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VISHAL P. SINGH, KARSTEN T. HANSEN, and SACHIN GUPTA*

The authors propose a multicategory brand choice model based on
the conceptualization that the intrinsic utility for a brand is a function of
underlying attributes, some of which are common across categories. The
premise is that household preferences for attributes that are common
across categories are likely to be correlated. The model that the authors
develop projects the unobserved preferences for attributes to a lower
dimensional space of unobserved factors. The factors are interpretable
as household “traits” that transcend categories, and they can be used to
predict preferences for attributes in new categories. The authors apply
the proposed model to household panel data for three closely related
snack categories and for two less-related food categories. The authors
find strong correlations in preferences for product attributes such as
brand names and low fat or fat free. This study demonstrates that these
high correlations in product attribute preferences across categories are 

useful in targeting activities in existing and new categories.

Modeling Preferences for Common Attributes
in Multicategory Brand Choice

A vast literature in marketing describes brand choice
behavior within individual product categories. A consistent
empirical finding across multiple studies is that consumer
heterogeneity in brand preferences and responsiveness to
marketing-mix variables explains a substantial part of the
variation in brand choices of households. In other words,
consumers are very different from one another within each
category. An important question that has intrigued market-
ing researchers is whether a household exhibits similarities
in its choice behavior across seemingly disparate categories.
In other words, are consumers’ buying behaviors and sensi-
tivities to marketing-mix variables determined primarily by
household-specific factors or by category-specific charac-
teristics? Although this question has long been of interest
(see, e.g., Blattberg, Peacock, and Sen 1976), appropriate
methodologies to address the issue have only recently been

developed (Ainslie and Rossi 1998; hereinafter AR). Using
data from five product categories, AR find substantial corre-
lations in price, display, and feature sensitivity of house-
holds. Similarly, Erdem (1998) and Erdem and Winer
(1999) find that consumers’ preferences for a brand name
are correlated across categories. Such findings have sparked
interest in the development of multicategory choice mod-
els—that is, models in which consumers’ preferences for
brands and their responsiveness to marketing activities in
each category have a joint distribution that allows correla-
tion across categories.

The problem of finding and explaining generalities in
consumers’ buying propensities across product categories is
of intrinsic academic interest. For example, the discovery of
empirical patterns can trigger the development of new theo-
ries of consumer behavior and has important implications
for marketing practice. The processing of consumer pack-
aged goods is a highly concentrated business, with only a
few companies accounting for a large share of the overall
global market (Rogers 2001). Each of the major manufac-
turers, such as Procter & Gamble, Unilever, General Mills,
and Kraft, owns brands in a vast number of product cate-
gories. The downstream customers of these manufacturers
are large supermarket chains, which are multicategory firms
as well. For these firms, developing an understanding of
consumers’ preferences or traits that transcends product cat-
egories can be a source of strategic advantage. Potential
application areas include umbrella branding and advertising
(Erdem 1998; Erdem and Sun 2002), brand equity and its
extendability (Park and Srinivasan 1994), cross-category
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1Note that Van Heerde, Gupta, and Wittink (2003) provide a different
substantive interpretation of Bell, Chiang, and Padmanabhan’s (1999)
results in terms of the decomposition of the sales effects of promotional
activities.

promotions (Chintagunta and Haldar 1998), new product
targeting (the current article), and so forth.

In this article, we focus on the use of observed household
purchase data to analyze preferences in multiple categories.
In packaged goods markets, the availability of good house-
hold panel data from marketing research providers, such as
ACNielsen and Information Resources Inc., or from retail-
ers’ frequent-shopper programs has facilitated such an
endeavor. However, the analysis of consumers’ choices in
disparate product categories poses difficult modeling chal-
lenges. A fundamental issue that must be addressed is how
to correlate consumers’ preferences for products that fall in
different product categories and are therefore like apples
and oranges. Note that the set of marketing-mix variables is
typically the same across supermarket categories (i.e., in-
store prices, feature advertising, and in-store displays).
Therefore, similarities in a consumer’s choice behavior
across seemingly different categories arise in part because
of common marketing-mix variables. It is not surprising
that the majority of prior research on cross-category com-
parisons has focused on investigating commonalities in
marketing-mix sensitivities (Ainslie and Rossi 1998; Bell,
Chiang, and Padmanabhan 1999; Deepak, Ansari, and
Gupta 2002; Iyengar, Ansari, and Gupta 2003; Kim Srini-
vasan, and Wilcox 1999).1

We conceptualize product alternatives in individual prod-
uct categories as bundles of attributes, some of which are
common across categories. (In the context of modeling
brand choice in individual categories, Fader and Hardie
[1996] propose the idea of viewing stockkeeping unit
[SKU] alternatives as attribute bundles.) For example,
within any typical packaged goods category, brand name
and pack size are common attributes to all product alterna-
tives, with each alternative characterized by its “level” of
each attribute. Specific subgroups of categories may share
many other attributes. For example, an attribute shared by
products in packaged foods categories, such as sliced
cheese, mayonnaise, ice cream, and milk, is the fat content.
Another attribute that characterizes products in multiple
food categories is “organic” or “natural.” A consumer’s
preference for a product in a category can then be viewed as
a function of preferences for the attribute levels of the prod-
uct and the consumer’s sensitivity to the values of the
marketing-mix variables. An advantage of using the attrib-
ute structure in our multicategory setting is that similarities
in a consumer’s choice behavior across seemingly different
categories could arise not only as a result of marketing-mix
variables but also as a result of a consumer’s preferences for
attributes that are common across categories. For example,
a consumer who prefers to eat healthy food is likely to
exhibit a preference for “better-for-you” products, which
include fat-free, low-fat, or light products in multiple food
categories. Similarly, “low-carb” consumers or “green”
consumers may exhibit similarities in their brand choices
across categories, driven by their desire for low-
carbohydrate or environmentally friendly products.

We propose a multicategory brand choice model that cap-
tures this conceptualization of attribute-based preferences.

A consumer’s intrinsic utility for a product is a function of
the utilities of the underlying attributes of the product and
the consumer’s sensitivity to marketing-mix variables. Het-
erogeneity across households is captured by allowing the
full vector of parameters to be a function of observed
household characteristics and unobserved components. Our
main focus is on the estimation of the joint distribution of
preferences for attributes and the estimation of the degree of
correlation in preferences for these attributes across product
categories. The major problem in the estimation of multicat-
egory brand choice models is how to model the joint distri-
bution of preferences in a way that is parsimonious yet not
too restrictive. Our approach is to impose a factor structure
on the covariance matrix of the parameters, which enables
household-level preferences to be modeled as a function of
observable household characteristics and a small number of
unobservable household-specific “factors.” Together, these
observed and unobserved household-specific components
capture the dependence both within and across product
categories.

The proposed approach has several advantages over
existing models that try to understand cross-category pur-
chase behavior. For example, a common approach used in
the literature involves estimating separate brand choice
models for each category and computing correlations in
parameter estimates across categories ex post (e.g., Kim,
Srinivasan, and Wilcox 1999). However, as AR (1998) point
out, this approach is not efficient, and it underestimates the
true cross-category correlations. Instead, AR propose a vari-
ance component approach to model multicategory brand
choices. Our model is a generalization of AR’s model in
several ways:

•AR restrict cross-category correlations in the preference vector
to the marketing-mix variables, whereas we allow for correla-
tions in the full vector of product preferences. This relaxation
yields greater insights into the drivers of cross-category simi-
larities in choice behavior and, as we show in the section
“Cross-Category Targeting Applications,” is also useful for
many marketing applications.

