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Abstract Categorization has been extensively studied in both the psychology and
marketing literatures. However, very little methodological research has demonstrated
the heterogeneity in consumers’ unobserved category structures and activations. We
propose a new latent structure procedure that simultaneously identifies the unobserved
categories that consumers use and represents consumer heterogeneity via different
groups of consumers who have activated different unobserved latent categories. The
results of an empirical study in Sports Marketing about sports fans’ perceptions of
various sports illustrates how the proposed methodology can capture heterogeneity at
the group level and account for a variety of different category structures.
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1 Introduction

Consumers naturally categorize stimuli (i.e., objects, products, brands, etc.) to simplify
their decision making processes (Rosch and Mervis 1975; Mervis and Rosch 1981).
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Categories in Marketing are sets of products, services, brands, entities, or states that are
perceived by consumers as being related in some way (Loken et al. 2008). How these
sets are perceived to be related to each other varies significantly across individuals.
Consider a consumer who is trying to make a choice among various snack options. How
would this consumer perceive the options, categorize them, and make a choice that
satisfies her/his needs? A craving for salty food, a nut allergy, as well as a newly
activated fitness goal are likely to have an impact. The options can be further grouped
based on package size, color of package, price, how filling the option is, etc. In addition,
would another consumer facing the same options with a different set of needs and
preferences use the same criteria to group them? Clearly, many ways of grouping are
possible, yet it is difficult to know a priori the bases for such categorizations.
Nonetheless, from a product development, positioning, and targeting perspective,
predicting how various options will be perceived and categorized by different consumers
is critical for marketers.

In general, perceptions of similarity (Rosch and Mervis 1975; Tversky 1977) on
the basis of feature identification (Bettman and Sujan 1987; Felcher et al. 2000) are
instrumental in the consumer categorization process. The categorization process
involves the identification and comparison of products and allows consumers to
maximize the information that they gather while minimizing the cognitive effort they
spend in the information acquisition process (Cohen and Basu 1987). In this respect,
categorization is central to product evaluations (Sujan 1985). The evaluation of a
product is often based on category expectations, and categories also influence the
inferences that consumers make about a product’s features and performance
(Gregan-Paxton et al. 2005). From this perspective, brand extension judgments
(Boush and Loken 1991; Keller and Aaker 1992), product category assessments
(Loken and Ward 1990), information search (Ozanne et al. 1992), ad evaluations and
the motivation to process an ad (Goodstein 1993), and product-impression formation
(Cohen and Basu 1987) are influenced by such categorization processes.

Consumers’ reliance on category structures to evaluate products and product
information makes the study of consumers’ natural categorization process managerially
relevant. Many marketing decisions rely heavily on consumers’ knowledge structures
(Gregan-Paxton and Roedder John 1997), which are functions of the categorization
process. For instance, store lay out (Loken and Ward 1990; Stayman et al. 1992),
product presentation and positioning (Gregan-Paxton et al. 2005; Sujan and Bettman
1989), packaging and labeling (Moreau et al. 2001), pricing (Chen et al. 2010), and
advertising (Snyder 1992; Sujan and Dekleva 1987) decisions for both existing and
new products, as well as brand extensions, must take into account how consumers
perceive and categorize the options available to them to match their needs. When a
new brand is introduced, the perceived similarity of this brand with existing known
brands (i.e., the categorization of the new brand with other similar product offerings)
impacts the inferences that the consumer will draw about the new brand (Snyder
1992). As such, understanding how consumers naturally categorize is a key to the
successful implementation of marketing strategies.

Nonetheless, understanding the consumer categorization process is not at all
straightforward. There is substantial heterogeneity in the ways consumers categorize,
as each consumer may focus on different features when faced with the same items.
Furthermore, consumers may use categories based on how the items relate to their
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individual needs and goals that are salient to them. Such goal-driven categories that
are not based solely on the typical perceptual features of items (Barsalou 1983) are
the main drivers of the heterogeneity in categorization. Within these goal-driven
categories, the attributes consumers elicit to define a product may substantially differ
from the ones that typically characterize the products (Ratneshwar and Shocker
1991). Personal and situational goals that are salient may contribute to perceived
similarity in category representations (Ratneshwar et al. 2001), and the perceived
similarity between products may increase as the perceived relations transcend
intrinsic features (Jones and Love 2007). Consequently, goal-driven categories often
span across typical product category boundaries (Loken et al. 2008). In brief, the
observed heterogeneity in the categories activated can be based on salient goals or
perceptual features and attributes. In addition to the heterogeneity in the composition
of the internal category structures, there is also heterogeneity with respect to the
factors that influence the activation of the categories. Individual differences and
situational factors play an important role in consumers’ category activation. For
instance, chronically accessible (Fazio, and Dunton 1997) and situationally activated
attitudes (Smith et al. 1996), positive affect (Isen 1984), age (John and Sujan 1990),
cultural background (Jain et al. 2007), and experience (Sujan and Dekleva 1987) are
found to influence the categories consumers activate. Thus, there exists significant
evidence that consumers differ on the categories that they activate depending on their
attitudes, goals, affective states, and individual differences.

