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A large body of research suggests that people process the entities that they encounter by 

placing them into mental categories (Barsalou 1992). Although previous research examines 

how people access information in hierarchical category structures, it does not examine how 

people construct individual new categories and, in particular, how the locus of these new 

categories may depend on the structure of the entire hierarchy. We describe this latter process 

with a spreading activation model of hierarchical category structures that we call the 

Category Activation Model (CAM). In an experiment and an empirical study, we show that 

the CAM reliably predicts the probability that a person will construct a new category at a 

specific location within a category structure, and we provide evidence that accessibility is the 

mechanism that underlies category construction. 
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In this era of digital convergence, consumers often encounter products that do not fit 

unambiguously into their existing mental categories. For example, when first released the 

innovatively new Motorola Envoy –which would later be acknowledged as the first personal 

digital assistant (PDA) –shared many features with existing portable computers, pagers, and 

organizers, yet was distinctly different from all three of these product categories (Keller, 

Sternthal, and Tybout 2002). Thus, upon encountering the Envoy consumers had to first 

decide whether or not to create a new product subcategory for it (i.e., the PDA subcategory), 

and then where within their existing category structure this new subcategory should be 

located (i.e., under the portable computer, pager, or organizer category). Although the PDA 

subcategory is now well established, innovative new products continue leading consumers to 

refine its boundaries. For example, the recently introduced Palm Treo functions as a PDA, 

MP3 player, cellular phone, digital camera, and internet browser. When faced with such 

products, consumers must decide whether to create a new subcategory for the new product 

and, if so, where this new subcategory should be located.  

The ways in which consumers categorize products can have important implications 

for firms. For example, consumers’ categorization decisions can affect the features that 

consumers infer about the product (Moreau, Markman and Lehmann 2001), their evaluation 

of and willingness to pay for the product (Sujan 1985; Moreau et al. 2001; Keller, Sternthal 

and Tybout 2002), and their likelihood of retrieving the product in memory-based choice 

(Nedungadi 1990; Nedungadi, Chattopadhyay, and Muthukrishnan 2001). Thus, firms might 

want to influence the manner in which consumers construct and locate new product 

subcategories. Gauging consumers’ natural propensity to position a new product subcategory 

under a particular superordinate category can help the firm determine how to go about the 

task, and better estimate the cost of doing so. 
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In this research we focus on where and how consumers locate a new subcategory as 

they attempt to categorize a new product. Our research is especially relevant for radical 

innovations, for which consumers are likely to create new subcategories (Lehmann 1994; 

Hoeffler 2003).  

 

PREVIOUS RESEARCH 

 

Previous research on the process of subcategory formation shows that people create a 

new category when they perceive a target object as being significantly discrepant from other 

objects in the category activated during processing of the target object (e.g., Sujan 1985; 

Sujan and Bettman 1989; Taylor 1981; Weber and Crocker 1983). 

An underlying assumption of these studies is that the general category in which 

people will place the new entity is known. For example, in both of their studies, Sujan and 

Bettman (1989) presented participants with descriptions of new types of cameras, and asked 

them whether or not they would construct a new subcategory for each. Thus, they assumed 

that all consumers would categorize the new products as cameras, be it directly or within a 

new subcategory under the superordinate camera category. 

However, the product category in which consumers will place a new product is not 

always known. Researchers (e.g., Moreau et al. 2001; Keller et al. 2002) argue that when 

consumers encounter a new product that has shared characteristics with products in multiple 

categories, they must decide in which of these categories the new product should be placed. 

For example, upon encountering the Motorola Envoy, consumers might have created the new 

PDA subcategory within the superordinate portable computer, pager, or organizer category 

(Keller, Sternthal and Tybout 2002). 



 

 5 

Research on category construction has examined the general rules that govern the 

growth and development of entire category structures (e.g., Freyd 1983; Murphy and Medin 

1985; Rosch 1978; Rosch and Mervis 1975; Rosch et al. 1976). For example, according to 

Rosch’s (1978) principle of cognitive economy, people develop category structures in a 

manner that minimizes cognitive processing. Similarly, according to Freyd’s (1983) principle 

of shareability, people develop category structures in a manner that maximizes 

communicability, or the ease with which they may be shared with others. To our knowledge, 

previous research has not examined how people construct and locate individual new 

categories.  

 In this paper we draw on recent mathematical research on the growth of networks 

(Barabasi and Albert 1999, 2002) and research on category accessibility, showing that people 

are more likely to directly categorize new objects into categories that are more accessible 

(e.g., Moreau, Markman and Lehmann 2001), to develop a model that predicts where within 

an existing category structure people are likely to locate a new subcategory. Our key 

theoretical finding is that the locus of a new subcategory is strongly influenced by the number 

of subcategories that are already connected to each category within the existing structure. Our 

research contributes to practice as it helps managers understand where consumers will locate 

a new category, such as the PDA category, which can potentially be located within several 

alternative categories. 

 

CATEGORY ACTIVATION MODEL 

 

Following previous network models of memory (Collins and Loftus 1975, Morton 

1969, Quillan 1968), we assume that people organize the entities that they encounter in 

hierarchical networks or tree-like category structures. Our goal is to describe the position at 
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which a person will create a new category within an existing category tree, which we can 

usually observe.  

