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Abstract ABSTRACT A user preference prediction method using an exiting collaborative filtering
technique has used the nearest-neighborhood method based on the user preference about items and has
sought the user’s similarity from the Pearson correlation coefficient. Therefore, it does not reflect any
contents about items and also solve the problem of the sparsity. This study suggests the preference
prediction system using the similarity weight granted Bayesian estimated value and the associative
user clustering to complement problems of an exiting collaborative preference prediction method. This
method suggested in this paper groups the user according to the Genre by using Association Rule
Hypergraph Partitioning Algorithm and the new user is classified into one of these Genres by Naive
Bayes classifier to slove the problem of sparsity in the collaborative filtering system. Besides, for get
the similarity between users belonged to the classified genre and new users, this study allows the
different estimated value to item which user vote through Naive Bayes learning. If the preference with
estimated value is applied to the exiting Pearson correlation coefficient, it is able to promote the
precision of the prediction by reducing the error of the prediction because of missing value. To estimate

the performance of suggested method, the suggested method is compared with existing collaborative
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filtering techniques. As a result, the proposed method is efficient for improving the accuracy of
prediction through solving problems of existing collaborative filtering tiechniques.
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