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The collaborative filtering has used the nearest neighborhood method based on the preference
and the similarity using the Pearson correlation coefficient. Therefore, it does not reflect content
of the items and has the problems of the sparsity and scalability as well. the item-based
collaborative filtering has been practically used to improve these defects, but it still does not
reflect attributes of the item. In this paper, we propose the user and item based collaborative
filtering using the classification property and Naive Bayesian to supplement the defects in the
existing recommendation system. The proposed method complexity refers to the item similarity
based on explicit data and the user similarity based on implicit data for handing the sparse
problem. It applies to the Naive Bayesian to the result of reference. Also, it can enhance the
accuracy as computation of the item similarity reflects on the correlative rank among the
classification property to reflect attributes.
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Distance |

67730 22771,  3,16227766016838
67730 22885 3.46410161513775
67730 22972  3.46410161513775
67730 23061 3.316624 7903554
67730 23135 4, .47213595499950
67730 23337 .3.45410161513775
67730 23362 3, 741B5738677394
67730 23372 6, 2449979983984
67730 23373 2.82842712474619
67730 23846 3.60555127546399
67730 23912 5,3851648071345
67730 24022 3
67730 24042 3.3166247903554
67730 24143  3,46410161513775
67730 24832 3|
67730 25364 3
67730 25373  3,872983346520742
67730 25436 3,3166247903554,
67730 25548 4,2426406871 19285
67730 25593 3, 16227766016838
67730 25724 3, 16227766016838
67730 25967 3, 162277656016838
67730 26140 3.3166247903554
67730 26348 3.31662479303554
67730 26366 3, 60555127546399
67730 26411 2. 3166247903554
67730 26543 4.69041575982343)
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