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ABSTRACT

One of the puzzles of store-level scanner data is the lack of a dip in quantity sold in the weeks
following a promotion. Such a dip is predicted by a consumer inventory model. During a
promotion consumers buy more, not only for current consumption, but stockpile for future
consumption. The predictions of such a model have been confirmed by household-level data yet
seem harder to find in aggregate brand- or category-level data. We re-examine this puzzle and
find two things. First, the effects at the household-level are present, but are much smaller than
previously found. Our estimates are different because we control for household heterogeneity in a
more general way than most previous work. This suggests that since the effects are small they
might be harder to spot in aggregate data. Second, we show that the dip is present in the aggregate
data, once we control for additional promotional activity, like feature and display. The latter has
an opposing dynamic effect that masks the existence of the post promotion dip.



1. Introduction

M ost categories covered instore-level scanner datacommonly exhibit temporary price reductions
(sdes), which naturdly result inalarge increase in the quantity sold. Sinceit is reasonable to assume that
for many of these products variation in consumption is not large enough to explan this increase, the
additiond quantity purchased islikdy to be stockpiled for future consumption. This has lead researchers
to propose amodd of household inventory behavior and test it using household-level data (for example,
Shoemaker, 1979; Blattberg, Eppenand Lieberman, 1981; Nedin, Hendersonand Quelch, 1985; Currim
and Schneider, 1991; Gupta, 1988, 1991; Chiang, 1991; Bdl, Chiang and Padmanabhan, 1999).
Gengrdly, the finding has been that when buying during a sde consumers buy more and accelerate their
purchases (i.e., the duration to next purchase is longer and the duration since the previous purchase is
shorter).

The household inventory model predicts that in the weeks after a sale, since the households have
increased inventory, they will purchaseless, holding everything ese congant. This suggests thet following
the (observed) spike in quantity sold during asde there should be a dip in the aggregate quantity sold.
These dips have proven hard to find (Blattberg and Nedin, 1989, 1990; Grover and Srinivasan, 1992,
Moriatry, 1985; Nedin and Shoemaker, 1983).

Nedin and Schneider Stone (1996) discuss eight possible arguments to sort out the apparent
difference between the household-level data and the aggregate data. Our andysis below sheds light on
two of these explanations, reconciling the apparent contradi ctionbetweenthe micro and aggregate findings
Firgt, usng pandl datamethodsto control for cross household heterogeneity ina general way we show that
household responses, while economicdly and statisticdly sgnificant, are smaller than previoudy reported
intheliterature. Therefore, it is not surprisng that these effects have been hard to detect in the aggregate
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data. Second, we show that once we control for the dynamic effect of feature and display the post
promotion dip is present in the store-level data

Our firg finding relatesto Nedin and Schnelder Stone (1996), who aso provide (using a different
approach) evidence that the size of the effect measured at the household level might be smadl. They
esimate the effect of inventory, constructed under the assumption of constant consumption, on the
probability of purchase. We, on the other hand, directly measure household responses to promotions by
comparing the increase in quantity purchased and the change in inter-purchase duration time.

The measures we examine have been studied by previouswork. Thereasonour findings differ from
thisliterature is that we decompose the overdl, or totd, difference between sae purchases and non-sale
purchasesinto two different components. The firs component isthedifferenceinan“average’ household's
behavior in purchases made during sde versus non-sale periods. We will refer to this as the within
(household) difference. The second component, the between (household) effect, isdrivenbythe difference
in the compaosition, or identity, of the households who buy during sdle and non-sale periods. Both, within
and between differences have interesting economic and marketing implications. However, the within
estimator controlsfor heterogeneityinamore genera way and under this generd formof heterogeneity only
it, the within estimator, congstently estimates the effects of stockpiling.

Fromadatistica point of view, the within and between differences will be the sameif the variation
across households is not systemétic. In other words, if there is no correlation between a household’s
propensityto purchaseonsae and a househol d-specific effect onthe variablesin question(namdy, quantity
purchased, and inter-purchase duration). One can test if the difference between the two estimators is
sysemdtic. If the differenceis systemdtic, asinour data, thenfor the purpose of testing a stockpiling theory
we have to focus on the within effects. The between variation, dthough interesting for reasons like price
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discrimination, has to be purged fromthe data asit biasesthe measurement of the reaction to promotions.

