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AE FojAl 2wt 283 Yzshe AFSAAEE A6} 9k 49 £E& Zoplozy A AAFE A
HBEEE gl AP AXERAL B9 422 ATz il o ez pdda ] $d 8
A full TEsdolt} Trade off H4l& o] &3 AFHY AXJELMY L Zasjd] Hgd AME AF4HH9 +71
Bolajw Aullg] zh Tl Uiy AETy i) Ul LuAl HHEE dEedir U g2 e AHE A
A Rehan ot B =RoMe o)A AFH ARRIE B RAHE F8E & sl AR PPoRy
Y Aulapt REFRA MY o]dA & utdEly] 9§ Hierarchical Bayes®4714% self-explicatedF2% H7P4
g fullz2ue] grpdde] 4 AMEE & HRUE 28L& HYP Hierarchical Bayes T8E ARIUE BPY &
Aoksta, o] BEo] thE f3e AXNE RHRYNC} oA S5t AZENE Faf Polir)
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. A

rhu

full Z23+ Wolu} Trade off BeEo] o] &5
o] gk a3y full Z25Y whgoly Trade off
Al o] 43 AFAHQ AXJERFMWYHLS =2

AZYUE B4 w2 AAE A3AY A #3Y A4 AMeHE AEEE9 471 BopAE &
A& fstd AHA7L dsste AFSHEY = vAe 4 ol dig Asxy dHEd g
7 7t £ it ATE] SHlE d&E YAl B LR AYEEY o5 ¥R vE2eE A
& A7k R g} ol @ BAHAM AF 7+ & AANAFA] Rsta Urh(Wright 19750 Green
Al Aula7t 88 Adske 49 #5852 and Srinivasan 1990). ©]2{3 AEAH AXQIER
opfo N HAY AAFS MNLFEE e 24 Abge] EAHE FHs] A% ARE gkl
71 AZXJAERFAN L EMRHY o38S §¢ pdsHe] fed, 2 Fol AEAA Ao] self-
A717] At A2 Fej2 spdEn EA s explicated$ o EFF AZAERLPY (hybrid
(b 1995: hRs s 9HE 1999). AZUE  conjoint analysis)olth  Self-explicated &
ML ABHoE AFSNFTY UG APl  MIx F2E Sl A% Y dFer &
& dojAe 74 Z2od (g)Hrpidez AR g S4FEY Y Fx(desira-
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bility)t 2t £X4E9 F2%(importance)& H7}
IEE g o|ES Folo FE/HAE Fae B
Wo|tHGreen and Srinivasan 1990). o] ¥Wy&
22 49 AFESAE HAE W 7 $489 59
s dckn sp et £33 d5Ae AE
asx] EFde 9HE AYxn Yo Self-
explicated T A5H AZJAEWYS T3S
BF FE37] A MEE Ao] ERY HRUER
Mutgio 2 ol& self- explicated i full T2
Bd 4o 2AH AEH AXJERAAPES 2
gaidches Aol F8 EAotHGreen, Gold-
berg, and Montemayor 1981). Self-expli-
cated$ i3 full T2HY AZJEFNIYE ¥
Pote EFY AXJEZMuHo] 2 EMuhyo
g 1e4dtte 3HE /AL dSde BT
1 validation T23Uol tidt o] Fe}d S vl
§ o3 AZdPdM EFE AZJAERE
full Z2vduhd  self-explicated ¥yl o5
Zolle A2 wtd 237 Jebst. Green and
Helsen(1989)# Moore and Semenik(1988)
5 2zt 23 e cross- validiationEA A,
AFoM nd A AL F 67HA Al &
33 HhHol self-explicated WHET 5% d
28] 2 AAg vhd | full 229 Wl 7714 A
% 5714 Aol Y Wi fedite
AE w3 ole Y AXJEE Y
E747} AAFE(individual level)o] obd Al
NA5Z(segment level) X FHS | AEAR
o &g AY $EAY oA HMIEE FEI
vt &z £37] Wiolct. ¥ Srinivasan and
Park(1997)9) QTFolME self-explicatedH°]
2HA A3FxE Fsted o b 27kA W
ol vlald (FAHCE fosiAe ¥AT) ti

