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Abstract

While a significant literature has emerged recently on the longer-term effects of price promotions, as infetred from persistence
models, there is very little if any attention paid to whether such longer-term effects vary across different types of consumers. This
paper takes a first step in that direction by exploring whether the adjustment, permanent, and total effects of price promotions, and
the duration of the adjustment period, differ between consumers segmented based on their usage rates in a product category and
their loyalty to a brand. We also investigate whether such consumer segmentation will improve the forecasting performance of
persistence models at both product category and brand levels. Expectations are developed based on consumer behavior theory on
various effects of price promotions, such as the post-deal trough, the mere purchase effect, the promotion usage effect, and
responsiveness to competitor’s reactions. Evidence from household-level supermarket scanner data on four product categories is
provided. We find substantial differences between consumer segments and provide insights on how managers can increase the
longer-termn effectiveness of price promotions by targeting each consutmner segment with a different promotion program. In addition,
consumer segmentation is found to significantly improve the forecasting performance of the persistence model for two of the four
product categories. For the other two product categories, consumer segmentation provides forecasting performance similar to that
obtained from aggregate-level persistence models.
© 2005 Elsevier B.V. All rights reserved.
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Since the early 1970s, price promotions have
accounted for the main share of the marketing budget
in most c¢onsumer packaged good categories (e.g.,
Srinivasan, Pauwels, Hanssens, & Dekimpe, 2004).
During the past two decades, a substantial academic
literature has established the nature of shoreterm
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(immediate)” sales response to temporary price reduc-
tions, including an assessment of consumer heteroge-
neity in the effects of a temporary price reduction on
sales. A key finding of this literature is that the imme-
diate effect of temporary price reductions, as reflected
in short-term (contemporaneous) changes in sales, is
consistently found to be high (Neslin, 2002) and to vary
substantially across consumer segments, For example,
heavy users are found to be more price elastic than light

3 In this paper, the immediate effect of a price promotion is defined
ag the change in sales due to the promotion duting the period in which
the promotion is run.
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users (e.g., Neslin, Henderson, & Quelch, 1985), and
non-loyal consumers are found to have higher (total®)
price elasticity than loyal consumers (e.g., Krishna-
murthi & Raj, 1991). Such information on how the
short-term sales response to temporary price reductions
varies across segments of customers is useful in design-
ing and targeting temporary price reductions. For ex-
ample, larger sizes can be promoted and targeted to
attract heavy users, which can result in substantial
increases in market share (Neslin et al., 1985, p. 160),
and price cuts can be targeted to influence either
switching or increased purchase (Krishnamurthi &
Raj, 1991, p. 173).

Because the profitability of a promeotion depends on
longer-term as well as short-termn effects, another im-
pertant literature has emerged more recently on exam-
ining the longer-term effects’ of price promotions, in
particular, examining enduring effects through persis-
tence modeling that does not assume mean reversion of
the dependent variable (¢.g., Dekimpe & Hanssens,
1995a,1995b, 1999; Dekimpe, Steenkamp, Hanssens,
& Silva-Risso, 1999; Nijs, Dekimpe, & Hanssens,
2001; Srinivasan, Leszczyc, & Bass, 2000), Panwels,
Hanssens, and Siddarth (2002) define these different
temporal effects, describe various streams of research in
this area, including the advantages of persistence mod-
eling relative to other approaches,® and describe the
main findings of the research. In this literature, sales
are first classified as stationary or evolving, When sales
are stationary, promotions may have an immediate
effect on sales that persists over the next several
weeks (an adjustment period), but there is no permanent
effect. In contrast, when sales are evolving they do not
have a fixed mean and therefore could (but need not) be

* Total price elasticity includes elasticities of both brand choice and
quantity purchased.

3 In this paper, the [onger-term effects are defined to include the
adjustment and permanent effects, which occur subsequent to the
immediate effect. The adjustment effect occurs during an adjustment
period which is defined as the time period between when the imme-
diate effect is observed, and the time at which sales (incremental sales
in the case of evolving sales series) reach an equilibrium Jevel.

® Pauwels et al. (2002, pp. 422-423) discuss the advantages of
persistence modeling over approaches based on the Koyck model
(e.g., Mela, Gupta, & Lehmann, 1997, Papatla & Krishnamurthi,
1996), flexible consumption functions (e.g., Ailawadi & Neslin,
1998), and multiplicative response models (e.g., Ailawadi, Lehmann,
& Neslin, 2001). Basically, while both research streams model dy-
namic effects of price promotions, other approaches capture transient,
not enduring effects, because they assume mean reversion of the
dependent vanable (e.g., Dekimpe & Hanssens, 19953, [999; Pauwels
et al,, 2002).

permanently affected by promotions. A key finding of
this research is that while permanent effects of promo-
tions are largely absent, there are adjustment period
effects which vary by product category and brand,
and which affect both total’ promotion response and
profitability.

While the effects of consumer heterogeneity on
short-term promotion responses as inferred from mul-
tinomial logit models have been widely studied and
have generated useful recommendations for marketing
managers, to the best of our knowledge, there is no
study that investigates the effect of consumer heteroge-
neity on longer-term promotion effects as inferred from
persistence models. Consequently, as a first step, we
explore differences in the longer-term responses to
promotion among segmentation bases which are both
basic and widely used by marketing managers: heavy
vs. light users and loyal consumers vs. switchers.
Usage- and loyalty-based segmentation has a long-
standing tradition in the marketing literature beginning
with early works by Boyd and Massy (1972) and Twedt
(1967), respectively. Wedel and Kamakura (2000, p.
18) indicate that such segmentation “greatly enhances
the usefulness of outcomes for management.”

Specifically, we are interested in several research
questions. Are the longer-term effects of temporary
price promotions, as inferred from persistence models,
different across segments of consumers? What aspects
of longer-term effects are different {e.g., adjustment
periods or effects, permanent effects, or total effects)
across which types of customer segments {e.g., heavy
vs. light users, loyal consumers vs. switchers), and how
large are the differences? Alternatively, will segments
of consumers who have been found to substantially
differ in their immediate response to temporary price
promotions also differ in their longer-term response to
such promotions? To what extent? Can we improve the
forecasting performance of persistence models by con-
ducting a segment-level analysis?

Such an exploratory investigation can be an impor-
tant first step towards generating valuable payoffs for
marketing modelers and managers. First, if consumers
are found to be heterogeneous in their longer-term
responses to price promotions, marketing modelers ulti-
mately will be able to attain richer and more accurate
portraits of consumer longer-term response that are less
subject to aggregation and specification errors, just as

7 The tota] promotion effect is defined as the sum of the immediate,
adjustment, and permanent effects. If there is a permanent effect, the
total effect of the promotion will be infinite.
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Fig. 1. An example of an impulse response function. *In this example, the promotion is in period | and the adjustment period begins at period 2.
**The adjustment effect is the sum of the changes in quantity (the vertical solid lines) during the adjustment period. ***Beyond the 11th period (the
end of the adjustment period), the changes in quantity are insignificantly different frot 0, so that this example shows a lack of 2 permanent effect.

they have been sble to do in studies of the short-term
tmpact of sales promotion on brand choice (e.g., Chin-
tagunta, Jain, & Vilcassim, 1991; Kamakura & Russell,
1989). Second, studying consumer heterogeneity in
longer-term response to price promotions can ultimately
help explain why longer-term effects vary across brands
in a product category. For example, longer-term effects
may vary across brands in a product category if the mix
of heavy vs. light users, or loyal consumers vs. switch-
ers varies across brands in the product category. Third,
if the two important literatures on short- and longer-
term effects can be integrated, managers will be able to
design and target promotions to achieve short- and
longer-term goals simultaneously.® For example, if
heavy users, who have been found to be more price
elastic in their immediate response than light users (e.g.,
Neslin et al.,, 1985), are also found to have shorter
adjustment periods in their longer-term response to
price promotions, managers could substantially increase
market share (and profitability} by targeting this seg-
ment with more frequent promotions. Although these
consumers buy more on promotion, they also return to
their normal purchase behavior in the product category
sooner than light users. In contrast, while promotions
targeted to light users may have to offer price cuts that
provide sufficient incentive to increase product catego-
ry purchases, these promotions could be offered less

® This presumes that short- and longer-term effects do not have
opposite signs. When effects have opposite signs, managerial deci-
sions will involve tradeoffs between short- and longer-term goals so
that goals are difficult to align.

frequently. While light users do make product category
purchases in response to a promotion, they also return
to their normal purchase quantity in the product cate-
gory later than heavy users.” And the managerial gains
from targeting heavy consumers more frequently will
be larger if their adjustment effects are positive (above
the zero line in Fig. 1) rather than negative (below the
zero line in Fig. 1). Fig. 1 is described in more detail in
the next section,

Both manufacturers and retailers can easily imple-
ment such recommendations. Identification of consu-
mers belonging to either heavy or light user segments,
or loyal vs. switcher segments, is easily accomplished
at the store or chain level using purchase histories
recorded when consumers use chain club cards (e.g.,
Ralph’s Club Card or Vons/Pavillions’ Value Club
Card). Since address information is typically collected
when applying for such club cards, it is possible to
target the consumers identified with either retailer- or
manufacturer-based promotions (or information on pro-
motions). Altermatively, when the club card is swiped at
the point of purchase, the member identification num-
ber can be easily used by retailers or manufacturers to
access purchase history information and target promo-
tions to different segments of consumers by printing

% The two examples provided assume there is no permanent effect
of promotion, which has been the major empirical finding in the
literature. If there were differences in permanent effects such perma-
nent effects would dominate all other effects such as the immediate
and adjustment effects. For example, if the permanent effect was
negative, because promotions in such a case would erode brand
equity, managers would be recommended to resist running promo-
tions even though there may be strong positive immediate effects.
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promotions on the reverse side of purchase receipts.
This latter approach does not rely on address informa-
tion. A third approach is to target different promotions
to heavy vs. light or loyal vs. switcher segments simply
based on the products purchased (e.g., heavy users
(switchers) tend to buy larger (smaller) sizes). Manu-
facturer promotions can be printed on or inserted inside
packages of products offered by the manufacturer, or
printed at point of purchase. This appreach does not
rely on address information or on the availability of
purchase histories.