Given the heterogeneity in the composition and activation of categories and the
importance of the categorization process for both consumers and marketers, how
consumers naturally form and store categories has been studied using different
procedures (c.f. Coxon 1999). For instance, categorization has been studied by
prompting participants to explicitly think of attributes that differentiate products
(Viswanathan and Childers 1999). Similar studies have asked participants to label the
categories that they form, and/or asked participants to judge the appropriateness of
various products for different usage situations (Ratneshwar and Shocker 1991).
Despite the useful insights they provide, these approaches are not distinct as they are
suggestive of the categories that consumers will use a priori. More specifically, such
methodologies that require participants to group stimuli upon a predetermined set of
categories assume that consumers have a specific predetermined category structure.
However, many categories are constructed as needed, extemporaneously, and may not
reflect the categories that exist in one’s memory (Barsalou 1985). A shortcoming of
such methods is that requiring individuals to label categories prompt the use of simple
rule-based categories which can potentially hinder the accessibility of affective or
holistic categories, while focusing on usage contexts may lead to neglecting the
perceptual aspects involved. Hence, studies that use a predetermined set of existing
categories are confirmatory as opposed to exploratory in nature, making them
appropriate only if the categories activated are known with great confidence.

Sorting tasks (also called free-sorting) have been used extensively to study
categorization. These tasks impose less structure upon participants and allow natural
categories to emerge (e.g., Evans and Arnoult 1967; Coxon 1999). The traditional
sorting task requires participants to allocate a set of stimuli into categories that
they construe based on their own perceptions of the stimuli. This procedure
provides the researcher with a pairwise binary pairing or co-occurrence of the
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stimuli being studied (e.g., one if consumer i places product j and k in the same
pile, 0 otherwise) and has several advantages: It is easy to perform (young children can
do it), and it is reflective of natural mental activity (Coxon 1999). The sorting task
method for collecting data on the perceptions of categories is particularly helpful when
participants face a large number of alternatives (Rao and Katz 1971) and is well-suited
to explore category perceptions (DeSarbo et al. 1991; Takane 1980; Coxon 1999). It is
thus a conventional tool to study the inherent use of categories.

Despite the advantages involved in using the sorting task, analyzing sorting data can be
difficult to properly assess as the vast majority of existing analytical procedures typically
require aggregation which obscures the heterogeneity in the ways that consumers
categorize. Daws (1996) suggested that there are two types of sorting task (aggregate)
analyses: (1) those that aggregate over individuals and (2) those that aggregate over
objects. In the former case, the number of times two objects are grouped together is used
as a proxy for similarity such that the more consumers paired two objects/products
together (aggregating over consumers) the more similar the objects/products are
assumed to be. Johnson (1967) employed a product by product count matrix as input
for hierarchical clustering analyses and interpreted the clusters as categories. With Daws
(1996), individuals are compared based on the similarity of their categorizations. This
requires obtaining an aggregate similarity measure between pairing matrices such that
the resulting partitions can be compared. The resulting similarities are often used in
multidimensional scaling techniques (Kruskal 1964; Takane 1980). However, in all these
cases, heterogeneity is lost with this aggregation.

In this paper, we propose a new methodology that can be used to identify
heterogeneous latent category structures using sorting task data without using
arbitrary aggregations or ad hoc conversions into similarities or dissimilarities. We
extend the literature on two-way segmentation models that simultaneously group
consumers and variables either by permutations of rows and columns (e.g., Hartigan
1972; Green et al. 1973; Eckes and Orlik 1993), by ultra-metric structures (e.g.,
DeSarbo and De Soete 1984; De Soete et al. 1984; Ramaswamy and DeSarbo
1990) or by additive clustering (e.g., Shepard and Arabie 1979; Carroll and Arabie
1983). In this paper, we generalize the DeSarbo et al. (1991) individual level
categorization model based on additive clustering to a latent structure context,
given the statistical difficulties associated with their approach and the restrictions
on the model parameters that may obscure the underlying structure of the
categories consumers use. We follow the previous literature suggesting that
individuals sort large sets of stimuli based on an underlying similarity judgment
(Goldstone 1994; Tversky 1977), which are unobserved and inferred from the
sorting task data (DeSarbo et al. 1991; Hampton 1998). We propose two brands to
be members of the same unobserved category if they are judged to be similar
beyond some unobserved threshold (sufficient level). We further argue that this
unobserved similarity is a function of the objects’ memberships in unobserved
categories, but only if those unobserved categories are actually activated. We
model heterogeneity at the group level, allowing researchers to go beyond
aggregate sample level generalizations and avoid aggregation issues, while still
providing insight into which unobserved categories are more intuitive than others.
In the next section, we detail the new procedure and the estimation algorithm. As
an illustration, we conduct a study that entails an analysis of sorting data of various
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sports and examine how groups of consumers naturally differ in their perceptions.
Finally, we present some directions for future research.

