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% BB BRI (genre) BAEUHIETTE ST FF IR
S BB R AR EE - ROt MR I A CHERESE R - AT
Wt tH EE AR R IR E MR B MIRA TSR - FrhlEsl
Batirgan - NI - S REEEE NI I R e SR IER
R E GRS - RS - e DARIEAR Al o i e 48
BARANS > D et o0 Mg [E R 0 275 4 R S A A B s T A e 5 b
STRE AN ERZERE - AT AESE A (Analytc
Hierarchy Process > fiif§i AHP) - FEi— 2SI LERIEITER
SRS TE SR PP R S R R VR - ERRGEREUR
KB & DR RE A TGS (I & B B 2 sV o B Mg M AV
H o HAR S R SR LR E s AR (R REFR T HE SRS - el
R iR E R R EE R » AR aE SRR rTHE BLER T pe s HE R 4 s
52@ °

E-commerce often relies upon buyer recommendation techniques
given their potential commercial value as well as recommendation
systems’ ability to accurately predict user interests. For these systems,
collaborative filtering (CF) enables websites to recommend products
for target users based on the preferences of peers with similar interests.
While CF can expand a user’s profile of interests, it cannot overcome
the problems of cold start and sparse ratings. Since recent studies
have shown that the stability of users’ preferences influences their
decision making, especially concerning experiential goods, measuring
such stability regarding these goods is worth investigating. This
study thus proposes integrating genre- and director-based anchoring
processes to identify users’ preferences for movie genres and measure
preference stability in order to provide more precisely personalized
recommendations. Specifically, we overcome the problem of sparse
ratings by analyzing associations among movie genres and directors.
By employing the analytic hierarchy process (AHP), we thus
infer user preferences for movie genres via a series of interactive
genre- and director-based anchoring processes, which ultimately
provides effective, precisely interactive movie recommendations.
The experimental results show that the system can tackle the sparse
rating problem by merging similar genres and then can increase

recommendation ability by strengthening analysis of genre preferences
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via directors, especially for users with unstable preferences for movie
genres. The research results can serve as a reference for e-store

business.

[FE#ES Keyword]
JE&RIIATE - EIRE SRR © BUESIER © RIFRRENE © HEE A
Analytic Hierarchy Process (AHP) ; Director-based anchoring; Genre-based

anchoring; Preference stability; Recommendation system

== =
= - 1B

HEER M EE B P AB N EEE - SIS AR SR AR
TOHHU S EEH N EE R mE R - (Fele EE T miV L 5 EEI
WINAEINEEE » i by AR 2 Bl & E5EE R RE A E
7 (Netflix.com) B[IZFAULEE(E & B R G S RE T R HETTE R
HEE ST FHIEHE (Molina, 2018)  © HEE Al BB Rk
HIEANACEY 247 - BEVEER e RTRE o BYPH B B2 fh YRR THATR
L6 R 5 2 R LR Y 2 L B IR 7% (Lekakos & Giaglis, 2006) © H 1990
FAFHALR - KERIFEE R PR &S & S8 E AV IARERE 7T
Al RS R 50 R YRR A 2588 (user profile » 7% UP) 2 FHUHI{HE
&Y =4 (Balabanovi¢ & Shoham, 1997; Dahlen, Konstan, Herlocke,
Good, Borchers & Riedl, 1998; Konstan, Miller, Maltz, Herlocker, Gordon
& Riedl, 1997) - HAT » —fEFFEHEERT BN N A EIEHEEL
onE R ARDRE &0 Chybrid) %88 777% (Adomavicius & Tuzhilin,
2005; Deshpande & Karypis, 2004; Molina, 2018 ) - ZZE#4GuL IMDb

