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2 AT AR B4 019401] ARE2E 2 A AlE 2 EA 3 VES T B4 ARE FUIE
HEG3E Al 22 slol Bl = Y E H(Collaborative filtering, CF) FHWHE A Qkgith A Z 02 ALEA} 7P
9 fFAIEE AT o AR HrHE ] FAMIRES 1Eske 719 CFeF thE2A|, AR A8 92 B4
A dlolEl o AB|AAREA ARE F71H 02 qgste] Boh A ustA /\}9_1} o] FAEE ’&%’5}“13]'.
o] w, AR} 7] FAIEE Al2Aste ATHOE §4 ol AL A8 9 B4 34 HESZNA =
2 AF(EE EANE B o, FH tide] He AR #lE o) 1k Tr/‘]’ S Fdi(Fsh =& S
shste WRbs AR, o Yot A FAIE o e F49 AEE ?4_240]'7] 8 R daEE
(genetic algorithm, GA)S &-&3ATE £ AFoAE AL ¢dueFY 455 AS3H] -‘H‘EH, £ AFel o
gk AREALY] HWIEE el 2lE] W BEA AAE UrE]r"ﬂ AA dHolHd F4 daglEs destden 1 A3,
71&9 CFe} HugS o TAHSR ‘rOT«] «] 0112 riast 7H"ﬂ°] O]"?— s Q‘?lﬁ T U =3
AF A AREG= B4 A ARE Ao Z Y=, ol A
3 BAE FH311 BElst= SH ]"1 A]’%‘X]' 7&«] 21 BA 1'415]1 & O F53 ok

A AFgiTt,

FAS - FHAZE, FALHY, A, A, AFAEREY, W d2AE FAAE, 4 dads

(3

r1r I3

SHY 1 201714 3 142 =R4AY 20174 3% 142 AR : 2017 39 20
ANRE : HBS|RS=R WAIKIK} : QR

1. N2 Bk ofzg}, AHIAA Had HRE A
F= ARA|2H-E LE3tiSchafer et al., 2001).
FAAN 28l (Recommender system) 574 A4 FHAAN2EE FHEE PHOREE 0431 7HA
Foll tigk Fujo] B} Brplaet 2& ARAE Zleo] e, 11 FAANE AFEEE S 7P
o] Hlo|H & nHlEo® 4F Y AHI~E g3 T dee Holn iR FH dags
O 72 FHFo RN FujJAEAA HA A HR o= H{rpta vk FHEHY dugEs 7l
58} (information overload) 842 | A4dk= A Ho g 3 AB2E AlFsta e AEEE
* 2 ae A 20161 A SAHRA LTSS FASFEU M HPp=rds $ Fast Track o=
FAHAG s T =S 3, 23 =EYUt
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o Z2]A o] A SkxK(Watcha)' &} JEY F3143
‘APt Fo] thEA o E delA AUTHSon et
al, 2015).
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FHA L12|52 g8 2HUEST JIE sto|Ez|= HEEE

2. 0O|=2H A Amazon.com¥ CDNow.com 18] IEJYl il
MRS detd’, G35t FH f S Aol Skxp
2.1 FHA|AH s -] gl AN AAE s A

gso] ALgE T 3tk

AT d9gEd 7t 34 Z2A~
the-9] <Table 1>of AAE 23} 7o) 7|4
= A].Q_x]._)\Lﬁ bER z‘sge:lg ;L/égi o|E

