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Abstract Trade promotions are the most important promotional tool available to a
manufacturer. However trade promotions can achieve their objective of increasing
short-term sales only if the retailer passes through these promotions. Empirical re-
search has documented that there is a wide variation in retail pass-through across
products. However little is known about the variations in pass-through over time.
This is particularly important for products with distinct seasonal patterns. We argue
that extant methods of measuring pass-through are inadequate for seasonal products.
We therefore introduce a measurement approach and illustrate it using two product
categories. We find interesting differences in pass-through for loss-leader products
versus regular products during high demand and regular demand periods. We find
that retailers use a deep and narrow pass-through strategy (high pass-through on
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loss-leader products, but small pass-through on regular products) during periods of
regular demand and broad and shallow pass-through strategy (smaller, but similar
pass-through on both loss-leader and regular products) during periods of high de-
mand. Loss leader products continue to obtain higher pass-through in high demand
periods, if the category’s high demand period is also a high demand period for other
product categories as well.

Keywords Pass-through - Retail competition - Loss leaders - Trade promotions

JEL classifications L11 -L81 - M30

1. Introduction

Trade promotions are the most widely used promotional tool by manufacturers of
frequently purchased consumer products. Anderson Consulting (1996) reports that
they represent about 60% of marketing expenses. Trade promotions have grown
dramatically over the last two decades: from $8 billion in 1980 to $85 billion in 2002
(Cannondale Associates, 2002). Yet, manufacturers usually rank the inefficiency of
trade deals as their primary concern in surveys. This is because only a fraction of the
trade promotions are passed through to consumers. Manufacturers estimate that only
52% of promotions are passed through to consumers, while retailers claim that about
62% are passed through to consumers (Cannondale Associates, 2002).

These average figures of 52% or 62% however reveal only a partial picture of
trade deal pass-through, because there is substantial variation in pass-through across
different categories and products (e.g., Chevalier and Curhan, 1976; Walters, 1989;
Armstrong, 1991). Some products indeed receive high pass-through, while others
receive very limited pass-through. In a recent empirical study (Besanko et al., 2005)
estimate that pass-through varies as much as 22% in the toothpaste category to as
much as 558% in the beer category. They also point out that there is substantial
variation in pass-through across products even within a category. It is well recognized
that certain “high profile” items are usually treated as loss-leaders by the retailer
and therefore receive high pass-through, while other items receive low pass-through
(Grier, 2001).

But little attention has been paid to the variations in pass-through over time. For
example, in seasonal products does the pass-through of products change in periods of
high demand relative to periods of regular demand? Are these relative changes in pass-
through different for products that retailers use as loss-leaders compared to regular
items? If indeed pass-through is systematically different over different periods, then
manufacturer trade promotion dollars are likely to be more or less efficient in certain
periods than in others. An understanding of when pass-through rates are likely to be
high for different types of products can help manufacturers make trade promotions
more efficient. Our objective in this paper is to therefore gain insights into how
pass-through changes over time.

The issue of whether pass-through changes over time is in general an important one,
because sales in many product categories vary substantially during different periods
of the year. According to the National Retail Foundation, holiday sales (includes
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November and December) account for almost a quarter of the annual total sales. For
example, according to the 2002 Annual Benchmark Report for Retail Trade and Food
Services of the U.S. Census Bureau, sales of jewels in December were roughly 22.35%
of the annual sales in 2001.

Pass-through is usually defined as the “the proportion of the discounts offered by a
manufacturer to a retailer in a trade deal that is transferred to the end consumers as
a price reduction” (for e.g., Grocery Trade Review, 2000). Applying this definition
when investigating differences in passthough during high and regular demand periods
in a manner that is useful for manufacturers is complicated by the fact that the
price elasticity in high demand periods and low demand periods can be different.
Researchers have found that demand elasticity is greater in high demand periods
(Warner and Barsky, 1995; MacDonald, 2000; Sudhir et al., 2005). If indeed, demand
elasticity is greater in a high demand period, retail prices will fall no matter whether
manufacturers cut wholesale prices or not. Thus a small reduction in wholesale price
will appear to “cause’ a large retail price reduction, and one may incorrectly conclude
that pass-through is extremely high. Such an incorrect interpretation might prompt
manufacturers to give much higher price reductions in high demand periods than are
warranted. Since a retail price reduction could have been obtained without any trade
promotion, the optimal trade promotion would be much smaller than what would be
implied by a pass-through analysis that does not take into account the changes in
elasticity.

It is therefore critical to “control” for the retail price reduction that will occur even
without a trade promotion in order to measure the “true” pass-through for a trade
promotion in high demand periods. We therefore estimate a demand model which
allows for price elasticities to be different in high and low demand periods. This
enables us to compute the optimal within-category retail profit maximizing margin
conditional on the demand model. Note that since we do not model the cross category
effects within the demand model, this margin will not account for these potential
effects that the retailer will account for in setting the retail price. Nevertheless, it
allows us to “control” for the potential reduction in retail prices simply due to the
change in demand elasticity. Any further retail price reduction beyond what could be
attributed purely to the change in demand elasticity is attributed to the effect of the
trade promotion and measured as pass-through. We believe that this operationaliza-
tion of “pass-through” that we introduce in this paper is critical for manufacturers
to get an accurate picture of the efficiency of their trade promotion dollar across
time.

Given our interest in the effectiveness of trade promotions, we separate the whole-
sale price into two components: the “regular” wholesale price and trade deal discount.
Typically papers on pass-through (e.g., Bulow and Pfleiderer, 1983; Walters, 1989;
Tyagi, 1999; Kumar et al., 2001; Besanko et al., 2005) simply combine these into the
effective wholesale price. To be consistent with the spirit in which managers interpret
pass-through, it is important to separate the regular wholesale price and the trade deal
and measure pass-through by estimating how much of the deviation from the regu-
lar wholesale price is passed through to the end-consumer. Note that we treat price
increases differently from price decreases; this is important because trade deals are
typically thought of as price decreases. We illustrate our approach by analyzing two
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product categories—canned tuna and beer, both of which have well defined periods of
high and regular demand.

This paper is related to the paper by Chevalier et al. (2003) who investigate how
retailer and manufacturer prices change in high demand periods relative to low demand
periods. Chevalier et al. aggregate the data to a category level and work with a weighted
price index. This aggregation masks differences in price elasticity between high and
low demand periods. By estimating demand at the level of the product, we find
significant differences in elasticity between high and low demand periods. Chevalier
et al. find that retail pricing is consistent with loss-leader pricing and is not driven
much by changes in wholesale prices. The finding is consistent with the intuition that
we provided earlier that a small change in wholesale price might be accompanied by a
large change in retail price in periods of high demand if demand sensitivity is greater.