While previous research has not examined where a new ambiguous subcategory will 

be located, there is research on how people place objects within categories. This research 

shows that a person’s propensity to place an object directly within a category depends on 

characteristics such as the object’s similarity to the category (Mervis and Rosch 1981: Medin 

and Smith 1984; Smith, Shoben and Rips 1974), the person’s familiarity with the category 

(e.g., Gregan-Paxton, Hoeffler and Zhao 2005), the category’s accessibility from recent use 

(e.g., Medin and Edelson 1988), and the person’s goals (e.g., Barsalou 1983). 

We build on previous research that shows that priming a category increases its 

accessibility and its subsequent use (e.g., Herr 1989; Higgins and King 1981). We assume 

that when a category is accessed, some of the resulting activation remains with the category, 

and the rest spreads through the entire network. Further, we assume that when a category is 

more activated, the probability that a new subcategory will be constructed under it is 

increased.1 Combining these two assumptions, it follows that if we accurately describe the 

process by which activation spreads through the network, we should be able to predict the 

probability that a new subcategory will be formed at any given location in the category tree. 

We expect that these probabilities will depend on the existing tree’s link structure, since these 

links determine how activation spreads through the network.  

We describe the spreading activation process as follows. Let 1, 2, …, n denote the 

nodes (categories) of the existing network, which represents a category tree. A link connects 

two nodes if a subordinate relationship exists between them (one is a subcategory of the 

other). We assume that the access of nodes initiates activation, which then spreads through 

the network. We model each time period during which no new nodes are created. For such a 

                                                 
1 This argument is also consistent with previous research that shows that people’s categorization decisions 
sometimes follow base rates (Medin and Edelson 1988). 
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time period, we derive the limit activation level (the activation level at the end of the time 

period) of each node as the result of a discrete iterative process. In this process, node i starts 

with an arbitrary activation level, ai
(0). At the beginning of each step in the iterative process, 

the activation of each node increases by β1 due to external activation that is uniformly 

distributed across the network. This assumption is equivalent to saying that during a given 

time period, each existing category is accessed the same number of times on average. We 

assume that β2 units of this activation remain at node i, and ( )
21 ββ −+t

ia  units of activation 

spread to node i’s neighbors (its subcategories and the superordinate category that it belongs 

to). These units of spreading activation are distributed equally among node i’s neighbors. 

Finally, at the end of the iteration step, we assume that the activation level of each node 

decreases by β1 such that the overall activation level of the entire network remains constant 

over time.2 This iterative process is represented by the following equation: 
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where β =β2 − β1 and  i1, i2, …, ik are the neighbors of node i, and djk is the degree (number 

of neighbors) of neighboring node j.  We show in the appendix that the series ( )t
ia  converges 

as ∞→t  for arbitrary starting values. Moreover, if instead of arbitrary starting values we use 

the final activation levels of all existing nodes as new starting values after a new node is 

created, convergence occurs quickly.  

                                                 
2 This uniform decrease of activation means that ‘forgetting’ of the categories in the existing network is, on 
average, identical for each category. 
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To complete the description of the category construction process, we must define a 

new starting activation for every newly created node. If we assume that the total activation of 

the network is constant over time, then we define this starting activation level to be 0. 

However, if we instead assume that the total activation level of the network increases as it 

grows, then we define the starting activation level of the new node to be a constant. 

Knowing that the iterative process in equation (1) converges, it follows that the limit 

activation level of any node i, denoted by ai, must satisfy the equation: 
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In the appendix we show that solving equation 2 for each node in the network yields the 

following limit activation level just before a new node is created: 

 

      .β+= ii da               (3) 

 

Thus, we propose that before a new node is created, the activation level of each node in the 

existing network is a linear function of its degree. Since, in a category tree, the degree of each 

category is equal to the number of subcategories connected to it plus one (for its 

superordinate category), our model predicts that the activation level of each category is 

proportional to the number of subcategories that are connected to it.  

Combining this result with our assumption that the probability that a new category 

will be created under an existing category is directly related to the existing category’s 

activation level, we present our central hypothesis:  
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H1: The probability that a person will construct a new category as a subordinate of a 

particular category i is proportional to the relative number of categories that are 

already subordinate to i. 

 

 What link structures should result from the proposed process of category 

construction? As the process progresses, we are likely to observe a network where the vast 

majority of categories are subordinate to a relatively small number of superordinate 

categories. The tendency for links to form between new nodes and those existing nodes that 

have high degrees is called preferential attachment by network theorists, and is a common 

property of many naturally occurring networks. Popular examples include the human nervous 

system, the worldwide web, terrorist networks, and the network of reactions in protein 

synthesis (Barabasi and Albert 1999).  

We next report two empirical studies. Study 1 is an experiment that not only tests 

Hypothesis 1, but also the assumed underlying mechanism based on accessibility. Study 2 

examines the directory trees of more than 1,600 computer users to provide another test of 

Hypothesis 1 in a naturalistic setting, thus increasing the external validity of the findings. 

 

STUDY 1: EXPERIMENTAL TEST OF THE CAM 

 

 The purpose of study 1 was to experimentally test Hypothesis 1 and the assumed 

underlying mechanism of accessibility in a new product context. We employed a 3 (priming: 

entertainment vs. health vs. neutral) X 2 (high subcategory numerosity: entertainment vs. 

health) fractional factorial design in which participants in the neutral priming condition were 

divided equally between the two high subcategory numerosity conditions, whereas all 
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participants in the entertainment (health) prime condition were assigned to the high health 

(entertainment) subcategory numerosity condition. 