(AR EeEEE) » HPARETE  ffRATERASE
TR JTEEEER -

HANEFHEE AR EZE BTN RE LI HENES - tEmE
TERTHAERR - B EHEBHEEN A2 BEETEHENSRE
AR TR BB R AT o Ryl Ao F AR R o iy &e - Bl A 4ihisa
(i b g B s e o RS B R (BI—E A ReEEPrAEE N —
INE GRS ) o HERREE R E N R E IR - AR T R R
B 7 IR > DU e 2 R A B LGRS
BRI B W E ARG - LA R 1 R T8 B AR
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%7 UP AYFEEE o gt AU 8URE FH & 0V =558 e i s EAth ek
FERE - HRITHEIVER A IR EEHENRLS - EMEEEESET
AEAACHYHERE - Wi > SNEHENRTFEEEREAREEE 2E
BEEETAY s E (Kwon, Cho & Park, 2009; Shen & Ball, 2011; Simonson,
2005, 2008 ) o AR H DLE S B Ry AL 2 2 8 U7 VA AR B 98— {1
BN L4 0 Ham b EET R B TZE (Analytic
Hierarchy Process » fi&j flf AHP ) 2 % %L 75 7% (pair wise comparison
method ) 2 » AHP By 1971 FEUC2L R R ERZFY Saaty Fir 38 2 H 2K HY
S RERRSETT 7 (Saaty, 1977, 1980) © @4k T A E—FE R i FE
L - JEERSLAIZ B RSB T B AHP i i b
% DURHUERER AT E IRV REEE sl E 2 (relative importance,
priority weights ) o {1 I pl¢ ¥5f PERRO AR v DGR SR 7 2 B Wi (i 7H H Y
EEER - BES9RHS SR 3 1Y SE =5 A 0 PR R A W (8 7H B /R 2884 -
Simonson (2005 ) F5 H {58 F 58 09 R 5 4 % T AT BE 432 A o B AR 75 2 AR
ZMERE K o R AR (E A B (R Pt B RS Ry ml T 2 i 9e -
FA LA EAHREIST - TR 24002 18— A Y S EE B AR e sk HE i
{5 E fm i I EE 2 AU R8> 88 UD S gk o i B 1V R 17 18
JE [ B R s M R TRV R (%

LSRRI TEE Y ¢ (1) BFSTE 8 53 A 88 52 B R 2 [T A R B
P DU SO s e P R R TR TR B SR 4R 5T 0 B B B M R T S Y
BElSE 5 (2) WF9E i 48 DL R S SR Y B 8 s BLRRE Y E A2 7 (anchoring
process ) 57t H B {50 FH 55 S 28 AR i A R I 7 T HE B SRR R 5 (3)
5T B 2 — 20 T R E A el A B B R s A (RS ) BB
S Wik AT B HEE G 2 R R BRI E R ZHEEER
g -

Al © XetEREY

— WA

R R — MR R E AE &R & MRVeRTET E HYIH H 2R
H R B FEONI (8 =& 3R A dn BIR B Y BLER (Lekakos & Giaglis,
2006) - —fEIENL T > HEHEHA HCEEEEZHREAVCE: - #
TS 450 T DABR BEARE (60 P 2 B R Y e 7 2 K XE 7T RE 2 (5 P 5 & RN L
AYE AL © B RFRE A5 B =f& (Konstan etal,, 1997) * NE
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FLHE R HEEE (content-based filtering ) ~ 7A[EIZUAEJEHEE (collaborative
filtering)  NEWVHERE R AEME A FEIRVHERE RTE » (2452 B F(ER
8 Nt R RS )8 )74 (hybrid filtering) » BI&EEER
N B R AR E &L (Adomavicius & Tuzhilin, 2005; Balabanovi
& Shoham, 1997; Ma, Liu, King & Lyu, 2011) » £13% b ifcHERE 2% 6155
A4S G HAAERE » 321 B =FEHERE R T 2 FERA SCRRS 2 7 7 %827 3
W9 -

WHISF A » ENE A EERE X T ERBEREEE
IR A > AT TE H 5 B4 Citem ) J8 1 0 T8 Mok 268 T 722 37 TEUHIAS
B 7AW E AR - ([HE = B3 (serendipitous
findings ) FVEE T - AT HAFHRHH ST B Chen, Yang, Hsia, Chen & Tsai (2016)
¥ F Heterogeneous Preference Embedding (HPE) 7574 » 2 H B {#E A
F o~ WO R O AR E AV RS o LR R A A
SENRFET BB ROEE (AIZERihEE) » ARliNiEENU
HEEE (Fi) @70 SRR T A E EER
HIHERE AL -

ot [ =2 28 5 4 75 P ] DAAR 9% =52 45 B (58 P = L R DL (5] 567 DA B
Bl {5 P $ B 5 26 SR BB Y ) 14 - {5 7 A 7 6 R e B A R 1 02 Rl

(cold-start) HYRHE » RGN EIE N EREE R4S & DL L fEE
BT ARV EREE T AR GRS - PR SRR LA ERAHEE 45 R (Adomavicius
& Tuzhilin, 2005; Balabanovi & Shoham, 1997; Deshpande & Karypis,
2004; Ma et al,, 2011) o #T Hf #/f 4% Xue ~ Dai ~ Zhang ~ Huang 2 Chen

