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Abstract

Researchers in marketing have devoted considerable attention to understanding how price impacts the purchase decision. Some individuals
termed memory-based reference price (MBR) consumers, take into account price expectations developed from past purchase behavior
when making a current choice. Other individuals, termed stimulus-based reference price (SBR) consumers, make choices by constructing a
reference point from the currently observed distribution of prices. Using a latent class model of structural heterogeneity applied to purchase
histories from the toilet tissue category, we classify households in terms of the pricing mechanism used in buying decisions. We find strong
evidence that memory-based (internal) reference price consumers are more price sensitive than other consumers. Moreover, we find that
variables associated with the accessibility of price information are predictive of consumer use of memory-based reference prices. Managerial
implications of these results are discussed.
© 2005 New York University. Published by Elsevier Inc. All rights reserved.
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Introduction store environment. If consumers use price information that is
based upon past shopping experiences, consumers are said to
Consumers have distinctive price responses that reflectutilize a memory-based reference price (MBR) mechanism
the manner in which they process price information. In (Briesch et al. 199 Typically, these consumers make utility
most brand choice models, it is assumed that all consumersassessments using the differential between current prices and
respond to observed prices without going through any sub- some function of observed past prices. Although a number of
jective encoding of pricesquadagni and Little 1993 That memory-based pricing rules have been proposed, researchers
is, consumers are assumed to treat the observed price as theommonly assume that consumers compare each brand price
relevant decision variable in making a choice. In contrast, to a corresponding brand-specific reference pridénér
the reference price literature argues that consumers use psy1986 Lattin and Bucklin 1989Erdem et al. 20011 Because
chologically encoded prices when making a choidéner this type of pricing mechanism leads to choice behavior that
1986 Lichtenstein et al. 199Hardie et al. 1993Briesch et is strongly dependent on past purchase experience, the pat-
al. 1997. Because the market-level reaction to price dependsterning of prices over time is an important issue for retailers.
on the way consumers encode prices, it is important for both  In contrast, consumers may compare a brand’s price to
researchers and managers to understand the extent to which reference price level based upon the current distribu-

consumers use reference prices. tion of prices in the store. In such situations, consumers
are said to have a stimulus-based reference price (SBR)
Reference price mechanisms mechanism because no memory of past prices is needed to

encode brand priceBtiesch et al. 1997 Although some

Broadly construed, the term reference price refers to the researchers argue that a stimulus-based reference price is
manner in which consumers use price information from the obtained from information due to marketing effortdgyhew
and Winer 1992Kopalle and Lindsey-Mullikin 2008 many
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and Papatla 20Q0If the consumer follows a stimulus-based from the toilet tissue product category, we empirically clas-
model, reaction to price is strongly influenced by the extent sify consumers into the three price response segments and
to which a price is considered fair or reasonable. This mecha-use the model results to study correlates of these segments.
nism can lead to surprising results for retailers. For example, We conclude with a discussion of theoretical and managerial
under a stimulus-based reference price mechanism, a conimplications of this research.

sumer may not reactto a price decline if the new price remains

above the consumer’s reference price level.

Although early work assumes that consumers all follow Typology of price responses
one mechanism (MBR or SBR), more recent studies allow
for heterogeneity in the pattern of respondédazumdar and We assume that consumers can be classified as using one