•We allow the covariance matrix between attribute preferences
to vary across different pairs of categories. That is, if there are,
for example, three categories, we allow the covariance matrix
between preferences for attributes in Categories 1 and 2 to be
different from the covariance matrix between preferences in
Categories 1 and 3. For example, although a household may
prefer fat-free products in several food categories, in certain
food categories, it may prefer “regular” products because chil-
dren are the primary consumers of these products in the house-
hold. Similarly, Dhar and Simonson (1999) note that consump-
tion of an attribute in one category may be “balanced” by the
consumption of that attribute in other categories within con-
sumption episodes, and to the extent consumers can anticipate
this, it may affect their brand choices when shopping. We
accomplish this by giving the unobservable part of preferences
a factor structure with loading matrices that vary across
categories.

•By relying on a variance component approach, AR are
restricted to modeling cross-category correlations for attribute
vectors with the same dimensionality in each category.
Because they are interested only in cross-category correlations
in marketing-mix variables (which are usually the same across
categories), this does not create a problem. However, we wish
to model cross-category correlations between attribute vectors
whose dimensionality potentially varies across categories. Our
approach, which is based on factors and loading matrices, eas-
ily allows for this.
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•AR’s variance component approach constrains the correlations
in preferences to be positive, whereas our approach does not
impose such restrictions.

•AR model the vector of marketing-mix responsiveness param-
eters as a function of observable demographic characteristics
whose effects are assumed (for parsimony) to be category
invariant, whereas we allow the demographic effects to vary
across categories.

Our proposed model allows household-level preferences
to be a function of observable household characteristics and
a small number of unobservable household-specific factors.
Although our approach does not require the factors to be
interpreted—they can be considered simply a tool to model
dependence—it is potentially relevant from a marketing
perspective to label the factors. The factors can be inter-
preted as category-stable preferences, which we term “con-
sumer traits.” Similar to classical factor analysis, a small set
of labeled factors facilitates communication and discussion
of model results among users.

The factors play another important role. It is well known
that demographic variables are poor predictors of prefer-
ences that are estimated on scanner panel data (see, e.g.,
Gupta and Chintagunta 1994; Rossi, McCulloch, and
Allenby 1996). Consistent with this literature, we find that
demographic variables explain relatively little of the overall
variation in preferences in our data. In contrast, we find that
the factors explain most of the variation in preferences for
many of the included attributes. The problem is that the fac-
tors are not directly observable. However, if purchase his-
tory data are available for a substantial fraction of con-
sumers in the target segment, such as through
frequent-shopper cards, it would be possible to use our fac-
tor model to infer household-specific factor estimates. Fur-
thermore, if these factors are important in the description of
covariation in preferences for attributes across product cate-
gories (our results show that this is indeed the case), it
would be possible to use these estimates to predict house-
hold demand in new product categories. Thus, from a man-
agerial perspective, our model is well suited for firms that
want to gain greater advantage from the information con-
tained in frequent-shopper databases that track purchase
histories for all their customers.

We present two applications of our model: The first is to
household purchase data for a set of three closely related
snack food categories (potato chips, tortilla chips, and pret-
zels) that are purchased for similar consumption needs.
Moreover, there are many common attributes across the
three categories. In these categories, we find significant cor-
relations in preferences for product attributes such as brand
names, pack sizes, and no salt, as well as price sensitivities.
Second, to explore the robustness of the multicategory
model, we apply it to two food categories (sliced cheese and
mayonnaise) that are purchased for unrelated consumption
needs and have fewer common attributes. In this applica-
tion, we also find significant correlations in preferences for
attributes such as fat free and private label, as well as
marketing-mix sensitivities. These high correlations in
product attribute preferences across categories create the
opportunity for important cross-category targeting applica-
tions. For example, consider a retailer that introduces a new
private label brand in a category. Although the retailer may
not have any information on potential targets in this cate-
gory, it can use information on households in other cate-

gories in which the retailer already sells the private label to
infer potential targets for its brand in the new category. Sim-
ilarly, households that prefer the diet or low-fat attribute in,
for example, cheese and mayonnaise categories could be
potential targets for entirely new product categories, such as
Lean Cuisine–type frozen dinners or low-fat frozen pizzas.
We illustrate these potential benefits in the section “Cross-
Category Targeting Applications.”

We organize the rest of the article as follows: We begin
by describing our modeling approach, and we outline the
main aspects of the estimation procedure. Then, we
describe the application to three closely related snack food
categories and two less-related categories—mayonnaise and
sliced cheese. Next, we demonstrate the usefulness of the
model by two cross-category targeting exercises. Finally,
we conclude the article and offer suggestions for further
research.

A MULTICATEGORY BRAND CHOICE MODEL

Consider a model with C product categories and Jc
brands in product category c. Let the utility for household h
of purchasing brand j in product category c at purchase
occasion t be

(1) Uh,j,c,t = β′h,cXh,j,c,t + εh,j,c,t, t = 1, ..., Th; 

j = 1, ..., Jc; c = 1, ..., C; h = 1, ..., H.

Here, Xh,j,c,t is a (Kc × 1) vector of marketing-mix variables
and other product attributes, and βh,c is household h’s pref-
erence and responsiveness to these variables in product cat-
egory c. The dimension of βh,c may vary across product cat-
egories (this is indeed the case in our applications).

Our main focus is on the estimation of the joint distribu-
tion of preferences for attributes for all product categories
p(βh,1, ..., βh,C). In particular, we are interested in estimat-
ing the degree of correlation in preferences for attributes
across categories and in decomposing these correlations
into observable and unobservable components. The major
problem in estimating multicategory brand choice models is
how to model the joint distribution of preferences across
categories in a way that is parsimonious yet not too restric-
tive. Estimating separate models for each category and
computing correlations across categories ex post is not effi-
cient, because it underestimates the true cross-category cor-
relation. In contrast, estimating a completely unrestricted
covariance matrix cannot be recommended in general,
because the number of parameters quickly explodes.

Ainslie and Rossi (1998; see also Seetharaman, Ainslie,
and Chintagunta 1999) impose a variance component struc-
ture on preferences to capture cross-category correlations.
However, we are interested in estimating correlations across
categories for all attributes, not only marketing-mix vari-
ables. This means that we cannot use a simple variance
component approach, because the dimension of the attribute
vector may vary across product categories. Our approach is
to impose a factor structure on the covariance matrix of the
parameters, which enables household-level preferences to
be modeled as a function of observable household charac-
teristics and a small number of unobservable household-
specific factors. In particular, we model the preferences for
household h as follows:

(2) βh,c = Πczh + Γcψh + Λcuh,c, c = 1, ..., C,
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2In our empirical applications, we find that a four-factor model is neces-
sary to fit the data adequately.

where ψh ∼ N(0, IF), uh,c ∼ N(0, IKc), and Λc is a Kc × Kc
diagonal matrix. The vector zh contains observed household
characteristics (such as demographics). The vector ψh is a
household-specific vector of F factors that generates
dependence across preferences both within and between
product categories, and Γc is a (Kc × F) “loadings” matrix.
Finally, uh,c is composed of i.i.d. elements specific to
category c.

The specification in Equation 2 captures the basic notion
that unobservable variation in a household’s preferences for
different attributes across product categories is driven by a
small number of components (the factors ψh). Note that this
is similar to market structure models that use revealed pref-
erence data (Chintagunta 1994; Elrod 1988; Elrod and
Keane 1995; Erdem and Winer 1999). However, because
the primary focus in this literature is to understand inter-
brand competition by pictorially depicting locations of
brands in a perceptual map, the dimension of ψh is gener-
ally restricted to two. In contrast, our main motivation for
using this specification is to allow correlations in prefer-
ences across multiple categories in a parsimonious, yet flex-
ible way. If the dimension of preference parameters is large,
restricting the number of factors a priori to two may not be
appropriate.2 Note also that completely unrestricted loading
matrices cannot be estimated; factor analytic models are
identified only up to an orthogonal rotation of the factors
(e.g., Anderson and Rubin 1956). Restrictions must be
imposed to pin down a unique rotation. In our empirical
application, we impose the minimum number of restrictions
to achieve identification and then determine ex post whether
the specific estimated structure can be interpreted. If spe-
cific factors drive correlations in similar attributes across
product categories, the estimated factors can be interpreted.