 

Method 

 

 Participants. Ninety-six students at a large, urban university participated in exchange 

for one or two candy bars. Participants were recruited to ostensibly participate in two separate 

studies, and were randomly assigned to the experimental conditions described below. 

 

 Independent Variables. We manipulated the numerosity of subcategories belonging to 

a superordinate category at two levels. We began with a three level category structure with 

consumer electronics as the highest level. Below it were two subordinate categories, 

entertainment and health. Below each of health and entertainment categories were a further 

set of seven subordinate categories in total. We manipulated the number of subcategories 

under the health and entertainment categories as described next (see figure 1).  

 

------------------------------ 

Insert figure 1 about here 

------------------------------ 

 

We selected the seven third-level subcategories on the basis of pre-test results. The 

seven third-level subcategories were home theater, computer peripherals, medical devices, 

dental devices, exercise equipment, nutrition aids, and massage devices. We chose these 

seven categories because pretests showed that participants were 1) significantly more likely 

to categorize home theatre and computer peripherals as entertainment rather than health 
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electronics, 2) significantly more likely to categorize medical devices and dental devices as 

health rather than entertainment electronics, and 3) statistically equally likely to categorize 

exercise equipment, nutrition aids, and massage devices as either entertainment or health 

electronics. This allowed us to create two experimental conditions by changing the location 

of the three categories that were equally likely to be categorized as health or entertainment 

electronics. Thus, in the high health subcategory numerosity condition five subcategories 

were located under the health category and two subcategories were located under the 

entertainment category, whereas in the high entertainment subcategory numerosity condition 

five subcategories were located under the entertainment category and two subcategories were 

located under the health category (figure 1). Note that the titles of these seven third-level 

subcategories were held constant across the two numerosity conditions. 

 We also manipulated the accessibility of the health and entertainment electronics 

categories through priming. The priming manipulation, which had three levels 

(entertainment, health, and neutral), was carried out through a proof-reading task which was 

described as a separate study to participants. The experimenter instructed participants to read 

a 750-word news story with the goal of identifying 20 misspelled words, to ostensibly assess 

the importance of grammatical correctness in newspapers. In the entertainment category 

prime condition, the story was titled “Survey: E-Entertainment;” in the health category prime 

condition the story was titled “America’s Health Care Crisis;” and in the neutral prime 

condition the story was titled “Canadian-American Relations.” Further, in the entertainment 

category prime condition, the story contained 20 instances of the word “entertainment” and 

no instances of the word “health,” whereas in the health prime condition it contained 20 

instances of the word “health” and no instances of the word “entertainment,” and in the 

neutral prime condition, it did not contain any instances of the words “entertainment” or 

“health.” 
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Procedure. The experimenter greeted passersby in a student union building and asked 

them if they would be interested in participating in two short studies in exchange for one or 

two candy bars, depending on their performance on a proof-reading task in the first study. 

Those who agreed completed a consent form, and then took part in the experiment 

individually. 

In the first part of the experiment, participants completed the proof-reading (priming) 

task. To ensure that they read their assigned stories carefully, the experimenter promised 

them a second candy bar if they succeeded in identifying all of the misspelled words in the 

story. 

After participants completed the priming task, they were asked to participate in the supposed 

second study.  For this part of the study, participants first familiarized themselves with their 

assigned category structure by placing squares of paper with the names of 14 familiar 

electronics products (figure 2) under the seven third-level categories. These products had 

been chosen on the basis of a pretest which showed that people reliably placed two of the 

products into each of the seven third-level categories  

------------------------------ 

Insert figure 2 about here 

------------------------------ 

 

Next, the experimenter presented participants with a description of a fictitious new 

product called the Exercise Buddy (figure 3). The Exercise Buddy was a hybrid product that 

had shared characteristics with both familiar entertainment electronics (e.g., stores up to 1 Gb 

of MP3s) and familiar health electronics (e.g., monitors number of calories burned) products. 

The results of a pre-test indicated that participants were equally likely to categorize the 
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Exercise Buddy as an entertainment or health electronics product, when given a list of five 

general categories of electronics from which to choose (communications, entertainment, 

health, home, and office). In the experiment, participants categorized the Exercise Buddy 

either by placing a square of paper containing its name under one of the seven third-level 

categories in their assigned category structure, or by constructing a new third-level category. 

To construct a new category, participants wrote the name of the new category directly onto 

their assigned category structure in one of two blank spaces –one with a subordinate 

relationship to the second-level entertainment category, and one with a subordinate 

relationship to the second-level health category (figure 1). The dependent measure of primary 

interest was whether participants constructed a new third-level category as a subordinate of 

the second-level entertainment category or as a subordinate of the second-level health 

category. Finally, participants completed a questionnaire that contained several demographic 

questions (e.g., gender, age, academic major) and an open-ended suspicion probe. On 

completion of the questionnaire, participants were debriefed and given the promised reward 

of one or two candy bars.   

 

------------------------------ 

Insert figure 3 about here 

------------------------------ 

  

Results and Discussion 

 

Based on an independent coder’s judgments of responses to the suspicion probe, we 

excluded five participants who might have been hypothesis aware. Four of these participants 

guessed that the first and second studies were related, and one suggested that the number of 
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third-level categories connected to the second-level entertainment and health categories may 

have influenced her construction of a new category for the Exercise Buddy. After these 

exclusions, the study had 91 valid participants. 

