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ABSTRACT

It is well known that in package goods categories a temporary guicof a brand leads
to increase in the sales of that brand in the current period. Umeleassumption of stable
consumption rate, previous literature has identified that the e®dioc the increase in sales are
brand switching, purchase acceleration, and increase in quantity. velpwleere are very few
studies that have formally modeled the impact of price promotionsoosumption when
consumption rate in a category is not constant. In this paper we affaethodology to
decompose the effects of price promotions into brand switching, stock@ihd change in
consumption and explicitly allow for consumer heterogeneity in bramdengnces and
consumption needs. A dynamic structural model of a household that detideswhat, how
much to buy as well as how much to consume to maximize its expattity over an infinite
horizon is developed. By making certain simplifying assumptieasare able to reduce the
dimensionality of the problem. We estimate the proposed model usognaer panel data of
1000 households on canned tuna purchases for 12 product alternativeswoegreart period.
The results from the model shed insights on the decomposition of tee ghaisticity into its
components. This could help managers make inferences about which batewmisire most
responsive tahousehold stockpiling and consumption expansion as well as understand how
temporary price cuts affect future sal€ontrary to previous literature, we find that brand
switching is not the dominant force for the increase in salesal¢efind that a household’s
brand preference has significant impact on its stockpiling asbfe consumption. More
specifically, we show that brand loyals respond to a price @iommainly with stockpiling for

future consumption while brand switchers do not stockpile at all. Viéefial$ that heavy users



stockpile more but their consumption rate does not increase as sfmhtle light users when

there is a price promotion.

Key words flexible consumption, decomposition of price elasticity, consunaterogeneity,

dynamic structural model.



1. INTRODUCTION

Modeling and understanding the demand for a product is at the corglieflaparketing
research. In the applied literature, following Guadagni and kitf{@983) seminal work,
researchers have emphasized the need for and advantages ofdisidgal level data to model
demand. Subsequently research has evolved in the direction of breakingheéogemand into
its sub components of purchase incidence, brand choice and purchase dqGamtity (1988),
Chiang (1991), Chintagunta (1993)), modeling observed and unobserved heterogetiety in
demand parameters (Chintagunta et. al. (1991), Gonul and Srinivasan (1983)prating
consideration sets in choice (Andrews and Srinivasan (1995), Chiang. €1.9898)), and
modeling state dependence on choice (Seetharaman et. al. (1898t. Rl. (1999)). In these
streams of research the quantity modeled is the quantity purcHastie case of packaged
goods most of the within household variance in quantity bought is due &pgramotions. If
households anticipate such promotions to be temporary, the quantity bougthth@@itomplex
function of its consumption, inventory on hand, inventory carrying cost, cumnarketing mix,
and its expectations about future. Therefore it seems naturaldel pat the effect of current
and future marketing mix on consumption and quantity purchased dueraatioms we explore
below. Moreover, whether and how a household responds to price promotiornsd aiswl
interact with the household brand preferences and consumption needs. ehdiduhat is
particular about its brand or consumes more in the category &s Iikely to stockpile than a
similar household that is indifferent across many brands or condlittteesOur focus in this
paper is to develop a structural model of utility maximizing housshalébwing observed and
unobserved heterogeneity, that simultaneously decides on consumption dmak@utecisions

taking into account not only the current but also future utility derived from consumption.



Underlying the economic model is the notion that households maxinilizg subject to
a budget constraint. The standard static model does not distinguish rbetwesimption and
purchase quantity since whatever is purchased is assumed to be edrisutnat household
within the period. But, for many frequently purchased packaged goods, trehblmlienters the
market periodically and past literature has documented that cymeas or promotions affect
not only which brand and how much the household purchases today but also the amount
consumed (Ailawadi and Neslin (1998), Bell et. al. (2002), Sun (2003). this effect that
needs to be properly understood from a manufacturer or a reiarfgpective and is the major
focus of this paper. For example, does a promotion lead to an m@neaansumption, which we
define as an increase in consumption due to either the income sulibgtution (away from
other categories) effect? Or does a promotion simply lead to tmldséstockpiling the product
for future use without any increase in their consumption? The manufactureroafugtovants to
increase the expected (current and discounted future) profits qirdduct while the retailer
wants to increase the expected profits from the category in his storgprdmetions affect sales
clearly have different implications for the manufacturer anddtaler in terms of managing the
pricing and promotion policies. An increase in consumption benefits batlifataurers and
retailers. A pure increase in stockpiling hurts the long termitprof both manufacturers and
retailers. Manufacturers benefit from brand switching from othemds, while whether retailers
can benefit from brand switching or not will depend on the profit margf different brands
they stock.

Researchers and managers interested in evaluating the compedtisition of a brand
relative to others in a category have relied on the conceptswifarhd vulnerability (Kamakura

and Russell (1989)). To compute these measures we need estohaten and cross price



elasticities. Since elasticity estimates for most padkagmods are based on temporary price
promotions, our discussion above points to another reason why understandicgiedaand
their decomposition due to flexible consumption are important. For egamplrand's clout and
vulnerability indexes need to be reevaluated if the increaseasticity is primarily through
stockpiling vs. through increase in consumption.

Another reason why we believe that this problem is important isntpécation on
competitive strategies when households are heterogeneous in speinge to price promotions.
Marketing has a rich tradition of analytical models that erplhé existence of consumer and
trade promotions that occur in frequently purchased package goods (Jeudah@drasimhan
(1985), Narasimhan (1988), Lal (1990), Rao (1991), Lal et. al. (1996)). le tmeslels
households are segmented into brand loyals and brand switchers (als)-lbyt their
purchasing behavior in terms of quantity purchased is assumed to $mntbeHowever, if this
is not true, the difference in quantity purchased then needs tmrizdered in the profit
implications of competitive strategies. The analyses from phiger should therefore be of
interest to analytical modelers who would want to enrich theddels to provide deeper
understanding of the strategic games among manufacturers andgetailer

The findings on household heterogeneity respect to price promotmonses can further
help managers to design better pricing and promotion strategies. Higidhraind preferences
and consumption needs, inventory cost, and expectations about future mketesmeither they
will respond to price promotions with switching brands, stockpiling areasing consumption
as well as determine the relative magnitude of these resp@dngeseral concern that managers
have when they design a pricing/promotion strategy will be makimg that the strategy will

discourage the group(s) that will respond in a way that doe®adttd improvement in profits



from responding while encourage the other group(s) to do so. Manayerslso determine
whether a pricing/promotion strategy should be used given the compagithhouseholds on the
market. Our goal is to address these issues and provide some speddimgsi

In summary, there are three issues that we attempt to address irp#ris pa

1. What is the composition of sales increase induced by price pams@tiFurther, is
the increase mainly due to brand switching, stockpiling or due to@eaise in
consumption? Is the composition different across brands?

2. Is there heterogeneity across households in their responsecé& gsamotions?
Specifically, do brand loyals stockpile more since they want w@ $ar future
consumption when the price of their favorite brand could be high? Do brand
switchers increase consumption and don’t stockpile since they wagsabuy the
least expensive brand. How do consumption needs affect households’ coasumpti
flexibility and stockpiling behavior?

3. Given the results from the above two issues, what are the nmehaggplications?
Specifically, how can manufacturers or retailers use thenraton to formulate
their pricing strategies? How can manufacturers or eetagrice discriminate among
different household types to maximize their long term profits?

To address these issues we develop a dynamic structural modehaisehold that
maximizes discounted utility from its consumption in a categooyisGmption in each period is
endogenous and is allowed to vary based on current price, inventory lencelsprasumption
preferences. In deciding to buy today, the household trades off the inveostryith the
opportunity cost of buying the product in the future at a higher prieealdw a household’s

inventory cost and price responsiveness to be functions of its demagraphd also allow



brand and consumption preferences to vary across households. We apply outonscdeher
panel data on canned tuna category with 12 product alternativeaniysing simplifying

behavioral assumptions the infinite planning horizon dynamic programpnatgem is reduced
to a finite horizon problem. We propose a solution to overcome the dimditgigmablem in

model estimation.