AEo] gae Tl r e el e

9 yau
oA WEE FAL oo Atk olHF Rag
< ERRoR AT T G=%, FAN2EL (Table 1) User-ltem Rating Matrix
2RATE A2 o7 ke B4 AdFolv
An) 2o t3 =HARS *ﬂ*&‘@'\:}(Lee and A ltem | B Item | C Item | D Item | E Item
Park, 2007). 25 AE EE AAANA= User 1] S 2 2
e S Bol1 e FHAI2HL, T3 User2 | 4 2 3 5
Asd AR DA 2R Zoke] FA| F 5 User3 | 3 3 3 ‘
t}olt}, User 4 5 3 2 3
FAAN=H L FHARE At e User 5 | 4 2 3 7
ol wet gdFsAl FEETHSon et al,
2015). FAIH R FHAN RS T WY o & E0°], <Table 1>+ FHITEHAS 2 &
ocze HzEAY 7 Py, W 7Nt 3l 'User 5'¢] 'E Item'®l] T3t o AE5=5 F4
(content-based, CB) 71H, ITEAAE 74t 7] st} skAL o] A$- 'User S'= 1T AFEALE
¥, Hadoud 7Y, YYE Y (collaborative A 2)3F JA| 4] ALEAF F User 2'9}F 'A
filtering, CF) &°] &, o] TolA= FHZH Item' ~'D Item'el] T3t HH I Eo] A3 TL
Bo] AAGAY SHAl A THE Bl &8 2 AT 3 Zoz Yelya ed, o Y3 HY
Ha Qow, gxH] FH49 A gaEls &S 712 'User 5'9} 'User 271 A A 54
o2 W7l g AE 7B B 5 ok whebA User 27} E

8’104?”‘513]1_ l—ET;%] el gk ol ol Item'ol] 3l 53 FA3t 7] wiZoll, 'User 5
GAl E Item'ol| 5Holges =2 HHS FAF
2}7]- /“ji?,f:_} Zifli A At FES T Zolgtal o5& 4 Utk oM H FHIHH S
A3 = 7% (Adomavicious and Tuzhilin, 2005; AE] EAUR)S oldd o glo], T3
Cho and Kim, 2004; Sarwar et al., 2000)2.Z, 0] AHeAE0] HA gy == Fajo] e} 7 % T
Y AE} tI8te] GroupLens ZZ2AHEE F3 A5 ujo]Ho g HA FHIYXEES AL + 9
o2 2" o]F <2EY  MovieFinder, o= Aol 7k & Aozt & 4 Yt
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o|lx¥ dAAUIEH L AAHo] wol 3
=X, o R fo|E & A (sparsity), &
A(scalability) 52 Aol FHZEHHL A
Aoz AAH Ut} olo ezt 7S]
AeS aHste stolBEE HIWe Tl o
213 AP ] e SHsHE A=t
e HEE EAE $oHBurke. 2002; 2007;
McNee et al., 2006). oF&e] FHZoll& dho] B e
E HIHE S8l 7€ EdEEP e A =
B ool S OS SAA 71E FEE
g A= as7] A NEEE
ShslA o] FJA 3L JqTHChoi et al., 2016;
Ganu et al., 2009; Jeon and Ahn, 2015; Ling et al.,
2014; McAuley and Leskovec, 2013; Vozalis and

Margaritis, 2004).

5=}

o]

zﬂ_% ] cEC

22 Afg|HZEEY

Barnes(1954)°l oJ3ll A-2.= AbA AR3|A
Ar-E-4(social network analysis, ©|3} SNA)<
YEY A 729 +xHo = X+ E(node) Z+2+¢] )
=, YEY A AAZA 44
R S
7ol thRyu et al., 2006). ©]#3F SNA
o] WA VESAE FACE QI 3
T A ABA F2E e AlROA
<95 of(Kim, 2003; Shin et al., 2012), 71 &
HHA7E A2 gojEo] o5 ot A"
23t 5 TdE HokilA B #Als v
. 53] AFE 7lso] T wet tiqt
tlolg 2] £4jo] 7Hesll XA, SNAS B
Lofoll A8k AFEo] st ErHL
ThHAhn et al, 2007; Mislove et al., 2007,
Thelwall, 2008; Wang et al., 2009).