Papatla (2000¥levelop hybrid models in which both MBR  of three price response segments: memory-based reference
and SBR mechanisms are assumed to operate simultaneouslyrice, stimulus-based reference price, or no reference price. In
Erdem et al. (2001pssume that all consumers follow an this section, we describe the choice model that characterizes
MBR process, but that the parameters governing consumereach segment, and show how a latent class logit methodology
reactions to reference price (perceived gains or losses) aremay be used to sort consumers into the three segments.
heterogeneous across the population. These studies under-
score the idea that individual differences play an important No reference price (NRP) model
role in how consumers process price information.
Most brand choice models do not consider any refer-
Gouals of research ence price effect beyond currently observed prices. Following
standard practice (e.gsuadagni and Little 1983we write
In this research, we extend this literature on individual the utility of consumet: for brand; at timer as
differences by positing that the market consists of three seg-
ments of consumers: an MBR segment that uses past priced/hir = o+ BrLOY wje + Bp Phje 4 Br Finjr
rgcallled.from memory, an SBR segment that uses 'the current +BDDhjr + enji (1)
distribution of brand prices, and a no reference price (NRP)
segment that does not recode observed price information inwhere LOY is a loyalty variable measuring brand preference
any way. Consistent with work bynch et al. (1988)we (defined subsequentlyy s current brand price is the brand
argue that consumers must expend cognitive effort in recod-feature indexp is the brand display index, ards a random
ing prices and therefore must possess sufficient motivationerror with mean zero. Assuming thatollows an extreme
to do so. Accordingly, in studying reference price behavior, Vvalue distribution, the probability that consuntgsurchases
it is desirable to allow for an NRP segment that takes price brandj at timez is given by the logit model
information as given. From the standpoint of marketing the- expnir)
. . . . . _ jt
ory, this three-segment approach also provides insight into Pr(buy jINRP)= - 7
the empirical validity of commonly used NRP choice models EXPEn1) + -+ + eXpas)
(Guadagni and Little 1993 where Zy;; = o+ ByLOY js + BpPpjr + BrFnjs + BpDyjr, and
Using amodel of structural heterogeneityafnakuraetal.  the denominator runs over all brands in the consumer’s choice
1996, we classify consumers into reference price segmentsset.
using choice histories from the toilet tissue category. Our  From the perspective of this study, the key element of the
empirical results for this category clearly show that all three NRP model is that price enters the model without further
segments exist, but that reference price consumers (MBRmodification. Although it is clear from E@2) that prices of
and SBR) constitute the majority of the market. Our results different brands are compared in making a choice, the con-
also provide strong evidence that MBR consumers differ sumer does not recode price in any way prior to the choice
from other consumers in the extent of their price knowledge. decision. As detailed below, encoding brand price using addi-
MBR consumers are more price sensitive than other con-tional information is the key feature of the MBR and SBR
sumers. Moreover, the likelihood of MBR membership cor- models.
relates well with variables suggesting that MBR consumers
monitor prices and plan ahead when making purchases. ToMemory-based reference price (MBR) model
summarize, our work both classifies consumers into price
response segments and investigates differences in price sen- Reference price research in marketing literature is based
sitivity across these segments. upon adaptation level theoridélson 1963and prospect the-
This paper is organized as follows. First, we formulate ory (Kahneman and Tversky 19YAdaptation level theory
three different random utility models of price response (NRP, suggests that a consumer’s response to prices is affected by
MBR, and SBR) and propose a methodology for determining how the consumer adapts to past prices. This adaptation level
which model best represents the choice behavior of a par-is called the reference price. Prospect theory enriches this
ticular household. Second, using consumer choice historiesreference price model by bringing in a loss—gain concept.

()
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Specifically, when the currently available price of the brand Stimulus-based reference price (SBR) model

of interest is higher than the brand’s reference price, the con-

sumer perceives a loss buying the brand at the given price. Incontrast to the MBR model, we expect to see a different
Similarly, if the current brand price is lower than the brand’s encoding process for a stimulus-based reference price con-

reference price, the consumer sees the price as a gain. sumer. These consumers do not base judgments upon prices
The two perspectives can be brought together by rewriting observed during past purchase experiences. Instead of recall-
the NRP utility model of Eq(1) as ing prices from memory, SBR consumers are assumed to use
information in the current choice environment to develop a
Unjr = Bo+ ByLOY nji + Bp Prjr + BL(Phj — IRPyjr) suitable reference price value. However, once this reference
+BG(IRPyjs — Phjr), + PrFajr + BpDyji + enje price vglue is constructed, SBR consumers also evaluate price
according to a loss and gain mechanism.
©) Drawing upon the MBR model specification, we define

where the notationd, denotes a variable which equals zero the ufility of a SBR consumer as

if x is negative and equatsf x is positive. Here, IRP denotes Unjr = Bo+ ByLOY njr + BL(Phjr — SRRy1),
the internal reference price. By assuming that the random

errore has an extreme value distribution, we write the choice +B6(SRRy — Phji) , + B Fujr

probability of the MBR model as +BDDhjr + enji (6)

Pr(buy jIMBR) = expZaji) 4) where ). denotes a variable which equals zerm_is neg-
expZny) + - - + expZna:) ative and equals if x is positive. In this equation, SRP

denotes the stimulus-based reference price value. Note that
SRP depends upon both consurhemd timet, but is inde-
pendent of brand. In addition, current shelf prit€oes not

enter the model as a separate term. Again, by taking the ran-
dom error to have an extreme value distribution, we can write
the choice probability of an SBR consumer in the logit form

where  Zy;; = Bo+ ByLOY pjs + BpPpjr + BL(Prjr — IRPyjr)+ +
BG(IRPyjs — Ppj)+ + BEFhjs + BpDpjr-

The MBR model predicts that consumers have a differ-
ential reaction to prices above and below the reference price
level. When current pricg is greater than IRP, the consumer
experiences a loss: th# (loss) term impacts utility, while
the B¢ (gain) term is zero. When current prifds less than
IRP, the consumer experiences a gain: fiae(gain) term Pr(buy j|SBR) = expZn;) @)
impacts utility, while theg; (loss) term is zero. Because a expZny) + - - +exp@Zng)’
loss decreases utility and a gain increases utility, we expect = A L _
that 8, <0 andpg > 0. In addition, prospect theory predicts VPV:SELZ%; Ff?: ggggjhﬁ +BL(Pyin = SR}« + f6 (SRR
that the absolute value @ will exceed the absolute value JThe key %eature (;f the SBR model is a global reference

of p because losses are perceived to be more important tharbrice value which is comparedto all brands. Some researchers

gal_lr_ﬁ (the IO.SS Zv?rsllc.)n phferrl]omenon). based (or i | assume that the reference point arises from a salient cue pro-
€ precise definition of the memory-based (or internal) ;¢4 by the retailer, such as a price point on an in-store

reference price has been the subject of considerable researcaisplay Mayhew and Winer 1992Kopalle and Lindsey-
(Kal)r/]anaralgan _and Winer 1|99!§r|sh.nar.nurtrl'1]| et aII. 1992 Mullikin 2003). In this research, we follow previous studies
Mayhew and Winer 1992Putler 1992 Briesch et al. 1997 which assume that consumers use a reference point con-