The economics behind the bias is intuitive. Those consumers that purchase more, and consume
more, have a bigger incentive to wait for a sale and stockpile, in turn, having stockpiled will purchase less
frequently. Such behavior creates a podtive correlation between the propensty to purchase on sde and
both quantity purchased and inter-purchase duration. Hence, when one compares sae and non-sae
purchases, part of the differencesis due to a compositioneffect. Namely, during sale periods quantity sold
is higher because moreintense consumersbuy. The compogtion effect testifies to the heterogeneity across
households who typicaly purchase on sale as oppose to those who do not.

Our resultsbel ow suggest that the overdl, or totd, increase in quantity purchased duringasde and
the change ininter-purchasetimeis Smilar in magnitude to the effects previoudy reported in the literature.
However, wefind that the within differences are andler and our tests suggest that only they are acongstent
estimate of the effect we want to measure. Our conclusion is that snce the household levd responseis
smdler than previoudy estimated the predicted dip in aggregate data might be smaller than expected.

We next turn to the aggregate (store-level) data and show that once we control for the effect of
duration from last feature and display, the post promotion dip is present inthe store-level data. This result
is partly related to the fifthargument provided by Nedin and Schneider Stone (1996): retailers may extend
display and/or feature activity beyond the period of the sale. Thisresultisaso consstent with other models
of a long laging dynamic effect of feature and display activity (Lattin and Bucklin, 1989). Our findings
suggest that the long lasting effects of feature and display, if not accounted for, may be clouding the post
promotiondip. Thisfinding is closaly related to the results provided in Van Heerde, Leeflang and Wittink
(2000). The main differenceisthat we have to imposelittie structure on the data and therefore confirmour
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results are driven by patterns in the data and not the modding.
The rest of this paper is organized as follows. We outline a consumer inventory modd and
intuitively derive its predictions. Next we present the resultsfromthe household-level data, followed by the

results from the aggregate data.

2. TheMode
2.1 Implications of Stockpiling

A model of consumer inventory behavior is both intuitive and not new to this paper. Wetherefore
only outline the elements of the modd and the implications. For aforma mode see, for example, Arrow,
Harris and Marschak (1951), or Blattberg, Eppen and Lieberman (1981).

A consumer obtains utility from consuming the product, which is sold at a “regular” price with
occasiond temporary price reductions. The product is storable at a cost thet is an increasing and convex
function of inventory held. When the price is low the consumer balances the benefits from buying at the
low price with the cost of holding the inventory. The optima strategy is to buy when beginning-of-period
inventory isbel ow athreshold, whichisadecreasing functionof prices. Inother wordswhenpricesare high
itisoptimd to buy only if the inventory is low, and when the prices are low it is optimd to buy even with
a rdaivdy large inventory. Smilaly, the end-of-period, or target, inventory is decreasing in prices. |If
prices are low you will be willing to pay a higher inventory cost so that you can save in the future.

Thereare severd implications of this optima behavior which have been tested, and whichwewill
examinebdow. Firg, the quantity purchased isadecreasng function of price. The standard neo-classicd
dtatic economic modd will aso predict this effect: if price goes down consumers consume more. Herethe
effect exists even if one believes that consumption does not respond at al to prices.
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Second, the timing of the purchase is changed. In this moddl, a purchase is made when the
(beginning of the period) inventory fals bel ow athreshol d, whichisa decreasing function of price. In other
words, there isarange of inventory for which the consumer will buy when the product is on sdle and not
when it is at the regular price. This suggests that dl else equal, when buying on sale, the duration to
previous purchase should be shorter and the duration to next purchase should be longer (compared to a
purchase during a non-sae period).

Third, aggregating consumer-level behavior we predict that the aggregate quantity sold should
increase during a sale, both because consumers are buying more and because they are buying earlier.
Furthermore, the effect should depend onthe durationsincethe pervious sae. Thelonger it has been since
the previous sde the lower on average are the inventories hdd by consumers. Therefore the larger the
quantity sold today. Findly, the quantity sold during non-sale periodsincreasesinthe durationfrom the last

sde. Thelogicisthe same asthe one during sdes.

2.2 Econometric Model and Estimation of Household-level Predictions

Inorder totest the above predictions we use the fallowing econometric models. For the household
panel we estimate

Yy=w+Bd,+y,te, (1)

wherey,, are different measures of quantity purchased by household i at purchase ingtance t,d,, is an
indicator if the product was on sde, ¥y, is ahousehold-specific effect and e, is adisturbance term (which
is assumed to be uncorrdated with the right-hand sde variables). Thisis probably the Smplest model one
could use to estimate the above reations. It can be generdized in many ways. However, this smple
framework is rich enough to show how mideading estimates can be if one does not control for
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heterogenety in agenerd way.

