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A Study on Recommendation Combining Item-based and User-based Method
in Collaborative Filtering

(B ]

Hiroaki Ito

EUIRNIA

Tomohiro Yoshikawa

LT

Takeshi Furuhashi

T BRER T TR

Graduate School of Engineering Nagoya University

Collaborative filtering is one of the typical methods in recommendation system. Memory-based collaborative
filtering can be classified into item-based and user-based method. We applied the association analysis which is one
of the data mining techniques to recommendation system and gained the knowledge that item-based method was
superior in Accuracy and user-based method was superior in Serendipity. In this paper, we study on the combination
of them to improve the performance, and propose a new recommendation method to improve Serendipity based on

the item-based method.

1. [FLC®HIC

W, AV F—Fy FOWRIZ LY EFHEEGIEMN L TR
v, ZIIHEW EC YA b TR ARBEOEmEHR D L o1
BRoOTETCND. ZDD, TNUOLOEMLOT NG, 2—HF 0
BEIZ o fmE r—VEE CRUHT Z ERREEEL 72 Y
HERE S A7 AOFANHF SN TN D [#E 08]. —J7, K&
WCH BT —FOHNG, MMEOCHHHEREMIET 5T -2 <A
=V FEO—OIT Y =y a Vb b, ZOFREE
2 — ORISR LCEAL, W7oz o7tk s
T AT DI AW TZFSE S TV S [Lin 02)[F)11 13).
Fle—FHE AT AZBWTC, B LT AT AR —F
W ENT-EIEE2ERT RBE” 1L, kOEEREED 1
DOTHhDH. L LITE, a—FHEE0BS»s, KEETM
2T, “CEAMET ST D EME O LN S RO TV S
[#h= 08][F)1 13].

EELIZIINETIC, TYIT—3 g URHITES  H#HeEE
VAT KMIFT BMEEIT, TA T A=A IEENEL,
PR IEAMERE D E VD IR E S [ 18] A
T, TNOmEEZHATHI EE2MAIL, #HiE AT A
BN EE2XD. £12, TA T LAX—A2ADED
2R DO, BEAMEE A LSBT0 DOFIELRETS.

2. #BIRTL
21 FYYI—3avnm
T = a it e, T—Z ORI H DA
Hbt (TYvz—ar—L) EROFHTFETHS.
TYvE—arb—E, A= B LESN, AZSMHE,
B3 & IR D . REWRT Vo= a L —Ld
FHMHEEE & L C confidence 38 5.
N(A N B)
TN@A) (1)
N(A) A A, N(A N B) 34H0 A &1 B 2R
WZ7e 47— 2 O Th L. ARICBNTE, 2—FHEx:
T AT LD,
HAG e PR, A RBRFRFPRE L EMER, A&
BT M X R & BT, 052-789-2793, 052-789-3166,
itou@cmplx.cse.nagoya-u.ac.jp

confidence =

2.2 FTATLR=RBFAZ741L52)25

HWEEZIT O 2 — (LR, “xtGa—3 7 LIEs) OFHlE
BaET Y m—a b b=V DEMIEERIZAWT, FEmEhics 7
AT BIHT BEHE [Like) 2% T3, flzIE, MR —FMN
TAT A AR LT Like) EFHBL, 747 & B SRR
ThobLE, Ea—PiTdLTROOND (745 5 A=Like
= 747 A B=Like] ® confidence &, 747 B DA=
TIZMET 5. K2 —FOT X CTOFMBEREIZ L 0 RKiFlio
TATLADAAT 5K, b AT T OENT A 7 L EHET
% [N 13).

2.3 A—HYR—RGRERILEZ) T

A—PR=2 TR, Fa—FOFiizT VT —va—
VORI T, RIS — Y ORHli [Like) %
HTh. Pz, dpa—FLa—F 1 OFHERREIZIE SN T
kb7 22— 1=Like = it —WF=Like] &\ H /L —
JAZXT 5 confidence D3@ UL, = —H% 123 [Like) &3
iz L7747 23R —Wick 5T [Likel & 7275 AJHE
PERENE LT, confidence 7 AT LDAATITHET 5.
Zhix, l=—¥ 1=Don’t Like = *& = —H=Like] |5 L
THEETD. INE2T_ATO2—Y, FXTOHGEL—F D
KL T A 7 DIZDOWTKRD, b A a7 OEWT A 7 LEH
#3 % [Lin 02].

2.4 #MEFE

TATLN=R, 2=HPFX=RIBT LT AT LOAAT
BFENTEN Iscore, Uscore & L, MBEZMETH. HEHH
AT RIRBTDTAT AL OAaT %K (2) TEHRT .

(2)

o =032 —F_R—RLBHHE, a=11ET7A4T L=
IR BHELZBERT D, B2 —VORMOTA T LD b,
K (2) TROLNTZAAT DIRGENT AT LEHETS.

2.5 RBEFEZE

ARGTIE, BOMEOR EE B E LIoT A T A —2ADOHEE
FHEARETSH. 22T, 7YY m— g b— L DS
B DG —F OFHEE T T, T ORI O % S
e LI — A oEREH D, R —FOsHEER~EEL A
L L, TNEEHICHWIZSEE confidencea 5 gy, DO

Scorer, = a* Iscorer, + (1 — a) * Uscorey,



The 28th Annual Conference of the Japanese Society for Artificial Intelligence, 201/

DFHl A &R eE % confidence s gy L RKFLT H. W
FZDEdER (3) TEHTD.

d = confidence(s - py — confidence i p)

(3)

FEITEOS LEZXDBND confidence s » gy B@mVIGE
ThoTh, £bTH BREENHD (Likel HIANEITIL
X, d OEIT/NEL D, XoT, dDOERRENT &0, %
Lo —FOFEN A ThHhDHZ LOERENPKE, T72bb,
WG — VIR LT BA R MBI O E B2 bivs. 1]
RFHETIE, HBICHNS 227 2R (4) TEXETD.

