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It'x_s bc—;coming increasingly evident that a consumer's brand choice
deqlsmn in low-involvement categories does not involve full search, evai-
. uation, and comparison of price information of all brands available at
point of purchase (global price response). The authors propose a two-
stage chqncg process in which the consumer first identifies a subset of
brands within the universal set of brands called the choice set and then
evaluates only those brands that are in the choice set refative to one
another to select a single brand. The authors find that, consistent with
reports 'of the extent of external price search of consumers, response to
shelf price variations is limited to the brands in the choice set {local price
response). Their results indicate that employing the assumption of giobal
price response may lead to biased estimates of price elasticity and
derived measures of clout and vulnerability. To enable a managerially
meaningful and useful assessment of a brand’s competitive clout and vul-
nerability, the authors provide a brand-level approach to integrate focal
price response into the derivation of these measures.

Limited Choice Sets, Local Price Response,
and Implied Measures of Price

Competition

One of the most practical and important questions that
brand managers need to answer is whether price changes of
their brands on the supermarket shelf influence consumers’
choice behavior. Traditionally, this question has been
answered through an analysis of price elasticities and
derived quantities, such as clout and vulnerability (e.g.,
Kamakura and Russell 1989). In general, these measures
have been assessed with the implicit assumption that a
change in price of one brand affects response for all avail-
able brands (global price response).

The literature on brand evaluation and external price
search, however, provides evidence to the contrary and
questions whether all consumers respond to prices of all
brands at all purchase occasions. For example, Dickson and
Sawyer (1990) show that, for low-involvement categories,
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external price search of consumers is extremely limited and
that as many as 40% of consumers claim that they do not
check prices at all. For the remaining consumers, price
search appears limited to a small subset of brands and can be
influenced by promotion displays, shelf-talkers, and shelf-
space allocation (Dickson and Sawyer 1986). Hoyer's
(1984) observations of actual behavior of consumers also
strongly suggest that consumers only check prices of a lim-
ited number of brands in the universal choice set (i.e., the set
of all available choice options). Recently, Murthi and
Srinivasan (1994) successfully incorporated one important
part of the limitations on consumers’ extent of evaluation of
available brand information into choice models by hypothe-
sizing that consumers evaluate the marketing mix informa-
tion of all brands only during specific occasions. Our study
continues and further develops this tradition by investigat-
ing whether, even during specific occasions, consumers
evaluate prices of all brands. We find that this is not the case
and pursue the implications of this finding with respect to
measures of price competition.

We model a two-stage process of choice set formation and
brand selection in an attempt to include the extent of price
evaluation into choice models. The fundamental premise of
our mode! is that consumers create a downsized choice set
using simple and often noncompensatory rules (Shocker et
al. 1991; Urban, Hulland, and Weinberg 1993) and, subse-
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quently, restrict evaluation for choice to the brands con-
tained in the choice set. Estimating this model at the seg-
ment level using scanner data for laundry detergents sug-
gests that (1) response to price changes of brands appears
limited to an occasion-specific subset of brands as opposed
to the entire universal set (local price response), (2) our het-
erogeneous two-stage model seems adequate for tracking
and predicting the sets over which consumers are price
responsive, (3) a two-segment, two-stage model leads to a
better fit and prediction of individual-level choice than does
a heterogeneous logit model, and (4} at the brand level, mea-
sures of competitive clout and vulnerability obtained by our
model are systematically different from those derived from
a segment-level logit model. For example, measures of com-
petitive clout of a given brand show a fundamental depen-
dence on the frequency of choice set membership of that
brand. Omission of this dependence leads to an overestima-
tion of the measures of competitive clout of as much as
100% in our empirical analysis., A noteworthy auxiliary
result from our investigations is that under global price
response measures of neither competitive clout nor vulnera-
bility offer any significant information in addition to market
share, that is, they are both simple transformations of mar-
ket share.

After a brief discussion of the relevant literature, we state
our assumptions and hypotheses about the choice process
and formulate and operationalize our model. Next, we esti-
mate the heterogeneous two-stage choice model along with
three benchmark models. In the validation section, first, we
compare the predictive validity of the estimated models, and
second, we diagnose our model’s capacity to differentiate
meaningfully between brands that are in the choice set and
brands that are not by showing that there is no response to
shelf-prices of brands outside the predicted choice set (local
price response). Finally, we derive the distribution of occa-
sion-specific choice set sizes at the segment level and con-
clude by discussing the brand-level measures of clout and
vulnerability that are implied by local versus global price
response.

BACKGROUND
Relevant Literature

Two-stage choice models consist of a choice set forma-
tion stage and a brand selection stage, and for all, choice of
a brand is hypothesized to be conditional on that brand
being a member of the limited choice set. Although two-
stage choice models have been used to study choice among
modes of transportation (e.g., Swait 1984), consumer
durables (e.g., Urban, Hulland, and Weinberg 1993) and
spatial locations (e.g., Meyer and Eagle 1982), most appli-
cations involve choices in low-involvement product cate-
gories. In the latter realm, research has mainly focused on
choice set formation phenomena, such as memory depen-
dence (Alba, Hutchinson, and Lynch 1991), effort and ben-
efit trade-offs (Hauser and Wemerfelt 1990), first-mover
advantages (Kardes et al. 1993), the role of shelf-space allo-
cation (Fazio, Powell, and Williams 1989), and in-store cues
to raise the accessibility of brands (Nedungadi 1990).
Recently, Siddarth, Bucklin, and Morrison (1995) model
choice set formation using a Bayesian updating procedure
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and find that market shares and frequency of choice set
membership do not go hand in hand.