2 The proposed latent structure category extraction procedure

Let:

i = 1, …, I consumers
j,k = 1, …, N stimuli (e.g., brands)
r = 1, …, R unknown latent categories
g = 1, …, G unknown consumer groups (e.g., market segments).

We observe the following:

dijk ¼ 1 if consumer i places stimuli j and k in the same pile;
0 otherwise;

�

and use these observed categorization judgments obtained from a sorting task to
provide us with insight into the latent category structure, as well as the extent to
which groups of consumers differ in activating those structures. To accommodate
heterogeneity in the category structures, we propose that the observed categorization
behavior when forming the piles can be expressed as a function of unobserved
similarity judgments of consumers who use similar latent categories. As such, if we
assume the presence of G unobserved groups of consumers who have similar
categorization structures, we can define the latent similarity between stimulus j and k
as perceived by consumer i, conditional on membership in group g, as:

Si;j;kjg ¼ si;j;kjg þ ei;j;kjg; ð1Þ
where:

ei;j;kjg �iidN 0; s2
g

� �
: ð2Þ

We now define:

P di;j;kjg ¼ 1
� � ¼ P Si;j;kjg � tg

� �
¼ P ei;j;kjg � tg � si;j;kjg

� �
¼ 1� 6

tg�si;j;kjgð Þ
sg

� �
;

ð3Þ

where 6(.) is the standard normal cumulative distribution function. This indicates
that the more similar two stimuli are perceived, the more likely they are to be
grouped together in the same pile.

As in DeSarbo et al. (1991), we propose that the perceived similarity is a function of
the degree to which the stimuli are prototypical of similar latent categories and to the
extent that those categories are activated by consumers when engaging in the
categorization task. We now introduce pjr as the degree to which stimulus j is a
member of latent category r (each pjr is bounded between 0 and 1), and wgr as the
degree to which the gth group of consumers activates the latent category r when
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engaging in the categorization task (wgr is restricted to positive values). Overall, our
proposed similarity model is as follows:

si;j;kjg ¼
XR

r¼1
wgrpjrpkr: ð4Þ

This formulation suggests that stimuli j and k are perceived as similar to consumer
i belonging to group g if s/he judges both j and k to be typical of similar categories,
considering that the categories have been activated by the consumer. This follows
existing categorization literature that suggests that consumers resort to the selective
weighting (attention) of category dimensions when engaging in a categorization task
(Medin and Schaffer 1978; Nosofsky 1986). Furthermore, this decomposition of the
similarity into a tri-product of activation (weight/salience) and the typicality of
stimuli resemblance have been useful in modeling similarity and the categorization
process (see Carroll and Arabie 1983; Shepard and Arabie 1979; DeSarbo et al.
1991; Carroll and Winsberg 1995, and Chaturvedi and Carroll 2006 for justification
of this trinary product in Eq. 4 for modeling similarities).

Substituting st g;j;kj in Eq. 4, we obtain a reformulation of Eq. 3 in terms of pjr and wgr:

P di;j;kjg ¼ 1
� � ¼ 1� 6

tg �
PR

r¼1 wgrpjrpkr
� �

sg

0
@

1
A

and without loss of generalizability:

P di;j;k gj ¼ 1
� � ¼ 1� 6 tg �

XR

r¼1
wgrpjrpkr

� �
ð5Þ

given that σg can be absorbed in the group threshold and weights parameters (i.e., σg is
not identifiable1). Similarly:

P di;j;k gj ¼ 0
� � ¼ 6 tg �

XR

r¼1
wgrpjrpkr

� �
ð6Þ

Thus, for consumer i belonging to group g, the conditional likelihood is given by:

Li gj ¼
YN

i>k

Y
1� 6 �ð Þð Þdi;j;k jg6 �ð Þ1�di;j:k jg ð7Þ

where (.) denotes tg �
PR

r¼1 wgrpjrpkr
� �

for simplicity. This is merely an accounting

of the instances two brands are placed in the same pile (or not) by a given consumer
in a sorting task. Given an independent sample of consumers, the complete
likelihood is given by:

L ¼
YI
i¼1

XG
g¼1

lgLi gj ð8Þ

YI
i¼1

XG
g¼1

lg
YN

j>k

Y
1� 6 �ð Þð Þdi;j;k jg6 �ð Þ1�di;j;k gj ð9Þ

1 There is also an indeterminacy between wgr , pjr , and pkr as all three terms are indexed by R. To resolve
this issue, we normalize latent category memberships such that max pjr

� � ¼ 1;8r ¼ 1:::R. This is
equivalent to requiring that every latent category has at least one item that is most prototypical.
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where lg are the unknown mixing parameters such that 0<lg<1 and
P

lg ¼ 1. The
complete log likelihood is:

Ln L ¼
XI

i¼1

ln
XG
g¼1

lg
YN

j>k

Y
1� 6 �ð Þð Þdi;j;k gj 6 �ð Þ1�di;j;k gj

" #
: ð10Þ

Bishop (2006; pp. 444–446) proves how such Bernoulli mixtures permit non-
zero covariances such that pure independence is not required. Note that we impose
the following constraints in the estimation: (1) wgr≥0, (2) tg≥0, (3) 0≤pjr≤1, (4)
0<lg<1, and (5) ∑ lg=1. The non-negativity constraints for tg and wgr are
implemented by substituting squared quantities for these parameters (e.g.,
substituting t2g and w2

gr for their respective unsquared terms in the likelihood
expression (see Gill et al. 1981, pp. 268–269). To ensure that 0≤pjr≤1, we

reparameterize each pjr by exp qjr

� �
= ð1þ exp qjr

� �
Þ and estimate qjr.

