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AM HESYA BM J|1¥S 25t JoIZIEalo]
E0|F2F MEAKGray Sheep) &Ml ollZ

Zio|AM ol ol

Ao = =
elulcistn Zeiryst olucstm Zeiryst
(minsung721@gmail.corm) (# im@yonsei ac, ki)

&E AAATY §5F 4o FYEE =Y 1A 5, 229l &%
A AR A D (e- commerce)/] T840 F4EE FAlth HAZAY 7 <
474] #HZ(eCRM) Z5-& ANt e, AASE F4 Ar| 29 AlF-L 1 5 shtolth A 3%

< AAAY 7199 ’“er* FH93te T8 Q407] Wl FH AH29] IS Fol7] AT

*O] AT sit). 53] ﬁ%mﬂa(collaboratlve filtering: CF)2 7H4 A& F371H o2 484 ok 18y
Aol FFE Fujd FAY HAAFAY 715 vt o2 v FHE ] Wi B2 dHE0] EAgT A
9] A% %A}EP TFf] Aeke 7R aAES 7;%7] o]H 3L (Cold-Start problem), & g7l Bls| Fu]7]&o] F-
FBABRAE T2 tlolE7} SJulskAl Hol(Sparsity) T35 BRI A "k o] ZET AEAE E3= ‘Gray
Sheep’®ll &3t 45 Astx 1 F sholt

o]Zl3 EA9A L EUE, B dApdME &4 YEYT B4 (Social Network Analysis: SNA)Y HALE

At E']IO]EW\«] Eo] & AH8A (Gray Sheep) TAIE dlAshe WS AAGH. FHo] 558 14E9) .:Iluﬁ
dolHE A48 VEY T BAXEE &8ate] A vlolEolA st 281 £ diolee UH A dlolggl
7 dlolg el tigte] Z7] T8 FAE 71 Efold Ale A&3ith o2l WS A FHATY s 75:
Z3t7] 915k m= w4 th3 GroupLens 78 o3 3= ‘j‘j]a Z dlo|E](http://movielens.org) S &-&-3}%
ok AEAHR, 9 FHdHY FUA 2R Hlgte o] 7PHE 283 AYTHP Y FHA Tl FHEE g3t
Aact.

FAo - FHZEY, 28 YESA £4, Gray Sheep Problem

=240l 1 2014 6 1562 =R4m 20141 68 192 AXIENY : 201414 6% 222

1. N2 A1 et e A 2 FHe e
gl HelFolls 2HA7} Pohs AL )

ITEHEE AT AAFA DY (e-commerce) o] = stz %E HAAZE, =9e] THArE ZIETH
A% P43 dolel nfoly e wEE 28 wEhA T RS ZolE o] LEIAIGA
QoA EeHe nARYE AT JEHUN AT D4 o|ThHung, 2005). 2w 1A
TABA BEECRM)S T A7 Bo] o] oA M AT kel AAEA

*o]

i

2 20139 AF(RSH)Y AR mATATY APg wol F3H AFY (NRF-2013S1A3A2055050)
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(e-commerce) 71HE°] W= 7 th3EZQ1 *IH
U IABA B2 (eCRM) E-50] 7118k F24]
2ot} JiRIstE FHALEL 21l A
TAENA YHY v}AE(One-to-one marketing)
AgE 7FsA 3t 7198 Tl & Y Fot
(Hung, 2005; Sarwar at al., 2000).

%%}%Eﬁﬂ iﬂﬂ‘ﬁg A T 71EE F
FS _JJrr/}o}_—ﬂ_ T Adgko] 7}
7“4 T 7]

£ 5
2

oz 4#A
A7) wZel AmazonJJr Netflix % o7 7]gelA
o] 7S AR&3t 1A AA FEFES
I tH(Herlocker et al., 2002)

Jiv FYZHE 7ed 3AY FurES
HEe 2 338 sh7] wjEel dlolE 3¥hd
(sparsity), =53+ H&Fe] 17 (gray sheep), Al
a7 F 2] EA|(cold-start problem), L& -
Ae] FZ(serendipity) & 22 THo] A%
T} (Ghazanfar and Adam, 2014; Sarwar et al,
2000; Su and Khoshgoftaar, 2008). ©]+= ¥
HE FHA2HE A 2ol Hdle] Hr|=
g},

olggt 7|&S HAAEHE 7I=o] 7HAA 3
A OiFEe EAMEES A dlo]H(transaction
data)oll Al TH& HF glo] 1A= TS =
Fohdl dlolg Al £/ 71Q1g Aotk Im
and Hars (2007)= ©] 22 dlo|HAl 549 T8