ot

iy o

818

S5 458 & BAFAY,

w2A ojs} #e o & B Autd AT
Ag 2853 7|PEC] AXUE BAPPHE o) &
dlo) anjale] A FAdd] @ 4 s A+
42388 g7l falde 2714 sl & F
8% o457t Atk AHME &4 FAEE FH3e
t 9ol revealed®} self-explicataed F¥7H4
28 w2 71ed ofd Hho] Bt} £ o34
& AFshert s EAoln A &R A
FEo RENAE o83 &Y E FHE A
7b olR fAFRE AMAE MEAI % (segment) &
2 F& F olyFd AEAIFEY FEIMAE
£38lo] AZQJAE BAWEe f28E F4T A
7} ge BAlojth(e] BEo] #F FTEL B
WA A AF 2 AT,

2 =FdMe 99 2 A F8¥ BAE
ZHa 1 AZJEFMHMY o &G Fol7] 9
3 Y AvAzE BRI o)A E WY &
¥ AXJQE BN AQtstna #c} o|E
913t Hierarchical Bayes #471§& o] &3ld
AEAAE BRI o] 2k AZA A £
2HRte] ojAAHQ HEZFZE FAY FHI}A
ok 2g £ A7 ANEE IR /39
AZQE ENPYE validation T2 #g
d 23 vy g Foto dHEns ¥,

B =R AL 2%olA oyl AFst B
Qe Agdrd digte AHEn 3FAME AA
dtual sle EY Ax0E B RYAA
ot AZEM o] 49 AaE AYsr|2 o v}
Ao g A7ATe FFATHY Balde 4
B g7 o
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Il. OI2H uiA

7129 #& AFdME Y 2El3A (compara-
tive validity)@ 418]$S(reliability), %%
(predictive power)oll 243t self-explicated
FE7IA S revealed FE7MAE Hlm 43
o 23y {2 HRHE = M e oH@ F
A FFS AEE FA0 ALY £ gle HE
o] d+5olAd %t} (e.g. Green, Goldberg and
Montemayor 1981: Cattin, Gelfand and
Danes 1983 Green and Krieger 1993,
1996: Srinivasan and Park 1997). oj&jg &
FEL 2HAF FHT S FRE(self-
explicated attribute importance) 4<¢} full
za2und YAH4E A o83 HRUE W
e daAQldn #4ste Aozt & 4 ok
Green et al.(1981)& AU|zE°] $9 £44
FREHF A% HAAAZE AEARoR
FES X, 2 AEAAEE OLSHH S o83l
ARAHE FEMNE FH%e 20A ARQE
EAWHE AT Cattin et al.(1983)2
wo] x|t W& AHE-8le holdout Z2HYUe] o
Z29¢ wole WS AMgUT gL 7¥H
#o] 29t ¥ (empirical bayesian procedures)
£ 53 LAt SEE 4 F8THSTE
o] &3to] ALHE X (prior distribution)& 73 ¥
full Z29Y HJrHH5FE ARE o] &t LA
9 id FEVNE FHHAY. F, AR ©
AZ 7z v 9T £49Y FREHS 2
Aste T3 AIAREE revealedF8E 230
AT F full T2 Hrolr geld 23 €
MENE ol&dte i REVIAE

AT 317 M32 20024 64

Green and Kreiger(1993)« ¥¢| Cattin et
al.(1983)¢] & HHAA self-explicateds}
revealed FE7IXE FAld 2Aste WEE 7l
datgct,. 2ot HIole Green and Kreiger
(1996)7} 4749 EFY AZAE R¥& A
it EAPEE PRI vja 49 ®
3 Srinivasan and Park(1997)& Xznde]
Mg Eole WHE AAHA self-explicated
HFE7HE ol &3te] 7 2uapEg full 229
o #HHE #HA3l AJle  CCA(customized
conjoint analysis)¥g & AAISHA .