(2017) EL A5 1 X 41 1% 2 1 Deep Matrix Factorization (DMF)
RU 7 T AL [E] S B (R B A (DU RS AT BE g B o S 7 AR (]IS
W S 5 R B MR RV [l 6 - B8 R RE R4S g i T 52 T B s Y
BT e R4 R 1 44 B MovieLens 100K ( ML100k) ~ MovieLens
10M(ML1m) -~ Amazon music ( Amusic) E1 Amazon movies ( Amovie )
ERHEETER - RS R BRI 2l 5 [E =R 7% -
Wu B Hwang (2013) HYEFZHERE AT HE N R r R =UE
AmITF R A (G-Fuzzy ) DAEESZ RIS BB AV - FE
T1RENT o [E 2B R HER - R4S BRI R 2EE (Precision) &Lk
RO AEMHERE I E S 5 AL B5ELL a -cuts J7 ARSI HET T
FIE TR LIS RET ERCE - SR 4G R By AR i AR Ak E st AL B =&
SOHERE 28 2 AL -
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eI SRR

HERE STk

& (BERAESD)

AN ALRE

Linear regression & Feature weighting

Debnath, Ganguly &
Mitra (2008)

Explicit factor models

Zhang, Tang, Zhang &
Xue (2014)

Preference embedding based on a user-
song-playlist graph

Chen et al. (2016)

User-based

Breese, Heckerman &

Kadie (1998)

Memory-based | Item-based & top-n

Deshpande & Karypis
(2004)

[P GBLEY] User- and item- Xue, et al. (2017)
based & top-n
Top-N algorithm Yuan, Cong & Lin (2014)
Model-based
Model-based Ma, et al. (2011)
Social network recommendation Hu, Gao & Pan (2013)
Feature-based collaborative filtering | Yu, Xu, Ester, & Kriegel
recommender (2003)
Content Kardan & Ebrahimi (2013)
Igc/ler.no.rly;ibasre: (ciolllabor;itrilve f:telrin% Liu, Hu, Mian, Tian &
similarity model combines the local | .\ - (2013)
TR context
Naive Bayes algorithm & Pearson | Lekakos & Caravelas
correlation coefficient (20006)
Implicit social recommendation Ma (2013)
Genr.e—based hybrid movie preference W & Hwang (2013)
filtering approach
— EinIEmiREE
FE B - ESHEE (anchor point) FYH]E & —1{1& DRI R A
78 72 BB FLHE A AEUE (Helson, 1964; Tversky & Kahneman, 1974) -
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RIS E g AEENS 8 () - WREMMIN
P HET TR AL RS #R  MECth RV FIFES
HYE e I& S EY %S © Tversky Bl Kahneman (1974) $2H > f¢—F
BRI AEE B i 44 HY B ZE e i B (B R ETA S AR 2NAY - E st
WA AR » o7l Ry e LA rE B PR A E -
® [E{LAYFE (assimilation effect) © {F{0] 2% MR HVHERS R =] E S BEE
R R [FLSUE - M B B MUy - BERREVIGHE (E#
) o FEEL T EHERUE -
® EfLLRUME  (contrast effect) © (B{a] 24 MRV (R Bl E $HRERT - B0
T Py B LEUE < OH BSOS » BRI A E (CERL)
2R e $RG - BUEEE A T R -
BREOARENREENZERRIET RIARE R BEEN
PRETEE - MR 9T s MR R AR A O R A A
{% (Bettman, Luce & Payne, 2008; Shen & Ball, 2011; Simonson, 2005,
2008) - Rentfrow B3 Gosling (2003 ) FFFEEE {5 FH &Y R fr BT / 44t
B T2 5t 8 1A B8 (% © Simonson (2005) 2 HEHE Y 47 48 &
TP R AR > MIEBIR B EEENES » REBE A RF R
R EULAARNE - HAEWRRE HBER AT H i E FEGHL
FAERRE: - S AL M P PR AL 2 L B AR 5 i 2R P g R R 4
(Hzubl & Murray, 2003) - Simonson (2005) {¢&=LEZH MR A
EEARA A AR PR SRR - f2d 7 DU EfRE:
(1) B L&A B E 2 H S BB EnIRET
Q) BE HCOAHEE H B RET - B0 N EE R MR AtryEEE
TRGHEET
(3) BT EA BRI NI AR - ALFERG °] DUZ a8 15 Se R 4 ok il
JE @ P P R i Y ST
(4) B P DA B MR R AR it 4a L FERG 5 -
FREEluE e - EEFEHLERERE LA R EENBER
FRIEEE B CRFAVEZE ST - Wik EHEUCEERER S RTE
FEHRATRAERREE - 7Rl R () RFRE - EEEEE FBREAREA
SFENRGE Q) BICEE )] « BFHEBRFIVEE )T - GiEifE
B OV R HIRRE RS -
MR E R ANPIFEEAREFVRER - FrRFRESZ
75 38 SR (R 31 P DR [ Y B MR 3R 4 S 7 R R B Y R A
PR FOMEA B2 (Shen & Ball, 2011) © Wu B Niu (2015) #2H 2L
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TE 9 By R 2 JR & 2B 8 7774 (anchor-based hybrid filtering approach,
AHF) DIEHIEHE B FARTIRENS - s B8 ABIEEL 30 fir
NEEZ BRI IRE S 2R A ETTECHERE - HRERETEE
HEARENRT BRI - o] DRI M8 25 5 AU EC s
el S B W E ARG - SRAEN R EE T AR A
HIHERE A S5— 7l HINMRF A RENEH B KGR 2 REFG T
BULAYHERE - RIIE > (FRIMFsEE2 Y AHP J374 o] 8132 DS A & H)
BiE MRS Al 2 B ARG - &9 EEREIE A
B RS Wbt R > SURI IS T & B s S AU R B
oA B A s AR T SRR e DR R I R RE A T 42 = R s HE S R e
g o