We run simulations (policy experiments) using the estimates tinenproposed model as
input. We are able to parcel out the effect of increase in dakeso a price promotion into its
components of consumption increase, brand switching occurring in ba@nicand future
periods, and stockpiling. Our analysis reveals several interessigits: (1) contrary to what is
shown in most of relevant previous literature (Gupta (1988), Chiang (1991)2803) etc?
brand switching is not the dominant effect; (2) majority of promobmluced sales increase
from larger share brands is attributed to stockpiling; (3) theuropson effect is greater for
smaller share brands. We further show that a household’s brand preferencaifieargignpact
on its stockpiling and flexible consumption behavior. More specifichlitgnd loyals mainly
respond to a price promotion with stockpiling while brand switchers dstackpile at all. We
also find that systematic differences exist between headyight users in the category on their
responses to a promotion. Heavy users stockpile more for futnseimption and increase less
consumption than light users do. These findings provide manageriatatnuhiis for pricing and
promotion strategies of both manufacturers and retailers.

The rest of the paper is organized as follows. In the nexioseste describe related
research and color our contribution with respect to the literaturiewkiod) this we describe our
econometric model. The section following that describes the dataiseeto estimate the

proposed model, discusses the estimation as well as the simuésidts. Also in that section

2 Qur finding is consistent with that in Erdem et(8003), Van Heerde et al. (2003).



we provide specific suggestions to managers based on our findinglty, Rirea conclude the

paper with some extensions and suggestions for future research.

2. BACKGROUND

In this section we describe prior literature to position our paper and its contribliins
argued earlier that it is important to model flexible consumption in order to usmtigtsie spike
in sales more fully. Moreover, we argued that there may be systematierntifsracross
consumersbased on brand preferences and their consumption needs (brand loyals vs. switchers
and light vs. heavy users) in their responses to price promotions. There abrithmee
necessarily separate streams of literature that are relevant towsnjgotentially contribute.
These are (1) research that focuses on breaking down the purchase dlasticgycomponents,
(2) research that focuses on modeling consumption behavior with consumer futuratexysect
and (3) dynamic structural models accounting for flexible consumption. Ahthee will also

briefly discuss our contributions from a methodology perspective.

2.1 Breaking down total elasticity into its components

The sales increase of a brand under temporary price promotions is due tbfaeteg
(1) consumers who would normally buy some other brand might switch to buy the @domot
brand (brand switching); (2) consumers might purchase more in current periotiifer f
consumption (stockpiling); consumers might also consume more in current or futads per
(consumption increase). Gupta (1988) was the earliest to decompose the promotionad respons

(using promotional elasticity as the metric) into brand switching, purchasddince)

% In our paper, “consumer” and “household” are uséefchangeably.



acceleration and stockpiling effects using coffee data. He found that theashbrfiorce was

brand switching accounting for 84% of the change in response while purchase (incidence
acceleration accounted for 14% and stockpiling accounted for 2%. Similar vestdtseported

by Chiang (1991). Bell et. al (1999) pursue this further using a much broader datakeéng

13 categories and more than 170 brands. While their results in general confirm Giugitags f
they also report substantial variances in the brand switching effect (69% t@848

categories. The above papers assume that consumption rate is fixed. Sun (20G3jhislaxe
assumption and allows consumers to decide on consumption rate each period based on their
inventories and new purchases. She finds that the brand switching effect ofodigmam
overestimated when consumption is fixed but it is still the dominant effect. ¥ardel et. al
(2003) proposes a different decomposition measure based on sales units. Using ttetasehe
as Gupta (1988) did, they found that only 33% of unit sales increase is due to losses of other
brands. Taking off from this stream, we breakdown the promotional effect into the brand
switching, stockpiling and consumption effects. We measure the impact oé gpootion not
just in the promotion period but over a long term horizon. We find that most salesentuea®

a price promotion can be attributed to consumption increase and stockpiling rathmatichn

switching.

2.2 Modeling Consumers’ Consumption Behavior under Price Uncertaigt

When consumers perceive costs of purchasing in future different from purcteaiayg
they are likely to change their behavior today. For example, based on thetaéopeabout
future prices, consumers might change the amount they buy today and the ammahpites

(Golabi (1985), Meyer and Assuncao (1990), Krishna (1992, 1994)). Following the framework
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of Golabi (1985), Assuncao and Meyer (1993) develop a nhormative model of a consumer who
endogenously chooses the optimal level of consumption by assuming a particel@rgcess

for the future. They model a consumer as maximizing an inter-temporal futiiittion and

optimally choosing a consumption and purchase stream. Their model predicts thatptwmrs

is an increasing function of inventory and this has subsequently found empirical sappert
works of Wansink (1996), Ailawadi and Neslin (1998), Erdem et al (2003), and Sun (2003) etc.
Bell et. al (2002) develop an analytical model that tries to capture thé @ffféexible

consumption on the part of the consumers and explores the pricing strategiesicdlide

retailers. Like these papers we also model forward looking consumercantham to

rationally choose not only the quantity to be bought but also their consumption streaimkeWe t
this stream further by empirically exploring differences acros®mestgroups (brand loyals vs.
brand switchers and light vs. heavy users) in the impact of promotions on their consumption and

stockpiling behavior.

2.3 Dynamic Structural Models with Flexible Consumption

It has been demonstrated in the marketing literature that a dynancitistl model has
its advantages when modeling a consumer’s purchase, stockpiling and consumptrar beha
under price uncertainty in package goods categories (e.g. Gunul and SrinivasanHfi96)et
al (2003), Hendel and Nevo (2003), Sun et al (2003) and Sun (2003)). There is a stream of
literature that accounts for flexible consumption under price uncertaimiy dgnamic structural
models. Erdem et al (2003) assume that consumers have an exogenous usagesrgact
period which is revealed to consumers after their purchases. Consumatle®wed to stock out

but there is a stock-out cost. In their model there are a fixed number of segntentss of

11



usage rate and consumers can move from one segment to another following a Markoyv process
Hendel and Nevo (2003) and Sun (2003) relax the assumption of exogenous consumption rates
and model consumption as a decision variable of consumers. In Hendel and Nevo (2003), the
assumption that utility of a brand is derived at the point of purchase enables themlto mode
consumers’ optimization of purchase quantity in a dynamic programmimnggsatid then

separately model consumers’ brand choice decisions in a static fram@&warkesults in

significant computational simplification but also comes at a cost (seesthessions in Erdem et

al (2003)). Moreover, consumers are assumed to choose package sizes rather ftiamtingts

the applications of the model to markets where package sizes rather thaterpulithases are
considerations of consum&r$un (2003) has shown that a dynamic structural model with
endogenous consumption rate improves the goodness of fit to data as well as ndoctedmpre

The focus of her paper is on the impact of promotion on consumption in general. Shesconfirm
that consumers’ consumption rate on canned tuna is not constant and that short term
consumption increases when there is a price promotion. We follow this streaseatheon
endogenous consumption, but we propose a hedonic approach to model consumer utility. The
focus of our study is the decomposition of price elasticity to its components of braciairsgyi
stockpiling and consumption increase over the planning hdri2omwther distinct feature in our
model is that we also explicitly allow consumer heterogeneity in terms d praferences,
consumption needs, and consumption flexibility. We are interested in how thetehadiie
responses to price promotions. For example, which types of consumers (brésmeadopsand
switchers, light users vs. heavy users) will mainly increase consumptmaimly stockpile

when facing temporary price promotions?

4 For example, it is not suitable to model the pases in categories like canned tuna and yogurt.
® As will become clear later on, we contrast owsufes to the “short term perspective” where theodgmosition is done for the
period of promotion only. Our “long term perspeetivs defined over the planning horizon of conswsner
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From methodology perspective, we demonstrate that the infinite horizon @ynami
problem can be reduced into a finite one, helping reducing the computational burden. WWe impos
further behavioral assumptidhsnder which the problem is further simplified. Simulated
Method of Moments (SMM) is used to estimate our model. Although our model has its
limitations due to the simplifying assumptions, it offers an alternatikgisn to overcome the
problem of “curse of dimensionality” in dynamic optimization problem. Hence uséful to

researchers when they are facing high-dimension problems or dealmignge datasets.

