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Explaining the Variation in
Short-Term Sales Response
to Retail Price Promotions

V. Kumar
University of Houston

Arun Pereira
St. Louis University

This study focuses on the short-term sales response to price
promotions in retail grocery stores and attempts to explain
its variation using frequency of price promotions and the
consecutive scheduling of price promotions. Retail man-
agers’ expectations and tenets from behavioral theories
provide the basis for the hypotheses that the frequency of
price promotions and consecutive scheduling of price pro-
motions affect short-term response to price promotions.
The hypotheses are tested on three frequently purchased
product categories, using store-level data from retail
chains in three major markets. The analysis is validated
with additional data on the same product categories and
markets. A variety of managerial implications are drawn
from the results and suggestions for future research are
offered.

Manufacturers spend huge sums of money in the at-
tempt to influence retailer support of their brands with
retail promotions (e.g., Curhan and Kopp 1986; Hardy
1986). However, because retailers are not legally required
to “pass through” these trade incentives as retail promo-
tions, the retail promotional support for a brand varies
across retailers. Consider the following comments, made
by two managers of major grocery store chains in St. Louis,
Missouri, with respect to price promotions.
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The manager in charge of retail promotions for grocery
products at a chain of 14 grocery stores in St. Louis said

Manufacturers continuously attempt to entice us into
offering their brands on price promotions with trade
incentives such as volume discounts. Whether we
actually pass these incentives to the customer will
depend on issues such as how often we have pro-
moted the brand in the past. Our intention is to
“excite” the customers with a price discount promo-
tion; and we cannot get customers excited if we
discount often.

In contrast, the general manager of another chain of 8
grocery stores said

We pass through manufacturers’ trade incentives to
the customer close to 100% of the time. We do not
take into consideration how often we discounted the
brand in the past nor how well it performed during
the past promotions. Because of the large number of
trade promotions offered to us, we have very fre-
quent price promotions. Further, this policy of fre-
quent price promotions means that the sales
generated during our price promotions are less than
that generated during promotions of other retailers
who are more selective in offering price promotions.

Our interviews with retail managers in New York, Chi-
cago, Los Angeles, and Houston found them echoing the
words of the St. Louis managers. A question of interest to
managers and researchers is, What are the implications of
having a brand supported by price promotion policies that
vary among retailers? Will the short-term sales response to
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a given price promotion vary among retailers based on
promotion policies that differ from one retail store to
another? As discussed in the following section, we would
expect this to be the case, given that the frequency of price
promotion support received by the brand can vary from
one store to another. Further, even if frequency of promo-
tion is similar, the type of promotion schedule—such as
consecutive scheduling—can vary. This would mean that
the “excitement” generated for a given price promotion
will depend on frequency and scheduling of price promo-
tions in the store, affecting the short-term sales response
to the price promotion.

This issue is important because the examples given are
not isolated ones, but rather, reflect a larger phenomenon.
For example, according to Information Resources Inc.
(IRI) data, the frequency with which a major brand of
saltine crackers was price promoted in a recent 52-week
period among the retail chains in the Chicago market
varied from a low of 4 weeks in one retail chain to a high
of 17 weeks in another. The IRI data reveal similar vari-
ation in the frequency of price promotions across retail
chains for other frequently purchased products in other
cities including Los Angeles and New York. The data
indicate that the price promotion support received by the
brand varies extensively by retail chains within each city
and across cities. This variance in frequency of price
promotions (see also Blattberg and Neslin 1990, pp. 344-5)
is particularly relevant because all retail chains in a city
typically receive the same amount of trade incentives by
manufacturers (as required by law).

From a research perspective, the above issue is impor-
tant because retail managers recognize that the short-term
sales impact of a particular price promotion will depend
on the frequency of price promotions in the store, as
described earlier. However, no research has explicitly ad-
dressed this issue or attempted to analyze the scheduling
of price promotions. Only Krishna (1994a, 1994b) has
attempted to discuss the effect of deal timing pattern on
consumer purchase behavior using a normative model. The
lack of research attention in this area is surprising because
the implications of varying price promotion policies across
retailers may mean that all retail chains are not “equal” in
terms of being effective price promoters of brands. As
such, research is required to help manufacturers better
understand the effects of the price promotion policies of
retailers, as well as help retailers understand the effects of
their price promotion decisions.

First, we offer definitions of key variables used in the
study, followed by sections on the theoretical underpin-
nings of frequency and scheduling, hypotheses, data, and
methodology. The final sections are devoted to discussion
of the results, managerial implications, and suggestions for
future research.

FREQUENCY AND SCHEDULING

Short-term sales (as opposed to long term) in a retail
promotion context is defined as “the sales volume that is
generated in the promotion week, in the promoting store,
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that is incrementally related to the promotion, and is incre-
mental to ‘normal’ sales in that store during that week that
would have occurred if the promotion had not been run”
(Abraham and Lodish 1993, p. 250). Short-term sales
response is defined in this study as the effect of a retail
price promotion in generating the short-term sales.

Interviews with retail managers indicate that they ex-
pect the frequency of price promotions to affect the short-
term sales response to price promotions. The sales
response to price promotions for a given brand in a given
store is expected to vary depending on how frequently
price promotions are offered (for that brand and competing
brands) in that store. This expectation of the effect of
frequency of price promotions can be explained by con-
cepts such as purchase acceleration and brand switching
and substantiated by theories such as operant conditioning
theory and reference price theory (see following section).
However, the direction of the effect (e.g., does frequency
of price promotions have a positive or negative effect on a
given promotion?) is not clear. The present study examines
this area by analyzing frequency of promotions and its
effect on the short-term sales response to promotions, and
by introducing the issue of scheduling of price promotions.
Although Krishna (1991) has studied the effect of dealing
patterns on consumer perceptions of deal frequency and
willingness to pay, no published study to date has focused
on the effect of frequency and scheduling of price promo-
tions on short-term sales response.

Specifically, we focus on price promotion schedules,
where one week of price promotion systematically follows
another (e.g., Brand A is price promoted for a week imme-
diately following a week of competing Brand B’s price
promotion, or immediately following Brand A’s own week
of price promotion). As such, we focus on consecutive
scheduling—whereby a brand’s price promotion runs con-
secutive to a competing brand’s price promotion or its own
price promotion. Our objective is to explain the variation
in sales response to price promotions using frequency and
consecutive scheduling. Price promotions are defined in
this study as the following: temporary price discounts,
temporary price discount with feature, and temporary price
discount with display, where “temporary” is defined as a
week. In this study, 2 weeks of price promotion for the
same brand in a store is considered as a consecutive
schedule of two price promotions (each lasting for a week)
for the same brand.

CONCEPTUAL FOUNDATIONS
AND HYPOTHESES

An Example

We expect frequency of price promotions, consecutive
scheduling of price promotions, and the interaction be-
tween the two to affect the short-term sales response to a
given price promotion. To illustrate the effect of consecu-
tive scheduling, let us first assume that two retail chains
(A and B) have identical frequency of price promotions for
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FIGURE 1
The Effect of Different Price Promotion Schedules
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a given brand (Brand X). As an example, assume that each
retailer will offer Brand X on price promotion on two
occasions (i.e., a frequency of two); however, Retailer A
schedules the price promotions in consecutive weeks (time
periods 5 and 6) and Retailer B schedules them far apart
(time periods S and 9) (see Figure 1).