The two stages of the choice process are believed to be
different in nature. Whereas choice decisions in the final
stage of brand selection are thought to be elaborate and
compensatory in nature (e.g., Gensch 1987), choice set for-
mation decisions are viewed as arising from more simplistic
noncompensatory processes (for a review, see Lehmann and
Pan 1994; Shocker et al. 1991; see also Urban, Hulland, and
Weinberg 1993).

Hypotheses and Assumptions About the Consumer Choice
Process

Choice set formation. Shocker and colleagues (1991) and
Nedungadi (1990) proposed that choice set formation in
low-involvement categories is rooted in differences of
salience across brands. We hypothesize that brand salience
is determined by three factors: (1) in-store attempts to make
the brand more noticeable, (2) recency of the brand’s last
purchase, and (3) membership of the brand to the con-
sumer’s acceptable price range. We briefly elaborate on
each.

First, we hypothesize that brand salience is positively
related to in-store attempts to highlight the brand as a choice
option, including announcements of price discounts (Alba,
Hutchinson, and Lynch 1991; Fazio, Powell, and Williams
1989; Nedungadi 1990). Accordingly, we view part of the
choice set formation as a passive (reactive) activity on
behalf of the consumer who is influenced by the dynamics
of the in-store environment.

Second, we propose that brand salience is related, either
positively or negatively, to recency of purchase. When
choice behavior is of the reinforcing type, the salience of
recently purchased brands is high. This is consistent with the
idea of an “enduring” set (Roberts and Lattin 1991).
However, when choice behavior is of the variety-seeking
type, recently purchased brands are less salient to consumers
(McAlister 1982); under such conditions recency of pur-
chase is negatively related to a brand’s salience. These
intertemporal preferences are different from preferences in
the selection stage, because, for example, variety-seeking
consumers may switch between colas and noncolas
(intertemporal preferences) but may have more stable brand
preferences within those two subsets (e.g., Coca Cola is gen-
erally preferred over Pepsi).

Third, Kamakura and Russell (1989, p. 385) show that
consumers generally switch among brands in a certain price
range. Accordingly, we propose that for every consumer,
brands in one price range may be more salient than brands
in others. Note that price ranges or tiers (e.g., Blattberg and
Wisniewski 1989) are not based on shelf prices but consti-
tute a more ordinal concept of price (i.e., high-priced, mod-
erately priced, and low-priced brands), which reflects his-
torical prices and long-term positioning strategies as
opposed to current pricing tactics. Thus, ordinal or approxi-
mate memory representations of price in general suffice to
determine choice set membership.

We expect a considerable amount of heterogeneity across
consumers concerning the impact of each of these factors on
choice set formation. With respect to the joint influence of
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these three factors, we assume that for a given consumer,
brand salience must exceed a minimum threshold level at a
specific choice occasion for that brand to be included in the
choice set.

Brand selection. Choice or brand selection is assumed to
be a true maximization of utility within the bounded set and
is based on a compensatory trade-off of price and inherent
preference (Bettman 1979; Gensch 1987, Wright and
Barbour 1977). The latter concept of preference is static as
opposed to the dynamic effects of the recency or intertem-
poral preference measure, as is illustrated previously. We
refer to the combination of price and preference as brand
value.

The Role of Shelf Price

The role of shelf price in our model is best illustrated by
considering the consumer’s reaction to an announced price
promotion (e.g., by placing the brand on sale at the end of
an aisle). Promotions of this type consist of a visual signal
of the brand’s availability and a monetary incentive to buy
the brand (e.g., cents off). The end-of-aisle display makes
the consumer aware of the physical availability of the brand.
When noticed, it forces the consumer to consider the brand
in the most literal sense of the word, because the consumer
must decide to either evaluate the promoted brand for choice
or ignore it and look for another brand. Hence, the place-
ment and physical encounter triggers the consideration and
not the discount. The discount enhances the subsequent
attractiveness of the brand at the more in-depth evaluation
stage of brand selection. Accordingly, the role of shelf prices
is hypothesized to be confined to the brand selection stage.
This hypothesis is corroborated by published evidence that
shelf-prices are inspected infrequently (Dickson and Sawyer
1990; Hoyer 1984); hence, it seems a priori fallacious to
assume full evaluation of prices at the choice set formation
stage. More important, if consumers are not self-motivated
to check prices, the rival hypothesis that price discounts
affect choice set membership seems hard to substantiate.
One implication of our hypotheses is thus that price dis-
counts that are unannounced (i.e., brands are not placed at
the end of the aisle or no shelf-talkers indicate the promo-
tion) largely go unnoticed. Mitra and Lynch (1995, p. 646),
noting that price discounts only become known to a con-
sumer after the consumer considers a brand for choice,
advocate a similar view.

The process that we hypothesize ensures a preselected set
of brands in which the consumer may include brands that
are highlighted in the store plus brands that were or were not
purchased relatively recently (depending on either rein-
forcement or variety seeking tendencies) plus brands that
are positioned in a preferred price range. It is evident that
current shelf prices do not influence the construction of this
set. As a consequence, there is no reason to expect con-
sumers to engage in the mentally costly search, evaluation
and comparison of current shelf prices of brands that are not
in the choice set. Response to the prices of those brands
should therefore be absent and those brands should thus be
excluded from analyses of consurmners’ sensitivity to prices.
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AN INDIVIDUAL-LEVEL TWO-STAGE CHOICE MODEL
Choice Set Formation

We assume that every consumer h has a specific latent
threshold of salience @ to consider a brand (i = [1 ... n]).
Denote salience of brand i for consumer h at occasion t by
S .Froma modeler s perspective, salience Sn and the cut-
off value G) are observed indirectly with some error & L or

h h .
Sit = 55 +§h,l= 1,...,[1]

and
h h h
8, =8, +§n + L

We assume that the {n + 1] random components are iid
draws from the Type I extreme value distribution. Note that
the (n -+ D)t random component is common across brands
and makes so that @:‘ is a common threshold across brands
for a given consumer at a given purchase occasion.