 All 91 of the study’s valid participants categorized the 14 familiar products into the 

third-level categories that we expected (figure 2). Thus, each participant accessed each of the 

seven third-level categories twice (by placing two products into it) before categorizing the 

new Exercise Buddy product. 

 

 Category Activation. Hypothesis 1 states that the probability that a person will 

construct a new category as a subordinate of a particular category i is proportional to the 

relative number of categories that are already subordinate to i. In this experiment, the relative 

number of third-level categories that were subordinate to the two second-level categories 

(entertainment and health) varied across the two subcategory numerosity conditions.  In the 

high entertainment (health) subcategory numerosity condition, five third-level categories 

were subordinate to the second-level entertainment (health) category, and two third-level 

categories were subordinate to the second-level health (entertainment) category (figure 1). 

Thus, based on Hypothesis 1, we predicted that among those participants who received a 

neutral prime and subsequently chose to construct a new category for the Exercise Buddy, 

five out of seven, or approximately 71%, would construct the category as a subordinate of the 

entertainment (health) category in the high entertainment (health) subcategory numerosity 

condition. 

 To test Hypothesis 1, we first examined the categories constructed by participants in 

the high entertainment subcategory numerosity condition who had received a neutral prime. 

Twenty-one of the 22 valid participants in this condition chose to construct a new 

subcategory for the Exercise Buddy. Consistent with our prediction, significantly more of 
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these participants constructed a new third-level category as a subordinate to the second-level 

entertainment category (N = 16) than as a subordinate to the second-level health category (N 

= 5, χ2(1) = 5.76, p < .05, w = .523)3. Furthermore, the percentage of participants who 

constructed a third-level category as a subordinate to the entertainment category rather than 

as a subordinate to the health category (76%) was statistically equal to 71% (χ2(1) = .27, 

p > .50, w = .105), as we predicted. 

 We next examined the categories constructed by participants in the health high 

category numerosity condition who received a neutral prime. All 23 valid participants in this 

condition chose to construct a new category for the Exercise Buddy. Consistent with our 

prediction, significantly more of these participants constructed a new third-level category as a 

subordinate to the health category (N = 17) than as a subordinate to the entertainment 

category (N = 6, χ2(1) = 5.26, p < .05, w = .479). Furthermore, the percentage of participants 

who constructed a third-level category as a subordinate to the health category rather than as a 

subordinate to the entertainment category (74%) was statistically equal to 71% (χ2(1) = .09, 

p > .75, w = .055), as we predicted. 

 Together, the results in both the high entertainment and health subcategory 

numerosity conditions support Hypothesis 1, i.e., the probability that a person will create a 

new category as a subordinate of a particular category i is proportional to the relative number 

of categories that are already subordinate to i. 

  

 Priming. We proposed that accessibility is the mechanism that underlies this effect, 

i.e., that people are more likely to construct a new category as the subordinate of a category 

that already has many subordinates, because categories with more subordinates are more 

activated or accessible. Thus, we expected that the effect of the subcategory numerosity 

                                                 
3 We report Cohen’s (1988) index of effect size, w. 
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manipulation on category construction that we observed in the first part of this experiment 

was due to the higher accessibility of the second level categories in the high numerosity 

condition.  

To test this mechanism, we employed a priming manipulation to increase the 

accessibility of the category that we predicted to be less accessible in each condition. 

Specifically, we primed a group of participants in the high entertainment subcategory 

numerosity condition with a health theme, and primed a group of participants in the high 

health subcategory numerosity condition with an entertainment theme. We predicted that this 

priming manipulation would diminish the effect of the subcategory numerosity manipulation 

on category construction. 

 We first examined the categories constructed by participants in the high entertainment 

subcategory numerosity condition who received a health prime. All 22 valid participants in 

this condition constructed a new category for the Exercise Buddy. Consistent with our 

prediction, the number of these participants who constructed a new third-level category as a 

subordinate to the entertainment category (N = 13) was statistically equal to the number who 

constructed a new third-level category as a subordinate to the health category (N = 9, χ2(1) = 

.73, p > .25, w = .182). Furthermore, the percentage of participants in this condition who 

constructed a third-level category as a subordinate to the entertainment category rather than 

as a subordinate to the health category (59%) was marginally significantly different from the 

76% that we observed among those participants in the high entertainment subcategory 

numerosity condition who received a neutral prime (χ2(1) = 3.45, p < .06, w = .401). 

Next, we consider the categories constructed by participants in the high health 

subcategory numerosity condition who received an entertainment prime, All 22 of the 24 

valid participants in this condition chose to construct a new category for the Exercise Buddy. 

Consistent with our prediction, the number of these participants who constructed a new third-
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level category as a subordinate to the health category (N = 12) was statistically equal to the 

number who constructed a new third-level category as a subordinate to the entertainment 

category (N = 10, χ2(1) = .18, p > .50, w = .089). Furthermore, the percentage of participants 

in this condition who constructed a third-level category as a subordinate to the health 

category rather than as a subordinate to the entertainment category (55%) was significantly 

different from the 74% that we found among those participants in the high health subcategory 

numerosity condition who received a neutral prime (χ2(1) = 4.33, p < .05, w = .442). 