Researchers studying pass-through typically do not have access to the actual whole-
sale price in a given period, but only the accounting value of the current inventory. This
is generally considered a limitation to be lived with when measuring pass-through
(e.g., Chevalier et al., 2003; Besanko et al., 2005). However it should be noted that
researchers also do not have information about retailer inventories when studying
pass-through. Forward buying by retailers and residual inventories in a promotional
period can also bias pass-through measurement. We show in the paper that when
retailer inventories are unobserved (as is typical), the use of actual wholesale prices to
measure pass-through can lead to more biased estimates of pass-through than would
be obtaining by using the accounting value of retailer inventory in the current period
(average acquisition cost). Essentially, the use of inventory adjusted wholesale prices
ameliorates potential biases in the estimation of pass-through due to unobserved resid-
ual inventories and forward buying by using actual wholesale prices. Thus we provide
an argument in support for the use of the accounting value of inventory (a.k.a. average
acquisition cost) when measuring pass-through rather than actual wholesale prices
when retailer inventory is unobserved.

The paper is organized as follows: Section 2 introduces the empirical model and
details on how we measure pass-through. Section 3 discusses the estimation strategy.
Section 4 describes the data and the results. Section 5 concludes.

2. Model
2.1. Measuring pass-through

Academic research typically defines pass-through as a ratio of change in retail price
to a change in wholesale price in many studies i.e., pass-through g = 5—5 (Bulow
and Pfleiderer, 1983; Tyagi, 1999; Goldberg, 1995). One could empirically measure
this by running a regression of retail prices against wholesale prices (e.g., Besanko
et al., 2005). However as discussed earlier, this approach is of limited value in the
context of products with seasonal demand, where demand elasticity is known to
change between periods of high and regular demand. Retail prices are a function of
both demand and costs (wholesale price). Several papers have shown that demand
sensitivity falls during periods of high demand relative to periods of regular demand
(Warner and Barsky, 1995; Sudhir et al., 2005); therefore retail prices can fall even in
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the absence of a change in wholesale price in a period of high demand. However when
manufacturers cut their wholesale prices in periods of high demand due to the higher
elasticity, we may attribute all of the change in retail price to the change in wholesale
price and thus obtain a misleading and exaggerated measure of pass-through. Hence
it is critical to decompose the change in retail price that is (1) due to the change in
demand characteristics and (2) due to the change in wholesale price. Pass-through
then is simply the change in retail price attributable to the change in wholesale
price.

We use the following empirical strategy. We estimate a demand model which ac-
counts for differences in levels of demand and price sensitivity between regular and
high demand periods. We then account for the impact of changes in demand charac-
teristics on retail prices by computing the category profit maximizing margins that
would be chosen by the retailer in the regular and high demand periods. By subtract-
ing out this margin and regular wholesale price from the retail price, we are then
able to measure the change in retail price due to only change in the wholesale price.
We therefore look at the relationship between the Retail Price—Regular Wholesale
Price—Category Profit Maximizing Margin and change in wholesale price to measure
pass-through. We distinguish between a trade deal (reduction in wholesale price) and
an increase in wholesale price in the analysis.

2.2. Demand model

We use a random coefficients logit model of demand because it is parsimonious, while
at the same time it allows for flexible cross-elasticities between products. Dominick’s
(the retail chain whose data we use) practiced “zone pricing” policies, for certain
categories, where all stores within a pricing zone have the same prices. We therefore
develop the demand model by including zone specific effects, but will ignore zone
effects if Dominicks does not use zone pricing in a category. The conditional indirect
utility of consumer i for brand j at store s which belongs to zone z at period ¢ is then
given by:

Wijz = ¥y + T + %) (B + B H) = pjulef + o Hy)
+&i+ L (BF + B7H,) + €iju )

where y; is the mean preference for brand j, ;; is consumer i’s deviation in preference
from the mean preference for brand j, x; is the k-vector of observable characteristics
and marketing variables associated with brand j, P;., is the price of brand j in zone
z, at time ¢, H, is a dummy variable indicating the high demand period, &, are the
brand specific unobserved characteristics that vary from week to week, I, are the
zone dummies indicating the pricing zone and ¢;;; follows the standard Gumbell
distribution. Note that we allow for different sets of parameters for the high and
regular demand periods.

The brand specific unobserved characteristics (&) that vary across zones from
week to week can be due to factors at the market, zone level, or store level that are
not captured in the data. For example, this can be due to coupon availability, varying
shelf space positions in the store, merchandizing (other than features/displays which
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is observed) and any other week to week demand shocks (other than the seasonality
which is modeled).

We allow for correlation in individual preferences for different brands z;; by as-
suming:

T = ¢ + xjei, Ui ~ N, 1), e ~N(QO,1) 2

This specification is similar to the one used by Chintagunta (2002). The variance for
the brand preference for brand j is given by ¢ + xf whereas the covariance between
brand j and & given by x;xx.

To simplify notation, we define 6] = (o], ", B, B/, B/, B7°) as a column vec-
tor containing the individual-specific coefficients (non-brand specific). We further
decompose the individual parameters as follows:

0F =01 + i, 3)

where 6 is the mean of the individual-specific coefficients, and u; represents the
individual deviations from the mean. The individual deviations y; are assumed to be
independently normal.

wi= Z v;  where v; ~ N(0, I141), @

where X is a scaling matrix, and v; represents unobserved individual characteristics.
Assuming vector 6, = (vec(X), ¢, x;), combining Egs. (1) and (3), we have:

Uijzr = 8zt (Xjy Pjzrs Ejaes Lz Hys 01, Vi) + Wijo (X, Pzt Iy Hyy Uiy 02, Tij) + i
5

We assume that consumers maximize utility. Consumer i will purchase one unit
of j if for all k’s (including the outside good denoted by j = 0 and whose utility
is normalized to u;jo.;, = €04), kK # i if u; > wuy. We aggregate demand across
individuals to the zone level for the analysis. We define the region A;; as the set of
consumer unobservable variables that lead to the purchase of good j. Given population
distribution functions of v and ¢, denoted by P *(v) and P * (¢) respectively, and
assuming independence between these distributions, the market share of j in zone z at
time ¢ is given by:

$tCoars Pors 8t Oy T37) = / AP ()dP*(e) ©)
A

jzt

2.3. Retailer pass-through equation

As we discussed earlier, our strategy in estimating pass-through requires us to control
for differences in category profit maximizing margins during different periods of
demand and then see how changes in wholesale prices affect retail prices. It is easy to
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show that the vector of retailer’s category profit maximizing margins for the different
brands is given by:

-1

aslzt asZzt aSle
8plzt aplzl o 8plzt Szt
Bsm 85‘]21 S22t
mg. = — | 9pax o o 0p2z . 7)
aSlzt 8S2zt 38y N
aszl ap./zt R

To understand how a change in wholesale price affects retail price, we want to
isolate the effect of the change in wholesale price on retail price. For this reason we
subtract out (1) the regular wholesale price and (2) the category profit maximizing
margin at the regular wholesale price from the retail price, thus isolating the retail price
change due to the wholesale price change. We then estimate a regression with this
difference as the dependent variable against the changes in wholesale prices as well
as a number of control variables. Specifically we estimate the following regression
equation:

R R
Peje — Wiy —mg =AZ + X 4+ Yo 8)

where w?_ftg represents the regular wholesale price for the brand at time ¢ and mgl;;rg
is the category profit maximization price margin for brand j charged by the retailer in
zone z at time ¢ at the regular wholesale price.