2

This specification allows for different categorization structures for each group
(equivalent to Rg), and for different perceptions of stimuli as belonging to different
categories. For example, given that P represents a total set of latent categories used
across the sample, the procedure can estimate wgr much smaller than tg when
category r (potentially zero) is not used or activated by group g, whereas it will be
larger than tg if there is evidence that the group uses or activates it. This can also
accommodate groups perceiving category memberships differently. For instance,
assume that members of group 1 do not see stimulus j as a member of category r, but
members of group 2 do. Then, the procedure would identify two categories: one
without stimulus j as a member (that group 1 activates) and another with stimulus j
as a member (that group two activates). Furthermore, because no restriction is made
regarding the membership of stimuli to one and only one category, the latent
categories can also be used to represent different levels of abstraction where some
categories are subsets of others.

As with other finite mixture-based latent structure models, within any iteration,
one can estimate the posterior probabilities of consumer i belonging to group g via:

vig ¼
lgLi gjPG
g¼1 lgLi gj

ð11Þ

conditioned on the current estimates of the model parameters. Thus, given only the
sorting data (δijk) and trial values for R and G, our proposed model simultaneously
estimates: (1) the number of latent categories utilized by the complete sample of
consumers (R*), (2) the number of latent groups of consumers that activate different
patterns of latent categories (G*), (3) the size of these latent consumer groups (lg),
(3) the probabilistic membership of each consumer in each derived group (V=
((vig))), (4) the membership probabilities of each object in each latent category (P=
((pjr))), (5) the extent to which each derived group use or activate each derived latent
category in the evocation of its categorization judgments (W=((wgr))), and (6) the
group-level activation thresholds (t=(tg)). This analysis is repeated for g=1…G

2 See Dayton and Macready (1988) for the use of this reparameterization in constrained latent class
models.
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groups and r=1…R latent categories where a variety of model selection heuristics
are examined to determine the numbers of latent categories and groups. The
technical details of the estimation procedure and model selection heuristics utilized
are provided in the Web Appendix.

Note, given that there is no requirement that the pjr’s sum to one (or any other
constant value), one can inspect P to examine stimuli that are categorized in multiple
categories across groups. Extant literature in psychology and consumer behavior has
shown that consumers may perceive brands as belonging to different categories
depending on contextual factors and individual states (Gregan-Paxton et al. 2005;
Moreau et al. 2001; Ross and Murphy 1999). Heterogeneity in the categorization
process is represented by G* and W. In particular, the cardinality of G* renders
insight into the magnitude of response heterogeneity (i.e., the larger the number of
groups required, the more heterogeneous the categorizations are across the sample).
W reflects the heterogeneity in the patterns of activations for the derived groups
using the latent categories activated across the sample. In particular, W indicates the
different categorizations activated by each of the estimated groups.

As mentioned earlier, our proposed methodology generalizes the DeSarbo et al.
(1991) model which estimates individual-level activations. While the DeSarbo et al.
(1991) individual-level model accommodates heterogeneity with respect to such
categorization processes, their maximum likelihood estimation procedure suffers
from the presence of incidental parameters whose order varies by sample size as
there are a huge number of individual level parameters to estimate. As a result, the
derived maximum likelihood parameter estimates are inconsistent. Our latent
structure generalization does not suffer from this problem. Additionally, the
formulation by DeSarbo et al. (1991) enforces the following constraint:PR

r¼1 pjr ¼ 1; 8j, which overly restricts the nature of membership structures
permitted. Finally we note that just as with DeSarbo et al. (1991), the likelihood
of the proposed model also includes structural dependencies such that if Yijk=1 and
Yijm=1, then Yimk=1 due to the structure of the traditional sorting task in which items
belong to one and only one pile. A synthetic data example that illustrates how the
methodology can capture various category structures is presented in the Web
Appendix.

3 A sports marketing illustration: categories of sports

To demonstrate the usefulness and relevance of our proposed methodology, we
investigate the ways in which consumers categorize sports. According to the 2008
annual survey of the Sports Business Journal, the Sports business industry is a $213
billion industry which is more than twice the size of the US auto industry (Sports
Business Journal 2009) and over seven times as large as the movie industry.
Approximately 30% of the expenditures are related to advertising and sporting good
purchases (each approximately 15% of the industry spending). Despite the
magnitude of the sports industry, there is a paucity of academic research attention
directed to it in Marketing.