Similar to such studies as Andrews and Srinivasan’s
(1995), Han’s (1993), and Roberts and Lattin’s (1991),
brand i is in the choice set of consumer h at purchase occa-
sion tif S?‘ > G)h Under the distributional assumptions, the
probability that consumer h includes brand i (i = 1,...,n) in
choice set M at occasion t equals

Iy  wieM =t +exp@® —sh)y-1i=[l..nl]

As stated previously, we expect a considerable amount of
heterogenelty across consumers in the probabilities
(i e M)t

Brand Selection

Consumers compare the utilities VR for brands that are in
the choice set and choose the brand that maximizes utility.
Hence, acknowledging that choice set membership of a
brand is deterministic for the consumer and under the usual
assumptions, that is, that V{‘t = vg‘[ + e{“, and e{‘l are jid
draws from the Type I extreme value distribution, the prob-
ability of choice is, after reduction of the universal set C,
equal to

Il-,‘l~ exp(v?t)

u h Wy
Z vj Ljr exp(vj)
L h 1if i is in the choice set of consumer h at t.
withly =9 ... . .
0 if i is not in the choice set of consumer h at £.

In contrast to the consumer, the modeler has imperfect
knowledge about the indicators Iu However, the modeler’s
knowledge about these indices is represented in the inclu-
sion probabilities frrf‘i Given this probabilistic character of
the actual choice set to the modeler, a reasonable maintained
hypothesis of the choice probabilities is!

b h
iy~ exp(vy)

h
ZVjec'"jt

Note that it is only the relative magnitude of the inclusion
probabilities that is relevant in Equation 3 and not the

€) P?l =

. cxp(v?l)

LA justification of Equation 3 is available on request from the authors.
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absolute magmtude Multiplication of the 11' s by a con-
stant that is common across brands does not affect the
choice probabilities.

Although both our model and that of Swait (1984) or
Andrews and Srinivasan (1995) can be estimated within the
confines of scanner data, because Swait’s (1984) model enu-
merates all possible choice sets, the latter can be applied
only to cases of small universal choice sets. If the universal
set C has n brands, the numerator of the choice probability
in Swait’s (1984) study contains 27~ ! terms, and the denom-
inator contains 2" — | terms. Equation 3 is not restrictive in
this sense and remains estimable for any arbitrary size of the
universal set.

OPERATIONALIZATION

Underlying the operationalization of our model is an
attermpt to divide explanatory variables into covariates of the
deterministic part of the salience and the value of a brand i
at occasion t for consumer h.2 The deterministic part of the
brand salience construct, sf‘t in Equation 1 is operationalized
as a linear additive function of the following variables:

Promotion display. We define Yh (t) = 1 if the brand is
displayed at the end of the aisle, and Y ; (0 = 0 otherwise.
This variable, among others, captures the visibility of the
brand in the store which stimulates recall and recognition of
the brand as a choice option.

Allocated shelf space. Y;‘ (t) measures the size (in
meters) of the shelf space (facmg) allocated to each brand.
As with the previous variable, allocated shelf space
increases the brand’s salience to the consumer in the store.

Recency of choice. We define this term as Yh =1~ 8:}

« Arec . Yh (=1 + 8%, where 8} is 1if brand i was previ-
ously chosen by consumer h and A™¢ is a smoothing con-
stant. This variable assumes the value 1.0 for the brand [ast
chosen and exponentially slopes downward for other
brands. Note that although “optically” similar, this measure
differs from that of Guadagni and Little (1983), as discussed
subsequently.

Preferred price-range membership. The dependence of
brand salience on a preferred price range is operationalized
as a set of dummies for price-range membership. Because
price ranges are defined on average price, membership to a
certain price range for a brand is time-invariant. If brand i
belongs to range r, the salience function for brand i features
an r-specific dummy that is shared by as many brands as
there are in the price range. We define three price ranges.
Hence, Yy;, Ys;, and Yg; are 1 if the brand i is in range 1, 2,
and 3, respectively, and 0 otherwise.

The deterministic part of the brand value construct, vll ,in
Equation 3 is operationalized as a linear additive function of
the following variables:

Inherent preference. We operationalize this measure in
two parts. The first part is an overall preference measure, a
that consists of a set of brand constants; the second part, X
is a consumer-specific preference measure that is computeé

21t may be possible that advertising raises both salience of a brand and
its value. This would be the case when advertising helps to differentiate a
brand (Mitra 1995), as well as to raise awareness for the brand. In such
cases, advertising should be modeled in both stages of the choice process.
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as the relative choice frequency over an initialization period
of the data (Lattin and Bucklin 1989).

Unpromoted price: Xgi (t) is defined as the regular price
of the brand.

Price discount. X;‘, (t) measures a price discount in mon-
etary terms. Price discounts are (arbltranly) expressed as
positive numbers, hence, the larger X3 (t), the deeper the
price cut, and the lower the price actually paid.

Discussion

As is evident, we did not specify Guadagni and Little’s
(1983; hereafter G&L) loyalty measure as an explanatory
variable because it combines what we refer to as intertem-
poral preference and inherent preference. Namely, the
brand-by-brand geometric mean of the G&L loyalty mea-
sure over the choice history of a given consumer can be
shown empirically to be either close or equal to the relative
purchase frequencies in that choice history. Across con-
sumers, it is therefore analogous to our lei preference mea-
sure in the brand value function. In addition, the G&L loy-
alty measure is increasing in the recency of choice, so lon-
gitudinally, it is analogous to our recency of choice measure
in the salience function. Thus, both preference measures,
recency of choice and inherent preference, are combined in
the G&L. loyalty measure, yet their idiosyncratic influence
cannot be parceled out. The measurement we propose sepa-
rates these components and thus provides a more detailed
understanding of the function of the loyalty measure that has
been critiqued for its ambiguous meaning elsewhere
(Chintagunta, Jain, and Vilcassim 1991).