We explain the rationale for the control variables in the pricing regression. Even
though we control for the effects of zone, manufacturers and features/displays in the
demand equation and thus through category profit maximizing margin, a retailer may
deviate from the normative category profit maximizing margin on the basis of zones,
manufacturers and features/displays. Such deviations may be due to (1) differences in
retail competition in the different zones, that we are unable to capture in the demand
model (2) differences in clout of different manufacturers which might cause certain
manufacturers to negotiate lower/higher prices for their products than what might
be warranted from a category profit maximizing price, or (3) due to differences in
unobserved side payments such as merchandizing allowances, which can affect the
extent to which features and displays are used for different products. We include these
variables in Z as a vector of control variables that can potentially affect retail prices
and allow for these effects to be different across low and high demand periods.

The key coefficients of interest are the pass-through coefficients associated with X.
In X we include the following: two variables indicating the extent of wholesale price
increases or decreases (note that we seek to identify any asymmetries in responses to
price increases/decreases) and interaction variables that interact the wholesale prices
increases/decreases with a dummy variable to denote whether this is a high demand
period. Note that price decreases enter the regression with a negative sign, and price
increases with a positive sign. Hence the coefficient associated with wholesale prices
increases/decreases represent pass-through in regular periods, and the coefficients
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associated with the interaction variables high demand periods indicate the difference
in pass-through relative to regular periods during periods of high demand.

Y., is the error term. A typical structural interpretation of this error term would
be that this is due to measurement error in the wholesale prices. However, given that
the estimated variance for this error is relatively large, a more plausible interpretation
is that this is due to error in retailer price optimization.!

3. Estimation
3.1. Estimation procedure

We use a two step estimation procedure to estimate the demand equation and the
pricing equation. We use the following estimation procedure first developed by BLP
(1995) and refined by Nevo (2000) to estimate the demand model. The demand
specification incorporates in the error term the presence of unobserved (by the econo-
metrician) characteristics. However, firms observe these characteristics and take them
into account when setting prices. Hence the error term in the demand equation is
correlated with price, creating an endogeneity problem. One therefore needs to use
instrumental variables to estimate the price coefficient without bias.

Since the error term &; enters the demand equation non-linearly, we need to trans-
form the equation such that the error term enters the estimation equation linearly in
order to apply standard instrumental variable estimation methods. The linearization is
done by using the contracting mapping procedure outlined in BLP (1995), by solving
for §;;.

87;1 = (SI;Zt + ln(SjZ[) - ln(sjzf(x9 Pzt S.Zt; 92» Tij)) (9)

To avoid computing logarithms, we follow the transformation suggested by Nevo
(2000). Dj: = exp(d;). Eq. (9) can be rewritten as

h
h+1 — D.fZISjZ[ (10)
E szl(-xa P:zts 8,:1‘; 927 rij)
We iterate this equation until it converges. Then, we compute
Ejzt = 8j24(02,7i5) — X240 (11)

We use Generalized Method of Moments (GMM) to estimate the demand model.
Assuming that the demand side instruments (z%) are exogenous, and therefore inde-
pendent of the error term, the moment conditions are E(z?&) = 0. Then, the GMM

'In our empirical analysis, we found that the variance of the wholesale prices was an order of magnitude
smaller than the variance in retail prices and the error term.
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estimator, given the moment conditions, is defined as.
. -1
min £'29(z9Qz) e (12)

where Q is the standard weighting matrix defined by E(£€").

This algorithm is circular because the weighting matrix €2 is a function of the
estimated parameters 6, and the estimated parameters 6 are a function of 2. We
therefore use an iterative procedure in which we assume some initial values for
0, then we compute 2. With this value of 2, we use the minimization procedure
(Eq. (12)), and repeat the procedure until convergence of 6.

We estimate the retailer pricing equation using linear regression, conditional on the
demand equation estimates. We first compute the category profit maximizing margin
conditional on the regular wholesale prices and the demand estimates by iteratively
solving the system of pricing first order conditions to obtain the margin.

Reg /  Reg
mg i (Wit 8z, Mo, 8;) (13)

where, s, represents the partial derivatives of shares as a function of prices. The
dependent variable in the OLS regression is:

Reg Reg s  Reg *
Vjet = Peje = Wisy —mg i (Wiif, Sjz, mo, s)) (14)

and the regression equation estimated is
Yjzt = BX + )"ijt + 1ybjzt (15)

The two stage estimation procedure is convenient in terms of computation because
it enables us to evaluate different sets of instruments on the demand estimates without
potential contamination from supply-side mis-specifications. The cost however is a
loss of efficiency. We estimated the final demand and supply equations simultaneously
using Generalized Method of Moments (GMM) as follows to test if our results are
robust. The GMM estimation procedure is as follows. Given the demand and supply
moment conditions E(z?&) = 0 and E(z*y) = 0, where z° — X', S7. Let L =
(&',¥'), 0 be the set of parameters to be estimated, and z = (ZO zq ). Then, the GMM
estimator, given the moment conditions, is defined as:

moing/z (zQz) ¢ (16)

Where € is the standard weighting matrix defined by E(¢¢’).2

2In previous versions of the paper, we used the joint GMM estimation for the supply and demand equations.
To address reviewer concerns about the effects of instruments on demand estimates and assess the validity
of the endogeneity correction on demand estimates, we estimated the demand and supply models separately.
Since the joint estimation results are not substantively different from the two step estimation results, we
report only the two-step estimation results in this version of the paper.

@ Springer



360 S. Meza, K. Sudhir

3.2. Instrumental variables

To deal with the potential endogeneity of retail prices, we use an instrumental variables
estimation approach. For instruments, we need to find variables that are correlated
with the price shocks, but are independent of the error term. We follow Chintagunta
(2002) in using wholesale prices as instruments for retail prices. The caveats discussed
in Chintagunta (2002) also apply to our use of wholesale prices as instruments. Addi-
tionally, in our context, one could argue that manufacturers who recognize differences
in retail pass-through behavior may allocate their trade allowances for merchandizing
and set wholesale prices differently during peak demand periods. To the extent that
the effect of such trade allowances is captured by the observed features and displays
at the store, we control for these effects in the demand equation and wholesale prices
can be valid instruments.

However if advertising levels which are unobserved in our data are different across
high and low demand periods, this can be a potential problem as acknowledged
in Chintagunta (2002). Tuna is not a highly advertised category; hence this issue is
unlikely to be a problem in the context of tuna. But beer is a highly advertised category
and we acknowledge that both wholesale and retail prices can be correlated with this
unobserved effect.

Another concern is that manufacturers may also respond to week-week variation
in chain demand. A key assumption in using wholesale prices as an instrument is
that manufacturers may not be as aware of the changes in local demand conditions
as the retailer is. However, as stated above, if the change in demand conditions on a
week-week basis is related to advertising, the use of wholesale prices as an instrument
can be problematic.