Furthermore, little is known about the ways that consumers perceive and categorize
sports. One notable exception is Koivula (2001) who asked participants to evaluate
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some 41 sports with respect to 117 different characteristics. Using a principal
component analysis, Koivula (2001) found 12 factors that represent different types of
sports. This particular study brings up the question: What would have happened if
participants were not prompted with any attributes or characteristics of sports prior to
the categorization task? Asking participants to evaluate a list of sports on a set of
characteristics can lead to a category structure such that some of the characteristics or
situations presented would not have been considered if the participants were not
prompted with them. Additionally, their task is highly taxing (a simple calculation
based on the description of the procedure suggests that participants each made 4,797
Likert-type scale evaluations of sports in the study); thus, the categorization process
may have been ill affected by the cumbersomeness of the task.

3.1 Our study

We employed the Sports Manufacturing Goods Association’s (SMGA) yearly US
sport participation reports to identify a preliminary list of sports that we could
request participants to categorize. The objective was to create a list of sports that
participants were familiar with and were representative of the different forms of such
recreational and athletic activities. In addition, the list of sports we created needed to
be categorized in a relatively short amount of time and to allow participants to
exhibit the variation in their category structures. Consequently, we used the list from
the SMGA (113 sports) and asked 12 undergraduate students with different
backgrounds to review the list of sports and indicate how much they knew about
the listed sports. Based on the feedback from these informants, we selected 50 sports
that would be relevant and well understood by our participants. The 50 sports
selected for use in our study are presented in Table 1.

The names of the 50 sports were placed on flash cards, one sport per card. Upon
entering the research lab, participants were asked to sit in front of a computer and
were given an envelope containing the randomly shuffled flash cards. The cards
were shuffled and hence randomly ordered such that the order of the cards would not
bias the categorization process. First, participants were instructed to sort the cards
into as many or few piles as they desired based on their own perceptions of
similarities of the sports. Participants were allowed to form their own piles as the
extant literature has demonstrated that objects can belong to different categories for

Table 1 List of selected sports

Aerobics Boxing Hunting Rugby Swimming

Archery Canoeing Ice hockey Running Table tennis

Badminton Cardio kick boxing Ice skating Sailing Tennis

Baseball Climbing Kayaking Scuba diving Track and field

Basketball Field hockey Lacrosse Skateboarding Triathlon

Bicycling Fishing Mountain biking Snorkeling Volleyball

Billiards Football Pilates Soccer Wakeboarding

BMX Gymnastics Racquetball Softball Weight lifting

Boardsailing Hiking Roller skating Squash Wresting

Bowling Horseback riding Rowing Surfing Yoga/Tai chi
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different consumers (Murphy and Ross 1994; Moreau et al. 2001; Gregan-Paxton et
al. 2005; Lajos et al. 2009). Upon completion of this sorting task, participants
responded to a questionnaire which asked them to indicate the composition of each
pile they made. After reporting the composition of the piles, participants were asked
to describe how each of their piles were formed, one category at a time. Next, they
responded to questions about their knowledge related to these 50 sports. This part of
the questionnaire was adopted from Brucks (1985) and asked participants to
compare their knowledge of each sport to the knowledge of an average person on a
1–7 scale, where 1 indicated “I know a lot less” and 7 indicated “I know a lot more.
Participants also provided reports of interest and participation in each of the sports,
as well as the extent to which they follow sports in the media (all within the last
year). Finally, they responded to various psychographic, demographic, and mood
questions. One hundred seventy-two undergraduate students (52% male and 48%
female) completed the study for course credit. The participants were undergraduate
students at a large northeastern university enrolled in an introductory class, and 9%
of the participants were non-native English speakers. The categorization task on
average took 33 min to complete. All participants completed the entire study in less
than 45 min.

3.2 The results

We performed the analysis for G=1…8 groups and R=1…8 latent categories. Using
the variety of model selection heuristics discussed in the Web Appendix, we selected
the G=6 groups, R=6 latent categories solution with a common threshold across
groups as the most parsimonious representation of the structure in the data. The
estimated latent category structure (P) and activations (W) for G=6 and R=6 are
shown in Tables 2 and 3.

In examining the estimated P matrix in Table 2, we can obtain valuable insight
into the derived latent categories. We interpret the first category as fitness sports.
The variability in the probabilities for this category suggests that the participants
varied in how they viewed the sports in relation to this category. For instance,
sports typically performed at a gym (e.g., aerobics, Pilates, yoga/tai chi, cardio
kick-boxing) were of the highest membership to the category. For sports such as
running, swimming, boxing, and triathlon that also involve a high degree of
fitness, participants varied in whether they viewed them as typical members as
their probabilities of membership in this particular category were lower in
magnitude. They were still considered members of the category, but not as highly
typical.

We label the second category as water sports. Members of the category are sports
that are associated with water such as boardsailing, rowing, snorkeling, wakeboarding,
kayaking, surfing, etc. This category also includes sports performed in the water
(swimming, snorkeling, scuba diving), sports that require using boards on the water
(surfing, wakeboarding, boardsailing), and sports that involve something to sit on
while in water (kayaking, canoeing).