This work makes four types of unique contribu-
tions: substantive, managerial, methodological, and
theoretical. The primary contribution s substantive,
in studying whether the longer-term effects of promo-
tions vary for heavy vs. light users, and loyals vs.
switchers. This contribution is like the substantive
contributions of the Krishnamurthi and Raj (1991)
and Neslin et al. (1985) works that reported on the
differences between heavy vs. light users and loyals
vs. switchers, respectively, on the short-term or im-
mediate effect of promotions. In addition, since these
substantive differences result in recommendations for
manufacturers and retailers that are easily implemen-
ted in retail settings, this work makes a managerial
contribution. Also, this study shows that, in two of
the four product categories studied, it is possible to
substantially improve the forecasting performance of
persistence models by incorporating information on
consumer segments. In the other two product catego-
ries, segment-based model forecasts are close to their
aggregate-model counterparts, so that segmentation is
not found to negatively affect forecasting perfor-
mance. This finding should be useful to marketing
modelers in academic and corporate settings, in par-
ticular when forecasting accuracy of a model is less
than desired. Finally, theoretical expectations are de-
veloped on how four effects of promotions, the post-
deat trough, the mere purchase and promotion usage
effects, and responsiveness of competitor’s reactions,
are likely to vary for heavy vs. light users at the
category level and loyals vs. switchers at the brand
level.

In the next section, we define the time frames for
promotional effects and employ consumer behavior
theory to develop hypotheses on different response
patterns to a price promotion across heavy vs. light
users, and loyal consumers vs. switchers. Subsequently,
we present the persistence models, including unit root
tests, category and brand level VARX (Vector Autore-
gression with Exogenous variables) models and im-
pulse-response functions. Next, we briefly describe

scanner panel data for four product categories, two
storable products (detergent and paper towels) and
two perishable’® products (margarine and yogurt),"
before presenting our results on how price promotion
effects vary across consumer segments. Finally, we
discuss the implications of the results for marketing
modelers and managers.

1. Expected results

We follow Pauwels et al. (2002) in defining imme-
diate, adjustment, permanent, and total effects,' and in
the development of expectations regarding differences
between consumer segments on the adjustment period
and effects, and permanent and total effects of a pro-
motion. While the immediate effect of a price promo-
tion is the change in sales during the period in which
the promotion is run, the adjustment effect refers to the
effect of a price promotion during the transition period
(called the adjustment period) between the immediate
effect and the time at which sales (incremental sales in
the case of evolving sales series) reach an equilibrium
level (see Fig. 1). The adjustment effect can be either
positive or negative (e.g., a temporary post-promotion
dip as shown in Fig. 1), and the sign and magnitude of
the effect greatly affect the overall profitability of the
promotion (e.g., Blattberg & Neslin, 1990). Finally, 2
permanent effect of the promotion occurs when a pro-
portion of the promotion’s impact is carried forward to
set a new equilibrium level {or level shift). This new
equilibrium level is shown to be 0 in Fig. 1. For
example, if the sales series is evolving with no fixed
mean, the permanent effect of a marketing effort can be
captured by relating the effort to the evolution of sales.
The total effect is the total over-time impact of the price
promotion, which includes the immediate, adjustment,
and permanent effects.

Managers care most about the total effect of a pro-
motion. If promotions have a permanent effect, the total
effect will be infinite so that the permanent effect will
dominate immediate and adjustment effects. In such a
case, the immediate and adjustment effects are less
relevant, However, if permanent effects do not exist,
which is the dominant finding in the literature hereto-

% Gur choice of the words “perishable” and “storable” follows
Pauwels et al. (2002, p. 424).

U Pauwels et al. (2002) contrast one storable product (canned soup)
and one perishable product (yogurt).

12 Previous authors have introduced altemative terms that fit this
framework; effects are either contemporaneous (immediate) or dy-
namic (longer-term), which could be transient (adjustment) or endur-
ing (permanent).



J Lim er al. / Intern. J. of Research in Marketing 22 (2005} 441-457 445

fore (e.g., Dekimpe ct al., 1999; Nijs et al,, 2001), it is
important to determine the size of the adjustment effect
so that one can compute the total effect of a promotion.
The adjustment period is an important component in the
computation of the adjustment effect. In addition, the
adjustment period, as outlined carlier, generates impor-
tant managerial insights about the frequency of promo-
tions. Consequently, the main focus of this paper is on
the adjustment period and effect. Specifically, we are
interested in whether the adjustment period and effect
of a promotion is iikely to be different for heavy vs.
light users and loyal consumers vs. switchers. While
there is a significant body of research on consumer
heterogeneity in the immediate effects of price promo-
tions (Neslin, 2002 provides an excellent review), there
is no work that investigates whether there is likely to be
any variation across consumer segments on the adjust-
ment period or effects. Pauwels et al. (2002) indicate
“the length of the adjustment period. . has not received
much attention in the context of price promotions.”
Secondarily, because permanent effects are possible
(e.g., consumers could develop intrinsic preference for
the brand subsequent to promotion-induced trial, or
alternatively promotions could erode brand image),
and the absence of a permanent effect in the data
could be due to cancellation or dilution of permanent
effects across different customer segments, we explore
whether there is consumer heterogeneity in the perma-
nent effect of price promotion. The effect of heteroge-
neity is explored at both product category and brand

Table 1

levels. Finally, we explore the differences in total over-
time impact of a price promotion across different cus-
tomer segments. This is the first paper that explores
whether the length of the adjustment period, the adjust-
ment effect, the permanent effect, and the total over-
titne impact of a price promotion vary across different
segments of consumers.

1.1. Adjustment period

Past research on longer-term effects of promotions
has identified four different forces that can influence the
adjustment period (e.g., Pauwels et al,, 2002). These
forces include the post-deal trough, the mere purchase
effect, the promotion usage effect, and the competitive
reaction effect (Table 1).

Briefly, the post-deal trough results from promotion-
induced timing and quantity acceleration. Quantity and
timing acceleration results in stockpiling, after which
consumers are expected to reduce their purchases in
subsequent weeks (see Neslin, 2002, p. 22 for a re-
view). In some product categories, consumers who
stockpile can increase their consumption rates (e.g.,
Ailawadi & Neslin, 1998; see Neslin, 2002, pp. 25—
26 for a review) which affects purchases in subsequent
weeks.

The mere purchase effect posits that promotion-in-
duced purchases increase fiture sales {e.g., Blattberg &
Neslin, 1990) based on two behavioral theories, by (i)
reminding consumers to buy the product category or

Hypotheses on differences in the adjustment period between consumer segments

Usage level segmentation®

Loyalty level segmentation”

Perishable products ~ Non-perishable products  Loyal® Non-loyal®  Switcher
Heavy*® Light Heavy Light
Post-deal trough Timing acceleration Shorter Longer NA NA Shorter  Shorter Longer
Quantity acceleration NA' NA Longer Shorter Shorter ~ Longer Shorter
Increase in consumption  Shorter Longer NA NA NA NA NA
rate due to stockpiling
Mere purchase effect  Reinforcement Shorter Longer  Shorter Longer Shorter  Longer Shorter
Risk premium for trial NA NA Shorter Longer Shorter
Promotion Self-perception Shorter Longer Shorter Longer Shorter Longer Shorter
usage effect Price-perception Shorter Longer Shorter Longer Shorter  Longer Shorter
Object-perception NA NA NA NA Shorter  Longer Shorter
Responsiveness to competitor’s reactions NE# NE NE NE Shorter  Longer Shorter

¢ Applies to category sales.

" Applies to sales of the focal brand. Categorized into loyal, non-loyal, and switcher segments (Narasimhan, 1988).
¢ Loyal to the focal brand. Defined as customers whose focal brand share is more than 50% (Krishnamurthi & Raj 1991).

¢ Non-loyal to focal brand but loyal to another brand.

® Customers whose total purchase quantity is above the median purchase quantity across the entire sample of houscholds over the calibration

period (Neslin et al., 1985).
T 'Not applicable.
€ No expectation.
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brand and reinforcing their tastes (e.g., Erdem, 1996),
and (ii) offering a risk premium jfor trial by new con-
sumers, some who will like the product and repurchase
it in the future {e.g., Mela et al., 1997).

The promotion usage effect posits that promotions
affect consumer perceptions based on three behavioral
theories; (i) self-perception theory (e.g., Bem, 1967,
Dodson, Tybout, & Sternthal, 1978) which proposes
that consumers purchasing on promotion will attribute
their purchase to an external cause (promotion) rather
than an mternal cause (brand preference), (ii) price-
perception theory (e.g., Briesch, Krishnamurthi,
Mazumdar, & Raj, 1997; Kalyanaram & Winer, 1995;
Winer, 1986) which proposes that consumers form a
reference price for a brand based on past prices, and
because promotions lower reference prices, consumers
are less willing to purchase the brand off promotion,
and (ili) object-perceprion theory (e.g., Blattberg,
Briesch, & Fox, 1995) which proposes that promotions
erode a brand’s image. Finally, competitors may react to
a focal brand’s promotion (e.g., Ailawadi et al., 2001,
Leeflang & Wittink, 1992, 1996).