e TR SHQE FAA 28 Hi3tol

L

o:u

©] & A (heterogeneous), 52 A (homogeneous)
7] HolEAl S0 g Attt %3

HEY T - 7|uksle] A48 YEYF
AEE Fg3lo] vlolEA B4 B 3

Mr BrooXod
A A

—_
(98]
oo

ASE dEFstaa ske dTEel AT
(Ahn et al., 2012; Park and Cho, 2011). ©]& S+
of oJatd HiolEHA WES A U5, w33} A
T, 3 B FAAGEL ¢ Fo] 7}

TEAZE

S8t}
HEZEHH
A A} S B
Al W& 7d ZF
dAdEE P g A7
al., 2010; Konstan et al., 1998) & Foll= 44 U
EQ A 7S 283 FYIHD FHA =
gl gk A7 &ds] Jeea ok 741

(Barragans et

° 2, F41/3(centrality)©] g;—% T o] Tufst A
F= AT gA FHskE HOE Al
T AE 4T A77F J3L(Shin et al,

2012) Hlo]E 3|8¥Ad(data sparsity) TAIE 4
stalzt AR AHEAF IS 3ol S 2HE
sh= BAgollA A8 MESF £48 283 o
T7F At} (Pham et al., 2011).

Jev FHZEHY Y S Bkt sk
AT7F ] W E o2 REA, HolElo] A4
of FE3to Holy 72 A AAFEES &
g el s 7+ ?l AT A o] F
o)A A FUtt. HolH F

oEAlS AYTEH D
T+, T TS AsHATI
S(gray sheep)’&] A E.o
A Ao A =
o)t ‘cq]o]qug\ 23} o

l"f:*

%]
I|= ¢
|
o

—r*z‘"

F @)

LR

(Social Network
Fg3tel HolHAL
( Collaborative Filtering: CF)

Analysis: SNA)
Jehs €2y



oM HESHT B4 J[HE 286 HUZERC So|FE AHEAHGray Sheep) =H| sHZ

FAANZ=EE JEstal AlEEolAS Bl olE = Agsto 53 A 117 (gray sheep)E©ll
AT Bt dAlstAlE 2S5 A ok FAR S siAstA 3 A= AP
ol ol A ZE3F FHEke] 1 E(isolate nodes)S THGhazanfar and Adam, 2014). S8 2H&H &1
A8 Y ES T B4 AxE &85t EEs W gEor FE53 1A4S FEINHL o]EClA
a1, o]& B A HelEA AAe FHoE ofoldl o] W83 &8t FHe st W
F A 2He s A= el g Alolt}. 28y o] ol B2 AR a9
Zo|th. ALEAIZRO] 7R F Q8lthe A o] EAT
o S 2HY dagES 149 F7F sod

of ALAIZ 0] Z]ebgr2 082 Foldth
2. 0|2A w4 20009t FRE o] FHE|= dargE 2
AT A Blojyg S o2 Fd4d7e] 2po) 7}
2.1 F& gneg|E0f zst oA Uehte 99S FEstaat g A7) o] Fo
Atk wlolEl Al AA S 543 AHAL AN EE

Goldberg(1992)°ll <J3ll FHIHE FHA =
glo] Ak o]F, o] A|2HlE 7|FAA A T}
A QZAQ FH7HOE ALH T gtk 1
U A dlolEE vie o R g FHE YA}

duelFo R st o] Txo] A3
, 2000t SRR o] #AE F537] A%
telBeg|= dag]Fol #e AT-Eo] I o

R

0

O

Fo]H . Claypool (1999)2 AlgFazolu A=
& AFol o Fao] oldti: #A

(cold-start problem)< 3l 43}7] 35l ofo]gl 9]
yWe&e FHdd Z&ste g 7k Iy
(Content-based Filtering; CB)¥} A3} sl= W
Alor3FATh. Lee (2003)= Sl FEA S AR
FHIEHE FHo &8st 18y 71
ARE SEste= YA o] FHE 93]
H] &3} Algke] Fqjo] Fasitte Tido] Q)
F7HA%0 BERE F&ste dagE: 9o
Konstan and Herlocker (1997)2 +2& &
HE 2 S d9Ze P HolH
TAE sdstaat st HZode 3
Bgoll S22 P 3 W& 7|8k ZEA 2

%

al

hin
S22t o ol

8o 2

<

S

=

g
]
H

)