Unfortunately we do not have data on advertising and do not have access to other
instruments. So we follow other researchers (e.g., Chintagunta, 2002; Chintagunta
et al., 2005) in using wholesale prices as an instrument. BLP (1995) consider the
average of product characteristics of competing products as instruments. Sudhir (2001)
uses a similar average but uses only the characteristics of closely related products in
computing the average (i.e., items belonging to the same segment). We estimate models
with (1) no endogeneity correction (2) only wholesale prices as instruments and (3)
wholesale price and the average wholesale prices of similar products and compare the
extent of endogeneity correction using these alternative set of instruments.>

4. Empirical analysis
4.1. Data

For measuring pass-through, we need information on wholesale prices as well as retail
prices. While retail price information is generally available in most scanner datasets,
the Dominicks Finer Foods (DFF) database at the University of Chicago is unique in
that it also provides information on wholesale prices.

3For tuna we used the price per oz for 12 oz cans, for beer we used the price of bottled beer etc.
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4.1.1. Category choice

We select two categories from the Dominicks database for this study: canned tuna and
beer. As described in the introduction, these two categories have clear periods of high
demand. We use these two categories for our analysis because they have naturally
occurring high demand periods every year. Tuna is in high demand during the 40 day
period of Lent, when religious Christians do not eat any form of meat. The only meats
they are allowed to eat during this period are those of fish and mollusks. Therefore
consumers heavily substitute tuna for meat during this time. On the other hand, beer
has several peak demand periods over the year especially during holiday weeks:
Memorial Day, July 4, Labor Day, Thanksgiving and the two weeks surrounding
Christmas and New Year. The Super Bowl week is also a high demand period. These
two product categories are different in another important respect. The high demand
period for tuna is idiosyncratic to the category and therefore the retailer does not have
much potential benefit from cross-category sales. Further, since Christians substitute
the low margin tuna category for the higher margin meat products, this high demand
period for tuna can lead to potential negative cross-category effects. In contrast, the
high demand periods for beer also tend to be high demand periods for a wide range of
grocery product categories, especially other food and snacks. Thus the potential for
cross-category sales is much higher with beer.

Tuna has two distinct sub-categories of products: Chunky Light and Solid White.
According to a top executive of Starkist, that we interviewed for this paper, Chunky
Light is one of the cheapest sources of proteins in the market and retailers usually
therefore sell it as a “loss-leader.” In contrast, “Solid white” tuna is a premium
product because it comes from a less common species of tuna fish: albacore. Albacore
tunas do not swim in tight schools like other tuna species and therefore is more costly
to capture an equivalent amount (more information about the different tuna species
available at www.bumblebee.com). Hence they are typically sold as a regular product.
We exclude minor sub-categories such as diet, white chunk, low sodium and prime
tunas and low share brands from the analysis. We do not distinguish between water
and oil-based tuna because there are no price differences between the two. We restrict
our analysis to the most popular 6 0z can category.

In the beer category, we found that the 24 can pack targeted to the “heavy user”
segment was promoted as the loss-leader product across the major brands, while the
12 can pack was sold at higher margins. We exclude the 6 packs which have a very
small share from the analysis.

4.1.2. Data issues

The DFF database consists of 400 weeks of data in 94 stores in the Chicago area
grouped in pricing zones. The pricing zone policy implies that all the stores in
a given zone have the same price. The use of pricing zones allows some level
of differentiation in the marketing mix between stores with different demograph-

4 A manager of Starkist confirmed that retailers typically use “Chunky Light” as a loss leader because of its
appeal to the price sensitive segment as the cheapest source of protein. Consistent with this, we also found
Safeway and Kroger only used “Chunky Light” in their feature inserts.
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ics and competitive positions, but keeps the complexity of setting prices man-
ageable. While Dominicks used three pricing zones for the tuna category, they
used an umbrella price across all stores in the beer category. Hence our re-
tail pricing model will be at the zone level for tuna and at the chain level for
beer.

There are three data issues that we need to resolve: First, trade deal informa-
tion is not available in the data set and therefore needs to be inferred. The ba-
sic idea is to measure deviations of the current wholesale price for each period
with respect to a reference wholesale price that represents the “regular wholesale
price.” We evaluate two alternative methods of inferring regular prices: (1) the av-
erage price of the year and (2) the moving average of past prices (a description
of the two measurements is included in Appendix A). For the tuna category, sim-
ilar results are obtained for both criteria. In the beer category, since periods of
high demand were never longer than two weeks, it was not possible to compute a
moving average and we therefore use only the annual average price for the beer
category.

Second, wholesale price is computed based on the accounting value of the
current inventory and not on the wholesale price of the product for the current
week. Most researchers have treated this as the actual wholesale price in the cur-
rent week (e.g., Chintagunta, 2002; Chevalier et al., 2003; Besanko et al., 2005).
We show in appendix B, that while this is not ideal, given that retailer inven-
tories are unobserved, the use of such an inventory adjusted wholesale prices
ameliorates potential biases in the estimation of pass-through due to unobserved
residual inventories and forward buying. See Blattberg and Levin (1987) for a
model which uses shipment and inventory data in studying effectiveness of trade
promotions.

Third, since consumers generally stockpile tuna when there is a deal, inter-temporal
measurement issues can be important. Static choice models (as used in this paper)
have been shown to infer higher weekly promotion elasiticities in the presence of
stockpiling (e.g., Sun et al., 2003) using individual level data. However it is virtually
impossible to identify dynamics using aggregate data as in our case. In order to
mitigate any issues of stockpiling at the individual level that might affect elasticities,
we temporally aggregate the data. Since manufacturers offer deals for the entire 6-
week period of Lent, we aggregate the tuna data over 6 week periods and perform the
analysis. We also checked the results with aggregation over 3-week periods and the
results are similar. Since the stockpiling problem is not as acute for beer, and the peak
periods are typically less than two weeks, we analyze the beer category at the weekly
level itself.

To obtain the share of outside good, we need an estimate of total potential market
size. We compute the total potential market size as follows: In the case of tuna, we
assumed that each household member can potentially consume 1 serving per day
on 10% of the days. One serving is estimated as two ounces (according to nutrition
information on the Starkist (the leading tuna brand label). The potential market (in
ounces) is then obtained by multiplying the customer count (the average number
of households in each zone) and the percentage of days the consumer consumes
canned tuna. For beer, we use a similar procedure starting with the average annual
consumption of beer for adults in the U.S. Then we convert that number into the
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Fig. 1 Average weekly sales, retail and wholesale prices for the tuna category regular periods and lent
during the six periods of the data set

weekly consumption of beer in ounces and multiply it by the number of adults that
visited the chain in a given week.

4.2. Descriptive analysis

We first provide preliminary descriptive analysis for the two categories that we use in
our analysis, before discussing the estimation results.

4.2.1. The tuna category

Figure 1 reports the weekly average of the sales of the tuna category for DFF over six
years from September 1989 to May 1995. We aggregate the data into regular weeks and
the six weeks of Lent in the figure. The average weekly sales of regular periods are fol-
lowed by the average weekly sales during Lent. While the average sales doubles during
the weeks of Lent, the wholesale and retail prices fall dramatically. Thus contrary to the
simple conventional wisdom that prices should rise in periods of high demand, we find
a dramatic reduction in average wholesale and retail prices during the high demand
periods.

Table 1 summarizes the sales and prices of Chunky Light and Solid White tuna at
the brand level. The average sales per week during high demand periods are roughly
three times the sales relative to regular periods.