In such a case, the short-term sales response to the price
promotions for Brand X (over the two price promotions)
can vary between the two retailers. Brand X may generate
a different (lower) sales response at Retailer A than at
Retailer B because of the possibility of purchase accelera-
tion. Purchase acceleration, as defined by Blattberg and
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Neslin (1990), refers to consumers buying different quan-
tities or purchasing at different times than they would have
had a promotion not been available (see Blattberg and
Neslin 1990, p. 128, for a comprehensive discussion of
purchase acceleration and summary of empirical evi-
dence). Customers at Retailer A can purchase more units
than they normally do during the first price promotion and
stockpile the extra units. In this situation, they have little
need to take advantage of another price promotion until
they have exhausted their home inventory. Thus the second
price promotion at Retailer A will have a lower sales
impact than the second promotion at Retailer B. This
means that the overall sales response (over the two promo-
tions) for Brand X will be smaller at Retailer A than at
Retailer B (as illustrated in Figure 1).

The same effect will be expected for another competing
brand (e.g., Brand Y) if the second price promotion at both
Retailers A and B is not of Brand X, but of competing
Brand Y. We would expect the overall sales response for
Brand Y to be lower at Retailer A than at Retailer B. This
expectation is based on the combined phenomena of brand
switching and purchase acceleration. Brand switching, as
defined by Blattberg and Neslin (1990), occurs when
consumers are induced to purchase a different brand from
one that would have been purchased had the promotion not
been available (see Blattberg and Neslin 1990, p. 112, for
a detailed discussion and empirical evidence associated
with brand switching). That is, regular customers of Brand Y
switch to Brand X and stockpile Brand X; thus the custom-
ers have little need to take advantage of the price promo-
tion of Brand Y when it consecutively follows the price
promotion of Brand X. The degree of brand switching due
to price promotions in a product category will depend on
the extent of differentiation (or the lack of differentiation)
between brands, as well as other issues such as price tier
competition (Kumar and Leone 1988), utility, and attitude
(Blattberg and Neslin 1990). Thus if Brands X and Y are
close competitors, the more often Brand Y’s price promo-
tions are consecutively scheduled after Brand X, the more
likely that the short-term sales response for Brand X is
larger than the short-term sales response for Brand Y.

Further, in the example, we assumed a fixed frequency
of price promotions; however, in reality the frequency of
price promotions (and the scheduling of these promotions)
is not expected to be fixed across retailers, and is instead
expected to vary among them. As such, we have two
variables, frequency and scheduling (and specifically in
this study, consecutive scheduling), that can vary across
retailers and affect the short-term sales response to a given
price promotion.

In summary, because of possible purchase acceleration
and brand switching, the short-term sales response to price
promotions for a brand can be expected to vary from one
store to another depending on frequency. Further, the de-
gree to which frequency affects the sales response will
depend on scheduling of these price promotions. In this
study we focus on the particular case of consecutive sched-
uling. Thus we expect an interaction between frequency
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and consecutive scheduling to affect the sales response to
price discounts. Also, this effect is expected to occur
regardless of whether the consecutive scheduling
is of “own” brands or competing brands. In either case,
consecutive scheduling will affect the short-term sales
response to a price promotion. Before we offer our
hypotheses, we provide a theoretical basis to our
expectations.

Frequency and Scheduling
of Price Promotions:
Theoretical Expectations

This section focuses on operant conditioning theory,
which lends itself to an understanding of the combined
effects of frequency and scheduling of price promotions.
It is followed by a brief discussion of other theories that
address the specific issue of frequency of price promo-
tions.

As postulated by Skinner (1938), the basic tenet of
operant conditioning theory is that reinforced behavior is
likely to persist, with frequency and the associated sched-
uling of reinforcement (continuous or intermittent) play-
ing an integral role (Blattberg and Neslin 1990, p. 24) in
persistence of the behavior. However, according to the
theory, once reinforcement is removed, the likelihood of
behavior continuing will decrease and may become “ex-
tinct.” The challenge is to use frequency and scheduling
such that reinforcement builds behavior, and prevents the
extinction effect.

In the context of retail price promotions, the relevance
of operant conditioning is that price promotions can re-
ward in the form of monetary savings and hence reinforce
purchase behavior. However, more than one reinforcer can
reward a single behavior (Blattberg and Neslin 1990), and
in the above case, more than one reinforcer can influence
brand choice. Product performance and satisfaction after
consumption of the brand can be a reinforcer, independent
of other reinforcers such as monetary savings. Blattberg
and Neslin (1990) distinguish between primary and sec-
ondary reinforcers. Primary reinforcers are rewards that
have intrinsic utility as opposed to the indirect utility of
secondary reinforcers. Obviously, managers would like to
have the consumption experience of the brand as the
primary reinforcer, with the money saving playing a sec-
ondary role. In that case, the price promotion can
be stopped, and brand choice behavior will continue to
persist.

However, it is unlikely that many of today’s brands have
performance and satisfaction acting as primary reinfor-
cers, given the lack of differentiation in most product
categories and the proliferation of “parity” products in
today’s markets. In this context, the monetary saving may
be a primary reinforcer (Blattberg and Neslin 1990) and
purchase behavior becomes extinct very quickly once the
price promotions are withdrawn—particularly because
customers can accelerate purchases and/or switch brands
when there are monetary savings available.
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Thus, according to operant conditioning theory, when
the frequency of price promotions increases, the monetary
savings can become the primary motive in purchase behav-
ior. This theoretical expectation has received research in-
terest. For example, when the frequency of price
promotions increases, customers learn to buy only during
price promotions (Krishna, Currim, and Shoemaker 1991).
This means that incremental sales during promotions (the
difference between promotional sales and regular or “base-
line” sales) are high; however, regular sales (baseline
sales) are depressed because customers tend to buy only
during price promotions (Krishna 1992). Thus frequency
can have a positive main effect on short-term sales re-
sponse to price promotions. However, the monetary sav-
ings can do little to influence purchase behavior if purchase
acceleration and brand switching has taken place and the
home inventory has not been exhausted. The extent to
which purchase acceleration and brand switching may be
a factor depends on the scheduling of the price promotions,
particularly consecutive scheduling.

As the frequency of price promotions increases, the
effect of the frequency on short-term sales response de-
pends on whether the promotions are consecutively sched-
uled. For example, for a frequency of two promotions, the
effect on short-term sales response would vary between
consecutive scheduling and staggered scheduling. How-
ever, if the frequency is raised to four promotions, the
effect would again be different between consecutive
scheduling and staggered scheduling. But the differential
effect in the latter case could be smaller because consumers
cannot take advantage of many promotions when they are
sequenced together. Therefore, we can expect an interac-
tion between frequency and consecutive scheduling to
affect the short-term response to price promotions.

The Specific Case of Frequency

If we focus on frequency exclusively (without the issue
of scheduling), a variety of theories offer a conceptual
basis for the understanding of its effects. However, these
predicted effects are often in the direction opposite to that
indicated by researchers such as Krishna, Currim,
and Shoemaker (1991). For example, theories such as
adaptation-level theory (Helson 1964) and the associated
concept of reference price would predict that frequency of
price promotions will have a negative impact on sales
response to price promotions. According to the theory, past
stimuli that a person has been exposed to will determine
the “adaptation level”; as such, the adaptation level can
change as stimuli that the person has been exposed to
changes. The adaptation level or the standard used to judge
the price of a particular item is called the reference price.
The reference price can be shaped by previous prices paid
for an item or similar items. As such, when the frequency
of price promotions increases, the reference price is per-
ceived to be relatively low, and hence another price pro-
motion is not as attractive as it would have been if
frequency of price promotions had been low. There is
empirical evidence that reference prices do exist and affect
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purchase behavior (Winer 1986; Kalwani et al. 1990;
Kamen and Toman 1970; Nagle 1987). Thus adaptation-
level theory would predict that because of reference prices,
frequency of price promotions will negatively affect the
short-term response to price promotions.