To make the discussion more concrete, consider a simple
example with two product categories. Suppose there are
four attributes per brand in the first category and three in the
second. In this example, K1 = 4 and K2 = 3. Furthermore,
suppose the attributes in the first category are two
marketing-mix variables—price and a dummy if the brand
is featured—and two additional attributes A1 and A2, and
the three attributes of the brands in the second category are
the same marketing mix-variables and A1. In this example,
a possible structure with two factors (F = 2) is

Here, Factor 1 affects price and feature sensitivities and
preference for A2 in the first product category. If this factor
explains a substantial amount of the overall variation in
price and feature sensitivities (i.e., γ1

11, γ1
21, γ 2
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large), we can interpret the first factor as a component that
indicates how “marketing-mix sensitive” a household is. In
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3Ainslie and Rossi (1998) report a similar finding.

with large values of the factor have both a high price sensi-
tivity and a high sensitivity to the feature attribute (given
demographics). In addition, if γ1

41 > 0, then marketing-mix-
sensitive households also have high sensitivity to A2. Factor
2 affects A1 and is also correlated with A2. If this factor
explains most of the overall variation in the sensitivity to
A1, this may be interpreted as an A1 factor. If both γ1

32 > 0
and γ1

42 > 0, then preferences for A1 and A2 are positively
correlated.

As we discussed previously, both observable variables
(the zh) and the factors induce covariation across prefer-
ences. To determine exactly what this covariation is, we can
derive the implied structure of the conditional covariance
matrix:

This matrix measures the covariation induced by the fac-
tors. To determine how much of the correlation is driven by
demographic information versus the factors, we can also
compute the unconditional covariance matrix:

where Ωz is the covariance matrix of the demographic data:
Cov(zh) = Ωz. In our subsequent empirical applications, we
find that the covariances in Equation 5 change only margin-
ally from the covariances in Equation 4, so we focus on
Equation 4 and the household-level estimates.3

We assume that the error term in Equation 1, εh,j,c,t, fol-
lows an extreme value distribution, leading to the well-
known logit model (McFadden 1981). For inference, we use
a hierarchical Bayesian approach. In particular, we use a
Markov chain Monte Carlo procedure to simulate the poste-
rior distribution of the model parameters and to compute
household level estimates of preferences. As Allenby and
Rossi (1999) discuss, Bayesian procedures are well suited
for these models, especially when making inferences at the
individual level. The Gibbs sampler for this model is rela-
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4In particular, the draws of the household-level parameters and the
parameters in the factor loading matrices exhibited extremely large
autocorrelations.

tively straightforward. Gelfand and Smith (1990) provide a
general overview of these methods; McCulloch and Rossi
(1994) and Rossi, McCulloch, and Allenby (1996) discuss
multinomial probit models; and Allenby and Lenk (1994)
discuss models in which the error term follows an extreme
value distribution. The estimation of multicategory models,
such as the one we described previously, is an extension of
the basic sampler that is laid out in these articles. A compu-
tationally intensive step involves drawing from the posterior
of each person’s parameter space, which requires the use of
the Metropolis–Hastings (M–H) algorithm. In our initial
estimation trials, a standard M–H algorithm resulted in an
inefficient sampler.4 Thus, we use the Hybrid Monte Carlo
algorithm that Duane and colleagues (1987) originally
developed. Duane and colleagues’ key insight is to use
information about the gradient of the target distribution in
guiding the choice of proposed draws in an M–H-like algo-
rithm. The algorithm gives an automated method for gener-
ating efficient proposals, thus alleviating the difficulties of
finding a good proposal distribution directly. (A full
description of the estimation algorithm is available on
request.)

APPLICATIONS

Snack Food Categories

Data. We analyze household purchasing in three snack
food categories: potato chips, tortilla chips, and pretzels.
These are the three largest salty snack categories in terms of
per capita consumption in the United States, with market
shares of 26.5%, 19.9%, and 5.7%, respectively, of a $22.5
billion market in 2002 (Snack Food and Wholesale Bakery
Magazine 2003). We obtained the data from a market basket
database available through Information Resources Inc. For
our analysis, we included the top-selling 18 SKUs of pret-
zels, 29 SKUs of potato chips, and 20 SKUs of tortilla
chips. The selected products capture more than 75% sales in
each category. The large number of SKUs included in our
analysis reflects an advantage of the attribute-based choice
modeling approach (Fader and Hardie 1996). We chose a
random sample of 250 households from among all house-
holds that purchased at least once in each of the three cate-
gories over a two-year period. Selected households made
1772 purchases of pretzels, 5725 purchases of potato chips,
and 2430 purchases of tortilla chips. In addition to the pur-
chase histories and the marketing environment, we also

5We use “effects coding” for the brand dummies to avoid having differ-
ent baseline brands in the three categories. In other words, the brand inter-
cepts are constrained to sum to zero within each category. We thank Seenu
Srinivasan for this suggestion.

6We combined the no-salt and light attributes because they are highly
correlated. Products with no salt are recommended for low-sodium diets.
They have relatively small shares in the potato chips and tortilla chips cat-
egories (approximately 7% and 3%, respectively), but they have an approx-
imately 14% share in the pretzels category.

7We explicitly do not include interactions between the marketing vari-
ables in our model to limit the number of parameters. Recent models (e.g.,
Van Heerde, Leeflang, and Wittink 2004) find significant interaction
effects in single-category models. We recognize that our ability to find
commonalities across categories may be affected by the incompleteness of
the model in this regard.

8The main reason for the difference between hit rates and the log mar-
ginal density is that hit rates do not reveal anything about how the model is
fitting the second (and higher) moments of the data.

observed several demographic characteristics for these
households: the size of the family, household income, an
indicator for race (coded as 1 for white), age of the head of
the household, and an indicator for whether the household
has children. We describe each SKU with respect to the fol-
lowing attributes and levels (see Table 1): brand name (sev-
eral levels),5 flavor (e.g., barbeque, spicy; characterized as
yes or no), no salt/light (yes or no),6 and pack size (small,
large, and extra large). In addition, marketing variables,
such as price, display, and feature, are common across the
categories.7

Results. Using the methodology and the data we
described previously, we estimated several models using
different normalizations and a different number of factors.
Determining the number of factors to use is a nontrivial
problem in a nonlinear factor model such as ours. We used
three measures to determine the number of factors: (1) in-
sample and out-of-sample hit rates, (2) log marginal density
of the data (we estimated this using Newton and Raftery’s
[1994] method), and (3) observed correlation patterns. We
estimated one-, two-, three-, and four-factor versions of the
model. On the basis of the hit rates, it was difficult for us to
discriminate between the competing models, because we
found roughly the same hit rates as we increased the num-
ber of factors (out-of-sample hit rates were approximately
.51 for pretzels, .39 for potato chips, and .51 for tortilla
chips, which are quite good considering the large number of
alternatives). Parsimony dictates choosing the one-factor
model. However, the marginal likelihood showed large
increases going from one to two and from two to three fac-
tors and a smaller increase going from three to four factors.8
Similarly, the implied correlation matrix changed quite dra-
matically when we increased the number of factors from

Table 1
ATTRIBUTES OF PRODUCTS IN THREE SNACK CATEGORIES

Categories Number of SKUs Brands Other Attributes

Pretzels 18 Eagle, Jays, Rold Gold, Price, display, feature,
Keebler, Nabisco, pack size (small, large, extra large), 

Snyder’s, private label No salt/light, flavor 
Potato chips 29 Eagle Thins, Jays, Katies, 

Lay’s, Pringles, O’Boisies, Same as for pretzels 
Ruffles, Vitners, private label

Tortilla chips 20 Eagle, Azteca, La Famous, 
Doritos, Tostitos, Katies, Same as for pretzels 

Pizzarias, Chi-Chi, private label
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one to two and from two to three but much less when going
from three to a four factors. On the basis of these metrics,
we chose the four-factor model (the model comparison sta-
tistics are available on request).

