SHEX|SHBA|AHES=2X] HMeH Moz 20024 129 (pp.91~103)

) F = o o=l == «
GIT 7R3} HEN 047} WAS 0|8 FH N2
0|78 T
olsity st HFe|Z e} olsichstm ZReiZea

(ilberto@eslab.inha.ac.kr) (kbj111@eslab.inha.ac.kr)
=24

ol stm Yel3eta
(gsjo@inha.ac.kr)

71&8 Qe AtolEoiMe ALGALS] BES SHEAT] 7] Hete] AREAPERE JQlE B MEIAE AlFehe
¥ gy WS L3 ok €Y o riee v HIEE JAle ARRAIERY] 4UAEAE J1H
o2 HPd e ofold g dEsto 54 AMSAA FHdE a2y FYF HEHYL FHE L7 HsiA
53 & o4 ololdle g BrtE avetn, E§ AA ALEAe da A vl WIS e 9F AL
A R Ast FHFozA Yoix] AL ARE FAEE Bl Ao 22y UnA] AR} BRAE F
Ag AT F8F A7 £A4F A S olHE A7 88 £ FRE LA] At & =RAMe
HHH o3 343t PA dlolE vlo]'d(Data Mining)olA AHS-HlE A# 712(Association Rule)S 3ol AR
ok A AL @ ¥E 2§ 0 5 2§ Aleld EAske A4S 7TA(Rule)d FHHZ FEEH Aol
ojst Zol 448 Ad T A Pz 4, AFY 22} vfl(Cross-Marketing), 71221 tAQ], A7 &
F(Loss Leaden) 4, 2% AE, 7l 4% ©e 14 £F dUstA AL Aok 22t o]d A 732
3 A"l F 3EEA R Je dFolth B =RAM Sl dF 73S U A2yl A48, 35
aF Alelel dUAE REFLEHA FH E&HOZ AT F Y&E EAh F FA AHEAY F2EF
(History) RE 7]¥10 2 olo]s] Atolo] A #3& frxstn JAEH o3} iz A Bxog 93 #3&
FHE A AT 2A FH Al2Fd A4S wAT

g 9% PPoE we guAF
gom 2 HEAA A7} B} 7)

NYst 8 FH A2 Aesd JE P boojm Aol g 7Nt Adhe AR

B 7les A83e 149 HP gt AES A5x9 ool g &3t FAx 7zs}
FA8 Fe Aladelr. FH A2FddA 713 o AHEAZE AEE i ololEL HYdnh
3 & uMe] A3 E AE3A EAstn ey g 7 e de s 22 dARS

RAe
AAste P& JFH o8 o) A= 7P 7HAZ Ao A AAZ ofol e HFE L o3
A AES FHd 2 & e FYoloh g AE FHolook sk ool At F

"2 ATE eRHAT A4 AR SR AABRATAH Aol I AY

SIEX|SHEA|AM SIS =2 MaA M2z 20024 122 91



= bl S |

HAZ AHEAES 41 UAE AT d3te
AZE ofeld S Zu AHogirh 2y o]H Y
MAHRA H3go] o)A N2 ofo]dl S LHY
F e od YAE AT FA gevh WE
71 o3} whAle) o]t FAIHE sjAE] Y
&t H A o 3H(Collaborative Filtering), Z-&
A3 A Q] AR o 3(Social Information Filtering)
olg}= W o] z¢tE]Ath(Paul R, Neophytos et
al, 1994).
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2.1 3% 0{1}(Collaborative Filterng)

¥4 o3t "hA(Collaborative Filtering)&
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A7 X, Y © 47 48 39 vt (Body),
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Ae dul= ERYA o} ooldl X7} EA3}t
A o= Az &S JIATL Y GA] ERAA
Well 2A5S gt o] d& 73 Fo
A ERANAEY e BB A =(Support)
9} A= (Confidence) = F 7 Z&A ko]
ZAgc} 212 % (Confidence)E ololH AT XS
EF3ta Qe ERAL F ololdATF Y 94
Igfstn gl ERFMY Hlgoy, AAx
(Support)= EE EdHM] o] olojdZJF
X, Y& & o ¥Fsta Qe ERRAY v 8-S
Yehdch o2 22 e 9% 7319 dEx
£ ololdl & Aloldl] d# A= (Correlation)E
Uy XA olold Alold] dF A=
(Correlation)®] F8 =& Jedch

olgi3t d# AL F2 a7y 4 (Market
Basket Analysis)oll F2 AMEE® A< d
= gy 2o “ERE Plde A 30%e
NAAAE Folsy AA EHYMY 2%= B
o} NAAE 2T Uk 7|4 30%E ©]
T3¢ A% % (Confidence)Z B8 2%+ o]
T AR =i FAh(Jiawei Han, 2000).