1.1.1. Differences in the adjustment periods of heavy vs.
light users for perishable products

Following Neslin et al. (1985), heavy users are
defined as those consumers whose total purchase quan-
tity is above the median purchase quantity across the
entire sample of households over the calibration sample
period.'? The theoretical predictions of the adjustment
period for heavy vs. light consumers (Table 1) are
conditional on whether the product is perishable or
not, because heavy users are more able than light
users to adjust their consumption (relative to base
quantity) depending on their inventory level (e.g., Wan-
sink & Deshpande, 1994). In contrast, for non-perish-
able products no such increase in consumption is
required if consumers stockpile on promotion. We
first address differences in the adjustment periods of
heavy vs. light users for perishable products.

1.1.1.1. Influence of post-deal trough and mere pur-
chase effects. Based on an investigation of several
product categories, Bell, Chiang, and Padmanabhan
(1999) reported a 17 (incidence)/75 (choice)/8 (quantity)
breakdown of elasticities'* for perishable products rel-

13 Note that the definition follows the literature and therefore is
based only on total quantity purchased over a time peried, and not
purchase frequency.

¥ Van Heerde, Gupta, and Wittink {2003) note that the breakdowns
are of elasticity and not of sales.

ative to a 3/75/22 breakdown for non-perishable pro-
ducts, indicating that the extent of quantity acceleration
in perishable products is low. Consequently, we focus
on incidence (timing acceleration). Timing acceleration
of purchases results in increased inventory. Heavy users
are expected to engage in less timing acceleration (than
light users) (Neslin et al, 1983, p. 158) and are
expected to be more able to increase consumption
relative to their base quantity (than light users) in
order to deplete the additional inventory," resulting
in a shorter adjustment period before they return to
their normal purchase quantity in the product category.
Although light users have tried the product category,
these users (because of their lower usage levels) are
expected to be less familiar with the benefits of using
the product category (than heavy users) and therefore
more likely to be influenced or reinforced by a single
promotional purchase. Such influence or reinforcement
is likely to affect their behavior in subsequent periods
so that we expect a longer adjustment period before
they return to their normal purchase quantity in the
product category, Because all users (heavy and light)
have tried the product category, they do not require a
risk premium for frial.

1.1.1.2. Influence of promotion usage effect and respon-
siveness to competitor’s reactions. Because light
users are more likely to attribute their purchase to
external causes such as a promotion, resulting in re-
duced repeat purchase probability (Blattberg & Neslin,
1990), these users are more likely to deviate from their
normal purchase quantity, resulting in a longer adjust-
ment period.'® Light users are also more likely to
change their reference prices after a promotional pur-
chase since they are less familiar with the product
category and the average price level of the product
category. Consequently, when the price reverts to its
original level, these consumers are more likely to feel
“sticker shock”, or a “loss” relative to the lowered

1 This is supported by several theories. Assuncao and Meyer (1993)
show that higher inventory levels provide the consumer with flexi-
bility to consume at any desired rate. Folkes, Martin, and Gupta
{1993) provide evidence for scarcity theory, in that smaller quantities
are perceived to be more valuable and hence consumed more slowly.
‘Wansink and Deshpande (1994) provide evidence that higher inven-
tory levels create higher in-home awareness of the product, so that it is
consumed more often. Soman and Gourvilie {2001) propose that
stockpiling can influence consumers’ perceptions of the sunk cost
of their inventory investment and hence influence usage rates.

'8 Recall that light users are less able than heavy users to adjust their
consumption depending on their inventory level {e.g., Wansink &
Deshpande, [1994).
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reference price, resulting in a longer adjustment peri-
od. Heavy consumers are more familiar with the prod-
uct category, and with prices, both off and on
promotion, and hence less likely to experience “sticker
shock”. Because usage level segmentation deals with
category level predictions and object-perception deals
with brand {or brand-size or SKU) level predictions,
object perception effects do not apply to usage level
segmentation. Finally, light users are more likely to
attribute their purchase to an extemal cause (e.g.,
promotion) rather than an internal cause (e.g., prefer-
ence), and as a result are more likely to wait for and
respond to another promotion such as a competitor’s
retaliatory promotion, resulting in a longer adjustment
period. However, it is also possible that heavy users,
because of their greater knowledge of the category, are
better trained to look for and wait for a promotion in
the category so that the net result of these two pos-
sibilities cannot be predicted. Since all three effects
(the post-deal trough, the mere purchase effect, and
the promotion’s usage effect) are expected to affect
the adjustment period of heavy vs. light users of
perishable products in a consistent way, our first
expectation is:

H1. For perishable products and category level sales,
light users are expected to have longer adjustment
periods than heavy users.

1.1.2. Differences in the adjustment periods of heavy vs.
light users for non-perishable products

In contrast to perishable products, for non-perish-
able or storable products, the consumer is more likely
to engage in quantity rather than timing acceleration
(Bell et al., 1999), and no increase in consumption Is
required if a consumer stockpiles on promotion. As a
result, the corresponding expectations on the adjust-
ment period will differ relative to the case for perish-
able products. For example, heavy users, who are
more likely to engage in quantity acceleration (relative
to their base quantity) on promotion (e.g., Neslin et
al., 1985), no longer need to increase their consump-
tion rate, so that adjustment periods will be longer
before these consumers retum to their normal pur-
chase quantities in the product category. As a result,
the three effects (the post-deal trough, the mere pur-
chase effect, and the promotions usage effect) are no
longer expected to affect the adjustment periods of
heavy vs. light users of non-perishable products in a
consistent way, so that the net effect of all four forces
on the adjustment period remains as an important
empirical question. The question is important because

it affects the promotion frequency and targeting deci-
sions of managers of leading brands that drive cate-
gory sales.

1.1.3. Differences in the adjustment periods of loyal
consumers vs. switchers

While usage level segmentation deals with category
sales, loyalty-based segmentation deals with brand
sales. Because consumers can be loyal to different
brands, we follow Narasimhan (1988) in segmenting
consumers into three groups: loyal to the focal brand,
non-loyal to the focal brand but loyal to a brand other
than the focal brand, and switchers. For ease of expo-
sition, we henceforth refer to these segments as loyal,
non-loyal, and switchers. If a consumer’s brand share is
above 50%, the consumer is classified as being loyal to
that brand (e.g., Krishnamurthi & Raj, 1991)."7 In
contrast to heavy vs. light users, the expectations re-
garding the adjustment period for loyal consumers vs.
switchers are not conditional on whether the product
category is perishable or non-perishable since increases
in consumption depend on the usage level rather than
the loyalty level (Ailawadi & Neslin, 1998; Wansink &
Deshpande, 1994). The influence of the post-deal
trough, the mere purchase effect, the promotion usage
effect, and responsiveness to competitor’s reaction, on
the adjustment period of loyalty-based segments is
discussed below.

1.1.3.1. Influence of post-deal trough. Switchers are
more likely to accelerate purchase timing than loyals
(e.g., Bucklin, Gupta, & Siddarth, 1998, Table 5) and,
ceteris paribus (e.g., assuming similar consumption
patterns for loyals and switchers), are expected to
have a longer adjustment period before returning to
their normal purchase quantity of the focal brand. The
base guantity level of the focal brand will be the lowest
for non-loyals. Consequently, when non-loyals pur-
chase the focal brand on promotion, the change in
quantity relative to the base quantity level will be
higher than that for loyals or switchers, resulting in a
longer adjustment period before they return to their
normal purchase quantity of the focal brand.

1.1.3.2. Influence of mere purchase effect. The rein-
forcement effect is expected to be greater for non-loyal
consumers than others. Non-loyal consumers are less
familiar with the focal brand, so that the consumption

17 There is always a theoretical possibility that some purchases of a
brand are made on promotion. This does not necessarily imply the
consumer is not loyal to that brand.
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experience of the focal brand will have a relatively
greater reinforcement effect (either positive or nega-
tive). If the reinforcement effect is positive {negative),
non-loyal consumers are likely to purchase more (less)
of the focal brand in weeks subsequent to the promo-
tion week, so that they are likely to have a longer
adjustment period before returning to their previous
purchase quantity of the focal brand. Since non-loyal
consumers are loyal to a brand other than the focal
brand, these consumers are also expected to have
longer adjustment periods before returning to their
normal purchase quantity of the focal brand. Non-
loyal consumers (who exhibit more loyalty to another
brand than switchers) are most likely to require a risk
premium for trial. If the risk premium is offered and
the trial results in positive reinforcement, the purchase
quantity of the focal brand in subsequent weeks will be
affected, resulting in a longer adjustment period before
they return to their normal purchase quantity of the
focal brand.

1.1.3.3. Influence of promotion usage effect and respon-
siveness to competitor 5 reactions. Based on self-per-
ception theory, non-loyal consumers, who are least
familiar with the focal brand, are most likely to attribute
their purchase of the focal brand to an external cause
(promotion) rather than an internal cause (preference).
Such an attribution will cause non-loyals to wait for
another promotion on the focal brand, resulting in a
longer adjustment period before returning to their nor-
mal purchase quantity of the focal brand.'® Based on
price perception theory, non-loyals are most likely to
adjust their reference price downward, resulting in a
longer adjustment period. And, based on object percep-
tion theory non-loyals could also adjust their perception
of the focal brand (either upward or downward). Re-
gardless of the direction of adjustment, any such ad-
justment in object perception will result in a longer
adjustment period. Finally, since non-loyal consumers
are most {ikely to attribute their purchase to an external
cause (promotion), they are most likely to wait for
another promotion and most likely to respond to com-
petitors’ retaliatory promotions, resulting in a longer
adjustment period than others.

While the expectations of the length of the adjust-
ment period for non-loyal consumers are less than

1% Note the non-loyals do not purchase the focal brand often and
hence their time between purchases of the focal brand may be large.
However, when past purchase decisions are attributed to promotion
rather than preference, ceteris paribus, adjustment periods are likely to
be longer,

perfectly consistent, much of the theoretical rationale
suggests that non-loyal consumers will have a longer
adjustment period for purchasing the focal brand than
consumers loyal to the focal brand and switchers. Con-
sequently, our second expectation is:

H2. For purchases of a focal brand, non-loyal consu-
mers are more likely to have longer adjustment periods
than consumers loyal to the focal brand and switchers.

