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ABSTRACT
Temporary price reductions (sales) are common for many goods and naturally result

in large increases in the quantity sold. In previous work we found tha the data
support the hypothesisthat theseincreases are, at least partly, dueto stockpiling. In
thispaper we quantify the extent of stockpiling and assessits economicimplications.
We construct and structurally estimate a dynamic modd of consumer choice using
two years of scanner data on the purchasing behavior of a panel of households. The
results suggest that static demand estimates, which neglect dynamics, may: (i)
overestimate own price elasticities by 30 percent; (ii) underestimate cross-price
elasticities to other products by up to a factor of 4; and (iii) overestimate the

substitution to the no purchase, or outside option, by up to 150 percent.
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1. Introduction

Many non-durable consumer products exhibit occasional short-lived pricereductions, sales.
In a previous paper (Hendel and Nevo, 2002) we documented purchasing patterns in the presence
of sales, at the household and the store level. We argued that these purchasing patterns are due, at
least partly, to stockpiling. When prices go down consumers buy for future consumption.
Stockpiling hasimplicationsfor theinterpretation of demand estimates of sorableproducts. Inthis
paper, we present a dynamic model of household behavior. Our model captures the main features
faced by thehousehold: variationin pricesover time, which createincentivesto store, several closely
related brands, non-linear pricing and promotional activities like advertising and display. We
structurally estimatethe model in order to study the economic implications of stockpiling behavior.

Estimation of demand in industries with differentiated productsis a central part of applied
industrial organization. Recent papersin the academic literature have studied avariety of industries
including automobiles, retail products and computers (Bresnahan, 1987; Hausman, Leonard and
Zona, 1994; Berry, Levinsohn and Pakes, 1995; Hendel, 1999; Nevo, 2001; aswell asmany others).
Virtually all the applications (including our ownwork) have neglected dynamics. The estimationis
performed assuming that the demand for the product is independent of the history. We propose a
framework to incorporate the dynamics dictated by stockpiling into the estimation of demand for a
storable product. Our goal is assess and quantify the implications of stockpiling on demand
estimation. In particular, we am to compare the estimates we obtain from adynamic model to those
achieved by the standard static methods.

In most demand applications (e.g., merger analysis or computation of welfare gains from
introduction of new goods) we want to measure responses to long run changesin prices. In contrast,
static demand estimation methodswill missthetarget for two reasons: First, by neglecting dynamics
these model are misspecified. They do not correctly control for the relevant history like past sales
and prices, andinventories. Second, evenadding all theright control sstatic estimation would capture

reactions to short run price movements, which confound the long run price effect we are after with



ashort run stockpiling effect.? A simple back of the envelope calculation presented in Hendel and
Nevo (2002) showsthat neglecting dynamics may significantly overstate price sensitiveness.

Stockpiling hasalsoimplicationsfor how sa esshould betreatedintheconsumer priceindex.
If consumers stockpile, then ignoring the fact that they can substitute over time will yield a bias
similar to the bias generated by ignoring substitution between goods as relative prices change
(Feenstra and Shapiro, 2001). A final motivation to study stockpiling behavior, is to understand
sellers’ pricing incentives when products are storable.

In a previous paper (Hendel and Nevo, 2002) we documented buying patterns at the
household and store level which are consistent with the predictions of a stockpiling model (see
detailsin Section 2.3).2 Since we (i) ignored many of the important aspects of the market (in order
to get testabl e predictions) and (ii) did not attempt to estimate themode structurdly, wewereunable
to assess the economic implications detailed above.

In this paper we structurally estimate a model of household demand. Households face
uncertain future prices. In each period a household decides how much to buy, which brand to buy
and how much to consume. These decisions are made to maximize the present expected value of
future utility flows. Households purchase for two reasons: for current consumption and to build
inventories. Consumersincrease inventories when the difference between the current price and the
expected future priceislower than the cost of holding inventory.

In order to estimatethe model we useweekly scanner dataon laundry detergents. These data
were collected using scanning devicesin nine supermarkets, belonging to different chains, in two
sub-markets of a large mid-west city. In addition we follow the purchases of roughly 1,000
households over a period of 104 weeks. We know exactly which product was bought, where it was
bought, how much was paid and whether a coupon was used. We also know when the househol ds

visited a supermarket but decided not to purchase a laundry detergent.

2This point has been made by Erdem, Imai and Keane (2003). See there for a comparison of short run and long
run elasticities. Below we relate our work to theirs.

3pesendorfer (2002) also finds evidence that is consistent with stockpiling.

3



Thestructural estimation followsthe* nested algorithm” proposed by Rust (1987). Wehave
to make two adjustments. First, inventory, one of the endogenous state variables, is not observed
by us. To addressthis problem we generate an initial distribution of inventory and updateit period
by period using observed purchases and the (optimal) consumption prescribed by the model.
Second, the state space includes prices (and promotional and advertising variables) of all brandsin
all sizesand thereforeistoo largefor practical estimation. In order to reducethedimensiondity, we
use the stochastic sructure of the modd to show that the probability of choosing any brand-size
combination can be separated into the probability of choosing a brand conditional on quantity, and
the probability of choosing quantity. Furthermore, the probability of choosing a brand conditional
on guantity doesnot depend in our modd on dynamic considerations. Therefore, we canconsistently
estimate many of the parameters of the model without solving the dynamic programming problem.
We estimate the remaining parameters by solving a nested algorithm in a much smaller space,
considering only the quantity decision. This procedure enables usto estimateavery general model,
allowing for alarge degree of consumer heterogeneity and nests sandard satic choice models. We
discussbel ow the assumptions necessary to validate this procedure, whichwe believe are natural for
the product in question, as well as the limitations of the method.

Our results suggest that ignoring the dynamics can have strong implications on demand
estimates. By comparing estimates of the demand el asticities computed from a static model and the
dynamic model wefind thefollowing. First, the static model overestimates own price dasticities by
roughly 30 percent. Second, the staticmodel underestimate cross-price € asticitiesto other products.
The ratio of the static cross price elasticities to those computed from the dynamic model is aslow
as0.22. Third, the estimatesfrom the static model overestimate the substitution to the no purchase,
or outside option, by up to 150 percent. Theseimply that if theastandard analysisisbased on static
elasticity estimatesit will underestimate price-cost marginsand under predict theeffectsof mergers.

Before we proceed we quantify the potential gains from dynamic behavior for the type of
products we study. By quantifying the potential gains we want to get a sense of the incentives to

stockpilegenerated by the observed price fluctuations. To do so we compare the actual anount paid



by each household in the data to what they would have paid, for the same bundle of products, if
prices were drawn randomly from the distribution of prices observed in the same locations they
shopped. This is only an approximation which might underestimate the potential gains from
exploiting salesbecauseit takes actual behavior asfully optimal, while some consumers might have
acost to fully optimizing and therefore rationally decide to not fully exploit the gainsfrom sales. On
the other hand by keeping the purchased bundle constant it may overestimate the gains. In our data
the average household pays 12.0 percent less for detergentsthan if they were to buy the exact same
bundleat the average price. Replicating the exercise across other productswefind an average saving
of 12.7 percent.* Some households save little, i.e, they are essentially drawing prices a random,
while others save alot (the 90" percentile save 23 percent). Assuming savingsin the 24 categories
we examine represent saving in groceries in general, the total amount saved by the average
householdin our sample, over two years, is500 dollars (with 10" and 90" percentiles of 150 and 860
dollars, respectively). These numbers show non-negligible incentives for households to time their

purchases.

1.1 Literature Review

There are several empirical studies of salesin the economics literature. Pesendorfer (2002)
studies sales of ketchup. He shows that in his model the equilibrium decision to hold a saleis a
function of the duration since the last sale. His empirical andys's shows tha both the probability
of holding a sale and the aggregate quantity sold (during asale) are afunction of the duration since
the last sale. Hosken et al. (2000) study the probability of a product being put on sale as afunction
of its attributes. They report that sales are more likely for more popular products and in periods of
high demand. Warner and Barsky (1995), Chevalier, et al. (2003) and MacDonald (2000) al so study
the relation between seasonality and sales. The effect we study complements the seasondity they

focuson. Thesameisalsotruefor Aguirregabiria(1999), who studiesretail inventory behavior. His

“This is for the 24 products in our data set. These products account for 22 percent of their total grocery
expenditure.



paper is about firm’'sinventory policy and its effect on prices, while our focus is on consumers
inventory policies given the prices they face. Boizot et. al. (2001) study dynamic consumer choice
with inventory. They show that duration from previous purchase increases in current price and
declinesin past price, and quantity purchased increases in past prices.®

Theclosest paper to oursisErdem, Imai and Keane (2003). They werethefirst to structurally
estimateaconsumer inventory model inthe economicsliterature.® They construct astructural model
of demand in which consumers can store different varieties of the product. To overcome the
computational complexity of the problem they assume that all brands are consumed proportiondly
to the quantity in storage. Together with the assumption that brand differences in quality enter
linearly in the utility function this implies that only the total inventory and a qudity weighted
inventory matter as state variables, instead of thewhole vector of brand inventories. The estimation
method used by Erdem et. a. is more computationally burdensome, but more flexiblein modeling
of unobserved product heterogeneity. Our method can, in practice, moreflexibly control for observed
heterogeneity, and due to the computational smplicity can handlealarger choice set. Modeling and
estimation differences between their method and our method render each better suited for different
applications. In particular, with current computational constraints their method would be difficult
to apply in the industry we study. In addition to the modeling and computational differences we
differinthefocus. Their focusison therole of price expectations and differences between short run
and long run price responses. To evaluate the role of expectations, they compare consumers
responses’ to price cuts, both allowing for the price cut to affect future price expectations, and
holding expectationsfixed. I nterestingly, they areableto separate the price and the expectation effect
of a sale on demand. They also use the estimates to simulate consumer responses to short run and

long run pricechanges. In contrast, our interest isincomparing long run el asticitiesto those obtained

SThereisalsoa large marketing literature on the effects of sales, or more generally promotions, which we do
not try to survey here. See Blattberg and Neslin (1990) and references therein.

