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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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% 3 Novelty & EHME L ORRR
Table 3 Relation between Novelty and Serendipity.

X I F7I4

MBI R %L P fii HIRRE P fii
25 0.145 | 6.28¢-08 | 0.215 | 5.87e-16
50 0.205 | 1.29e-14 | 0.207 | 7.33e-15
75 0.238 | 2.14e-19 | 0.225 | 2.14e-17
100 | 0.246 | 1.59e-20 | 0.231 | 3.04e-18

3% 4 Personalizability & ZE4ME L ORFR
Table 4 Relation between Personalizability and Serendipity.

FrI4 v FT774
HHBE R P i HIBIHRE P fii
0.264 | 1.40e-23 | 0.248 | 6.49e-21

B S L IR, 5~22 HTH o 7.

W B D EAVE DM & Novelty & OBRZMEET 5 72
DI, BAMED 5 BREHM & Novelty (0/1) LDET Y~
ORI R (7)) %RkD72. Novelty Dfld xR 21—
P [Like] R L7274 T 2IZOBMESINE 720
REFIZBWTH, FbiE s [Like) EFEML7-M (&
1,389 #f) ZxfZiz L7z, 12— [Like) LFFHlL, 222
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WA X R BB, FEGEASH o 7254100, 5
&éﬁﬂ@#ﬁxﬁgz%ﬁﬁ%7 Y LIRAT. zk%%ﬁﬁ%%'%#
5, Novelty & BAMEICIZIEOMHBEA L S N7z,

5.2 Personalizability
BRI LT, 5.1 ik REROMGEEAT

9. ZIZTIE, BAMED 5 BEFEREAG &, Personalizability
D (log, W) LTy yofERE X (7) %
K7z, 72721, HiERE DS [Like] & FFAL L 72 1,389 i %
MR E Lz, #RER 4 1R MERED A 7140 T
130.264, =774 Tl30.248 £ 7%V, Personalizability

EEAMEDRNIZIEDOMBEA R S 7z,

£ 3IZBIT D 8 OOMBREL, £412B175 2 204]
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Fig. 2 Comparison between item-based CF and user-based CF.
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¥ty k[24], B &V JesterJoke [25] & H 27z, Movie-
Lens 7— %t~ & Internet Movie Database *3 & Rotten
Tomatoes movie review system ** (ZBERERF T H LTV 5,
WL 23 % 10 R DFFR (0.5~5.0 D 0.5 Z &) D9
B, [Like] & [Don’tLike] & DA BB L ZFL L%
X9, 05725 35% [Don'tLikel, 4 2°5 5 % [Like] &
L CEE%17-72. 2T [Like] & [Don’tLike| & ®
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PEEICIER, BT A0 TH L. iUk ZIEFESD
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72, 72721, [Like] & [Don’tLike] % #1231, 30l
PLURRHG L 72— 7,114 %, 300 %20 FAZERG & 1172 100
DTAT LR E LT

6.2 EEBAHE
10-fold cross-validation, $7&bbH7—%t >y bD 10 4

*2 GroupLens http://www.grouplens.org
*3 IMDDb http://www.imdb.com
*4 Rotten Tomatoes http://www.rottentomatoes.com
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L7727 =% 27328 b b TI79) .

6.3 7ATLRX=ZBAT1ILEZYLTEI-HYXR=2X
BAT1ILE )T DS

2.3, 24 WHiTCTHAR7z, TATLXRX=AWAT 4 V7))~
FLL—FR=AGTT 4 V5 ) v 7T OREEREH 2,
X 3 RT. 7—F O, BEIIhrbST, 74T L4
N=AHRT ANV E ) ¥ 7FOREITL— X — AR T 4
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Fig. 3 Comparison between item-based CF and user-based CF (density 10%).
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