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A Product Recommendation Scheme using Binary User-Item Matrix
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Abstract

As internet commerce grows, many company
has begun to use a CF (Collaborative Filtering) as
a Recommender System. To achieve an accuracy
of CF, we need to obtain sufficient account .of
voting scores from customers. Moreover, those
scores may not be consistent. To overcome this
problem, we propose a new recommendation
scheme using binary user-item matrix, which
represents whether a user purchases a product
instead of using the voting scores. Through the
experiment regarding this new scheme, a better
accuracy is demonstrated.

1. A&

AAZAH7E LA EA QEHYE Aur
22 & mA#RAFL, F eCRM izt #4
o] F7k3tx Q1] E3| B2C dAEL 71&
a7 g £94 FUE A AFE FAANN~
g =Yl AIFHL Ha gl

FRAANz=d" F 7 dEHY R#He
D.Goldberg(1992)7} ©]E8E<U FEH g
(Collaborative ~Filtering) o) t}[5]. o] <tmal &)
Z2e A AEE FdstEE o)
A olddl FANYE A FS 7] E(voting
history)? Elm o] H7lri&3e] §AH S v}
Boz AY AFE FHIAFE Aot

o8 7HA] FAAN2Y F FE5FIGDEHY o)
Zt3g e olfrE AA, AR Py Ry
gy g AEFe AAHAERIF e ol &
a1 F Aol I EA, 1o wH A
242 289 gol =& AFE F¥= g 17
e AT F A7 dFEo)h

o} 7]d] o}ufEo] NetPerception[9]& = &
AL&3] 'Who bought’ Mul=g Alztsld AR
HEd dEg e ¢ & 34 2iud[2]

- 191 -

HE54 "EHY] dHyozE FHS
3 AP o] mAFPE ook e
ol watAd A1 FAE M=
o8 wA" dgFg HEor slv, Fujs)
2 A o)HY FREH 5 dyydg 3
|3t= Ao] vz s,

2o FAN2H" a7L =3 A
A% wE S9&zoltt. a3y me o
7HAE utgeg FHIHE AEH Jug
HEAH YL of T 71x] odd FHg
€ Holx Yo AES U :AH Fo
AR ¥ H7EE e nA4e ot g
Sk ojeld HIrEA el 3] A (sparsity) EA)|
2 Q8 FH AFgxst oo w5 A
AdAH dA7 AT AEY F£8 F
ZFNANAG 18 F7F godFE FA
AFE Adsted AeEs Akl ZFrtstA
5o (scalability) = Z3 A7 WA ux
£ ATE + A

2 =8dMe A9 F B4 F HHH
o] g4A FAE FEL ¢+ de o
;17-‘1—%11% Tl R dlolE|E o

AT & =8AA AANFHE =2
71ME AET 3 48dME 15HY ¥
Y UEYF AEZE 7IHS H4% ¥F
A dEgY AE=E 4Y9S 5 e
o Bo2 5N dES 2

2. #4447

2AR7} HolEe Hadg FRs
ds) we A7/ WWAY. Y pee 3
Moze #E A R Ad 7Y e
A5E BFAY AFnAel g =



o HEgE FE A Folt. a8y AL
F713 Aol glodX o AFEE
Fo]A Eg.

Heto 2 uAHs dHo YL FHF
= SVD(Singular Value Decomposition) o]
F2 o] gd.l4, 7]

o) 39 WHEL ZAZX(missing value)E
F3& 53 udds R FHe 2 Yok o
By AA doEE By, olFg HIH 1
Aozt ¥xH= A7t dFE AFY 1%
22X HrieA g RoezZ U gt F
Aot 2o wWygoez HITE 3 L1 YE
H& dolgz Raf Yse AEXNE F3
3t AolE g FHel AlSldo] Wojdy,

T ALES A Fo st e Hiist
EF & AFd olFxumz Hridsic} 7)
ol getA, HrrAe &4 (Consistency)ol]
o] &0 A7iET}

wepr] B =EdAe 19 HAE
dHZe2 AR FE gl mAe] F
J AFoe 12 28X & AFdE 0%
g3 FASGE A2dE BEI o] W
49 Fde AR A9 FHHA HrE
F33E vl X &1 EA, ¥ F
7t2 ©lojE 9 FAAo] ZadgE Hojo
APA3 FH19 JFHE FolA

3. A=E ¥y A

user-iteme] HIIPH S o] &dE FFA
He g Hrlx slAAH BAE 37 4
3 user-iteme] o]& &) Z(Binary Matrix)& o]
£3},
31 ol % PF9 A&

7129 ¥54 " P AHEE FBryE
< olg) ®o 2L FFE JHAT.

<¥ 1> user-item rating matrix
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<¥ 3> Precision of traditional CF
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