o]} o] AAE AF FAL N Tz ¥
A AEe] wat vl (Cross-Marketing), 7122
a2 tjze), g7t viEF(Loss Leader) ¥4, 4%
Ad, Fof A e 1Y EF §5 ThF3
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2.2.1 Apriori 22|15

A 74 4d 239F 39 S Apriori
£ AAEE o185t FA) AF Ueshie §
208 B% APES AARD WL B2 3
oA AR FHEE AAES o83kl 34
sFe WAolT). Apriorit ¥ 2 Aol 2
2e) ANEE ANE F AEATL A9E AR
ERh 2A4Y e 238 ¥EHE HolHz
0 3% PG FHT 291 ¥ 25

23] FAE Apriori ¢18EL 58S Ho)
71 $8l AprioriTid, AprioriHybrid £2.8 &
o] A+E3 Slth(Jiawei Han, 2000).
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AA: AAT v A AHEARREH &
A olold & FHE WS F o o]AL ALE
2 gt dis) @A Fd o4dAH(Target User)
o} FALEE HFE 7HAE n B9 o)2e] ARE
7Igte 2 F3o| o]FojX & HHH o1} P
2tHPaul, R Neophytos et al, 1994).

EA: 5F Eopdl AE/E B3 FHE ¥
YA o2 oA A2 woj29} YA oz} 4
< E8 34 A 2"H FAFITHRobin Burke,
1999).
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AqA) <E >3 2L EWAAMA golEo] 3]
o} O3 EWAY gHolE2 AR (L, 2 3, 4,5,
6,7, 8 9} o} tigt oteldll {A, B, C, D, E, F}9
AZeg Jeila ok & Sazes 37 4

& ofoldlo] tisf ARRAL £ AZEE BY
& E3 o] HolBe dis) 94 w3& F)
A8 $ee AAZ(Support)9t AF=(Con-
fidence)& &2t 50% oo 2 Fevx 7133
3 PEH o3 A S ARste 1S Wl 9
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olgle] &) FrHE sfof ok AT
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1 o) () ol o
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30/ 0|0]|O
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5 0] 0
6 olo|lo]|o
7 oO| 0| O
8 | ool o
9 [6)

1) 3 dA4A(Target User)7} 53 YA
(3) o] ool g3l F7tE & AFS
& E°f AHEAT} okoldl {A, C E} o disl

L HMIEE HEW o] A% FH oA

(Target Usen)®} AM&-2H1,2} Atelel A7} 7h

ZF W EE ASAH12E B8 MEIEE R

2l olo]dll % o}# FH thAAHTarget User)ol

Al GHAA Fe otoldl FE FHFT. 3 o}

old Cofl s} =) %= U3 2L d# ¥
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2) 33 A (Target User)7l 53 JA#
(3) v ool o] i3] P& T F5
& Eo] AHgAL7} otoldl (B, F} o sl &

S H3ZEE HYth o] Af AAKD) mle

ofolelo] disl] HrE FoEE FHH oz}

Ao} AMEEA 23 oz A 139
body -0 oloje] B &&= F 7} ZA3lx £3

AAxe} A ol & 7HAe dF 73 25
E %74?‘5}031%1 3 AR Target User)dl Al
53 ofoldl & FHEE & AF 139 bodyol
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BT JHYsE o 22 9 w3 ¢
Ng #2485 Aok

B — C (Support: 55%, Confidence: 71%)
I8 ololy] CE FHIh

3.2 A|AH] X (System architecture)
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{
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3.2.1 64 & MM(Rule Generation)

FA A2"dA £Ele ololse it AME-
A9 HE=E ARSI YT HolE oAz R
B A 72& =37 A8 43 738 44371
( Association Rule Generator) Z&8& AH&3HT}
A% 73 AP7I= & AA37] Y8l Apriod
Algorithm(R, Agrawal, 1994)& Al&slg o 9
BarE FF3 21X =(Support)®} 413 =(Con-
fidence)@h& UZo.2 Wt oju AT 3
A71e g AAE AR o]y e
7He ZE d 1A EE dolH Ho|22 2
A3sHA Bt oA A4 A FHEL £
Az AGEY AR A ofold] FH &
& A= ozt

FH A2geA d# 73S A3 A
oA fElv AHEA Yol dis] AAztez &
£ A3 ek dil e F71He=2 o
olf] Woj2ZRE Af 1S A3t YAHH
A HHES E ARALE QGuoET AME
Aol thdt AA MEEEE Fo7] Y3l ¥
g4 o B(Collaborative Filtering) & I 734
(Association Rule) 4 ¢1E]FE A 4
A1z AE3he o) ofde F3d gl BxH
A 3= dF 9 A9 vE dolH
Hlo] A5 E A3 & AL A F7]
Ho2 AR FAES dulolERL