—  REE

AT ST RTEL T -
WFSERIRE— « —MoRER - KERTHY RS 24 5 20V PH H A A
F o KL - EHEHE B B RS IEE MR - 805 Mk i RE
(rating sparsity problem) - BIFFZIH HEA = ([ HEF T - HUEBHR
FEPEET B AV LR DAVE SRR » FLERE S A 1 i o AT Rl
PERIRE - 225 a8 BRI Rl oy M BB s SR AL B U A 7 IR BRI - S OFE L
e DL LR R S M RANE - I n A e R BB IH H R
PR MRE R -
WFFER i — : fR4FEEE R (Preference development problem ) Fy#fi
BB 32 38 o A A e A R 20 RS FH 2 2 D Y (B 3 2 FEUDRISE FH & Y e 56
( Cheung, Kwok, Law & Tsui, 2003 ) ° A0 > —LE0f98 A\ B0 A(HRE
i iR e i EM MRV SEis » Rt - FEEHERFREN
DR ARG I R (E SRSV (Bettman et al,, 2008; Shen &
Ball, 2011; Simonson, 2005, 2008; Wu & Niu, 2015 ) - WH9eiEiEE G,
B AR T AR e (E BN R BB AR AT - MR T YA
T -
B BRI AT ER 7y > B 9T 2 H A F i 18 B i S A AR
BE R TH H 4E T A BRIl oo i B 2 AL BV 7 R RYRARR M A&
DHAEUEAIE R - fR el MR B R o BTN oA 205 SRR B B s S
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B FHIRABEE - DI E S MR b (R 2w - DUES 5
TEHEAY R E B AR > AL T - EEHEFED
g7 WAFIERWE R TE (AHP) - i — &P B PRy B EhiE
R E s HE S E RS > FELEE B R EE
AR SCEHEIVR AT  AHP 7574 Ry A 25 BRI 302 (Multiple Criteria
Decision Making, MCDM ) —{[& f& B i & AV B 2R 56 504 > |
FAAR g A8 e S IR 4R B 2 BRI SR RE ( Saaty, 1980)  ARSCER
F AHP J374 F 2R HEERIZ E h A B B s R R Eha Ay EAE > |
PR B R R B S TR S E e Ve A A R B R
& B8R i ARE R R A AR T ERVEVE SR T LA E(E1% - T
P ¥ b e e 2R SR EU WA {18 EL e TE H IR E SR IR s T BRaT miF
RENME  [RAEN RS EREZNRTELERERFEZEE
REEE > A EZ AR EN N EENRE > Jriife RAK S
RIE S EIE R RE IR A B SR - HEEEH AR M - HA
B ST ARTZE  (Wu & Niu, 2015) » Hift AHP J77AT] %A
Fff$% A (Saaty, 1977, 1980) -