Without the househol d-specific effectsthe estimationof equation (1) isstraight-forward. Thereare
severd ways to estimate this equation once we introduce the household-specific effects. First, we could
assumethat they, terms are uncorrelated with the indicator d,, , inwhichcase OL S estimationof equation
(1) yiddsconsistent, but inefficient, estimates of B . Thesearethe so called Total estimates (Hsiao, 1986).
One can show that the Total esimateof B isequal to the difference between the mean of y,, during stle
and non-sale purchases.

Second, one could congtruct the Between estimator of B, which is obtained from the following
regresson

.;::u*BE;"'IJ-; )
where a“bar” denotes the average of the varigble over t, and the error term = v, +€,. If thepand is
unbaanced (i.e., the number of observations is different for each household) then this equation can be
estimated by GL S, wherethe weghtsare proportional totheinverseof the number of observations for each
household. If we continue to assume that they, terms are uncorrelated with the indicator d,,, then the
estimates will be consistent, but not fully efficient.

Third, we can estimate equation (1) using GLS. We will refer to these estimates as the Random
Effects estimates. Under the assumption that the'y, terms are uncorrelated withthe indicator d,, this will
yidd consgtent and efficient estimates (Hsao, 1986).

Hndlly, we could relax the assumptionthat the househol d-specific effects, v, are uncorrelated with
the right-hand sde varigble. We do this by estimating a different intercept for each household. We can

ether estimate equation (1) with these additiona parameters or estimate, by OLS, the transformation



Yo~ Vi=Blryx)tv, Ve, ©)
Note, that in this transformed equation the household-specific effects no longer appear. Therefore,
estimated withOL S it will yidd cons stent estimates under a wide range of assumptions on the correation
between the househol d-specific termand the right-hand side variables. We will refer to these estimatesas
the Within estimates.

We note that if the household specific terms are uncorrelated withd,, then both the Random
Effectsand the Withi n estimateswill be congistent, but only the Random Effects estimateswill be efficient.
Onthe other hand, under the dternative assumption inwhichthey are correlated, only the Within estimates
will be condgtent. This can be used to form a Hausman test (Hausman, 1978). In section 4 we use this
test to evduate which of the estimators is gppropriate for this data. For more details on thistest or the

above estimators see Hs a0 (1986).

2.3 Econometric Model and Estimation of Sore-level Predictions

In order to test the aggregate predictions we estimate the model

log(g,) = 8,l0a(p,,) + 3,dur,,, +dumvars +e,, )

whereqju is the quantity of UPC | s0ld at store s at week U P is the price,log(*) denotes the natural
logarithm, durju denotes the duration from the previous sale (whichwe define exactly in the next section)
and e - isadisturbance term. The regression aso includes festure and display dummy varigbles aswell
as store and UPC-specific intercept terms, denoted as dumvars. In the specifications below we aso
include non-linear terms indurw. Finaly, in some of the specifications we dso add the duration from last
feature and duration from last display.

We esimateequation(4) usng OLS. In principle, Sncethisisan aggregate demand equationone
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might worry that the error-term is correlated with some of the right-hand side variables. We control for
difference across UPC's and stores by including the relevant fixed effects. We dso control for additiond
promotiona activity. In one of the products we examine, soft-drinks, one might worry about seasondity
(Chavelier, Ross and Kayshap, 2003). We, therefore, control for predicted high periods of demand for
soft-drinkslike4™ of July. What is |€ft inthe error-termis hopefully unanticipated demand shocksthet are
not correlated with the current price, which is set before the demand shock is realized.

The key parameter of interest is the effect of duration. As we noted in the previous section a
prediction of the stockpiling modd is that quantity demanded should increase with the duration since
previous sdle. Therefore, we expect thatd.,, will bepositive. We expect thisto betrue both, inthewhole

sample and when we plit it into sale and non-sae periods.

3. TheData

We estimate the above models using data on laundry detergents and soft-drinks categoriestaken
from the Stanford Basket data set (Bell and Lattin, 1998). The data are drawn from two separate metro
marketsin alarge US city and cover atwo-year period from June 1991 to June 1993. For the purposes
of this paper we do not separate the two markets.2 Overall we have 12,673 purchases of laundry detergent
and 64,970 purchases of soft-drinks (27,906 purchases of cans of cola or flavored soda, whichwill be our
primary focus) by 1,012 households. The aggregate data comes from eght different soresin these two
markets.