The model in Equation 2 explains variation in attribute
preferences of households based on the five demographic
characteristics Z and unobservable traits represented by the
four factors ψ1, ψ2, ψ3, and ψ4. In Table 2, for each of the
categories, we show the proportion of variance that each of
the category-invariant components explains and U, the
residual variation that is category specific and remains
unexplained (denoted as “Error” in the table). The propor-
tions in each row add up to one within each category. In
each of the three categories, the household components
taken together explain a substantial proportion of the varia-
tion in sensitivity to price and, to a lesser extent, display
and feature, as well as a substantial proportion of prefer-
ences for flavor, no salt/light, and pack sizes. Preferences
for brand names (not shown for reasons of space) are cate-
gory specific to a greater degree. We also note that demo-
graphic variables explain more of the variation in the
marketing-mix sensitivities than they do for other attribute
preferences, particularly in the pretzels and tortilla chips
categories. However, consistent with prior studies, we find
that, on average, the variation that demographic variables
explain is not large. The proportion of variance that each of
the factors explain (the numbers are not shown separately
for each factor) helps interpret the factors, a point we return
to subsequently.

In Table 3, we show the estimated hierarchical regression
coefficients Πc, factor loadings Γc, and diagonal elements
of Λc for the three categories. For reasons of space, we
show only the estimates for attributes that are common in at
least two categories. Furthermore, we do not report the esti-
mates for the demographic variables, because only a small
number of demographic effects on attribute preferences—
fewer than 15% across the three categories—are found to be
statistically significant. This is consistent with the variance
decomposition results we discussed previously. In terms of
the mean effects for the marketing-mix variables (shown in
the column labeled “Constant”), we find that with one
exception, the estimates have the expected signs and are sta-
tistically significant.

Next, we turn to the interpretation of the factor loadings
for the four factors, which we label ψ1–ψ4 in Table 3 for the
three categories. The factor loadings represent covariances
between attribute preferences and the unobserved factors.
For each of the four columns, we focus on attributes with

large covariances. We also take into account the variance
that each of the factors explains in each attribute preference.
Factor 1 captures a preference for smaller pack sizes in
potato chips and tortilla chips, a preference for regular (as
opposed to no salt/light) products in all three categories,
and high price sensitivity in potato chips and, to a lesser
degree, tortilla chips. Factor 2 captures a preference for
small pack sizes in pretzels and tortilla chips and a prefer-
ence for no salt/light in potato chips. Factor 3 captures a
preference for a small pack size in pretzels; a preference for
the Eagle brand name, which is the only brand name avail-
able in all three categories; and higher price sensitivity in
pretzels. Factor 4 is correlated with a preference for fla-
vored products in potato chips and tortilla chips and a pref-
erence for small pack size in pretzels. As we demonstrate
subsequently, such an interpretation of factors could be
quite useful for targeting purposes.

Correlations across categories. In Table 4, we present
pairwise correlations for the three pairs of categories in
marketing-variable sensitivities and selected attributes. We
find that price sensitivities are positively correlated and sig-
nificant in two of the three pairs of categories. The magni-
tudes of these correlations are similar to the average corre-
lation of .28 that AR (1998, Table 6, p. 101) report.
However, unlike AR, we do not find significant correlations
in display and feature sensitivities. The significant correla-
tions in preferences for no salt/light and flavor are positive.
Preferences for the Eagle brand name of Anheuser-Busch
have strong, positive correlations and, as we noted previ-
ously, load on a common factor.

In Table 5, we show correlations in pack-size prefer-
ences. With one exception, all the significant correlations
are positive. Because the attributes represent large and
extra-large pack sizes in each category, this result suggests
that households are consistent in their preference for a par-
ticular pack size. Although the preference for pack size
could be driven by characteristics such as household size,
results on variation decomposition (Table 2) suggest that it
is primarily driven by unobserved household factors (note
that demographics explain only 15% of the variation,
whereas the factors explain more than 75% of the varia-
tion). The unobserved factors could be, for example, how
the household trades off between the benefits of quantity
discounts on large pack sizes versus the product freshness
of small pack sizes.

Finally, in Table 6, we show the correlations in prefer-
ences for the five brand names of Frito-Lay, the largest
manufacturer of salty snacks. The Lay’s brand is not signif-

Table 2
VARIANCE DECOMPOSITION FOR SNACK FOOD CATEGORIES

Pretzels Potato Chips Tortilla Chips

Attribute Demographics Factors Error Demographics Factors Error Demographics Factors Error

Price .21 .68 .12 .13 .62 .24 .21 .65 .15
Feature .28 .29 .43 .14 .21 .66 .19 .39 .42
Display .42 .33 .25 .17 .45 .37 .28 .20 .52
Flavor .05 .18 .77 .14 .39 .48 .08 .70 .22
No salt/light .07 .56 .36 .10 .70 .20 .15 .50 .36
Extra large .16 .78 .06 .14 .76 .10 .14 .80 .06
Large .15 .65 .20 .13 .72 .15 .14 .84 .03
Private label .10 .39 .51 .06 .42 .52 .08 .29 .63
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Attribute

Price

Feature

Display

Eagles

Jays

Katies

Private label

Flavor

No salt/light

Extra large

Large

Table 3
HIERARCHICAL COEFFICIENTS FOR COMMON ATTRIBUTES: SNACK CATEGORIES

Pretzel Potato Chip Tortilla Chip

Constant

–2.13
(.20)
–.32
(.22)
1.13
(.21)
1.34
(.35)
.89

(.42)
N.A.

–1.36
(.36)
–.84
(.20)

–1.13
(.29)

–4.57
(.39)

–3.70
(.34)

ψ1

–.23
(.28)
–.26
(.31)
–.11
(.28)
.06

(.37)
.19

(.37)

.17
(.48)
–.38
(.30)

–1.52
(.35)
–.60
(.55)
–.70
(.47)

ψ2

–.69
(.30)
.05

(.32)
–.13
(.28)
.41

(.37)
–.25
(.39)

–.64
(.52)
–.33
(.32)
.86

(.35)
–1.72

(.57)
–1.35

(.51)

ψ3

–.93
(.25)
–.11
(.31)
.03

(.26)
.76

(.36)
.67

(.35)

–1.93
(.45)
–.20
(.31)
.05

(.30)
–1.74

(.50)
–1.49

(.46)

ψ4

.41
(.20)
.37

(.31)
–.24
(.27)
–.54
(.36)
.00

(.40)

–.13
(.43)
.24

(.30)
–.39
(.31)
.99

(.47)
1.01
(.45)

λ

.54
(.15)
.95

(.37)
.50

(.26)
1.46
(.35)
1.68
(.45)

2.51
(.29)
1.76
(.23)
1.46
(.30)
.70

(.32)
1.36
(.23)

Constant

–1.64
(.33)
.67

(.11)
1.43
(.10)
.83

(.24)
2.23
(.14)

–5.40
(.98)
–.05
(.21)
–.74
(.11)

–1.78
(.18)
1.77
(.26)
2.56
(.22)