The wholesale and retail prices for Chunky Light decreased during Lent for all
brands. However the margin increased for all brands except Starkist. This suggests
that the retail prices did not fall as much as wholesale prices for this sub-category.
This is particularly surprising, given the results in Chevalier et al. (2003) that the fall
in retail prices during high demand periods is much greater on average than the fall
in wholesale prices. The proportion of brands sold on promotion increased overall
during Lent, but this was not true for all brands.
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Fig. 2 Average weekly sales, retail and wholesale prices for the beer category 1991-1992

For Solid White tuna, the price changes during Lent had a different characteristic.
Retail and wholesale prices changed relatively little on average relative to the regular
demand period. However, this does not mean that there were no changes in wholesale
prices. In fact we find that during the period of Lent, trade deals were offered more
often (31% in Lent, 6.5% in regular periods), but wholesale prices were increased
more often as well (13% in Lent, 6.9% in regular periods). Thus the variability in
prices was greater during the Lent period. On average, the margins were greater and
the proportion of brands sold in promotion dramatically increased.

4.2.2. The beer category

Figure 2 shows the weekly sales of beer for the period 1991-1992. Beer has several
peaks of demand during the weeks of special holidays of the year that typically last
from one to two weeks. Note that it is critical to our analysis that we recognize that
the increases in sales are not merely due to the reduction in prices, but due to a
fundamental increase in demand for these products. These high demand periods also
have the lowest retail and wholesale prices.

From Table 2, we see that the 24-can beer pack is generally sold as a loss leader
with margins very close to zero or even negative. The 12-can pack is sold as a regular
product and has higher margins. The high demand weeks (about 10 weeks per year)
account for more than 50% of the total sales in the remaining 42 weeks. For both the
12 pack and 24 pack, retail and wholesale prices fall during periods of high demand.
But as opposed to the tuna category, the retail margins also fall. Hence it appears
that the retailer pass-through is more on average during high demand periods. But we
need to control for the effects of changes in demand elasticity, it is not possible to say
whether pass-through is indeed greater in high demand periods.
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4.3. Estimation results
4.3.1. Demand

We first report and discuss the demand equation estimates for the tuna and beer
categories, before the results on retailer pass-through. The demand estimates and
elasticity matrix for tuna reported in Tables 3 and 4 respectively. The corresponding
tables for beer are in Tables 5 and 6 respectively. As discussed earlier, we control for
zonal differences in demand equations for tuna, because tuna prices are set differently
for each zone. Since beer prices are common across zones, we estimate the demand
and supply equations at the chain level for this category.

We first discuss the tuna results. The first column of Table 3 reports the results
without endogeneity correction; the second column reports results using only whole-
sale prices as instruments; the third column reports the results with both wholesale
prices and average wholesale prices of other similar products. We find the greatest
price endogeneity correction in the third column; the results are similar on the other
variables. We report the first-stage R? for the price regression against the instruments
and the corresponding F-statistics below each column. The R? and F-statistics indi-
cate that the instruments have reasonable explanatory power in explaining the retail
prices.

We find that preference for tuna increased in all three zones during the period of
Lent as reflected in the zone-Lent interaction variables. The demand for tuna is greatest
in zone 2 in the regular period and it also has the greatest increase in demand during
the period of Lent. This is perhaps due to the fact that this region has the median level
of income among the three zones. Zone 1 consumers have the lowest level of income
and therefore consume the least amount of tuna, while Zone 3 consumers with higher
income levels perhaps buy more expensive fish rather than tuna. Starkist (which is
treated as the base brand) has the highest relative coefficient in the demand equation,
consistent with its high market share. There was also significant heterogeneity in
preferences for the different brands. We found that the preferences for brands were
relatively independent, as reflected in the insignificant estimate of the covariance in
preferences across brands.

“Solid White” has a positive coefficient relative to “Chunky Light” as expected, but
during Lent this relative preference increases even further indicating that a number
of people who shift from other meats to tuna are in fact shifting more to “Solid
White.” The presence of features and display promotions increased demand for the
category during regular periods. Even though feature and display has a negative and
significant coefficient, the net effect during Lent is not significantly different from
zero.> Consumers who now actively search for good prices do not need features or
displays as much to get their attention to the price cut.

The price coefficient is significantly negative as expected. Further price sensitivity
increases during the period of Lent. This is also reflected in the average elasticity
matrices for regular periods and Lent reported in Table 4(a) and (b) respectively.

5We estimated the model with Feature*(1-Lent) and Feature*Lent and find the Feature*Lent is not signifi-
cantly different from zero.
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The average elasticity for Lent increased by about 50% compared for regular
periods.

The beer results are reported in Table 5. The first column reports the results with-
out endogeneity correction. The second column report the results with endogeneity
correction using own wholesale prices and prices of other brands.® We see a dis-
tinct endogeneity correction in the price coefficient upon performing the endogeneity
correction. The preference for beer increased during holidays as expected by the in-
creased demand during these periods. Reflecting the niche nature of “Lite” products,
we find that there is a significant mean negative coefficient for “Lite.” As expected,
feature and display promotions increased demand for the products and its effects did
not change during the high demand periods.

Price coefficient is significantly negative as with the tuna category, and the price
sensitivity increased during the holidays. This is also reflected in the average elasticity
matrices for regular periods and holidays reported in Table 6(a) and (b) respectively. In
fact the increase in price elasticity was substantially higher (around 200% on average)
for a discretionary product like beer than for tuna, which at the category level became
much more of necessity during the period of Lent for Christian consumers. So the
increase in price sensitivity for Lent must have come from increased price search
across stores by consumers buying large quantities, whereas the increase in price
sensitivity for beer might be due to category expansion to the more price sensitive
customers as well as due to increased price search.

It is particularly important that we find that the price sensitivity is greater in high
demand periods consistent with the theoretical claim of Warner and Barsky (1995)
and the empirical results reported in MacDonald (2000) and Sudhir et al. (2005). As
discussed earlier, it makes it critical that we consider the effect of changes in demand
elasticity on retail prices independent of changes in wholesale prices. Not accounting
for this effect will cause us to mis-estimate the level of retail pass-through in the
market.

Interestingly, Chevalier et al. (2003) find that there are no differences in elasticity
between high and low demand periods using the same data. However, the key differ-
ence between our analysis and theirs is that our analysis is at a disaggregate level,
while they used an aggregate category level demand and a share-weighted price in
estimating the demand. We also find that an analysis of aggregate demand leads to
no differences in elasticities between high and low demand periods, suggesting that
the aggregation masks differences in elasticity because it averages out price changes
across brands. Our results based on disaggregate data is able to disentangle the differ-
ential impact of price changes across different brands and thus identify the change in
price elasticity.

4.3.2. Retailer pricing
We present the estimates of the retailer pricing equation in Tables 7 (for the tuna

category) and 8 (for the beer category). We first discuss the results for the tuna
category.