For the household pane we know the UPC of the product purchased, the number of units

2See Hendel and Nevo (2002a) for a cross-market analysis.
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purchased, if astore was vigted and detailed demographics of the household. Fromthe aggregate data we
know that total quantity sold for each UPC, the weekly price, feature and display. We also have a
description of each UPC, including size and brand information.

In order to perform the above tests we need to definea“sde’. Eyebaling the data it is clear that
for most products there is a “regular” price and occasiona price reductions. In order to define a sale
systematicaly we need to define a“regular” price and we need to define the threshold for a“sd€’. In the
results bel ow we define the regular sale as the modal pricefor each UPC ineach store over the 104 weeks
of data. A sdeisdefined asany price a least 5 percent below the regular price. We explored various
dternative definitions. Frst, we explored defining the regular price as the maximum price in the last x
weeks, where we varied x between 3 and 6. Second, we define the threshold for asde at O, 10, 25 and
50 percent. Some gatigticsfrom these different definitionscan befoundin Hendd and Nevo (2002a). The
important thing to note is that the results below are robugt to these different definitions.

In order to estimate equation (4) we need to define the duration variable. The main problemis
accounting for amilar products. For example, if wearelooking at asx pack of Diet Coke do we examine
the duration from the last time it was on sde? Or do we consider the last time any Diet Coke product was
onsde (eg. 12 pack)? Or do welook if any diet cola (e.g., Diet Peps) wasonsae? For the resultsbelow
we measured the duration as the time since any UPC of the same brand was on sale. In other words, for
the above example we focused on dl Diet Coke UPC's.

The means and standard deviations of the main variables are provided in Table 1.

4. Resultsfrom Household-L evel Data
There are fundamentaly two predictions taken from the theory that we test using the household-
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level data. First, wetest whether thereisan increasein the quantity purchased during asale. Next, wetest
if thereisachangeintheinter-purchasetime. Aswe pointed out both these predictions have been tested
before. Our god is to show that the way these differences are computed is critical for the economic
interpretation of the findings More precisaly, most of the findingsin the literature confound two distinct
effect, one of which should be purged in order to quantify the effect of promotions. Wefirst present our
results, we then discuss how they compare to previous findings, explain the differences and therr
implications for the post-promoation dip puzzle.

Table 2 presents the results from the household level data. For each of the two categories we
examinefive variables, namdy, what we called y,, in equation (1). Thefirgt three, quantity, units and size,
measure the quantity sold, while the last two measure inter-purchase time. For each of these we present
the average during non-sae purchases. A saleisdefined as any price at least 5 percent below the moda
price of the UPC-store over the entire period.® The rest of the columns present the difference between the
average during non-sdle purchases and during sde purchases, which isthe parameter B in equations (1)
through (3).*

This difference is computed four different ways. First, we compute the Total, which is the
differencebetweentheaverage of dl sdle and non-sde purchases. The Total differenceaveragespurchases
over time and across households ignoring the panel structure of the data. Hence, it reflects two different

components:. (i) each household's purchases on e are likdy to differ from non-sae ones (a within

3As we discuss in Section 3 we performed severa robustness tests to this definition. The results in the table
are not sensitive to the different definitions we tried.

“Notice the unit of observation is a housshold purchase. Visits to the supermarket that did not generate a

purchase are irrdevant for our analysis. They generate no purchase, the same as a period without a visit to the
supermarket.
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household difference), and (ii) households differ in their propendty to purchase on sale (a between
households difference). Both, within and between differences have interesting economic implications.
However, only the former directly relates to stockpiling. Hence, the latter should be purged in order to
isolate the effect of promotions on household behavior, and the implications on aggregate behavior.

We separate these effectsnext. The second way welook at the difference between sde and non-
sale purchases is by computing the Within difference. It isequivaent to computing the difference between
sale and non-sale purchases for each household and taking a (weighted) average across the households.
The weights are proportional to the number of observations: households with more observations get a
higher weight. The advantage of this datidtic is that it controls for heterogeneaity across householdsin a
generd way. Next, we compute the Between difference, which is the dope coefficient in the regresson
of the household average of the variable being measured (quantity, inter-purchase time, etc.) when
regressed on the fraction of purchases the household makes during sdes. This datistic measures the
variation across households, as opposed to the within statistic that measures the effect of promotions on
atypica household. Findly, we computetheRandom Effectsestimate. Thismeasure, liketheTotal, uses
both the withinand between household variation. However, it weightsthe different sources of the variation
optimdly.