ABH TR b B A — 20 77 2 R s R Bl o A B R e R S R 2 i
SRR O B R i 2 B LUETT BE R T 2 E LT o HINHET TR
LRI P AV s 2 SRRy T B DT R R =
M AN SE A CHEERER ) - AT DABAFEIEF o] DARE BT b
HVEEE P S R F R E NS - UREHECARENRE
AT O BE & =R A 0 285 2 S 3R A R S T HE R HY 25 B 2280« 1R 42
HEHVEIE AT & A HEam i B R - RIATsEER R H BB R
AEE > I ERRAT A EIFERE 7704 2 A Seak il B & U im iR e B 00
Y o

—  bASRZE

FEREEEE T BT LU HERE £ 4 iMovie 2848 - 401[E] 1
AR -
SAVE i SODUSIH] « 2B T R A A A RV BRI TR o
IS AH i SO B0 P 3 S B A 2 B oy ISR G UP 1R R fiE
EEEIREE
W P i e £ P L+ IEASEAERE (S P 8 B R R RN B A (R
B 1% 5k 71| 6 FH 3 ) R s SR AL Y R R E S PRI — 2P 3t
B o (B BRI BRI EERR - 2 g AR R R
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— XY UP FIFHEESE — A UP  FE S IR MTERFH K2 @ A% (Pearson
correlatlon coefficient ) [ 53 A7 SR HEE (5 FH 2 S 8 s SR R BB B 4
TBEE -

R « R AR RR A & B E A EE I R T &Rk
WeREEE R - IRMERA T B A B B AU HERE 705 BB
Ebism LB s A 2 RE 8 DURIS(E B I B meT - 45 ikl &Rt E
FRANE R A B E AT E -

IR G —
BHRE

AB-—REBHAER
ARMREBHGIRM
RBEE

DNSRERERSEN |
BERNE p e8]

B 1 iMovie RFIEIBELARIZE

B2 b ER AR O BN ERHEEIER

AREEE T EETEIFEIEH 2 iMovie %Zﬁ%'iiﬂi_ﬁ%-:f bR M A
Bt 2 DR R P4l SRAIP BN T Tl

S0 ¢ G I SR R R R P YRR
BT — 2 - HEPEA - STRELE M E SRR
¥i’T¥ﬁ EAAZ @) -

nj
Zk:l Tk

Genreuser” = ey X Genre; (1)
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Hep o Fora¥or s j B > S BIAVEE
Genteuser i, j 255 i (] S HERRAHAL j HUSFST ~ Genre; S&3% BRFZHHAL
NEH R CERgEEIHRREIR 1) - BREERE > RE—E
FrE RV BN A Wil - e E A — PRy
R Ry s A& S A S SRR PR e oy DU 22 B (B RE -

B0 N R R R (B RE (UP)

L (E E R RIF R S B RR ARy 7y By UP - A
AV

UPyser, = {Genre; 5, Genre; 5, -, Genre; , } @)

B —fA —EEE AL - A () #HE T (EHE H R EEATET
HE > FEERME ST EEAEIRE o AF0 (3) H 0 Genre;; {3 movie
S (B AR useri SFAHVIEAL « BVt (RFBH H L movie, HJEAILE
%> BV & UP W15 » B EME i ¥ movie, WEIAIEETY © User; fi75T
73l Puser; . FARHYZ &S « (U 28 - HEE BRI ERKERAR
2) » HA i wi i &S WY BB s W AHE E B P B R A P 25T
ﬁ o

ZjeritGenrei_j
Puseri,t = Tld 3)

B0 s NI ES (Genre-based Anchoring)

H#E7T Anchor I} - &8I F & IR AR /7 T i S E N i F S BV E
R PIER > BRI S EERER i.i.ﬁﬁﬁﬁﬁi%ﬁtb%ii.ﬁ%EPE?E?FH
FEET Ry o RESE IRV AE - W9t 2 B A E S AR AR Bl T -
AANE 2 BdfE 3() B -

EEET AT . EEERENEY
EEREEED %:> mﬂ&&mway#:> BRIGIENS

el EREHEDH
SREB=HE .
{%mﬁiﬁ@a] [2;”i$5ﬁ]

REF)

i

B 2 ER I EHERE
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UL SRR R R L R S RE (UP)