5The model with only wholesale prices as instruments did not converge for the beer category.
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Table 7  Retailer pricing-Tuna

Model 1

Model 2

Pass through-chunky
light

Pass through -solid
white

Zone chunky light

Zone solid white

Feature display

Mfr dummies and lent

WP Increase

WP Decrease

WP Increase x Lent
WP Decrease x Lent
WP Increase

WP Decrease

WP Increase x Lent
WP Decrease x Lent
Zone 1

Zone 2

Zone 3

Zone 1 x Lent

Zone 2 x Lent

Zone 3 x Lent

Zone 1

Zone 2

Zone 3

Zone 1 x Lent
Zone 2 x Lent

Zone 3 x Lent
Chunky light
Chunky light x Lent
Solid white

Solid W x Lent

—0.270  (0.354)
1.720*** (0.235)
0.891  (0.558)

—0.905*** (0.261)
0.079  (0.201)
0.129  (0.204)
0.519  (0.507)
1.027** (0.401)

—0.375** (0.015)

—0.431*** (0.016)

—0.321*** (0.017)
0.107** (0.044)

—0.273** (0.046)

—0.036  (0.047)

—0.412** (0.014)

—0.627** (0.015)

—0.419*** (0.015)
0.419*** (0.063)

—-0.017  (0.067)
0.297*** (0.068)

—0.177** (0.028)
0.067  (0.072)

—0.131*** (0.025)
0.007  (0.092)

No

—0.238  (0.338)
1.769*** (0.224)
0.659  (0.538)

—0.929*** (0.251)

—0.048  (0.192)
0.006  (0.195)
0.782  (0.493)
1.134*** (0.382)

—0.403*** (0.017)

—0.460™** (0.018)

—0.349*** (0.018)
0.084* (0.048)

—0.294*** (0.050)

—0.058  (0.050)

—0.456™** (0.016)

—0.671*** (0.016)

—0.463*** (0.016)
0.422*** (0.066)

—0.013  (0.069)
0.300*** (0.070)

—0.175%** (0.027)
0.045  (0.070)

—0.151*** (0.024)
0.015  (0.089)

Yes

interactions included

For tuna, we report two sets of results: one without manufacturer effects and one
with manufacturer effects.” The most interesting results for our purposes are the
impact of trade promotions (or wholesale price decreases) and these pass-through
effects are robust across the specifications. We will discuss the results based on Model
2 which includes manufacturer effects further.

The pass-through for price decreases is 177% for Chunky Light, but not signif-
icantly different from zero for Solid White Tuna in regular periods. Thus the pass-
through for a loss-leader is substantially higher than for products sold as a regular
product. However, during the period of Lent, the retailer cuts down on pass-through for
the Loss leader product to about 84%. In contrast the pass-through for solid white tuna
goes up to 114%. Thus during high demand periods, both products receive approx-
imately equal pass-through of about 100% where all of the reductions in wholesale

7The manufacturer effects include manufacturer dummies and manufacturer-lent interaction effects. Note
that potential cross pass-through effects are already accounted for in the category profit maximizing margin.
Based on areviewer’s suggestion, we checked if our results are robust to including wholesale prices of other
brands (i.e., cross-pass-through effects). The inclusion of the cross-wholesale price increases the number
of estimated coefficients and therefore the zone effects became insignificant in this specification. However
the substantive insights about pass-through effects continue to be similar. Since we did not find store traffic
effects to be significant in the tuna category, we have not included these in the reported regressions; we
however report the effects for beer.
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Table 8 Retailer pricing-beer

Model 1 Model 2 Model 3
Pass WP Increase —0.053 (0.299) 0.027 (0.284) 0.013  (0.284)
through-24
can
WP Decrease 2.107*** (0.312)  1.900*** (0.297) 1.888*** (0.297)
WP Increase x Holiday 0.805 (0.599) 0437 (0.573) 0.449  (0.573)
WP Decrease x Holiday —0.680 (0.599) —0.240 (0.571) —0.216  (0.571)
Pass through ~ WP Increase 0.404 (0.807) 0.075 (0.773) 0.068 (0.773)
-12 can
WP Decrease —0.231 (0.443) —0.299 (0.422) —0.331 (0.423)
WP Increase x Holiday 2.538 (1.796) 2212 (1.739) 2.007  (1.746)
WP Decrease x Holiday 0.385 (0.681) 1.071 (0.662) 1.093*  (0.662)
Feature 24-Can Pack —2.501*** (0.054) —2.440"** (0.053)  —2.439*** (0.053)
display
24-Can Pack x Holiday 1.037** (0.115)  0.594*** (0.135) 0.595*** (0.135)
12-Can Pack —2.728%* (0.080) —2.531*** (0.078)  —2.528*** (0.078)
12-Can Pack x Holiday 1.365*** (0.168)  0.798*** (0.180) 0.793*** (0.180)
Proxy for Store traffic —0.099*** (0.010)  0.339** (0.145) 0.495*** (0.187)
competition
Store traffic x Lent —0.391  (0.297)
Mfr dummies No Yes Yes
and holiday
interactions
included

prices are passed on to the consumer. But during regular demand periods, the retailer
virtually does not pass-through any discounts for Solid White, but amplifies any trade
promotion and almost doubles the discount offered by the manufacturer to the retailer
for Chunky Light. The pass-through for price increases are not significantly different
from zero.

We also estimate multiple specifications of the pricing equation for beer. Given
no difference in prices across zones, we do not estimate zone effects for beer. But we
include store traffic as an additional control variable in the estimation. Model 1 does
not include manufacturer effects, while Model 2 includes manufacturer effects. In
addition, Model 3 checks if store traffic effects are different across regular and high
demand periods. As with tuna, the impact of trade promotions (or wholesale price
decreases) and the pass-through effects which are the focus of the paper are robust
across specifications. However, not including manufacturer fixed effects appears to
significantly bias feature/display and store traffic coefficients, suggesting that there
are systematic differences in how different manufacturers used features/display or
respond to periods of store traffic. We further discuss the results of Model 3.

The pass-through for wholesale price decreases is 189% for the loss leader 24 can
pack, but insignificantly different from zero for the 12 oz pack in regular periods.
Thus the pass-through for a loss-leader is substantially higher than for products sold
as a regular product. However, during the peak holiday period, the pass-through for
12 can pack goes up to about 109% (this effect is only marginally significant at p
< 0.1), which is very similar to the number for tuna during peak periods. The only
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difference we observe is for the loss-leader product in the beer category. Here we
do not find a significant change in pass-through for the high demand period, though
we note that the coefficient is negative (similar to tuna). As with tuna, an increase in
wholesale price during regular periods is not passed through by the retailer, resulting
in an insignificant coefficient for both the 12 and 24 can packs.

The results here are different from Besanko et al. (2005), who state that they
did not find any significant differences in pass-through between regular and high
demand periods and therefore report only the average pass-through rates. One pos-
sible reason is that they used data for only one year (52 weeks) and therefore did
not have enough high demand periods in their data. We have data for 400 weeks
(nearly eight years) and this helps us to identify the differences in pass-through be-
tween high and low demand periods. Future work seeking to identify differences
between high and low demand periods should use long time-series that encompass a
reasonable number of high demand periods in order to detect statistically significant
differences.