ψ1

–2.63
(.40)
–.29
(.16)
–.28
(.15)
–.34
(.32)
–.01
(.14)
–.24
(.74)
–.18
(.25)
.19

(.18)
–.82
(.28)

–2.17
(.27)

–1.45
(.24)

ψ2

–.12
(.43)
–.02
(.16)
.35

(.15)
.04

(.35)
–.20
(.14)

–2.36
(.91)
.59

(.29)
.53

(.16)
1.46
(.23)
.00

–.25
(.14)

ψ3

–.58
(.41)
.02

(.14)
–.12
(.13)
1.67
(.29)
.28

(.14)
–4.10

(.78)
–.99
(.28)
.27

(.20)
.00

.00

–.25
(.12)

ψ4

.82
(.43)
–.16
(.15)
.04

(.14)
–1.14

(.33)
–.07
(.14)
–.99
(.97)
.00

.63
(.18)
.00

.00

.09
(.15)

λ

1.78
(.27)
.78

(.11)
.47

(.14)
.38

(.20)
.87

(.08)
.47

(.27)
1.34
(.18)
1.05
(.10)
.88

(.24)
.75

(.17)
.68

(.15)

Constant

–.65
(.15)
.45

(.21)
1.12
(.16)
–.53
(.36)

N.A.

–5.76
(1.23)

.66
(.27)
.19

(.17)
–2.42

(.53)
3.22
(.65)
2.40
(.65)

ψ1

–.49
(.23)
–.01
(.30)
–.10
(.22)
–.34
(.36)

–.65
(.75)
.20

(.29)
–.31
(.27)

–1.58
(.49)

–2.36
(.56)

–2.77
(.56)

ψ2

–.29
(.23)
.36

(.30)
.08

(.22)
1.05
(.37)

–2.93
(.93)
.64

(.30)
–.66
(.27)
–.17
(.50)

–2.43
(.54)

–2.66
(.55)

ψ3

.35
(.24)
.73

(.29)
.20

(.22)
.82

(.39)

–2.87
(.93)
.13

(.31)
.62

(.30)
–.21
(.51)
–.82
(.78)
–.54
(.81)

ψ4

.50
(.23)
.10

(.32)
–.05
(.22)
–.91
(.37)

.67
(.91)
–.49
(.30)
1.24
(.27)
–.18
(.54)
–.64
(.70)
–.18
(.74)

λ

.41
(.17)
1.04
(.30)

.79
(.23)
1.17
(.29)

.80
(.51)
1.47
(.18)
.90

(.18)
1.56
(.46)
.97

(.25)
.67

(.30)

Notes: The table shows posterior means along with posterior standard deviations in parentheses. N.A. = not available.
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Table 4
CROSS-CATEGORY CONDITIONAL CORRELATIONS IN

MARKETING VARIABLE SENSITIVITIES AND SELECTED

ATTRIBUTES IN THREE SNACK CATEGORIES

Attribute P–PC P–TORT PC–TORT

Price .36 .21 .45
Display –.11 .11 –.04
Feature –.04 –.08 .04
Flavor –.07 .14 .19
No salt/light .53 .40 .24
Eagles (brand) .47 .39 .56
Private label .22 –.12 .08

Notes: P = pretzels, PC = potato chips, TORT = tortilla chips; significant
correlations are in bold.

icantly correlated with the other four. However, all other
pairwise correlations are positive and significant. Because it
is unlikely that consumers know that these brands have a
common manufacturer, such correlations may reflect com-
mon, unobserved, manufacturer-specific attributes, such as
the premium shelf space that is enjoyed by all Frito-Lay
brands. The large number of significant correlations across
categories in attribute preferences, beyond the marketing-
mix variables, attests to the greater flexibility of our model
than AR’s (1998) model.

Cheese and Mayonnaise Categories

Data. The second application of our model is to house-
hold panel data provided by ACNielsen for two less closely
related product categories: individually wrapped, sliced
cheese and mayonnaise. The data consist of a sample of
1017 households from a large Midwestern city and span
two years. Selected households make at least one purchase
in each category. The sample households made a total of
8241 purchases in the cheese category and 7567 purchases
in the mayonnaise category. Four demographic variables are
included in the model: income, age of the household head, a
dummy representing the presence of a child, and the num-
ber of members in the household. We randomly split the
data into an estimation sample (917 households) and a vali-
dation sample (100 households) that we used for model
comparisons.

In Table 7, we show the product attributes in the two cat-
egories. In the mayonnaise category, we use data for 12
SKUs that account for more than 88% of category sales.
These products represent two national brands—Kraft and
Hellmann’s—and private label brands. In addition to brand
name, the products differ along three other attributes: size
(16 oz. or 32 oz.), fat content (fat free, light, or regular), and
type (mayonnaise or Miracle Whip). Thus, each product can
be described by the value of the attribute vector (i.e., brand,
size, fat content, and type). In the cheese category, we use

Table 5
CROSS-CATEGORY CONDITIONAL CORRELATIONS IN PACK SIZE PREFERENCE

Attribute Pretzels (XL) Potato Chips (XL) Pretzels (XL) Pretzels (L) Potato Chips (L) Tortilla Chips (L)

Pretzels (XL)
Potato chips (XL) _.29
Tortilla chips (XL) .58 –.16
Pretzels (L) .82 –.18 .54
Potato chips (L) .19 .41 .58 .25
Tortilla chips (L) .60 –.15 .94 .57 .63

Notes: XL = extra large, L = large; significant correlations are in bold.

Table 6
CROSS-CATEGORY CONDITIONAL CORRELATIONS IN PREFERENCES FOR FRITO-LAY BRANDS

Attribute Lay’s Ruffles Rold Gold Doritos Tostitos 

Lay’s
Ruffles .09
Rold Gold .07 .34
Doritos .21 .39 .49
Tostitos –.01 .20 .31 .29

Notes: Significant correlations are in bold.

Table 7
ATTRIBUTES OF PRODUCTS IN MAYONNAISE AND SLICED CHEESE DATA

Categories Number of SKUs Brands Other Attributes

Mayonnaise 12 Kraft, Hellmann’s, Private label Pack size (small, large),
Fat (regular, light, free)

Sliced cheese 8 Kraft, Borden, Same as for mayonnaise
Velveeta, Private label
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purchases of 8 SKUs that account for 74% of total category
sales. These products can be described in terms of four lev-
els of the attribute brand (Kraft, Borden, Velveeta, and pri-
vate label), two levels of size (12 oz. and 16 oz.), and two
levels of fat content (regular or fat free). Note that some of
these attribute levels—brand names (Kraft and private
label), size (large and small), and fat content (regular and
fat free)—are common across the two categories. Although
we do not show the summary statistics because of space
constraints, we should point out that the private label does
not offer a better-for-you (light or fat free) product in either
category; this becomes relevant in our subsequent
application

Results. Using criteria we discussed previously in the
snack foods application, we determined the appropriate
number of factors to be four in these data. In Table 8, for the
four-factor model, we show the proportion of variance that
each of the category-invariant components explains and U,
the residual variation that is category-specific and remains
unexplained. We do not show the brand name attribute for
reasons of space. In mayonnaise, household components
taken together explain a substantial proportion of variation
in the sensitivities to the three marketing-mix variables—
price, display, and feature—and in preferences for private

label, fat-free, and light attributes. Preference for size is cat-
egory specific to a greater degree. In the cheese category,
household demographics and the factors explain a substan-
tial proportion of the variation in the following attributes:
price, display, fat free, and private label. However, the vari-
ation in feature responsiveness and size preference appears
to be largely category specific. As in the snack foods appli-
cation, demographic variables seem to explain more of the
variation in the marketing-mix sensitivities than they do for
other attribute preferences. However, on average, the varia-
tion that demographic variables explain is not large.