The third category involves sports that are practiced outdoors. It includes sports
that are considered nature activities such as climbing, hunting, hiking, and also
sports that are traditionally conducted outside (biking, archery, and various water
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Table 2 Derived latent sport categories (estimated P matrix)

Category 1,
fitness sports

Category 2,
water sports

Category 3,
outdoors

Category 4,
team sports

Category 5,
recreational activities

Category 6,
motion sports

Aerobics 1.00 0.00 0.00 0.00 0.00 0.00

Archery 0.00 0.00 0.91 0.00 0.50 0.00

Badminton 0.00 0.00 0.00 0.31 1.00 0.01

Baseball 0.00 0.00 0.00 1.00 0.00 0.00

Basketball 0.00 0.00 0.00 1.00 0.00 0.00

Bicycling 0.49 0.00 0.52 0.00 0.00 0.63

Billiards 0.00 0.00 0.37 0.00 0.88 0.01

BMX 0.11 0.00 0.49 0.00 0.00 0.98

Boardsailing 0.00 0.99 0.47 0.00 0.00 0.25

Bowling 0.00 0.00 0.37 0.23 0.78 0.02

Boxing 0.54 0.00 0.00 0.49 0.01 0.00

Canoeing 0.00 0.85 0.79 0.00 0.00 0.00

Cardio kick boxing 1.00 0.00 0.00 0.00 0.00 0.00

Climbing 0.39 0.00 1.00 0.00 0.00 0.30

Field hockey 0.00 0.00 0.00 0.93 0.01 0.00

Fishing 0.00 0.36 0.96 0.00 0.30 0.00

Football 0.00 0.00 0.00 1.00 0.00 0.00

Gymnastics 0.59 0.00 0.01 0.47 0.16 0.24

Hiking 0.44 0.00 1.00 0.00 0.01 0.20

Horseback riding 0.27 0.00 0.90 0.00 0.41 0.20

Hunting 0.00 0.00 0.99 0.00 0.36 0.01

Ice hockey 0.00 0.00 0.00 0.85 0.00 0.01

Ice skating 0.30 0.00 0.29 0.29 0.38 0.44

Kayaking 0.00 0.85 0.78 0.00 0.00 0.03

Lacrosse 0.00 0.00 0.00 0.98 0.00 0.00

Mountain biking 0.32 0.00 0.83 0.00 0.00 0.56

Pilates 1.00 0.00 0.00 0.00 0.00 0.00

Racquetball 0.00 0.00 0.00 0.39 0.88 0.01

Roller skating 0.21 0.00 0.38 0.00 0.45 0.72

Rowing 0.21 0.81 0.53 0.24 0.00 0.10

Rugby 0.00 0.00 0.00 0.86 0.13 0.00

Running 0.78 0.00 0.14 0.00 0.00 0.47

Sailing 0.00 0.97 0.65 0.00 0.00 0.01

Scuba diving 0.00 0.99 0.61 0.00 0.00 0.02

Skateboarding 0.00 0.00 0.44 0.00 0.24 1.00

Snorkeling 0.00 0.97 0.62 0.00 0.00 0.01

Soccer 0.00 0.00 0.00 1.00 0.00 0.00

Softball 0.00 0.00 0.00 0.97 0.01 0.00

Squash 0.00 0.00 0.00 0.39 0.86 0.00

Surfing 0.00 1.00 0.39 0.00 0.00 0.46

Swimming 0.56 0.59 0.00 0.38 0.00 0.27

Table tennis 0.00 0.00 0.01 0.19 1.00 0.01

Tennis 0.00 0.00 0.00 0.72 0.49 0.00

Track and field 0.50 0.00 0.01 0.56 0.00 0.48
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sports). Some sports that were regarded as water sports were less typical of outdoor
sports such as swimming which can be practiced indoors or outside. Furthermore,
one notices that groups typically have either the water sports category or the outdoor
sports category salient (negative correlation of −0.67). This can be explained as
many outdoor sports are also water sports and that participants were forced to make
tradeoffs between the categories because of the structure of the sorting task.

The fourth category is team sports. Highly prototypical members were mostly
popular team sports visible in the media such as basketball, baseball, softball,
volleyball, football, ice hockey, and rugby. Some sports in this category evoke the
concept of a “team” as a group, such as the tennis team, the wrestling team, the swim
team, etc. Given their lower probabilities of membership, however, individuals
varied in their conceptualization of a team from conceptual to feature based.

The fifth category involves sports that are perceived as recreational activities.
This category includes sports like table tennis, bowling, billiards, and badminton that
are often considered activities rather than sports. Some of the racquet sports like
tennis and squash are seen as less representative as participants have categorized
tennis as a team sport.