Bell and Bucklin 199_9 Folonvmg earlier work, we define  gy,0teq at the point of purchase by examining the current
IRP as the exponentially weighted average shelf pricesfHardie et al. 1993Vlazumdar and Papatla 2000
IRP,j: = A IRPyj6—1) + (1 — &) Pj—1) (5) Bell and Lattin 200). Accordingl_y, the reference pripe inour

SBR model has two key properties: itdoes not require the con-
wherei (0 < A < 1) is asmoothing parameter that determines sumer to remember past prices, and it is not directly induced
the number of past prices that influence the current refer- by retailer marketing actions.

ence price value. Small valuesyimply that reference price Consistent with earlier work bifardie et al. (1993)we
approaches the price of the brand on the previous purchasalefine the reference price point of the SBR model to be the
occasion. current price of the brand purchased on theevious pur-

There exists some controversy about whether current pricechase occasionKppalle et al. 1996 Briesch et al. 1997
should be included in the MBR model along with loss and Bell and Lattin 200). Hardie et al. (1993argue that mem-
gain variables. Our research follows a general MBR model ory of past choices is distinct from memory of past prices.
specification developed biutler (1992) Using economic Because grocery store buying behavior is a frequent activity,
theory as a guide, Putler argues that current price reflects sub€onsumers often enter the store with some knowledge of the
stitution across products, while the gain and loss variables most recently purchased product in the category. For this rea-
represent the impact of reference price on utility. Accord- son, the SBR consumer can use the identity of the previous
ingly, all three terms are needed. brand as a focal point for encoding the set of current shelf
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prices. As noted bydardie et al. (1993)the previous brand  eters are found, we can define the posterior probability that
purchased is a natural anchor for the consumer: it is muchconsumer: follows price response model s as
easier to remember than the price history, and simplifies the
. - . . s explLL(k]|s)]

choice process by providing a yardstick for measuring the POST(, s) = .
fairness of prices. 275 explLL(ks)]

The SBR model has both similarities and differences rela- We use these posterior probabilities in our empirical work
tive to the MBR model. First, similar to the MBR model, we to analyze factors that impact consumer encoding of price
expect that a loss, relative to the reference value, decreasemformation.
utility (8. <0), and that a gain, relative to the reference value,  Past work in the reference price literature has also used
increases utility 8¢ > 0). Again, similar to the MBR model, latentclass methodology to understand household differences
prospect theory predicts that the absolute valugofwill in response to price (see, eBriesch et al. 199;Mazumdar
exceed the absolute valuegf because losses are perceived and Papatla 2000 Recently,Erdem et al. (2001pargued
to be more important than gains. Second, unlike the MBR against the use of latent class analysis because reference price
model, the SBR reference price value is not brand specific. effects may be difficult to detect as a latent class procedure
This characteristic of the SBR reference price leads to sta-assigns consumers to segments. We address this issue in two
tistical identification issues that prevent the inclusion of a ways. First, by using a loyalty variable in the model spec-
current price variable in the utility specification Briesch ification of each segment, we force the latent class model
et al. 1997. In addition,Hardie et al. (1993argue on con-  to place consumers into segments on the basis of response
ceptual grounds that current price is not needed because onlyo marketing mix elements—not on the basis of long-run
the consumer’s comparison to the price of the anchor brandbrand preference. Second, by constraining each segment to

(10)

is psychologically meaningful. follow a different pricing rule, we require that consumers
be placed into one of only three segments, each of which is
Structural heterogeneity characterized by a different way of encoding price informa-

tion. The fact that each segment has a distinct, non-nested

Itis important to be able to empirically classify consumers parametric representation (implying a multimodal parameter
into the three price response segments solely on the basis oflistribution) increases the likelihood that latent class analy-
observed product choice histories. For this purpose, we makesis will perform well in recovering the true heterogeneity in
use of the latent class structural heterogeneity methodol-the consumer price mechanisAndrews et al. 2002 As we
ogy developed biKamakura et al. (1996 he methodology =~ show subsequently in our empirical work, these features of
yields both estimates of segment level parameters and postethe structural heterogeneity approach lead to a clear under-
rior probabilities indicating the likelihood that each consumer standing of the reference price characteristics of the consumer
belongs to each price response segment. population.

