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The Spotlight Presentation

What are “Hedonic Portfolio Products™

» Most products have hedonic and utilitarian attributes.
— Hedonic Products (e.g. movies, fashionable clothes)
— Utilitarian Products (e.g. personal computers, desks & chairs)

» The Characteristics of Hedonic Products:
— People repeatedly buy products in the category they prefer.
— But, it is rare that they purchase the same product twice.

» Thus, many hedonic products are purchased as part of a
collection.

» Such products are categorized as hedonic portfolio
products.
— A typical example is music CD.

Data

e Scanner Panel Data from music CD stores
in Japan
— Place: 3 Stores in the Tokyo Area and 2
Stores in the Osaka Area

— Period: Nov 1, 2002 --- Dec 21, 2003

» The distinguishing feature of our data

— It contains the ID number of customers who
purchase a specific music CD title.




Sales of All Stores

Purchase History of
A Consumer

» This consumer purchased only CDs in

Genre Total Sales (Yen) | Percentage genre of Pop, Rock and Blues.
Japanese Pop 161,247,136 41.8%
Pop, Rock, Blues 113,011,812 29.3% — 0 Year ] montn | J-Pop | Pop | Dance | Classic | OmMers
Dance, Soul, Hip Hop 58,711,011 15.2% VOK+yb4/o/cF3PRLFIA-] 2004 1] 0 3 0 0 0
Classic 4,821,240 1.2% yOK+yI54/g/cF3PTLF9A=| 2002 12 0 3 0 0 0
i 0 VOK+yI54/0/cF3PTLFIA=| 2003 1 0 2 0 0 0
?t?elrs (inc. Jazz) 322%3332 133'8(;’ Wkeberetronl 00 9 0 1 0 0 4
ola 200, 2N VokHyd/a/cFPhaLFoa=| 200§ 0 1 0 0 0
VOK++yI54/g/cF3PfLF9A=| 2003 | 0 1 0 0 0
VOK+ya/g/cFPRLFoA | 2003 g 0 1 0 0 0
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Purchase History of Model

Another Consumer

« This consumer purchased not only Dance
music CDs but also CDs in genre of J-Pop

and Others.

id year | month | J-Pop | Pop ] Dance | Classic | Omers |
yOK++y154/ISROGWA9KZQ 2002 12 1 0 11] () 1
y9K++yI54/iISRQGWA9IKzQ 2003 2 2 0 3 0 0
yOK++yI154/iISROGWA9IKzQ 2003 3 0 0 2 0 0
y9K++y154/iSRQGWA9KzQ 2003 0 0 2 0 0
yIK++y154/ISRQGWAIKzQ 2003 b 1 0 1 0 0
y9K++yI54/iISRQGWA9IKzQ 2003 7 1 0 0 0 il
yOK++yI154/iISROGWA9IKzQ 2003 8 1 0 0 0 il
yOK++y154/iISROGWA9KzZQ 2003 1 2 0 4 0 il
YIK++y154/ISROGWAIKZQ 2003 12 1 () il i i
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» A consumer maximizes his/her utility given
the budget constraint:

max U(x) st. p'x=E
» Kuhn-Tucker Conditions for Optimization
oU/ox, —Ap; =0 if x;>0
oU/ox, —Ap; <0 if x;=0




The Random Utility Approach

 Following Kim, Allenby and Rossi (2002)
Marketing Science, we assume that
— In the utility function, there are components

that the consumer is aware of but are not
observable to researchers.

* Thus, using the purchase history of the
consumers and KT conditions, we can
constitute the likelihood function, if we
specify the functional form of the utility.

U’ (xh ) = JZS; [1//]}’ (xj’ + l)aj exp(gj’ )]

The Bayesian Approach

We assume that the parameters of the
utility have the prior distributions.

For estimation, we use the package
bayesm and run MCMC.

In the Discussion and Exhibition Forum,
we present our estimates and discuss their
implications.

Then, based on the estimated parameters,
we will consider the stock variety and
promotion strategy of the retailers to
maintain both profitability and customer
satisfaction. 10

The Discussion and Exhibition
Forum

Model

A consumer maximizes his/her utility given
the budget constraint:

max , Uh(xh) s.t. p'xh = E"

U’ (xh)z JZS:‘ [1//]}’ (xj’ + l)aj exp(ej.’ )]

Kuhn-Tucker Conditions for Optimization
oU " fox — Ap, =0 if x>0
h*

5Uh/8xj?—/1pj<0 if x7 =16




Prior Distributions

oU* foxt =l ! + 1 cele )

= ln(a jl//?) (,Blh =0 for identifica tion]

pi

/Bh = (13211’3 IBSh)N N<39Vﬂ)
Ve~IW(v,V)  v=1, V=Txdiag(4)
~N(0,a,)  a=0.01

]

5§ =a,-1~U[-1,0]
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Estimation

« We use bayesm and a hybrid MCMC
algorithm programmed by Prof. Rossi.

e Burn-in: first 5000 draws

Last 10,000 draws (thin rate 10) used for
estimation.

ﬂh‘éaXh,Ph,ﬂ_, Vﬁ [RW step size:0.75 |
S|ip"kx. P
Byl

’ RW step size:0.1 (changed) ‘
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Data

» Scanner Panel Data from music CD stores
in Japan (Period: Nov 1, 2002 --- Dec 21, 2003)

» Before estimation, we did the following:
— convert daily raw data into monthly data,

— select two stores (one store in the Tokyo Area
and the other store in the Osaka Area),

— select customers who visit the Tokyo/ Osaka
store more than 5 times.