ESTIMATION

We estimate four model specifications: In the first model,
the heterogeneous choice set formation model (HCSM), het-
erogeneity across consumers with respect to the choice-set-
formation stage of the choice process is acknowledged to
exist. Next, we estimate the case in which such heterogene-
ity is absent (CSM). The remaining model specifications are
the latent class logit model (LCLM) by Kamakura and
Russell (1989) and the G&L operationalization of the multi-
nomial logit model (MNLM), which serve as benchmark
models. Through their various operationalizations, all mod-
els account for consumer heterogeneity in brand
preferences.

Data

We used regular powder detergent data from the Nielsen
Scan 7000 system in France. In this category, variations on
attributes such as scent and bleach are not present. There are
13 brands in this category, which makes it appealing for the
study at hand because such a large universal set size makes
it unreasonable to assume that all consumers search, evalu-
ate, and compare all brand information and especially prices
at all purchase occasions. In total, we have data for 1147
households who made at least 12 purchases in the category
over a two-year period. To make estimation manageable, we
sampled 169 households at random and obtained a total of
N = 2979 observations for analysis. The remainder of the
data set (978 households) was used for out-of-sample vali-
dation purposes. On average, sampled families made 17.62
purchases over the two-year period. The choice sequence of
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Table 1
DESCRIPTION OF THE ESTIMATION SAMPLE

Avail- Promo- Shelf
Brand ability Price tion Space Share

High-Price Range

Skip 1.000 17.36 .09 3.02 100
Ariel 1.000 17.10 .23 426 174
Le Chat .980 16.85 .04 1.42 016
Persil .885 16.55 .04 1.55 .064
Dagh 1.000 16.36 .02 1.71 .089
Axion 1.000 16.33 .05 1.34 106
Medium-Price Range
Supercroix 917 15.16 g1 1.43 .051
Omo 1.000 14.97 .06 230 134
Low-Price Range
Others 960 13.91 .03 1.52 .018
X-tra 980 13.54 .09 1.67 .084
Store Brand 977 13.44 .05 222 016
Bonux .986 13.36 .07 1.49 .060
Gama .842 13.35 .09 1.14 .089

each household was divided chronologically into three parts
for initialization (N, = 987), estimation (N, = 1005), and
validation (N3 = 987). In Table 1, we describe the laundry
detergent data set for 12 brands—plus a brand labeled
“other”—in terms of availability, average price paid, aver-
age promotion intensity, average shelf space, and overall
purchase share in the estimation sample. The table is orga-
nized in price tiers, which were obtained by maximizing the
ratio of across- and within-tier price variance. Averages are
taken over purchase occasions. Availability of the 13 brands
is almost 100%. One attractive feature of our data worth not-
ing is that shelf-space allocation measures are available for
this category. These shelf-space measures are collected
through store audits on a weekly basis and are measured in
meters. No advertising exposure data were available for this
category.

Estimation Procedure

Maximum likelihood estimation was done using a
FORTRAN-based steepest gradient search with the
Fletcher-Powell algorithm. We provide some estimation
details per model specification. To facilitate the discussion,
it is instructive to start with the CSM specification, though
with respect to interpretation, we are more concerned with
HCSM.

All parameters of CSM are statistically identified up to a
metric for the brand constants in the choice stage and to a
metric for the price-tier dummies in the choice set formation
stage. Consequently, we set the corresponding parameters of
one of the constants and one of the dummies to zero. The
threshold of salience does not need to be operationalized but
instead can be estimated latently, In the actual estimation of
CSM, we used three sets of starting values for the parame-
ter estimates: (1) the MNLM estimates, (2) zeros, and (3)
twice the parameter estimates of earlier runs. In all three
cases, the model converges to the same parameter estimates,
though the step size of the algorithm had to be lowered in
the last case. The value of the memory parameter of the
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recency variable was obtained from a grid search and equals
Aree = 79,

To estimate the HCSM specification, we used a latent
class approach and allowed the parameters in the function
Sf’l and the threshold G) to be distributed across households
at the segment level. As a result, we are segmenting the mar-
ket on structural differences between inclusion probabilities.
In addition, because we investigate whether some house-
holds are more prone to respond to prices of brands in the
choice set than others, we also estimated heterogeneity with
respect to response to price and price-cut variables. The
sample likelihood function for HCSM, including support
points s = 1,...,S and associated probability masses, i, is
equal to

o e fl S

s

'"'n - expfvi)

Zﬂ

i=1

i :]=

© expy _Tl)

In this formulation, t, and T}, mark the beginning and the
end, respectively, of the choice history of a household, h
(h = 1,..,H); s is a segment index (s = 1,...,5); i and j are
brand indices; and 7} and v} are as defined before with the
household index h replaced by a segment index s. Finally, s,
is the relative size of segment s. To ensure that 0 € ¢ < 1,
we reparametrized Y, as in Kamakura and Russell’s (1989,
p. 381) study. Akaike’s information criterion suggests that
for HCSM the underlying heterogeneity across households
should be approximated by two segments. Kamakura and
Russell’s (1989) L.LCLM specification was estimated by ini-
tializing the estimation on the maximum likelihood parame-
ters of MNLM. Akaike’s criterion again suggested that two
segments suffice to represent the heterogeneity across
households underlying the estimation data for the LCLM
specification.

Finally, the G&L MNLM specification was estimated
along with the smoothing coefficient of the loyalty variable.
Details of the approach used are provided in Fader, Lattin,
and Little’s (1992) study. The smoothing parameter was
estimated at .65.