3.2.2 838X 0{a}(Collaborative Filtering)

¥93 o3} d2(Collaborative Filtering Engine)
M AHEAZEE FEHOoZ olo]dd] st
MEEE JFo & HolE Ho] A2 RYH &
ALSE H¥E 7R o]RES Correlation Mea-
sure =& Cosine Measure ¥'H& AH8-31e M

323 £3 0}0|% M dtem Sorting)

FAH=HA olojHlEL F2 5o wel
o]x F3H thAAKTarget User)olAl F=H = o]of
stk o]F EHo 2 ofold AP R & A
Fast 993 o1 dFozRE FH g
(Target User)oll Al FH=ojA ololgl& At
el Agir2 opojdEe SHEHE AZ
LEATLE A F FH WY A (Target
Usen)oll Al HAE olo]d] N(Best-N)/HE &}
F350At}. olwf ololg Ale]o] SMEHE
it o] A & AFAZRE Agwd
o]l & AFS A 21 33 YA o7 o
FozRE A olo|gE9 IS Bx
ak2k 2219 ofeldl FH FR] EAJ3 olo]
dE9 Aje <2y 2>9 Zo| Uehd 5 9]
I FAE A ol EY APEL ANB,
B—A, A—B 9922 Wyl

y
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D 1&(ANB)

o] A% ¥HF oA Wl 95 FHE oA
Ao A A ) FHHA|E ofo]
FHedt s & 5 A0 F FF U
}2}(Target User)9} 81528 kol ALS-AolA)

> ok
rlo

[of

23 28 A0 o] o) Al s
235017 ofo]do]7) wRolg,

2) 2&81(B—-A)

I gz $HAEHE HAE ofoldle F
3 tldAH(Target User)$} vlS:3h # 3ol A2}
A FH B olofHEy FHFPer F
(Primary) ¢2elE< ¥ o3} Az s
Mgt FAFARE ofeld g JTolrt. old
ofolde] M3 x7l 06 wgteleld F3 i
A AH 3 g DAl g2

3) 3&91(A—B)
opA|gte 2 thao] o7 Abgdel] oJs) FHF
e ofolelEo] HAFPoz BZ(Secondary)
duF AF A g3} FHH & o}o]
dE9 3ot v FHHRAE ofolH o]

AAIGL o] AT T AEE YoH F

33 & @i

$29 38 Al2de) 3 thARH Target
UseDol o 33 AE AAHOE 0ot 2
.

1) ARSRE

Z22 A AHTarget User) & A2 QlE )
o]2E E38) N /]9 ofolg]o] i HETE §

98 SI=XsHEAAHES=2X| M8 H2& 20024 12¢

2) %3 0j0lg My

1) 9 AR QA 044 ofelslof o
3 H71z2k-8 483 tHA Collaborative Filtering
Engine®} & A& A (Rule Store) 2% 33 &9
7 ofo|| & ofolq] ABFEROZ AL3ITh

L) AL QAIGE IRke] ofoldl o) thE
74gE A S A4S & AFLERY FHH
o] ofo]dl g WEF F olojd] FF FHOZ
At

3) £8 ojoly MY
ofold ¥ FHe HIWL ojoldSE £
A &40l wet IS F ALRA DYl
o

Mo

AlS

A
1

p !
o

ot

B =7dA Ats FHALHLE Java 2 2
T on, AA Age] 22 doly AL
AY dF20A 18708 B¢ d8H o3 gn

g A7) A Gstel i AlRAY
MEETE A EachMovie HlolE & AHE3S
t}. o] dHolEE & 72016 9] AlRAI9} 1628F
#9 93toll thsiA 00MHEH 10743 02 3t
Zog HAHog Y Asee 7450 gl
tHP Mcjones, 1997).
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Az AT YA o WS 0jBE FH AlA

oo

Btz FHA
AHES ol H

FAN29Y 45 BAE 9

body$} headell 242} sl oto]€lE 7Hx|3 Q)
Ak & A, B-> C 9 22 bodyyt headell B4
o oo’ & 7} A HAES LHE £ ¢l
Aok AAE 30% o]l wAHEe A 73

2 /U AAE 15% o]l HeiX e du

TEE] g e TREHUS. EF HE
T 04 o)dolAM HAsE I8 FHEY i
Hlg] Ayk & HEU<E 2>

H =DAs A}%—X}Oﬂ g]sﬂ Az 04 09
o s v % S 397t gle 93
& F3L wasted o A9
A T3S HAsy] Ao ¢
M AEE 04 o] 93E e ZWE~
2438 71y 48 FAES TR