1.2, Adjustment, permanent, and total effects

As defined eariier, the adjustment effect refers to the
effect of a price promotion during the adjustment period
between the immediate response and the time at which
sales reach an equilibrium level (e.g., Pauwels et al.,
2002). We separate our discussion for the adjustment
period and effect because a longer adjustment period
does not necessarily imply a greater adjustment effect.
This is because the adjustment effect is a function of the
duration of the adjustment period and the pattern of the
impulse-response function (see Fig. I). For example,
there can be a negative post-promotion dip during a
longer adjustment period that reduces the adjustment
effect, or one can have a shorter adjustment period with
stronger positive adjustment effects (longer solid verti-
cal lines in Fig. 1), which increases the adjustment
effect.

While we can hypothesize differences in the length
of the adjustment period between heavy and light
consumers for perishable products and also hypothe-
size differences in the length of the adjustment period
between non-loyals and others, it is not possible to
hypothesize (a) how large these differences will be
and (b) the size and sign of the impulse-response
function effect for each week (size and sign of the
solid lines in Fig. 1). Therefore, it is not possible to
hypothesize differences between consumer segments
in the adjustment (or total) effects of promotions,
However, studying the adjustment effects of promo-
tion and whether these effects vary across segments of
consumers is very important from a managerial point
of view because (a) in the absence of permanent
effects, which is most often the case in the literature
heretofore, adjustment effects are a very important
aspect of the total effect of promotions; and (b) study-
ing how adjustment periods and effects vary across
consumer segments can be useful in developing and
targeting promotions that vary on frequency and in
achieving different managerial objectives (e.g., either
influence switching or increased purchase cf. Krishna-
murthi & Raj, 1991, p. 173).
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Following the previous literature, we expect to {ind
that permanent effects of promotion are absent for
usage- and loyalty-based segments of consumers. The
present study is the first to empirically investigate
whether the assumed absence of permanent promotion-
al effects holds for different segments of consumers.

1.3. Forecasting performance of aggregate vs. segment-
based persistence models

Persistence models calibrated separately for different
kinds of users (e.g., heavy vs. light) may generate
parameter estimates which are more representative of
the behavior of each segment of users and hence could
provide better forecasts of that behavior. For example, a
priori (e.g., Currim, 1981) and post-hoc (e.g., Kama-
kura & Russell, 1989} segmentation methods have been
shown to improve the forecasting performance of con-
joint and logit model analyses (see Andrews, Ainslie, &
Currim, 2002; Andrews, Ansari, & Cumrim, 2002;
Wedel & Kamakura, 2000, Table 3.1). This is the first
paper to test whether the forecasting performance of
category (and brand level) persistence models can be
improved through the use of consumer usage (and
loyalty)-based segmentation concepts.

2. Methodology
2.1. Overview

The methodological framework consists of three
major steps: (a) conducting unit root tests to identify
whether each series (e.g., aggregate and segment level
category and/or brand level sales) is stationary over
tite; (b) estimating aggregate and segment-based cat-
egory and brand level VARX models in which variables
are defined either in level or first-difference form
depending on the outcome of (a); (c) using the aggre-
gate and consumer segment-based VARX models to
generate a corresponding impulse-response function
(IRF) which traces the effect of a one standard devia-
tion shock to one of the endogenous variables (e.g.,
price} on current and future values of other endogenous
variables {category or brand sales). The immediate
effect of a promotion is the effect of a price shock of
cne standard error on the response variable (e.g.,
Dekimpe et al, 1999; Srinivasan et al., 2000). The
length of the adjustment period is the time needed for
the IRF to stabilize so that the next four consecutive
IRF values are ingignificantly different from their as-
ymptotic value (e.g., Nijs et al., 2001). This asymptotic
value is zero in the case of stationary series, but may be

different from zero in the case of non-stationary series.
The adjustment effect is the effect of the promotion
over the adjustment pericd, and the total effect of the
promotion is the sum of immediate, adjustment, and
permanent effects. As in the previous literature, all
effects are impacts of a single marginal promotion,
not a change in promotion structure,

2.2, Unit-root tests

The Augmented Dickey—Fuller (ADF) test (e.g.,
Dekimpe et al, 1999; Pauwels et al, 2002) is per-
formed on the sales serics at the aggregate and con-
sumer segment levels. The general form of the test
equation is given by:

. ,
Aye=ao+art+ e + 3 Blyei +é (1
i=1

where y, is the variable of interest {aggregate and con-
sumer segment-based category-level and brand-level
sales series) and ¢ is a deterministic trend variable. With-
out ¢, the assumption is that there is no time trend. If the
series is found to be non-stationary without ¢, we cando a
stricter test by assuming that there is a time trend and, in
this case, we want to determine whether or not the non-
stationarity stems from the time trend. To determine the
number of lagged difference terms, £ is varied from 1 to
8, and the model specification selected is the one with the
best value of the BIC criterion (e.g., Pauwels et al., 2002)
. If we do not reject the null hypothesis of y equals zero,
the series is non-stationary. If there are structural breaks
(e.g., new product introductions), corresponding tests
{Perron, 1990) need to be conducted before we reject
stationarity. Consistent with prior research, if sales are
non-stationary there is a potential for permanent effects
(e.g., Dekimpe et al., 1999). We followed Enders (1995)
to determine whether or not a series is stationary.
Dummy variables can also be added to the specification
to investigate seasonal effects.

2.3, VARX model

The category level VARX models are estimated
with category level quantity (Q) and markei-share
weighted!” average price { P) as endogenous variables,
and three exogenous variables: intercepts (agp and
®g,p), feature variables (F), and display variables (D).
At the brand level, we estimate a separate VARX model
for each brand to avoid potential degrees-of-freedom

" Dynamic weights were used to derive the weighted price.
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problems when estimating extended VARX models
(e.g., when several competitors” performance and mar-
keting-mix vanables are included simultaneously as
endogenous variables). In the absence of unit roots,
variables will be written in levels form, while for
unit-root series (or equivalently, non-stationary series)
variables will be written in first-difference form.
When two or more series are found to be non-sta-
tionary and co-integrated, one can run a Vector Error
Correction (VEC) Model in place of the VARX
model. Our model for category level demand follows
Nijs et al. (2001) and is represented as follows under
the assumption that all the endogenous variables are
stationary:

O — | %0 521 12} [Qt—i]
AR DY)

i=l

no Vi £ EQy
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Similarly, the brand level model (e.g., 3 brands) can
be specified as:
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where [BQJ.,, ep 1 €Py aps,,]"N(O, ), j=1.2, and 3.
This linear specification is preferred {over a multipli-
cative model which is linear in logs), because it
yields an elasticity that is increasing (rather than
constant) in price (Pauwels et al, 2002; Van Heerde
et al., 2000). The linear specification is also less
sensitive to aggregation bias (Christen, Gupta, Porter,
Staelin, & Wittink, 1997). The order of a VARX

model is determined by the best BIC criterion (e.g.,
Pauwels et al., 2002).

2.4. Impulse-response function

The impulse-response function traces the effect of
one standard deviation shock to one of the endogenous
variables on current and future values of the endoge-
nous variables {for more details on impulse-response
function, see Dekimpe & Hanssens, 1999; Nijs et al,,
2001). A shock to the i-th variable directly affects the i-
th variable, and is also transmitted to all of the endog-
enous variables through the dynamic structure of the
VARX. The over-time price promotion impact is de-
rived under the assumption that the initiating price
promotion does not alter the data-generating process
(Pesaran & Samiei, 1991),

Finally, ail the estimated impulse-response functions
are transformed to unit-free elasticities (rather than
absolute quantity changes) to measure the size of the
immediate, adjustment, and permanent effects (Sriniva-
san et al., 2000). This is because the results of impulse-
response finctions provide the incremental units (e.g.,
in ounces) sold by the price promotion, which are not
comparable across product categories and consumer
segments. The conversion of the results of the im-
pulse-response functions to price elasticities is based
on the following equation:

P dQ

() -—-E X3P {4

where dP is found by Cholesky decomposition of the
residual variance—covariance matrix, d is the result of
the impulse-response function, and P and 0 are average
price and purchase quantity, respectively. Following
Pauwels et al. (2002, p. 428), for category analysis
we shock price first, allowing for contemporanecus
effects on category level quantity, and for brand level
analysis we shock the focal brand’s price, allowing for
contemporaneous effects on brand level quantity.

2.5. Repeated sampling

We employed repeated sampling (Currim & Schnei-
der, 1991; Efron, 1979) to test the significance of
differences in the duration of the adjustment periods,
adjustment effects, and total effects across consumer
segments. Specifically, we generated purchase quantity
and marketing mix variables by randomly selecting
90% of the total households in each segment and
estimated VARX models using the generated data se-
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ries.?’ The above procedure was repeated 100 times
and, as a result, we could generate 100 impulse-re-
sponse functions for each segment level analysis.
Based on the mean and standard deviation of the 100
replications, we performed #-tests to verify whether the
differences across consumer segments are significant.
This approach is different from that advocated in
Dekimpe and Hanssens (1999) and easier to implement
because of access to household-level data.*!