The method is implemented by first constructing three
likelihood expressions for each consumer, one correspond-
ing to each of the price response models. Define the log- Empirical analysis

likelihood of consumet: for price response model s as
We apply the general model in a study of the toilet tissue

LL(Als) = Yuji log[Pr(jlt. h, s)]. (8) product category. Our analysis proceeds in two steps. First,
g we fit the structural heterogeneity model to purchase histories
whereY,,; is a binary (0-1) indicator variable that equals 1 from a consumer scanner panel. Second, we use the posterior

probabilities of price segment membership to conduct a price
elasticity analysis. We find clear evidence that consumers use
reference values to encode price information prior to making
a choice decision. Moreover, we find strong evidence that
the sensitivity to marketing mix elements is linked to the
reference price mechanism used by the consumer.

if the consumer buys brarjat timer, and the time subscript

t runs over the consumer’s entire choice history. Here, the

expression Pj(z, i, s) denotes the probability that consumer

h buys brand at timet, given membership in reference price

segment s. That is, By A, s) corresponds to the choice

probability expressions shown earlier in E(®), (4) and(7).
Using Eq.(8), we can then write the structural model log-

likelihood as Data description

©) purchase records of 341 households from an A.C. Nielsen

consumer panel in the Sioux Falls, South Dakota area. A

wherer is interpreted as the overall proportion of consumers total of 114 weeks are used in this study. The first 39 weeks

who may be described using price response meaddiaxi- were used to initialize loyalty variables and memory-based
mization of(9) yields maximum likelihood estimates of price  reference prices. (These weeks were also used to compute

response segment parameters and sizes. Once these parampurchase behavior indices for an analysis of correlates of

L — Z log lzﬂ.v exp[LL(h|s)]] ’ The analysis presented here is based upon the toilet tissue
h N
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Table 1 particular price response segment. Arguments presented in
Toilet tissue brand summary Bucklin et al. (1998)nake it clear that heterogeneity in logit

Marketshare ~ Price  Featureindex Displayindex model brand intercepts across brands and consumers leads
Charmin 324 115 .23 22 to heterogeneity in own-price elasticities across brands and
Northern 321 112 .23 14 consumers. This occurs despite the lack of an explicit model
Cottonelle 20.8 1.13 .32 17

for heterogeneity in market response parameters over con-
sumers within each price response model. For this reason,
the model specification used in this analysis is considerably
rf\(pore general than is apparent upon first inspection.

White Cloud 7.5 1.23 .19 41
Family Scott 7.3 .98 .25 .19

Note. Market share is measured in terms of units purchased and shown as
percentage. Price is expressed in dollars per 4,000 sheets. The feature a
display indices are averages over dummy variables representing each brand’s

promotional status. Price endogeneity

segment membership.) The second 52 weeks were used for A major concern in pricing research is endogeneity in the
model calibration. The last 23 weeks were used for model Price variable. Price endogeneity can arise if consumers time
validation as a holdout sample. their purchases in the category to correspond to favorable
Five brands—Charmin, Northern, Cottonelle, White pricing conditions (such as low price of a favorite brand or the
Cloud, and Family Scott—were selected for analysis, each availability of a coupon for a certain brand). Receniiang
of which has a brand share bigger than 5 percgable 1. et al. (1999)argueq that some refe_rence price effects repor_ted
These five brands account for 83 percent of the total purchasdn the marketing literature are artifacts of price endogeneity.
occasions. During the whole period, 119,613 purchase Occa_These.concgrns are partlcula'rly relevant in our study because
sions occur in the product category. Families that make fewer We define price as the shelf price net of any coupons. For these
than seven purchases are excluded because estimation of th€asons, it is essential that we estimate model parameters in
loyalty variables is not reliable. Additionally, for these light & manner that adjusts for the potential endogeneity of price.
purchasers, reference price estimation would be unreliable as The proper treatment of endogeneity in choice models
well due to long interpurchase times. A systematic sample of NS received considerable attention recen@yiftagunta
the remaining households yielded a sample of 341 families. 2003, Villas-Boas and Winer 19991t can be shown that the
To prevent heavy purchasers of the category from dominatinglqstrumental variables approach often used in Ilnear_ regres-
the results of the analysis, no more than ten purchase event§iOn Systémsioes nor properly correct for endogeneity in

from the choice history of each household are used during® nonlinear function such as the logit mod&agidson
model calibration. and MacKinnon 1998 For this reason, we employ a con-

trol variable approach in correcting the model for potential
endogeneity in priceRlundell and Powell 2003Petrin and
Train 2003.

. . ) . o To implement this procedure, we first model each price
Most variables in the model are defined in a manner simi- __ . : . i
. . S variable as a first order autoregressive AR(1) process. This
lar to scanner data choice models in the marketing literature.