%11 the marketi ng literature there were attempts to estimate an inventory model in a very rudimentary set up,

for example assuming consumption is constant (e.g. Gonul and Srinivassan, 1996). In the economics literature Boizot
et. al. (2001) estimated the implications of an inventory model, but not the model itself.
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through standard static methods. We compare the models in more detail in Section 4.

2. Data, Industry and Preliminary Analysis
2.1 Data

Weuseascanner data set that hastwo components, store and household-leve data. Thefirst
was collected using scanning devices in nine supermarkets, belonging to different chains, in two
separae sub-marketsin alarge mid-west city. For each detailed product (brand-size) in each store
in each week we know the price charged, (aggregate) quantity sold and promotional activities that
took place. The second component of the data set is at the household-level. We observe the
purchases of roughly 1,000 households over a period of 104 weeks. We know when a household
visited a supermarket and how much they spent each visit. The data includes purchases in 24
different product categoriesfor whichweknow exactly which product each househol d bought, where
it was bought, how much was paid, and whether a coupon was used.

Table 1 displays statistics of some household demographics, characteristics of household
laundry detergents purchases (the product we focuson below) and storevisitsingeneral. Thetypical
(median) household buys an single container of laundry detergent every 4 weeks. This household
buys three different brands over the 104 weeks we observe purchases. Since the household-level
brand HHI is roughly 0.5 the purchases are concentrated at two main brands, which differ by
household (because as we will see be ow the market-level shares are not as concentrated). Findly,
thetypical household buys mainly at two stores, with most of the purchases concentrated a asingle

store.

2.2 The Industry

We focus on laundry detergents. Laundry detergents come in two main forms: liquid and
powder. Liquid detergentsaccount for 70 percent of the quantity sold. Unlike many other consumer
goodsthere arealimited number of brands offered. The shareswithin each segment (i.e, liquidand

powder) are presented in the first column of Table 2. The top 11 brands account for roughly 90



percent of the quantity sold.

Most brand-size combinations have aregular price. In our sample 71 percent of the weeks
thepriceisat themodal level, and aboveit only approximately 5 percent of thetime. Definingasale
asany price a least 5 percent below the mode! price of each UPC in each store,” we find that in our
sample 43 and 36 percent of the volume sold of liquid and powder detergent, respectivdy, was sold
during asale. Themedian discount during asaleis40 cents, the averageis 67 cents, the 25 percentile
is 20 cents and the 75 percentile is 90 cents. In percentage terms the median discount is 8 percent,
the average is 12 percent, and the 25 and 75 percentiles are 4 and 16 percent, respectively. Aswe
can seein Table 1, there is some variation across brands in the percent quantity sold on sale.

Detergentscomein severa different sizes. However, aout 97 percent of thevolumeof liquid
detergent soldwassoldin5 different sizes? Sizesof powder detergent arenot quite as standardized,
and have small deviations across the sizes of liquid detergents. Pricesarenon-linear insize. Table
3 showsthe price per 16 oz. unit for several container sizes. Thefiguresare computed by averaging
the per unit pricein each store over weeks and brands. The numbers suggest a per unit discount for
thelargest sizes. Thefiguresin Table 3 are averaged across different brands and therefore might be
slightly misleading since not all brands are offered in all sizesor at all stores. We, therefore, also
examined the pricing patterns for specific brands and essentially the same patterns emerged.

Thefiguresin Table 3 average across saleand non-sale periods. Therefore, in principle, the
pattern observed in the first column of Table 3 could be driven by more (and/or larger) salesfor the
larger sizesinstead of quantity discounts. Indeed columns 2 through 5 of Table 3 confirms that the
larger sizeshavemorefrequent salesand larger discounts. However, these are not enoughto explain

theresultsinthefirst column. Indeed the quantity discounts can also befoundinthe*regular”, non-

"Thisdefinition of asale would not be appropriatein cases wherethe “regular” price shifts, due to seasonality,
or any other reason. Thisdoesnot seem to be the case in thisindustry. Furthermore, the definition of asale only matters
for the descriptive analysisin this section. We do not use it in the structura econometric analysis below.

8T owardsthe end of our sample Ultra detergents wereintroduced. These detergents are more concentrated and

thereforea 100 oz. bottleisequivalent to a128 oz. bottle of regular detergent. For the purpose of the following numbers
we aggregated 128 oz. regular with 100 oz. Ultra, and 68 oz. with 50 oz.
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sale, price.

Our data records two types of promotional activities: feature and display. The feature
variable measures if the product was advertised by the retailer (e.g., in aretailer bulletin sent to
consumers that week.) The display variable capturesif the product was displayed differently than
usual within the store that week.® The correlation between a sale, defined as a price below the
modal, and being featured is 0.38. Conditional on being on sale, the probability of being featured
is less than 20 percent. While conditional on being featured the probability of a sale is above 93
percent. The correlation with display is even lower at 0.23. However, thisisdriven by alarge
number of times that the product is displayed but not on sale. Conditiona on a display, the
probability of asaleisonly 50 percent. If we define a sale as the price less than 90 percent of the

modal price, both correlati onsincrease slightly, to 0.56 and 0.33, respectivey.

2.3 Preliminary Analyss

In this section we summarize the preliminary analysis that suggests that stockpiling is a
relevant phenomenon. Thisanalysisis described in detail in Hendel and Nevo (2002). There we
present amodel similar to the one below, but ignore two important features of the data: non-linear
pricing and product differentiation. We use the model to derive predictions regarding observed
variables and test these predictions in the data.

Theresults support themodel’ s predictionsin thefollowingways. First, using theaggregate
data, we find that duration since previous sale has a positive effect on the aggregate quantity
purchased, both during sale and non-sde periods.’® Both these effects are predicted by the model
since the longer the duration from the previous sale, on average, the lower the inventory each
household currently has, making purchase more likely. Second, we find that indirect measures of

storage costs are negatively correlated with households' tendency to buy on sale. Third, both for a

®These variables both have several categories (for example, type of display: end, middle or front of aisle). We
treat these variables as dummy variables.

Opesendorfer (2002) also finds that duration from previous sale affects demand during sales.
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given household over time, and across househol ds, wefind asignificant difference, between saleand
non-salepurchases, in both duration from previous purchase and durationto next purchase. In order
to take advantage of thelow price, during asale househol ds buy at higher levels of currentinventory.
Namely, duration to previous purchase is shorter during a sale. Furthermore, during a sale
households buy more and therefore, on average, it takeslonger until the next time their inventory
crossesthethreshold for purchase. Fourth, even though we do not observe the household inventory,
by assuming constant consumption over time we can congtruct a measure of implied inventory. We
find that this measure of inventory is negatively correlated with the quantity purchased and with the
probability of buying. Finally, we find that the pattern of sales and purchases during sales across
different product categoriesis consistent with the variation in storage costs across these categories.
All thesefinding are consistent with the predictions of the inventory model.

Inthe presenceof stockpiling, standard demand estimation which neglectsinventory behavior

may be misleading. Our goal below isto get precise estimates of the magnitude of these effects.

3. TheModel
3.1 The Basic Setup

We consider amodel in which a consumer, h, obtains the following per period utility

U(Chp Vi 0p) + 0tymy,

where c,, isthe quantity consumed of the good in question, v, isashock to utility that changesthe
current marginal utility from consumption, 6, isavector of consumer-specifictaste parameters, m,,
is utility from the outside good, which is multiplied by the margind utility of income, «,. The
stochastic shock, v,,, introduces randomnessinthe consumer’ s needs, unobserved to the researcher.
For simplicity we assume the shock to utility is additive in consumption,
u(c,,v,:0,) =u(c, +v,:0,). High redizations of v, decrease the household's need, decrease
demand and making it more elastic. The product is offered in J different varieties, or brands. The
consumer faces random and potentially non-linear prices.

The good is storable. Therefore, the consumer at each period has to decide which brand to
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buy, how much to buy and how much to consume.™* Quantity not consumed is stored as inventory.
Inthe estimation we assumethat the purchaseamount, denoted by x,, issimply achoiceof size(i.e.,
the consumer chooses which size box and not how many boxes). We denote a purchase of brand |

=1.22Wedenote

andsizexhby dhjxt =1, where x = 0 standsfor no purchase, and we assume Z:J . dhjxt

by Pt the price associated with purchasing x units (or size x) of brand j. The consumer's problem
can be represented as
"Qy) = max E O'E {u(cht’ Vs 0,) Gy, + z:j dhjxt(“hpjxt + 8t B ehjxt)' Qo]
{Cppdyd 10
st. 0<iy, O<c,, O<x,, Y  d, =1 @
Uy =T gy ¥ X~ iy
where Q denotestheinformation at timet, 6>0 isthe discount factor, C, (i,,) isthe cost of storing
inventory, Ehjx isataste of brand j that could be a function of brand characteristics, sze and could
vary by consumer, Bhajxt captures the effect of advertising variables on the consumer choice, and
€ et is a random shock that impacts the consumer’s choice. Notice, the latter is size specific,
namely, different sizes get different draws introducing randomness in the size choice as well. In
equation (1) we want to emphasize that all functions are allowed to vary by household (as we will
see in theresults section). In order to simply notation we drop the subscript h in what follows.
Theinformation set at timet consists of the current (or beginning of period) inventory, 7,_, ,
current prices, the shock to utility from consumption, v,, and thevector of € ‘s. Consumersfacetwo

sources of uncertainty: future utility shocks and random future prices. We assume the consumer

knows the current shock to utility from consumption, v,, which are independently distributed over

Y nstead of making consumption a decision variable, we could assume an exogenous consumption rate, either
deterministic or random. Both these alternative assumptions, which are nested within our framework, would simplify the
estimation. However, we feel it isimportant to allow consumption to vary in response to prices since thisis the main
alternative explanation to why consumers buy more during sales, and we want to make sure that are results are not driven
by assumingitaway. Moreover, reduced formresultsin Hendel and Nevo (2002) suggest consumption effects are present
in the data.

