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Abstract: The number of available items in online shops are increasing by the spread of the Internet re-
cently. Though users have a wide range of choices, they need to find their favorite items from a huge amount
of items. Thus, a variety of recommendation systems are currently in use. “Accuracy,” which is the ratio
of the number of target user’s favorite or bought items over redommended items, is the most important
index in these recommendation systems. However, not only “Accuracy” but also “Serendipity” is said to be
needed in terms of user satisfaction recent years. In this paper, we introduce a recommendation method of
collaborative filtering based on association analysis which is one of the data mining techniques and try to
improve “Serendipity” keeping “Accuracy” high. In addition, we investigate the validness of “Novelty” and
“Personalizability” which are used as the evaluation index for “Serendipity” and show that the increase of
the value of “Novelty” and “Personalizability” leads high “Serendipity.”
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50 0.205 | 1.29e-14 | 0.207 | 7.33e-15
75 0238 | 2.14e-19 | 0.225 | 2.14e-17
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% 3 Personalizability & E4ME & OBIR
Table 3 Relation between Personalizability and Serendipity

Fo oA FT7FA
FRBEIFREL P | FRBEREL P fif
0.264 | 1.40e-23 | 0.248 | 6.49e-21

*2 http://www.grouplens.org
*3  http://www.imdb.com
*4 http://www.rottentomatoes.com
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