Price is operationalized as price net of coupon when the brandAR(l) model is used to forecast the price variable at each

is chosen and as shelf price when the brand is not chosen.tlme point. Using these forecasts, we obtain the residual

; . o .~ [actual minus predicted) at each time point. This residual,
Using this same definition, memory-based reference price® " . . : L
; . . . .~ which we denote as Correction for Price Endogeneity in our
(IRPin Eq.(5)) is a function of past prices. Feature and dis- ) : .
- . . oo table of parameter estimates, is then placed in the model
play indices are binary (0—1) variables indicating the presence s . :
. o . of each pricing segment as an additional variable. The the-
or absence of feature and display conditions during the pur- : . -
chase oceasion. ory un_d_erlylng the control \(a_rlable approgch |nd|c_ates that
Following Guadagni and Little (1983e define the set a significant non-zero coeff|C|en_t ona residual variable sig-
. nals the presence of endogeneity in the data. Moreover, the
of loyalty variables as - ; . ;
coefficients on the potentially endogenous variables (i.e.,
LOY s = pLOY 1jr—1) + (1 — p)¥ijr—1) (11) price) will be consistent, given the presence of the residual
variables.
whereYy;; is a binary (0-1) variable which equals one when
consumer: buys brand at timer. The smoothing parameter  Structural heterogeneity model
p, Which is estimated simulated simultaneously with other
parameters in the model, is constrained to lie between zero  As noted earlier, we assume that each consumer uses only
and one. We assume that this parameter is the same for eachne of the three distinct price response models: the NRP
of the three reference price segments. model, the MBR model, or the SBR model. We begin our
This formulation of the loyalty variable permits baseline analysis by considering the evidence for heterogeneity in the
preferences to vary dynamically over time. It also allows pricing mechanism across consumersTéable 2 we com-
for differences in preferences across households within apare the fit of the structural heterogeneity model with three

Variable definitions



6 S. Moon et al. / Journal of Retailing 82 (1, 2006) 1-11

Table 2
Model comparison
Reference price model Calibration Sample Holdout Sample

LL BIC LL BIC
NRP —2925.97 5931.34 —2255.30 4586.51
MBR —2874.64 5852.51 —2249.78 4605.83
SBR —2848.20 5783.75 —2216.48 4516.46
Structural heterogeneity (NRP, MBR, SBR) —2638.91 5531.94 —1992.25 4227.41

Note. NRP, no reference price; MBR, memory-based reference price; and SBR, stimulus-based reference price. The table displays the log-likelittbod (LL) a
the Bayesian Information Criterion (BIC) for each model in both the calibration and the holdout datasets. The best modéifzas the value and the
smallest BIC value. The symbol asterisk (*) denotes the best model in each column.

alternative model specifications, each of which assume thatModel parameters

only one pricing rule (NRP, MBR, or SBR) is used by all

consumers. Model fit statistics both in the calibration sam-  The parameters of the structural heterogeneity model are
ple and in the holdout sample, strongly favor the structural presented ifable 4 These coefficients are obtained by max-
heterogeneity model. For this reason, we only discuss theimizing the likelihood in Eq.(9). It should be noted that
structural heterogeneity model results below. all parameters, including the loyalty smoothing parameter

In interpreting the results presented below, it is important p (Eq.(11)) and the MBR reference price smoothing param-
that households be clearly assigned to particular referenceeteri (Eg.(5)), are estimated simultaneously. Our algorithm
price segments. As noted earlier, we assume that each conmakes use of a procedure developedHagler et al. (1992)
sumer only belongs to one segment. Nevertheless, in anyfor the estimation of nonlinear parameters in logit models.
empirical work, there will always be some uncertainty about Accordingly, all parameters presentedTable 4are maxi-
the identity of the segment to which a particular consumer mum likelihood estimates.
belongs. Following standard latent class procedures, we use A number of results should be noted. There is strong evi-
model parameters to compute the segment membership probdence that reference price theory is a better description of the
abilities for each consumer (E¢LO)) and then allocate the  choice process than the classical NRP model. Only 9 percent
consumer to the reference price segment with the highestof the households are classified as NRP. Of the remainder,
probability Wedel and Kamakura 20D@ConsistentwithEq.  there are slightly more SBR consumers than MBR con-
(10), consumers are allocated to segments depending uporsumers. Substantively, we can conclude that the vast majority
both the relative size of the segments and the consumer’sof consumers in our data follow some sort of reference price
observed brand purchase history. mechanism in their choice behavior.

In Table 3 we examine the stability of this process by Model coefficients measuring price and promotion
comparing segment assignments based upon the calibratiomesponse are all in accord with marketing theory. Coefficients
dataset and with segment assignments based upon the holdor shelf price (found only inthe NRP and MBR segments) are
out dataset. Perfect consistency in assignment implies thatnegative; feature and display coefficients are positive. Within
all consumers will fall along the diagonal of the table. We the MBR segment, we find that the smoothing parameter
find a statistically significant association in this table with for internal reference price is quite large<.790), suggest-

87 percent of consumers being assigned to the same segmerihg that MBR consumers rely upon a considerable amount
in both datasets. This stability implies that the latent class of past experience in forming price expectations. Moreover,
analysis is successful in unambiguously classifying the vastthe pattern of the loss and gain coefficients in the MBR and
majority of consumers. SBR segments conforms to prospect theory. As expected, loss
coefficients are negative, gain coefficients are positive, and
(within each segment) the absolute value of the loss coeffi-
cient exceeds the absolute value of the gain coefficient. The
reader is cautioned that a direct comparison of price coef-

Table 3
Stability of segment classification

Calibration sample Holdout sample ficients across models is not meaningful due to differences
NRP MBR SBR in the pricing mechanism across segments. Later, we develop

NRP 23 (79%) 2(7%) 4(14%) segment-level estimates of price elasticities to permit this sort

MBR 10 (7%) 130 (88%) 8(5%) of comparison.