Further, our analysis shows that it is important to distinguish between wholesale
price increases and decreases. Our results suggest that retailers do not pass through
wholesale price increases as much as they do price decreases. If this asymmetry is
not taken into account and one uses the net price (as in Besanko et al., 2005), we will
downward bias the average pass through for price decreases (i.e., trade deal).

5. Discussion

Our pass-through results indicate an interesting dichotomy. During regular demand
periods, only the loss-leader products receive a high pass-through for trade promotions.
During high demand periods, both loss leader and regular products receive pass-
through. Thus one might argue that pass-through is “narrow” i.e., limited to loss-
leader products which drive store traffic, while in high demand periods, pass-through
is “broad”, i.e., extends to both loss-leader and regular products. Thus retail prices are
highly responsive to wholesale price discounts in high demand periods, because of
the increased price sensitivity of consumers during this period. This effect is general
across the two categories we investigated.

A second effect we notice is that loss-leader pass-through fell during the high
demand period for tuna, but pass-through did not fall for the loss-leader in the beer
category. What might be the cause of this difference? An explanation can be found
in the nature of the peak demand period described by Chevalier et al. (2003). They
argue that tuna’s peak demand is idiosyncratic to the category, i.e., its peak sales does
not correspond to peak sales of other categories. In fact, peak tuna sales might be
accompanied by decline in sales in such high margin categories such as meats. In
contrast, beer’s peak demand is a general high demand period, i.e., it is accompanied
by higher sales for several other snack categories. Hence the loss-leader nature of
beer continues to be highly effective in its peak demand period, because the increased
store traffic, will result in higher margins in other categories. This explains why
pass-through does not fall for the beer loss-leader. In contrast, for tuna which has an
idiosyncratic peak, the loss-leader effect of tuna is moderated by the loss in profits from
other categories due to the substitution of other product categories. Hence during the
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high demand period, the retailer reduces the pass-through for the loss-leader product,
by just passing through whatever wholesale price discount it obtains, but not double
this discount as it does during regular periods.

In sum, we see evidence of a “narrow but deep” pass-through strategy during
regular demand periods. In high demand periods, we see a “broad but shallow”
pass-through strategy. The extent of the shallowness depends on whether the increase
in demand for a category in the peak demand period is accompanied by increase in
demand for other categories as well or not.

6. Conclusion

Many products are highly seasonal and therefore exhibit significant variation in de-
mand over different periods. In this paper, we introduced the argument that pass-
through measurement needs to account for differences in levels of demand in order
to provide managerially meaningful estimates and interpretation. We therefore inves-
tigated how retail pass-through changes during periods of high demand for different
sub-categories of products. We recognize that retail prices can fall simply due to
changes in price elasticity without any change in wholesale price and therefore it
is necessary to control for these differences to meaningfully estimate pass-through.
We find that there are substantial differences in pass-through across products that
are considered as loss-leaders relative to regular products; further the pass-through
differences are different depending on seasonality.

In regular periods, only products that are perceived as loss-leaders (or help drive
store traffic) by the retailer receive high pass-through. Hence these brand manufac-
turers should offer trade promotions more often on their loss-leader products relative
to regular products during high demand periods. Trade promotion dollars are very
effective during this period, because retailers amplify the discount to the retailer. In
the two categories we study, passthrough for the loss-leaders was as high as 177% and
189%. But in high demand periods, manufacturers are in general likely to obtain rea-
sonable pass-through on both regular and loss-leader products, hence it makes sense
to provide trade promotions for regular products only during high demand products.
But the passthrough for the loss-leader product falls down to 84% and 167% from
177% and 189%. Thus we claim that for products with idiosyncratic peaks in demand,
retailers follow a narrow but deep pass-through strategy for regular demand periods,
but a broad and shallow pass-through strategy for high demand periods. Product cate-
gories which have sales peaks that are coincident with other categories, will also find
a broadening of pass-through; however their loss leaders continue to maintain their
high pass-through in high demand periods.

In sum, we learnt that it is critical to account for changes in price sensitivity
during the high demand periods. Otherwise, we may overestimate the benefits of trade
promotions. We find that pass-through changes differently for different categories of
products during different periods. Hence an understanding of retailer objectives for a
category can aid in understanding how its pass-through will change during different
periods.

Current research on pass-through, which estimates an average level of pass-through
over the entire year, may seriously underestimate pass-through in certain periods, while

@ Springer



Pass-through timing 377

they overestimate it during other periods. For example, our results suggest that prod-
ucts either get high pass-through or not depending on whether it is a regular period or
high demand period. A measurement technique which does not account for differences
in pass-through during different demand periods will obtain an intermediate estimate
of pass-through. Our research offers insights on when trade promotions are likely to
be effective for different categories of products, thus making trade promotions more
effective overall.

Further, our analysis shows that it is important to distinguish between wholesale
price increases and decreases. In earlier pass-through research (e.g., Besanko et al.,
2005), the net price is used in the analysis. Our results suggest that retailers do not pass
through wholesale price increases, but pass through price decreases. If this asymmetry
is not taken into account, we will downward bias the average pass-through for price
decreases (which is of critical interest to manufacturers offering trade promotions).

6.1. Limitations and future research

Our research and findings are based on one retailer. Data on wholesale prices are
hard to obtain, so performing this analysis is hard from an academic research point of
view, by replicating across multiple retailers. Nevertheless, it would be useful if these
results are validated across other retailers an in other categories in future research.

Our analysis of two categories allowed us to find consistency in the results along
multiple dimensions. However one major difference is that while for beer, loss-leader
products continued to obtain amplified pass-through (close to double the trade discount
was offered to consumers) in high demand periods, we found that pass-through went
down for loss-leader products in the tuna category. We explained this difference on
the basis of the idiosyncratic increase in sales in tuna during peak demand, while
sales peaks for beer were accompanied by higher sales in other product categories as
well. It would be worthwhile in future research to replicate these findings in other
categories.

In future research, it would be best if we can obtain more precise measures of regular
wholesale prices and trade promotions as well as greater detail regarding the forward
buying activities of the retailer to more accurately measure pass-through. Even though
the smoothed measure of wholesale prices helps us obtain reasonable measures of
pass-through even in the presence of stockpiling and unobserved inventories, it would
be best if we had the data on these so as to investigate more precisely the impact of
forward buying and stockpiling activities on the impact of trade promotions.

7. Appendix A: Inference of trade deals

One limitation of the DFF’s data set is that it does not include trade deal information.
Trade deals or trade promotions can take different forms: off-invoice allowances, bill-
back allowances, flat allowances, free goods, display allowances, free goods, display
allowances, and inventory financing (Kumar et al., 2001). However given that we
have information on wholesale price; a great part of these promotions can be inferred
from the data by detecting temporary significant reductions in the wholesale price.
This method of inference implies that we restrict our study of trade promotions to
only wholesale price discounts. Fortunately, according to some researchers (Blattberg
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and Neslin, 1990; Hess et al., 1995) more than 90% of trade promotions involve
off-invoice allowances.

The idea behind the inference of trade deals is simple: We compare the wholesale
price in a week against a “regular price”, which is also inferred based on some average
price over a longer period of time. When the measured price decreases a substantial
amount below the regular price we infer that there was a trade promotion.