AZJAE FAPYE o8¢ o3 dFdN F
HA 8% olge AEAIRER :4E 2RI
& ol&dte AZJAER YD 4v|A A &
Mg FRE FEINE o] &% URJAEEY
2 A3y Holg Maske Aolth Ad 4 A
Qe AIRAEEE B8t MR £8 A
TAAE B F ARANTEE REINE FA9
FRehe HZAE E4Ho]l FHE o] Foigt
Vriens, Wedel and Wilins(1996)& oj&igt W
HES vl Fedte A7E B8l DeSarbo et
al.(1992)¢] AA% finite mixturedyo] ©&
P S vlg AZAE B By B4e
A3 ALY dFY BTN 5T ARAG
¥ REIJXNE BHAFn de AHE YFEA
t}, a2yt Green and Helsen(1989)& A3
FolA Az SRR 7 2 AN (dE &
of, #4stnz s T2 Ayt B 7
F), A5 SlojA &AL ARNSFEE FEIIA
£ o] &3} HhHo] DeSarbo et al.(1992)°] A
A& finite mixture®gol vjste] $pdlvke A
TFAHRE Wl Stk ol finite mixture WY
AME FUT AREANZ &£ AHale] FRILA
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T TG 7P et AEAIZW 2uat A
9 o]AAYE nEta QA F8}7] wo|t} o]
g dAEE FEIIAE finite mixturedHol
7128 E NQeEd RENE 28 Hi-
erarchical Bayes ¥471o] A&EAct (Allen-
by, Arora and Ginter 1995 Lenk, DeSarbo,
Green and Young 1996). Hierarchical Bayes
TAZELE Y $5Y REAE s 33
dA I &ML £ AEAR 4329 zazoe
AEE ol &%o2H ARAAN A7 Awjae of
RS A Y £ A @ =@
Hierarchical Bayes 4712 Cattin, Gelf-
and and Danes(1983)9] Aol g} o] &4
4 F8E HFE APAHPEE o]43tE o] oh
g FH}uA e RE RSE9 AjdRye
conjugate family® H#Ad ZAsG dxz
st AbEstng AR S 4 28
= A full Z29Y 34 252 82 AML
& 4 e Fdel Ut weM Hierrarchical
Bayes #471Ye olgi@ 282 BT o]4dd
AZE FAo Wag R4S g AlEa 2
ol 7Fedrl W&ol Cattin, Gelfand and
Danes(1983)9l 2384 wlojxjet uiel wxyol
2B AL gEsol & AR RS 7 2 Ae =
23U FHA I} self-explicated £AE 2 8%
FEE d=oan wsE Bl (bias)E W
T eBg B b4 AHE By

€ 79 BHL YoM AFF odajrix] BA
718% AYATF AAE FHslo] ARAE BN
Hel &S ¥ 2§ 9l YL s)tetey
itk B APME JlEFoZ DeSabo et
al.(1992)7} AA&AY finite mixture 2o
SZAE full Z29Y AZXAE WL o] g%t}

820

o]t tJ8| finite mixture o] sh@stx] &
A MEAGH Au|AlY o]AAQ BEAE
Hierarchical Bayes #47]4& ol &3l 23
2N Ho & AFHY 28 FAsnx
g 7189 AFEME $UF AEAAom
278 2HAFEY] BRI ojdA L wljsla) ¥
Ao MUY AZAE EMudol sk
validation Z2#Y9] oZFo) ¥a A e
WoH(Vriens, Wedel and Wilms 1996:
Allenby and Ginter 1995). E§, & o34
ANz she BYL Auapr}l 98 £49
A full Z2dd HMEFE BF e
&AM revealed ¥EIANE F3stmal s},
o] ¥ & Cattin, Gelfand and Danes(1983)
9 self-explicated ¥-E713E Al AR o]g
IRY RPN JHE wHE P AzE
EAYelgt & 4 o} Cattin, Gelfand and
Danes(1983)2%<] @A RO 47} 273
of wet full Z2AYSLE AL I} self-
explicated APABEE LTdA  Hol self-
explicated AB7} A 42L& Fate o g, o
&g Cattin, Gelfand and Danes(1983) %3¢
@& Srinivasan and Park(1997)9] =844
ASE self-explicated FR7} full Zevgy A
BEG 429 EZARE AFPce A7AT )
Mx Y458t

o] g Metox £ =FolNE Gibbs sampler
T ol 8% o<t FHUHE B AEAA
N8 2H|zte] RR71AE Hierarchical Bayes &
A7IMez F3sta FF ARAHEL ur) A8
A dEE £ SlA de ARAE Eaue 5
QHti o} validation ZZHd] iy MIT
4%& Bie] AFstax @,