3. MODEL

3.1 THE HOUSEHOLD’S PROBLEM

Assume that there adegproducts or brands, attlhouseholds in the market. Lgf, be a
J x1 vector of household’s continuous consumption quantity, a J x1 vector of continuous
quantity purchased, in weékand u, () be the utility function of consumptian

In weekt, household has to decide which product to purchase, how much to purchase, as
well as how much to consume. Since quantity bought at time bedeld over and consumed in

future periods, the infinite horizon planning problem can be stated as follows:

- .5 , > O B
SURx. vi3 E, gzly ' U, (Yns)— A n0pg X Cﬂélz‘ I hsl%lo- %
IS= )=

Sl =Xt Thes = Vi (1)
th'yhs’lhs2 0

where p, is a Jx1 vector of prices, andl,, a J x1 vector of the inventory level of products in

week s. We useA, to denote the marginal utility of income, the inventory cost of one

& We will discuss these assumptions in detail itisec.
7 Its functional form will be specified in detail eguation (2) in section 3.2
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standardized unit for householl andy the discount rate (assumed to be equal across

households in a standard wayg{[on} is the expectation operator conditional ¢me

information set at, o,,. The information set includes the inventory inherited from previous
period, I, , past marketing variables such as prices, features and displayshousehold

demographic variables. The endogenous variables in (1) infERde......; Yo Yher - -

3.2 DETAILS OF THE INDIRECT UTILITY FUNCTION

We assume, fog t, a utility function of consumption as follows:

EU(Yhe) = (W, Ayt )™ (2
where, A is a Jx(C+ J) characteristic matrix. The fir€ columns represent observable product
attributes including brand names, flavor etc. The Jasvlumns of the matrix A is an identity

matrix of dimension). W, is a vector of preferences and tastes coefficients conscftm@ x1
vector of time-invariant household h’s preferences for the obsertrédobegs,p, , and aJ x1
vector of time-invariant household specific taste preferencespfoducts, g, .2 Hence,
W, =W,l&,) in (2). We assume that, in (1) arei.i.d. continuously distributed over
households. Specifically, we assuie- normal(O,oEZ). Finally, we use a random coefficient
approach by assuming that

Y, =@ +n, 3)
wheren, is a vector of random variables that are continuously distributedhd model

estimation, we assummg, ~ normaI(O,onz), and they arei.d. over households.

8 We note that state-dependence like variety seddéhgvior is not modeled here.
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The parameters, and¢, control the rate of diminishing marginal returns and translation

in the utility functiorf, whereay, is restricted to be in the unit interval. To allow for hetenmifs
across households in consumption, we assumexthata function of household demographics.

In the estimation, we assume that there d«istpes of households; for type

_exply, +a,  [FMY,)
h

= (4)
1+expf ko O FMY, )

where FMY;, represents the family size of househbldandago and oy, are parameters to be
estimated. Households with largaer are more likely to purchase the product category and
consume larger quantity compared to those households with smaller
To make sure that marginal utility does not go to infinity whendonsumption level is
zero, ¢, is restricted to be positive. In this case corner solutionsllaeea. Following Kim et.
al (2002), we fixp, =1 in the equation because it is difficult to identfiyand¢, separately.
To allow for heterogeneity in price sensitivity, we further assumnte tha
A, =1+\, [{INCOME, - AvgINCOME+\, 0 EMPLQ) (5)
where INCOME, is the income of household, AvgINCOME is the average of household
income,and EMPLOY, is the employment status of the female household head.
To allow for heterogeneity in inventory costs, we assume that
C, =G + G [ INCOME - AvgINCOME+ 41 RESIDENG (6)
where RESIDENCE is the residence type of the househblklich as single family house or

others.

® For more detailed explanation see Kim, Allenby] &vssi (2002).
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We do not observe the initial inventory that householtdas at the time when we
observe its very first purchase. Intuitively, if househblthakes a purchase when the price in
that period is higher than its regular price, it could indicatettigthousehold’s inventory is low

at the beginning of that first period. In the estimation model we assume that

lo =€xp0,), andv,~normal 606, - B ).1 (7)
wherel, , is the initial inventory ofh, p,,; is the observed price of producin the period
when householtt made the first purchase in data, anfdis the perceived cost of purchasing of

productj.’® p is a parameter to be estimatedplfis negative, a higher first purchase price will

indicate a lower initial inventory.

3.3 SOME SIMPLIFYING ASSUMPTIONS AND PROPOSED SOLUTION

Using Bellman’s equation, equation (1) can be re-writtéh as
Il , J , , [
V(o,)=sup, , OEU(%)-A R x- ﬂz Do FyJ VE')dRo" o, x yo  (8)
0 1= [ O

where P(0CX,y) is the Markov transition kernel fofo,} conditional on actiongx,y} .

Optimal controls{x,y} are solved from (8) under the constraints of inventory and non-
negativity.
In practice, equation (8) is difficult, if not infeasible, to solveeese of the “curse of

dimensionality”. There ardx2 continuous actions (i.ex, ¥;), hence, the dimension of controls

are infinite. Moreover, we do not observe inventory or consumption rate.

10 We will discuss how to derive the perceived cdgiwchasing later in this section.
1 For simplicity we omit the subscripthereafter.
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We propose a solution to overcome the problems mentioned above. Sapp@séor
all h, p, >0 for all t and]j. Let_pj be the highest future price that prodycwill possibly

charge. We assumﬁj - <b<e for all t andj. In Appendix A we show that there exists a

finite time period, T, such that, households will not purchase at t and stockpile for the
consumption of periods beyoridT no matter how much inventory they are holding. Thus, we

can rewrite the problem in (1) as a finite horizon problem,

o ot ' 2 0 H
SUR, vy EcO) Y7 u(Ys)—AOpg X (%Z ISJEIG%
Ss=t =
St =X+ 1Y, (9)
X Y, 1,20

The optimal solution§x, y;} for the week in (9), which are the focal decision variables of the

problem, are equivalent to the optimal solutions we would obtain fromingothe infinite
horizon problem in (1). This implies that empirical researcheg start from a reasonably large
number of T and solve this finite horizon dynamic programming problem. Thistantially
reduces the computational burden compared to the traditional method oéssue
approximations in solving the Bellman equation in 8).

Although the problem is reduced to a finite horizon dynamic praogiam problem,

solving for the optimal decisions in (9) is still not an easgk.taparticularly, since
{X, ys s=t t+1,...} areJ-dimensional vectors. We impose two more assumptions to simplify

the problem. We first adopt an assumption used by Erdem et. al (2003).

| Assumption 1

12 For example, see a detailed explanation of diffeselution methods in Rust (1994).
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Households use each product in their inventory proportionately. Thates, g

their inventory after the purchasg, +x,, households will consume a proportion
ds for each product , whereds >0 and z:tés =1, for each future periosl

Under the above assumption, households’ consumption from their invensdpyat o
(I.1 + X). Hereds is a scalar. We then only need to solve fdr»l vector ofd’s instead of a
T x J matrix ofy's in (9).

Second, we assume that households use a simple yet, intuitive updatimgganding
what they perceive as the future cost of purchasing.

| Assumption 2

In any given week<s, households form a “perceived cost of purchasing” for

buying brand in weeks, ptoﬂsyj, using current and past prices. These prices are

expected to remain constant for all wekks i.e., p&,j = p‘fj B

The above assumption implies that, facing a trade-off betweendgongiw and buying
later for future consumption, households would compare the perceived qasttbésing with
the current observed prices. Such a decision rule is a simipdificérom the traditional
optimization algorithm, where households consider all possible futwse paths and maximize
the expected discounted utility over them. Since the focuses of our pepewn flexible
consumption and stockpiling, this simplifying assumption will help usucaghe main effects
while the implied decision rules are still consistent with intei behavior. A flexible

specification for the perceived cost of purchasing should provide amxapgation to the

13 This assumption still allows the flexibility oféorporating different updating rules for futureqes. For example, in our
empirical analysis we assume households updategbegieived future cost of purchasing usim; = p’+w{p’ - p;), where

p? is the regular price of produjct pt'j the observed price at time t, abdl a parameter to be estimated.
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solution of a dynamic planning problem under price uncertainty. thatethe perceived cost of
purchasing should not be confused with the expected future pricesitibulpa, if households

are risk-averse and prefer not to commit to consuming any prodube ifuture by holding
inventory, p’ can be lower than the expected future prices in model estimation.

