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Recently, the preferences of users using EC sites are diversifying. Therefore, a recommender system that grasps
the preferences of each user and recommends items matching with the preferences became more and more important
in bussiness activities. In the conventional recommendation proposed by Kuzmin, the items are divided into two
groups depending on whether or not a user highly evaluated each item. Then, the same item group is regarded
as one purchase series and learned by a single model. However, if items with different evaluation tendencies are
learned by a single model, evaluation tendencies for items can not be properly expressed. In this research, we
propose a recommender system that reflects users’ preferences by expressing items with different two evaluation
trends by different models. Finally, by applying the proposed method to the movie evaluation history data and
comparing it with the conventional method, we show the effectiveness of our proposal.
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