21y our data more than 97 percent of the purchases are for a single unit. In principle our model could allow
for multiple purchases, but we do not believe thisis an important issue in this industry.
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time. Prices are (exogenoudy) set according to afirst-order Markov process, which we describein
Section 4. Finaly, the random shocks, €,,, are assumed to be independently and identically
distributed according to atype | extreme value distribution. We discuss in detail the model, its
limitations and comparison to alternative methods in Section 4.3.

Notice that product differentiation as it appearsin equation (1) takes places exclusively at
the moment of purchase. Taken literally, product differences affect the behavior of the consumer at
the store but different brands do not give different utilities at the moment of consumption. This
assumption hel psreduce the state space. Instead of the wholevector of inventories of each brandwe
only need to keep track of total quantity in inventory, regardless of brand.

Thisassumptionis consistent with amore general model of differentiation in consumption
aslong astwo conditionshold. The conditions needed arelow discounting, whichisvery reasonable
in our application given that we are using weekly data, and brand-specific differencesin the utility
from consumption enter linearly in the utility function. We discuss these conditions in more detall

in Section 4.3.1.

4. Econometrics

The structural estimation is based on the nested algorithm proposed by Rust (1987), but has
to deal with issues specia to our problem. We start by providing a general overview of our
estimation procedure and then discuss some of the more technical details.
4.1 An overview of the estimation

Rust (1987) proposes an algorithm based on nesting the (numerical) solution of the
consumer’ s dynamic programming problem within the parameter search of the estimation. The
solution to the dynamic programming problem yields the consumer’ s deterministic decision rules,

i.e., for any vdue of the state variables the consumer’s optimal purchase and consumption.

By principle, we can deal with the case where utility shocks, v, are correlated over time. However, this
significantly increases the computational burden since the expectation in equation (1) will also be taken conditional on v,
(and potentially past shocks as well). Also, in Section 4 we will show how we can allow for a higher order Markov
process in prices.
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However, since we do not observe the random shocks, which are state variables, from our
perspective the decision rule is stochastic. Assuming a distribution for the unobserved shocks we
derive a likelihood of observing the decisions of each consumer (conditional on prices and
inventory). We nest this computation of the likelihood into anon-linear search procedure that finds
the values of the parameters that maximize the likelihood of the observed sample.

We face two main hurdles in implementing the above algorithm. First, we do not observe
inventory since both the initial inventory and consumption decisions are unknown. We ded with
the unknown inventories by using the model to derive the optimal consumption in the following
way.”* Assume for a moment that the initial inventory is observed. Therefore, we can use the
procedure described in the previous paragraph to obtain the likelihood of the observed purchases,
and the optimal consumption levels (which will depend on v), and therefore the end-of-period
inventory levels. For each inventory level we can again use the procedure of the previous paragraph
to obtain the likelihood of the next period observed purchase. Repeating this procedure we obtain
thelikelihood of observing thewhol e sequence of purchasesfor each househol d. In order to start this
procedure we need avaluefor theinitial inventory. The standard procedure isto use the estimated
distribution of inventoriesitself to generate the initial distribution. In practice we do so by starting
at an arbitrary initial level, and using part of the data (the first few observations) to generate the
distribution of inventoriesimplied by the model.

Formally, for a given vdue of the parameters the probability of observing a sequence of

purchasing decisions, (d,,...,d;) asafunction of the observed state variables, (p,,.....p;) is

Pr(d,..d,|p,..p,) = f ]:[Prd|pt, @,V V1,80),V )AF(Y .9 ) dF (). )

Note that the beginning-of-period inventory is a function of previous decisions, the previous

consumption shocks and the initid inventory. Note also that p includes more information than

14 Alternatively, we could assume that weekly consumption is constant, for each household over time, and
estimate it by the total purchase over the whole period divided by the total number of weeks. Results using this approach
are presented in Hendel and Nevo (2002).
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prices, for instance, promotional activities. The above probability implicitly incorporates the first
order Markov assumption on prices and the independence (over time) assumptions onv and €.
Given the assumption that e 3 follows ani.i.d. extreme value distribution,

exp(ocpjxt +E, +Pa,,+ maxct{u(ct +v)-C(@i)+8EV(RQ,,, ;dt,ct,pt)}>
%x: exp(apkxt +E, +PBa,,+ maxct{u(ct +v)-C(i) +8EV(R,,,;d,.cC,, pt)}> 3

where EV(") is the expected future value given today’ s state variables and today’s decisions. Note

Pr(d)|p,si, V) =

that the summation in the denominator is over all brands and all sizes.

The second problemisthedimensionality of the state space. If therewereonly afew brand-
size combinations offered at a small number of prices, then the above would be computationdly
feasible. In the data, over time, households buy severd brand-size combinations, which are offered
at many different prices. The state space includes not only the individua specific inventory and
shocks, but also the prices of all brandsin all sizesand their promotional activities. The state space
and the transitions probabilities across states, in full generality, make the above standard approach
computationally infeasible.

Wetherefore propose the following three-step procedure. Thevalidity and limitations of the
method are detailed in the next section. The first step, consists of maximizing the likelihood of
observed brand choice conditional on the size (quantity) bought in order to recover the marginal
utility of income, o, and the parameters that measure the effect of advertising, p and £’'s. Aswe
show below, we do not need to solve the dynamic programming problem in order to computethis
probability. We estimate alogit (or varying parameters logit) model, restricting the choice set to
optionsof the same size (quantity) actually bought in each period. Thisestimation yields consistent,
but potentidly inefficient, estimates of these parameters. In the second step, using the estimates
from the first stage, we compute the “inclusive values’ for each size (quantity) and their transition
probabilities from period to period. This allows us, in the final step, to apply the nested agorithm
discussed above to a smplified problem in order to estimate the rest of the parameters. The
simplified probleminvol vesquantity choicesexclusively. Rather than havingthe state spaceinclude

pricesof dl available brand-sze combinations, itincludesonly asingle “price’, or inclusive value,
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for each size. For the productswe study thisisaconsiderablereduction in the dimension of the state
gpace. Finally, we goply the nested algorithm discussed above to the simplified dynamic problem.
We estimate the remaining parameters by maximizing the likelihood of the observed sequence of
sizes (quantities) purchased.

Intuitively, the logit structure enables the decomposition of theindividual choicesinto two
componentsthat can be separately estimated. First, at any specific point in time, when the consumer
purchases a product of size x, we can estimate her preferences for the different brands. Second, we
can estimate the key parameters that determine the dynamic (storing) behavior of the consumer by
looking at asimplified version of the problem, which treats each size as a single choice.

4.2 The Three Step Procedure

We now discuss the details of the estimation. We show that the break-up of the problem
follows from the primitives of the modd, namely, it is consistent with the problem, not an
approximation.

4.2.1 Sep 1: Estimation of the “ Static” Parameters

Inthefirst step, we estimate part of the preference parameters using a static model of brand
choice conditional on the size purchased. We now show that the static estimation is valid in the
context of our model.

The probability in equation (2) can be used to form alikelihood, but it requires solving for
EV(-), which implies solving the dynamic programming problem. Instead, we use a simpler
approach. We can write

Prd|p,,i,_,,V) EPr(djt =1,x|p,,i,_,,V) =Pr(djt= lp,,x,i,_,v)Pr(x,|p,,i,_{»V).
In general, this does not help us since we need to solve the consumer’s dynamic programming

problem in order to compute Pr(djt =1|p,x,.i

»1,_1»V,). However, given the primitives of our model,

BWe are aware of two instances in the literature where a similar idea was used. First, one way to estimate a
static nested logit model isto first estimate the choice within a nest, compute the inclusive value and then estimate the
choiceamong nests using the inclusivevalues (Train, 1986). Second, in adynamic context asimilar ideawas proposed
independently by M elinikov (2001). Inhis model (of purchase of durable products) the value of all future options enters
the current no-purchase utility. He summarizes this value by the inclusive value.
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conditional on the size purchased the optimal consumption is the same regardless of which brand
ischosen (see proof inthe Appendix). Sincethe brand of the inventory does not affect future utility,
i.e, EV(Q,,;3d,=1x,c)=EV(Q,, ;;x,c,), thentheterm maxct{u(ctwt) —C(i)+dEVQ,, ;3d =1 ,xt,ct)}
isindependent of brand choice, thus, after the appropriate cancellations in equation (3) we obtain

eXp(Oijxt + Ekx + Bakxt> :Pr(d =1 |x p)
'jt Lt

Zk: eXP(“pkxt ot Bakxt)

Pr(d, =111, 2y v) -

where the summation is over al brands available in size x, at time t. Thus, we can factor the
probability in equation (2) into the probability of observing the brand choices and the probability of
observing the sequence of quantity (size) choices.

Our approach isto estimate the margina utility of income, the vector of parameters § and
the parameters that enter & i by maximizing the product, over time and households, of
Pr(djt =1|p,x,). To compute this probability we do not need to solve the dynamic programming
problem, nor do we need to generatean inventory series. Thisamountsto estimating abrand choice
logit model using only the choices with the same size as the size actually purchased. Next, we
estimate the rest of the parameters of the model by maximizing the likelihood of observing the
sequence of quantity purchases by each household.