Under the assumptions of stationary perceived cost of purchasthgositive inventory
cost, it is not optimal for households to make purchases in a futuoel peand hold inventory
for the consumption in a further future periodvhereu > s. Based on this reasoning and along

with Assumptions 1 and 2, equation (9) can be re-written as

sup  {EU, Ml + X))-A g x - c1-5, )Di (L, + %)
} IE

{ X Xar 18y Diat
t+T

+z Elués D(lt—1+xt )+ X )_)\ Ff I)g_ dj(l_ét_ "'_63 J_ (It-l, j+ X (10)

s=t+1

t+T

St X X O O 20, 2652 1
s=t

Note thatx, in (10) only enters the expected utility function in pergodnd does not

affect the expected inventory in any future period. The dynamgragmaming problem in a finite
horizon of T is then vastly simplified.

Next, let us examine how a household decides whether to buy, which product to buy, how
much to consume and how much to buy. To simplify the analysis,siifgbose that the
household does not hold inventory in waekThe utility function in (2) implies that, after
observingp,, a household will choose at most one progiustuch that, for ak =1, ..., J

MU.,.(0) _a WA, S DA _ MU, (0)
A P, i« A R, A Ry ARy

0 l‘IJ IA\J* ZqJ IA(
P i R«

(11)
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whereMU ., (0) is the marginal utility level with respect fo aty, =0, Uk=1,...,J. Since we

assume that a household’s preference is stationary overjtimg, also be the product chosen if
the household purchases now and holds it for future consumption. Corner sctigienmien

A

t,k

n?k?x{a } <1, for all k. In this case we hawe = 0. This occurs when the household finds

current prices too high to purchase the product category attweek
With the perceived cost of purchasing equabt@nd the utility function as specified in

(2), the household expects to choose at most one piddumh that, for alk,

MU, (0) _a @A, oA _ MU,(0)

Al AR AR AR 12
QYA wA
P Al
Again, when r?k?x{a EIJOA*}<1, for all k, the expected purchase at the perceived cost of

K
purchasing will be zero. This occurs when the household does not normathageiior consume
the category, and will only purchase when there is a big price promotion.

As implied by (10), the household will purchase in weakd hold it for consumption in

weeks, wheres>t, only if the following two conditions are satisfied:

s—t
(i) y T MU, (0)-Ap, —CDZVUZO
and
s-t
(i) VTIMU;(0) =M —elh v' 2y THIMUL O)-A 1]
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Condition (i) ensures that discounted consumption utility in wsee&t of purchasing costs in
week t and discounted inventory cost is non-negative. Condition (ii) ensures that it
worthwhile to buy now and hold inventory until week'

Suppose the above two conditions are satisfied,the household purchases in week
and holds it for consumption in wesk The optimal purchase quantity then satisfies the third

condition that is derived from the first-order condition:

st

(iii) Y MU (Y, 1) —A R -cEZv“ =0

u

wherey, .. is the optimal quantity purchased in weefor the consumption in week The
optimal level ofx in (10) is equal to the sum of ., s=t,...,T, in thej*th row and zero

elsewhere. Thus, the optimal level&f is h

J*

Note that our model should not be treated as a substitute for naenatymodels with
rational expectations because of the simplifying behavioral assumptionakee oot it offers an
alternative solution to capture the main effects while overcommiegroblem of the “curse of
dimensionality” in dynamic optimization problem.

When the household holds positive inventory in weekolution y, . ;. for all s cannot be

solved separately as in conditions (i) to (iii), since the householtbrefditionally consider the

14 This decision rule is similar to those in referepciee literature (Winer (1986), Mayhew and Win&®92), Mazumdar and

Papatla (2000), etc.). But in our setting househalce comparing current prices with the perceivest of purchasingn the

s—t

s-t
future. Indeed we may treaﬁin{%{ys“ MU ,(0) —cI:Zy‘}, Xl[y*‘ﬁ]MUJQO) - MU (0)] _CEZVU +yT' ) asan “inter-

temporal” reference price of buying at weekt for consumption at future peria In this case the “inter-temporal” reference

price is a function of brand and consumption pefees, inventory cost, and perceived cost of psioba
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benefit and cost of consuming the inventary buying in current week. However, basic
principles of the solution concept discussed above still apply. In aomagisin algorithm, we
directly solve the non-linear constrained optimization problem in {@n parameterd and

inventory levell _,. Our estimator is a non-linear least square estimator usen@g/ethod of

Moments. Details of the estimation algorithm will be provided in Appendix B.

3.4 IDENTIFICATION OF DIFFERENT TYPES OF CONSUMPTION BEHAVIOR
Depending on (1) preferences for the attributes of different pred{®)tinventory cost,
and (3) flexibility in consumption as determined doy a price promotion will have different
effect on different households. One major identification issue éateirestimation is that we, as
researchers, do not observe consumption and inventory of households in the dataly We
observe whether a household makes a purchase and if so which productaihdulye quantity
it purchases in each period. Still, we can identify the parametexr household’s utility function
from the variations in its purchasing pattern over time: Brarttlsivg patterns of households
over time help identify the differences in product preferences of holgse and variations in
purchase quantity and time-intervals between purchases helpfyidéet inventory cost and
consumption rate changes. For example, suppose that there are two hsygehnt B, who
buy one unit of the product in each period at the same price. Sugh@geice is cut by 10
percent in the current period, and bdthand B increase their purchase from 1 to 2 units. If
householdA comes back to purchase 1 unit again in the next period, but hougetokts not
make a purchase until period 3, we can infer thahcreases its consumption and does not

stockpile in the current period, while househBldoes the opposite. In this case houseldics

15 In this application we fix the number of finiterjls toT=12, and the number of simulation draws to just ofiec&we have
a large number of observations, estimator effigigaaot our major concern.
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a flexible consumption rate but a higher inventory cost than hous&dRlippose there is
another household;, which buys 4 units of the product during promotion, and only comes back
to market in period 3. Then we infer that housel®lthay have a more flexible consumption
rate than household but a lower inventory cost than househéldHence, the parameters are
identified if there are enough variations in responses to prices,tevegh we just observe the
qguantity purchased. Given these parameter values, effects kpistay brand-switching and
consumption increase due to temporary price promotions can also b&éadefr example,
when there is a price promotion househaldill show a larger consumption effect but a smaller
stockpiling effect than househoBl does, while househol@ will show a larger consumption

effect as well as a stockpiling effect.

4. EMPIRICAL ANALYSIS

4.1 DESCRIPTION OF DATA

We estimate the proposed model using the A. C. Nielsen scannérdptm®n canned
tuna. The reason we choose this category is that canned tundyisteasble and potentially
a good candidate for stockpiling and flexible consumption. The datasearored tuna
contains weekly data on prices, feature advertising, and disptagsl® stores in Sioux Falls,
South Dakota for a period of 123 weeks from January 1985 to May 1987. pralades
purchase history information of 4308 households. There are totally 10 pasikegen the
data, among which the one size, 6.5 0z., has the largest share, accéomf4.2% of the
total quantity sold, and 93.7% of the total purchase occasions. Also, atheng308
households, 3250 or 75.4% of total households, purchases canned tuna of tnf/si@esen

the obvious dominance of this package size, in order to avoid dealing heitlsdue of
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guantity discount with the existence of multiple package sizespues four analysis on the
6.5 0z size and purchases from these 3250 households.

There are total 33 SKUs of 6.5 o0z size in the data. We use prdttimitas to group the
SKUs. We identify three main product attributes: brand, water/@iédyaand light/regular.
There are total 10 brands among which four brands, Star-Kist, Chickbe &ea (CKN), 3
Diamond, and CTL (store controlled brand) account for 99.5% of all purchidsegrouping
of SKUs by product attributes generates 12 product alterngbvasds*attributes), of which
11 product alternatives represent the SKUs that belongs to onefotitHeands, water or oll,
and light or regular. We combine the rest of the SKUs that beloagotand other than the
four brands into the 12th product alternatfvérable 1 provides the summary statistics for
these 12 products. To keep the size of the dataset manageahiandeenly chose 1000
households from the 3250 households. These households made 13394 purchases during the
sample periods. The average number of units per purchase oceasdhl5 units and the
average inter-purchase time was 9.84 weeks. Figure 1 gives tbgrams of inter-purchase
times of the 1000 households over the 123 weeks.

The price, feature, and display of each product assumed to be obsgrémusehold in
each week is constructed as follows:
|  For a product that a household purchases in a week, price, featdrelisplay are

constructed as the weighted average over the SKUs that beltmggooduct alternative.