3. Data

We use scanner data on four product categories:
yogurt, margarine, paper towels, and detergent. The
yogurt data was collected by A.C. Nielsen in Sioux
Falls, South Dakota, over 138 weeks, and the marga-
rine, paper towels, and detergent data sets were col-
lected by IRY in Chicago over 112 weeks. The yoguit
data have been made available through the Marketing
Science Institute and A.C. Nielsen and have been
widely used in marketing research. The total number
of households are 2556 (yogurt), 1539 (margarine),
1513 (paper towels), and 1525 (detergent). The total
number of purchases are 78,527 (yogurt), 30,259
(margarine), 28,287 (paper towels), and 19,752 (de-
tergent). We consider paper towels and detergent as
non-perishable (or storable) products with a high abil-
ity to stockpile and margarine and yogurt as perish-
able products with a low ability to stockpile
(Narasimhan, Neslin, & Sen, 1996; Pauwels et al,,
2002). Three leading brands are considered from each
product category since a VARX mode! (e.g., with a 1-
period lag) requires estimation of 36 parameters with
112-138 weekly observations. The data sets were
divided into calibration and holdout samples (10
weeks from each data set) to compare the forecasting
performance of aggregate-level and segment-level
analyses.

In this research, we empioy price, feature, and dis-
play vartables. The quantity variable represents per
week sales volume in ounces for margarine, detergent,
and yogurt, and square yards for paper towel. The
category level price variable is calculated using the
average unit price of brands weighted by their market
shares. The feature and display variables are dummy

% 90% is based on Currim and Schneider (1991). They repeat-
edly generated random samples with replacement in a way that any
given random sample comprised 90% of the household’s purchase
history.

2! We thank a reviewer for pointing this out.

variables indicating presence (or absence) of a feature
or display during each week.

4. Results
4.1. Unit root tests

An augmented Dickey—Fuller (ADF)* test was con-
ducted on each of the following series: category sales
{at the aggregate level, and separately for heavy, and
light consumers), and sales for each of 3 brands (at the
aggregate level, and for each of 3 segments, loyals,
non-loyals, and switchers). These 15 tests were con-
ducted for each of the 4 product categories. All 60
tests®? conducted indicated that the corresponding se-
ries were stationary (values between —3.1 and —11.3
were compared to McKinnon critical values of —2.88
(5% level)). Since the category and brand level sales
series at both aggregate and segment levels are found to
be stationary, there are no permanent effects, either at
the aggregate or consumer segment levels.

The aggregate level results are consistent with the
previous findings in time series research that most
purchase quantity or sales series are stationary (e.g.,
Nijs et al, 2001). Based on this research, we can
extend the previous findings of the absence of per-
manent effects of promotions to the segment level.
Therefore, regardless of consumers’ behavioral char-
acteristics, such as heavy, light, loyal, and non-loyal
consumers and switchers, manufacturers (or retailers)
cannot expect consumers to permanently increase
their purchase quantities in response to temporaty
price promotions.

4.2, Adjustment period

The results on the duration of the adjustment periods
for the various consumer segments are summarized in
Table 2,

4.2.1. Heavy vs. light users

First, for perishable products (margarine and yo-
gurt) we find that light users have longer adjustment
periods than heavy users (3.25 vs. 2.87 (p<0.00)
weeks for margarine and 3.99 vs. 1.98 (p<0.00)
weeks for yogurt). Consequently, H1 is supported.
For non-perishabie products, it was not possible to

2 Inclusion of seasonal effect dummy variables did not improve the

fit of the model.
2 Detailed results are available from the authors,
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Table 2
Results on the duration of adjustment period in weeks®

Usage level segmf:ntationb

Loyalty level segmentation®

Heavy? Light L NL 8 Significance
ANOVA Lvs NL Lwvs S NLvs S
Perishable Margarine 2.87 325 P<0.00 1.25 171 049 p<0.00 p<0.00 p<000 p<0.00
Yogurt 198 3.99 P<0.00 409 397 344 p<004 p<Q70 p<002 p<0.01
Non-perishable  Detergent 132 129 F<0.65 1.57 197 136 p<000 p<0.00 p<001  p<0.00
Paper towel  1.09 1.13 P<0.53 .74 252 151 p<000 p<0.00 p<0.00 p<0.00

* . represents Loyals, NL represents Non-loyals, and S represents Switchers in this table.

b Applies to category sales.
© Applies to sales of the focal brand, averaged over three brands.

9 See footnotes of Table 1 for definitions of category usage and brand loyalty level based consumer segments.

hypothesize the difference in duration of adjustment
period between heavy and light users because the four
different effects (post-deal trough, the mere purchase
effect, the promotions usage effect, and responsiveness
to competitor’s promotions) did not affect the duration
of the adjustment period in a consistent fashion. Our
finding for non-perishable products is that there is no
difference in the duration of adjustment period between
heavy and light users {1.32 vs. 1.29 (p<0.65) weeks
for detergent and 1.09 vs. 1.13 (p<0.53) weeks for
paper towel). This second result implies that the effect
of quantity acceleration by heavy users on the duration
of their adjustment period (making it longer than that
for light users) is about equal to the effects of timing
acceleration, reinforcement, self and price perception
(making it shorter than that for light users). This second
result is intuitively appealing given that heavy users are
found to be substantially more price clastic than light
users (e.g., Neslin et al., 1985).

4.2.2. Loyal vs. non-loyal vs. switchers

Third, we find that non-loyal (to the focal brand but
loyal to another brand) consumers have longer adjust-
ment periods to a promotion of the focal brand than
other consumers (loyals and switchers) for 3 of the 4
product categories studied; 1.97 (non-loyals) vs. 1.57

Table 3
Results on the adjustment and total effects of a price promotion

(loyals) and 1.36 (switchers) (both p<0.00} for deter-
gent; 2.52 (non-loyals) vs. 1.74 (loyals} and 1.51
(switchers) (both p<0.00) for paper towels; and 1.71
(non-loyals) vs. 1.25 {loyals) and 0.49 (switchers) (both
p<0.00) for margarine. For yogurt, non-loyals have a
longer adjustment period than switchers (z<0.01) but
the difference between non-loyals and loyals was found
to be statistically insignificant (<0.70). Consequently,
H2 is largely supported. Overall, across both segmen-
tation schemes at the category and brand levels the
results are strongly indicative of the fact that the ad-
justment periods can vary substantially across consu-
mer segments.

4.3. Adjustment and total effects

The resuits on the adjustment and total effects of a
temporary price promotion on the aggregate sample
population and the consumer segments are summarized
in Table 3.

4.3.1. Heavy vs. light users

For perishable products, we find that heavy users
have a lower adjustment {»p<0.00) and higher total
effect (p<0.00) than light users (the adjustment ef-
fect is 0.69 for heavy users vs. 0.88 for light users,

Usage level segmentation”

Loyalty level segment:.cuionb

Perishable products

Non-perishable products L

NL § Significance

Heavy® Light Significance Heavy Light

Significance

ANOVA Lvs. NL Lvs 8 NLvs. §

Total effects 2.54 218 p<0.00 1.07
Adjustment effects  0.69 088 p<0.00 -0.06

141 p<0.00
—0.02 p<0.02

4.12 569 553 p<0.00 p<0.00 p<0.00 p<0.64
170 230 138 p<0.00 p<00] p<0.14 p<0.00

® Applies to category sales.
® Applies to sales of the focal brand, averaged across three brands,

© See footnotes of Table | for definitions of category usage and brand ioyalty level based consumer segments.



J. Lint et al. / Intern. J. of Research in Marketing 22 (2005) 441-457

while the totai effect is 2.54 for heavy users vs. 2.18
for light users). Our results indicate that for perish-
able products, heavy users have a shorter adjustment
period and lower adjustment effect, than light users.
The larger total effect is intuitively appealing given
that heavy users have been found to have larger
immediate effects (e.g., Neslin et al, 1985). For
non-perishable (or storable) products, heavy users
are found to have a smaller adjustment effect
(p<0.02) than light users (—0.06 for heavy users
vs. —0.02 for light users. The negative {or negligible)
adjustment effect is indicative of a post-promotion
dip, which is more likely in non-perishable product
categories because heavy users do not have to in-
crease their consumption when they engage in quan-
tity acceleration in response to a single, temporary
price reduction. This post-promotion dip lowers the
total promotion effect in the non-perishable product
category relative to that for light users (1.07 vs. 1.41
{p<0.00)}.

4.3.2. Loyal vs. non-loyal vs. switcher

Earlier we found that non-loyal customers had the
longest adjustment period to promotions of the focal
brand (H2). For this segment of consumers, the longest
adjustment period also translates into the highest ad-
justment effect (2.3 for non-loyals vs. 1.7 for loyals
{p=<0.00) and 1.38 for switchers (p<0.00)), and totai
effects of a promotion (5.69 for non-loyals vs. 4.12 for
loyals (p <0.00) and 5.53 for switchers (n.s.)).

4.4. Forecasting performance of aggregate vs. segment-
based persistence models

To compare the forecasting performances between
aggregate and segment-level analyses, we calculated

453

Root Mean Squared Error (RMSE) for the 10 out-of-
sample pertods:

At the aggregate level, ), can be directly estimated
from the VARX system. At the segment level, we (i)
estimated (,, where s indicates heavy and light seg-
ments at the category level and loyal, non-loyal, and
switchers at the brand level, {ii) calculated Q, by sum-
ming Qs, over s segments, and (i) compared 0, and
Q,. The results on forecasting performance of aggregate
and segment-level analyses are summarized in Table 4.

First, segment analysis produces better forecasting
performance for yogurt and detergent categories, while
aggregate analysis produces better forecasting perfor-
mance for margarine and paper towel categories, indi-
cating that there is more difference between consumer
segments (heavy vs. light, loyal vs. non-loyal vs.
switchers) in yogurt and detergent categories than mar-
garine and paper towel categories, in how sensitive the
consumer segments’ purchase quantity decisions are to
prices, features and displays.