4.2.2. Sep 2: Inclusive Values

In order to compute the likelihood of a sequence of quantity purchases we show, in the next
section, that we can simplify the state space of the dynamic programming problem. In order to do
S0, in the second step, using the estimates from the first stage, we compute the “inclusive values’
for each size (quantity) and their transition probabilitiesfrom period to period. Below we show how
theseinclusive values areused. Theinclusive valuefor each sze

W, = log{zk exp(ap ot B Ba,m)}. (4)
can be thought of as a quality adjusted price index for al brands of size x. All the information
needed to computetheinclusivevaluesand their transition probabilitiesis contained inthe estimates
from the first stage. Note, tha since the parameters might vary with consumer characteristics the

inclusive values are consumer specific.
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Aswe show below the original problem can be written such that the state space collapsesto
asingleindex per size, therefore reducing the computational cost. For example, instead of keeping
track of the pricesof ten brandstimesfour sizes (roughly the dimensionsin our data), we only have
tofollow four qudity adjusted prices. Weassumethat theinclusivevaluesfollow aMarkov process
and estimate, using the results of step one, the following transition

Pr®, ,.0g @) yesg, 1) =
N 10+ Y1y @y g * oo+ Y1 051500 NV gp + Yy @y oy e + Y gg®g,1Og)
where Sisthe number of different sizes and N(:,-) denotes the normal distribution.

This transition process is potentially restrictive, but can be generalized (for example, to
include higher order lags) and tested in the data. The main lossisthat transition probabilities have
to be defined in a somewhat limited fashion. Two price vectors that yield the same vector of
inclusivevalueswill havethe sametransition probabilitiesto next period state, whileamore general
model will allow theseto be different. Inreality, however, we believethisis not abig loss ance it
isnot practical to specify a much more general transition process.

4.2.3 Sep 3: The Smplified Dynamic Problem

In the third, and final, step we feed the inclusive values, and the estimated transition
probabilities, into the nested al gorithm to compute thelikelihood of purchasingasize(quantity). We
now justify this step.

The dynamic problem defined in equation (1) has an associated Bellman equation

V(lt—l’p t’et’vt) -

Max {u(ct+vt) -CG@) +Z:j,x djxt(ap jxt+£jx + Bajxt+ejxt) +3E {V(it,p t+1’et+1’vt+1>| AP t’et’vt’ct’xt’djt]}'

{epdy}

Notethat sinceboth € and v areidentically and independently distributed, and the choice of brand
j does not affect future utility, then we can write E[V(itpt+1,et+l,vt+l)|it_l,pt,ct,xt}. Moreover,
consumption and purchases, ¢, and x,, affect future expected utility only through i . Thus we can
rewritethis expectation asafunction of current pricesandinventory exclusively, namely EV(i,p,).

Using the independence of € ,vand p
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EVlip )=

| [ Max fu(e,+v)-C)+ Y, dfop,, +E, + Bajxt+ejxt)+6EV(it+1,pt+1)}]dF(e)dF(v)dF(pt+1|pt).

{cpd,}

By Lemmal (inthe Appendix) optimal consumption depends on the quantity purchased but not of
the brand chosen; thenMax, u(c,+v,) - C(i) + 8EVi,.,.p,.,) varies by size, x, but is independent of

choice of brand j. Therefore,

EVinp,)=
f {Max( E_],x th(ap Jxt E-‘Jx + [3 ]xt ]xt) +Max{ u(ct + vt) B C(it) +0F V(it+ 1’pt+ 1)})

xpdy

dF(e)dF(v)dF(p,,,p,),

which is equal to (McFadden, 1981)

| log( » exp( 0D Bt Mare{ue )~ C) + 6EV(it+1,pt+1>}) ) dFW)dF(p,. ).
Jx ¢
Using the definition of theinclusivevalues given in equation (4) thislast expression can be written

as

[ log( ) exp( @+ Max ue;+v) ~Cli) + 6EV(it+1,_pt+1)) ) dF)dF(p,. p).

Furthermore, if we assume, aswe did above, that the transition probabilities, F(p,, , |p,) can befully
summarized by F(w,,,|w), then EV(") can be written as afunction of w, and i, instead of (p, and
i).

Using this result and substituting the definition of the inclusive value into equation (3) we
can write
v exp( + Max {u(c +v)-C(i) +8EV (i, ,w, xt,ct)})
! E exp( T Max, {u(c +v,)-C() + 6EV(zt+1(ot;xt,ct)}).

Pr(x|i,_,p,v)=Pr(x,li_,w

It isthisprobability that we useto construct alikelihood function in order to estimate the remaining
parameters of the model.
Thelikelihood isafunction of the value function, which despite the reduction in the number

of statevariables, isstill computationally burdensometo solve. To solvethe dynamic programming
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problem we use value function approximation with policy function iteration. We closely follow
Benitez-Silva et. al. (2000) where further details can be found. Briefly, the algorithm consists of
iterating the alternating steps of : policy evaluation and policy improvement. The vadue function is
approximated by a polynomial function of the state variables. The procedure starts with a guess of
the optimal policy at afinite set of pointsin the state space. Given this guess, and substituting the
approximation for both the value function and the expected future value, one can use |least squares
to solve for coefficients of the polynomial that minimize the distance (in a least squares sense)
between the two sides of the Bellman equation. Next the guess of the policy is updated. It is done
by finding for every state the action that maximizes the sum of current return and the expected
discounted value of the value function. The expected value is computed using the coefficients
computed in the first step and the expected value of the state variables. We perform this step
andytically. Thesetwo stepsareiterated until convergence (of the coefficients of the approximating
function). The output of the procedure is an approximating function that can be used to evaluate the
value function (and the expected value function) a any point in the state space. See Betrsekas and
Tsitsiklis (1996) and Benitez-Silva et. al. (2000) for more details on this procedure, as well asits

convergence properties.

4.3 Discussion

In this section wediscussthelimitationsand advantages of our method, aswell asalternative
methods. Before doing so we address what features of the data identify the model.

Theidentification of the static parametersisthe standard one. Variation over timein prices
and advertising enable the estimation of household’'s sensitivity to price and to promotional
activities, namely identification of « and 3. Aswe pointed out in Section 2.2, sales are not perfectly
correlated with feature and display activity and therefore the effects can be separately identified.
Brand and size effects are identified in the first stage from variations in shares across products.

Household heterogeneity in the stati c parametersiscaptured by making the sensitivity to promotional
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activities, brand and size effects functions of household demographics.

Theidentification of thedynamic parameters, estimated inthethird stage, ismoresubtle. The
third stage involves the estimation of the utility and storage cost parameters that maximize the
likelihood of the observed sequence of quantities purchased (containers sizes) over the sample
period. If inventory and consumption were observed then identification would follow the standard
arguments (see Rust, 1996 and Magnac and Thesmar, 2002). However, we do not observeinventory
or consumption so the question is what feature of the data allows us to identify functions of these
variables?

The data tells us about the probability of purchase conditional on current prices (i.e., the
current inclusive values), and past purchases (amounts purchased and duration from previous
purchases). Suppose that we see that this probability is not a function of past behavior, then we
would conclude that consumers are purchasing for immediate consumption and not stockpiling. On
the other hand, if we observe that the purchase probability is a function of past behavior, and we
assume that preferences are stationary then we conclude that there is dynamic behavior. Consider
another example. Suppose we observe two consumers who purchase the same amount over agiven
period. However, one of them purchases more frequently than the other. Thisvariationwill lead us
to conclude that this consumer has higher storage costs.

Theseare just two examples of the type of variation in the datathat allows usto identify the
parameters. Our model extends these ideas. Given the process of the inclusive values, the pair:
preferences and storage costs determine consumer behavior. For a given storage cost function,
preferences determine the level of demand. In contragt, given preferences, different storage costs
levels determine inter-purchase duration and the extent to which consumers can exploit price
reductions. Higher storage costs reduce consumers' ability to benefit from sales and make the
average duration between purchases shorter. In the extreme case of no storage (i.e., a very high
storage cost), inter-purchase duration depend exclusively on current prices, since the probability of
current purchase isindependent of past purchases. This suggests asimple way to test therdevance

of stockpiling, based ontheimpact of previous purchaseson current behavior (seeHendel and Nevo,
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2002, for details). Preferences and storage costs areidentified from the rel ation between: purchases,
prices and previous purchases. Indeed to evaluate the fit of the model we will compare the
predictions of the model to the observed inter-purchase duration.

The split between the quantity purchased and brand choice provides some insight into the
determinantsof demand elasticities. Therearetwo setsof parametersthat determine priceresponses.
On the one hand, the static parameters recovered in stage one, determine the substitutability across
brands, namely brand choice. On the other, the utility and inventory cost parameters, recovered in
stage three, determinethe responsivenessto pricesinthe quantity dimension. Both sets of estimates
are needed to simulate the responsesto price changes.

The above procedure provides (i) an intuitive interpretation of the determinants of
substitution patters and (ii) an approximation, or a shortcut, to separate long run from short run
prices responses. The basic insight isthat in order to capture responses to long run price changes —
asalfirst approximation—one should estimatedemand at theindividual level, conditional onthesize
of the purchase. This approximation might prove helpful when thefull model istoo complicated to
estimate or the data is insufficient. Monte Carlo experiments will help us assess whether thisis a
useful shortcut to improve demand el asticities estimates.

We discuss next the merits and limitations of the proposed approach, vis-a-vis potential
alternative approaches.

4.3.1 Limitations

Three assumptions are critical to the above procedure. Frst, the transition of the inclusive
values is assumed to depend exclusively on previous inclusive values. Second, product
differentiation is modeled as taking place & the time of purchase rather than consumption. Finally,
the error term is assumed to be i.i.d. extreme value. We will not expand on the latter. The
implications of the logit assumption are quite well understood, moreover, the computational
simplicity of the method will enable us to enrich the error structure with brand effects. We now
expand on the other two limitations.

Transitions
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The specification we are currently using is quite rich, it allows for the dependence of
inclusive values across sizes, namely the distributions depend on previous incusive vaues of dl
sizes. We also experiment with higher order Markov processes (see Section 5.1). It is worth
mentioning the processishousehol d specific. Since buyersthat visit storeswith different frequencies
will potentially face different transitions. In spite of the generality, the approach limits two price
vectors that yield the same vector of (current) inclusive values to have the same transition
probabilities to next period state, while a more general model could allow these to be different.