AYEAT 31X 3% 20024 68
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. 28 3 XEeady

3.1 SEA

2 dFodAM ANz de 2y A
THY AZUE BAPYAM AHHe AEFTS
% (Green, Goldberg, and Montemayor 1981)%}
Cattin, Gelfand, and Danes(1993)%} Srini-
vasan and Park(1997)¢] ¥42¥E 3z
Aok, +4 ABFIARF L2 AWA ‘&741011"*1 &
Hl2Hn=1, -, N)Z%H Z $44 $8% H59
Zt £ £5Y UEEE £ B °15'9‘ A
2 F3od self-explicated F8% (bw) AFE T
gt F WA DANME fractional factorial
designg ©o|&3ld k79 AFSPE £ES 2
st Ao p(1, -, P Z29 Yo thg 3
MrE Zb 2EAEEE FHRY (y,). TR
2 E—"{}%‘ AZUERY -"?'-'1-7}7‘1% MEANZ

AN FHs7] A3 LuAEL s(1,....9)70
4 AgAgez FEAGy 7pg e, 7—} AEA
2o Arle n2 BEHD (r, §FL 1] €
T 7HgR) 24 Avart &4 *ﬂ-?v:"]"&"ﬂ %
4 $82 (2 ENIZ Pt 2P §F A
-‘vﬂ-"l% sAA 23T "dAl(reveal ed) L

g Bu2 BNYTY. = B @?4 A 4n
el AFANH 011"‘"—"1 F e AXAE
TAREY e 9 "Hl Ae€ B 5323
A £4E Ad MEARR :rl'v*?} o, 2zt Al
BA4 42 2yve] A4 REAXNE(F.) 33
sheso] 334 Bt oF 8 Fut 2
AEAZEE AFEEE B2 7P ska A(1)
7} o] FHEHEL,

H

r

Mz

i

YA M3 1A M3E 20024 68

5.

o =55 By siens ﬂs'rl""‘TS’Vk]~ N(ﬂ:&-(’:"’k)-l)
(1)

AN By 2 ARAZE AA 28R
Buel BEgte, 18z (ov)' & 4e8e 4
BAgeY B4 @e dusith o#H@ we
Robert (1996)7F AN Aoz F.o B4 @e
ARG TR E W (7)) B 49 WP
(vi)oeg T8 AAZ02M simulation®F 73
dqx 4" £ de FAUY 1333 (trap-
WA & Y.

B4 ARAF solNe HA BRI Put v
BT bud olgdle] 2AW. =, 429 Zo|
Pute Z2aY W% y,9 UAIEE X,
g o8¢ HY AARME Bl 248 4,
£ T B4 e Ze AFEEE gaga )
Zhi=Y

ping state)&

yﬂP=ZkXF"ﬁnk+€P’ &y NN(O'T;‘) (2)

o9} ¥ B =FdME Cattin, Gelfand and
Danes(1983)9 Green and Krieger(1993)¢]
A7 Ao welM  self-explicated HE7}x|9}
revealed F&7FX ol A¥AY AAHE A3}
Ak, ol A 2,09 2n9 scaling BFE
AHEERA | byol BEE 4(3)3 o] Aslgitt

[bnklﬁ..r“r'Pk]N N(a,-o+auﬁ,,,,,p;') (3)

21(3)9X p(pr)E self-explicated H¥E7}A)
o ke JeRT. 2.t full ZEHYA
T REII2) 9} self-explicated H-#713]9e] 9
A (location) 20| & EA8le EFolH ane 3
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E(scale)d] zolE HAFE EFold,