» Tokyo Store: 384 Customers with 2827 purchase
occasions

» Osaka Store: 183 Customers with 1342 purchase
occasions 15
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Converted Data (Monthly) B
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Purchase Quantity in a Month

Tokyo Store Osaka Store
Purchase quantity | Frequency Th Purchase quantity | Freguency h
T 183 52.40% 1 o4 4799
o omeE o H o
LI 1 12.59%
] 15 534 ; o e
) oA 205 5 31| 2184
g 0 L0 6 |
. a0 1 b 045k
g I g 6| 045
9 11 .25% i
10 5 184 9 71 052
17 1 04% 11 3 022%
13 9 0% 12 2 0.15%
14 ] U0 13 3 022%
15 1 04% 14 1 0.07%
TAfal oLl i B A aaTa N Tntal T TN

Frequency of corner and interior

solutions
Tokyo Store Purchase incidence | COMET SOIUTION] INEETIOr SOIUIon
Japanese Pop 057 53 39
Pop, Rock, Blues 1319 §52 46/
Dance, Soul, Hip Hop §/2 503 309
Classic b6 2h 31
Others (Inc. Jazz) 401 160 241
1ot 200( 2178 099
Osaka Store Purchase incidence || COMEI SOIUTION| INterior solution
Japanese POF oY 339 164
Pop, Rack, Blues 96 365 231
Dance, Soul, Hip Hop 412 214 198
Classic 10 h )
Others (Inc. Jazz) 195 83 112
Total T T T

The Monthly Number of Genres

Purchased
ﬂ No. Genres Purchased ; T
— IZFGJ(Jueg(l:\z/8 /705.30/0 Tokyo Store
2 601 21.3%
3 92 3.3%
4 6 0.2%
5 0 0.0%
Total 282/ 100.0%
No. Genres Purchased || Frequency %
Osaka Store | 1 007 yowen
2 292 21.8%
3 46 3.4%
4 2 0.1%
5 0 0.0%
|otal 1542 100.0%




Parameter estimates
(common to each customer)

Tokyo Store

betabar delta
Genre mean sd mean sd
Japanese Pop 0.00 -0.38 0.05
Pop, Rock, Blues 0.18 011 -0.57 0.05
Dance, Soul, Hip Hop -0.56 0.12 -0.53 0.06
Classic -4.18 0.42 -0.48 0.14
Others (inc. Jazz) -0.86 0.09 -0.40 0.06

Covariance Matrix
Genre mean sd  mean sd mean sd mean sd
Pop, Rock, Blues 271 031
Dance, Soul, Hip Hop | 1.08 026 325 040
Classic 081 038 021 056 400 110
Others (inc. Jazz) 110 020 145 023 115 042 146 020
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Parameter estimates
(common to each customer)

‘ Osaka Store ‘

betabar delta
Genre mean Sd mean Sd
Japanese POF 0.00 -0.30 0.07
Pop, Rock, Blues 0.06 0.16 -0.60 0.07
Dance, Soul, Hip Hop -0.55 0.17 -0.60 0.07
Classic -4.36 0.60 -0.26 0.20
Others (inc. Jazz) -1.04 0.16 -0.43 0.08
Covariance Matrix
Genre mean SO mean SO mean SO mean S

Pop, Rock, Blues 330 Uod

Dance, Soul, HipHop | 164 043 352 061

Classic 244077 18 069 486 149

Others (inc. Jazz) 176040 193 039 246 063 238 045 -

Conversion Formula
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Posterior Distribution of {l//f}

Genre Pop Genre Rock
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Customer No.1 of Tokyo Store
[Y9K++yl54/g/cF3Pf2LF9A==[]

Customer No.276 of Tokyo Store
[YOK++yI54/iISRQGWAYKzQ==0 |24




Posterior Distribution of {wf}
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Customer No.4 of Osaka Store
[KsYHh+I2ARa36qjs+IYLUA==[

Customer No.1 of Osaka Store
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Posterior Distribution of {05,-}
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Histogram of Prediction Error

Demand estimated by using

h
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A Plan to change the stock variety

« Each store plans to change its stock variety
and to present coupon to each customer.
— delete shelves of Dance/ Classic CDs.

— decide the value of coupon to maintain the level
of each customer’s utility before changing the
stock variety. (To solve the following problem,
we used R routine constrOptim.)

max, Uh(xh) st. px'=E"+CV", x!' =0

— set the upper-limit of the coupon value at 3000

yen (Some customers’ utility will be decreased. )
28




Histogram of Average Coupon Value for each Customer

Compensation Value when Dance CDs are removed Compensation Value
when Dance CDs are removed

Tokyo Store e Osaka Store
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The Value of Coupon needed for
the Deletion of a Genre

» Tokyo Store
— Dance CDs Total 390,458 yen, Average 1,017 yen
— Classic CDs Total 182,690 yen, Average 476 yen

* Osaka Store
— Dance CDs Total 187,273 yen, Average 1023 yen
— Classic CDs Total 103,362 yen, Average 565 yen

* Which genre the stores should delete depends on
how much sales from the rest of the genres increase
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Future Research Agenda

* In this research, we estimated the model using
the data from each store separately.

* In the future, we consider to estimate a modified
model using multiple stores data simultaneously.

* E-mail address
nakayama

ishigaki @eco.osakafu-u.ac.jp
araki
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