The weight used is the quantity of purchased;

16 |n each purchase occasion, a household purchasesf the 12 product alternatives, so there ismietestimate of household
inventory. Henceforth we will use the term protiacrefer to one of these 12 alternatives.

24



| For a product that a household does not purchase in a week, the ptige, &aa display
are constructed as the numerical average over all the Skdtdelong to the product
alternative in the household's preferred store.
The dataset also contains the demographic characteristics dfotlsholds such as
family size, income, the employment status of the female be#te household, and type of
residency, etc. We incorporate these variables in the estimation of our propadel.

[Insert Table 1 and Figure 1 here]

4.2 EMPIRICAL RESULTS
We estimate two model specifications: In model A, the perceivsts ©f purchasing are
assumed to be the regular prices the data. In model B, a household updates its perceived cost

of purchasing after observing current price. Specifically, we assume that:
P =P+l P’ - R;)
where p? is the regular price of produgtp, ; the observed price at time t, aeda parameter to

be estimated. ltw is negative, it suggests that a household lowers its perceivedofcost
purchasing produgtbecause of the price promotion at time t.

Since model B yields a lower value of the objective function than ndele report the
results for model B in Table 2. From the table, we can seehhastimate of mean preference
for all households for the category of canned tuna is -0.12. Howeverpréierence is
heterogeneous among households since the variance of the normallutéidt preference
parameter is 0.50, which is statically significant. The mposterred brand is Star-Kist while the

least preferred brand is 3 Diamond. Further, households’ preferencemfd€ist and CKN are

1 For each household, the regular price of eachymtdd the average price over the 123 weeks.
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heterogeneous (i.e.,0. are statistically significant) while those for 3 Diamond arfd.@re

not. The estimates for households’ mean preferences for bhaged and light tuna are positive
(1.83 and 0.33 respectively), implying that households like water-baseg timan oil-based
tuna, and like light more than regular tuna. Consistent with our exjpestathe households also
have positive responses to feature advertising and store displaytl2347 respectively). The
household specific taste preferences for products are assumedi.i fo@rmal distribution with

zero mean, over households and product alternatives. The estimatios telabwhis preference

is heterogeneous among households (€.,is 1.89 and statistically significant).

The coefficient of price is normalized to one for the model patars to be identified. The
coefficients of income and employment status of the female heddeohousehold are not
statistically significant. The estimate for inventory costarined tuna is $0.03 per can per week.
It is within a reasonable range and consistent with our expectatierincome and the residence
type a household has in do not seem to have significant impact amveistary cost. One
explanation for this could be that because canned tuna is relsagfyto store households do
not run into space constraints caused by income or residency types.

exp, +t (FMYSize
1+ exp@r, +1 [(FMYSize)’

The consumption level in our model is determinedaby

estimation indicates that there are two segments with regpeg andr . The first segment

accounts for 76.43% of all the households. Interestingly, the negaginefasit implies that

smaller families have a larger consumption rate for thisgoay. The estimate gf is negative

(-2.22), implying that if a household buys at a higher price dutsnfirst observed purchase, it

indicates that the household has a lower inventory level. This is consistent withugionnt
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4.3 SIMULATION AND DISCUSSIONS

In order to answer the questions that we raised earlier ragatbe effects of price
promotions on brand switching, stockpiling and consumption, we conduct simulasioigsthe
parameter estimates from our dynamic structural model. Gventage of structural models is
that the underlying behavioral process of a rational household iEigyxmpecified, thus the
estimated parameters are invariant to marketing activitied are suitable for policy
experiments.

In the simulations, we used the 1000 households observed in data, and for eabioltious
we take 10 random draws out of the distribution. Therefore, we have 10,08@atimns. We
first simulate the purchases and consumption of these households whdacthelge regular
prices'® for all productsfor 12 continuous weeks. Then, we simulate the purchases and
consumption for the same households for the 12 weeks when all the pradutiatades that
belong to a brand (the focal brand) offer an equal amount of psceudit in the first week. The
comparisons of the sales before and after the price cut alltovdezompose the effects of price
promotions into those of consumption increase, brand switching and stogkpile define the

total effects of the price cut as the sales increases in week one. That is,

10000

TEb = ; )%bl( Ft)_)%u( F?)

where p°is the price vector when all brands charge their regular pricespgais the price
vector when brand b has a price cut while other brands remain their regulsy nidg, () the

quantity of brand that householth purchases in week one under the corresponding price vector.
The consumption effect is defined as the difference in thedales$ in all 12 weeks before

and after the price cut. That is:

18 We use average prices of each product alternfitve the data.
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12 10000

CE = ; ; Yoo ﬁy) ~ Xl FS))

Note that increase in consumption comes from those households thatspunciiya on
promotions and households that buy during non-promoted weeks as well. Sirgswume that
the planning horizon of households are 12 weeks, i.e., households will not purohase s
quantity in week one and hold them as inventory for future consumption beyid"tweek,
given that prices in all weeks after week one are the saguar price¥, it is valid to use the
difference in total purchases for all 12 weeks as the measure for chang@s consumptiof.

The brand switching effect is measured by the decreaseahstes of other brands
(whose prices remain the same) in all 12 weeks as theldi@ad cuts its price in week one. We
further decompose the brand switching effect into two componenaisd{switching that occurs

in the first week BS,,) and in later weeksRS, ). That is:

BS’l:hmZ, )ﬁl( F?)_H; %1( ﬁ})

BS"L:ZthZ_ X ‘9)'2@_ %( B

whereH_,, are those households who purchase brands othebtiramveek t. Notice that since
these households are paying the same prices for the other bedmdsand after the price cut of
brandb, there is no consumption or stockpiling effectp( gt) ; thus the differences must be

pure brand switching effects.
The residual is then the stockpiling effect. That is:

SP=TE- CE- BS- BS

1950 from week 2 to 11, households will purchase inmly for consumption of that week without stodikgj for future weeks.
20 We can also measure the consumption effect by adngpthe total quantity consumed during the 12ksdefore and after
the price cut. However, it is simpler to use thehrod we mentioned here, and the results are equitzal
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this is derived from the fact that total sales increase of a bran dugduction in price in week
1 has to come from increase in consumption of tuna, households’ brand rsyvitcm other

brands, and households’ stockpiling for future consumption.

4.3.1. Decomposition of Price Elasticities

We decompose demand elasticitiésto the above components. We first examine the case

with a price cut of 10 cents. The decomposition for all 1,000 households is given in Table 3.
[Insert Table 3 here]

First, we notice that the brand switching effect for all brasdsiuch smaller than what is
identified in most previous relevant literature (e.g., Gupta (1988), Cli£%4)), and is not the
dominant force. The discrepancy is due to two differences between our model @nof iGopta
(1988) and Chiang (1991):

1. In our model, a household is assumed to maximize its consumptioly oigr a
planning horizon (e.g., in our estimation of canned tuna category, Wwéél2 weeks)
while in the models of Gupta (1988) and Chiang (1991), a household is assumed
maximize its purchase utility only in current period.

2. In our model, consumption is a decision variable for the households while the
consumption rate is fixed in Gupta (1988) and Chiang (1991).

Moreover, the brand switching effect in our model is computed as thedkes of other

brands in the current period as well as in later periods whilthiang (1991) and Gupta (1988)

it is calculated as the increased choice probability in cupenbd for choosing focal brand

2L |In each table, we report the decomposition oftieitiss both in terms of numerical values as vasllin percentages relative to
the total elasticities. The latter is the numbepanentheses.
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(conditional on purchase incideri@e Since the consumption is restricted to be fixed, the brand
switching effect in their models in fact includes the incrdageantity purchased by the
household for consuming more or and stockpiling for future consumption, tiose two
effects are separately identified in our model. Therefore,bthed switching effect in their
models is inflated®

Second, we notice the different responses exhibited between largersaads (i.e., Star-

Kist and CKN) and smaller share brands (i.e., 3 Diamond and CTL):

1. Smaller share brands have higher price elasticity than |asig@re brands. This is
consistent with the findings in Chintagunta (1993)

2. Majority of sales increase from the two large brands is dwstdckpiling effects (62%
and 67% respectively) while the stockpiling effects for smaltare brands are smaller
(37% for 3 Diamond and 39% for CTL).