Finally, the sixth category is motion sports. Sports in this category involve sports
related to bicycles (BMX, bicycling, mountain biking), sports that involve the use of a
board or skates (boardsailing, ice skating, roller skating, skateboarding, wakeboarding),

Table 3 Derived group level category activations (estimated W2 matrix)

Group Category 1,
fitness sports

Category 2,
water sports

Category 3,
outdoor sports

Category 4,
team sports

Category 5,
recreational activities

Category 6,
motion sports

1 29.12 16.33 20.19 44.00 24.59 22.65

2 27.84 14.53 31.64 28.43 23.57 24.74

3 27.30 48.39 10.60 25.49 23.66 22.84

4 59.38 23.46 18.27 30.79 30.97 26.82

5 28.76 33.11 20.36 47.69 27.20 22.07

6 23.19 17.28 15.15 23.30 24.03 20.81

Note: The estimated squared threshold t2 =21.67. As squared activations increase past 21.67, the more
likely it is that a group activates the latent category.

Table 2 (continued)

Category 1,
fitness sports

Category 2,
water sports

Category 3,
outdoors

Category 4,
team sports

Category 5,
recreational activities

Category 6,
motion sports

Triathlon 0.65 0.00 0.20 0.20 0.00 0.47

Volleyball 0.00 0.00 0.00 0.94 0.15 0.00

Wakeboarding 0.00 0.98 0.38 0.00 0.00 0.49

Weight lifting 0.83 0.00 0.00 0.19 0.00 0.03

Wresting 0.42 0.00 0.00 0.64 0.00 0.00

Yoga/Tai chi 0.99 0.00 0.00 0.00 0.01 0.00
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or to a lesser extent, fitness activities that involve a large component of leg strength and
endurance (gymnastic, hiking, horseback riding, running, track and field, triathlon).

The mixing parameters lg provide estimates of group sizes in this dataset (group
1, 9.93%; group 2, 26.16%; group 3, 19.00%; group 4, 6.41%; group 5. 23.37%;
group 6, 15.13%). How did participants in different groups vary in their category
activations? In the following section, we illustrate the heterogeneity in categorization
structure activations of the six groups using significant demographic, experience,
attitudinal, and psychographic variables. We compare the estimated matrix W of
category activations per group to the estimated common threshold parameter
(presented in Table 3) as an indication of how likely members of the groups are to
activate a particular category. We use significance tests (not shown) to assess the
mean differences between groups (for all results reported, p<.10) with respect to
these background variables collected in our study.

Of the participants who are members of the first group, 65% are females. The highest
activated category by Group 1 is team sports. In comparison to members of other
groups, they are less interested in activities that are not physical. This was evidenced
by their reported lack of subjective knowledge about bowling, fishing, hunting,
sailing, and table tennis, and with their reported lack of experience with such activities.
In addition to this, they are more likely on average than other group members to agree
with the statements that “My friends would consider me athletic,” “Exercise is very
important to me,” “I enjoy playing sports,” “Sports had been an important aspect in
my family when I grew up,” “I played many varsity sports in high school,” and “I
work out every week”. Accordingly, we label this group as “Athletic Females”.

When asked to indicate whether they believed they know more or less than other
students about each of the sports, members of Group 2 reported that they feel that they
are less knowledgeable than others about aerobics, cardio kickboxing, gymnastics,
basketball, field hockey, rowing, softball, swimming, and volleyball. They also reported
having less experience in many of the sports. This self-reported lack of knowledge about
the sports is reflected in their category structures by the activation the outdoor sports
category in contrast to the water sports category (the latter being at a lower level of
abstraction). Hence, we label members of this group as “Sports Novices”.

For members of Group 3, one distinctive aspect is that they had the highest
activation for the water sports category. Yet, members of this group are much less
interested in water sports and practice them less (e.g., canoeing, fishing, and
swimming). It is thus possible that these individuals’ permanent dislike for water-
based sports makes the category highly salient to them (Fazio and Dunton 1997). We
therefore label members of this group as “Water Averse”.

Members of Group 4 have much higher salience for the fitness sports category.
Members of this group differ from others in that they report being more likely to “ignore
professional sports on TV”, although they report participating in sports just as much as
others. For individuals who may not be interested in the entertainment aspects of sports,
the fitness aspect is likely to be salient. Furthermore, considering that they reported
participating in recreational activities just as much as others, their focus on fitness is
likely to make it apparent that these recreational activities do not involve much fitness
(hence recreational). It is probably salient to members of this group that recreational
activities lack a fitness component, and they consequently wanted to differentiate those
sports from others. We label members of this group as the “Non-sports Fan”.
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In comparison to members of other groups, the members of Group 5 reported
being more careful during the card sorting task, and they feel that they are more
familiar with gymnastics, weightlifting, Pilates, yoga, and cardio kickboxing
compared with others. Additionally, they have less experience with sports exercised
with others such as football, rugby, wrestling, or rowing. They also agree less with
the following statements: “I attended parties every weekend,” “school is stressful to
me,” “I enjoy playing sports,” “I am a competitive person,” “I have a favorite team
in every major sport”. Thus, we can explain their high activation in the team sports
category by their lack of interest in sports for socializing, making the team sports
particularly salient. Hence, we label the members of this group as “Exercisers”.