A(3)9) 2A8d B =EdMe Z Lv¥AEY
self-explicated F85& 2zt 2H|ze] -S54
gt M2 b F=E A4S ddn A
g, ol HEZAE st 2% 4 A0 4
ol 7|Fo g 7L sl A+E nstn Ut
Z, 2, =(aw. en)@E 2AH YA ¥ &
vizte] E4o w2} 27 2 FHEIEE e
ga Wtk Fo~ N(% Tw) , @i~ N(&,
Tm). oo met 2|45 revealed FEIMAE
self-explicated ¥¥7H3 ¢ ABAQA #AE 2
gt (o] AekzAL Allenby et al.(1995)7F A}
28 &4 A ZA(order restriction)Et}
A8,

9 A(1)AA 4(3)e EXE olfsle TA
o] Hierarchical Bayes®#X71& TA3A #
t}. £ Hierarchical Bayes#4718-& o] &3]
gJslode Zt B4E9 AR R #F Hort U8
8t} Hierarchical Bayes#471%olA AlgHe
AR (hyper parameter) & U3 #t}:

¢ = l(ﬁ‘,l):'k ’(pk )1; ’(T:);’(”s)g’aoial’ry’rao'ral)

zt B4g9 HFFPHYLE MCMC(Markov
Chain Monte Carlo)®89 4% Gibbs
sampler® Algdlo) 2R AFRIZHH A&
Aog RFEL FAINY &4 wEAFN T
FAgES HAHYE ol &¥t (Cattin, Gelfand
and Danes 1983: Lenk, DeSarbo,
and Young 1996: Allenby, Arora and
Ginter 1995). wety o213 2459 FH ¢S
o} &8t Hierarchical Bayes¥471'8& B¢ 2
ZE BN BE/AAE A1) gt F

Green

822

dlo] Atk E§ SamplingZ1¥E AHST A€
ol oA AbdE R 4¥EE Hidsn 2
2 Aol o8 AW AFEES 4L ¥l
71 ke 27|NHEAIG (AHA 20008) 9] 23
dojA FHFE S A burn-in draws) T
AE 10,0009 WHE Ao FF FHEE
EY2 AFEZE 748AvHGibbs samplerdl
B FAAQ dnES IR HHE(1999)
9 =8¢ A2 uijd).

E e=FdME gaA 498 A(1)%E A(3)
o) P& o4 6714 VZUE FARYS
FAE. 6709 T digkd HERJERY
& AEA AZJERIA(DIA A(2)3 LY
AZQERY (A (DX A(3))e2 wddr. 9
g} ool &M o)A dig AsEA §39 F
A719e e goh AdAE vz o] o)
A4y B¥E Ze ASE B3 Hierarchical
Bayes(HB)71¥ & AMgdlel Z+ auAe] 7iQIsE
revealed ¥¥7IXNE FHshe ot FéAe
finite mixture?]y-& Mgt} LH|AE s7hel A
BAZoz R F ozt ARAGYE Rzt
o] AL MENAFE revealed FE/INE EM
2 Ak Aol AA: AwAe FHA
e ART A(fullRY) e AuAE 1Y A
BAges FEG F b AEAG QoA LMz
o] 7MIFE revealed FEIIAE FHHOZH
HENFEE 712F L8R AAFE re-
vealed ¥¥7HXE FAshe Aot old@ 674
o] uighy AZE R¥E ao%std (& DI &
o &8 AAG MEARY AFE log-marginal
density(LMD: Kass and Raftery 1995))%
o] &3td AAF LMDE #olx|¢t EA7]
A Z2 ALHe EAZoZA Allenby(1990)9

ZAHT A31H M3E 200244 64
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Alenby, Arora, and Ginter(1998)¢] d+elA
= ARgsojH . LMD+ Gibbs samplerg =¥
AP AAZRE dojR SxFfghe] zaHF
o228y 7Y LMDE T3] A% A& o
7 2t}

IMD=In

( ﬁ p(y,,,b,,lﬂ,fq),f}‘”,a,(,'”,p“”)“J_l}
g=1 n=i

d

(4)