The fird three rows, in each category, of Table 2 present the above atistics for three different
quantity measures. Generally, we seethat for both categoriesthe quantity (i.e., units* Size) increases during
sde purchases, as predicted by the theory. The magnitude of the effectsislarger (in percentage terms) for
soft-drinks. The Within and Between effects are positive and bigger for soft-drinks as well. Recdl that
the Within effect measureshow muchmorethe “ average’” household buys on sde rddive to their non-sale
purchase. The Between effect, on the other hand, captures the difference in the quantity purchased
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between a household that typicaly buys on sale and a household that typica does not buy onsale. Notice
that for both detergents and soft-drinks the Within effect is smdler than the Between effect.

Is the difference between the Within and Between effects Saidticaly sgnificant? If the Within is
gatidicaly different fromthe Between effect (and hence, fromthe Total) thenone cannot rely onthe Total
differenceto infer gockpiling. Inthis particular case, Sncethe Between effect islarger thanthe Within, one
would overestimate the effect of stockpiling. It is not that buyers expand their purchases during saes, but
rather that moreintense buyer are those that buy more frequently on sde. Consumer heterogeneity would
lead us to overdtate the individud responses to sales. In order to test this we compute the so called
Random Effectsestimator and useit to compute a Hausmantest.> Eventhough the resultsfor the Random
Effectsestimator are amilar to the Within estimates, the statistical test rejects the hypothesis that they are
the same. Therefore, only the Within estimators are consstent.

Studying the effects on Sze and Units we learn two things. First, the increase in total quantity
purchased comesfromdifferent sourcesineach product category. |ndetergents consumersbuy more units
and larger sizes, while soft-drinks are purchased infewer but bigger containersduring sales. InHendd and
Nevo (2002a) we examine these differences across the categories more carefully.

Second, we once again natice the difference in the Within and Between estimates. We again
computed the Random Effects estimator and reject that hypothesis that the household effects are
uncorrelated with the propendty to purchase on sale. This in a way, should not be surprisng snce we
know that householdsvary intheir tendency to purchase on sale and the factors determining this tendency

could aso be corrdated with the quantity purchased. The implication is that the Total differenceisnot a

SWeaso computed a Breusch and Pegan (1980) Lagrangian multiplier test. The results were the same.
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good measure of consumers reponses to promotions as it mixes responses with composition effects.

While the findings on quantity purchased are consstent with the predictions of the stockpiling
theory, they are also conggtent withdternative theories. Therefore, wefollow past work and aso examine
inter-purchase duration differences. The last two rows, for each category, in Table 2 present the results.
The two variables measure the number of days between the current purchase and ether the previous
purchase or the next purchase. The duration measured, is the duration between the purchases of any
product in these categories.

Like the results for the quantity variables we find alarge variation between the Total, Within and
Between edtimators. Moreover, a Hausman test again confirms that only the Within estimates are
condgtent. Inthe case of Duration to previous purchase the decomposition of the Total effect iseven
moreimportant. Not only do the effectsdiffer inmagnitude but they even have opposing sngs The Within
estimate confirms the predictions of the theory, duration from previous purchase should be shorter during
asde purchase. Interestingly, if wewereto rey onthe Total differencewewould incorrectly conclude that
the data contradictsthe theory. The Total differenceindurationbackwardsislarge and postive. However,
after decomposing the Total difference we see that thereis no contradiction with the theory. The postive
Total differenceisdictated by alarge Between difference, whichdominatesthe negative Within difference.

Notice that the opposing 9gns of the Between and Withi n estimatesare consstent witheach other.
A negative within effect confirms the theoreticd prediction, that sales accelerate purchases. On the other
hand, a positive between difference testifies to household heterogeneity of the following form. The inter-
purchase duration is longer for households who typically purchase on sde thanthe duration of households
who typicdly do not buy on sde. In other words, on average households who tend to buy more on sdle
aso tend to buy less frequently, which is congstent with an inventory mode. Sale-prone households buy
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less often, but purchase a much larger quantity. The between quantity difference for soft-drinks is 144%
(7.20/5.00), while the between differencein duration is about 100%, suggesting that on average typica
sales-buyers consume 40% more than households who do not typicaly buy on sale. Since they are more
intense buyers they gain more from stockpiling.