Thisassumptionistestable and to some extent it can be relaxed, should it fail inthedata. In
the regression of current on previousinclusive valueswe can add vectors of previous prices. Under
our assumption previous prices should not matter independently once we control for the vector of
current inclusive values. A full fix, in case the assumption fails in the data, is to alow the
distribution of the incusive vaues to depend on the whole vector of current prices. This would
naturally undo part of the computational advantage of theinclusivevalues.*® A lesscomputationaly
demanding fix would be to have the distribution depend on additional current information but not
thefull vector of prices. For instance, we can identify from the data groups (or categories) of current
pricesthat all lead to the same distribution of future inclusive values. Such formulation would be a
compromise, as the inclusive values would be allowed to depend on some additional information
beyond the current vector of inclusive vdues. Theideaisto draw a magp of regions within the state
space that generate similar transitions.

Product Differentiation

Taken literally our model assumes that differentiation occurs at the time of purchase rather
than during consumption. However, we think of differentiation at purchase, represented by the Ehjx
terminequation (1), asaway of capturing theexpected value of the future differencesin utility from

consumption. This approach is valid as long as (i) brand-specific differences in the utility from

N otice that if we assume the inclusive values depend on the whole vector of past prices only the third stage
becomes more computational demanding. However, the split remains valid and many parameters can be recovered in
the first stage.
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consumption enter linearly in the utility function,'” and (ii) there is no discounting. For example,
suppose U(c,,...,c)) = EJ Y, where ¢ is quantity consumed of brand j and y; is ataste parameter
(e.g., Erdem et a. ,2003). When a consumer purchases x units of brand j (with no discounting) she
will obtain Xy, units of utility from future consumption. The term ﬁjxcaptures the utility from
consuming the x units of brand j, expected at the time of purchase. With discounting the previous
ana ogy becomesl|essstraightforward,*® but sincethe productswestudy haveaninter-purchasecycle
of weeksthe role of discounting can be neglected, to afirst approximation.

For the brand-specific differences in the utility from consumption to be linear, utility
differences from consuming the same quantities of different brands must be independent of the
bundle consumed. Thus, werule out interactionsin consumption. So if, for example, the utility of
consumption of brand j depends on how much brand k is consumed then at the moment of purchase,
one cannot compute the expected utility from x units of brand j. In order to deal with this sort of
utility avector of theinventoriesof all brandshasto beinduded as satevariables. In our modd only
total inventory isrelevant. This is the main advantage of capturing product differentiation at the
moment of purchase. It reduces the state space. Only thetotal quantity held in inventory matters as
astate variable. In amore general model thewhole vector of inventories, the quantity of each brand
held in inventory, have to be carried as state variables.

Our framework is appropriate to study purchases of detergents, where consumption
interactions do not seem important. For other products, where the marginal utility from consuming
Cherios may depend on the consumption of Trix (namely, interactionsare moreimportant), the state
space has to be expanded, to include al inventories. This can be done as long as either the choice

set is small or we can aggregate the products into segments, each of which serve an independent

YNote that preferences need not be linear, we actually allow for a non-linear utility from consumption, u(c).
Only the brand specific differences need enter linearly.

Brwo issues arise. First, since the timing of consumption is uncertain, the present value of the utility from
consumption becomes uncertain ex-ante. Nevertheless, we can compute the expected present value of the utility x units
of brand j. Second, with discounting the order in which the different brands already in storage are consumed, becomes
endogenous.
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process or task asin Hendel (1999).
In defense of our approach we should mention not only the computaional simplicity
(discussed below) but al so that although restrictive, the assumption of no interaction between brands

is standard in static discrete choice models.

4.3.2 Advantages

The key advantage of our approach is that the state space can be substantially reduced, and
someof the preference parameters can be recovered through the estimation of astatic discrete choice
of brand given size choice. In our setup EV(-) is a function of the total inventory and a vector of
inclusive values (as many as product sizes). While in the unrestricted problem EV(:) depends,
instead, on avector of inventories (one for each brand), on the vector of prices (one for each brand-
size) and promotional activities, like feature and display (potentially of all brands and sizes.)

The second advantage isthat the static preferences parameters, those that determine product
differentiation, are recovered through a static estimation, described in Step 1. Sincethis estimation
is quite ssmple we can allow for arich error structure, including brand and size effects, as well as
controls for advertising and special displays. Furthermore, the framework is flexible enough to
accommodate possibl e generalizations. For example, we can allow for purchases of multiplebrands

on the sametrip.

4.3.3 Alternative Methods

The estimation of the full model without the assumptions that lead to the split (of the
likelihood) would not be tractable for most products that come in several sizes and are offered by
several brands. The dynamic problem would have an extremely large state, which includes the
inventories of all brands held by the household as well as the price vector of all brandsinall sizes;
plus al other promotional activities for each product/size combination.

Erdem et. al. (2003) propose adifferent solution to the problem. Their solution to reduce the

complexity of the problem isto assumethat all brands are consumed proportionally to the quantity
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in storage. Together with the assumption that brand differencesin quality enter linearly in the utility
function thisimplies that only the total inventory and a quality weighted inventory matter as state
variables, instead of thewholevector of brandinventories. To reducethe dimensionality of the price
vector they concentrate in estimating the price process of the dominant container size, and assume
that price differentials per ounce with other containersisdistributed i.i.d. Thissimplifiesthe states
and transitions from current to future prices, Snce only the prices of the dominant size are relevant
state variables. Finally, to further ssimplify the state space they do not control for other promotional
activities like advertising.

As we discussed above our method considerable reduces the computational burden. There
aretwo advantages. First, thedynamic problem, our third step, isconsiderably simpler and therefore
can in practice be more flexible. Second, since most of the parameters of the model are estimated
in the first step, which does not require solving the dynamic programming problem, we can allow
for a richer model that includes, for example, observed heterogeneity (demographics) and
promotional activities. Controlling for thelatter sscemsto beparticularly important sincethere seems
to be substantial effect on elasticities(at least in our data). Moreover, advertising and low pricesare
correlated, hence, aswe show in theresults bel ow, neglecting advertizing biases demand el asticities
upward, by confounding high demand due to advertizing with high demand dueto low prices. The
cost of the split in the estimation is that we cannot allow for as rich unobserved heterogeneity in
brand preferences as Erdem et. al.*

Insum, each approach hasitsstrength and eachissuitablefor different applications. The split
isnot necessary when the number of brandsissmall. However, its main advantageisto collapse the
utility from each quantity choice to a single number. Hence, the larger the number of brands the
larger the computational gain. In the case of detergents, with alarge number of brands (see Table 2)

the split is necessary.

®We allow for unobserved heterogeneity in the dynamic estimation, which is considerably simplified by the
split.
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5. Results

In order to estimate the model we have to choose functional forms. The results below use
u(c,+v)=alog(c,+v,) and C(i,) =P,i,+ [321‘3 . Thedistribution of v, isassumed to be log normal.
The dynamic programming problem was solved by parametric policy approximation. The
approximation basisusedisapolynomial inthenatural logarithm of inventory and level sof the other
state variables. Below we describe various ways in which we tested the robustness of the results.

Theestimation was performed using asampleof 221 households, 17335 observations, where
an observation is a visit to the store. The households were selected based on two criteria: (i) they
made more than 10 observed purchases of detergents; (ii) but no more than 50 purchases and (iii)

at least 75 percent of their purchases of detergents were of liquid detergent.

5.1 Parameter Estimates

The parameter estimates are presented in Tables 4-6. Table 4 presents the estimates from
thefirst stage, whichisa(static) conditional logit choiceof brand conditional onsize. Thisstagewas
estimated using choices by all households, where the choice set was restricted to products of the
same size as the observed purchase. Different columns vary in the variables included.

Weconcludethreethingsfromthistable. First, we notetheeffect of includingfeature/display
on the price coefficient, which can be seen by comparing columns (i) and (ii) (aswell as(viii) and
(ix)). Oncefeature and display areincluded the price coefficient isroughly cut by half, whichimplies
that the price elasticitiesareroughly 50 percent smaller. Thesize of thechangeisintuitive. Itimplies
that the large effect on quantity sold seemingly associated with price changes are largely driven by
the feature/display promotional activity. This suggests that we would want to control for the static
effects of these activities as well as potential dynamic effects. Most the elasticities reported in the
literature do not control for feature and display. Therefore, one has to be careful in interpreting
estimatesthat do not properly control for promotional activities other than sales. For example, if the
elasticities below see somewhat low, these in large part is driven by the effect of feature/display.

More importantly these effects allow us to demonstrate one of the advantages of our
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approach: we can easily control for various observed variables. An alternative approach, proposed
by Erdem et. a. (2003) can in principle incorporate promotional activities, but due to the
computational cost they do not do so in practice.

Second, in columns (iii)-(viii) we interact price and the brand dummy variables with two
demographic variables. income and a dummy if the family has more than 4 people. These
interactionsarehighly significant. Thesignsonthe coefficientsmake sense. Larger familiesaremore
price sensitive and households with higher incomeareless price sensitive. Theinteractionswith the
brand dummy varigbles imply, for example, that high income households prefer Tide while larger
families prefer a private label brand. Together these two variabl es generate roughly 20 different
“types” of households®

Third, columns (x) and (xi) interact the brand-dummy variables with size (either by
multiplying the dummy by the size, in column (x), or by allowing a full interaction). Notice that
interacting brand effects with sizes makes the benefit or preference for each specific product
proportional to the container size purchased. Namely, if a consumer prefers Tide, then it is
reasonable to increase or rescale their preference proportional to the size of the container she is
purchasing. Notice that the effect on the price, display and feature coefficientsis negligible (as can
be seen by comparing to column (ii)).

Finally, wenotethat our most general specificationsinclude dozensof parameters, whichwe
are ableto estimate, with essentially zero added compl exity, due to our estimation algorithm. Such
alarge number of parameters would be essentially impossible to estimate using the standard nested
algorithm.