3. Brand switching effect is relatively small for larger harands (8% for both brands)
but substantially higher for smaller share brands (26% for 3 Didnaow 25% for
CKN)?.

4. Consumption effect is significant for all brands. But this efischigher for smaller
share brands than for larger share brands.

The comparisons imply that, from a manufacturer’'s perspectivesttaggy of temporarily

cutting prices to steal sales from other brands might not be ffecyiee for large share brands.

22 Thjs is the condition in the model of Chiang (1p9aupta (1988) assumes three decisions to be émdizmt.

2 Notice that in Sun (2003) a household is alsorassito decide on consumption each period to maginai@l consumption
utility over a long period of time, but she stildis the brand switching effect is the dominantéoWe suspect the discrepancy
is due to the fact that in her model the pricetaliyg is calculated base on the sales increasgs@rhby the price cut) in the
current period (i.e., the period when a price aguns) only, while in our model the price elastidg calculated based on the
sales increase occurring during the planning har{ze., 12 weeks)

24 Since the calculation of price elasticity is basedhe sales at regular prices (for smaller sheards, they have much fewer
sales than those of larger share brands), oneagsheutautious to draw the conclusion that smaliaresbrands can draw more
sales by price promotions than larger share bragdsmply comparing the brand switching elasti¢gy the corresponding
percentage measure).
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Unlike in a one period game where large share brand might biértegtsmall brand’s price is
higher, in this case its profits could be hurt in the long tenoesa greater portion of the sales
increase in current period comes at the cost of future sadatiiRly, a price promotion seems
to be more attractive for a smaller brand since majoritytofsales increase comes from
consumption increase and brand switching.

Since the demand curve of households in our model is highly non-limearder to
understand households’ responses when facing different levels ofdpamints, we did two
sets of experiments: one for a price cut of 10 cents for eand,aad the other for a price cut of
20 cents. We report the decomposition of price elasticity fdraaiseholds given the price cut of
20 cents in Table 4.

[Insert Table 4 here]

Comparing the elasticity decomposition in Table 3 and Tableetcan see consistent
patterns across all brands:

1. The price elasticity is higher when the price cut is 20 céiats when the price cut is 10

cents.

2. Compared with a price cut of 10 cents, the price cut of 20 ceniisréis a larger

increase in consumption but a smaller increase in stockgiling

The above results suggest that, households are more responsive ta arlaegdiscount
and they also respond by increasing their consumption more than stackmilfuture use. To
understand this note that when a household faces a price cut it @scrsasxpected utility by
either increasing its current consumption or stockpiling for fubudgoth. As can be seen from

table 3 for a 10 cents price cut a household increases its consurapt also buys more for

2 with the price cut of 20 cents, the decomposif@rstockpiling effect is smaller in terms of pamtege values but still greater
in terms of absolute values.

31



future use as well but the latter effect dominates. For a dpépe cut of 20 cents, the increase
in stockpiling relative to the 10 cents case is small becaube abnvexity of the inventory cost
function and therefore the household increases utility by inagasirrent consumption much
more. Thus, a larger price discount seems to have relatively pogitive impact on long term

sales from the manufacturer’s point of view.

4.3.2. Comparisons of the Elasticity Decomposition across Households

First, we investigate the impact of brand preferences on househdgenses to price
promotions. For each brand, we group all the households into two segmenkmuEkaolds in
one segment purchase the brand at its regular price, while thénblussiem the other segment do
not do so. When there is a price cut for bdand/e can expect the households in bransl first
segment will continue purchasing this brand and some of househotdsetond segment may
also be induced to purchase brandWe call the households in the first segment “brand loyals”
and those in the second segment “brand switcffevé’brandb ?’. We focus on the differences
in the responses of brand loyals and brand switchers for a pdeetion of 10 cent€ The
results are shown in Table 5 and Table 6 respectively.

[Insert Table 5 and Table 6 here]
Comparing the figures in Tables 5 and 6 yields the following insights:
1. Brand loyals and brand switchers demonstrate very different sliogkpehaviors.

For brand loyals, majority of the increase in purchases frace promotions can be

2 Brand switchers include households that buy dih@nds when those brands are priced at their regtites as well as
households that make no purchase when all braedsri@ed at their regular prices.

27 according to this definition, the brand loyals/&stiers for one brand can be the brand switchew8dpr another brand.

28 We have also done the analyses for the pricef@ eents and the results are consistent with wiedind for the price cut of
10 cents.
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attributed to stockpiling (69%, 73%, 61% and 63% respectively for Star-Bka\,

3 Diamond and CTL) while for brand switchers the stockpiling effect is alreost

2. Brand loyals also increase their consumption more than brand switchers do.
3. Brand loyals are more price elastic than brand switcheasumption effect is

explicitly modeled.

These findings suggest that when a price promotion is used inketnaath a large number
of brand loyals, the brand will lose profits from its brand lsyabt only in the current period
(the foregone profit since loyals would have bought the product a)jyvwut also in future
periods because these brand loyals are stockpiling at a lowerfgrituture consumption. The
gain from brand loyals’ consumption increase that is also inducedebprice cut will not be
sufficient to compensate the loss. On the other hand, in a matkehigh proportion of brand
switchers (a very competitive market), temporary price ofita brand have the benefit of
stealing sales from other brands as well as an increase iangptign, and furthermore it does
not have the cost of inducing brand switchers to stockpile forefutansumption. Therefore,
knowing the market composition in terms of households’ brand preferenitdé®lvimanagers
decide whether it is appropriate to use price promotion strategies.

Next, we investigate the impact of consumption levels on househo&fsmees to price
promotions. We divide all households into two groups: heavy usersgintdisiers. A heavy user
is the one whose total quantity purchased in all 12 weeks is aimeawérage. Otherwise he is a
light user. Table 7 and Table 8 show the decomposition of price #glagticheavy users and
light users respectively, given a price cut of 10 cents.

[Insert Table 7 and Table 8 here]

Comparisons of Table 7 and Table 8 show that:
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1. Lighter users show a larger consumption effect than heavy users.
2. Heavy users show a larger stockpiling effect than light users.

The first finding is intuitive and consistent with the commonly knaatiation effect.
Compared with heavy users, light users are more likely to isereansumption due to a lower
price. The second finding suggests that heavy users are naisgistrin terms of planning for
future consumptions. This is consistent with the findings in Zhang, $aetha and Narasimhan
(2003) and can be attributed to the different importance of the tuegocgato the two groups of
households. By using past purchase history of households, the firmrganheavy users and
light users with different incentives (vs. give temporary erauts to all households). For
example, the firm can use targeting coupons to induce light usetart purchasing the product
or purchase more quantity.

The two important findings that we have identified: when facingiee promotion (1)
brand loyals mainly respond with stockpiling and also some consumpti@ases while brand
switchers do not stockpile but switch brands and increase consumptibea(3) users stockpile
more and do not increase their consumption as much as light uselglgananagers design
better pricing and promotion strategies. Though a rigorous amabysthe optimal pricing
strategy a firm can use under these settings is out of the e€dpes paper, we will provide
some general guidance here: In general a firm can incitsdsag term profits by discouraging
brand loyals and heavy users from responding to price promotions etdouraging brand
switchers and light users to do so. For example, a firm canpgige discounts on small package
sizes to induce brand switchers and light users to switch. To effaiently price discriminate
and discourage brand loyals and heavy users from taking advantdgsefptice discounts the

per unit price of large package sizes should not be higher than tdoeimtsd per unit price of
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smaller package size. This shows that the presence of loyhlseavy users constrains a firm’s
strategy in competing for light users and brand switchers. Mebveimce brand switchers are
not likely to increase much consumption at lower prices, it is optionathe firm to charge

prices just low enough to induce them from switching.

5. CONCLUSIONS AND FUTURE RESEARCH

We proposed a dynamic structural model to study the impact gbotany price
promotions on households’ behavior and to identify the relative influenbeaofl switching,
stockpiling and consumption increase on the total impact. Using a hegpnaaeh to model
household utility and imposing some simplifying behavioral assumptiorseehas to reduce
the dimensionality of the problem and apply our model to a mark#teirpresence of large
number of households and product alternatives. Contrary to most previasschgsour
decomposition of price elasticity shows that the major effeatmrice promotion is not inducing
brand switching, but increasing consumption and stockpiling. We alsattfatdlarger share
brands will be hurt by price promotions since majority of promotion indigeées increase from
these brands is attributed to stockpiling for future consumption. We thasstigate the
household heterogeneity in terms of brand preferences and consumptien dexefind that
with price promotions brand loyals mainly stockpile for future conswmnptvhile brand
switchers almost do not stockpile. We also documented that when there is@@moion light
users consume more but heavy users stockpile more for future quisunThese findings can
help managers better design their pricing and promotion strategies.

