The 27th Annual Conference of the Japanese Society for Artificial Intelligence, 2013

T T— //%-/WEH%\ﬁ?M’ T AHEEIC
TAT LN —R L a—PN

3E1-3

BT 5
NR— 2 DMEHE FL R

Performance comparison between item-based method and user-based method
using association rule for recommendation of items
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In recent years, with the spread of the electronic commerce via the Internet, recommendation system is practically
used in many applications. Collaborative filtering is one of the typical methods in recommendation system. This

paper aims to apply association analysis to recommendation which is a method in data mining techniques.
is a significant evaluation index. When we recommend items which a lot of people

recommendation, “Accuracy”

In

like, the accuracy is likely to be high. Then it has been said that the accuracy is not the only evaluation index

but “Serendipity”

is also required in terms of user’s satisfaction. We compare the user-based method and the

item-based method in collaborative filtering using association analysis in terms of accuracy and serendipity. Based
on the consideration of the feature of user-based method and item-based method, we give a basic try to combine

them.
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