AN g9 B4 g9 giA AFoA 7
& 2AgE dnen

B =582 67 AZRE gdryPEY &Y
Aolg g BHFOZM 2zt et Y3 <]
E AFAog ueazal g},

3.2 MR

£ Ao AL Atge FUe HAEAE AL
oA AAG AFa 719 oln|A] 4HRE ZAAR
g 7128 st 20009 4939 Mg AFstn
AE A7HE B YRS gz HEL A4
st AHY S £ 11 ERuye) o

AEZAE B89 ¥ A% 7Y 23 F 9
€ 87k AEE4S AME 87119 $4E
& fA], ey, 7HE, AN, A, F
9. &=, Adz 74 =Hol Jlen & AFSME
o HrplIEE (& 2% 2}

2 AFdME (& 2)9 AAIE vkt o] £4
H BrEE BE $44A4 distd FYEA 3
Mo #Eo2 FA%9. o+ Srinivasan and
Park(1997)el4 84l A 233 (information
overload) #A18 33t1 Wittink, Lakshman
Krishnamurthi, and Reibstein(1990)¢] 913
F &4 FE AT AoldA A F Ue
He(bias) & N7l HAsAT =3 fFAHS 7}
4, R, AT, B9 4504 e #
sl 7H43#9 confounding effect®& &°|7] 93t
o ol g FAFEL /My de v FA
#z AANSFAHAEER, 'FAAANN 71Ho] H)
RAGEE kiAol o Fotziol @t} 'd &
o] kAT fA A FAjT, & FUHA
o] AzITHH kAol thah "HolAE AR F
o2 F4). ol3F FRE 7|22 dd E AT
A dubAQl £33 AZUE 2 eA AL

(& 1) 67}x] Chety| Hx0lE 29

277
- 3714 Mixture 71%

Hierarchical

Bayes(HB) 71§ W

Self-explicated %73¥
8% (b) & Z2aY
B F(y)E BF AHEE
E34Y AXQIE 23

Mixture AEAIAHE
Y AZYE 23

Hierarchical Bayes -
ARAZ E£8Y
AZIE 1Y

Hierarchical Bayes
EHY AxQE BY

zazad HARSF (y)ehe Mixture 4117248
o] 43 AFH AXUE 2¥ AZNE B

Hierarchical Bayes -
AN AZIUE BY

Hierarchical Bayes
AZIE 78

ZUOIT H31A M3E 200244 68

823



YPY - AN - AR

(E 2) 2 &4d¢ WPz

AEFEA HBE

A7t o) FERAA?

F21H] AA #lgo] Qest? dhd ol Ax A2
AHE dBYE o3& QY
AEE 26t (FUizQl e AEE 26)

HE2ElY AL 2eld(aAH AN BHEAQ 2EY)

AXER 2ud(AT2E 9y E 2E))

o w713l me Aol
(71 @AM Z7HAQ §A TS Apo])

b A HAAF(ABS, ol BAF) & Eistn Yerh?

T BEY AA/AAAN?
FAA AA g0 AL

37 FYA AEAL ox AR AR
AE Qteizlol £8717

%4 & ARFECA AREA A7 oY agAddE =

i 4E & e

£ Aol 2 ol fEHE YW (EHTE, /E/EAAL, 78
AT ARl $537F7

Ay AN Fe] Wes?
MEZREI 2717

He AsFHHAEA et ANA AR self-
explicated 829 g An|zte] &4 H71d
T F o HAE full zE20duy S ¥
SHAEREH 74 AEFEY FES A
z2ode g FrHAFE T, A
A8 J3E G5 2}