In Table 9, we show the estimated hierarchical regression
coefficients Πc, factor loadings Γc, and diagonal elements
of Λc for the mayonnaise and cheese categories. Although
we do not report the demographic estimates because of
space constraints, we found some notable similarities in the
demographic patterns across the two categories. For exam-
ple, in both categories, preferences for low-fat attributes are
positively related to income and negatively related to house-
hold size. Similarly, in the mayonnaise category, the private
label is preferred by lower-income consumers, older con-
sumers, and larger households. In the cheese category, the
private label is preferred by older consumers, larger house-
holds, and households without young children, though the

Table 8
VARIANCE DECOMPOSITION FOR MAYONNAISE AND CHEESE CATEGORIES

Mayonnaise Cheese

Attribute Demographics Factors Error Demographics Factors Error

Price .19 .47 .34 .06 .49 .45
Feature .16 .71 .12 .05 .14 .81
Display .28 .53 .20 .28 .58 .13
Fat free .07 .89 .04 .10 .44 .46
Light .05 .61 .33
Small .15 .09 .75 .03 .13 .85
Private label .11 .62 .27 .04 .89 .06

Constant

–3.82
(.38)
.54

(.17)
1.18
(.29)
1.27
(.14)

–3.43
(.25)

–3.47
(.39)

–1.98
(.26)
–.55
(.24)

–2.99
(.31)

ψ1

.54
(.40)
–.07
(.17)
–.23
(.28)
–.45
(.14)
1.12
(.26)
4.09
(.34)
3.19
(.26)
.77

(.22)
–.21
(.24)

ψ2

.28
(.53)
–.38
(.18)
.29

(.31)
.71

(.14)
–1.78

(.26)
.00

N.A.
–.08
(.26)

–1.55
(.30)
.16

(.32)
N.A.

ψ3

1.17
(.49)
.09

(.19)
–.29
(.29)
–.07
(.11)
.00

N.A.
.00

N.A.
.23

(.24)
.28

(.31)
–.08
(.29)

ψ4

.00
N.A.
–.62
(.16)
–.42
(.28)
–.18
(.10)
.00

N.A.
.00

N.A.
.01

(.22)
–.38
(.33)
.72

(.24)

λ

1.24
(.56)
.31

(.15)
.46

(.25)
1.14
(.09)
1.37
(.23)
.74

(.40)
2.37
(.21)
3.30
(.34)
2.64
(.21)

Constant

–5.37
(.31)
.96

(.14)
–.06
(.44)
1.77
(.12)
.25

(.16)
–3.16

(.42)

1.23
(.10)

–1.91
(.28)

ψ1

.15
(.29)
.05

(.12)
.47

(.35)
.02

(.10)
.40

(.14)
2.88
(.31)

.00
(.10)
–.30
(.22)

ψ2

1.22
(.43)
.03

(.14)
.39

(.42)
.43

(.13)
–.31
(.25)
.74

(.40)

–.19
(.11)
–.33
(.32)

ψ3

.60
(.30)
–.13
(.15)
–.14
(.45)
–.32
(.20)

–1.32
(.20)
.35

(.44)
N.A.

N.A.

.18
(.13)
2.15
(.32)

ψ4

1.84
(.34)
–.31
(.14)
.53

(.39)
–.75
(.12)
.98

(.27)
.70

(.41)

–.20
(.12)
.86

(.41)

λ

2.25
(.40)
1.05
(.14)
.47

(.28)
.78

(.07)
.41

(.18)
3.24
(.34)

1.04
(.08)
.39

(.20)

Table 9
HIERARCHICAL COEFFICIENTS: MAYONNAISE AND CHEESE CATEGORIES

Mayonnaise Cheese

Attribute

Price

Feature

Display

Kraft

Private

Fat free

Light

Mayonnaise

Small

Velveeta

Notes: The table shows posterior means along with posterior standard deviations in parentheses. N.A. = not available.
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effect of income is not statistically significant. The signs of
such demographic effects are consistent with conventional
wisdom about consumers of private labels. There are also
differences in the effects of demographics on attribute pref-
erences across categories. For example, we find that older
consumers strongly preferred the Kraft brand in the mayon-
naise category, but age does not explain Kraft preferences in
the cheese category.

Next, we turn to the interpretation of the factor loadings
for the four factors ψ1–ψ4 in Table 9 for the two categories.
The factor loadings represent covariances between attribute
preferences and the unobserved factors, and patterns of
large covariances help interpret the factors. Although we do
not show the variance that each factor in each attribute
explains, we can provide this information on request. Factor
1 loads strongly on the fat-free and light attributes in the
mayonnaise category and on the light attribute in the cheese
category. Furthermore, this factor explains a high fraction
of the variance in the fat-free and light attributes in the two
categories. Thus, we label this factor “diet preference.” Fac-
tors 2, 3, and 4 are not as interpretable. Factor 2 is restricted
largely to the mayonnaise category and seems to reflect a
preference for Kraft, which is the large national brand; a
negative preference for the private label; and a preference
for Miracle Whip (see the negative loading on mayonnaise).
Notably, Factor 2 in the cheese category reflects a low-price
sensitivity (positive loading on price), which is consistent
with national brand preference. Factor 3 reflects a positive
preference for Velveeta cheese, which is Kraft Foods’ pre-
mium priced cheese; a negative preference for the private
label cheeses; and a low-price sensitivity in the mayonnaise
category. Factor 4 is limited largely to the cheese category,
and it loads negatively on Kraft and positively on private
label and reflects low-price sensitivity.

We chose to impose specific zero restrictions in the
model to facilitate the emergence of a “diet preference” fac-
tor. However, we kept in mind the kinds of predictive appli-
cations that we demonstrate subsequently. Other application
settings might require the factors to be interpreted differ-
ently. In that case, we could explore other orthogonal rota-
tions by imposing the requisite zero restrictions.

9When we used the information contained in households’ purchase his-
tories (i.e., when we examined household-level estimates), we obtained
correlation estimates that were much closer to those of AR (1998) for price
and feature sensitivities, which we discuss subsequently.

Correlations across categories. Table 10 contains the
cross-category correlations that common demographic vari-
ables and unobserved factors induced. Overall, there are
many nonzero correlations in the table, so a model that
assumes independence between preferences in the cheese
and mayonnaise categories would be misspecified. Focus-
ing on the correlation between related attributes in the two
categories, we find strongly significant, positive correla-
tions between the fat-free and light attributes in mayonnaise
and the fat-free attribute in cheese. This finding lends sup-
port to the idea of preference for low fat as an intrinsic
household trait, as the high loading of Factor 1 on the two
better-for-you attributes suggests. We also observe that pri-
vate label buyers in each category prefer fat-free and light
attributes in the other category, whereas (as we noted previ-
ously) currently the private label product line does not
include any better-for-you products. This suggests new
product opportunities for private labels (see our subsequent
application). A preference for the Kraft brand name is posi-
tively correlated across categories, indicating the possible
existence of a cross-category segment of Kraft lovers, an
important element of the brand equity of Kraft. There
appears to be a segment of consumers who prefer to buy
private labels in both categories, a finding that is especially
relevant for retailers. Russell and Kamakura (2001) also
report that cross-category preferences for private label
brands in four paper categories are positively correlated.
Furthermore, the size attribute is uncorrelated across cate-
gories. This is in contrast with the high correlation in pref-
erence for pack sizes in the three snack categories. For
marketing-mix sensitivities, we find lower correlations than
those that AR (1998) report, especially for feature and dis-
play sensitivity.9

Household-level estimates of preferences (βmayonnaise,h,
βcheese,h) are readily available from our Markov chain
Monte Carlo algorithm. In Figure 1, we plot the estimates