Together, the results of priming participants in the high entertainment subcategory 

numerosity condition with a health vs. a neutral theme and priming participants in the high 

health subcategory numerosity condition with an entertainment vs. a neutral theme, support 

our proposition that 1) people are more likely to construct a new category as the subordinate 

of a category that already has many subordinates, and 2) that this effect occurs because 

categories with more subordinates are more accessible. 

 

STUDY 2: EMPIRICAL TEST OF THE CAM 

 

 In study 1, we provided experimental support for Hypothesis 1 in a new product 

context. The purpose of study 2 was to empirically test Hypothesis 1 in a naturalistic setting, 

and to thereby enhance the generalizability of our findings, by analyzing the developing 

structures of user directory trees on internet servers. 

 

Overview 

 

Many computer users organize their files within directory trees. For example, a 

professor’s directory tree might contain directories for several research projects, and 
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subdirectories containing files for each of these projects. Similarly, a student’s directory tree 

might contain directories for several courses, and subdirectories containing homework 

assignments and lecture notes for each of these courses. Computer users typically develop 

their directory trees over time, creating new directories as they accumulate more files. 

 Each time a computer user constructs a new directory, he or she must decide where to 

position it within the existing directory tree. For example, consider a professor who 

constructs a new directory for a group of files. If the files are related to both a research 

project on which the professor is working and to a course that he or she teaches, then he or 

she might construct the new directory either as a subordinate of an existing directory for the 

research project or as a subordinate of an existing directory for the course. 

 Based on our hypothesis, we predict that if the professor’s research project directory 

has five subdirectories and his or her course directory has three subdirectories, then he or she 

will construct a new directory as a subordinate to the research project directory with 

probability 5/8 and as a subordinate to the course directory with probability 3/8. 

The mathematical literature refers to trees that result from a process where nodes 

(directories) are created with probabilities that are proportional to their degrees (number of 

connected subdirectories) as plane oriented recursive trees or ordered recursive trees (Smythe 

and Mahmoud 1995). Thus, based on Hypothesis 1, we predict that the directory trees of 

computer users are plane oriented recursive. 

 Mathematical theory suggests that plane oriented recursive trees have a power-law 

degree distribution, such that: 

 

     ( ) ,1γ−≈ kkL       (4) 
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where L(k) denotes the proportion of nodes with degree at least k (Smythe and Mahmoud 

1995). Mori (2002) showed that if the probability that a new node (node n + 1) will be 

connected to a particular existing node (node i) is proportional to the degree of the existing 

node (di) plus a constant (β), then: 

 

     .21 βγ +=       (5) 

 

 Using this result, in the current study, we test whether directory trees created by more 

than 1,600 computer users on three internet servers have a power-law degree distribution, and 

we estimate γ1. We also analyze the construction of more than 3,000 new directories by 25 

users using time stamps associated with each directory. 

 

Method 

 

 We wrote a program to collect data on the developing structure of users’ directory 

trees on internet servers. When executed, the program records a snapshot of all user directory 

trees on a server, and stores the exact creation time of each directory within each user’s tree. 

With the permission of information systems managers, we ran our program on faculty 

internet servers at two large universities, and on a student internet server at a high school 

affiliated with one of these universities. The program collected data on the directory trees of 

more than 1,600 computer users. 

 

Data 
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Our data consist of 14,674 directories created by 115 users on the first university’s 

faculty server (server 1), 17,982 directories created by 137 users on the second university’s 

faculty server (server 2), and 35,638 directories created by 1,412 users on the high school’s 

student server (server 3). 

 

Results and Discussion 

 

Degree Distribution. Hypothesis 1 states that the probability that a person will 

construct a new category as a subordinate of a particular category i is proportional to the 

relative number of categories that are already subordinate to i. Based on this hypothesis, we 

predict that the directory trees of computer users have a power-law degree distribution. We 

tested this prediction by log-transforming both sides of equation 4 ( ( ) 1γ−≈ kkL ) and 

performing OLS regression on the empirical degree distributions of the three servers (table 

1). R2 exceeded .9 for two of the regressions and exceeded .6 for the third, suggesting that 

user directory trees on all three servers have a power-law degree distribution, as we predicted. 

 

----------------------------- 

Insert table 1 about here 

----------------------------- 

 

 Furthermore, estimates of the power function exponent (γ1) are similar for users’ 

directory trees on all three servers ( 1,1γ̂  = 1.62, 2,1γ̂  = 1.13, 3,1γ̂  = 2.20), and roughly 

correspond to Barabasi and Albert’s (1999) finding that many naturally occurring networks 

have a power law degree distribution with an exponent of approximately 2. 
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 Overall, the degree distribution of user directory trees on three internet servers is 

consistent with our prediction that directory trees are plane oriented recursive, and with 

previous empirical research on random networks, thereby supporting Hypothesis 1. 

 

 Directory Construction. Next, we directly tested Hypothesis 1 by analyzing the 

developing structures of 25 computer users’ directory trees. In addition to recording a 

snapshot of all user directory trees on three servers, our program also stored the time at which 

each directory in each directory tree was constructed. Using these time stamps, it is possible 

to trace the development of each directory tree from a single directory to its structure at the 

time of the study. 