Table 5 reports the estimates of the price process. As explained above this process was
estimated using the inclusive values (given in equation (4)) computed from the estimates of column

(viii) inTable4. Theinclusivevaluescan beconsidered aqudity weighted price: for each household

2p typical random effects approach will allow for only three to four types, so in principle we allow for a lot
of heterogeneity. From an economic point of view the truetest of our specification of heterogeneity is in the patterns of
cross-price elasticities. As we discuss below our estimates perform well in thisregard.
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they combine all the different prices (and promotional activities) of all the products offered in each
sizeinto asingleindex. Thisindex varies by household, since the brand preferences areallowed to
vary. Thefirst set of columnsdisplaysresultsfor afirst-order Markov process. The point estimates
suggest that the lagged value of own size isthe most important in predicting the future prices. The
coefficientsvary between 0.24 and 0.6, while the cross-size effects are smaller than 0.1 in absolute
value. The process for 32 and 64 oz seems slightly more persistent, which is consistent with these
sizes having less sales. Overall the fit is reasonable. Indeed if the fit was much higher one could
claim that there is not much uncertainty for the household regarding future prices.

Considering the supply-side there are good reasons to believe that prices will not follow a
first-order process.? Inorder to explorealternativesto thefirst-order Markov assumption, inthe next
set of columns we include the sum of 5 additional lags. We also estimated, but do not display, a
specification which allows these 5 lags to enter with separate coefficients. Since these coefficients
are similar for different lags we do not display this specification. These additional lags do not
significantly improvethefit. Therefore, we concluded that theadditiond lagsinthe Markov process
are not worth the extra computational complexity they entail.

Table 6 reports the results from the third stage dynamics of choice of size. We allow for 6
different types of households that vary by market and family size. For each type we dlow for
different utility and storage cost parameters. We aso include size fixed effects that are allowed to
vary by type, which are not reported in thetable. Most of the parameters arestatisticaly sgnificant.
Their implications are reasonable. Larger households have higher values of o, which implies that
holding everything else constant they consume more. Households that live in the suburban market
(where houses are on average larger) have lower storage costs.

To get an idea of the economic magnitude consider thefollowing. If thebeginning of period
inventory is 65 ounces (the median reported below) then buying a 128 ounce bottle increases the

storage cost, relative to buying a 64 ounce bottle, by roughly $0.25 to $0.75, depending on the

Zlwe note that the process we are trying to estimate is the process households use to form expectations. Itis
reasonable to believe that households do not remember more than one lag.
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household type. Aswe can see from Table 3, thetypical savings from non-linear pricingisroughly
$0.40, which implies that the high storage cost types would not benefit from buying the larger size
while thelow storage costs would. Thisis congstent with the observed purchasing patterns.

For this sample the estimated median inventory held is 65-69 oz., depending on the type.
Larger househaolds hold dightly higher inventory and households in the suburban market hold a
higher inventory. Thereis more variation across the types at the higher end of the distribution. The
mean weekly consumption is between 20 and 29 oz., for different types (with the 10th and 90th
percentiles varying between 6 and 7, and 54 and 95, respectively). If we assumed the households
had constant consumption, equd to their total purchases divided by the number of weeks, we get
very similar average consumption. Furthermore, we can create an inventory series by using the
assumption of constant consumption and observed purchases. If we set theinitial inventory for such
a series so that the inventory will be non-negative then the mean inventory is essentidly the same

asthe inventory simulated from the model.

5.2 The Fit of the Model

In order to test the fit of the model we simulated the implications of the estimates and
compared them to observed behavior. We simulated the predi ctions of the model using the observed
data. First, we compare predictions regarding quantities and brand choices. Simulated and sample
size choice probabilities are presented in Table 7. They aline ailmost perfectly. A similar matchis
also present once we look at choice of a brand conditional on size. Thisis not surprising since the
brand choiceis estimated by aconditiond logitmodd , whichincludesbrandfixed effects. Generally,
the choice probabilities vary with the state variables as expected: the higher the inventory the lower
the probability of purchase.

Ideally in order to further test the fit we would compare the ssmulated consumption (and
inventory) behavior to observed data. However, consumption and inventory are not observed. So
instead we focus on the model’s prediction of inter-purchase duration. Figure 1 displays the

distribution of the duration between purchases (in weeks). In addition to the simulation from the
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model and the empirical distribution, we also present the distribution predicted by a static model
with constant probability of purchase. The later represents the best one can do without considering
dynamics. Overall our model traces the empirical distribution quite closely. The modal and the
median inter-purchase time are predicted correctly. We aso examined the survival functions and
hazard rates of no-purchase. Thefit of the survivd functionisvery good. Thefit of the hazard rate
is also reasonabl e.

We tested the robustness of the results in several ways. First, we explored a variety of
methods to solve the dynamic programming problem. Besides the approximation method we used
to generate the final set of resultswe explored dividing the state spaceinto adiscrete grid. Wethen
solved the dynamic programming problem over this grid. Wethen explored two ways of takingthis
solutionto thedata. First, wedivided the datainto the samediscrete grid and used the exact solution.
Next, we use the exact solution on the grid to fit continuous value and policy functions and used
these to evaluate the data. The results were qualitatively the same.

Second, we explored avariety of functional formsfor both the utility from consumption and

for the cost of inventory. Once again the results are quditatively similar.

5.3 Implications

In this section we present the implications of the results, and compare them to static
estimates. In Table 8 we present a sample of own- and cross-price long run elasticities simulated
from the dynamic model. The elasticities were simulated as follows. Using the observed prices we
simulated choice probabilities. Next, we generated simulated price changes separately for each of
the different products (brand and size). Since weare interested inthe long run effects these changes
were always permanent changesin the process. We then re-estimated the price process (althoughin
reality the priceschangesweresmall enough that the changein the priceprocesswasnegligible), and
solved for the optimal behavior given the new price process Finally, we simulated new choice
probabilities and used them to compute the price elasticities.

The results are presented in Table 8. Cell entriesi, j, where i indexes row and j column,
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present the percent change in market share of brand i with a one percent change in price of j. All
columnsarefor aproduct 128 oz, the most popular size. The own price el asticities are between -1.5
and -2.5. While at first this might seem low we recall that these arelong run elasticities, which as
we will see below are lower, in absolute vaue, than the short run eladticities. Furthermore, therr
magnitude is driven by the inclusion of feature and display in the first stage. If we were to exclude
these the price elasticities would be roughly double in magnitude.

Thecross-priceel asticities al so seem reasonable”? Thereare several patternsworth pointing
out. First, we note that the cross-price elasticities to other brands of the same size, 128 oz., are
generaly higher. Thisiswhat one would expect given the dynamic considerations introduced by
inventories. The current inventory a household holds is a key determinant of whether to purchase
and if so how much. Therefore, if the price of aproduct changes consumers currently purchasing
it are more likely to substitute towards other similar size containers of different brand.

Second, we notethat the cross-price el asticitiesto other sizes of the samebrand are generally
higher, sometimesover 3 timeshigher, than the cross-priceelasticitiesto other brands. For example,
if the price of a128 oz container of Tide changes the substitution to other sizes of Tide is roughly
0.15, while it isroughly 0.06 to some of the other brands. This suggests that some brands have a
relatively loyal base. This pattern is driven by the heterogeneity estimated in the first step. Aswe
noted, our method does not allow ustointroduce unobserved heterogenaty inthisstep and therefore
one might worry that we cannot capture brand loyalty to generate thistype of behavior. Thereal test
of the model of whether it allows for sufficient heterogeneity, whether observed or unobserved, is
in the substitution patternsit predicts. It iswell-known that the fixed parameters Logit wouldimply
that the cross-price el asticitiesin each column would be the same (at | east for all the products of the
samesize). Theway to rdax substitution patternsisby allowing for heterogeneity intheutility from

the brands. So one should look at the matrix of price dasticities to see if they differ from the

2t first glance the cross-price elasticities might seem low. However, we have a large number of products:
different brand in different sizes. If wewereto look at cross-price elasticities across brands (regardless of the size) the
numbers would be higher, roughly four times higher.
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standard Logit prediction, which does not dlow for higher substitution between similar products.
Since the substitution matrix does not resemble the patterns of one implied by Logit, we think the
household demographics are capturing heterogeneity in a successful way.

Third, the cross-price elasticities to the outside option, i.e. no purchase, are generally low.
Thisisquitereasonablesincewearelooking at log run responseswhich reflect purely aconsumption
effect, presumably small for detergents. The substitution from say Tide 128 oz to the outside option
represent forgone purchasesdueto thehigher pricelevel. Namely, the proportion of purchaseswhich
due to the permanent increase in the price of Tide 128 oz (namely, increase in the support of the
whol e price process) lead to no purchaseat dl. Incontrast, onewould expect the responseto a short
run priceincreaseto bealot larger. It would include not only the reduction in purchases but also the
change in the timing of the immediate purchase due to the short run price change. As we discuss
next, we indeed find that short run estimates overestimate by a factor between 2 and 3 the
substitution to the outside option. This highlights the bias from static estimates that our framework
OVercomes.

We next turn to comparing the long run eladticities to those computed from static demand
models. Table 9 present that ratio of the static estimates to the dynamic estimates. Cdl entriesi, j,
wherei indexesrow andj column, givetheratio of the(short run) elasticities computed from astatic
model divided by the long run elasticities computed from the dynamic model. The elasticities, for
both models, are the percent change in market share of brand i with a one percent changein price
of j. Thestatic model isidentica to the modd estimated in the first step, except that brands of all
sizesareinduded aswell asano-purchase decision, not just products of the same size asthe chosen
option. The estimates from the dynamic model are based on the above results presented in Tables
4-6. The eladticities are evaluated at each of the observed data points, the ratio is taken and then
averaged over the observations.