This cross-household pattern, dthough consstent witha stockpiling theory, isnot the effect weare
trying to measure. It does not tell us whether the average household is buying earlier because of the
promation. It tdls usthat buyersare heterogeneous, whichisinteresting because it testifies about the firms
incentivesto have sales. The numbers suggest differences acrosshouseholds; intenseusersaremorewilling
towat for apromotion. Hence, cyclical prices (sdes) hdp the sdler discriminate between the lessintense
buyer, who more frequently will end up paying the modad price, and the moreintense buyer who iswilling
towat for promotions. Notice that one sort of heterogeneity, consstent with our findings, is the presence
of deal prone and non-deal prone buyers. Where the former by from sale-to-sale, while the latter are not
sengdtive to promotions. In its extreme form, this heterogeneity would lead to large total effects due to
between differences, but no within effects of promotions.

The Within edimate is ingtead the true test of the theory. All the Within effects are Satidticaly
ggnificant but are rdaively smdl, compared to the Total difference. They predict roughly achange of 5-10
percent inthe inter-purchase duration. Asa side point we note that the Within estimates generdly predict
larger effects on quantity than on duration, which can be interpreted as evidence of consumption effects.
If the consumption rate did not change one would expect the effectsto be the same: if you buy 25 percent

more it should take you on average 25 percent longer till your next purchase.
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With the exception of Shoemaker (1978)°, the rest of the literature that tested these predictions
provided either a Total estimate or some form of arandom-effects estimator (not necessarily the efficient
verson). Blattberg, Eppen and Lieberman (1981) compute what we call the Total estimate for four
categories. The magnitude they report (in their Tables 2 and 3) is Smilar to our Total estimates. For
example, they find that inthe four categoriestheincreaseindurationto next purchaseis 23-36 percent. Our
Total estimatesare 20-60 percent, muchlarger thanour Within estimates. Nedin, Henderson and Quelch
(2985) udng very smilar datafind accel eration of purchases, for coffee and bathroom tissue, as areaction
to advertised price cuts. They test the impact of promotions through regressions of: quantity purchased and
time elgpsed since the previous purchase on a proxy for inventory (derived from past behavior) and
dummiesfor different promotiond activities. They find subgtantia effectsof promotionson durationto next
purchaseas wdll as on quantity purchased. Consgtent withthe previous literaturethey report total effects,
without decomposi ng the household response fromthe compositioneffect. Subsequent work (Currim and
Schneider, 1991; Gupta, 1988, 1991) find effects of the same magnitude as Blattberg, Eppen and
Lieberman (1981). Nedin and Schneider Stone (1996) summarize that the estimates of accelerated
purchase are between 14 and 50 percent, consistent with out Total estimates but again somewhat larger
than our Within estimates.

Onceweisolate individua responses to promotions we find that while the effects are il present
they seemto be samdler thanorigindly thought. This can explainwhy they might be hard to find inaggregate
data. This explanation has been suggested by Nedin and Schneider Stone (1996). In their empirica

andysis they estimate the effect of inventory, constructed under the assumption of constant consumption,

S\While Shoemaker (1978) does not cdl his estimate a “within” estimate, his procedure is identical to what we
cdl Within. Indeed, like him, we aso find relatively small effects.
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on the probability of purchase. Our findings add in severd ways. First, our analyss requires fewer
assumptions. For example, we do not need to make assumptionsto generate the unobserved inventory
series. Indeed, a smdl estimated effect of inventory could be driven by measurement error in the
congtruction of the inventory series, a problem we do not face. Second, our analys's decomposes the
overdl, or totd, difference between sde purchases and non-sale purchasesinto two different components,
the within and between effects. While we clam that only the within effects truly measures the importance

of stockpiling, both the within and between effects have interesting economic and marketing implications.

5. Resultsfrom Store-Level Data

In the previous section we showed that the household-level estimates are consstent with the
inventory model but muchamdler than previoudy found. Therefore, it islikdly that the effectswill be harder
tofind inaggregatedata. In particular it islikely that the expected post-promotion dip is masked by other
effects. In this section we show that indeed for our data the post-promotion dip is initidly missing.

However, once we dlow for asmple contral for other dynamic effects, apost-promotion dip is detected

Table 3 presents the results of regressing the log of quantity sold, measured in 16 ounce units, as
a function of price, measured in dollars per 16 ounce, current promotiond activity and duration since
previous promotiond activity. Each observation is a brand-size combination in a particular store. For

each category welook at four regressions. Thefirst two use dl the sample. Thelast two includeonly

non-sale observations.” As before, asaeis defined as any price at least 5 percent below the modal

"We do not present the results for the sale sample. They generally give us the expected result even before we
control for the additiona duration, and become larger once we do control for the additional variables. Pesendorfer (2002)
also reports results for the sale sample and finds the expected sign. His focus is not an inventory model and therefore
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price for that product in that store. Within each sample we present two regressions that differ in the
controls. Durationfrom previoussal e/feature/display ismeasured as number of weeks, divided by 100,
from previous sale/feature/display for that brand in that store for any size.