In this paper, we did not consider state dependence, i.e., househgldsseek variety

from one purchase to another or be inertia. It might be of stteweexplore the impact of price

35



promotions when both variety seeking (or inertia) and flexible consomipéhavior are present.
It will also be of interest to explore cross-category geiratabn of our empirical findings and
see whether there exists heterogeneity across categortearis of households’ responses to
price promotions that could imply different strategies in diffemtegories. By comparing two
depths of price discounts from regular prices we note that a 2@reatdiscount seems to have
a more positive long term effects on the sales of a producbpfimization model might be

useful to further investigate the optimal level of price discounts.
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Table 1. Market Share of Product alternatives

Product alternative Market Share (%) Avg. Price Avg. Feature| Avg. Display
($/Unit)

Star-Kist, Water, Light 36.32 0.78 0.14 0.04
CKN, Water, Light 32.56 0.81 0.13 0.05
Star-Kist, Oll, Light 13.00 0.70 0.16 0.04

CKN, Qil, Light 10.05 0.82 0.12 0.05
CTL, Water, Light 3.44 0.65 0.02 0.04

3 Diamond, Water, Ligh 1.66 0.62 0.01 0.08
CTL, Oil, Light 1.24 0.65 0.03 0.04

3 Diamond, Oil, Light 0.71 0.62 0.01 0.08
Other Brands 0.54 1.14 0.00 0.00
CTL, Oil, White 0.27 0.64 0.02 0.11
Star, Water, White 0.19 1.54 0.00 0.00
CTL, Water, White 0.01 1.22 0.00 0.00

Figure 1. Histogram of Avg. Inter-Purchase Time oHouseholds
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Table 2. Estimation Results of the Proposed Model

Parameters Est, Sta. En
Tuna -0.12 0.04
o/ (Tuna) 0.50 0.01
Star-Kist 3.06 0.0
CKN 1.43 0.02
3 Diamond -1.53 0.03
CTL -1.27 0.0¢
0’ (Star-Kist) 1.32 0.1
0 2 (CKN) 5.50 0.0
o 7 (3 Diamond) 0.05 0.07
o?Z (CTL) 0.06 0.0b
Water 1.83 0.0[L
Light 0.33 0.04
o (Water) 0.86 0.01
o2 (Light) 0.28 0.0[L
Feature 1.53 0.02
Display 2.47 0.0p
o, (Feature) 0.23 0.01
o? (Display) 0.14 0.02
o 2 (Product Specific

Household Preferences 1.89 Q.01
Price*Income 0.00 0.90
Price*Employ -0.01 0.01
Gy (Inventory) 009 00}
C| (Invent*Income) 0.00 0.9o
C, (Invent*RedType) 0.40 0.00
(o1 -0.5€ 0.03
O, 0.00 0.01
[, (FMYSize) -0.60 0.02
[, (FMYSize) -0.14 0.q1
PROB(Segment 1) 76.43% 0|17
P -2.22 0.14
o] -0.01 0.01

Function Value 673.45
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Table 3. Decomposition of Price Elasticity for AllHouseholds (10 cents cut)

Total Price Total Brand Switchin¢ Brand Switching Stockpilin

Elasticity in|Consumptio| Elasticity in 1st|Elasticity in late EIastFi)cit 9

1st Week | Elasticity Week Weeks y

Star-Kist -0.97 -0.29 -0.07 -0.01 -0.60
(100%) (30%) (7%) (1%) (62%)

CKN -0.94 -0.24 -0.06 -0.01 -0.62
(100%) (25%) (7%) (1%) (67%)

2 Diamond -1.39 -0.53 -0.33 -0.02 -0.51
(100%) (38%) (24%) (2%) (37%)

CTL -1.34 -0.48 -0.31 -0.03 -0.53
(100%) (36%) (23%) (2%) (39%)

Table 4. Decomposition of Price Elasticity for AllHouseholds (20 cents cut)

Total Price Total Brand Switchin¢ Brand Switching Stockpilin

Elasticity in|Consumptio| Elasticity in 1st| Elasticity in late Elast?cit 9

1st Week | Elasticity Week Weeks y

Star-Kist -1.38 -0.57 -0.08 -0.07 -0.66
(100%) (42%) (6%) (5%) (48%)

CKN -1.25 -0.46 -0.06 -0.05 -0.68
(100%) (37%) (5%) (4%) (54%)

3 Diamond -3.16 -1.52 -0.50 -0.36 -0.77
(100%) (48%) (16%) (11%) (24%)

CTL -2.97 -1.33 -0.47 -0.36 -0.80
(100%) (45%) (16%) (12%) (27%)
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Table 5. Decomposition of Price Elasticity for Band Loyals (10 cents cut)

Total Price Total Stockpilin

Elasticity in|Consumptio Elast?cit 9

1st Week | Elasticity y
Star-Kist -0.86 -0.26 -0.60
(100%) (31%) (69%)
CKN -0.85 -0.23 -0.62
(100%) (27%) (73%)
3 Diamond -0.83 -0.32 -0.51
(100%) (39%) (61%)
CTL -0.84 -0.31 -0.53
(100%) (37%) (63%)

Table 6. Decomposition of Price Elasticity for Brad Switchers (10 cents cut)

Total Price Total Brand Switchin¢ Brand Switching Stockpilin

Elasticity in|Consumptio| Elasticity in 1st|Elasticity in late EIastFi)cit 9

1st Week | Elasticity Week Weeks y

Star-Kist -0.10 -0.02 -0.07 -0.01 0.00
(100%) (21%) (69%) (10%) (0%)

CKN -0.08 -0.01 -0.06 -0.01 0.00
(100%) (10%) (78%) (12%) (0%)

3 Diamond -0.56 -0.21 -0.33 -0.02 0.00
(100%) (38%) (58%) (4%) (0%)

CTL -0.50 -0.17 -0.31 -0.03 0.00
(100%) (33%) (62%) (5%) (0%)
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Table 7. Decomposition of Price Elasticity for Heay Users (10 cents cut)

Total_ F_’ric_e Total . Brand_ S_wi_tching Branq _va_itching Stockpiling
Elasticity in Consur_npho Elasticity in 1st|Elasticity in late Elasticity
1st Week | Elasticity Week Weeks

Star-Kist -0.99 -0.27 -0.07 -0.01 -0.63
(100%) (28%) (7%) (1%) (64%)

CKN -0.97 -0.23 -0.06 -0.01 -0.67
(100%) (24%) (7%) (1%) (68%)

3 Diamond -1.33 -0.48 -0.31 -0.02 -0.52
(100%) (36%) (24%) (1%) (39%)

CTL -1.32 -0.45 -0.30 -0.03 -0.54
(100%) (34%) (23%) (2%) (41%)

Table 8. Decomposition of Price Elasticity for Lidpt Users (10 cents cut)

Total Price Total Brand Switchin¢ Brand Switching Stockpilin

Elasticity in|Consumptio| Elasticity in 1st|Elasticity in late EIastFi)cit 9

1st Week | Elasticity Week Weeks y

Star-Kist -0.82 -0.38 -0.07 0.00 -0.37
(100%) (46%) (9%) (0%) (45%)

CKN -0.59 -0.27 -0.06 0.00 -0.27
(100%) (45%) (11%) (0%) (45%)

3 Diamond -1.86 -0.91 -0.44 -0.05 -0.46
(100%) (49%) (24%) (2%) (25%)

CTL -1.51 -0.72 -0.36 0.00 -0.43
(100%) (48%) (24%) (0%) (29%)
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Appendix A. Reduce a Infinite-Horizon Problem to a Finite-Horizon Roblem

Our objective is to reduce the infinite-horizon problem in (1) to a&efinorizon problem.