EBBEIIT L SOEREN RS - RO ERLRAEL
TR R AR UP  FLUERR LA UP BESERTS BRIE SO REEATR -
PR o B R S SRR T 3 R By T M2 5 A
Jiae UP BUAHEIIES - BePTEr A Ast (4) BT IER B - B By
FARL L @eFor ~ n RyFER TR - GR; Ry & IERU BRI i (RF 57
GR; =5 *)
B TE A58 P S SAST 57 » R EOETBARSTHT S
FTEEARIMEEHEST UP % - (ERERAVE - B P it o i
FRAIAR D3 AHP R MOREEE - AR (5) - R T IRFERME
FRIVARIFIASIEY - ARBERRIERIA SRR AR = fEEE - GR;
Ry RAR § SEERUERYRESY ~ wy R RBALj 1 AHP A VHEER ~ pwy R
A j HREEELED -

PP G LER €S (Director-based Anchoring)

AT ER H Y Ry ids B oy A s S TE SR s S AU EE DL UP > (R TT
DL it s s LB s R 2 BHGR © #1758 X anchor I » & 31 i H
FlRdaRE et i Hat o B8R % ~ 55 B = W E R A
1 Bsf F & #E7T Director-based Anchoring H¥55— ~ 55 DI K 38 == #(HY
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BT RS EERE > B R PRI BSSUR o 13550 FH 2 T i e L
B TEEY o WEFEME ] Saary AHETEEMERE (Saaty, 1977) > 3t
=REFy o PR PR s E S = T AU 3(b) AR - W ST e AR
&% B B AR HYFERE > B R o ArA (AHP) 5HHEE
HEmAFAIREE > LA GRS U > P BRERI T VAR SR =20 8% -
BRI FE (8 28 B B LR R AR F o3 (8 Rynk BUHATREE >
W e A By EE A (R 1R LR B AIRE B DU %
FARLEEST > AT (6) © pwy Ry j 458 — I e SrtR R EELL B
DGk, Fyi% 875 k B j FUREE ~ wo Ry BEAVREELLD] - gw; &K
R LAY j AVREEELLG] - m BRI SR bR BEEE -

gwj = pwj + X (DG jxwy) (6)

Hrp > DGk Ry B k FrE s 8 j LR E - Gey
i k BRI DBV AL VR EE  n HEFEAEE ;TR
ARAMAR () -

_ _ Gkj
DGk,j = S (7)

N+ RS ] R R AR

R A Y8 s B S A S EE AR ESOR - DU IS (E A H &
R 2wty o DB AR - (o A AT R BLBE R UP 1RE I 1AL
HPERR R BB A &5 AT TS - N ERAFT T LU AR IR 4G UP MIEH
By UP ZBEAVER > R EHEHEZRNErERRE -
BAPIERFH 7 B AR R BOR AT A3 1 AVAROETE - I Stability; < FHEH
EIREVEEE & (L1 N R Sl R E(E - RGBSR SHER
0.7 > FEHERRG S ERER MBI GREIRR 0.7 - &R
T EEERERE - REE AL ©®) Fr » Rij REME i ER
4a UP AR5 ROij RyfE T 1 3958 1% UP TPl BYRFoy -
m Ry R AR -

o (Rij—R)(R'—R7Y)
o Ry 3, (T
R FEAR IS R 1 F8 e A2 T MG AR5 18 K W Fe &8 Bl (o & o By IR 4
TREBEMRFAIBEZ (Wu & Niu, 2015) -

Stability, =

)
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b ~ BRERETEREMETSA
— - EERERETEETIE

AREEIBEILT B =8 - MR 2 For » R 3 RefillER =
YERETT0E > H AV AT {58 I = M 1 7 A Y B 2B pl 6 PR R IR SR B Y UP
EOGHERREEETAREL - AEEBT iMovie IV RFHEARZL L
EAE B E SRR A DU B BB HERE U508 > RV ERIBTEEIE 8
—RIIBER R ERR - DA E (& S E AN B A R
4 -

&2
ERREREH
» (Experiment 1) (Experiment 2) (Experiment 3)
Genre-based Genre-based Genre-based
b (DU Ry KL ) ( DU R BLHRE ) ( DU Ry BLHEE )
- ST 238 | SRR 12035 | B 1235
(H£=4) (F£=4{) (F£=4)
i JE ST JE ST
e CBR) (o & 57
RN | RN EHEE A FR N EHEE A FR N EHEEE

&3
RER BN
Fitk Hok
o - B R RS
V] KE R
ot 1551 T B MR
o 54 -
GIETS

BN | e | | o IR B ERE

e ramscorbased |« PR A 292 Rk
i P S R R T -
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o DU E R K i B e A
Kot ‘ sy R EHERS
s, DA R B 1R A ﬂﬁf‘]ﬁﬂ C .