Y0 o fd ¥

22

SNACl= HEH A 725 o4 &+ e o
&3t H=rt EA8H=T, 11 F 541 (closeness)
A VEH D F2olA ofd =271 F4ld
AA=A o het =S W FTH(Choi et al.,
2016). TAANE A A2AH =(degree) A

4, & (closeness) A7, vl 7H(betweenness) =

[e]
KR
T

Al A, olol Al Bl (Eigenvector) 3414 5°] $
(Kwahk, 2014).
= 01?011/\% ﬂMW

2~

_‘l‘

H

(nondirected) U E
2uUd Mt‘t‘ﬂ
tﬂ“&"ﬂ: 1,-"E°‘]_.‘_:,’__/] 7:]._?_
sto g ZAlAo] .Lﬂ7}5]j_ u}
Folle WEkelFg d2Ax

o] H7}+E Tt Choi et al., 2016). ©}2] <Figure 1>
off AAIA wpel o], B A9 tjido] HaL

= A8 2 B4 A M ES e WaFdol *‘—ZH
ste W U EL A dFolnt. o] # 3 W v
EQ A 93F AAA E(outdegree)= 3T =
E(AEN7E dvhd 7B Q1 A3 3H(expansiveness)

a4

1__

Lk
9 =

e 72 QEAE ovsty, Uy dEAE
(indegree)= 3E ==(HE])Q Q7] ARE
ERdATH(Kwahk, 2014).

z719] AFES AHRY, AS|AdAYES S
BAXNO R ARt Thed] AR A
BEE Gt o]& FHHA wEFstE =
A Zol| Al X THNoh and Ahn, 2017). AF3AZ
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y8 ¥l
i
Y v
Y6 b v3
¥3 y4
Trust network
¥8 vl
¥7 - ¥s @ y2
¥6 5 ¥3

Distrust network

(Figure 1) Examples of outdegree and
indegree trust/distrust network

ARE &83) FilmTrustth= ©]&59 =22
3} FAA S xﬂ 2F3E Golbeck(2006)2 3

= 7 01 obd wo#a 7
AE 83 A=E ARES Fd 3 g
Sttt o] & E91, Cho and Bang(2009)-2 AH&-A}

= pu
T8 IEISE 2T £, TYY A=
%

(¢

(

l

i

%35

¢

5 S 1?4 xilOPs}aigu:], Shin et al.(2012)-&
FAAR BA7IHE A% stol B s HIHE

AAsEe] Al A}%XPOH & AF
o] dF HI=E AstuA AT

FHA 25

o

st

23 Alg| NEHE A

o

MA|AE

—="M—B0

-

A= AFAE AtoldlA T B o wet
oeFstAl A= e, A7IA AlEe
7 ol A stz she e d5s 3
A LE T Al e AR A=, Al
Fh o] ALl wE 713593 PFS 3HA
%S Aolghs WS Z7Ho 2 dth(Hahn and

im, 2009; Hurley, 2011; Mayer et al., 1995). 4!
WA Tzl oA A2l gt AFE 7}
7] 2ol WES = BA A AolA ek
A3} Lu et al.(2011)& oJ® ool ok
7F 28 e oS 1A v o] B |

o5 vt sk, old g /1A 7
S 2lEe dol= Aottt

Du et al.(2016)2 At #ut oljg} 1 oj
ol AEsthe M2 tdEs HHEeE 4l
Flsh= Aol ol Alg e Hol7t & YIS v
ATal 4381 21, Yuan(2010) S A
g g%l et A «1E A A
3 7 AR ARE Tk, AE Y
olgd TAES MEAAFE ToF
Zh-g-ska dokal F4skeiTh

AF Q14 FHA] 2E(trust-aware recommender
system, ©]3} TARS)S A1E] ¢} AlE|xo]7} o)
SAAAANA A Ee AN dFE E T

[ e
Utke HE TEI, AeA TS F

o

= 7HA

= ARE AFHE FAN 2L D@ of
g o R @ HPATES Avnd e
2

Massa and Avesani(2004)= Hl°]E 344 &
A Aol 24E& g3, 7]E9 TARS Hu+=
22 Hgo 2 WAH AHE AHEsta At
I} FAo B e Bt S BgE o &

23



A<l H7t 4= HAE
kST Wei(2013)= =
22 gidel gk 4l
o] WAl FA| gt 13, Yuan(2010)<
Ao 28 £33 TARSS H7F o= {9}
A E NS 4 Atka 45T Liv and
Lee(2010)2} Ahn et al.(2012)= SNSAolA 24
Ao AZ4" ATE] ARE H=x