The results suggest that the static own price elasticities over estimate the dynamic ones by
roughly 30 percent. Thisratio appears to be constant across brands and also across the man sizes,

64 and 128 oz. This highlight the concern that if one uses own price elasticities to infer markups
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(through afirst order condition) one will underestimate the extent of market power. More on this
below.

In contrast, the static cross price elasticities, with the exception of the no purchase option,
are smaller than thelong run elasticities. The effect on the no purchase option is expected since the
static model fails to account for the effect of inventory. A short run priceincrease is most likely to
chase away consumers that can wait for a better price, namely those with high inventories.
Therefore, the static model will over estimate the substitution to the no purchase option. There are
several effectsimpacting the cross-priceelasticitiesto the other brands but the following isthe one
that seemsto dominate. Consider areduction in the price of Tide. The static el asticities cgpture, for
example, the reduction in the quantity of Cheer sold today. However, there will aso be areduction
in the quantity of Cheer sold next period, and the period after, etc. These effectsare captured in the
dynamic elasticity and therefore the static elasticity, which account only for the customers
substituting today, will under estimate the substitution to the other products, especially those of the
same size.

The results in Table 9 display precisdy these patterns. There are several patterns in these
ratios. Theratio of the elasticitiestowards other brands of the same sizeisroughly 0.25. In contrast,
theratio of elasticities towards other sizesisin the 0.7 to 0.8 range. Finally, we note that the bias
in the substitution towards the outside option islarger for 128 oz than for 64 oz.

Estimates of the demand elasticities are typicdly used in one of two ways. First, they are
used in afirst order condition, typicaly from aBertrand pricing game, in order to compute price cost
margins (PCM). For single product firms it is straight-forward to see the magnitude of the bias: it
isthe same as the ratio of the own-price elasticities. Therefore, the figuresin Table 9 suggest that
for single product firms the PCM computed from the dynamic estimateswill be roughly 30 percent
higher than those computed from static estimates. The bias is even larger for multi-product firms
since the dynamic model findsthat the products are closer substitutes (and thereforea multi-product
firm would want to raise their prices even further).

PCM computed in thisway are used to test among different supply model, in particular they
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are used to test for tadit collusion in prices (e.g., Bresnahan, 1987; or Nevo 2001). The above
analysis suggeststhat this exercise will tend to find evidence of collusion wherethereisnone, since
the PCM predicted by models without collusion will seem too low.

A second important use of demand estimatesisfor simulation of the effectsof mergers(e.g.,
Hausman, Leonard and Zona, 1994; and Nevo, 2000). Thefiguresin Table9 suggest that estimates
from astatic model would tend to underestimate the effects of amerger, because they will tend to
underestimate the substitution among products. Furthermore, because the static estimates over
estimatethe substitution to the outsidegood if used to definethe market then they will tend to define
it larger than adefinitionbased onthe dynamic estimates. | nboth casesthe static estimateswill favor

approvd of mergers.

6. Conclusions and Extensions

Inthispaper westructurally estimateamodel of household inventory holding. Our estimation
procedure allows usto introduce features essential to modeling demand for storable products, like:
product differentiation, sales, advertizing and non-linear prices. The estimates suggest that ignoring
the dynamics dictated by the ability to stockpile can have strong implications on demand estimates.
Wefindthat static estimatesoverestimate own priceel asticities, underestimate cross price responses
to other products and overestimate the substitution towards no purchase.

Although our model has limitations and might not be correctly specified it isimportant to
point out that our main interest resides in the ratio of static to dynamic estimates (Table 9). These
ratiosmight not be affected even if our model isslightly misspecified ; since both components of the
ratio will be affected. For example, if we were to neglect promotional activities, like feature and
display, wewould get higher elasticities (as we saw from thefirst stage estimates) in both the static
and dynamic models. Y &, theratio is largely unaffected.

Compared to the standard static discrete choice models heavily used in the recent 10
literature we have two advantages. On the model side, our model endogenizes consumption and

allowsfor consumer inventory. Regarding data, in contrast to most of the literature we estimate the
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model with weekly household data. The high frequency of the price variability isin principle a
blessing for estimating substitution patterns. However, for products that are storable we argue that
the quantity responses to short run prices changes may confound stockpiling effects and bias the
estimates.

Our approach is an aternative to the one proposed by Erdem, Imai and Keane (2003). They
were the first to structurally estimate a consumer inventory modd. They base their estimation on
aternative smplifying assumptions which render their method better suited for markets with a
smaller number of brands. In turn, their method accommodates unobserved heterogeneity while our
can accommodate observed heterogeneity at amuch lower computational cost. Wefindtheir results
supportive of ours. Their reported results cannot be used directly to address our main focus: the
difference between el asticitiescomputed from astatic model and long run el asti citiescomputed from
adynamic model. Nevertheless, despite taking a different modeling approach and using different
data they too find that stockpiling and dynamics are important.

An important implication of the model isthat the likelihood of the observed choices can be
split between a dynamic and static component. The latter we estimate in our first step quiterichly
with little additional computationa cost. The dynamic component, esimated in the third step,
requires the usual computation burden (of numerically solving the dynamic programming and
numerically searching for the parametersthat maximizethelikelihood). However, the computational
burdened is substantially reduced by the split of the likelihood: we solve a simplified problem that
involves only a quantity choice. This split of the likelihood suggests a simple shortcut that can be
used to reduce the biases potentially arising in a static estimation. The shortcut simply involves
estimating demand conditional on the actual quantity purchased. We arein the process of exploring
ways to exploit this potentid shortcut in order to suggest approximations one might use to at |east
get asense of theimportance of dynamics. We believethesewill be useful in making theideaseasier
to usein applied and policy work.

Weareinthe processof extending our theoretical andysstoincludethe supply sde. Weaim

to theoretically characterize optimal firm behavior in the presence of stockpiling behavior by
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consumers. We have severa goals. First, given our estimates, we could ask what are the optimal
patterns of sales. For example, at what frequency should a sale be held? Or, what is the optimal
discount?Second, we could ask what proportion of thevariation in pricesover time can beexplained
by firms attempts to exploit heterogeneity in storage costs, as apposed to other reasons for
conducting asale. Finally, inthe analysis above we focused on the effects of stockpiling on demand
elasticitiesand the implications these have on policy assuming a static Bertrand pricing game. With
a better specified supply model we could address questions like what effects would mergers have

on the distribution of prices and not just the average price.
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Appendix

We provide the proof of the claim made in Section 4, that conditional on size purchased
optimal consumptionisthe sameregardlessof which brandispurchased. Let ¢;’ (x,, v, betheoptimal
consumption conditional on arealization of v, and purchase of size x, of brand k..

Lemma 1: cj*(xt, V)= ck*(xt, V).
Proof: Suppose there existsj and k such that ¢, =¢;"(x,v) # ¢, (x,v) =¢c;. Then

P+ ij + ﬁajxt tEt u(cj* +v)-C(@,_, +xt—cj*) + 6EV(Qt;djt = l’xt’cj*)>

ap, +E, +Ba, re, rulcy +v)-Cl,_+x,-c;) +SEV(Q,;d,=1,x,¢;)

and therefore
u(c, +v)-u(c; + VI>OEV(Q3d, =1,x,¢,)-8EV(Q,3d, = 1,x,¢,)+C(i,  +x,~¢;)-C(i, +x,~¢;)
Similarly, from the definition of ¢, (x,v,)

u(cj* + Vt)—u(ck* + Vt)<6EV(Qt;djt = l,xt, ck*)_6EV(Qt;djt = l,xt, cj*)+C(it_1 +xt—ck*)_C(it_1 +x‘_cj*),
which isacontradiction.Q
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Tablel
Summary Statistics of Household-level Data

mean median std min max
Demographics
income (000's) 354 30.0 21.2 <10 >75
size of household 2.6 20 14 1 6
live in suburb 0.53 — - 0 1

Purchase of Laundry Deter gents

price ($) 4.38 3.89 2.17 091  16.59
size (0z.) 80.8 64 37.8 32 256
quantity 1.07 1 0.29 1.00 4
duration (days) 43.7 28 47.3 1 300
number of brands 4.1 3 2.7 1 15
bought over the 2 years

brand HHI 0.53 0.47 0.28 0.10 1.00

StoreVisits

number of stores visited 2.38 2 1.02 1 5
over the 2 years

store HHI 0.77 0.82 0.21 0.27 1.00

For Demographics, Store Visits, number of brands and brand HHI an observation isa household. For all other
statistics an observation is a purchase instance. Brand HHI is the sum of the square of the volume share of the
brands bought by each household. Similarly, store HHI is the sum of the square of the expenditure share spent in
each store by each household.
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Table?2
Brand Volume Shar es and Fraction Sold on Sale

Liquid Powder
Brand Firm Share  Cumulative % on Sale | Brand Firm Share Cumulative % on Sale

1 Tide P& G 214 21 32.5 Tide P& G 40 40 25.1
2 All Unilever 15 36 474 Cheer P& G 14.7 95 9.2
3 Wisk Unilever 115 48 50.2 A&H C&D 10.5 65 28
4 Solo P& G 101 58 7.2 Dutch Did 5.3 70 37.6
5 Purex Dia 9 67 63.1 Wisk Unilever 3.7 74 41.2
6  Cheer P& G 4.6 72 23.6 Oxydol P& G 3.6 78 59.3
7 A&H C&D 4.5 76 215 Surf Unilever 3.2 81 11.6
8 Ajax Colgate 4.4 80 59.4 All Unilever 23 83

9 Yes Dow Chemical 4.1 85 33.1 Dreft P& G 2.2 86 15.2
10 Surf Unilever 4 89 42.5 Gain P& G 1.9 87 16.7
11 FEra P& G 3.7 92 40.5 Bold P& G 16 89 11
12 Generic - 0.9 93 0.6 Generic - 0.7 90 16.6
13 Other - 0.2 93 0.9 Other - 0.6 90 19.9