{£ - (Content-based filtering) o Lj;ﬁﬂ%g%ﬁé@é%—gﬂ [EE EFI
EEHEAERFNER I
LGS -

— - ZEEMEER

BB (5 FIRIH T B0 45 0400 Movie o BE Bl 17 B A
(5 I AT 53 FRPIHASE 50 RLA BRI A e s
31T E AR BEEE - SIS AL Movie S50 I
BT AR - 45T 938 MW - AOCRIBH SRR B s
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1. Background

To boost website conversion rates and promote electronic trades of
goods, E-commerce companies often rely upon product recommendation
techniques for enhancing their potential commercial value, and use
recommendation systems to accurately predict user interests. Among
these systems, collaborative filtering (CF) enables websites to recommend
products to target customers based on preferences of peers with similar
interests. Since recent studies have shown that stability of users’ preferences
influences their decision making, especially those concerning experiential
goods, it is worth investigating such stability regarding choosing or
buying these goods. In this study, we thus propose integrating genre- and
director-based anchoring processes to identify users’ preferences for movie
genres and to measure preference stability for providing more precise
recommendations. It is worth noting that in this study we had overcome the
problem of sparse ratings by analyzing associations among movie genres
and directors. By employing the analytic hierarchy process (AHP), we thus
inferred user preferences for movie genres via a series of interactive genre-
and director-based anchoring processes, which ultimately provided effective
and precise interactive movie recommendations. The research questions
(RQs) are listed as below.
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RQ 1: The CF filtering enables websites to recommend products to target
users based on preferences of peers with similar interests. Although CF can
expand a user’s profile of interests, it cannot overcome problems of cold start
and sparse ratings (i.e., an individual might only vote for a small fraction of
all items) (Adomavicius & Tuzhilin, 2005; Balabanovi¢ & Shoham, 1997,
Ma et al., 2011). To tackle these problems, we adopted the Apriori algorithm
to investigate the relations among movie genres by merging similar genres
to reduce the number of genres. We aimed to examine if this would address
the rating sparsity problem by alleviating the rating burdens on users.

RQ 2: Customers’ preference development situations are predicted by
analyzing relationships between product ratings given by each individual
and corresponding product attributes (Cheung et al., 2003). Researchers in
the customer decision-making area pointed out that consumers’ preference
stability (PS) would influence their final decision-making, thus it is worth
investigating consumers’ PS for providing effective recommendations
(Bettman et al., 2008; Shen & Ball, 2011; Simonson, 2005, 2008; Wu &
Niu, 2015). In this study, we measured users’ PS based on the users’ variants
of movie genres and directors via a two-phase anchoring process for
investigating the effectiveness of recommendation results.

2. Methods

Our proposed interactive movie (iMovie) recommendation framework
incorporates three modules, including the preference capturing module,
the anchor-based preference stability measuring module, and the
recommendation module.

(1) Merging similar types of movie genres

For merging similar movie genres, we adopted the Apriori algorithm
to analyze associations among genres, and reduced the number of movie
genres from 30 to 19 in our dataset. For example, a single movie might
generally be labeled as both “thriller” and “horror” , thus in our study, they
were merged into one genre for avoiding ambiguity towards move genres.
This would reduce users’ cognitive load for rating movies. In addition, we
analyzed the associations between movie directors and genres. We assumed
users’ preferences of directors would imply their preferences for movie
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genres. The analyzed results would help the recommendation system to
predict users’ preferences for movie genres.

(2) The genre- and director-based anchoring process:

After the movie genres analysis, we conducted a two-phase anchoring
process for interactive movie recommendations. We asked users to rate
movies of each genre to construct users’ profiles (UP) based on the rating
results. During the anchoring process, an AHP method was applied to
calculate the weights of genres for adjusting users’ profiles (UP). Initially,
we selected three movies, and then two of the three movies were served
as an anchor item and a target item in turns to do three rounds of pair-wise
comparisons.

(3) Measuring the PS

After iterations of pair-wise comparisons, we could capture the status
of users’ preferences for genres. Technically, the users’ profiles were
adjusted based on the results of interactions. Thus, we could analyze the
differences between the original UP and the adjusted UP to infer the stability
of the users’ preferences for movie genres. In this study, we employed the
Pearson correlation coefficient to analyze a user’s stability of preferences.
If the user selects a movie different from his/her past preference for movie
genres, we labeled the user as an unstable user. On the contrary, a stable user
would have a stable preference for movie genres.