=

T
=

o

=
> o

I

v o> R
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=
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ot A1 Ho
=

e

e oft
23
ok
1N
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Lo
3
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Jor
o
e

a ASUTE Ha2014)7} ¢kt
2, AHEAEC] AR AR HAR
oF A FE(ANE E°, SNS 9
£ aglon, o] dAUEE
tack A3 A, At 2l
dZo| A, 183 &4
|4 & 5 Bg=
& = AU

Z o] &EEH Choi et al.(2016), Du et al.
(2016) “1#] 3L Tang et al.2016) A1 #AA &
HE AHA R v s uf FHAILEY 9
= Agert FES IIT T U 539,
Choi et al.(2016)2] A7+ A1¥ A vESHNA
AR ek d Q3 AAAE S48 ALt A
HE F7HE RS Th ey Aw7kA e A
FATE vFo & o, 74 AAE A=l
A4 ©=s] A E AATES 1H 7 A
HE g Ut ol B

= AAIsk= Holl oA

I_ESE

~—

=R
=

F—Eéo}iﬂ

1 2 Moo e X &2 orlo

o
o od ro
> of o
Ol

2
fols
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2

ok

b

AN
v

&2 k8] 4lE] BARER ol eud B
ATAE Abolol A &detA dFEHI e B
A IAE A EE 2L stel B e FY
LS Attt a2l #4428 9 24
WA BAE F o= Zlo] ¥ Fa3 H|E =
A= AHEIA Gt

24 78X S1EE

2L &a12]F(genetic algorithm)-S A2}y
Z(survival of the fittest)2] Y&l FAHAS &

&3 HA3 7o, A, i, w0l
o= o]FoA= AEY s AA S EHE
A FHS et HA e A A E
olj 7] o]tk (Hong and Shin, 2003).
AZ dagEe Aol $38h7] witel ¥
o} Alofo] w1 thre] AL ke Bxke B4
£ AT o {83ttt A daEEe oY
b Eokol| A FHLIEHA &85 e, 3
A& AR HAstE AT HA fE &
ATHARn et al., 2009).

= e

LR = B |
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el SNACF-GA(Social Network —Analysis
-based CF using GA)Z 3} th SNACF-GA
£ TH9] <Figure 2>°0l AAE ZAH, F 6THA
o] Axatol] we} FAH
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(Figure 2) Procedure of SNACF-GA

Building Trust/Distrust Relationship Network
& Application of SNA

User-to-User Similarity Calculation
Based on User Ratings

User-to-User Similarity Modification
Based on SNA Results

AukA

fus

ol

SNACF-GA Y] T-ZA|

Conventional Collaborative Filtering

User-Item

AE YR Atk o] 2dHeA & 5 %ol
SNACF-GAE A5 CF}F SNA, 182 73
b GarglFol 719kst H A sF AgtEo] 13
Ao AEEE Bty HgsHA 58 F U=
= AAEo ok

Aok ¢12]E<Ql SNACF-GAS] 2Hs AE = 6
AR AR FEAAl whE) Bt A A
HEH T3 2

1B« ALSA-ME EH

B A7} Ak SNACF-GAS] A WA ¢
A AHEAFES 54 4Ed tigh B4 dlolH
=& 71231, SkA] <Table 1>914] oA E 3E9

SNACF-GA |

Rating
Matrix

Social Network Analysis

Direct Trust
Relationships
Network

—

Indirect Trust
Relationships
Network

—

Direct
Distrust
Relationships
Network

Indirect
Distrust
Relationships
Network

i By

Optimization

Genetic

Algorithm

1

1

1

1

1

1

1

1

1

|

Amplify |
Trusted |
Users’ i
1

1

1

1

1

1

1

1

1

1

1

Effect

Attenuate
Distrusted
Users’
Effect

(Figure 3) Architecture of SNACF-GA

25



H’
lo
O
b
>

re
i
it

A7 AE g B4 #AZ 74
Z4zre) AA YEYIE &3 18 v,
] AT OE AEASA AF ek B4l
U w3 QlEAE wkgdshy] 93, Al
Aol HEfe] Q7S ofushe A&
T AEAE SALS AR

o}-22 SNACF-GAo| A= AlE
HESIA 75 A, AH-04 84S
st A A= A BA 34
227} g2 ALgAlel tis] MA Aoz

s

s
=)

i

[e:

£ o to Jm g
)

fE

o} HH o A
ST el
WAHA 47, 3

), 2 BHE & dhdF

<Figure 4> Age] 1S Bwl ALgA} X=
AR Y E AFH R AFstal, AR Y
T AR 28 AxH R AlFstia Sl o
u, AHEAF X E AR 28 AR H o A1F
atA kil SIAIRE, AR X07F HAA o= Al
gtz AR Y7 AR 2E AR eR
AFstar 7] W&o, AHEAF X = AHEA 2
g AR APt & F ok A,
g B BAY A= 2F ] Ag-ok g2 A
A= oloF ATH(<Figure 4> 3hre] 13 ).

ghef g o] Zg-9f niR kA 2, AHEAL X7t
AR Y E ARH o R BAlska, AMHA Y
7} AR 28 ARA R BAgT Y & o,

26

No Direct Trust

vy~
'@5@"6

(a) Indirect trust

No Direct Distrust

- .- ->
Indirect Distrust

(b) Indirect distrust

(Figure 4) Types of trust and distrust
relationships

o|F ABA X7} AEA 2E BT 9
APtk =ed 07 WA uEolt,
B9, A X7 SR Y E B
oA AL8A VI AT AeA 7

v207) ofFuk MR, o7 AE e X7}
A8 VE AR, AEA VI AEA 2
g BUY W @A, X ARHoE 7
BASA G W), HIRa AEA XTE AR
78 MAHOE $ARTL AT o 2
WAL oleld BAHE gl HHH
SRR ERE N EDEER R PR



RUR AMRIES BEY 24

HESZ 7|8t sto|=z|= gHEEE

2 9 22 WA YEYAE TEA =W, ol
HENIINE g AAAES slos @
2} AbgAre] AL AN Aok

3B AISRRZE BE RME ME
sRACNAE ALEA-RE B 9B FEs)

of Mg T B AAEE BET

AL FAE A2 A4 Toiz YuA
F(PCCYE AF-3HATE PCC 4]

>
k9
i
v}

5./ 87 29k ABA yo] FAEE o]
sh=tl, A71A R, ;& AHEAF o] B A il
W@ BHE el R, A8A yo 54
BE o 09 BHE JehAL, 2 AL8A 5

o B FARL, Be A8A yo) B BEg
2 ojnait,
4B MR 2 RALE

4 o M= 2A o] AR A1F] Bl =4l
AN AAHE F44 F4 Ao 3970
EEY AL 2 FAES) Adtste] A
OS2 FARE AxAshs AYE AA, TTA
A AREA T FAFEE AFEdT 2R AHEA
AR ST = O A (29 o) AEEth

s

A

_>1:

S¥ = XS, )]

I ARE F7I= ast] AR 9} o] A
&4 yo] =AY FAEES U@tk ampl,,
ampy ,, amp}, . amp)! = A-EA}F 29} o] 2 A}%
2y Aole] FAIEE g &2 SaAAF

ZAA A, & AFodAE ol AREAL y«]
212 g BAIA HES I tig HEF d2473

5 FH4S TSl FAES B B Ba

ot dE S0, AF #A UELIAA A
A} Ao gk AAAT ZAA gro] =uk1 7}

_%ﬂow A}%x} ‘A’Ql lﬁ%k AAEE FA4
ol =0, o] A4 & AH8AE] Y A
&7el W7kl BA1S 2k vk oJH = 34
Hug, Fajelaad AN AR ‘Ao B
A ode @ a8ste Aol fresith B AT
dAe 28 g B #AE FAlo el okst
7] Wi ell, 2 (2)ell 2ol & 4711(1‘14 A1E, 24
B, A AlE, A BA)e] 2FAST e
A Aot 2 2AA S @ ¢ % e o
o] 2} (3)~(6)¥ ZTHChoi et al., 2016).

ampity _ (1 +[Q‘i‘)”"’ (3)
ampl ’ =(1 +1C, ) 4)
amp, , = 1+]Cdd)u” %)
ampl,?y =(1 +[Cf)u’” (6)