~ Hypotheses

The expectations of retail managers in conjunction with
concepts such as purchase acceleration and brand switch-
ing, as well as tenets of operant conditioning theory, refer-
ence price theory, and past research, lead us to expect that
the frequency of price promotions, the consecutive sched-
uling of price promotions, and their possible interaction
will affect the sales response to a given price promotion.
Operant conditioning theory and past research (e.g.,
Krishna, Currim, and Shoemaker 1991) would indicate
that as frequency of price promotions increases, customers
learn to buy only during price promotions, resulting in a
positive effect for frequency. Alternatively, other theories
such as adaptation-level theory and the associated concept
of reference price would predict that as frequency in-
creases, price promotions will have a negative impact on
sales response to price promotions. As such, the direction-
ality of the main effect of frequency is not clear, and we
accommodate this by offering nondirectional hypotheses
regarding the frequency main effect.

As stated earlier, regardless of the frequency of price
promotions, the monetary savings of the promotion can do
little to influence purchase behavior if purchase accelera-
tion and brand switching has taken place and the home
inventory has not been exhausted. The extent to which
purchase acceleration and brand switching may be a factor
depends on the scheduling of the price promotions, par-
ticularly consecutive scheduling. As such, we can expect
an interaction between frequency and consecutive sched-
uling to affect the short-term response to price promotions.
We also expect the interaction to negatively affect the
short-term sales response to price promotions. A negative
effect for consecutive scheduling and its interaction with
frequency is hypothesized because of the expectation that
consecutive scheduling is not preferable. Consumers may
not have depleted the inventory and therefore would not
take advantage of a promotion that followed immediately.

The need to examine each of the types of price promo-
tions separately is based on past literature (see Blattberg
and Neslin 1990, p. 356 for a discussion). Past theoretical
and empirical research indicates the existence of different
effects for the following: price discounts, price discounts
with feature, and price discounts with display. Price dis-
count with feature means that the price discount is “an-
nounced” (feature is local advertising). Similarly, price
discount with display is also an announcement, albeit an
in-store announcement. The two announcements work dif-
ferently: the feature announcement can draw customers to
the store, the display can draw customers to the product
once they are in the store. In contrast, the price discount
(without feature/display) has no such announcement.
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Price Discount

Hla: Frequency of price discount promotions af-
fects the short-term sales response to price
promotions.

H1b: The scheduling of price discount promotions
consecutive to either competing brands’ pro-
motions and/or own promotions negatively
affects the short-term sales response to price
promotions.

Hlc: The interaction of frequency and consecutive
scheduling of price discount promotions
negatively affects the short-term sales re-
sponse to price promotions.

Price Discount with Feature

H2a: Frequency of price discount with feature pro-
motions affects the short-term sales response
to price promotions.

H2b: The scheduling of price discount with feature
promotions consecutive to either competing
brands’ promotions and/or own promotions
negatively affects the short-term sales re-
sponse to price promotions.

H2c: The interaction of frequency and consecutive
scheduling of price discount with feature pro-
motions negatively affects the short-term
sales response to price promotions.

Price Discount with Display

H3a: Frequency of price discount with display pro-
motions affects the short-term sales response
to price promotions.

H3b: The scheduling of price discount with display
promotions consecutive to either competing
brands’ promotions and/or own promotions
negatively affects the short-term sales re-
sponse to price promotions.

H3c: The interaction of frequency and consecutive
scheduling of price discount with display pro-
motions negatively affects the short-term
sales response to price promotions.

The fourth possibility, price discount accompanied by
feature and display, is not included among the hypotheses
because the data used for the study do not include enough
data points on such a promotion situation.

DATA AND METHODOLOGY

Data

Information Resources Inc.’s INFOSCAN store-level
data were used for this analysis. Data on three product
categories were analyzed: saltine crackers, baking chips,
and disposable diapers. The product categories repre-
sented frequently purchased products that varied in price
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from approximately $2-$10. The brands chosen for analy-
sis in each category were dominant national brands that
together accounted for at least 85% share of the market.
The sizes chosen for the product categories were one-
pound boxes for crackers and baking chips, and medium
size for the diapers. For better generalizability, the analysis
was performed on 52 weeks of store-level data from three
urban markets: New York, Chicago, and Los Angeles. Data
included for the study were drawn from a sample of stores
from each retail chain in each market. Two years of data
(one year for model estimation and the subsequent year for
checking the consistency of results) were used.

Methodology

Variable Operationalization

When operationalizing the variables and testing the
hypotheses, it was more relevant to draw conclusions and
implications at the retail chain level because managerial
decisions for manufacturers (dealing with the trade) and
for retailers (price promotion decisions) are made at the
retail chain level. However, we would be overlooking rich
information if we ignored demand activity at the store level
because stores within a retail chain may have served dif-
ferent demographic/socioeconomic groups based on their
geographic locations. Hence promotion sensitivity can
vary between stores of the same retail chain. To ensure that
we preserve the richness of store-level data and drew
managerial implications at the chain level, we operation-
alize the relevant variables below.

Short-Term Sales Response to Price Promotions

Short-term sales response to price promotion (SSR)
was estimated for each brand at the store level. A key
variable was BaseSales,, the baseline sales for a given
brand in a given store. Baseline sales are the sales that
would have occurred for the brand in the given week if the
promotion had not been run. By dividing a brand’s total
sales in a given week by its baseline sales, we were
attempting to focus only on the incremental sales gener-
ated by the retail promotion. This is important because
baseline is affected by variables that are different from
those affecting the incremental sales (Abraham and Lodish
1993). Baseline sales are affected by distribution, the
brand’s regular price, and advertising, whereas the incre-
mental sales are affected by retail promotion decisions
(temporary price cuts, displays, and features), which are of
interest to this study. BaseSales;, was calculated for each
brand/size/flavor combination for each store in the data-
base using the PROMOTIONSCAN methodology (see the
appendix and Abraham and Lodish [1993] for a complete
description of the methodology). For obtaining the base-
line estimates, an additional 2 years of data (prior to the
data used for estimating the proposed model in this study)
were used.

In terms of other details, price discounts are reductions
of 5% or more versus recent prices. A price reduction
generally does not last more than 6 weeks. We used volume
sold as the unit of analysis. However, because we divided
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sales by base sales, the analysis was in dimensionless
percentage change. Price is in dollars per equivalent vol-
ume. Our categories were chosen so there was minimal
cross-size competition. Virtually all saltine crackers were
one-pound size. Diaper sizes are not substitutes in general.
We used the most promoted size (e.g., medium size) in
modeling diaper sales. Most baking chips sales are in a
single size.