Second, although segmentation does not result in
better predictions for ali product categories, we observe
from inspecting Table 4 that the gain in forecasting
performance achieved through segment-based analyses
is often larger than the loss in forecasting performance
achieved when conducting a segment based analysis. In
most cases wherein segment analysis produces worse
forecasting performance than aggregate analysis, the
segment level RMSE is very close to the aggregate
level RMSE (except yogurt brand 1 and margarine
brand 3). However, when segment analysis generates

Table 4
Comparison of the forecasting performance of VARX models as measured by RMSE*
Margarine Yogurt Detergent Paper towel
Aggregate Segment Aggregate Segment Aggregate Segment Aggregate Segment
level level [evel level level level level level
) analysis analysis analysis analysis analysis analysis analysis analysis
Category level 910.68 935.39 1,519.56 1,190.72 4,714.92 4,574.81 1031.54 1056.56
demand (—2.7%) (21.6%) (3%) (—2.4%)
Quantity for 636.53 464.93 187.14 217.33 1527.66 1514.30 294.26 29825
brand 1 (27%) (—16.1%) (0.9%) (~1.4)
Quantity for 276.83 279.23 1,299.32 1,110.85 2019.59 1855.82 863.58 87447
brand 2 (—-0.9%) (14.5%) (7.9%) (—1.3)
Quantity for 221.48 240.29 217.85 169.29 2826.37 276327 423.25 425.59
brand 3 (~8.5%) (22.3%) (2.2%) {(—0.6)

* For category level demand, we use usage-based segmentation, while for brand level demand (quantity) we use loyalty-based segmentation. The
percentage improvement of segment level analysis over aggregate level analysis is in parenthesis.
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better forecasts, the segment level RMSE is often con-
siderably better than the aggregate level RMSE. Con-
sequently, there is a definite potential for improving the
forecasting performance of category and brand level
persistence models by conducting consumer segment-
based analyses.

5. Summary, managerial implications, limitations,
and future research

While the effect of consumer heterogeneity on short-
term response to promotion as inferred from multino-
mial logit models has been widely studied, no study has
investigated the effect of consumer heterogeneity on
longer-term effects of promotion as inferred from per-
sistence models. This paper takes a first step in that
direction by investigating whether there are differences
in the longer-term response to promotion between
heavy vs. light users, and loyal vs. non-loyal vs. switch-
er segments. Specifically, we focus on the adjustment
period and the adjustment, permanent, and total effects
of a promotion in four product categories. Usage- and
loyalty-based segmentation has a long-standing tradi-
tion in the marketing literature (Boyd & Massy, 1972;
Twedt, 1967) and Wedel and Kamakura (2000, p. 18)
indicate that such segmentation “greatly enhances the
usefulness of outcomes for management.”

5. 1. Main results, managerial implications and
implementation

Our main results and associated managerial implica-
tions are as follows:

1. For perishable products, while light users have lon-
ger adjustment periods than heavy users, heavy users
have larger total effects. This result implies that
managers may be able to substantially increase mar-
ket share by targeting the heavy user segment with
more frequent promotions than light users because
heavy users buy more on promotion and also return
to their normal purchase behavior in the product
category sooner than light users. It is important,
however, that the frequency of promotion be below
a threshold level beyond which more frequent pro-
motions begin to lower the effect of promotions
(e.g., Foekens, Leeflang, & Wittink, 1999, Raju,
1992). In contrast, while promotions targeted to
light users have to offer price cuts that provide
sufficient incentive to increase product category pur-
chases, these promotions could be offered less fre-
quently because light users take a longer time to

refurn to their normal purchase quantity in the prod-
uct category. Because light users have positive ad-
justment effects, the longer adjustment period for
light users implies that promotion can be effectively
used to educate these consumers about the benefits
of using the product category.

2. For non-perishable products, heavy users have the
same adjustment period as light users. We find a
negative adjustment effect for heavy users, which
results in a lower total promotion effect for these
users. This result implies that the strategy of target-
ing heavy users with more frequent promotions on
the perishable items they buy may not work as well
for non-perishable products. These consumers stock-
pile and exit the market rather than increase their
consumption and return quickly to their normal pur-
chase quantity in the product category.

3. Consumers who are non-loyal to a focal brand but
loyal to another brand have longer adjustment peri-
ods than other consumers when responding to a
promotion of the focal brand. For this segment, a
longer adjustment period results in a larger adjust-
ment effect and a larger total effect of promotion.
Currently, managers are more likely to target switch-
ers because consumers who are loyal to another
brand are thought to be difficult to attract to the
focal brand. However, this result suggests that con-
sumers who are non-loyal to the focal brand but
loyal to another brand are likely to provide a larger
total effect in response to a promotion of the focal
brand than switchers in a longer term,

4. There are no permanent effects of a promotion for
any of the segments studied. This result implies that
the absence of permanent effects is prevalent not
only across different product categories (e.g., Nijs
et al.,, 2001) but also across different usage- and
loyalty-based consumer segments.

5. At the category level, a segment-based analysis
improves the forecasting performance of a persistence
model in 2 of the 4 product categories studied. At both
category and brand levels, when a segment-based
analysis does improve forecasting performance, the
improvement is often large. In contrast, when seg-
ment-based analysis does not improve forecasting
performance, the loss is often small. Consequently,
managers are likely to find that the segmentation-
based analysis is particularly important when persis-
tence models provide less accurate forecasts.

Overall, at both category and brand levels, the
results strongly indicate that (a) the adjustment period
and the adjustment, permanent, and total effects of a
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promotion vary significantly across consumer seg-
ments, and that consideration of such differences can
be useful in (b) improving the forecasting performance
of persistence models and (c) designing manufacturer
and/or retailer-based promotion programs targeted at
different segments in a way that can be easily imple-
mented in retail settings. Managerial implementation is
possible using a variety of approaches, some of which
rely on address information or the ability to customize
promotions at point of purchase, while other
approaches do not.

5.2. Limitations and future research

First, while this work considers the immediate and
post-promotion effects, like the majority of published
works in persistence modeling, it does not consider lead
effects due to anticipation of promotions (Van Heerde et
al., 2000), which if present would further reduce the
total effect of a promotion, It is also possible that lead
effects are to some extent indirectly reflected in chang-
ing baseline wvalues, and hence in a reduced shock
content of a nominal price reduction. Future research
could study whether there are differences in the extent
to which different consumer segments anticipate pro-
motions, and whether such potential differences result
in differences in total promotion effects including pre-
and post-promotion dips (across segments).

Second, although our operationalization of heavy
vs. light users is consistent with previous work (e.g.,
Neslin et al., 1985), we do not distinguish between
heavy users based on their frequency of purchase.
Future research could consider whether differences in
frequency of purchase result in differences in the
adjustment period and effects. Perhaps adjustment
periods are more likely to be impacted by inter-pur-
chase time for infrequent purchasers and by usage
rates for frequent purchasers.

Third, while our operationalization of loyalty is
consistent with previous work (e.g., Krishnamurthi &
Raj, 1991), it is possible that some of the purchases
were made when the brand was on promotion. Al-
though this does not necessarily imply that the con-
sumer is less loyal to the brand, future research could
investigate whether alternative ways of operationaliz-
ing brand loyalty result in differences in adjustment
periods and effects across loyal vs. non-loyal vs.
switcher segments.

Fourth, while our specification of the VARX model
(Egs. (2) and (3)) is consistent with previous research
(e.g., Nijs et al., 2001), such a specification results in
three different equations for each brand’s price (in Eq.

(3)). An altemative specification is one in which there 1s
one (instead of 3) system of equations with all brand
level quantities and prices as endogenous variables. Of
course the latter specification will involve estimation of
many more parameters than the former, which is a
concern when we have limited data on the number of
weeks. The empirical effect of this tradeoff can be
assessed in future research. In addition, while Eq. (2}
is a model for category level demand one can ask
whether the model could be improved by considering
a four-equation model as in Eq. (3). One can also
investigate the implications of only considering the
top three brands by including a larger number of
brands. Large (small) share brands are likely to be
high (low) tier, high (low) price brands which are
impacted quite differently by the marketing activities
of small (large) share brands than by the activities of
other large (small) share brands (see Neslin, 2002, pp.
8—12 for a review of such asymmetric effects caused by
preference heterogeneity, loss aversion, and income and
dominance effects). Small share brands are likely to be
niche brands that appeal to a certain segment of con-
sumers, who are likely to differ from consumers that
purchase large share brands. How these asymmetries
and differences impact the differences in duration of the
adjustment period, the adjustment effect, and the total
effect of promotion across different segments investi-
gated in this paper is an empirical question for future
research.

Fifth, this work is consistent with previous published
work in that the model agsumes constant parameters.
Alternatively, one can investigate the performance of a
varying parameter model, one in which the effects of
promotion are allowed to vary over time. And one can
investigate the results of allowing for non-zero co-
variances between adjustment period effects of different
segments. Future research could consider the pros and
cons of alternative modeling strategies.

Finally, in this study, we used an exploratory a
priori segmentation approach to demonstrate that sub-
stantial differences exists between consumer segments
in terms of their longer-term purchase responses to
promotions. In future research, it would be valuable to
investigate an a posteriori segmentation approach to
investigate whether there is any heterogeneity among
consumers, how many segments describe the data
best, and what the behavioral characteristics are for
each segment. Given that the consumer heterogeneity
issue in persistence modeling has been neglected
heretofore, we believe our research can serve as a
useful starting point for further investigation of this
issue.
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Secaondary research shows that consumer price knowledge and gender has an effect on retail
management strategy. Consumer knowledge and expertise of industries prices, products and store
location add to the ease at which consumers are able to cherry pick. Consumers are informed of
discounted prices on products as well as the product assortment of a particular store, through
marketing and store promotions. Cherry picking can be defined as taking the best and leaving the rest
and therefore cherry picking is used to portray both buyer and seller behaviour in retailing. Various
sellers can be viewed as those who are selective about which consumer profile they choose to target,
whereas consumers are selective about which products or services they purchase. This article aims to
establish the effect of consumer price knowledge and gender on retail management strategy.
Consumers who are branded as cherry pickers are price sensitive shoppers with no brand loyalty but
this market segment has been found to be sizable, heterogeneous, and potentially attractive for
retailers, contrary to the myth that they are a retailers’ nemesis. Price knowledge means the ability of
buyers to keep prices in mind; it influences what, when, where and how much they buy. Cherry pickers
build price competitions between retailers’; therefore they should strive to have the most attractive
offers and weekly advertisements, in order to draw the cherry pickers in and obtaining a greater

turnover.