2
TE
3o}
2E

A

self-explicated @4

1. Z AFSHEE 33 79 PRl disio

1 R REEe £EE AT A3y
108< #=% 3o

2. UniA] #E2 108E 71ges AUFez
Brtetel 149N 93Atele A2 Hrte

824

= 3k &, 3% FAe Ay R
%e 244 e 04 g F2= g

3. FF AF FYA AT £ e AFE &4
9 8k 33& Ao 87t S4E Y
22 ¢ FaEtn AzsEHe 44 10
AE, A8 F83 Yty A4 §46de
03E F=5 3t

99 <A ot 39 AEEY FR: Ay
o $HAL AolE 2] sl F8E AT
o §ol 100°] H=F ®&ED(Srinivasan
and Park 1997) & &4¥ #F& ETHEY
o, mixge g £38 AFENY F8: Are
zZt &4 F3lo self-explicated $8%

29
TIE

HAYAHT M3 1A M3L 20024 68



ojobs AxQIERAMR Yol HEMH oj&o] B3 HF

FE 7T F 74 §4¥ £E9 Fo] 00 HE
E A3 Ao EH 2 AFqM ALY HFH
9l self-explicated F#7FA] (by) & T8HS Tt

AZAERA dA

874 AFEHEE ol 8T full Z2AY A2
EENS 98 fractional factorial design A}
439 18709] A @ (orthogonal) TE2HYE A
st £ £ dFolA At ok 1z
E PN o8& vaEysr] Hid 670
9 validation Z2%d< 443Ut

2 d7dMe AFEAE d8 oM dFd
g Fala F 200499 $RAE dAez 2
AFE AT AR ZALIAM Seld AFF &
TR Ao w3 4 S8 FEd 4E self-
explicated TEEHTe 2 $44¥ FoE AF
g 23% ¥ % Zavde] #Y YriEsE
2439, 18719 Z2ad Adddctd 6749
validation T2 Adrere dx9 Jl==
Fulgle] $HA7E 44 vlm $EE 5 A &
Atk MEZAIME AA 6709 validation E
23 Medehd ti3 Az: ¢48 238 o
& 18719 Z2oyd Mgt oig ¢4& 33
&t olek Zo] validation TE9Ue &

(E 3) MEAEY

self-explicated5 3 full Z2HYZH A}o|
o fARAPoZH ZHATAHAN HAE F e
AHjzl Hrlelde Helg HAEHSrini-
vasan and Park 1997). 200%% A #7139}
A& eEA YT 15899 ¢RAE Yo
2 =RAA ANG AEAY E8Y F2UE ¥
ARg3 g 579 HZUIE BARYY o2
g Aolg AFA

g Hstd 4 HAG ARANAY AsE
2(4)9] LMDEA%E ol &3l APt (R
e AEA AXIE R¥H EPY PXYUE B
3o LMDaE BAFEt. (E 3o AAG uis}
Zo] LMD#E A% AZRNE 283 £y A
ZUE 2% REA4M 4709 AEAFNA 7+
2 UE HAFE2 ANANTE i8] AEARL
2 FA%e A AHAEY Z2RA(AEAEYY
h HizolAe Aolg Mt F ddstm .
gt ER7IEE o) & A RIRFE)
$5E 4719 ARZAGE V1ELE B, 7 gt
EMRYEe] Lu|AAEd] g &L vak
A At

(B & (B DA AT & BHnygds
validation ZEWY FojA AMAr}t 743 A&
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A Comparative Analysis of Conjoint Analysis
Models for the Prediction of Product Choice

Youngchan Kim* - Ick-Hyun Kwon** - Kwang-Ho Ahn***

Abstract

The prediction of market success for new products has been an important topic in the
development and application of conjoint analysis, and its track record in that area has
been the main cause for its success in industry. However, the problem of the prediction of
preferences for hold-out profiles or market shares of new products has unfortunately not
been totally satisfactorily resolved. Two major issues in prediction with conjoint analysis
relate to the relative predictive validity of revealed versus self-stated importances, and of
individual-level, hierarchical bayes and segment-level models.

The present study aims at an integration of above approaches to improve upon the
predictive validity of (hybrid) conjoint models, making use of recent developments in
Bayesian data analysis. We will present a mixture regression model for full profile
conjoint, but in addition we specify a normal distribution of partworths within segments,
accounting for within-segment heterogeneity of partworths.

Key words : (hybrid) conjoint analysis, Bayesian analysis, segment-level prediction
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