Given that observations used to estimate SSR include
all price promotion periods (i.e., periods with price dis-
count only, price discount with feature, and price discount
with display), the right-hand side of equation (1) includes
discounted price relative to base price (average price dur-
ing nonprice promotion periods), feature, display, and
Feature X Display interaction. The feature and display
variables in (1) are specified as dummy variables, taking a
value of 1 in the event of a feature and/or display, and O
otherwise. Equation (1) is estimated for each brand in a
product category at the store (i) level. For a given brand in
store i,

Sales;, Price,,
log BaseSales;, %+ SSR; - log BasePrice;
+0y;-F,+0y-Dy+85-(F-D), +e, 1

where

Sales;, = sales of a brand in store i at time ¢

Price;, = promoted price of a brand in store i at time ¢

F,, = feature for a brand in store i at time ¢

D,, = display for a brand in store i at time ¢

a; = intercept term

0,; = parameter estimates

e;, = erTor term

BaseSales;, = baseline sales (using PROMOTION-
SCAN methodology)

BasePrice;, = baseline price during nonprice promotion
periods in store i

SSR; = short-term sales response for a brand in store i.

Frequency of Price Promotion

The frequency of each type of price promotion relevant
to this study (i.e., price discount, price discount with
feature, price discount with display) of a brand is the actual
count of number of times (weeks) the brand is offered on
price promotion in the retail store. Thus, for each brand in
each store, we computed the number (frequency) of price
discounts only (F(P)), price discounts with feature (F(F)),
and price discounts with display (F(D)).

Consecutive Scheduling of Price Promotions

To operationalize the consecutive scheduling of price
promotions, a Consecutive Scheduling Index (CSI) was
computed. This index was based on the methodology
adapted from Naert and Leeflang (1978) and was used
successfully by other researchers such as Gatignon (1984)
and, more recently, by Reddy and Holak (1991) in other
contexts. CSI was computed for each brand in each store.
This index attempts to measure the extent to which a
brand’s price promotions (in a given time period) are
consecutive to other price promotions (competing brands’
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or own brands’ price promotions). Further, because past
research (e.g., McAlister 1985) has illustrated the differ-
ential impact of price promotions of large market share
brands versus small market share brands, the index takes
into account the market share of the brand whose price
promotion preceded the given brand’s price promotion. In
summary, CSIis ameasure that incorporates the following:

1. The consecutive nature of price promotions. The
extent to which wo:eklyl price promotions for a
brand in a retail chain are consecutive (i.e., pro-
motions are consecutive to own brand promo-
tions or competing brands’ promotions). This
measure is calculated as the consecutive schedule
coefficient using a logistic regression procedure
(see equation [2]).

2. The effect of market share of the brand that was
price promoted in the first week (of the 2 consecu-
tive weeks). This is taken into account by weight-
ing the consecutive schedule coefficient by the
market share of the brand that is promoted in the
first week of the consecutive weeks of price pro-
motion (see equation [3]).

CSIs were computed for every type of price promotion:
price discount only (CSI(P)), price discount with feature
(CSI(F)), and price discount with display (CSI(D)).

Calculating CSI: An Example

We describe below the computation of CSI(P), the
specific case of Consecutive Scheduling Index for price
discount only. In the first step, a brand’s (Brand j) price
promotion periods are identified and operationalized as a
dummy variable (1 = any type of price promotion, 0 =
otherwise; R;, in equation [2]). R; is modeled using a
logistic regression procedure against dummy variables for
the preceding week’s price-discount-only promotion for
all brands (see P,, , _; for brand k in equation [2]). The
logistic regression model is used to estimate the consecu-
tive schedule coefficient as shown in (2). This consecutive
schedule coefficient can be interpreted as a measure of
association between a brand’s price promotion in one week
and its own or competing brands’ price promotions in the
previous week. Thus, in a given store, the probability that
any type of price promotion in week ¢ (R;) following a price
discount only in week ¢t — 1 (P, ,_, for brand k) is

1
1+ exp(— Sj -2 Toj * Prsot1) @

P[R;=1]

where

R, = any promotion (price discount, price discount with
feature, and price discount with display) dummy variable
for a brand j at time # in a given store

d; = intercept term
T, = consecutive schedule coefficient for any price
promotion of brand j to previous week’s price discount of
brand k in a given store

P,, ,_, = price discount dummy variable for a brand k at
time ¢ — 1 in a given store.
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In other words, the consecutive schedule coefficient for
any type of price promotion of brand j in a given week was
estimated (using [2]) against the previous week’s price
discount dummy variable for each brand included in the
study. For example, if there are three brands (k=1to 3 in
equation [2]), then three consecutive schedule coefficients
are estimated (T,y;, T,y and T,3)). In the case of feature with
price discount, P,, , _, in (2) was replaced with F,, , _;, the
feature with price discount dummy variable, and in the
case of display with price discount, the relevant dummy
variable used was D,, , _;.

Given the consecutive schedule coefficient, the CSI for
price discount CSI(P) is computed by weighting the coef-
ficient with the market share of the relevant brands and
summing across all brands within a store:

CSI(P), = fmk'%- ®

where

CSI(P); = Consecutive Schedule Index for price dis-
count for brand j in a given store
m, = average market share (in percentages) of
brand k during the 52-week period in a given
store, or

T

1

== my,
=1
7,,; = consecutive schedule coefficient for any pro-
motion of brand j to previous week’s price
discount of brand k in a given store.

Similarly, CSIs for price discount with feature (CSI(F);)
and price discount with display (CSI(D);) can be calculated
in a given store.

Analysis

First, as described above, CSIs for each brand were
calculated for each type of price promotion (price discount
only (P), price discount with feature (F), and price discount
with display (D)). Frequency of price promotions were
calculated in this step as well. Thus, for each brand in each
store, we have weeks of price discounts only (F(P)), price
discounts with feature (F(F)), and price discounts with
display (F(D)).

Next, a brand’s short-term sales response to price pro-
motions (SSR) in each store was modeled as a function of
frequency of price discount only (F(P)), price discount
with feature (F(F)), and price discount with display (F(D)),
the three Consecutive Scheduling Indexes, and their inter-
action.

In other words,

(SSR); = 1 + o, F(P); + o,F(F); + o, F(D); + B,CSI(P);
+ B,CSI(F); + B;CSI(D); + v,F(P);
- CSI(P); + Y,F(F); - CSI(F),
+ 1F(D); - CSI(D); + ¢; “4)

where

SUMMER 1995

(SSR), = short-term sales response to price promotions
for brand in store i

F(P); = frequency of a brand’s promotions that are price
discounts only in store i

F(F), = frequency of a brand’s promotions that are price
discount with feature in store i

F(D), =frequency of a brand’s promotions that are price
discount with display in store i

o, 8, and o, = effect of frequency of a brand’s price
discounts, price discount with feature, and price discount
with display on (SSR); in store i, respectively

By, By, and B; = effect of consecutive scheduling of a
brand’s price discounts, price discount with feature, and
price discount with display on (SSR); in store i, respec-
tively

Y1 Ya» and y; = effect of the interaction of frequency and
consecutive scheduling of a brand’s price discounts, price
discount with feature, and price discount with display on
(SSR); in store i, respectively

| = intercept term

€; = error term.