First, we can replace the purchase and the inventory in genpd,_,, with the consumption at
current and all future periods, i.e,= Z ysandl = Zyt_lys The subscriptt” in y,  denotes
s=t s=t

the time of purchase, andg’“the time of consumption, and “t-1" iy,_, ; indicates that it is

quantity inherited from inventory at periad-1. Then we can rewrite (1) into

sup, B (W + Yo ) AOR ’a ysB_ (%JZ‘HZ Yosi* YSj)%

1

O E
ElDJ( tls+ yts+ h yss EJZ ysLH_ y: s+1( ytl,uj+ ytu ]++ ysu)glo-E

s= t+l
st |, = s
1 Z Yoot A1)
Youx= OU=s,k=1,.J
Sincef)j - <b<o, for all t andj, that is, the difference between the highest price of
and the observed price of prodycts finite, there exists a finite time perio@,, such that

households will not purchase at time t for the consumption of timer wllfu > T,, under the

condition that the cost from purchasing the product today and stockfolingpnsumption at

period T, is greater than the cost of having to buying the product at p&riadd consume it at

the same period (even with the highest price), i.e.,
T - L] -
A, +0§2v rg fy"p,)
IwHﬁ+%HQH

log(y)

In this caseyy,, ; =0, for allu>T,. That is, no household will purchase prodyicatt and hold it

(A.2)

i

as inventory for the consumption after perid
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Now let us consider the endogenous variales:, W11, ...}, that is, the inventory
inherited from period t-1 which will be used for future consumption W&t to show that there
exists a finite period’, such thay:.1,,= 0 for allu>T, .

0E U, (Whs) |

J

By assumption, marginal utility (i.es———="-| _,=a,W,'A;") is finite at zero

consumption level. Then there exist$,asuch that

T,
a |IIJ IIA\J- sz—t < quu—t
u=t

log(c)—logl W "A {1~y )+ c)
logy

This implies that a household will not stockpile current inventlryor the consumption after

(A.3)

0T,-t<

period T, due to the existence of its inventory cost and the discount rate.

LetT = max{T,, T,}. We can write a finite horizon problem equivalent to the infinite
horizon problem in (A.1):

sup, EU(g, * Y, )~ )\Dpﬁz YSH‘QEZ Zl Yosit Ysj)%

T T

O
E[Du(tlsﬂw e mpsﬁz ysﬂ-ca S ( Vauf Nurret ysu)glcg
=1 u=

s—t+l = s+l

st l1=Yet Yi-1,s
¥ukz0,u=s, k=1, ..., J (A.4)

Solutions ofy.; sandy; s, for alls>t, in (A.4) are equivalent to solutions in (A.1). Therefore, our

infinite horizon problem has been reduced to a finite horizon planning problem.
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Appendix B. Model Estimation (Simulated Method of Moments)

Based on the discussion that how solutions from a finite-horizon prabemquivalent
to an infinite one in the setting of our model, a natural way in mestk#ination is to use the
Method of Moments by matching the expected quantity purchased fratimgsdthe problem
with the observed purchases. The estimation procedure involves a nagbeithral for
estimating parameteis: an “inner” algorithm computes a simulated quantity purchased which
solves the problem in (10) for each trial valuedgfand an “outer” algorithm searches for the
value of® that minimize a criterion function. The inner algorithm is repkateery time when
0 is updated by the outer algorithm.

Procedures of the inner algorithm are the following: Given the donditdistribution
function of random variables®® F ([ X,), whereX; represents all explanatory variables that we
used in the model including marketing variables such as prices, pfedtures and displays, as
well as demographic variables like household size, income leva@teree type, female
employment status, we can solve the expected valugs, of, x,+;9,,....0,,; } from (10). That
is,

{X* s %™ OF e, Ot :I{Xf-rgg?‘)-(%}{problem in (L0)JF (de | X,) (B.1)

However, x * in (B.1) is non-tractable because of the non-negativity constraistead, we use
simulation method: for each househbldnd period, we drawg,,,,....£, ., from the distribution
functionF (0 X,,), wherensis the number of simulation draws. Conditional on each simulation
draw €, ., we solve a non-linear constrained optimization problem in (10) forotitinal
quantity purchased levels at timex(X,;6;€,, ), using a derivative search procedure called the

Sequential Quadratic Programming. In this method variables aréedpdaa series of iterations

beginning with a starting value that satisfies the constraints0). LetX, be the current value at

iterationn, the succeeding value i§,, = X, + pd, whered is a direction vector, and a scalar

29 Heree includes (i) all stochastic components in thetytfunction such as individual product preferené%sandr]h, (i) a
standard normal variable that relates to the iritizentory level | ho and (iii) discrete distributed stochastic varébielates to

the types ofd, a household has in the utility function.
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step length. The iteratex] are converging under some nice properties such as concavity of the
utility function. The procedure is repeated for every simulationvdiad hence generate a
simulated datek(X,;8) =(1/n9LY ” X %,:6;€,..). When the utility function is concave and

its Jacobian and Hessian matrices can be written down in @ahlgirms, convergence & is
fast.

The outer algorithm searches for the estim&@ar We make a major identifying
assumption that there are no unobserved characteristics in the *flibldetefore, there is no
endogeneity issue for marketing variables such as prices. Alihthug assumption can be
challenged, it solves the data problem as good instruments for waekhging prices are not

available. Under the identifying assumption, this yields a moment condition:
E[X, =X X;8,)] =0 (B.2)
where@ is the true parameters. The estim&pis obtained by the following non-linear least-

square estimator

H T

_ . _ 1 .
8, =argminQ, @ )= arg mmHTTh;Z ke — X %, © )] (B.3)

]m(C] 606

We use the Nelder-Meade (1965) nonderivative simplex method to sear8h Estimators
based on this moment condition are called the Simulated Method of M¢&MNt) estimators
(Pakes (1984), Pakes and Pollard (1989), McFadden (1989)). One major aghadniaimng the
SMM is thatns can be finite (even whems = 1) and we still obtain consistent estimators. This
helps to reduce the computational burden in model estimation. Our methodelicgys very
similar to Chan (2003). However, his model is to estimate mujpduct, multiple-unit
purchase decisions, while our model is to estimate the purchasersumption decisions over
multiple periods.

The following are the summary of our estimation procedures. Tiseyiatlude more

details of searching fok(X,;6;€,, ) .

30 More precisely, we assume that all product cheristics are either observed ones that we useeimtitlel, or included in the
household specific product preferences that weesiiimate. Also, we assume that there are no pronatactivities
unobserved in data are correlated with pricingsiens. We note that this is a typical implicit asgtion used in all dynamic
optimization empirical research so our estimatigihnd is no more restrictive than the others.
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(1) Draw € ,, ..., €, from the distribution functiof ([J X,,) for eachh andt. These are

saved to be used for the whole process of parameters seardfenglso fix a large

number forT 3!

(2) Starting from the inner algorithm. Given paramerand random draves, ,,..., € .

we solve the product choige under observed prices andj® under perceived costs of

purchasingp] using conditions (11) and (18 Conditional orp°, 0, Xntandlp, we can

then solve for simulated solutiongqrs o t<s< T, and restrict thq’ao-th row of X.. being

)”gjs o and 0 otherwise

(3) Now we are only left with endogenous variab]&s, Sht,...,ShT} in the problem (10). We

use numerical method to search for the optimal levgkaf3, ..., .} .
(4) The observed purchased quantiky; in the data is likely to be different from the
simulated quantityk., . To update the inventory level at ky; we use the observed data

Xht, conditional on the estimatgq. The updated inventory level is then used to compute

the optimal level dfX, ., Shm,...,ghm} for periodt+1. This methodology is similar to
the dynamic conditional moment in Gourieroux and Monfort (1996) since thevetdse
is used. They showed that this estimator is asymptotically consistent.

(5) For the outer algorithm we search for estim&prssing the moment condition in (B.3).
For this outer level of parameters search, we use the NeldsteM@mplex method. We

repeat procedures (2) to (4) for ed&ch

%1 TheoreticallyT can be estimated. In practice we Tixo be a large number so that the chance that holssewill hold the
inventory for consumption aftdris very small. For example, in our empirical asédyfor canned tuna categorys fixed as
t+12. This implies that households will not buy tungatiodt and plan to consume it at periods later than thresths. We
believe that this is a reasonable assumption.

1 G )
%2 Note thaf* andj° can be null sets imax{M} <1 or max{le—()A(} <1.
® " AR, " " Ap,
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