99 Aol N pt =4
A yel A - A AE 5 o
B FAY AolL, I 2HE
AR W ARYE FHAE 1
st7] 98 ARk Am2A, Y
s el gk Hofo} Gk



5B - wEAL 22BN Qs AF XEST
EE
SAHAlGAE A 4aTAloA daE 4l =
BT (Bars Mat> Hads i) AATS Fe= &
ol ol FoAAA "t & dAFolA= FHA
d1gEFE ol &d TFES 3434 s AAs)

32} 3G} o] BAlAE 94 47 5—754%—’?
of g TRHUES Dﬁ-ﬁi AAE, 5
10071 Atele]  dA1A (chromosome) S & 57“\3%
EX S (population)S TFAASHA Hot 13 Ut
7t QA ER F9E SEgsd Heste 4
GA Y] fFAE of 7Ivkg A dHP S T
3 H, 4 g2 A

B A5E 4

ZZ]

az’y

Al
AN

=

(fitness function)
£ g
Error) = ‘3}9&\1}
AW, O A%

=

(Mean Absolute

A

A
ol wet 5
(selection), nLHl(crossover)d}aL,
A Ao HAs)
7 Z2H(genetic operatlon)% 4\—33 gt} o]
H3 FAHS oF 50~100M ] FSHAIZ| 2 b,
A= HA 52 A e =3
= A "ok

==

] vo_o]

=2 Q)o

(mutation) S €2

L

Pt =

2222 ©
o T = =

& okl A (7)
S AR8-3Fe] A4FITH(Choi et al., 2016; Jeon and
Ahn, 2015; Noh and Ahn, 2017).
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Noh and Ahn, 2017; Sarwar et al., 2001).
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<Table 2> Predictive accuracy of SNACF
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ANEol Q. o] TolH B 4 Q%o
SNACF-GA+ 213 A1E 0.00009F 215 E41
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=

¢
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(Table 3) Prediction accuracy of SNACF-GA

Type Hat Haa Average
MAE

Conventional CF 0 0 0.112638

0.2 0 0.112546

04 0 0.112568

(TrSuT:tAg:ly) 0.6 0 0.112703

0.8 0 0.112937

1 0 0.113277

0 0.2 0.112546

SNACF 0 0.4 0.112491

(Distrust Only) 0 0.6 0.112464

0 0.8 0.112455

0 1 0.112465

0.2 0.2 0.112438

0.2 04 0.112366

0.2 0.6 0.112329

0.2 0.8 0.112309

0.2 1 0.112303

0.4 0.2 0.112429

0.4 0.4 0.112334

04 0.6 0.112276

04 0.8 0.112236

04 1 0.112214

0.6 02 0.112521

SNACE 0.6 0.4 0.112398
(Trust+Distrust) 0.6 0.6 0.11231

0.6 0.8 0.11225

0.6 1 0.112209

0.8 02 0.112718

0.8 04 0.112557

0.8 0.6 0.112439

0.8 0.8 0.112351

0.8 1 0.112287

! 0.2 0.113007

! 0.4 0.112811

! 0.6 0.112661

1 0.8 0.112545

1 1 0.112456

Amplifying/Attenuating Coefficients
Direct Direct Indirect Indirect | Average
Trust Distrust Trust Distrust MAE
(ftar) (faq) (fhit) (1)
0.0000 1.4287 1.5000 0.4615 0.111943
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T}2-9] <Table 4> <Table 2>2} <Table 3>
Ay ste], Aot L8] FH(SNACF-GA)Z 2712
H W2 E (A EZ 2l CF, SNACF) 7t o= A3
5 THHOE AAStaL Utk o] Foll AAH
Fo} o] B Aol AA AFEA AvE F3
&) EohH, SNACF-GA > SNACF > A &3¢l CF
o AR dF BEET A JEESS g2l

& = ok

o

(Table 4) Summary of the experimental results

Algorithm Average MAE Setting
Conventional CF 0.112638 Mg = fgg =0
SNACF 0.112209 Hap = 06,
fag = 1.0
Hay = O’
[y = 1.4287,
SNACF-GA 0.111943 _
tip = 1.5,
11y = 0.4615
o7 duEF 7] oS A5 Apolr} I