Finally, members of the Group 6 agreed less with the statements “I rarely get
sick” and more with the statements “In comparison to my classmates, I tend to be
more stressed about my grades and studies” and “School is stressful to me” than
members of other groups. They also reported feeling more knowledgeable compared
with others about activities such as bowling, roller-skating, sailing, and tennis and
attended more events related to “activities” type sports. Also, they report having
less experience than others with some of the rougher sports like hockey and
rugby. They also have consistently lower activations for many of the categories,
suggesting their familiarity with sports. Therefore, we label this group as
“Recreationals”.

Obviously, our student convenience sample is not representative of the US sports
market place. The major contribution of this manuscript is methodological in terms of
introducing a new procedure for representing heterogeneity in consumer categorization
judgments. Were this study to be replicated with a national representative sample of
consumers from the entire US sports market place, several managerial benefits could be
derived from such analyses. One, the derived groups of consumers can represent market
segments which can be profiled and examined for targeting. The estimated mixing
proportions can provide approximations as to the substantiality of such market
segments, and the estimated posterior probability of memberships can be utilized to
profile these derived segments when crossed with interest and activity by sport,
demographics, psychographics, amount spent on sports and sports-related merchandise,
etc. In this manner, target segments can be derived depending upon the nature of the
client business (e.g., Nike). Two, our analyses derives the basis on which consumers
naturally organize sports in their mind via the P matrix. And this matrix renders
important relationships between the various sporting activities that can also provide
substantial managerial insight. Sporting activities that are prototypical of a latent
category can be jointly marketed to in terms of respective target segments that readily
activate such latent categories. Symbiotic marketing programs can be jointly devised
across different sporting events most representative of the same latent category.
For example, broadcasting commercials for roller-skating equipment during a
television cycling tour may seem natural to viewers and result in a transfer of
the positive associations of cycling to the advertised roller-skating equipment.
This is particularly relevant for manufacturers of multiple sports equipment and/
or clothing (e.g., Champion). Finally, such analyses may point to areas for
brand extensions into new areas of sport where such interrelationships exist and
may offer a mechanism to expand current markets into new customer bases and
sporting activities.
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4 General discussion

In this paper, we have modeled consumer categorizations on the basis of sorting task
judgments collected using a free-sorting dataset of sports and proposed a new
methodology for the identification of the unobserved categories and the differences in
the activation of those categories across consumer groups. In our empirical study, we
demonstrated the presence of six unobserved categories which exhibited a graded
structure and differed based on whether they represented taxonomic features with distinct
levels of abstraction (e.g., water sports and outdoors sports), were related to goals (e.g.,
fitness sports), or were at a higher level of abstraction (e.g., motion sports, recreational
activities). We found six groups of individuals that showed diverse patterns of activation
or salience over the unobserved categories, providing evidence for a significant amount
of heterogeneity. The salience of the categories was related to participants’ preferences,
goals, experiences, and subjective knowledge of the categories.

We provided a new empirical methodology to explore consumers’ categorization
structures in an unsupervised manner. By providing evidence that individuals differ in
the categories they activate, we contribute to the growing research on the consumers’
categorizations of brands and products. This is particularly important given that earlier
categorization researchers have specified the categories a priori for their experiments,
which may not have resulted in the categories that consumers would actually activate.
Our methodology can be employed to explore these latent category structures and to
ensure that the unique ways in which consumers may categorize are taken into account.

Given that the methodology presented reveals the latent bases for categorization
(i.e., we do not ask for rules, labels or examples), it may allow marketing managers
to understand the ‘true’ categories their target consumers may activate when faced
with products and to evaluate the salience of various categories for different
consumer segments. Hence, the current model can be particularly useful when
managers are facing uncertainty with regards to the differences among consumer
segments in terms of the categories they retrieve in evaluating existing or new
products. This can be strategically important throughout the marketing management
process: Our methodology may facilitate more effective segmentation and targeting
as it allows differentiating among consumer groups based on their categorization
process, which reflects their salient goals, preferences, and experiences. In light of
this knowledge, one can better succeed in defining the value proposition and
designing the marketing mix strategies. Our methodology can be employed together
with other exploratory techniques (e.g., focus groups) to identify consumer
differences with respect to the categories they activate when faced with products.

Consistent with the categorization theory, the interpretation of the latent categories
identified through this methodology may be idiosyncratic. To extend this approach and
facilitate interpretation, one can reparametrize the P matrix such that the typicality of an
object to the latent category is a function of attributes, features, and/or marketing mix.
Similarly, future research can also be directed towards reparameterizing W as a
function of relevant individual background variables, need states, goal orientations,
etc. Although we argue that the value of our method lies in its exploratory nature,
adapting the methodology to test the importance of specific attributes, relevant goals,
or individual differences more explicitly and a priori (through a reparametrization of
both the W and P matrices) may be useful to researchers interested in testing the
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importance of specific features in the natural categorization of individuals (e.g., size,
color, brand). Such reparameterization features would also provide a mechanism for
performing predictive validation. If one is further interested in comparing group
activations and structures for a priori defined individual groups, an “external analysis”
may be conducted by fixing V (and thus the mixing proportions), and estimating the
remaining parameters in the M-Step (W, P, and t).
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