3. Evaluation Results and Discussions

We recruited fifty users to fill out pre-questionnaires and then selected
thirty-one of them who were interested in watching movies in their leisure
time. A front-end iMovie recommender system is built for collecting users’
ratings of movies. We divided the front-end interactive recommendation
process into the initial rating phase, interactive genre-based anchoring and
the director-based anchoring phase. For the back-end side, we adopted the
genre-based fuzzy inference approach to build the model for recommending
movies to users and evaluated results in terms of precision (Wu & Hwang,
2013). Based on our research design, we could have three UPs, one at each
different recommendation phase: the initial UP1, the adjusted UP2 after
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genre-based anchoring, and the adjusted UP3 after genre- and director-based
anchoring. Herein, we summarized the findings with associated discussions
for the proposed recommendation methods.

Discussion one: We asked users to rate one and three movies
respectively, which helped the system to infer users’ initial preferences for
movie genres and then constructed UP to make further recommendations.
The results showed that the number of initial ratings for movies would not
influence the results for each phase, as shown in Figure 1. Furthermore,
the precision would increase after the two-phase anchoring processes for
most users (93.5%), as shown in Table 1. Only two users did not give better
ratings for recommendation results based on our proposed method. In
summary, we could use a small number of ratings for movies based on our
proposed strengthened analysis of genre-based recommendations to solve
the sparse rating problem and increase the precision of recommendation
results for most users.

Average Precsion

3.8
3.6
34
3.2

3.57

2.8
2.6

UP1 (Initially) UP2 (1st anchor) UP3 (2nd anchor)

M1 rating M3 rating

Figure 1

Average precision under various numbers of initial rating movies at each phase

Table 1
Precision of recommendation results after two-phase anchoring

Groups Users Percentage UPI (Initial) | UP 3(2" anchoring)
1 2 6.5% 2.90 2.40

2 29 93.5% 3.07 3.51
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Discussion two: For users with a stable preference for movie genres,
we found all of them gave higher ratings to the recommended movies
after the genre- and director-based anchoring process. Most of them also
revealed that movie genre was their first determining factor to select a
movie for watching. Furthermore, although the attribute of “director” was
not their primary factor to select movies, it seemed that it was helpful to
apply contract effect for the director-based anchoring process. This implied
that the auteurism of a director had some degree of association with movie
genres. It confirmed that applying anchoring process would increase the
precision of recommendations.

Discussion three: For users with an unstable preference for movie
genres, none of them ranked movie genres as their first priority to select
movies. However, the anchoring-based recommendations were apparently
effective for all users. We found that users of this type were easily influenced
by several factors, such as directors, main actors/actresses, reviews, etc.,
and triggered by contexts. The results were consistent with our previous
research findings, that is, the anchoring processes could effectively filter out
the users’ undesired movie genres, especially for users who had unstable
preferences.

4. Conclusions

Based on a series of experiments, we suggest classifying users into
stable preference and unstable preference groups based on our PS measuring
approach. Then, we should determine if movie genre is the users’ primary
criterion when selecting movies. Accordingly, we summarize three
recommendation strategies for users of three types.

Type 1: Users of the first type are those who have a stable preference and
regard movie genre as the first determining factor when selecting movies for
watching. It is effective to apply the two-phase anchoring process to make
recommendations for users of this type.

Type 2: Users of the second type are those who have a stable preference but
they do not deem movie genre as the first determining factor when selecting
movies. It is effective to apply the genre-based anchoring, but there will be
no significant effects of applying the second phase, that is, the director-based
anchoring.
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Type 3: Users of the third type are those who have an unstable preference
and employ multiple criteria to select movies. It is also effective to apply the
two-phase anchoring process to make recommendations for them.

In this study, we proposed integrating genre- and director-based
anchoring processes to identify users’ preferences for movie genres and to
measure preference stability for providing more precise recommendations.
The experimental results showed that the system could improve the
sparse rating problem by merging similar genres and then could increase
recommendation effects by analysing relations between genre preferences
and movie directors, especially for users with unstable preferences for
movie genres. The results suggested that the stability of users’ preferences
is an important factor to be considered when developing effective
recommendation strategies. The research results could serve as a reference
for e-commerce sectors to develop strategies for making recommendations.
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