However, to correctly estimate the model parameters,
equation (4) is substituted back in the original equation (1).
Thus the final model® estimated (substituting [4] in [1]) is

log {Sales;, /BaseSales;} =a; + {1 + o, - F(P),

+B,CSI(P); + v, - F(P); - CSI(P);

+ 0 - F(F); + B,CSI(F); + 7, - F(F),; - CSI(F);

+ 05 - F(D); + B,CSI(D); + 75 - F(D);

- CSI(D); + &;} - log {Price;, /BasePrice,}

+0y; - Fy+0y-D; + 0y (F- D), + e &)

Because the major managerial decisions are made at the
retail chain level, model (5) (specified at the store level)
was estimated at the retail chain level by stacking informa-
tion from each store one below the other.> Model (5)
parameters were estimated using an estimation procedure
appropriate for analyzing cross-sectional time series data.
Because some of the model parameters were functions of
other exogenous variables, the generalized least squares
procedure (Hsiao 1986) was used to estimate the parame-
ters of model (5).*

By estimating model (5) as specified, we were essen-
tially attempting to partial out the effect of SSR, the
short-term sales response to price promotion, into its com-
ponent parts and estimate each part. As per our earlier
discussion, the variance in SSR can be explained by the
frequency of promotion, the consecutive scheduling of
promotion, and the interaction of frequency and consecu-
tive scheduling of price promotion. However, the overall
effect of frequency of price promotions was given by the
sum of the main effect of frequency (o) and the product
of the interaction effect (,) of frequency and Consecutive
Scheduling Index of price promotions and the value for the
corresponding CSI (i.e., a, + 7, - CSI(P)). A similar overall
effect for consecutive scheduling of price promotions can
be calculated.
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TABLE 1
Means for the Predictor Variables in the Cracker Category (standard deviations in parentheses)’
Consecutive Schedule Index Frequency

Market Brand CSI(P) CSI(F) CSI(D) F(P) F(F) F(D)
New York (n = 180) 1 15.11 7.12 397 11.2 58 44
(9.89) (7.92) (4.33) (2.8) (22) (29)

2 20.11 3.89 1.97 15.6 4.1 1.8

(15.70) (4.57) (3.08) (2.5) (23) (1.3)

3 18.13 9.70 18.52 9.1 6.9 6.7

(14.01) (8.81) (14.92) (3.5) 29) (3.6)

Chicago (n = 126) 1 2077 6.75 6.81 8.6 49 38
(11.96) (5.51) (7.10) 1) (0.8) 23)

2 11.82 4.63 435 10.8 4.8 37

(10.22) (6.47) (6.93) 29 (1.8) (3.0)

3 21.41 11.98 11.25 10.1 5.1 6.2

(10.79) 8.51) (5.73) (2.4) (1.4) (1.8)

Los Angeles (n = 200) 1 3.98 1.45 10.86 84 34 84
(7.62) (2.05) (21.01) (5.1) (25) (5.9)

2 7.12 1.78 2.57 10.8 34 62

(1.79) (2.39) (2.79) (3.8) (0.6) (3.8)

3 378 4.04 24.01 53 39 6.9

(4.20) (4.08) (17.22) (1.9) (1.3) (3.1)

a. The mean value is computed across all stores and all chains in the market.

TABLE 2
Means for the Predictor Variables in the Baking Chip Category (standard deviations in parentheses)®
Consecutive Schedule Index Frequency

Market Brand CSI(P) CSI(F) CSI(D) F(P) F(F) F(D)
New York (n = 180) 1 19.01 10.72 13.98 6.8 6.9 5.8
(16.06) (8.99) (10.98) (1.3) (23) 2.0)

2 2272 113 3.96 147 2.1 1.1
(17.50) (1.60) 9.59) (3.0 .1 (1.6)

3 6.40 1.52 131 15.0 33 12
(9.51) (2.99) (2.63) Q.1 (1.8) 0.8)

Chicago (n = 126) 1 21.96 8.20 6.16 10.0 5.1 59
(8.99) (4.34) 6.07) (3.2) (2.6 .1)

2 11.78 472 1.60 127 34 3.0
(7.43) (4.53) (2.49) (1.9 (1.3) (2.6

3 9.49 0.56 0.08 71 8.3 27
(7.91) 177 (0.25) .7 9.5 1.3)

Los Angeles (1 = 200) 1 1093 6.46 21.08 4.9 43 113
(10.15) (6.71) (19.09) @7 (2.5 (33)

2 16.70 2.85 5.20 13.2 42 104
(6.05) (3.12) (10.60) (3.9 (3.0 (15.1)

3 8.36 3.73 8.73 6.8 43 75
(5.249) (3.29) (10.16) (C%)) (2.4) (5.2

a. The mean value is computed across all stores and all chains in the market.

The number of observations used to estimate the above
model varied for each brand depending on the market
(New York, Los Angeles, or Chicago) and retail chain in
question. In general, the number of observations (Number
of Stores X Number of Time Periods) varied from 300 to
480 depending on the brand, chain, and the market. In the
New York market (with 12 retail chains and an average of
15 stores per chain), 108 models (12 Chains X 3 Brands x
3 Product Categories) were estimated. For the Los Angeles
(with 10retail chains and an average of 20 stores per chain)

and Chicago (with 7 chains and 18 stores per chain)
markets, the number of models were 90 (10 x 3 x 3) and
63 (7 x 3 x 3), respectively. The hypotheses can be tested by
evaluating the significance of the coefficient terms in (5).

RESULTS AND DISCUSSION

The descriptive statistics for each product category in
Tables 1, 2, and 3 illustrate the varying levels of consecu-
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TABLE 3
Means for the Predictor Variables in the Disposable Diaper Category
(standard deviations in parentheses)®

Consecutive Schedule Index Frequency
Market Brand CSI(P) CSI(F) CSI(D) F(P) F(F) F(D)
New York (n = 180) 1 3.01 28.35 4.15 2.8 16.2 1.2
(3.87) (13.10) (8.15) (1.2) (1.7) 0.1)
2 2.04 17.37 3.21 3.9 12.9 0.6
(1.58) (14.76) 6.27) (1.7 1.7 ©.1)
3 2.55 24.58 1.34 29 139 3.6
(4.65) (14.39) 2.71) 0.9) (1.2) 29
Chicago (n = 126) 1 2,62 36.15 15.63 1.2 14.6 6.4
(2.01) (19.01) (6.47) 0.7) 0.6) @7
2 297 21.12 5.52 4.1 10.2 54
(6.30) (14.79) 6.17) 2.3) (1.8) 22
3 3.18 27.07 9.86 1.6 9.5 37
(5.81) (18.04) 6.07) 2.4) (12.1) 2.8)
Los Angeles (n = 200) 1 10.15 16.31 6.90 6.7 9.1 2.7
(7.02) (8.10) (7.57) (1.9 3.1 22
2 8.76 291 1.70 6.6 8.5 25
(12.80) (4.18) (3.58) 4.7 3.2) (2.0
3 4.81 16.05 4.00 4.1 10.9 3.7
(4.04) (9.50) (3.30) 0.9) 2.8) 24)

a. The mean value is computed across all stores and all chains in the market.

tive scheduling of price promotion experienced by brands,
and the extent of the variation in the frequency of price
promotion support received by them. It is obvious that
different brands experience different levels of consecutive
scheduling of promotion and this varies substantially
within a market, as well as across markets. For example,
in the cracker category (see Table 1), Brand 1 in the New
York market had a mean CSI(P) of 15.11, and a mean
CSI(D) of 3.97. In contrast, Brand 3 had approximately
equal means (CSI(P) = 18.13, CSI(D) = 18.52). Further,
Brand 1 had a low CSI(P) of 3.98 in the Los Angeles
market compared with New York (15.11) and Chicago
(20.77). Such variance was observed in general for the
other two brands. Also, the frequency of price promotion
support received by brands differed substantially within
the markets. For example, the mean frequency of price
discounts for crackers varied from 9.1 for Brand 3 to 15.6
for Brand 2 in the New York market. These figures by
themselves provide substantial cause for research attention
because of their effects in the marketplace.