Key words: Cherry picking Consumer knowledge consumer price knowledge price sensitive shoppers

INTRODUCTION

it has long been said that that consumer price knowledge
and gender has an effect on retail marketing strategy.
Consumer price knowledge and expertise of an industries
prices, products and store location add to the ease at
which consumers are able to cherry pick. They are infor-
med of discounted prices on products as well as the pro-
duct assortment of a particular store, through marketing
and promotions. Price knowledge means the ability of
buyers to keep prices in mind. Gommodity prices in the
market play a relevant rcle in consumer decision-making
as they influence what, when, where and how much con-
sumers buy {Alba et al., 1999). it is of utmost importance
that retailers incorporate strategies that target and meet
the needs of this type of consumer, as it will ensure a
larger market share and in turn a greater ROI. The study
aims to establish the effect of consumer price knowledge

*Corresponding author. Email: vecheml@unisa.ac.za

and gender on retail marketing strategy. The study also
aims to establish whether consumer price knowledge and
gender has a positive effect on cherry
picking in selecting groceries and whether there is a
relationship between consumer knowledge and gender.
Retail marketing strategy serve as the fundamental un-
derpinning of marketing plans designed to reach market-
ing objectives. A good retail marketing strategy should in-
tegrate an organization's marketing goals, policies, and
action sequences (tactics) into a cohesive whole. The
objective of a marketing strategy is to provide a founda-
tion from which a tactical plan is developed. This allows
the organization to carry out its mission effectively and
sfficiently. Cherry picking can be described as taking the
best and leaving the rest according to Fox and Hoch
{2003}. Cherry picking is used to portray both buyer and
seller. Various sellers can be viewed as those who are
selective about which consumer profile they choose to
target, whereas consumers are selective about which
products or services they purchase.



Consumers who are branded as cherry pickers are
price sensitive shoppers who tend to delay purchases or
move from one shop to another looking for a better deal
with regards to price, product variety and assortment.
Levy and Weitz {2004) define cherry picking as"... consu-
mers who visit a store and only buy merchandise sold at
big discounts”. Other factors that influence a consumer to
cherry pick are store location, and store preference and
consumer expertise/knowledge.

REASON FOR THE STUDY

There has been numerous studies conducted on the
effect of cherry picking on consumer price knowledge and
gender in selecting groceries in the USA and Europe but
very limited research has been conducted on these two
constructs in a South African context.

OBJECTIVES OF THE STUDY

The study aims to establish the relaticnship between con-
sumer knowledge and gender in selecting grocery items.
The study also aims to establish whether consumer price
knowledge and gender has a positive effect on cherry
picking in selecting groceries and whether there is a rela-
tionship between consumer knowledge and gender. To
achieve these objectives of the study the following hypo-
theses were set:

H,: Consumer price knowledge and gender has a positive
effect on retail marketing strategy.

Hz: Consumer price knowledge and gender has a positive
effect on cherry picking in selecting groceties.

Hj: There is a significant relationship between consumer
knowledge and gender.

LIMITATIONS OF THE STUDY

Research was only conducted in shopping malls within
the Pretoria {Tshwane) area, therefore this study is not
truly representative of the South African population. No
research was conducted over weekends and in the early
evening; this could therefore have an impact on the final
results of this study as some people conduct their shop-
ping trips during this time. A larger percentage of females
than males completed the questionnaire, and therefore
this may have a bearing on the stronger resuits shown on
females to that of males.

LITERATURE REVIEW

The literature explored in this section focuses on the
effect of consumer price knowledge and gender on cherry
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picking in selecting groceries.

The etffect of consumer price knowledge and gender
on retail marketing strategy

Commodity prices in the market play a relevant role in
consumer decision-making, as they infiuence what,
when, where and how many consumers buy (Alba et al.,
1999) and therefore studying consumers’ price aware-
ness is highly relevant. Price awareness or price know-
ledge means the ability of buyers to keep prices in mind
(Aalto-Setala and Raijas, 2003). The majority of past
studies on pricing have pointed out that consumers gene-
rally have very limited knowledge of prices. Price know-
ledge has therefore become the subject of increasing
research interest. The consumers’ price knowledge and
genders effect on consumers’ selection of grocery items
can be influenced by numerous factors, which may be
related to the characteristic of the consumer or the pro-
duct category (Estelami, 1998). The demographic backgr-
ound {example; age, gender and income) of a consumer
may affect their interest in products as well as their exp-
ertise as to their prices. It has been researched that fe-
males, who account for the larger percentage of pur-cha-
ses of grocery products, would be more knowledgeable
about prices in this category than males (Market Res-
earch Bureau. 2004). Estelami (1998) researched the
influence of demographics on price knowledge in the gro-
cery shopping industry and therefore the following hypo-
thesis was set.

H,: Consumer price knowledge and gender has a positive
eftect on retail marketing strategy.

Venhuele and Dreze (2002) found that there are different
levels of price knowledge that a consumer can be found
in. In the first level, there is no price knowledge, the
second leve! reflects recognition of large price differences
but this is still not perfect. The third level represents a
consumers’ ability to recall a price within a 5% difference
from the actual price set. The last level represents a con-
sumer’s ability to accurately recognise the actual price of
a product. This level is representative of the highest and
rarest form of price recall. Venhuele and Dreze (2002}
also deduced that cherry picking has no impact on price
knowledge, due to their increased task complexity trom
the average shopper.

The effect of consumer price knowledge and gender
on cherry picking in selecting groceries

There are many definitions and descriptions of cherry pic-
kers that have been compiled by various researchers
{Fox and Hoch, 2003; Gauri et al., 2005; Levy and Weltz,
2004), based on these definitions, cherry pickers can be
defined as “.... purchasers who cherry pickers can be
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Table 1. Description of typical cherry pickers.
Type of household Probability for cherry picking to occur

Larger households More likely to cherry pick

Household with senior citizens More likely to cherry pick

Household with homeownership More likely to cherry pick

Wealthy household Less likely to cherry pick

Household with a working adult female ) Less likely to cherry pick
defined as “.... purchasers who examine the different retail industry from an economic point of view, and

proposals of several retailers and pick out the best over
one or more days. They are characterised as price
sensitive and well informed customers, as they construct
pre-determined shopping trips from promotions and sales
advertisements previously viewed so that the best deals
are utilised”.

The American Marketing Association (2004) defines
cherry picking as “..... a buyer selection of only a few
ftems from one’s line and others from another fine, failing
to purchase a complete line or classification of merchant-
dise from one source”. Due to the shopping style of these
customers, many affected retailers question their brand
and store loyalty. Gauri et al., (2005), argue against the
loyalty aspect of this definition as they found that cherry
pickers can indeed be store loyal as they delay their
shopping trip over time in order to get a better price deal
at the same store.

Secondary research done by the American Marketing
Association (2004) shows that cherry pickers either keep
a different reference price for each store they pick from or
create an average reference price from several different
sources. This may also lead to the lack of price know-
ledge. We will investigate if this statement holds true for
the South African industry, therefare the following hypo-
thesis was set:

H,: Gonsumer price knowledge and gender has a positive
effect on cherry picking in selecting groceries.

Although it is important that consumers are informed of
the different prices offered at various places, it will benefit
them even more if they have a general understanding of
the retail industry as a whole. Findings from the research
conducted by Fox and Hoch {2003) indicate that this mar-
ket segment is sizable, heterogeneous, and potentially
attractive for retailers, contrary to the myth that they are a
retailers’ nemesis. The composition of the main decision-
makers in a household and their different characteristics
could determine cherry picking to a greater or lesser
extent (Fox and Hoch. 2003). See Table 1 below for a
better description.

Adapted from: Fox and Hoch, 2003. Cherry Picking.
Journal of Marketing. 69(1). [Online] Available from:
hitp://proquest.umi.com [Accessed: 24/01/2006]). From
the deductions made above in Table 1, one can conclude
that cherry picking has a meaningful influence on the

therefore is a cause of concem for the affected retailers
of today. A consumers understanding and intellect of the
retail industry has a significant influence on their propen-
sity to cherry pick. Consumer knowledge will therefore be
discussed as the next impertant construct put under
investigation in this study.

Consumer knowiedge and gender

Consumer knowledge or expertise is generally defined as
a consumers’ confidence or experience in shopping.
Knowledgeable consumers are those who are well infor-
med or “clued up” on the prices of products, the types of
stores as well as product assoriment. These consumers
generally feel comfortable in sharing this knowiedge with
others as they see themselves as a good source of ref-
erence. Consumers inform themselves by searching for
information on promotional material and constantly upda-
ting themselves on the latest product on the market or
price specials at certain stores. If a consumer is enligh-
tened through various media channels and word of
mouth, they begin to store this information in their mem-
ory and begin to feel confident in their knowledge and
therefore if information is required from them, they share
it with the thought of being a good source of information.

Hi: There is a significant relationship between consumer
knowledge and gender

The method of analysis chosen and the results thereof
will is discussed next.

METHCDOLOGY

The sampling, data collections and measures of the research is
analysed in this section.