Table 10
INDUCED CONDITIONAL CORRELATION MATRIX BETWEEN CATEGORY 1 (MAYONNAISE) AND CATEGORY 2 (CHEESE)

Mayonnaise Attributes

Cheese Attributes

Price

Feature

Display

Kraft

Private

Velveeta

Fat free

Small

Price

.19
(.13)
–.05
(.10)
.09

(.28)
–.07
(.13)
–.40
(.16)
.45

(.18)
.24

(.14)
.06

(.10)

Feature

–.56
(.11)
.18

(.12)
–.50
(.26)
.28

(.15)
–.41
(.15)
–.11
(.19)
–.23
(.15)
.23

(.10)

Display

–.20
(.22)
.15

(.13)
–.15
(.34)
.45

(.18)
–.11
(.27)
–.44
(.26)
–.19
(.20)
–.02
(.13)

Kraft

.09
(.08)
.04

(.07)
–.01
(.20)
.26

(.07)
–.18
(.08)
–.12
(.08)
–.14
(.07)
–.07
(.06)

Private

–.24
(.09)
.00

(.10)
–.05
(.27)
–.23
(.08)
.21

(.08)
.04

(.09)
.17

(.08)
.12

(.07)

Fat Free

.04
(.09)
.04

(.10)
.37

(.26)
.02

(.08)
.21

(.08)
–.12
(.09)
.62

(.05)
.00

(.08)

Light

.04
(.07)
.03

(.08)
.29

(.21)
.00

(.06)
.14

(.06)
–.04
(.07)
.51

(.04)
.01

(.07)

Mayonnais

–.18
(.06)
.02

(.06)
–.10
(.16)
–.10
(.06)
.00

(.06)
.06

(.07)
.05

(.05)
.10

(.05)

Small

.16
(.07)
–.07
(.05)
.11

(.12)
–.14
(.07)
.13

(.08)
.08

(.09)
.00

(.06)
–.06
(.04)

Notes: The table shows posterior means along with posterior standard deviations in parentheses.



Modeling Preferences for Common Attributes 205

–8 –6 –4 –2 0

–1
0

–8
–6

–4
–2

0

Price, mayonnaise

P
ri

ce
, c

h
ee

se

A: Price

0

–2
–1

1
2

Feature, mayonnaise

F
ea

tu
re

, c
h

ee
se

B: Feature

–1.0 –.5 .0 .5 1.0 1.5 2.0

–.
5

.0
.5

1.
0

1.
5

2.
0

2.
5

3.
0

Display, mayonnaise

D
is

p
la

y,
 c

h
ee

se

C: Display

–6 –4 –2 0

–1
0

Kraft, mayonnaise

K
ra

ft
, c

h
ee

se

D: Kraft brand name

–15 –10 –5 0

–6
–4

–2
0

Private, mayonnaise

P
ri

va
te

, c
h

ee
se

–10 –5 0

–1
0

–5
0

5

Fat free, mayonnaise

F
at

 f
re

e,
 c

h
ee

se

–5 0

–1
0

–5
0

5

Light, mayonnaise

F
at

 f
re

e,
 c

h
ee

se

–8 –6 –4 –2 0 4

–2
–1

0
1

2
3

Small size, mayonnaise

S
m

al
l s

iz
e,

 c
h

ee
se

H: Small sizeG: Fat free/light

F: Fat free

1 2 3

0

2 4

E: Private label

5 5

5 2

1
2

3
4

5

2
4

6

Figure 1
ACROSS CATEGORY CORRELATIONS OF ESTIMATED HOUSEHOLD LEVEL PREFERENCES FOR COMMON ATTRIBUTES



206 JOURNAL OF MARKETING RESEARCH, MAY 2005

for the attributes that are common to both categories. These
plots mirror the results of the cross-category correlations
that appear in Table 10. There are strong correlations across
categories in preferences for fat-free and light attributes, the
private label attribute, and the Kraft attribute. It is also
worth noting that the correlations for price and feature sen-
sitivity are substantial (at the household level, the correla-
tion between price sensitivities is .31 and is .47 for feature
sensitivities).

Summary of the Main Findings

To summarize, we have presented two applications of our
model. The first compares household purchase data for a set
of three closely related snack food categories (pretzels,
potato chips, and tortilla chips) that are purchased for simi-
lar consumption needs. In these categories, we find signifi-
cant correlations in preferences for product attributes such
as brand names, pack sizes, and no salt/light, as well as
price sensitivities. The second application explores the
robustness of the multicategory model; we apply this model
to two food categories (sliced cheese and mayonnaise) that
are purchased for unrelated consumption needs and have
fewer common attributes. In this application, we find signif-
icant correlations in preferences for attributes such as fat
free and private label, as well as marketing-mix sensitivi-
ties. These findings lend support to the idea that certain
unobservable household characteristics or “traits” are com-
mon across product categories. Such high correlations in
product attribute preferences also create opportunities for
cross-category targeting, which we discuss subsequently.

CROSS-CATEGORY TARGETING APPLICATIONS

Our multicategory model has the potential to elicit infor-
mation about a household’s preferences for “new” product
categories—that is, categories in which no purchase infor-
mation for the household is available. In the context of
packaged goods categories, it is well documented that rela-
tively little can be learned about a household’s preferences
from household demographics, and our previous findings
confirm this. For a single category, Rossi, McCulloch, and
Allenby (1996) show that though observable household
characteristics contain little information about preferences,
prior purchase behavior in the category is informative about
brand preferences and marketing-mix sensitivities. Thus,
for the design of targeting schemes, prior purchases contain
valuable information.

From a manufacturer’s perspective, the problem of elicit-
ing households’ preferences often involves many different
product categories. As we noted previously, many large
packaged goods manufacturers offer products in several cat-
egories (e.g., Kraft Foods, General Mills, Procter & Gam-
ble). If it is the manufacturer’s goal to predict a household’s
preferences in all relevant categories through the use of
prior purchases, a large database of shopping information in
all categories is necessary. This is costly and can be a com-
plicated matter to implement. Such problems raise the pos-
sibility of using purchase information in a few select cate-
gories to infer a household’s preferences for products in
many other categories. The approach is even more appeal-
ing when predicting the likely targets for a new product.
The introduction of a new product represents the single
most expensive investment for consumer product compa-

nies, with an estimated 30,000 new products introduced in
2000 (ACNielsen 2001). It is alarming that 93% of these
new products failed, with total failure costs exceeding $20
billion. Furthermore, most retailers have narrowed the eval-
uation period for a new product to between six and nine
months. Thus, it is imperative for manufacturers to target
their new products to most likely buyers, especially in the
initial phases of the product launch.

The appeal of the proposed model in the targeting of new
products depends on how much can be learned about con-
sumers’ preferences for a new product by using the demo-
graphic and purchase history information from existing cat-
egories. In general, it is expected that both a larger number
of shared attributes across categories and a higher correla-
tion in preferences for these common attributes lead to
higher information transfer across categories. However, a
single, but important, attribute might be quite informative.
For example, if soy is an attribute that appeals to certain
types of households, it may be possible to learn about the
likely targets for a new Kellogg’s soy protein cereal by
using information on other soy-based products. Similarly,
attributes such as private label, diet, or organic might be
quite informative.