Frequency Effect

In general, the coefficients for the main effect of fre-
quency of the three types of price promotion variables
were significant (the majority of the coefficients were
significant at the .05 level) and positive for all three
product categories in all the markets. Table 4 shows the
results for the three product categories investigated (sam-
pling three retail chains in every market).” As shown in the
cracker category in Table 4, the coefficients for the fre-
quency of price promotions for the three brands in a chain
in three markets (3 Brands x 3 Markets x 3 Types of Price

Promotions) were all positive and significant with the
exception of three coefficients, which were negative and
significant. Similarly, of the 27 significant coefficients for
baking chips, 24 were positive and 3 were negative.
Among the 27 significant coefficients for diapers, 22 were
positive and 5 were negative.

Overall, out of the possible 108 coefficients (12 Chains X
3 Brands X 3 Types of Price Promotions) for the cracker
category in the New York market, 98 (84 positive and 14
negative) coefficients were significant. Of 63 coefficients
(7 Chains x 3 Brands x 3 Types of Price Promotions) in
the Chicago market, 56 (48 positive and 8 negative) coef-
ficients were significant. Of the possible 90 (10 Chains X
3 Brands x 3 Types of Price Promotions) in Los Angeles,
the number of significant coefficients was 82 (71 positive
and 11 negative).

Overall, for the frequency main effect, about 90% of all
the estimated coefficients were significant for crackers,
87% for baking chips, and 92% for diapers. These results
indicate support for Hypotheses 1a, 2a, and 3a.

Consecutive Scheduling Effect

The hypotheses proposed a negative effect for consecu-
tive scheduling. Most of the coefficients for the main effect
of consecutive scheduling were negative and significant
(the majority of the coefficients were significant at the .05
level). As shown in the cracker category in Table 4, 19 of
27 coefficients were significant (17 negative and 2 posi-
tive) and 8 were not significant. Among the 27 coefficients
for baking chips, 22 were significant (19 negative and 3
positive). Similarly, of 27 coefficients for diapers, 24 (19
negative and 5 positive) were significant. The positive
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TABLE 4
Sample of Results®

Frequency Effect Consecutive Scheduling Effect Frequency X Scheduling Effect
Market F(P) F(F) F(D) CSI(P) CSI(F) CSI(D) CSI(P)-F(F) CSKF)-F(D) CSID)-F(P)
(Chain) Brand o2 o3 B B2 B3 Yi(X 10) Y2(x 10) Y3(x 10)
Crackers
New York 1 0.012* 0.140 0.024* -0.092 0.008* ns -0.035 0.060 ns
K=2) 2 0.024* 0.221 0.008* -0.121 ns ns -0.10 -0.055 -0.100
3 0.076 0.181 0.073 -0.114 -0.010* -0.090 -0.05 -0.039 —0.028*
Chicago 1 0.054 0.202 0.072 —0.148 -0.102 -0.118 0.026* -0.047 —0.040*
L=2) 2 0.017* 0.151 0.095 —0.042* 0.007* ns —0.050 -0.022* ns
3 0.046 0.112 0.021* —-0.141 -0.051 -0.038 -0.055 —0.025* -0.145
Los Angeles 1 0.018* -0.054 -0.026* -0.014* ns -0.073 -0.105 -0.078 -0.039*
V=2 2 -0.027* 0.079 0.069 -0.029* ns ns -0.120 -0.045 ns
3 0.147 0.164 0.208 ns -0.018* -0.181 ns —0.040* -0.059
Baking Chips
New York 1 0.124 0.171 0.105 -0.162 —0.068 -0.071 -0.041 —0.029* -0.070
K=2) 2 0.019* 0.179 0.153 -0.194 0.011* -0.019*  -0.178 0.022* -0.014*
3 -0018* 0.151 0.113 -0.044 ns ns -0.110 -0.047 ns
Chicago 1 0.052 0.026 0.046 —-0.181 -0.082 -0.066 -0.065 -0.105 —0.009*
L=2) 2 0.101 0.007*  0.075 -0.135 -0.051* ns —0.037* -0.079 ns
3 0.117 0.171  -0.188 0.097 ns -0.052 0.023 -0.016* -0.211
Los Angeles 1 0.012* 0.218 -0.007* -0.107 -0.074 -0.161 -0.167 -0.039 -0.089
V=2 2 0.076 0.297 0.072 -0.128 ns -0.041*  -0.03 ns -0.035
3 0.112 0.289 0.118 -0.084 —0.018* 0.096 -0.023* -0.058 0.057
Disposable Diapers
New York 1 —-0.009* 0.027 0.090 -0.007* -0.212 -0.018 -0.155 -0.130 —0.455
(K=2) 2 0.124 0.406 0.354 ns -0.174 -0.012 ns -0.035 -0.027*
3 0.158 -0.015* -0.059 0.008* -0.196 ns 0.086 -0.115 ns
Chicago 1 0.027* 0.186 0.070 -0.013* -0.246 -0.163 -0.045 —0.020* -0.210
(L=2) 2 0.108 0.343 0.242 -0.024 -0.183 -0.052 -0.016* -0.094 —0.028*
3 0.049*  0.150 0.144 0.019* -0.201 0.098 0.070 -0.040 0.045
Los Angeles 1 -0.021* 0.060 -0.007* —-0.097 -0.131 —0.048 -0.231 —-0.063 -0.126
V=2 2 0.104 0.322 0.237 -0.076 -0.019* ns -0.039 —0.024* ns
3 0.119 0.092 -0.016* 0.047 0.118 -0.021* 0.017* 0.068 —-0.090

a. All coefficients significant at least at the 0.05 level, unless otherwise noted.

*Denotes significance at the .10 level. ns = not significant.

coefficients may result from the fact that brands promoted
prior to the concerned brand may not be in direct compe-
tition with the concerned brand. For example, both Kumar
and Leone (1988) and Blattberg and Wisniewski (1989)
have shown the existence of price tier effects (i.e.,
a high-priced brand will not be affected by the pro-
motion of a low-priced brand because consumers do not
tend to switch from a high-priced brand to a low-priced
brand).

Overall, of 108 coefficients for the cracker category in
the New York market, 73 were significant (65 negative and
8 positive). Of 63 coefficients in the Chicago market, 43
were significant (38 negative and 5 positive), and in Los
Angeles, 62 (56 negative and 6 positive) of 90 were
significant.

Overall, about 70% of the estimated coefficients were
significant for crackers, 77% for baking chips, and 84%
for diapers. These results provide support for Hypotheses
1b, 2b, and 3b.

The Frequency x Consecutive
Scheduling Interaction Effect

In general, we found support for Hypotheses 1c, 2c, and
3c as illustrated by the significant interaction effects (y;,
., and ;) of Frequency of Price Promotions X Consecutive
Schedule Indexes (the majority of the coefficients were
significant at the .05 level). As hypothesized, we observed
predominantly negative interaction effects for all the
brands in every chain, market, and product category (see
Table 4). Of 27 coefficients in the cracker category
(3 Brands X 3 Markets X 3 Types of Price Promotions), 21
were negative and significant, 2 were positive, and 4 were
not significant. Similarly, of 27 coefficients for baking
chips, 3 were positive and 3 were not significant, and thus
21 were negative and significant. Of 27 coefficients for
diapers, 5 were positive and 3 were not significant, leaving
19 significant negative coefficients. As discussed, a nega-
tive interaction indicates a relatively high level of consecu-
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tive scheduling of competing or own brand promotions
that work toward reducing the SSR levels because of
purchase acceleration and brand switching effects (e.g.,
Gupta 1988 has shown that a majority of the sales increase
due to promotion comes primarily from brand switching,
and to an extent from purchase acceleration). Although
positive interaction effects were not expected, they may
not be surprising because factors such as awareness cre-
ated by the previous promotion help increase the sales
response to the present promotion.