Indl theregressionsthe price, feature and display coefficients are of the expected signs. The

key coefficient, from the viewpoint of a stockpiling modd, is the coefficient onthe effect of duration. As
explained in Section 2 we expect this coefficient to be positive: the longer sincethe last sde the higher the
demand, everything else constant. A post-promoation dip will be reflected by a postive coefficient on
duration from last sde®

Thefird regresson in each sample finds that for detergents (and other categories not reported in
the table) the effect of duration is negative, i.e., rather than a post-promotion dip we find aboost in sales.
This effect is true for the dl sample and for the non-sde sample. It is the opposite of expected and is
consgtent withfindingsinthe literature. Indeed thisisthebasisfor theso called post-promotion-dip-puzzle.
The effect for soft-drinks is positive instead.

In the next column in each sample we add controls for the duration from previous feature and
display. We speculate that both display and feature have dynamic effects that are of opposite sgn to the
effect we are after. For example, feature or display generate awareness of the product, and could impact
demand (positively) evenafter they are over. That it, it isreasonable to assume the effects of these activities
shifts out demand in later periods aswell. This explanation is consstent with many neo-classicd theories
of “advertiang” (see for example Bagwell (2002)) or behaviord economic theories. Our purpose hereis

not to separate these theories, or to test them, just to point out that they have a different effect than that of

he does not examine the non-sale sample.

8The regression also includes a square term to control for non-linear effects. Within the range of the observed
datathe margind effect is determined by the linear term and therefore for the rest of the discussion we focus on this term.
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asde. Once we control for ther effect we canrecover the post-promotion dip. Since we have previoudy
established that the effects we are after are smdll it islikdy that they will be masked by the counter effects
of feature and/or display. They will be masked because during a sde the probability of festure and/or
display increases, but aso because there could have been a feature and/or display afew weeks prior to
the sde.

By adding duration from festure and display we control for these effects. Indeed once these
controls are included the coefficients on durationfromsae dl become positive, asexpected. For the soft-
drinks category they increase subgtantidly in magnitude. The magnitude of the effects also makes sense.
They are largest for soft drinks, where the demand right after asdeis predicted to be dmost 7 percent
lower than 4 weeks later. For detergents the demand right after asdeis roughly 3 percent lower than 4
weeks |ater.

The explanationwe provide above hasbeensuggested by Nedinand Schnelder Stone (1996). Van
Heerde, Lecflang and Wittink (2000) proposea” sophisticated distributed lag andyses of weekly sdesdata
in the hope of measuring the post-promotion dip statistically.” Indeed their model shows that adding
various lags and leads can help to find the dip. Our andysisis dosdy related. However, weimpose little

gtructure on the data and show that a smple control is enough to uncover the effects.

6. Conclusons

Inthispaper weinvestigate one of the mysteriesof scanner data: the lack of apost-promotion
dip in store-level data. Previouswork, using household-level data, found an increase in quantity and
acceleration in thetiming of purchase. On the other hand, dipsin aggregate weekly scanner datahave

been hard to find. We re-examine two explanations that have been previously proposed. First, by
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applying panel data methods we show that the magnitude of the effects previoudly reported from
househol d-level datawere too high. Second, we show that asimple control for the duration since last
feature/display is sufficient to recover the effects at the aggregate level.
Our main findings, for the data we examine, are as follows:
. Theeffectsat the household level are smaller than previoudly reported. For example, wefind
that timing is accelerated between 5 and 10 percent, compared to 14 to 50 percent found by
previous work.

. This provides support to the conjecture made by Nedin and Schneider Stone (1996) that the

effects might be smaller than expected and therefore hard to detect.
. Once we control for duration from previous feature/display, a post-promotion dip can be
detected intheweekly store-level data. Thiscan befound using asimplelinear regression and

does not require more elaborate models of lags and leads.