Model Fit

The estimation results, summarized in Table 2, indicate
that HCSM provides a superior fit for the data used. Using
Horowitz’ (1983) test for nonnested hypotheses, HCSM fits
better than both CSM and MNLM at the .00l level. Its
adjusted p2 is equal to .577, which is the highest of all
model specifications. The test cannot be used to compare
against LCLM, because the latter fits worse despite having
more parameters. The CSM model fits better than MNLM
and demonstrates a significant fit improvement over MNLM
at the .00! level. Compared to LCLM, which has two seg-
ments, CSM fits better. The fit of Kamakura and Russell’s
(1989) model, LCLM, is significantly superior to MNLM at
the .001 level. Finally, with an adjusted p? of .558, the over-
all fit of MNLM is good; however, among all models con-
sidered, its fit is the poorest.
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Interpretation of the Estimates.

We concentrate on the interpretation of the parameter esti-
mates of HCSM and LCLM and comment on the differences
of the implied segments. Other models considered can be
interpreted as special cases of either HCSM or LCLM.

Two distinct segments underlie the sample according to
the HCSM specification: The first (“in-store sensitive”) seg-
ment consists of 36% of all households; the second (“loyal”)
segment consists of 64% of the households. The in-store
sensitive segment shows a strong sensitivity to promotional
signal and shelf space, coupled with a smaller—but still sig-
nificant—estimate of the recency variable than that of the
loyal segment (the difference between the estimates of
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recency across the two segments is significant at the .05
level). This lower dependence on the past suggests that the
choice set for households in this segment is dynamic and
follows the in-store environment. Response to the price-tier
variables suggests that, other factors constant, brands in the
moderate price range are salient to this segment. The simul-
taneous presence of multiple influences on brand membee-
ship of the choice set suggests that choice sets in this seg-
ment can, at specific accasions, be large. We show subse-
quently that the average choice set size in this segment
equals 2.78 brands and that unit-size choice sets rarely
occur. Price response over these implied choice sets is neg-
ative and significant.

Table 2
ESTIMATION RESULTS
HCSM
LCLM
In-Store Sensitive Loyal
Segment Segment CSM Segment] Segment2 MNL

BRAND VALUE

Supercroix 0.0002 0.0002 0.0002 0.000# 0.0002

X-tra 708 .687 2.148%+% —. 80 *** -.624

Le Chat 381 .064 262 —7.800%%+* ~975%%

Skip 1.029 747 =217 168 -158

Omo 144 122 2.001 %% —-.582% 183

Persil 804 479 785 —~1.037*** —421

Axion 1.494%% 1.124** .858 168 203

Gama 999 936% 2.256%%+* ~.709* 062

Ariel 1237* 805 631 -.080 029

Bonux 968+ .974% ~6.684%** —-.585 —-200

Dash 1.460%* 1.189%* 1.027 -.087 060

Private Label 027 .010 661 —2.183%*+* ~1.167

Others -.093 .006 490 —1.858#%* -1.576*%

Preference QgY*xk 1.04 | +#* — — —

Price —234%%* A4 -047 A26%E* —251%%* -0t6

Price cut 653+ 306 .350 -430 .545% 320
BRAND SALIENCE

Shelf Space 230%* -040 .067 2134+ 035 076

Display [.627%** 027 1.032%%* .200 [.O13%** 680 k¥

Recency 3.225% %% 4.584%%* 4.087%#* — — —

Low Range 0.0002 0.0002 0.0002 —_ — —

Medium Range 2.006%*+* 788 1.342%%* — — —

High Range 528 -970 129 — — -
THRESHOLD 4.287%%% 4.809%** 4.632%* —_ — —_
HETEROGENEITY

Size constant 0.0002 599 — 0.0008 337 —
G&L LOGIT

Loyalcy — — — 4.764%*x* 4.707%%* 4.770%**
LLbegin ~2543 .4 ~2543.4 2543 4 ~25434
Liend -1045.8 -1059.8 -1087.5 -1107.3
Akaike criterion ~1075.8 -1080.8 -1122.5 -11243
P .589 .583 572 564
P ST 575 559 558
number of

parameters 30 21 35 17

*significant at .050 level,

**significant at 025 level.

***gipnificant at .010 level (all one-sided).
2This constant is fixed at .000 to set a metric.



Limited Choice Sets

Table 3
PREDICTIVE VALIDATION RESULTS

HCSM CSM LCIM MNL
p? 591 5794 .5674 .5754
L[end —668.382 -688.8254 -708.2204 —695.5044
RMSE? 00952 015314 00941 .00954
Hitrate .68846 675714 .682364 .68417¢
ACPpb 57417 .55058d 537237 .564244
CoVe 1.73468 1.73764 1.620604 1.607984

#Root mean squared error of share predictions.

bAverage Choice Probability (predicted).

€The ratio of ACP and the deviation in choice probabilities.
dSignificantly different from HCSM at .05 level.
Significantly different from HCSM at .10 level.

In the loyal segment, the single most important variable
affecting choice set formation is recency of choice. Buying
behavior of households in this segment appears to be habit-
ual, and the consumers in this segment display no sensitivi-
ty to store environment variables. This exclusive reliance on
recency of choice suggests that the distribution of inclusion
probabilities is highly concentrated and, hence, that the
implied choice sets are small for this segment. As is formal-
ly derived later, the implied choice set size in this segment
is one brand for more that 60% of the choice occasions.
Hence, many choices in this segment are choices by default,
and it is thus not surprising that price response over the
implied choice sets is nonexistent.

We briefly comment on the relatively low response to
price ranges in our example. Contrary to our expectations,
the response to the price-range dummies is not significant in
three of four cases. We do not suggest a generalization of
this finding across categories, however, and we will confine
ourselves to the interpretation of our estimation results.

