
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Table 3 Problems on collaboration filtering algorithm.
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Table 4 Experimental results.
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