 Each time a user constructs a new directory, he or she must decide where to position it 

within his or her existing directory tree. Specifically, the user must decide whether or not to 

position the new directory as a subordinate to each of the existing directories within the 

directory tree. According to the CAM, the user’s decision for the ith new directory that he or 

she constructs is a random variable (Xi) with probabilities that are proportional to the relative 

number of directories that are subordinate to each of the relevant existing directories (
iXd ). 

 For each new directory that a particular user constructed, we recorded the number of 

subordinate directories that previously existed within the parent directory (the degree of the 

parent node). Thus, for each directory construction (Xi) we captured a single realization (xi) 

and its degree (
ixd ). For example, consider again the example of a professor who constructs a 

new directory (directory i) for a group of files, and considers positioning this new directory 

either as a subordinate of a research project directory (directory 1) that has five subordinates, 

or as a subordinate of a course directory (directory 2) that has three subordinates. If the 

professor constructs directory i as a subordinate of the research project directory, then xi = 1 
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and 
ixd  = 5, whereas if the professor constructs directory i as a subordinate of the teaching 

directory, then xi = 2 and 
ixd  = 3.  

 We approximated the distribution of 
iXd by assuming that each user’s actual directory 

tree had a power-law degree distribution ( ( ) 1γ−≈ kkL ), as our previous analyses indicated. 

We show in the appendix that the relevant existing directories that the user considers as 

potential parent directories for a new directory also have a power-law degree distribution 

with an exponent of γ2 = 1 + β . In other words, this exponent is exactly one less than that of 

the degree distribution of the entire directory tree (γ2 = γ1 – 1). 

 Since we examined each user’s creation of all i directories in his or her directory tree, 

our sample for each user consisted of a single realization (xi) and its degree (
ixd ) for each of 

these i decisions (Xi). Although our sample for each user consisted of observations on i 

different random variables, we used the pooled sample to empirically test the cumulative 

distribution function. We compared the degree distribution of the parent directories to the 

degree distribution of the entire directory tree.  

If the user constructed the new directories uniformly, such that the number of 

subordinates of potential parent directories did not influence his or her decisions, then γ1 

should equal γ2. However, if the probability that a user constructed a new directory as a 

subordinate of a particular directory was proportional to the relative number of categories that 

were already subordinate to it, then the difference between γ1 and γ2 should equal 1. We 

tested this prediction by estimating γ1 and γ2 for the 25 users in our sample with the most 

developed directory structures (the greatest number of directories). We conclude that γ1 and 

γ2 are significantly different for all 25 users in our sample (table 2), with a mean difference of 

.844. 
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----------------------------- 

Insert table 2 about here 

----------------------------- 

 

 Overall, our analysis of the developing directory tree structures of 25 computer users 

on three internet servers is consistent with our prediction that 121 =− γγ , thereby further 

supporting Hypothesis 1. 

 

GENERAL DISCUSSION 

 

 In this article, we utilized recent mathematical research on the growth of random 

networks to develop a model that describes how people construct new categories within 

hierarchical category structures. The category activation model (CAM) represents a 

hierarchical category structure as a network, and describes the continuous spread of 

activation through this network. We used this model to show that the activation level of a 

particular category is a linear function of the number of categories with subordinate 

relationships to it. Building on previous mathematical research on preferential attachment, or 

the tendency of links to form between new nodes in a network and those existing nodes that 

have the highest levels of activation (Smythe and Mahmoud 1995), we hypothesized that the 

probability that a person will construct a new category as a subordinate of a particular 

category i is proportional to the relative number of categories that are already subordinate to 

i. The experiment reported in Study 1 showed that indeed the probability of creating a new 

subcategory depends on the relative number of subcategories with a subordinate relationship 

to the superordinate category. We also showed that this occurs because categories with more 

subordinate subcategories are more activated and accessible, as the effects of subcategory 
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numerosity were eliminated through the countervailing priming of the alternative category 

with less numerous subcategories. Although additional factors such as subcategory similarity 

might also influence the location of a new subcategory, our results cannot be explained by 

similarity alone. The number of subordinate categories and the resulting activation of the 

category clearly contribute to the location of a new subcategory.  Support for Hypothesis 1 

was also obtained in Study 2, which analyzed the construction of directory trees on servers in 

a naturalistic setting, thus providing a demonstration of the validity of the CAM model in an 

externally valid context. 

Our research has broad applicability. For example, in addition to categorizing 

products, consumers also categorize expenditures by placing them into “mental accounts” 

(Thaler 1999). When consumers incur a new expenditure that has shared characteristics with 

existing expenditures in multiple mental accounts, they must decide within which of these 

accounts to place the new expenditure. For example, since dining at a restaurant with live 

music involves both eating and listening to a performance, consumers may categorize the 

associated expenditure into either a food account or an entertainment account (Cheema and 

Soman 2006). 

 The mental account to which an expenditure is assigned can affect consumers’ 

willingness to incur additional expenditures, due to the effects of mental budgeting (Heath 

and Soll 1996). It follows that if managers could predict how consumers construct new 

mental accounts and budgets, they could price their products appropriately. For example, if 

market research were to indicate that consumers have larger mental budgets for food than for 

entertainment, managers might want to charge more for a new product if they believe that 

consumers will construct an account for it as a subordinate to a food account rather than as a 

subordinate to an entertainment account. Furthermore, research showing that managers can 

strategically influence consumers’ categorization of a product (Sujan and Bettman 1989) 
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combined with recent research showing that mental accounts are malleable (Cheema and 

Soman 2006) suggests that managers may be able to strategically influence consumers’ 

categorization of an expenditure by manipulating the manner in which information about the 

expenditure is presented. Research in marketing has not yet examined these possibilities. 