We note that LCLM has one segment that has a signifi-
cant and positive price parameter. Moreover, LCLM and
HCSM both estimate two segments—but these segments are
different. Using Grover and Srinivasan’s (1992) procedure
to classify households to segments, we compared the shares
of brands in the segments that LCL.M and HCSM imply. The
relative differences in shares, when contrasting the best
matching configuration, ranges from 6% to 80% of the
shares in the LCLM model (average = 45%). The absolute
difference is 2.95 share points per brand, which suggests a
structural difference in the identified segments.

Overall, the HCSM model is significantly superior in fit
and implies different segments than LCLM. We agree that,
substantively, the fit improvement of HCSM over LCLM is
modest. Our next concern is to investigate the predictive
performance of the alternative model specifications in hold-
out samples.

VALIDATION
Predictive Validation of the Models

In view of the marginal fit improvement of HCSM over
LCLM, we investigate the predictions of the models and
their distribution. To obtain the empirical distribution of pre-
dictive validation measures across multiple samples, we
replicated the predictive validation for 25 independent hold-
out samples. These samples of approximately 1000 purchas-
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es were created by randomly drawing households from the
parent sample of 978 households not used in estimation.
Using the values of parameters reported in Table 2, we com-
puted six accepted measures of predictive validity for each
model: p2, value of the log-likelihood, root mean squared
error (RMSE) of the share predictions, hitrate, average
choice probability, and the coefficient of variation (i.e., the
ratio of the average choice probability over its deviation). To
validate LCLM and HCSM, we assign households to seg-
ments using Kamakura and Russell’s (1989) Bayesian pro-
cedure. In Table 3, the average validation statistics across
the 25 samples are reported along with significance levels of
the differences between HCSM and the three other models.

The results in Table 3 indicate that the predictive perfor-
mance of HCSM is significantly better than all other models
with respect to p2, log-likelihood, hitrate, and average
choice probability. The superiority of HCSM on the first two
criteria indicates that the purchase sequences of households
are most likely generated by HCSM. Kamakura and
Russell’s (1989) LCLM is best in predicting shares, but its
predictions are not significantly better than HCSM. Note
that MNLM outperforms the LCLLM model in out-of-sample
fit. This hints at the possibility that the LCLM model is
overfitting the data in the estimation sample (e.g., Zenor and
Srivastava 1993, p. 372). Finally, CSM performs the best on
the coefficient of variation, with HCSM coming in second
and the difference being nonsignificant. In addition, HCSM
is superior to LCLM on this measure at the .001 level (t =
17.30). We conclude that HCSM is the best model specifi-
cation in terms of fit and prediction on four criteria and that
it shares honors on the remaining two.

Process Outcome Validation

Our estimation results suggest, along with Murthi and
Srinivasan (1994), that response to short-term price varia-
tions seems to be absent for the loyal segment but seems to
occur to some extent in the in-store sensitive segment.
Beyond the scope of Murthi and Srinivasan’s work (1994,
p-11), however, we hypothesize that consumers respond to
prices of only a subset of brands as opposed to prices of all
brands. This section, in which we concentrate on the in-Store
sensitive segment, is included to substantiate this hypothesis
further.

Using predicted inclusion probabilities from HCSM and a
cutoff criterion on the probability that the brand is not in the
choice set, we determine membership of the complementary
set, that is, the universal set minus the restricted choice set.
We next estimate a single stage (logit) choice model with
two separate price effects, By and f3,, conditional on the pre-
dicted membership of the complementary or choice set,
respectively. We do this because direct estimation of f and
B in a single stage gives a direct test of our model’s capac-
ity to differentiate meaningfully between brands that are in
the choice set and those that are not. Hence, if a brand is pre-
dicted to be included in the choice set, the price parameter
B, applies, otherwise the price parameter (3, applies. The
hypothesis of local price response holds that By = 0 and
B, <0, that is, that price effects are only present when the
brand is considered for choice.
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In Table 4, we report f3, B, and the log-likelihood for the
estimated models for the in-store sensitive segment. Shelf
prices are rescaled to a zero-mean to avoid a large illusory
negative estimate of P, for any positive covariate (the
brands on which P is estimated should not be chosen). We
use six alternative cutoff criteria, ranging from .95 to .90
and, for reference, a cutoff of 1.00 (global price response).
A cutoff of .90 means that a brand is excluded from the
choice set if our model predicts that the probability of the
brand’s exclusion is higher than .90. This will likely overes-
timate the actual choice set size, but that is of no conse-
quence to the implication that response to prices outside the
set should be 0. The specific values of the cutoff were cho-
sen such that the joint probability of incorrectly rejecting a
brand from the choice set was less than .5. This probability
increases as the cutoff decreases and has an upper bound
that is equal to the cutoff value raised to the power of the
number of eliminated brands. To investigate whether our
model’s predictions of choice set membership hold outside
the estimation sample, we replicated the analysis for the lon-
gitudinal holdout sample.

Table 4 accords well with our predictions both inside and
outside the estimation sample. There is no price response to
prices of brands that are predicted to be outside the choice
set. The log of the likelihood ratio of the estimations under
local price response and global price response is as high as
7.88 (cutoff = ,94); that is, the likelihood of the sample
under local price response is more than 2600 ( = Exp{7.88])
times higher than that under global price response. This
empirical analysis suggests that consurners respond to prices
of only a limited brand set that is occasion- and household-
specific, and hence the universal set does not appear to be
the set over which households are price sensitive. Moreover,
displayed and announced promotions typically makes a
brand enter the choice set in the segment under analysis. The
use of unannounced price discounts generally does not make
a brand enter the choice set. Consistent with our assump-
tions and hypotheses, response to those price cuts is nonex-
istent in Table 4. Finally, the results support the idea that
some consumers may search shelf prices for a small number
of regularly purchased brands but that they are mainly pas-
sive information receivers for the remaining brands.