Overall, out of the possible 108 coefficients for the
cracker category in the New York market, 83 (74 negative
and 9 positive) parameters were significant. Similarly, of
the possible 63 coefficients for the cracker category in the
Chicago market, 48 (43 negative and 5 positive) were
significant, and in Los Angeles, the number of significant
coefficients was 70 (62 negative and 8 positive) out of the
possible 90. As such, about 77% of all estimated coeffi-
cients were significant; the results for the baking chips
(79%) and disposable diapers (80%) were very similar.

Although R* may not be interpretable in such analysis,
adjusted R’s (.37-.90 range) can be reported for all the
models tested.® Also, multicollinearity was thought to be
an issue in estimating the final model (5); however, a close
examination revealed that correlations were not severe,
ranging from .10 to .27.

Because the model specified has significant interaction
effects, it is appropriate to evaluate the overall effect of
frequency by including the main effects of frequency as
well as its interaction with consecutive scheduling.

The Overall Effect of Frequency
of Price Promotion

We can calculate the overall effect of frequency of price
promotions for a brand in a retail chain store. The overall
effect is of interest because, as discussed earlier, there is
debate over the direction of the effect of frequency of price
promotions. We calculated the overall effects (o, + 7;),
(0, + 7,), and (0 + v5) by using the weights of the final
model (some listed in Table 4), and the mean consecutive
scheduling indexes for the respective brand in the con-
cerned retail chain store (e.g., the mean across all stores
and chains are presented in Tables 1, 2, and 3). In other
words, we used the weights for the frequency terms (i.e.,
o, O, and o), weights for the corresponding interaction
terms involving CSIs (i.e., v, Y, and 7v;) and the CSI
indexes for a chain store (i.e., CSI(P),, CSI(F),, and
CSI(D),).

Below, we provide three specific examples of comput-
ing o, +7v, - CSI(P), o, + 7, - CSI(F), and o, + 7, - CSI(D)
within a store when the interaction effects are included. In
the cracker category, the differences in the moderating
effects of consecutive promotions for Brand 2 in the store
belonging to chain K = 2 in New York are illustrated for
all types of price promotions used in this study:

(04 +7, - CSI(P)) = 0.024 + (-0.01)(15.40) = —0.130
(0, + ¥, - CSI(F)) = 0.221 + (-0.00)(6.76) = 0.221
(0 + 75 - CSI(D)) = 0.008 + (~0.00)(3.82) = 0.008.

SUMMER 1995

In the New York market, the mean consecutive schedule
indexes of 15.40, 6.76, and 3.82 for price discounts only,
price discounts with feature, and price discounts with
display, respectively, were computed for a store in chain K =
2. As can be seen from the above example, the signs of o; +
Y, - CSI(P), o, + v, - CSI(F), and o, + v, - CSI(D) are
determined by the joint effect of frequency and the inter-
actions. Thus o, + 7, - CSI(P) will be positive or negative
based on the magnitude and directionality of o, and v, -
CSI(P) in (5). Any overall negative effects for the fre-
quency of price promotions implies that with the increas-
ing frequency of a type of price promotion, a decrease in
SSR is achieved.” Thus our research indicates that the
direction of the effect of frequency of price promoter can
be either positive or negative. The actual direction will
depend on the extent of consecutive scheduling.

Evaluating Consistency of Results

To evaluate the model (equation [4]) in terms of its
predictive validity and stability of parameters, we used an
additional 52 weeks of IRI’s INFOSCAN (for the same
products and same markets) and corresponding data from
the previous 2 years to estimate baseline sales using the
PROMOTIONSCAN methodology. Equation (5) was es-
timated with the new data. With the use of model parame-
ters, the actual SSR (as shown in [4]), was computed for
every brand in each retail chain store in every market.
Predicted SSR was computed by substituting coefficients
estimated from the previous analysis (reported for a sam-
ple of retail chains in Table 4) into equation (4) for the
corresponding product-market data in the new data set.
Predictive validity of the results was evaluated by averag-
ing errors (error = actual SSR — predicted SSR) across
brands in a product category, across stores in a retail chain,
and across retail chains in a market. In predicting SSR,
three criteria were used to judge predictive performance of
equation (4) on the holdout data: mean squared deviation
(MSD), mean absolute percentage error (MAPE), and the
percentage of predictive error being greater than 5% of the
actual value for each case (Armstrong 1978). It must be
noted that this reanalysis is a very conservative test of the
predictive ability and stability of the model parameters
because the pattern of effects can change if the intensity
and type of retail promotions between competing brands
differ significantly from one 52-week period to another in
the same retail chains.

The results indicate a high level of predictive perfor-
mance for the model® for each of the nine cases on the three
different criteria, as illustrated in Table 5.

Using MSD as the criterion, the highest deviation was
1.14 (that of crackers in the Chicago market), and the
lowest deviation was 0.23 (that of crackers in the Los
Angeles market), with the average MSD value being 0.62
across all nine cases. We see a similar pattern in the case
of MAPE, with values ranging from 0.025 to 0.047 and the
average MAPE being 0.039 across the nine cases. Further,
as shown in the last column on Table 5, the percentage of
prediction errors (> 5%) was a maximum of nine across
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TABLE 5
Evaluation of Consistency of SSR Model (4)*
Mean Mean Absolute Percentage of
Squared Percentage Predictive
Deviation Error Errors > 5%°
Crackers
New York 0.89 0.041 9
Chicago 1.14 0.044 9
Los Angeles 0.23 0.025 8
Baking Chips
New York 0.31 0.035 7
Chicago 0.30 0.034 6
Los Angeles 0.72 0.041 9
Diapers
New York 0.44 0.038 9
Chicago 0.51 0.043 9
Los Angeles 0.98 0.047 12

a. The sample sizes of the New York, Chicago, and Los Angeles markets
were 540, 600, and 378, respectively.

b. The percentage of times the predicted SSR value is off from the actual
SSR value by more than 5% relative to the total number of observations.

the three product categories in the New York market.
Similarly, for the Chicago and Los Angeles markets, the
percentage of errors vary from 6 to 12 for the three product
categories. Thus overall there was a high level of predictive
performance for the models, enabling us to draw manage-
rial implications for both retailers and manufacturers.

STUDY IMPLICATIONS

This research indicates that the short-term sales re-
sponse of a brand is affected by frequency and consecutive
scheduling of price promotions. Also, we see that fre-
quency can have a negative or positive effect on short-term
sales response to retail promotion, depending on the exis-
tence and extent of consecutive scheduling.