Future research could utilize the CAM to describe how consumers construct new mental 

accounts.  

 An exciting direction for future research is the prospect of using the CAM not only to 

predict, but also to influence, category construction. To test this possibility, we conducted 

two extension studies in which participants received a mental accounting category structure 

that consisted of one top level category (expenditures), two second-level categories 

(entertainment and food), and seven specific third-level categories (e.g., groceries). We 

manipulated the activation level of the second-level entertainment and food categories 

through the number of third-level categories with subordinate relationships to them. Five 

third-level categories were subordinate to the second-level entertainment (health) category, 

and two third-level categories were subordinate to the second-level health (entertainment) 

category in the high entertainment (health) subcategory numerosity condition, with the same 

set of seven third-level categories in both conditions. We then presented participants with a 

familiar but ambiguous transaction that could be categorized either as an entertainment 

expenditure or as a food expenditure (Cheema and Soman 2006), and gave them the 

opportunity to construct a new third-level category for it. 

In the first extension study, we utilized a familiar but ambiguous transaction that, 

based on a pre-test, participants would be statistically equally likely to categorize as an 

entertainment expenditure or a food expenditure in the absence of a category activation 

manipulation (cake with colleagues at a coffee shop, $3). When we presented this transaction 

to participants in our study, we found that significantly more participants in the high 
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entertainment (food) subcategory numerosity category condition constructed a new third-

level category for it with a subordinate relationship to the second-level entertainment (food) 

category rather than to the food (entertainment) category. Thus, by manipulating the relative 

number of categories with subordinate relationships to the entertainment and food categories, 

we were able to influence the manner in which participants categorized a familiar transaction.  

In the second extension study, we utilized a familiar but ambiguous transaction that, 

based on a pre-test, participants would be significantly more likely to categorize as an 

entertainment expenditure than as a food expenditure (ice cream with friends at an ice cream 

parlor, $4). When we presented this transaction to participants in our study, we found that 

whereas significantly more participants in the high entertainment subcategory numerosity 

condition constructed a new third-level category for it with a subordinate relationship to the 

second-level entertainment category rather than the food category, a statistically equal 

number of participants in the high food subcategory numerosity condition constructed a new 

third-level category for it with a subordinate relationship to the second-level entertainment 

and food categories. Thus, by manipulating the relative number of categories with 

subordinate relationships to the entertainment and food categories, we were able to influence 

the manner in which participants categorized a familiar transaction that they were otherwise 

significantly more likely to think of as an entertainment expenditure than as a food 

expenditure. 

Together, the results of these two extension studies suggest that the CAM may be 

used not only to predict how people construct categories for newly encountered entities, but 

also to influence how they categorize familiar entities. Thus, the CAM has a variety of 

potential applications that future research should explore in greater depth. 
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APPENDIX 

Showing that β+= ii da  

 

We prove that the limit solution of the iterative process, presented in equation (1) is  

 

β+= ii da ,      (6) 

 

as claimed in equation (3). In the proof we are not interested in the real activation level of a 

node i, ( )t
ia , but rather in the part of this activation that spreads over the network (some 

remains at the node and some is lost). The effective activation that spreads across the network 

is ( ) β−t
ia , following equation (1), if we write it in the form: 
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To show convergence, we add a damping factor 0>δ  to the model. We extend 

equation (1) to 
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The damping factor can be thought of as a natural error that occurs during the spread of 

activation, where δ  part of the activation does not spread over the links but spreads 

completely randomly in the network. In order to proceed with the proof, we define a 

weighted directed network on the basis of the undirected network that represents the category 
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structure. For every undirected link we put a directed link in both directions with 

weights δ−1 for each. Then we add a directed link from every node to every other node with 

weight δ (if there has been already a link with weight ,1 δ−  we add δ  and have a weight of 

1 on that link). We will use this network to represent the transition probabilities of the 

activation. In every step, the effective activation of a node spreads through the directed links 

proportionally to the weight on the links. This way, in every step δ−1  part of the activation 

spreads through the links defined by the category structure and δ  part spreads randomly. 

According to Langeville and Meyer (2004) this process converges to a unique stationary 

distribution. Thus, if we find the stationary distribution, it must be the limit. It is easy to see 

that β+= ii da  is a stationary point for 0=δ , since it satisfies equation (2). Thus, the limit 

activation as 0→δ  and ∞→t  must be β+= ii da . 