A BAHOE fols Aol2lA A3 9t
o, USEE P

YR Atk o] FAA & F Xl
SNACF-GA €18&<& T4 CFe &8
SNACFSIE SAZ 02 {23 Ay 20| =
o= Ao Z Yehgth T3k SNACFS 1529
CF Atolol = TAA 2 F23 Aapatol7}
o AT 5 ASdTh

(Table 5) t-values of paired-samples t-test

SNACF SNACF-GA
Conventional CF 2.647%* 2.863**
SNACF 1.983%*

* statistical significant at 5%, ** statistical significant at 1%
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3|8 - 2|&H| - oHEE
As Ego] ¢hE= Aoz Yelgt. aoFstd o Fe U & 5 AS AoE g™
AE e BAS A wFstds o, aﬂ%@ =3
o] 7jde] FEHAA e W 2 AT A vt 2o A,
dutA o7 ALEAEL A3t 7 F(leniency 2 A= AR 3 A1E " B4 BAVL 2 e
tendency)= Zt=tHl, ol 54 tiide] oA FHFHES A W] fIsliA, slid dA A
gt F7hE WE o, AAE Elo] A3t B} FE3] S AHEAE YFE RS
© A% g2 Bt JE £ U S F= o] FEste] Aol &t Wl o
S S olol HlFo] & w, ol FHd HA A FE F2 277 TFHHALS 7
AE A BRE B4 #A AR Hlsto] T ol slem, o= I3 A AHe e &
B QRE ZA S ThesAo] T AARE Hkslslr]olls gHAIR o] EARH. whebA LRk
B A7 AHeses A Hal Aed" 3te A% S Fds] AsM e dA R
Epinions Ho|E A 7-tol= B4 #A AHE 7h & B AT etE, BE HolEE e
7} A 100% F 2F 15%0l sig=m, 215 & 2 A3 s, doluEsE s H88l
A AR Ha] oF el B A dAHH o= ofg Aoz Hzd
ZA}H“E} ojZNt Hrjete AHgAbEo] BAl =74, dA A Liel5e SNACF-GAS| 7
A E FEFshe 497 H Boe A T, AR AR EA A dEE S 2t T4 A
=2 %} T AUTh mEbA & AT AREAREY AF L S ARESEAL T, olAH 89" AEE AL
3142 #AE FHsta HEste SHAA $ &she A Hoe A VES D 34 R
SAR BARGE AHEA ] EA BA, S £ e IUE FAE AEA wgE A9, 3
HHEE @A F o 52 87 dee Frrt B B FEE 7HsAdol AH(Choi et
ANARS), B3] AgAdtEo] F2 A3 A al., 2016). WA A AR AlE e 413
Sk, L5859 T4 A SUiEL AE A3 "gAste] FARE AAEA AEse B
Sl B4 BAE FHH0R R AT A o DESE FH SaelFel U F5 A7E
A A9l i, B AT o gewd %o AYT Vst 9
° % ATAS0] A WAl nrp FEY
a7} e A
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Abstract

Social Network-based Hybrid Collaborative
Filtering using Genetic Algorithms

Heeryong Noh* + Seulbi Choi** - Hyunchul Ahn***

Collaborative filtering (CF) algorithm has been popularly used for implementing recommender
systems. Until now, there have been many prior studies to improve the accuracy of CF. Among them, some
recent studies adopt 'hybrid recommendation approach', which enhances the performance of conventional
CF by using additional information. In this research, we propose a new hybrid recommender system which
fuses CF and the results from the social network analysis on trust and distrust relationship networks among
users to enhance prediction accuracy. The proposed algorithm of our study is based on memory-based CF.
But, when calculating the similarity between users in CF, our proposed algorithm considers not only the
correlation of the users' numeric rating patterns, but also the users' in-degree centrality values derived from
trust and distrust relationship networks. In specific, it is designed to amplify the similarity between a target
user and his or her neighbor when the neighbor has higher in-degree centrality in the trust relationship
network. Also, it attenuates the similarity between a target user and his or her neighbor when the neighbor
has higher in-degree centrality in the distrust relationship network. Our proposed algorithm considers four
(4) types of user relationships - direct trust, indirect trust, direct distrust, and indirect distrust - in total.
And, it uses four adjusting coefficients, which adjusts the level of amplification / attenuation for in-degree
centrality values derived from direct / indirect trust and distrust relationship networks. To determine optimal
adjusting coefficients, genetic algorithms (GA) has been adopted. Under this background, we named our
proposed algorithm as SNACF-GA (Social Network Analysis - based CF using GA).