Sampling

Grocery shoppers were the targeted poputation of this study. The
sample was targeted through the use of mall intercept and inter-
viewer-administrated personal interviews at a variety of shepping
malls. The sampling frame was obtained from different shopping
mails found in Pretoria (Tshwane), South Africa, based on con-
venience. Shopping malls found in areas representing the different
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Figure 1. Socio-demographic profile — race.
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Figure 2.Socio-demographic profile — gender

LSM groups were targeted, thus affording the researchers a closely
representative sample of the population of Pretoria (Tshwane).

A realised sample size of 176 was obtained from a target sample
size of 250 with 100% of the questionnaires being usable. This
could be attributed to the use of personal interviews as a data col-
lection method. The data collection method is now discussed in
more detail.

Data collection

A pilot study was conducted on the questionnaire through 10 quasi
interviews. Respondents were aglected based on convenience and
only the “main family grocery shopper™ was allowed to participate.

Data collection took place over a span of three days through the
use of personal interviews at ten different shopping malls within the
Pretoria (Tshwane) region. Well trained interviewees were used to
conduct the research, thus decreasing the chance of error and bias.
According o Tustin et al (2005) personal interviews are regarded
as one of the most viable options to use in testing variables like
cherry picking and consumer knowledge. Three ditferent times slots
in the day where used (morning, afternoon and early evening)
where upon research was conducted, thus allowing the researches
to capture a wider spread of respondents

Measures

This study’s main constructs of consumer price knowledge, cherry
picking and gender was measured through the use of Likert-type
scales as opposed to the demographic variables (inceme, age, and
gender) whose questions delivered only nominal data. The basic
scale design therefore consisted of a Likert-type scale with five sca-

ie points (with labels ranging from strongly agree to strongly disag-
ree and not well informed to very well informed). This scale was
found to be highly refiable with a Cronbach's Alpha of above 0.7.
No items on any of these scales were reverse scored. The results
of the study are shown below.

RESEARCH RESULTS

In this study the research results were described by using
descriptive statistics and inferential statistics.

Descriptive statistics

The study shows that the majority of respondents who
patticipated in this study were female (67%) with an ave-
rage age of between 24 and 28 years (30%). A relatively
diverse spread of language across respondents was obt-
ained with most respondent’s preferred language being
Afrikaans (50%) and 37% of the respondents English as
their preferred language while only 13% speak North Sot-
ho. The race of the respondents was an important varia-
ble in indicating what effect price knowled-ge and gender
has on a consumers’ propensity to cherry pick and the
response is summarized in Figure 1.

From the data represented above in Figure 1, the res-
ponse with regards to the race of the respondents, it
seems that 52% of the respondents were white and 45%
weare African, compared to 2 percent coloured and one
percent Indian respondents. The outcormne of this statistic
can possibly be explained due to the selection of shop-
ping centres during data collection.

It can be clearly seen from Figure 2 that the majority of
the respondents who completed the guestionnaires whe-
re females, showing a strong 67% compared to the 33%
of male respondents. This can also be explained due to
the time periods in which data collection took place. The
butk of the data coilection took place in the morning, early
afternoon and late afternoon, therefore the majority of the
respondents were housewives and senior citizens with a
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Table 2. Pearson correlation between consumer price knowledge, gender and retail marketing strategy.

Correlation between consumer

Total: consumer price

price knowledge, gender ang knowledge, gender and

Data retall marketing strategy retall marketing strategy
Correlation between consumer price knowledge, Pearson 1 047
gender and retail marketing strategy Correlation )
Sig. (2-tailed) . 348
N 167 166
Table 3. Cross-tabulation of price knowledge and gender
Male Female
. . Not very well informed 50% 30%
How informed are female and male respondents with regard to indifferent 16% 179%
prices of products? nditeren 2 =
Very well informed 24% 53%
Total 100% 100%

smaller percentage of the working population. The hypo-
theses set for this study are stated in the next section
from which the above was tested and analyzed.

Inferential statistics

In this study the researchers describe the sample data as
means, standard deviation and proportions but also wish
to make inferences about the population based on what
was observed in the sample. Inferential statistics aliow re-
searchers 10 make inferences concerning the true ditter-
ences in the population {Tustin et ali., 2005).

The effect of consumer price knowledge and gender
on retail marketing strategy

The gender of consumers may have an influence on their
interest in products and their expertise as to their prices
which may affect the retail marketing strategy. It has
been researched that females, who account for the larger
percentage of purchases of grocery products, would be
more knowledgeable about prices in this category than
males (Market Research Bureau, 2004). This study would
like to investigate if this statement holds true for grocery
ftems purchased in South Africa. To achieve the object-
tives of the study, to determine the price knowledge and
gender relationship of consumers when they do grocery
shopping, the following hypctheses were formulated:

Hof. |.l1¢ U2
Hari 1= p2

In analysing HO, the researchers conducted a Pearson
Correlation test between the variables; consumer price

knowledge and gender. From the results indicated in
Table 2, it shows that there is a significant relationship
between the two as the p-value is 0.047 for both at a 0.05
significant level. When conducting the z-test, HG2 was
rejected therefore accepting Hal. Therefore, by accep-
ting Ha1, one may conclude that there is a significant cor-
relation between price knowledge and gender. The table
below portrays the results of a cross tabulation between
the two constructs tested in this hypothesis.

Table 3 shows that 53% of the fernale respon-dents are
of the opinion that they are weli informed about prices of
grocery products compared to 24% of the male respond-
ents. Table 3 also shows that 60% of the male respond-
ents admit that they are not very well informed compared
to only 30% of the female respondents. The study shows
that females are more knowledgeable about prices of
grocery products.

The etfect of consumer price knowledge and gender
on cherry picking in selecting groceries

The research aims to establish whether consumer price
knowledge and gender has a positive effect on cherry
picking in selecting groceries in South Africa and there-
fore the following hypotheses were set:

Hoz: u1# u2
Hap: 1= 2

Table 4 indicates the Pearson correlation on the effect
of consumer price knowledge and gender on cherty pic-
king in selecting groceries. These variables were correla-
ted through the use of the Pearson Correlation test. The
resuits show that there is a significant relationship bet-
ween these variables with the p-value of 0.037 o a 0.05
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Tabie 4. Pearson correlation on the effect of consumer price knowledge and gender on cherry picking.

Etfect of cherry picking on consumer price | Total: price shop across
Data knowledge and gender stores and gender
Effect of cherry picking on consumer | Pearson Correlation 1 037
price knowledge and gender )
Sig. (2-tailed) . 348
N 167 166

Table 5. Pearson correlation between consumer knowledge and gender.

Correlation hetween price Total: price knowledge
Data knowledge and gender and gender
Correlation between price knowledge and gender | Pearson Correlation 1 045
Sig. (2-tailed) . 348
N 167 166
significant level, therefore the null hypothesis is rejected Nale, 35%

as 0.037 is smaller than the p-value. The study shows
that consumer price knowledge and gender has a posi-
tive effect on cherry picking in selecting groceries.

From the resuits found above it can be concluded that
South African consumers are able to confidently cherry
pick over more than one day due to their increased know-
ledge of prices offered on different products at different
stores. If consumers have a broader knowledge of prices
they are able to participate in the act of cherry picking ea-
sier than a consumer who has selected knowledge there-
of.

Consumer knowledge about product prices, type ot
stores and product assortment and gender

Consurner knowledge as indicated in paragraph 5 is the
consumers’ confidence or experience in shopping. Kn-
owledgeable consumers are those who are well informed
on the prices of products, type of stores as well as pro-
duct assortment. The respondents were asked whether
they know a lot about product prices, type of stores as
well as product assortment. The response is summa-
rized in Figure 3.

From Figure 3 it is clear that female respondents are
more knowledgeable about product prices, type of stores
and product assortment. From the female respondents,
65% indicated that they are well informed, compared to
35% of male respondents.

The research also aimed to establish whether gender
has an influence on the knowledge that the South African
consumers have on the prices of products, type of store
and product assortment and therefore the foliowing hypo-
theses were set:

Hoa: p1# u2
Hag: ul= p2

Female, 5%

Figure 3. Knowledge about product prices, type ot stores as well
as product assortment.

In Table 5, the variables were correfated through the
use of the Pearson Gorrelation test. The results show that
there is a significant relationship between these two va-
riables with the p-value of 0.045 on a 0.05 significant
level, thus the null hypothesis is rejected as 0.045 is
smaller than the p-value. From the results found above it
can be concluded that there is a significant relationship
between consumer knowledge and gender and that gen-
der has an influence on the knowledge that the South
African consumers have on product prices, type of stores
and product assortment,

MANAGERIAL IMPLICATIONS

Knowledge regarding cherry picking behaviour will enabie
retailers to get a higher wallet share from even its price
sensitive shoppers, while at the same time charging hig-
her prices for its price insensitive customers. The retailers
must be aware of the fact that much of the savings on
cherry picking trips is due to the purchase of more pro-
motional items, where savings is subsidised by manufac-
turer discounting. Thus, the burden of cherry picking is
borne by both retailer and manufacturer. The implication
of marketing for retailers is what they need to find a bal-
ance between “specials” and cherry pickers as well as
“regular” customers. This is important for the survival of
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the retailer over time.

Retailers must also make an effort to embrace this seg-
ment as it accounts for such a large percentage of the
popuiation. Cherry pickers build price competitions bet-
ween retailers’, therefore they should strive to have the
most atiractive offers and weekly advertisements, in ord-
er to draw the cherry pickers in and obtaining a greater
turnover.

RECOMMENDATIONS FOR FUTURE RESEARCH

Research could be extended and conducted over week-
ends and in the earlier evening, thus taking into conside-
ration the working popuiation who oniy get the chance to
conduct their shopping trips during these periods. A
larger sample of South Africa needs 1o be considered in
order to create a “truer” representation of the shopping
habits of South Africans. A 50-50 sampie population with
regards to men and women should be attained in order to
measure the true level of price knowiedge and consumer
knowledge.
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