Managerial Implications

Retailers’ actions affect short-term sales response. Be-
cause retailers cannot be forced by manufacturers to offer
retail price promotion support to particular brands, retail-
ers control the frequency and scheduling of price promo-
tions for brands of a product category. As such, this
research illustrates that the actions of the retailer affect and
modify the short-term sales response of a brand. In other
words, there is no fixed short-term sales response for a
particular brand, and the sales response varies depending
on the actions (frequency and scheduling) of the retailer
for that brand, as well as that retailer’s actions for compet-
ing brands. As our results demonstrate, a retailer can
exercise some control over the sales response. However,
irrespective of whether a retailer intends to or not, its
actions will have some impact on the short-term sales
response of a given brand. This issue accentuates the power
that the retailer possesses in affecting a promotion’s poten-
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tial in producing increased sales, indicating possible
advantages for the retailer when negotiating with manu-
facturers.

All retailers are not “equal.” To manufacturers, the
above issue implies that all retailers may not be equal in
terms of being effective promoters for their brands because
the frequency and scheduling of price promotions vary
from one retail chain to another, as well as one market to
another (as illustrated in Table 1 for Brand 1 of the cracker
product category). The extent to which a brand achieves
increased sales during a promotion program will depend
on the frequency and scheduling decisions (specifically,
consecutive scheduling as indicated in this study) of the
retailer. Thus the implication is that it may not be optimal
for a manufacturer to provide a uniform trade promotion
policy for all retail chains in a given market. However, by
law, manufacturers must offer the same trade promotion to
all retailers in a geographic market. Thus manufacturers
may be well served to structure their trade promotion deals
in such a way that they appeal to those retailers whose deal
response function is most profitable to the manufacturer.

“Exclusive” promotions not good enough. At present,
the practice among manufacturers is to attempt to gain
exclusivity of price promotions for their brand during a
promotion period in aretail chain. Our results indicate that
promotion activity (of competing or same brand), directly
preceding a particular price promotion affects the effec-
tiveness of the given promotion. Given this situation,
manufacturers of products that are conducive to purchase
acceleration may have to work to achieve not only exclu-
sivity during a brand’s promotion period, but also a pro-
motion-free environment in the period before a brand’s
promotion in order to maximize the effectiveness of a
promotion.

Category management is possible. This study finds that
frequency and scheduling of price promotions of various
brands in a category differentially affect the short-term
response. Therefore, it is possible for a retailer to control
the frequency and scheduling of price promotions of major
brands in a category in such a way as to maximize the
overall profit for the category in a retail store.

CONCLUSION

Based on interviews with retail managers, operant con-
ditioning theory, and the phenomena of brand switching
and purchase acceleration, it is expected that the frequency
of price promotions, the consecutive scheduling of price
promotions, and the interaction of Frequency X Consecu-
tive Scheduling will affect the short-term sales response
for a brand. The study proposed a nondirectional hypothe-
sis for the effect of frequency, but proposed negative
effects for consecutive scheduling and the interaction be-
tween consecutive scheduling and frequency. The study
analyzed three frequently purchased products in three mar-
kets and tested the predictive performance of the model
using a different data set on the same products and markets.
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The results indicate support for all hypotheses; further, it
was seen that the overall effect of frequency could be
positive or negative, depending on the extent of consecu-
tive scheduling.

More important, this study illustrates that the short-
term sales response for a brand is not fixed, that it is
continuously modified by the actions of retailer with re-
spect to promotions. The direct implication to the manu-
facturer is that all retail chains in a given market may not
be equal in terms of being effective promoters, and it may
not be optimal for a manufacturer to have a uniform trade
promotion policy for all retailers in the city. However,
because manufacturers are required by law to offer the
same promotion to all retailers in a market, a manufacturer
may be better off structuring trade deals that will appeal to
those retailers whose deal response function is most prof-
itable to the manufacturer.

Research Opportunities

Some of the limitations of this study may provide
opportunities for future research and may lead to an exten-
sion of literature in this area. For example, we studied only
consecutive scheduling of price promotions; other sched-
ules (such as alternate weeks, every third week, etc.)
should be studied. Further, other measures of consecutive
scheduling should be investigated.” Also, we used a gen-
eral case of consecutive scheduling that featured, for ex-
ample, price discount only promotions followed
immediately by any other price promotion (price discount
only, price discount with feature, or price discount with
display). An extension of this research should differentiate
between consecutive scheduling produced by same type of
promotions versus different types of promotions.

Another limitation of this study is that we did not
consider magnitude of price discounts; a question of inter-
est is whether magnitude of discount plays a role in the
extent to which consecutive scheduling of promotions and
frequency affect the short-term sales response to retail
price promotions. If household data were also available,
then future research could identify the source of variation
(such as brand switching, purchase acceleration, and in-
creased consumption) in sales increase due to frequency
and scheduling of promotions. This should help retailers
evaluate the preferred combination of frequency and
scheduling for each product category.

APPENDIX

SUMMER 1995

factors of demand from category sales that may be com-
pounded by seasonal promotions.

2. Identification of promotions to isolate weeks that are affected
by promotions. Each weekly time series by store for all
brands/sizes/flavors in the category is deseasonalized and
detrended by dividing the series by category trend and sea-
sonality.

3. Detection of outliers. Using a variable window moving aver-
age, outliers are removed. Outliers can be positive (one stan-
dard deviation higher than smoothed baseline estimate) or
negative (one standard deviation below the smoothed baseline
estimate).

4. Calculation of preliminary baselines by smoothing normal
periods, reseasonalizing, and retrending. This smoothing is
done with a variable window weighted moving average.
Updates are made on an ongoing basis with an exponential
smoothing process.

S. Adjustments made for out-of-stock situations for slow-
moving items. This is when the baseline needs to be adjusted
because slow-moving items’ sales could fall to zero due to
retailer out-of-stock situations as opposed to situations when
no consumers buy the product even though it is on the shelf.
Step 3 would have treated these observations as outliers even
though, in the latter case, they are not.

6. Adjusting the baseline for market-specific factors such as
holidays, weather-related factors, seasonal irregularities, and
SO on.

The baseline calculation is done in six steps (see Abraham and
Lodish 1993):

1. Seasonality adjustment for weekly store data. This adjustment
is done once a year at the market level for a product category,
using two years (prior to the time period used for model
estimation) of data. The same seasonality is used for all stores
within the market. The objective is to isolate true seasonal
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NOTES

1. Although consecutive promotions can occur within a week, the data
interval (weekly) precludes the possibility of capturing this effect.

2. The model parameters are brand specific within a chain in a given
market.

3. Appropriate pooling tests were also performed to ensure that the
store data could be pooled.

4. Details are available from the authors.

5. The ¢ values for the coefficients in this table are not reported in
order to avoid information clutter. These values can be obtained from the
authors upon request.

6. The R°s were computed by taking antilogs of the dependent
variable (both predicted and actual) in equation (5).

7. This is possible because actual sales can increase at a decreasing
rate with increasing frequency of price promotions.

8. To make sure that the superior predictive performance of the final
model was not due to main effects only, another validation model was run
using only the coefficients for variables F(P), F(F), and F(D) (which was
reestimated without the interaction effects). The predictive performance
deteriorated compared to the model with interaction effects, illustrating
the significance of the interaction of frequency and consecutive schedul-
ing of price promotions.

9. For example, first we determine the total weeks (say 13) of price
promotion for a brand in a given time period (say 52 weeks). If M is the
maximum number of consecutive promotions possible (12 in this case)
and A is the actual number (say 4) of consecutive promotions, then the
ratio A/M = 4/12 can be defined as the consecutive schedule coefficient.
Although the results were, in general, similar to the proposed measure in
the study, the overall performance of this alternative method was not
better in terms of the predictive validity.
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