=
=
3

Sl

HHANA Bs zFolg B4E & A7 AAX
(Im and Hars, 2007), Hl°o]€] Ale] 424-&

Ea BAAREE 5 ¥olRa AEs oS
stk 3 A7F AT (Park and Cho, 2011).
H ol = dlolEAES UEY T AA Q] FH A
By A8 HEST BA7HE &85 A
28] Aq7F Edd] AegE 3 gl

_]
=

¥

Iv%

v

22 28 HES3 &M

24 YESA #4 7e AR 3shE ofy
2} =2, AESH 5 TRt EokillA S8HAL
AT HEL A7) AFHE Alole] UES|T # o}
Yt A48 22 AESHY UEYa, 1Y%
ANM = = e 7€ UEYA 5 OIS &
HZ EX5l7] wZolth  (Dorogovisev and
Mendes, 2002; Newman, 2003).

B AFE 7]so] THSAMTEHE
Aok 7o) =5 7ER B8 U ES| A HlolH
w40l ZFssAAl HUAAL (Kim et al, 2009;
Newman, 2003), o]oll we} YEST &4 7Y
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o] &8 Wt u% FEs T webA o]
Elo] W97t W& QEHY HolE e YEYT £
Alo] o]HRT} Lol F1, WES A AAS T

Aole =E59 AYE THITE A
AZFA Y ] FHA 28 AT = F_E 7] A
2k T

=Y (centrality)2 A8 YEYZ EAA
2ol hEA]] A% F VR 944 B S
(degree centrality), UH FYAd(closeness

centrality), AF°] %4 (betweenness centrality)©]
Ko o] Al 7HA= Z47] bE <S4S SAHT
THKim, 2013; Sohn, 2008). ¥ Ao A& AL
ket Adaske d3gte] UELIAAA ol
F&ko] AHgAK(gray sheep), & TS - E=9}9]
Aol HA] AU B A(link) 7+
ERau7] st g ok AZdd
£ Yvrlste 92 AE Y4
(Sohn, 2008). A7

H A2 e ==Y Fo =2
o] 7kt k=

o 1.
e =

7((-)] =

3.1 HIO[EAl

2 Ao vy 4B 8K University of
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Minnesota)®] GroupLens Research Project®ll <]
& %1% MovieLens Hlo|E]E A3t T d
O]E]= MovieLens )AFe] E(http://movielens.org)
£ Fof 1997 9€ 19U FE] 1998 4 229
7EA THE F FRE AT T 1,68270] G35}l
sl 9439 9] 1A S0] YAE 55 HEE wjzl
100,000 12} #H7} HolEfoltt.

X
(RSP

L FHGYEY] A8 A
ol AHgdte ARSI
FALHEY ¢l A= 7HeZ AR
FAH=(Cosine  similarity)2} Wl2EAZ  F3
(popular similarity)< AH&-3FA T

B AFollMe 48] AolEol dUEH
Y dagES A8 oo, FE3 HEFY
117 5(gray sheep)S FEl3t7] flate] &4 VE

o
>
o
>
02‘:,“
QL
3R
o

2 ettt o] Zzke] oAl thate] X
319 A%4E We 92 FARE 7]1H(Similarity
Measure)” |3} TF2 Eg o] JAl(training set)S
2 g3t
24 S A o 2
Step 1: AH&AMS}E 1 AFEAPL M58k F3t
EE T4 29 2% (2-mode
network) & AMSARAREAL VESIZRE T
AEl= 1Y 947 (1-mode network) S Z

o)l
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HEYT £ 78S B8 HelZ

& HEEE

=%(projection) 2T}

Step 2: &8 WESZ £4X#Q 44 A=
F Y4 (degree centrality)S 83t 319
#E VA 9 =EES BEgith o,
e 7] He 92 A= Y989 @
o A EY ol WL ALSEle] 2AES

o] HAY wi(3ke] #ES 7= =Tt Al
e tolEAe FHASETE HU
)] FE 7EHCRE Frk

Zo}d o] zho] 51901 YA
& Wi v A o)Al

ngﬂ ]A:] HpAlS Esﬂ

Al(training set) 2.2 A
Ase oujshe 8
A(test set). o= 3} Q17]

—ir?ﬂ(popular items) YO E FHS

K oi
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i)
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lm

OT,
7}11 glo]
[ R=Rs ‘I}EW CRCEis
A&l wet o] 2

A ol Ale) 2T ERTES T8
JEORERIETEERES REC B
59} W@k
ZAYREE ZY3) ) A4S AmE:

A & % (Precision)$} 3] (Recall)o] 713 @o] &
H 4 A THHerlocker, 2004). 7 i_}cL )2l =
AA dolEAolA nAEE
of AA] 3ol Frhal A&
H&S YER L, 342 oL
g F3t= Foll FHA I =Hlo

< Yepith 34 =
trade-off TA o QOB Z HT= F S ©ol
ggsta glon, B AT o] F 3 HE

SAHAREE AHESAT (Sarwar et al., 2000).
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AL831A T A= <Table 1>3 20] o] 9] &=
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ZdAdel 160001311 == 4171E
=E=59 HolEAle st
dugFoE AEYolHd AT
o] uf 1600°la‘rt FA= AEYolAS FaA
FAAN2H Y AGETt At He A T
3k AFtolt), <Table 2> EAZ 902719 ==
2 o] Folxl HloJHAlA AR fFALE 71
o7 o] A7} 70%Y W HF | FHA T
£ U+e A& BT Yok AEEoldE st
%Hf%j*“%%l oz 9027 & Ho]EAl

oGl 80%, ElZEAl 20% HI &2
AlBFA T

£

k=

=}

.

(Table 1) F Measure of Whole Dataset
(User-based CF with Cosine Measures)

AN Number of Recommandation Averag
1 3 5 €
20 0.019 0.045 0.066 0.0434
30 0.019 0.048 0.071 0.0458
40 0.018 0.048 0.073 0.0462
50 0.019 0.049 0.071 0.0463
60 0.019 0.050 0.073 0.0473
70 0.019 0.050 0.074 0.0475

<Table 3>2 A2 AHE FUdAo] 160005+
M7 =ESE THE dolE o et Aol

th Z53F Y AM8AS(gray sheep)©] =
U= o] HlolHAlA = ZAR] FAE 7o

2= FHPAo] BV —3}13; H2EAdY
A7IMe s AEHolAS JPstt. BT
F24% vaE Sste] EdoldMS wEE
E2317] Ao 0437 w=vF m5F 235kE A
dolElslos ARy, H2EAS AEE B
2l 417) =7} Solgle dolHAoR &
At.

vhA ke 2 Asulael] tg 3L 18]

9)3}ed, <Table 4> oA HAx|= upe} go] =
Aol SAIES AL HR e Ames LIt
90271 HlOIEMHer 2B fFARE 283t
o] FHAAESE T3 417 =& Hlo]gAld st
“ 15—5"/? o ¥ g 1EHFE T

(Table 3) F Measure of 41 Nodes
(Popular ltems)

AN Number of Recommendation Avera
1 3 5 oe
Popular 0.011 0.020 0.045 0.025

(Table 2) F Measure of 902 Nodes
(User-based CF with Cosine Measures)

(Table 4) Weighted Average F Measures of
SNA + CF

NN Number of Recommendation Average
1 3 5
20 0.0201 0.0508 0.0758 0.0489
30 0.0209 0.0533 0.0800 0.0514
40 0.0211 0.0535 0.0798 0.0515
50 0.0211 0.0541 0.0798 0.0517
60 0.0216 0.0553 0.0798 0.0522
70 0.0214 0.0553 0.0808 0.0525
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Number of Recommendation Aver

age

NN

1 3 5

F 0.021 0.054 0.080 0.052

B3)7] Slste] £ 7]

g3 2 7S A
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AFEA(SNA) 719 & A88hA] e Aol 9
HDE E(CF) FHA 28 dag]&0 2= Fgtol
0.0475% 11, 248 YELFTEA(SNA) 7|
&3 AL L (CF) FHA 29 Fa2 0.052
2 FHAE] A 9.5% FEAS AS3)
AT} <Figure 1> 2] IYPZE F3t] B Ao
A kel dagE] e oJs) 34K (Recall) ol 2
A MdEE Ae B 5 Ao ol FHINS
sl wAES] Az ofolH e FAS Al
3} ;q] o= —17_141%_,/} AR o] Ao ZETH
7} S (gray sheep)= E2lat] m= Al4ks57]
ol UmA] g8 uAE FAMS ALk
o o] AZer) " Axety A=
<Figure 2>9] T1E| o] A9} ko] FH 7|7}
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(Table 5) Comparison of Performances

Number of Recommendation

Top N List Average
N=1 N=3 N=5

Original €1 519 | 0,05 0.074 | 0.0475

(F measure)

SNA + CF 0.021 0.054 0.08 0.052

(F measure)

Improvements 11% 8% 8% 9%

n=3
A

o\
—e— GF(Collaborative Filtering) \

—4— C F+SNA(SOCIaI Network Analysls)

Recall

=1
A

0.010 0.015 0.020 0.025 0.030 0.035 0.040 0.045

0.46 048 0.50 0.52 0.54 0.56

Precision

(Figure 1) Precision & Recall

—e— CF(Collaborative Filtering)
—&— CF+SNA(Social Network Analysis)
T T
3

F-Measure
004 005 0.06 007 0.08

0.03

0.02

s Hop

5

n

(Figure 2) F Measures

az

5.