SBR 10(6%) 10(6%) 144 (88%) We also present the coefficients on the Correction for Price

Note. NRP, no reference price; MBR, memory-based reference price; and Endogeneity variable at the bottom dable 4 We obtain
SBR, stimulus-based reference price. The table compares segment CIaSSiSta’[iStically significant results only in the NRP segment.
fication of each household using both calibration data and holdout data. . - . -

. T Again, we stress that the evidence for price endogeneity does
Percentages sum to 100 percent within each row. The relationship in the . . . .
table is statistically significant at the .0001 level. Overall, 87 percent of not invalidate the parameter estimates for price and promo-

households are allocated to the same segment in both datasets. tion. The control variable approach to endogeneity correction



Table 4
Structural heterogeneity model estimates
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Segment

NRP

MBR

SBR

Brand preference
Charmin
Northern
Cottonelle
White Cloud
Family Scott
Loyalty

Loyalty smoothing parametep)

Price effects
Price
Loss
Gain
Reference price smoothing parameteyr (

Promotion effects
Feature
Display

Correction for price endogeneity

Segment proportion (%)

0.249 (0.292)
2.198 (0.252)
0.684 (0.366)
—1.035 (0.463)
0.406" (0.121)

0.890" (0.112)

—6.695" (1.430)

0.510 (0.446)
2.029" (0.386)

4.214 (2.023)
9

—0.584" (0.101)
—0.587" (0.104)
—0.814" (0.151)
—3.635" (0.233)

0.430 (0.052)

0.890 (0.112)

—10.424" (0.799)
—4.179" (1.128)
0.857 (0.410)
0.790" (0.248)

2.6030.230)
3.577 (0.254)

0.749 (0.985)
43

—0.376" (0.097)
—0.498" (0.103)
—0.347 (0.157)
—1.555" (0.191)

1.003 (0.050)

0.890' (0.112)

—18.712" (1.238)
1.037 (0.604)

0.918 (0.220)
1.394 (0.211)

1.322 (0.996)
48

Note. NRP, no reference price; MBR, memory-based reference price; and SBR, stimulus-based reference price. Brand constants for Charmin are set to zero fo
purposes of model identification. Numbers in parentheses are standard errors.
* Parameters that are significantly different from zero are denoted for .10 level.
* Parameters that are significantly different from zero are denoted for .05 level.
™ Parameters that are significantly different from zero are denoted for .01 level or better.

ensures that all other coefficients in the model are consistentabove the current brand price. These forecasts were then used
estimates of the true parameters. For this reason, we retairto compute the estimates of own price elasticities found in
the price endogeneity correction in all segments, regardlessTables 5 and 6
of significance level. Elasticities were calculated using the following procedure.
In each of the three pricing conditions (current, 10 percent
above, 10 percent below), all competitive brands were kept
at their respective current prices. We computed the long-run
To obtain insight into the differences among the three seg- choice share for each brand and for each consumer by aver-
ments, we first consider the implications of the model for aging the predicted choice shares across all time points in the
price sensitivity. For this analysis, we computed segment- consumer’s purchase history. To specialize these values to
level market shares (using the coefficients fréafle 4 for each price response segment (MBR, SBR, or NRP), we allo-
each brand under three conditions: the current brand price,cated each consumer to the mostlikely segment using the pos-
10 percent below the current brand price, and 10 percentterior probabilities of Eq(10). The three choice share fore-

Analysis of price elasticities

Table 5
Elasticity analysis for price decreases

10% price decrease Significance levels for tests of segment differences

NRP MBR SBR NRP versus MBR NRP versus SBR MBR versus SBR
Charmin —4.77 (1.31) —4.92 (1.37) —2.86 (1.23) ns .001 .001
Northern —4.13 (1.51) —4.84 (1.45) —3.40 (1.40) .049 .034 .001
Cottonelle —2.47 (1.45) —6.49 (1.63) —3.67 (1.40) .001 .001 .001
White Cloud —4.67 (1.85) —5.46 (2.12) —3.99 (1.97) ns ns .001
Family Scott —3.31(1.20) —4.62 (1.45) —1.40 (0.87) .001 .001 .001
Brand average —3.87 (0.57) —5.26 (0.70) —3.06 (0.67) .001 .001 .001