We conclude that our approach seems useful in identify-
ing and predicting the sets over which consumers are price
responsive and agree that more research is warranted on this
subject.

SUBSTANTIVE RESULTS

In this section, we offer two final results implied by
HCSM’s estimates. First, we derive the distributions of the
inferred choice set sizes for each of the two segments iden-
tified. Second, we take a brand perspective and contrast the
measures of the structure of price competition that are
implied by (1) the local price response as discussed previ-
ously and (2) the global price response that is implicit in a
segment-specific logit model.

Inferring Choice Set Sizes of the Two Segments.

For each household and purchase occasion, we evaluated
the distribution of the choice set size. We calculated the
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inclusion probabilities separately for households in both
segments using HCSM. Subsequently, the individual proba-
bilities 'rrg‘[ were rescaled to probabilities T, to ensure that
the highest probability was 1 (i.e., given a choice, the set
cannot be empty). To calculate the probability of a choice set
of size L, (L = 1,...,13), we compute the likelihood of all
possible permutations of size L and sum their likelihoods
per size. The likelihood of, for example, a choice set of size
three and permutation C = {1, 2, 3} (assuming that brand 1
has the highest inclusion probability) is calculated as

13
(5) PP(1,2,3) =0, - T ;1'[4(151?}1 )T = 10,
=

The implicit independence assumption in this equation
(e.g., Hauser and Wernerfelt 1989) is in the probability
domain and not in the domain of covariates. The covariates
of w}‘t may be, and are, correlated across brands (e.g.,
through recency). The independence assumption in proba-
bilities expresses that we assume that no structural depen-
dence between the inclusion probabilities is left unaccount-
ed for. The average distribution of the choice set size in each
segment is shown in Figure 1. The shapes of the two distri-
butions across segments are strikingly different but intuitive.

The interpretation of the two distributions in Figure 1 is
that the inferred size of the choice set in the loyal segment
is 1 for 62% of the purchase occasions, 2 for 30%, 3 for 79,
and 4 for 1%. The average choice set size over all purchase
occasions is 1.47. By consequence, the choice stage in the
two-stage process involves in most cases a choice by
default.

For the in-store sensitive segment, there are always “the
other brand(s).” The size of the choice set is 1 for only 14%
of the purchase occasions, whereas the expected choice set

Table 4
PROCESS OUTCOME VALIDATION RESULTS
Eliminated Log-
Cutoff B, Bo Brandst Likelihood
Estimation Sample

1.00¢ —253%** =) 0.00 -594.12
.95 —339%** ~028 4.84 -586.96
.94 —357H** -.038 5.87 -586.24
.93 —337H** -.033 6.52 -587.34
92 —310%** -019 6.94 -588.99
91 — 2T R -~.005 7.24 -591.14
.90 — 19 *¥* ~.025 7.63 -595.26

Hold-Out Sample

1.00 —225%* -) 0.00 —482.35
95 - 232%%% .007 5.03 -480.37
.94 223 %% ~016 6.02 —481.3]
.93 —191** -014 6.60 —482.52
92 —.200%% ~.034 7.04 -482.15
91 - 170* ~017 137 —483.24
.90 - 129% ~007 7.63 -484.18

*significance (one sided) at .1 level.

**gignificance at the .05 level.

*+¥significance at the .01 level,

4If the probability of rejection is larger than the valug in column 1, then
the brand is rejected from the choice set.

bThe average number of brands that have a predicted probability of rejec-
tion from the choice set larger than the value in column L.

This case constitutes global price response.
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Figure 1
THE DISTRIBUTION OF CONSIDERATION SET SIZE IN THE TWO SEGMENTS

In-store sensitive segment

Pr(Size = X)

1 2 3 4 5 6
Number of brands in the choice set

Loyal segment

Pr(Size = X)

1 2 3 4 5 6
Number of brands in the choice set

size is equal to 2.78. Combined, the two distributions are in
close agreement with Hoyer’s (1984) observations of choice
protocols at the supermarket shelf, which provides further
face validity for our modeling approach.

Brand-Level Analysis

In this section, we analyze and evaluate measures of com-
petitive clout and vulnerability. We show that under global
price response, clout and vulnerability measures contain
theoretically identical information and are simple transfor-
mations of market share. In contrast, under local price
response, such measures are based on only those purchase
occasions in which the brands of interest are truly in the
choice set, which makes clout and vulnerability dependent
on individual-level substitution patterns rather than market
share alone. We prove this proposition, formulate its impli-
cations, and investigate the measures of competitive clout
and vulnerability empirically.

Consider the logit cross elasticity m; of the change in
aggregate choice probability (or market share) Pr; for brand
i in response to a price change in brand j (we drop the sub-
script t for expositional simplicity):

(6) 'T]U = —Prj'Bpﬁcc'PriCej, vi,j € [1,...,“], i# j.

Assume, for the sake of exposition, that B, = ~1 and that
prices of all brands are equal to . Then, using Kamakura
and Russell’s definition (1989, p. 386),

) Clout; = Z (m)? = Z Pri2 =(n-1)- Priz,
Vi #i Vi #1i
and
(8  Vulnerability, = > (ny? = > Pr} = H-Pr},
Vi #i Vi #i
where H is the Herfindahl index. It follows that Clout; =
(n — 1) - (H - Vulnerability;) = a — b - Vulnerability; and

that clout and vulnerability are perfectly negatively related.?
Relaxing the assumption of equal prices does not mathe-
matically affect this identity. Moreover, under global price
response, clout and vulnerability are uniquely driven by
market share, up to variation in prices. Thus, a high-share
brand has high clout and low vuinerability by definition. For
low-share brands the opposite holds.