 

Showing that γ2 = γ1 - 1 

 

Assume that each user’s actual directory tree has a power-law degree distribution 

( ( ) 1γ−≈ kkL ). We then calculate the probability that the degree of a randomly selected new 

node is greater than or equal to k (where k ≥   1) by summing the probabilities assigned to 

nodes with higher degrees: 
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Thus, as ∞→i , ( ) ,~ 2γ−′≥ kckdP
iX where γ2 = 1 + β. 
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TABLE 1: OLS REGRESSION OF LOG TRANSFORMED EMPIRICAL DEGREE 

DISTRIBUTIONS 

 
Server 1 (N = 14,674 directories) 

Source SS df MS  F(1,13)            = 4006.81 
Model 2.70005 1 2.70005  Prob > F          = .0000 
Residual .00867 13 .00067  R-squared        = .9968 
Total 2.70881 14 .19349  Adj. R-sq. = .9965 

   Root MSE = .02596 
    
 Estimate Std. Err. t P > |t| 95% Conf. Interval 

log(k) -1.62492 .02567 -63.30 0.000 -1.68038 -1.56946
constant 4.14962 .02376 174.64 0.000 4.09829 4.20095

 
 
 

Server 2 (N = 17,982 directories) 
Source SS df MS  F(1,13)            = 26.17 

Model 1.30634 1 1.30634  Prob > F          = .0002 
Residual .64886 13 .04991  R-squared        = .6681 
Total 1.95520 14 .13966  Adj. R-sq. = .6426 

   Root MSE = .22341 
    
 Estimate Std. Err. t P > |t| 95% Conf. Interval 

log(k) -1.13025 .22093 -5.12 0.000 -1.60753 -.65296
constant 3.05909 .20450 14.96 0.000 2.61730 3.50088

 
 
 

Server 3 (N = 35,638 directories) 
Source SS df MS  F(1,13)            = 426.94 

Model 4.92805 1 4.92805  Prob > F          = .0000 
Residual .15005 13 .01154  R-squared        = .9705 
Total 5.07810 14 .36272  Adj. R-sq. = .9682 

   Root MSE = .10744 
    
 Estimate Std. Err. t P > |t| 95% Conf. Interval 

log(k) -2.19524 .10624 -20.66 0.000 -2.42477 -1.96573
constant 4.76980 .09834 48.50 0.000 4.55734 4.98225
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TABLE 2: COMPARISON OF γ1 AND γ2 ESTIMATES FOR 25 SERVER USERS 
 

 
 
 

User 1γ̂  2γ̂  1γ̂ - 2γ̂  t p 
1 1.715 0.807 0.907 17.45 0.000 
2 1.523 0.816 0.707 5.81 0.000 
3 1.847 0.596 1.252 10.29 0.000 
4 1.706 0.709 0.997 20.82 0.000 
5 1.068 0.213 0.855 2.65 0.029 
6 1.653 1.296 0.357 2.76 0.025 
7 1.401 0.684 0.717 5.73 0.000 
8 1.566 0.957 0.609 7.13 0.000 
9 1.637 1.073 0.564 4.10 0.003 

10 1.548 0.252 1.296 7.28 0.000 
11 1.791 0.236 1.555 8.42 0.000 
12 1.653 0.851 0.802 8.55 0.000 
13 1.572 0.840 0.732 13.35 0.000 
14 1.721 0.740 0.982 8.71 0.000 
15 1.472 0.686 0.786 3.23 0.012 
16 1.704 0.883 0.821 10.73 0.000 
17 1.675 0.795 0.880 9.80 0.000 
18 1.605 0.935 0.670 6.49 0.000 
19 2.166 1.335 0.831 4.66 0.000 
20 1.274 0.505 0.769 5.20 0.001 
21 1.491 0.568 0.923 10.16 0.000 
22 1.487 0.905 0.581 4.58 0.002 
23 1.475 0.330 1.144 7.10 0.000 
24 1.854 1.163 0.690 8.08 0.000 
25 1.522 0.838 0.685 7.81 0.000 
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 FIGURE 1: CATEGORY STRUCTURES BY CONDITION 
 

More Numerous Entertainment Category Condition 

 
 

More Numerous Health Category Condition 
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FIGURE 2: EXISTING ELECTRONICS PRODUCTS BY PRE-TEST CATEGORY 
 

Home Theatre 
     Kenwood Stereo System with Dolby Digital 5.1 
     Sony High Definition Television with Ultra Flat Screen 
Computer Peripherals 
     Thrustmaster cockpit simulator with joystick and floor pedals 
     Logitech webcam with face-tracking software 
Medical Devices 
     Welch Allyn blood pressure monitor with digital display 
     Minimed Insulin pump with backlit display 
Dental Devices 
     Oral-B electric toothbrush, with floss action brush head 
     Phillips ultra-sonic plaque remover with adjustable intensity 
Exercise Equipment 
     Pacific Fitness treadmill with 25% maximum incline 
     ProForm stationary bicycle with 30 pre-programmed courses 
Nutrition Aids 
     Juiceman smoothie-maker with 20 speed settings 
     Omega electric wheatgrass juicer with twin gear technology 
Massage Devices 
     Human Touch robotic massage recliner with heat 
     Sonic Skin ultrasonic face massager with anti-wrinkle cream 
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FIGURE 3: DESCRIPTION OF A FICTITIOUS NEW PRODUCT 
 

 
 

 

NEW: Exercise Buddy 
 

Exercise Buddy makes working-out fun and safe: 
• Stores up to 1 Gb of MP3s -Jam out to your favorite music! 
• Built-in AM, FM, and XM radio -Tune in to your favorite programs! 
• Continuously monitors your heart rate, blood pressure, body temperature, and 

hydration levels –Keep your work-out safe! 
• Monitors the number of calories you have burned –Take the guesswork out of 

weight loss!  
• Connects to your computer or high definition TV via Bluetooth -Continuously 

monitor your vital levels! 
• Uploads exercise data to your computer -Track your progress! 
• Slim, shock resistant case –Tougher than your opponent in full-contact sports! 