Note. NRP, no reference price; MBR, memory-based reference price; and SBR, stimulus-based reference price. The left-hand side of the table gispéys own-
elasticity means and standard deviations (in parentheses) predicted by the structural heterogeneity model in response to a 10 percent iecr€ase in pr
row denoted brand average is the mean of all elasticities within a particular segment. The right-hand side of each table displays the signigicdrioe leve
Bonferroni multiple comparison test for each brand. Differences that are not significant are densted as
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Table 6
Elasticity analysis for price increases
10% price increase Significance levels for tests of segment differences
NRP MBR SBR NRP versus MBR NRP versus SBR MBR versus SBR
Charmin —6.04 (2.50) —5.91 (2.22) —4.06 (2.10) ns .001 .001
Northern —4.50 (2.22) —4.92 (1.93) —3.98 (1.92) ns ns .001
Cottonelle —5.25(2.49) —7.26 (2.13) —6.04 (2.24) .000 ns .001
White Cloud —5.22 (2.75) —6.01 (2.60) —3.58 (2.01) ns .002 .001
Family Scott —4.42 (1.93) —4.57 (1.75) —2.19 (1.40) ns .001 .001
Brand average —5.09 (1.02) —5.73(0.91) —3.97(0.92) .002 .001 .001

Note. NRP, no reference price; MBR, memory-based reference price; and SBR, stimulus-based reference price. The left-hand side of the table gispéays own-
elasticity means and standard deviations (in parentheses) predicted by the structural heterogeneity model in response to a 10 percentinerdase in pr
row denoted brand average is the mean of all elasticities within a particular segment. The right-hand side of each table displays the signi§icdrice leve
Bonferroni multiple comparison test for each brand. Differences that are not significant are denoted as

casts for each brand allow us to determine own-price arc elas-behavior that could be observed by a retailer with access to
ticities: the observed percentage change in the consumer'panel data. We examined average price paid, the intensity of
choice share divided by the percentage change in price. brand switching, and promotional conditions (coupon, fea-
Each elasticity iffables 5 and @& the average own price  ture, and display) during a purchase. The brand-switching
elasticity for all consumers within a particular reference price index is defined as the proportion of times the brand pur-
segment. Using standard ANOVA procedures, we found that chased at time was different from the brand purchased at
means are significantly different € .001) across segments times— 1. The promotional indices (for feature, display and
for each brand (and for the overall brand average) in both coupon) can be interpreted as the proportion of times a con-
tables. The results of a Bonferroni multiple mean comparison sumer purchased in the category when the given promotional
analysis can be found on the right-hand side of each table. variable was present for the selected product. Because all
A clear pattern emerges by studying the results. Differ- variables are constructed using only the initialization period
ences in own price elasticities across the two segments usingf the dataset, our analysis does not confound the estimation
reference price (MBR and SBR) follow a simple rule: MBR of the structural heterogeneity model with the measurement
consumers are more price sensitive than SBR consumersof consumer purchase characteristics.
This pattern holds true both for price increases as well as  The profile of these consumer characteristics across the
price decreases. On average (with some exceptions for parthree price response segments is presentdalie 7 The
ticular brands), NRP consumers represent the middle of asegment means are computed by using the calibration data to
price sensitivity continuum with MBR and SBR consumers assign each consumer to the segment with highest posterior
at the opposite ends of the scale. (This explains, in part, why membership probabilities (E(LO)). To test the differencesin
some of the comparisons of the NRP segment with other means across groups, we used standard ANOVA procedures
segments are not statistically significant.) Thus, the refer- based upon these segment assignments. This test yielded evi-
ence price mechanism used by a consumer has a very cleadence for statistically significant differences<{.001) across
correspondence to heterogeneity in price sensitivity in the the price segment means for all variables. The results of a

consumer population. Bonferroni multiple mean comparison analysis can be found
on the right-hand side dfable 7
Correlates of segment membership Although we do not make formal predictions for each vari-

able inTable 7 our general expectation is that the rank order
To further understand the differences in price sensitivity of means should parallel the findings in the price elasticity
across segments, we developed general indicators of buyinganalysis. Since the MBR and SBR appear to be at different

Table 7
Correlates of segment membership
Price segment means Significance levels for tests of mean differences
NRP MBR SBR NRP versus MBR NRP versus SBR MBR versus SBR
Average price paid (Dollars) .982 (.225) .949 (.383) 1.010 (.419) ns ns .012
Brand switching index .584 (.144) .627 (.282) 493 (.251) ns .100 .001
Coupon usage .272 (.086) .298 (.186) .236 (.170) ns ns .054
Buy on feature .203 (.064) .304 (.182) 227 (.148)  ns ns .001
Buy on display .173 (.078) .195 (.139) 121 (.101)  ns ns .001

Note. Left-hand side of table displays segment means and (in parentheses) standard deviations. All variables are derived from the initializaitokh-caoa pe
the calibration data period. The right-hand side of the table displays the significance levels of a Bonferroni multiple mean comparison testfiab&ach v
Differences that are not significant are denotedsas
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ends of a price sensitivity scale, we should expect to find clear most price and promotion responsive because they continu-
differences between the MBR and SBR groups with a rank ally monitor the pricing environment. SBR consumers, who
order of means consistent with the notion that the pricing focus on the identity of the brand that was previously pur-
environment plays a more important role in choice for MBR chased, are least price sensitive because they do not monitor
consumers. In fact, this expectation is confirmed by the resultsthe pricing environment. We believe that these SBR con-
in Table 7 All means are statistically different between the sumers account for a significant proportion of those who do
MBR and SBR segments. Relative to SBR consumers, MBR not remember purchase prices, as revealed by the work by
consumers pay lower prices, switch brands more often, useDickson and Sawyer (1990)\ccordingly, all reference price
more coupons, and buy more frequently under feature andconsumers are not inherently price sensitive. It depends upon
display conditions. Moreover, with the exception of the buy- how reference prices are formed and how reference prices are
ing on feature variable, the means of the NRP segment fall in used by the consumer to make a purchase decision.
between the means of the MBR and SBR segments, consis-