Our andysisis not a substitute for a structural model of the effects of promotions. In order to answer
many of the interesting questions regarding dynamic consumer stockpiling behavior one needs a
structural dynamic model like the one proposed and estimated in Erdem, Imai and Keane (2003) or

Nevo and Hendel (2002b). Since our findings are consstent with stockpiling they suggest that researches

estimating demand should control for current inventories or duration from last purchase.
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Tablel
Descriptive Statistics

Laundry detergents Soft-drinks

Varable: mean std mean std
Quantity (16 0z.) 98.2 361.3 247.2 1056.0
Price ($/16 0z.) 1.28 0.45 0.79 0.23
Sde 0.16 - 0.40 -
Feature 0.04 - 0.18 -
Display 0.07 - 0.11 -
Sdle and Feature 0.04 - 0.16 -
Sde and Display 0.04 - 0.09 -
Sde and Feature and Display 0.02 - 0.06 -

A sdeisdefined as any price at least 5 percent below the modal price, of aUPC in a store over the observed period.
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Table2
Differencesin Household Purchasing Patter ns Between Sale and Non-Sale Pur chases

Avg during Difference during sale
non-sale -
Vaiable Total Within Between Rand Effects
Laundry Deter gents
Quantity (16 479 (0.04 155 (0.07 114 (007 265 (028 120 (0.07)
02) ) ) ) )
Units 107 (001 009 (001 008 (001 013 (0.03 008 (0.00)
) ) ) )
Size (16 0z) 450 (0.03 091 (0.05 063 (005 165 (021 0.67 (0.04)
) ) ) )
Days from 443 (068 670 (1.12 - (103 292 (4.86 - (102
prev 8 ) ) 201 ) 8 ) 152
Days to next 437 (0.67 856 (114 195 (1.04 260 (502 233 (1.03)
5 ) ) ) 1 )
Soft-Drinks
Quantity (16 500 (026 504 (031 301 (034 720 (059 384 (0.29)
02) ) ) ) )
Units 418 (0.17 -234 (0.20 - (026 -296 (0.33 - (0.20)
) ) 1.75 ) ) 2.34
Size (16 0z) 282 (013 431 (015 273 (016 597 (027 343 (0.19)
) ) ) )
Days from 247 (230 88 (275 - (207 211 (614 - (1.99)
prev 1 ) ) 2.47 ) 9 ) 0.74
Days to next 214 (231 128 (277 250 (199 242 (628 404 (192
9 ) 9 ) ) 6 )

A saleisdefined as any price at least 5 percent below the modal price, of a UPC in a store over the observed period.

The column labeled Within households controls for a household fixed effect, while the column |abeled Between

households is the regression of household means. Standard errors are provided in parentheses.
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Table3
Demand as a Function of Duration from Previous Promotional Activity

Variable Laundry Detergents Soft-drinks
al sample non-sale periods al sample non-sale periods

log(price per 16 0z) -2.51 -2.46 -2.45 -2.40 -1.83 -1.83 -1.53 -1.50
(0.56) (0.02) (0.02) (0.02) (0.03) (0.02) (0.05) (0.05)

duration from previous sale -0.25 0.50 -0.21 0.67 1.23 2.27 0.50 1.72
(0.10) (0.12) (0.120) (0.13) (0.26) (0.25) (0.24) (0.28)
(duration from previous sale)? -0.22 -1.05 -0.30 -1.44 2.32 -3.58 -1.76 -3.18
(0.22) (0.25) (0.22) (0.26) (0.35) (0.36) (0.34) (0.40)

feature 0.44 0.46 0.56 0.56 0.12 0.13 0.55 0.56
(0.03) (0.02) (0.03) (0.07) (0.02) (0.02) (0.04) (0.04)

display 122 1.19 121 1.19 154 1.52 1.36 1.32
(0.06) (0.02) (0.02) (0.02) (0.02) (0.02) (0.04) (0.04)
duration from previous feature - -0.71 — -0.84 - -0.14 - -0.50
(0.09) (0.11) (0.13) (0.17)
gduratlop from previous - 1.16 - 141 - 0.36 - -0.69
eature) (0.12) (0.14) (0.17) (0.23)
duration from previous display - -0.47 — -0.37 - -1.73 - -1.39
(0.08) (0.08) (0.12) (0.15)

Sduratlog from previous - 0.13 — 0.04 - 1.37 - 0.90
isplay) (0.11) (0.12) (0.18) (0.22)

N= 41,995 41995 35314 35314 37,024 37,024 22,135 22,135

The dependent variable in all regressionsis the natural logarithm of quantity purchased (measured in 16 ounce units). Each observation is abrand-size
combination in aparticular store. Duration from previous sale/feature/display is measured as number of weeks, divided by 100, from previous
saleffeature/display for that brand in that store for any size. All regressionsinclude brand and store dummy variables. The regressionsin the soft-drinks

26



category are for the sub-sample of cans and include a dummy variables for high demand holiday weeks (July 4, labor day, Thanksgiving and Christmas).
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