We illustrate the potential benefits of our multicategory
brand choice model in two different cross-category target-
ing applications. In both situations, the goal is to score a
group of potential customers, called the “target group,” on
the basis of their buying preferences in a target category
without observing their purchases in this category. In both
situations, we have access to data on the purchases of the
target group in other categories that share common attrib-
utes with the target category. The difference between the
two situations is as follows: In the first situation, we also
have available the complete purchase data of a reference
group of customers—that is, their purchases in both the tar-
get category and other categories. (We borrow the terminol-
ogy of target group and reference group from Iyengar,
Ansari, and Gupta’s [2003] work.) Thus, the prediction
problem is to target customers in existing categories. In the
second situation, no such reference group is available. Thus,
predictions in the target category must be based entirely on
purchase data from other product categories—a case of tar-
geting customers in new categories.

Targeting Customers in Existing Categories

Previously, we presented estimates of the multicategory
model based on purchase data of an estimation sample of
917 households in the mayonnaise and sliced cheese cate-
gories. We now consider the problem of choosing targets
for a new hypothetical cheese product—a low-fat cheese
offered as a private label in the small pack size. Recall that
our empirical results suggest high potential for such a new
product. A list of potential customers (the target group) is
available, but we do not know their purchase history in the
cheese category. Our goal is to rank order these customers
in terms of their predicted choice probability for the new
cheese product.

We take the 100 households in the holdout sample to be
representative of the target group. For computing the pre-
dicted choice probabilities, we use the estimated model and
data that are available for households in the target group
under three alternative information sets:
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Figure 3
PREDICTED RANKINGS USING INFORMATION SETS I3 AND I2

1. I1: the information set that consists of only the demographic
variables,

2. I2: I1 plus each household’s purchase history in the mayon-
naise category, and

3. I3: I2 plus each household’s purchase history in the cheese
category.

Note that I1 ⊂ I2 ⊂ I3. Because I3 is the most information
we might have in real life, we take the estimated rank order-
ing under I3 to be the “true” rank ordering of the target
households.

In Figure 2, we show the scatterplot of predicted ranks
for the 100 households under I1 on the x-axis and under I3
on the y-axis. The 45-degree line represents the “true”
ranks, so the closer the circles are to the 45-degree line, the
smaller is the error in predicted ranks compared with the
truth. We also show the line of best fit to the predicted
ranks. As is evident, the predictions are not very good. In
Figure 3, we show the results for predicted ranks under I2
on the x-axis and under I3 on the y-axis. The line of best fit
now lies much closer to the 45-degree line, indicating that
the information contained in purchase histories of mayon-
naise is valuable for rank ordering target consumers in the
cheese category on the basis of their likelihood to buy a new
product concept.

Targeting Customers in New Categories

For this application, we use the multicategory model esti-
mates from the three snack categories. Our goal is to assess
the extent to which the estimated preferences predict house-
holds’ purchase behavior in an entirely new category that
shares some common attributes with the three snack cate-
gories. Recall that one of the attributes in the snack foods
categories is no salt/light and that Factors 1 and 2 were cor-
related with preference for this attribute. If these factors
capture an underlying household trait of “healthy eating,”

we expect to find households with high factor values to be
more likely to choose healthful products in other categories.

We also observed 244 of the 250 households used for
estimating the model for the snack categories to buy in the
ice-cream category during the two-year period. An impor-
tant attribute in the ice-cream category is diet/light; light ice
creams account for 22% of the market in our data. To assess
the predictive ability of the model estimated on the snack
data, we classify the 244 sample households into the four
quartiles based on their estimated Factor 1 scores and into
the four quartiles based on their estimated Factor 2 scores
(we normalized the factors so that a higher factor score
leads to a higher preference for the diet/light attribute for
the estimation categories). A cross-tabulation of the two
classifications yields a 16-cell matrix. Within each cell, we
compute the average market share of light ice cream. In
Figure 4, we plot these data. The figure shows that house-
holds with high market shares of light ice cream are easily
identified on the basis of their joint Factor 1 and Factor 2
scores. These households have large values of Factors 1 and
2. We believe that this simple tool can be useful for new
product managers.

To further examine the usefulness of the factor estimates
for targeting consumers of light ice cream, for each factor
we compute the cumulative percentage of light-ice-cream
buyers that each quintile captured. In Figure 5, we show the
resulting gains charts. The 45-degree line represents the
performance if the targeting is random. Gains due to infor-
mation from the factor estimates are reflected in the extent
to which the line lies above the 45-degree line. For exam-
ple, the chart shows that 20% of the target group based on
the highest values of Factor 1 includes 41.4% of light-ice-
cream buyers. In contrast, 20% of a randomly picked target
group would include only 20% of light-ice-cream buyers.
Again, Figure 5 shows that the estimated factor values from
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PREDICTED RANKINGS USING INFORMATION SETS I3 AND I1
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GAINS CHART FOR TARGETING LIGHT-ICE-CREAM BUYERS

the snack data provide significant value in targeting light-
ice-cream buyers.

CONCLUSIONS AND FURTHER RESEARCH

Emerging literature in marketing recognizes and models
the dependence among consumers’ brand choices across

multiple categories. This article contributes to the literature
by offering a model of dependence based on correlated
preferences for attributes that are shared by categories. Our
model decomposes the intrinsic preference for each product
in each category into preferences for elemental attributes or
characteristics, some of which are common across cate-
gories. Therefore, we allow correlated preferences for the
elemental attributes to determine similarities in choice
behavior across categories. Furthermore, we project the
unobserved component of preferences for attributes and
sensitivities to marketing-mix variables to a lower dimen-
sional space of unobserved factors. The factors are inter-
pretable as unobservable household traits that drive similar-
ity in choice behaviors across categories. Because the
factors transcend categories, we can use household-specific
factor estimates derived from purchasing in existing cate-
gories to predict preferences for attributes in new cate-
gories. In our empirical application of consumer purchases
in both closely related and less-related food categories, we
find high correlations in preferences for product attributes
across categories. In two applications, we demonstrate that
these high correlations in product attribute preferences
across categories imply that (1) the model estimates can be
used to forecast preferences for an attribute in a new cate-
gory and (2) potential targets for a new product in an exist-
ing category can be rank ordered on the basis of their prob-
ability of choice.

There are several caveats to our study and directions for
further research. We were limited by the available set of
product categories. It would be worthwhile to apply the
model to a large set of diverse categories that include appar-
ently different attributes, such as organic, trans fat, low
carb, environment friendly, recycled, and so forth. We
believe that the factor structure in our model might reveal
that households’ preferences for these attributes are corre-
lated with a small number of underlying factors. For gro-
cery products, frequent-shopper databases that record
household purchase behavior across all categories could be
useful. In industries such as consumer durables or services,
detailed behavioral data may not be available; thus,
approaches based on stated intentions or preferences might
be more suitable. For example, conjoint analysis has typi-
cally been used to measure attribute preferences within cat-
egories, but there may be an opportunity to extend the
approach to measure the correlation of preferences across
categories.

Another issue that we believe is worth exploring is the
selection of an informative set of categories for the predic-
tion of consumer preferences in entirely new categories.
Intuitively, the problem is that of learning about consumer
traits from their purchases in existing categories—learning
that can be transferred to other categories. What characteris-
tics of categories make them informative about consumers’
attribute preferences and to what extent can they be used as
a basis for market segmentation in the existing products and
in forecasting demand for new products?

Our modeling approach could also be extended to incor-
porate purchase incidences in a multicategory setting (e.g.,
Deepak, Ansari, and Gupta 2002; Manchanda, Ansari, and
Gupta 1999). Similarly, in the current applications, we used
the factor structure primarily as a tool to model dependence
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in preferences. As a result, we did not focus heavily on the
interpretation and labeling of factors. In other applications,
it might be advantageous to impose other restrictions on the
loadings matrix so as to facilitate interpretations of the fac-
tors. Finally, it would be fruitful to extend the current static
model to dynamic settings. This would be relevant particu-
larly in the context of the introduction of new attributes or
attribute levels into existing categories and the resultant
change in consumers’ preference structure.
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