2 MIE 06 o] 93 e R z1215~
2338 71 A FHES AU AHe
o3 g2

2) MST 04 Of4

A AR 72916“‘ o] oha) AR =(Support)
5%(3645%) ©14E 7HAe 4% FAEL Z*xﬂ
Zog 1714747} Ur%}grﬁ AZ % 06 o4 o
o FHEY oRsAE ZE AF 7F S0
body$} headell 27} dhtel] ofol®& 7k 1 1
Atk & A, B-> C &+ 22 bodyyt headol] ¥4
o oteld & 7HAE d# HHEL AT + ¢
Rt B3 A% 209% o) dsiMe 9B 7
Ago] ¢ sutsiA LAHUDE 3>

1) M3 0.6 0|&

AA AHEA 7291690 el A A= (Support)
5%(364578) olA-S 7HAE d FIHEL AA
Hog 1714747} yston 2 % F3E9

<E 2> MSE 06 olAQl Hstof oist XXjz HFof w2 Azt FAED UHE AMSEES WL
PN Ha 7 g U
5% OlA} Toy Story—> Grumpier old man, Jumanji-> Appoloi3, Mr,Hollands Opus ..... 1714
10% Ol 4t Toy Story-> 12Monkeys, Goldeneye-> Braveheart , Heat->12 monkey ....... ... 387
15% O] 4+ Crimsom Tide—> The Fugitive, Fulp Fiction-> Aladdin, Brave Heart-> Appolo13..... 82
20% O] 4t Appolo13-> Dances with Wolves, Appolo13->Batman, Dance with Wolves—> Batman.. 17
30% O] &t o 0

<E 3> MBE 04 0[Af9! FBlo| CiEt XIXIE HAN WE AV RESH YA AVFHE A

Xxx A ¥ g AF
5% ol4 Braveheart—> Appolo13, Die Hard-> Pulp Fiction, Sense and Sensibility->Batman..... 2790
10% ol4} Toy Story—> 12Monkeys, Goldeneye—> Braveheart , Heat->12 monkey ....... .... 740
15% 0|4+ Toy Story-> Independence Day, Golden Eye-> Appolo13,Brave Heart-> Appolo13.... 208
20% Of4t clear and present danger-> true lies , forrest gump -> the fugitive ...... 55
30% Ol 4t Appolo13-> Dances with Wolves, Appolo13->Batman, Dance with Wolves—> Batman.. 3
40% ol 4t o 0
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Sol Ty

42 o 9 BI| 2y

ne

4.2.1 I} yhy

AES A8 4 HA) AF AEE 80%, 0%
2 o2 BRI 80%d &3k ARE 4
AtZ.(Training Data)2 AME3FIL 20%0)] £3l=
A2 E A vlo]El(Test Data)2 A3
T 7184 FH3 oF A FH Al2d
o & AL F71AS Wy 45 FEE 2
olRE FHol=g ¢4 FHH oAn Pks A}
8 FAHT A 299 d #2E FE 9
o] A2 AF Aolg vlwdHe) 3 o
IS Y3 o] Agld 108 A=A 20
w2 seUzty FHHA ofold] F(Best
-N)E 20709 ofe]dl oz gt

e FH=F H2AE olojs] N7H(Best-
N)7F AL R 2 WA e A &31A o &5
oJHUE Polr7] 5] Fx M (Information
Retrieval)o| A AL-&- 5ol A+ Recall, Precision®
AHE-3HQEHW, Lin, C. Ruiz, 2000).

Recall: ZA}F tlo]E](test set)oll gt vi A o
olEj(hit set)9] Hl&E g3} P}

___|test(\best— N| 2
Recall= [test 2(3)

Precision: 53 tZd&olAl FHE oA vl&
E olo]&l N7jol i3t v dlolele njg= o
3 2t}

Precision=

ltesﬂ]bvest—Nl 4(4)

100 3HEXISHRAIAHESS|=2X] M H25 2002 1289

a9y 9 33 e ME vl 347 2
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Abstract

Recommender System using Association Rule and
Collaborative Filtering

Ki-Hyun Lee - Byung-Jin Ko - Geun-Sik Jo*

A collaborative filtering which supports personalized services of users has been common use in
existing web sites for increasing the satisfaction of users. A collaborative filtering is demanded that items
are estimated more than specified number. Besides, it tends to ignore information of other users as
recommending them on the basis of information of partial users who have similar inclination. However,
there are valuable hidden information into other users' one. In this paper, we use Association Rule, which
is common wide use in Data Mining, with collaborative filtering for the purpose of discovering those
information. In addition, this paper proved that Association Rule applied to Recommender System has a
effects to recommend users by the relation between groups. In other words, Association Rule based on

the history of all users is derived from. and the efficiency of Recommender System is improved by using
Association Rule with collaborative filtering

Key words : Recommender System, Association Rule, Collaborative Filterining
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