Columns labeled Share are shares of volume (of liquid or powder) sold in our sample, Columnslabeled Cumulative are the cumulative shares and columns labeled
% on Sale are the percent of the volume, for that brand, sold on sale. A sale is defined as any price at least 5 percent below the modal price, for each UPC in each
store. A & H=Arm & Hammer; P& G = Procter and Gamble; C & D = Church and Dwight.
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Table3
Quantity Discounts and Sales

price/ guantity sold weeks average sae guantity
discount onsde onsae discount share
($/%) (%)
Liquid
32 oz. 1.08 2.6 2.0 11.0 16
64 oz. 181 27.6 11.5 15.7 30.9
96 oz. 22.5 16.3 7.6 14.4 7.8
128 oz. 22.8 45.6 16.6 181 o4.7
256 oz. 29.0 20.0 9.3 11.8 16
Powder
32 oz. 0.61 16.0 1.7 14.5 10.1
64 oz. 10.0 30.5 16.6 12.9 20.3
96 oz. 14.9 171 11.5 11.7 144
128 oz. 30.0 36.1 20.8 151 23.2
256 oz. 48.7 12.9 10.8 10.3 17.3

All cells are based on data from all brandsin al stores. The column labeled price/discount presentsthe price per 16

oz. for the smallest size and the percent quantity discount (per unit) for the larger sizes, after correcting for

differences across stores and brands (see text for details). The columns labeled quantity sold on sale, weeks on sale

and average sal e discount present, respectively, the percent quantity sold on sa e, percent of weeks a sale was

offered and average percent discount during a sale, for each size. A sale is defined as any price at least 5 percent
below the modal. The column labeled quantity share is the share of the total quantity (measured in ounces) sold in

each size.
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Table4
First Step: Brand Choice Conditional on Size

(1) (i) (iii) (iv) (v) (vi) (vii) (viii) (ix) (x) (xi)
price -095 -045 -040 -042 -061 -057 -055 -053 -1.08 -045 -045
(0.02) (0.02) (0.020 (0.02 (003 (003) (003 (003 (003 (003 (0.03
* largefamily -043 -0.25 -042 -021 -0.27
(0.04) (0.049) (0.05) (0.05) (0.05)
*income 0.36 0.26 0.35 0.24 0.37
(0.05) (0.05) (0.05) (0.05) (0.05)
feature 0.91 0.91 0.92 0.91 0.90 0.91 0.91 0.91 0.89
(0.05) (0.05) (0.05) (0.05 (0.05 (0.05 (0.05) (0.05) (0.05)
display 124 124 124 1.23 124 1.23 1.25 1.25 124
(0.04) (0.04) (0.04) (004 (004 (004 (0.09 (0.04) (0.04)
brand dummy var v v v v v v v v v
* largefamily v v v
*income v v v
*size v
brand-size dummy var v

Estimates of a conditional logit model. An observation isa purchase instance by a household. Options include only products of the same size as the product

actually purchased. Asymptotic standard errors in parentheses.



Tableb

Second Step: Estimates of the Price Process

Wy Wy W W4 Wy Wy W W4

W01 60  -.02 08 -.04 A7 -.05 05 02
(004) (011) (.014) (015 | (004 (0120 (02 (.02

W1 -.02 31 004 07 | -007 28 -02 04
(001) (.004) (.005) (.006) | (.001)  (.004)  (.005)  (.006)

W31 02  -02 047  -03 01 01 0.35 01
(001) (.004)  (02)  (.006) | (002) (.004)  (.005)  (.006)

W1 -.01 02 -.03 24 .001 01 -.01 22
(001) (.003) (.004)  (.004) | (.001) (003) (.003)  (.04)

Yoo, .06 -.03 -.01 -.01
(001)  (.003)  (.004)  (.005)

Yo e, -.02 .03 -.02 .03
(001)  (.001)  (.002)  (.002)

Yoo, 001  -01 07 -.01
((001)  (002) (.002)  (.002)

Yoo, -004 .01 -.02 02
(001)  (.001)  (.001)  (.002)

R-squared .84 73 65 66 85 74 67 67

Each column represents the regression of the inclusive value for a size (32, 64, 96 and 128 ounces, respectively) on
lagged values of all sizes. The inclusive values were computed using the results in column (viii) of Table 4.
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Table6
Third Step: Estimates from the Nested DP Problem

household type: 1 2 3 4 5

coefficient on:

Cost of inv - linear 3.78 2.90 1.69 3.02 1.59 0.88
(.49) (.57) (.40) (.59) (.69) (.10)

Cost of inv - quadratic 5.07 4.37 4.19 4.95 3.61 2.19
(.64) (1.15) (2.84) (.64) (2.52) (1.35)

Utility from consumption 0.59 1.13 1.26 0.65 1.10 1.54
(.76) (.60) (.92) (.43) (1.15) (.74)

Log likelihood -10900.1

Asymptotic standard errorsin parentheses. Also included size fixed effects, which are allowed to
vary by household type. Types 1-3 live in the urban market, while 4-6 live in the suburban

market. Within each market the type increases with family size.

Table7
Sample and Simulated Choice Probabilities
(percent)
Data Simulation

No purchase 78.24 77.77
32 oz. 0.46 0.52
64 oz. 10.74 10.80
96 oz. 1.64 1.84
128 oz. 8.92 9.07
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Table8

Long Run Own and Cross-Price Elasticities

# Brand Size (0z.) All’ Wisk Surf Cheer Tide Solo Era

1 All 32 0.063 0.031 0071 0119 0050 0.045 0.080
2 64 0.102 0.070 0.078 0.065 0.050 0.082 0.048
3 96 0.084 0.086 0.084 0.083 0061 0.107 0.053
4 128 -1.425 0.219 0204 0.223 0.147 0205 0.162
5 Wisk 32 0.041 0.136 0.097 0.029 0059 0.116 0.066
6 64 0.045 0.186 0.086 0.037 0062 0.098 0.068
7 96 0.045 0.202 0108 0.052 0068 0.128 0.087
8 128 0.106 -2274 0230 0108 0.160 0.214 0.195
9 Surf 32 0.035 0.034 0120 0.033 0065 0.128 0.062
10 64 0.046 0.069 0252 0.043 0058 0.096 0.053
11 96 0.045 0.064 0220 0.050 0.067 0.125 0.064
12 128 0.081 0.183 -2.153 0.115 0.157 0.243 0.157
13 Cheer 64 0.055 0.064 0099 0.132 0080 0.113 0.074
14 96 0.062 0.034 0094 0.088 009 0.079 0.036
15 128 0.127 0.197 0248 -2.387 0.214 0231 0.213
16 Tide 32 0.033 0.056 0.093 0.044 0115 0.098 0.088
17 64 0.033 0.063 0069 0.046 0154 0.090 0.078
18 96 0.035 0.079 0095 0.052 0.152 0.142 0.127
19 128 0.080 0.173 0190 0.133 -2.316 0204 0.244
20 Solo 64 0.029 0.058 0.068 0.037 0.048 0.220 0.046
21 96 0.037 0.060 0064 0.027 0059 0.212 0.052
22 128 0.082 0.162 0191 0.101 0.141 -1501 0.179
23 Era 32 0.024 0.057 0045 0.026 0076 0.076 0.096
24 64 0.027 0.066 0.057 0.035 0076 0.080 0.199
25 96 0.034 0.076 0.059 0.053 008 0.087 0.162
26 128 0.070 0.189 0153 0.101 0209 0.235 -1.862
27 No purchase 0.027 0.066 0.085 0.042 0056 0.079 0.076

Cell entries i, j, wherei indexes row and j column, give the percent change in market share of brand i with a one
percent change in price of j. All columns are for a product 128 oz, the most popular size. Based on the results of

Tables 4-6.

(*) Note that “All” is a name of a detergent produced by Unilever.
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Table9

Average Ratios of Elasticities Computed from a Static Model
to Long Run Elasticities Computed from the Dynamic Model

64 oz. 128 oz.

# Brand Size(oz.) All" Wisk Surf Cheer Tide Solo Era | All' Wisk Surf Cheer Tide Solo FEra

1 All 64 129 026 025 025 024 027 024 079 077 076 071 072 08 0.72
2 128 067 071 069 067 066 075 066] 1.32 022 022 021 021 025 021
3 Wisk 64 024 1.30 025 025 024 027 0240 079 077 076 071 072 08 0.72
4 128 068 072 0.70 067 066 075 0.66] 0.23 131 022 021 020 025 0.21
5 Ssurf 64 024 025 129 024 023 027 023 078 075 074 070 070 083 0.70
6 128 066 070 068 066 064 073 064) 023 022 130 020 020 024 0.20
7 Cheer 64 025 026 026 128 024 028 024 080 078 076 072 073 087 0.73
8 128 067 072 070 069 066 075 066) 024 022 022 129 021 025 022
9 Tide 64 025 027 026 026 129 028 025 079 077 075 072 073 08 073
10 128 068 072 070 068 067 076 067) 023 022 022 021 131 025 021
11 Solo 64 024 026 025 024 023 127 024 078 0.77 075 071 072 08 0.72
12 128 068 072 0.70 067 067 076 067) 023 022 021 021 020 129 021
13 Era 64 025 026 026 026 024 028 128/ 0.79 077 076 072 072 08 0.73
14 128 067 071 069 068 065 074 065 023 022 022 021 021 025 129
15 No purchase 145 156 149 142 1.42 1.59 142 277 250 241 232 241 275 2.38

Cell entriesi, j, wherei indexes row and j column, give the ratio of the (short run) elasticities computed from a static model divided by the long run elasticities
computed from the dynamic model. The elasticities, for both models, are the percent change in market share of brand i with a one percent change in price of j.

The static model isidentical to the model estimated in the first step, except that brands of all sizes are included as well as a no-purchase decision, not just

products of the same size as the chosen option. The results from the dynamic model are based on the results presented in Tables 4-6.
(*) Note that “All” is a name of a detergent produced by Unilever.
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Figure 1

Distribution of Duration Between Purchases
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