tent with the idea that the NRP segment is in the middle of a

price sensitivity scale. Conclusions

Understanding reference price behavior The goal of this study is to understand how consumers
encode price information in making a choice decision. We
The reference price segment profiles presented above dadentify three types of price response consumers (no ref-
not address why the use of a different reference price mecha-erence price, memory-based reference price, and stimulus-
nism translates into differences in price sensitivity. We argue based reference price) and describe a methodology that per-
that the differences in MBR and SBR consumers are directly mits consumers to be classified into price response segments
related to the way that consumers use price information in using scanner panel choice histories. We examine correlates
making a decision. Forthe MBR consumer, considerable cog- of these segments in terms of both consumer purchase charac-
nitive resources are devoted to remembering past prices anderistics and price elasticities. Substantively, we find that the
using this information for the current choice. This strongly tendency to use past prices in making a choice is associated
suggests that MBR consumers continually monitor the pric- with higher sensitivity to price.
ing environment and condition their behavior on changes in
this environment. Moreover, because a brand’s current refer-Psychology of price
ence price depends upon its previous price, MBR consumers
have a tendency (due to loss aversion) to switch away from  This study makes the interesting theoretical point that sim-
brands that were promoted on the last purchase occasion. Th@le choice models (represented by the NRP price response
pattern of the MBR means ifable 7is clearly consistentwith ~ model) are apt to be inadequate descriptions of the man-
this behavioral description. ner in which price impacts the purchase decision. Of all the
In contrast, SBR consumers approach the pricing envi- models considered in this study, the NRP price response pro-
ronment in a very different manner. As noted earlier, SBR cess is most representative of economic models of consumer
consumers remember the identity of the last brand purchasedchoice. In fact, it is possible to derive the NRP model by
not the set of past prices. They then use the current price ofassuming that consumers maximize utility subject to a budget
this reference brand to determine the fairness of the pricesconstraint. Accordingly, price enters the NRP model without
currently in the store. Due to loss aversion, the SBR con- any modification because nominal price provides sufficient
sumer will assign considerable disutility to brands priced information for the rational consumer to determine optimal
above the reference brand. In practice, this process will tendexpenditures. The fact that only 9 percent of the consumers in
to focus the consumer’s attention on a subset of brands—inour study follow the NRP model suggests that the economic
effect, restricting the consumer’s current choice set to only framework is missing an important element of consumer
those brands with sufficiently low prices. Because the SBR decision-making.
segment does not continually monitor the pricing environ-  In contrast, the MBR and SBR models—both of which are
ment and restricts the size of the choice set at the point of based on the psychology literature—argue that price plays a
purchase, we would expect a relatively less price sensitive dual role in brand choice: as a constraint on behavior and
consumer who does not routinely take advantage of retaileras a cue about the fairness of the offer made by the retailer.
promotions. This logic is consistent with the pattern of SBR Prices that are viewed as inappropriate, either because they

means found ifable 7 are too high relative to past prices (MBR) or too high relative
to the current price of a focal brand, generate a psychologi-
Summary cal reaction that adds substantial disutility to the brand under

consideration. Viewed in this manner, it is not at all surpris-
The central message of our analysis of the toilet tissue cat-ing to find that the majority of consumers use reference price
egory is that most consumers encode prices in some fashioninformation, and consumer differences in price sensitivity
MBR consumers, who recall prices from memory, are the are linked to the type of reference price mechanism used for
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purchase decisions. The performance of the reference pricegories. It would also be worthwhile to investigate consumer
models in our study provides a strong argument for the inclu- heterogeneity in price response in the context of a cate-

sion of psychological constructs in choice models. gory purchase incidence model. Recerg)l and Bucklin
(1999) investigated the role of internal reference points in
Managerial implications category purchase decisions. This work could be extended

by predicting category incidence using a nested logit frame-

From a managerial perspective, the findings of this study work incorporating each of the three price response models
suggest that retailer pricing strategy is dependent upon howreported in this research. By combining a multiple-category
consumer process price information. When consumers fol- perspective with a category incidence construct, we would
low a stimulus-based model, price comparisons are centerechave the key components for a general model linking refer-
on the current price of a reference brand. When consumersence price behavior to store choice.
follow a memory-based (internal) model, price comparisons
are focused on past prices of the brand under consideration.
Although retailers cannot directly control the process that
consumers use to form reference prices, they can indirectly
control reference prices by manipulating the price pattern that
consumers sedéfeenleaf 1995Kopalle et al. 1995 Con-
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