To validate the performance of the SNACF-GA, we used a real-world data set which is called
'Extended Epinions dataset' provided by 'trustlet.org'. It is the data set contains user responses (rating scores

and reviews) after purchasing specific items (e.g. car, movie, music, book) as well as trust / distrust
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relationship information indicating whom to trust or distrust between users. The experimental system was
basically developed using Microsoft Visual Basic for Applications (VBA), but we also used UCINET 6
for calculating the in-degree centrality of trust / distrust relationship networks. In addition, we used Palisade
Software's Evolver, which is a commercial software implements genetic algorithm. To examine the
effectiveness of our proposed system more precisely, we adopted two comparison models. The first
comparison model is conventional CF. It only uses users' explicit numeric ratings when calculating the
similarities between users. That is, it does not consider trust / distrust relationship between users at all.
The second comparison model is SNACF (Social Network Analysis - based CF). SNACF differs from the
proposed algorithm SNACF-GA in that it considers only direct trust / distrust relationships. It also does
not use GA optimization. The performances of the proposed algorithm and comparison models were
evaluated by using average MAE (mean absolute error).

Experimental result showed that the optimal adjusting coefficients for direct trust, indirect trust, direct
distrust, indirect distrust were 0, 1.4287, 1.5, 0.4615 each. This implies that distrust relationships between
users are more important than trust ones in recommender systems. From the perspective of recommendation
accuracy, SNACF-GA (Avg. MAE = 0.111943), the proposed algorithm which reflects both direct and
indirect trust / distrust relationships information, was found to greatly outperform a conventional CF (Avg.
MAE = 0.112638). Also, the algorithm showed better recommendation accuracy than the SNACF (Avg.
MAE = 0.112209). To confirm whether these differences are statistically significant or not, we applied
paired samples t-test. The results from the paired samples t-test presented that the difference between
SNACF-GA and conventional CF was statistical significant at the 1% significance level, and the difference
between SNACF-GA and SNACF was statistical significant at the 5%.

Our study found that the trust/distrust relationship can be important information for improving
performance of recommendation algorithms. Especially, distrust relationship information was found to have
a greater impact on the performance improvement of CF. This implies that we need to have more attention
on distrust (negative) relationships rather than trust (positive) ones when tracking and managing social

relationships between users.

Key Words : Recommender System, Collaborative Filtering, Trust, Distrust, Social Network Analysis,
In-degree Centrality, Genetic Algorithm

Received : March 14, 2017 Revised : March 14, 2017 Accepted : March 20, 2017
Publication Type : Conference Awarded Paper Corresponding Author : Hyunchul Ahn

Bibliographic info: J Intell Inform Syst 2017 June: 23(2): 19~38 37



A A} & )

Sty HIZYAITHEY YA B RYAIT AFOo 2 ALY S —A*O}_L, 5

AR o|ALZ AZF Folth. F2 HHOZE ASIANA IDT, POSCO ICT,
S oA Project Manager, EngineerZ T-F-3lH 0. 8 T Eoks FHA|2H]
$24, gAge = ol

ES ]
A =elfeta m2UATAER sl AAFA 6 Aet Folth, wlretn
BRst sh k98 FSagon, Fa BARoRs FUA2H, CRMOIT:

T8 B ZYATHEN S a2 A2 Folt} KAISTIA 4td7d 4}
531, KAIST B2 Jtistdol A H 9 nA 2L AFate] *514 Abet
= A5 d?&ﬁ} T8 J%!E‘—OFL ¢ 2 aABATRE Bob AFAE &4, R

_/[:

t..

38