Another dependence holds for measures of clout and vul-
nerability under local price response; namely, if a brand can-
not compete or be competed against if it is not in the choice
set, both clout and vulnerability will be increasing in the fre-
quency of choice set membership, all else being equal.
Summarizing these relationships suggests that, under local
price response, clout is positively related to both market
share and choice set membership, whereas vulnerability is
negatively related to market share but positively to choice
set membership. Thus, accounting for the role of choice sets
on price competition may effectively dispense of the identi-
ty between clout and vulnerability.

To investigate whether global price response indeed
implies an identity of clout and vulnerability and whether,
under local price response, these measures are contingent on
choice set membership, we calculated price elasticities by
increasing, one by one, a brand’s price by 1%. An individual-
level model was next used to compute the aggregated changes
in choice share of any brand, and elasticities were calculated
directly from these changes (for a similar approach, see, €.g.,
Bucklin, Gupta, and Siddarth 1994). Our subsequent analysis
concentrates on the in-store sensitive segment, because there
is no price response in the loyal segment. To compute the
elasticities under local price response, we reduced the univer-
sa] set of choice options for every specific choice occasion.

3We are indebted to the JMR reviewer who motivated us to pursue an
explanation for the correlation in the bottorn graph of Figure 2.
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Figure 2
COMPETITIVE CLOUT AND VULNERABILITYz

A. As Implied by Local Price Response
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The figures in parentheses indicate the proportion of all purchase occa-
sions in which the corresponding brand is predicted to be in the choice set.
Due to differences in the denominator of the choice probabilities between
local and global price response, the two graphs should not be compared in
an absolute sense. Comparisons should be made relatively.

We disregarded only those brands that were predicted to be
outside the set with a probability of .90 or higher. This seems
justified because we observe from Table 4 that there is no
response to prices in the complementary set.

In Figure 2, we present the 12 brands (the category “other”
is not really a brand but a combination of small brands) in the
clout-vulnerability plane. The top graph shows clout and vul-
nerability as estimated using local price response; the bottom
graph shows the same measures as estimated using global
price response. Under global price response, the correlation
between clout and vulnerability is strongly negative, r = —.75
(t = -3.8). The graph produces a perfect ordering of (from
left to right) low- to high-share brands, and the correlations
between the segment-level market shares on the one hand
and the square root of clout and vulnerability on the other are
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98 (t = 16.3) and —.89 (t = —7.1), respectively. The hypoth-
esis that the correlations are 1.0 and —1.0, respectively, can-
not be rejected. This suggests that, under global price
response, measures of clout and vulnerability do not add sig-
nificant information to that contained in market shares (for a
similar relation among clout and vulnerability, see Kamakura
and Russell 1989, p. 385).

Under local price response, clout and vulnerability are
uncorrelated for this data (r = -.05, t = ~.2). Indeed,
accounting for the existence of choice sets has the realistic
implication that two brands may have equal competitive
clout, yet one may be more vuinerable than the other. This
would happen, for example, when one of the two brands is
less effective in head-to-head competition between the two
brands in isolation but competes eftectively with a third
brand. Although competitive clout is still related to market
share, there is no direct relation between vulnerability and
market share as was expected (the correlations as defined
herearer = 93,t =84 andr = —.17, t = -6, respectively).

We conclude by highlighting the conditionality of clout
and vulnerability on choice set membership. The top graph
in Figure 2 shows that there are three brands that are fre-
quently in the set: Supercroix, Omo, and Ariel. Exactly as
expected, the top graph puts these three brands apart from
the other brands and positions them as more pronounced in
the competitive arena while cornering the other brands
toward the origin of the clout and vulnerability plane.
Consequently, by contrasting the two graphs, it seems that
the competitive clout of Axion is overestimated by global
price response because it incorrectly assumes that Axion is
always in the choice set. Likewise, though global price
response suggests that the Store Brand is vulnerable, it
appears from our analysis that its position is much stronger
once we restrict the analysis to the occasions that the Store
Brand is actually considered for choice.

CONCLUSIONS

Dickson and Sawyer (1990) concluded that research on
price should start accounting for the effects that displays,
shelf-talkers, and shelf-space allocations have on price
response behavior. We have attempted to address some of
their concerns. Rather than venturing that all consumers
respond to prices of all brands at all purchase occasions, we
have attempted to model the limited set over which a con-
sumer is price responsive. Important determinants of this set
are exactly the same measures that Dickson and Sawyer
asked to be included in price research. More generally, our
results indicate that price responsiveness is closely linked
with differences in salience across brands.

The existence of choice sets implies an intricate set of
interactions between salience- and value-generating vari-
ables. Thus, when both types of variables are included in a
simple one-stage model, utility functions of such models are
a priori misspecified. Indeed, there is no compelling reason
why larger shelf-space allocations would raise the utility of
a brand. Likewise, there is no strong argument to be made
that recency of purchase is a cause for utility for any given
brand; recency of purchase merely covaries with utility
across brands provided that consumers buy brands they pre-
fer. Both of these measures are, however, credible causes of
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brand salience at the point of purchase. Their role on choice
is by consequence only indirect and dictates the extent of
evaluation of value-generating variables such as price and
price discounts.

It seems from our empirical study that the implied
assumption of simple one-stage choice models—that con-
sumers evaluate all brands for choice—is not always cor-
rect. Our suggested approach serves to relax this assump-
tion. In conclusion, managerially, to understand competitive
dynamics at the brand level, a person should deal with the
implications of observed scarcity of consumer search for
information (e.g., Dickson and Sawyer 1990; Hoyer 1984)
and should focus on those brands that are frequently in the
choice set. Hence, it is important to have models or
approaches, like the one we discuss, that can identify those
brands from readily available scanner purchase files.
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