. B .
o confzdence(AﬂB)*d if d>0 @)
B confidence'g xd  otherwise
(A =B)

BITKEE KT HEATHY, BHARENE X TEEER, /)
ENE X FEIMEREOHRE L 72 5. R —F O CTOFF
BRI IS &, RFMOT AT 2D A7 %K (4) TR
KHLAATOENT AT LEHET 5.

3. EE&

3.1 FRT—%

3 Bk 12 X, GroupLens*! NN B L T w5
MovieLens[Cantador 11] @ Bt @ |2 % 4 2 FFli 7 — ¥ %
FN Tz =253 Bl R B 10 BRSO FEA (0.5~5.0 D 0.5
HH) S5, 05 75 3.5 % [Don’t Likel , 4 726 5 %
[Like| & L CHEBR%ZIT-o7=. 72721, [Like] & Don’t Like]
ZZhER 51, 50 BLLERHE L7z =—+ 1118 A, 300 AL
FIZFHli S 611 OT A 7 LExtge & Uiz,

3.2 HEIRTLOFHE

AREBR T, HGa—F B 2ifiER [Like] 7 A 7
LDOHFMNG, T X KGR ENTZ 1 DEFHMLEFEHLT AT L&
LTCHEXTRENS, TOMOFHE T A T L% TR
LRI LTCT A T LOHER & 50 BT 72, HE#E S 27 ADOFH
fi (= & SON ) ZLFICRT [H)1113]. ARSI,
10-fold cross-validation % 10 #&f7{To7- & & DFHfEZ KD
7. *’Eﬁ@;&% N, *E%T/])%A@%/E}%f 12{11,12, ...,IN},
L\ 2B % e(1;)=1/-1(Like/Don’t Like) &9 %
a) FEE
FEEEIX, MR —FRHEE S =T 4 7 LIk LT [Likel &
Bxl-EETHD.

D I Y e(I;) =1
B )

otherwise
b)Novelty[Chandrashekhar 11]
X (6) T, Inp X Non-Personalized {5231 DHEE T A 7 A
DEATH Y, Novelty 1IHEEET A 7 253 TLike) , 7> Non-
Personalized 2 HEEEICIZEHN 2 WEIETH D.

L _{ 1 Zf 6([1) =1 and L‘ QINP
10

otherwise
c)Personalizability[#)!] 13]
A (T) IZBWT, Ple(l;) = 1) i3, Ea—FBTDLITAT
5L extd % TLike) #I4Toh 5. Personalizability 13, #E
BT A7 L0 [Like] OHEIGOKI ZEWREIZLIZB DT, #
x1  GroupLens research group http://www.grouplens.org

*2 IMDb Website http://www.imdb.com
*3  Rotten Tomatoes website http://www.rottentomatoes.com

(5)

(6)

BINTT AT L0 [Likel, M 2OFDT A7 LD [Like) El
BWNENEEREREE LS.
ti—{ log2 =y of el =1 )
0
b), ¢) i%, FERMIEICIBNTEIMEDIRIE L L TIRESNT
W5, X11g, 24, 25 TENEIRLEEFEICHT S, Bb
L7z a)~c) DIEHEOE{ % 7T, AR, a b fIERLET
T _RE L OTIHRV, il a, B RBEEMRE 258
FTA—ETHDHD, RLETRL TS, HATEICLY,
FEEEITEIMEOEBEELZFEFTRETH D 2 &3 bnDd. &
DIZIREFIEICL Y, BE - BAMEZEWHE S AT L0E
BUATREED R Sz,

otherwise

RERE L 1:46)
++ 0 -« Novelty(#t)
«« #v -« Personalizability ()

1: o, BIT&DEEFEMEDOZEA

BEhYIZ

——EER)
—o— Novelty(1®)
=t Personalizability(}Z)

4.

AFETIL, L 2T LB 2 REM AR MERER LA B
LLT, TATAR—=ZZBWT, HRa—V L3R5
LI —VOIFEREHND Z LT, BELZEDLOD, B
SMEDE LATRE L 72 FEERE L. SHOMEE LT,
Z—PR—ZOMEREM |, U THRATHEE S 27 L OBRN
FEiFohns.

% Xk

[Cantador 11] Cantador, I., Brusilovsky, P., and Kuflik, T':
HetRec2011, pp. 387-388 (2011)

[Chandrashekhar 11] Chandrashekhar, H. and Bhasker, B.:
Personalized Recommendation Systems: Entropy Based
Collaborative Filtering Recommender Techniques., Jour-
nal of Electronic Commerce Research, Vol. 12, No. 3
(2011)

[Lin 02] Lin, W., Alvarez, S. A., and Ruiz, C.: Effi-
cient adaptive-support association rule mining for recom-
mender systems, Data mining and knowledge discovery,
Vol. 6, No. 1, pp. 83-105 (2002)

[rig 13] Orag 5B, &)1 Kok, o R 7Y vx=—va v
N—=NERNT AT LHBEICBIT A7 AT L_N—R & 2—
PR—2 OVERELLEE, N LA RE RS, Vol. 27,
pp. ROMBUNNO.3E1-3 (2013)

[F)1 13] &I KuL, # =®, 7# # : Personalizability %
BIELUTHEE L AT LAORE, EHLIR P2 GEE. BT
7 Ak & TR, Vol. 6, No. 1, pp. 111-118 (2013)

[fE O8] & AL : HEFES AT LD T LU XA (1)~(3),
JAE TR 756 S04, Vol. 22, 23, No. 6, 2 (2007-2008)