B

R

AFNAE 242 YEHI EH(Social
Network Analysis: SNA) 7]H-S &-83}o] dH
E]¥ (Collaborative Filtering: CF) FA|2=H 2]
e A7 HolH Fd& B3 5ol

@ Aol DASL Belshs e ANusd
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Abstract

Resolving the ‘Gray sheep’ Problem Using Social Network
Analysis (SNA) in Collaborative Filtering (CF) Recommender
Systems

Minsung Kim - Il Im*

Recommender system has become one of the most important technologies in e-commerce in these
days. The ultimate reason to shop online, for many consumers, is to reduce the efforts for information
search and purchase. Recommender system is a key technology to serve these needs. Many of the past
studies about recommender systems have been devoted to developing and improving recommendation
algorithms and collaborative filtering (CF) is known to be the most successful one. Despite its success,
however, CF has several shortcomings such as cold-start, sparsity, gray sheep problems. In order to be able
to generate recommendations, ordinary CF algorithms require evaluations or preference information directly
from users. For new users who do not have any evaluations or preference information, therefore, CF cannot
come up with recommendations (Cold-star problem). As the numbers of products and customers increase,
the scale of the data increases exponentially and most of the data cells are empty. This sparse dataset makes
computation for recommendation extremely hard (Sparsity problem). Since CF is based on the assumption
that there are groups of users sharing common preferences or tastes, CF becomes inaccurate if there are
many users with rare and unique tastes (Gray sheep problem).

This study proposes a new algorithm that utilizes Social Network Analysis (SNA) techniques to
resolve the gray sheep problem. We utilize ‘degree centrality’ in SNA to identify users with unique
preferences (gray sheep). Degree centrality in SNA refers to the number of direct links to and from a node.
In a network of users who are connected through common preferences or tastes, those with unique tastes
have fewer links to other users (nodes) and they are isolated from other users. Therefore, gray sheep can
be identified by calculating degree centrality of each node. We divide the dataset into two, gray sheep and
others, based on the degree centrality of the users. Then, different similarity measures and recommendation
methods are applied to these two datasets. More detail algorithm is as follows:
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Step 1: Convert the initial data which is a two-mode network (user to item) into an one-mode
network (user to user).

Step 2: Calculate degree centrality of each node and separate those nodes having degree centrality
values lower than the pre-set threshold. The threshold value is determined by simulations
such that the accuracy of CF for the remaining dataset is maximized.

Step 3: Ordinary CF algorithm is applied to the remaining dataset.

Step 4: Since the separated dataset consist of users with unique tastes, an ordinary CF algorithm
cannot generate recommendations for them. A ‘popular item’ method is used to generate
recommendations for these users. The F measures of the two datasets are weighted by the
numbers of nodes and summed to be used as the final performance metric.

In order to test performance improvement by this new algorithm, an empirical study was conducted
using a publically available dataset — the MovieLens data by GroupLens research team. We used 100,000
evaluations by 943 users on 1,682 movies. The proposed algorithm was compared with an ordinary CF
algorithm utilizing ‘Best-N-neighbors’ and ‘Cosine’ similarity method. The empirical results show that F
measure was improved about 11% on average when the proposed algorithm was used <Table 8>.

Past studies to improve CF performance typically used additional information other than users’
evaluations such as demographic data. Some studies applied SNA techniques as a new similarity metric.
This study is novel in that it used SNA to separate dataset. This study shows that performance of CF can
be improved, without any additional information, when SNA techniques are used as proposed.

This study has several theoretical and practical implications. This study empirically shows that the
characteristics of dataset can affect the performance of CF recommender systems. This helps researchers
understand factors affecting performance of CF. This study also opens a door for future studies in the area
of applying SNA to CF to analyze characteristics of dataset. In practice, this study provides guidelines to

improve performance of CF recommender systems with a simple modification.
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