First how does one infer “the regular price”? We used two alternatives: (1) the
average price over one calendar year and (2) a moving average of past prices. For tuna,
we obtained similar inferences of trade promotion periods using both measures. For
the beer category, it was not possible to compute a moving average since the holiday
periods are very short (2 weeks), that the trade promotion discount substantially
affected the moving average and thus was unable to serve as a reasonable proxy for
regular prices. We now discuss how we infer whether there is a trade promotion during
a particular period using the two alternative definitions of “regular price.”

(1) Regular price is the average price of the year: As discussed, we compute the
regular price as the average price during the year. We also compute the standard
deviation of prices for each year. Assuming a normal distribution for prices, we
then classify a period as having a trade promotion if the deviation from the regular
price was 1.645 times the standard deviation. This implied that there exists more
than a 90% probability that there is indeed a substantially different deviation from
the regular price. We also tested other levels of probability in determining trade
promotions (95%; 85%) and our reported results are robust.

(2) Regular price is moving average price: In this case, we computed the regular
prices as a moving average of the wholesale price for each period. The moving
average is defined as:

wy = aw; + (1 —a)w,, — 1

The notion is that the retailer updates the reference (or regular price) for each period.
We tested the robustness of the results for different values of «. We then classified
each period as a trade promotion period if the price deviates from the regular price by
more than a threshold value (which is a certain percentage of the regular price). We
tested the robustness of the threshold by varying the percentage from 5% to 12.5% of
regular price.

8. Appendix B: Measuring pass-through in the presence of residual retailer
inventory and forward buying

In measuring pass-through, the literature typically assumes that all the products sold
by the retailer in a given period are purchased entirely at the wholesale price negotiated
for that period. However this seldom happens in the real world. Retailers may have in
stock, products purchased in earlier periods at different prices—residual inventory, or
retailers may also take advantage of a trade promotion today to sell in future periods—
forward buying. To capture the actual pass through of trade deals, one should correct
for the effects introduced by both the residual inventory and the forward buying.
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This requires information on what share of stock was acquired at each price. This
information is rarely available to researchers and typically not readily available even
to retailers, who maintain the accounting values of their inventory using rules such as
LIFO or FIFO.

Dominick’s measurement of wholesale prices follows such a smoothing procedure.
The Average acquisition cost (AAC) is measured as:

P f
ny -w; + 17 - AAC,_4
AAC,; = : (A.1D)
nf—}—],{l

n!: purchase at time f; w,: wholesale price at time £ I,f : inventory at the final of
time ¢.

The AAC represents a weighted average of the present wholesale price and the
previous period’s AAC. The consensus in the extant literature is that the absence of
actual wholesale price information biases the estimates of pass-through. We show that
using AAC (rather than the actual wholesale price) for pass-through measurement
can help reduce the potential bias in estimating pass-through due to residual inven-
tory and forward buying effects, when inventories are unobserved using two special
cases.

1. Residual inventory. Assume that in period ¢ there is a residual inventory of 1,’: 1
If during this period, a trade deal is offered at a discount (Aw) from the regular
wholesale price and the retailer purchases 7 units. Suppose the retailer sell all
units (I[f_ , +n?) to the end consumers at a reduced retail discount of price Ap.
The actual measure of pass through for period ¢ that we are interested in is the one
measuring the proportion of the trade deal to the retailer that is passed through to
the end consumers or:

_ total deal to consumers _ Ap; (”zp + I,f_l)

total deal toretailer Aw,n?

(A.2)

Suppose we don’t have information on inventory or purchased quantities, but we
observe the actual trade deal discount (Aw; = wgre, — W;). A measure of pass-
through in period ¢ that is commonly used is the ratio of change in retail price to
change in wholesale prices:

_ Ap;
Aw,

B (A.3)

Comparing (A.3) with (A.2), we see that (A.3) consistently underestimates the
actual value of the pass through. Therefore even if wholesale prices were available
but not inventories, this measurement is not adequate for measuring the pass
through.

We show that using AAC’s, available in our data, we can get a more accurate
measure of pass through.
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With AAC, rather than actual wholesale price, the pass-through in period ¢ is:

Ap
,31 = d

- A4
AAAC, (A4)

Let AAC; be the average acquisition cost in period ¢. From (A.1), the deviation in
average acquisition cost of period 7 from the regular acquisition price (AACRe,) is
given by:

P(AACgeg —
AAAC, = AACreg — AAC, = w (A.5)
nf + 1.,

Substituting (A.5) in (A.4) we get:

Ap - (”f + Irf—l)

) (A.6)
nl' (AACReg — wy)

ﬂ:

Since AACReg = Wreg, 1.€., the average regular acquisition cost of inventory should
roughly equal the regular wholesale price in the long run, Eq. (A).6 (and therefore
A.4) gives a measure of pass-through which is roughly equal to the true pass-
through in (A.2). It is especially important to note that (A.4) will be a less biased
measurement of the pass through, compared to (A.3) which consistently underes-
timates pass-through (even though it is based on the actual wholesale price in a
given period).

2. Forward buying. Consider the case in which the retailer forward buys products to

be sold one period ahead. In this case we need to relax in Eq. (A.2) the assumption
that the entire inventory is sold at time 7. Instead consider the case when only 7}
where (n < nf + IL 1) units will be sold in that period.
To focus purely on forward buying in a period assume: (1) that there is no inventory
from the previous period or I[f_ , =0, (this also implies 7} < n?); (2) that the
wholesale price in period ¢ + 1 is not discounted, i.e., w;, is the regular price; (3)
that the retailer sells the remaining inventory n! — n? in period # + 1, and makes
no new purchases in period t + 1. The true average measure of pass through for
period ¢ should consider sales over both periods and is given by:

5 = Apint + Apigy (nf — ni)
=

A7
Aw, - nf (A7)

Suppose we don’t have information on inventory or purchased quantities, but we
observe the actual trade deal discount (Aw), then we would use a similar pass-
through measure as in (A.3). The average pass-through over the two periods would
be:

ﬂ[=l<APr n AP1+1) (A8)

Aw,  Awip
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Since n; < n,p and Aw,1; < Aw, (i.e., a trade promotion tends to be followed
by a higher wholesale price), this measure would systematically overestimate the

pass through.
If instead, we use Average Acquisition Cost (AAC) to estimate pass-
through, then since Itf_1 =0, 1/ =n/ —nj, and n/; =0, we can show

that AAAC; = AACRreg — AAC, = AACRe, — w; and  AAAC, 4| = AACRe, —
AAC, ;1 = AACReg — w;. Thus

_ 1<AP1+APt+1) (A.9)

ﬁt - 5 AACReg - w;

While (A.9) using average acquisition cost is not identical to the true pass-through
of (A.7), it is a better approximation to (A.7) than (A.8) which is based on observing
the actual wholesale prices, but not accounting for forward buying. The intuition is
that the carryover of the lower wholesale price de-biases the pass-through estimates
in the presence of forward buying. Note that when sales in periods ¢ and ¢+ + 1 are
identical, (A.9) becomes equal to (A.7).
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