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Abstract

The Automatic Social Categorization Test: Validating a New Measure

Mara P. Sedlins

Chair of the Supervisory Committee:
Professor Yuichi Shoda
Department of Psychology

Categorization is an essential process in making sense of the world. However, it simplifies
perception in a way that distorts reality to some degree. For instance, the color spectrum is a
continuum of wavelengths; but colors are grouped into linguistically defined categories (Berlin
& Kay, 1969). Although people can tell the difference between different hues within a category,
they are better at discriminating colors from different categories than colors from the same
category, even if they differ by the same degree in terms of physical wavelength. Harnad (2003)
describes this process as “'warping' perceived similarities and differences so as to compress some
things into the same category and separate others into different categories.” This dissertation
describes the Automatic Social Categorization Test (ASCAT), a new way to measure the extent
to which this process occurs for social categories (e.g., gender, age, race) by examining
confusion errors among stimuli that vary continuously between two categories. We operationally
define automatic categorical perception as the degree to which confusion rates are higher for a
pair of stimuli within the same subjective category than for a pair belonging to different
subjective categories. We first present a series of validation studies with non-social stimuli,
showing that automatic categorical perception is stronger for categorical stimuli (i.e., with a gap

in the middle) than for continuous stimuli. Next, we extend our method to social stimuli (i.e.,



morphed faces varying in racial composition), demonstrating a categorical trend that is reduced
when social information is removed (i.e., when the faces are scrambled). The degree of
automatic social categorization also depends on which social category is presented; faces varying
in gender and race are perceived more categorically than faces varying in age. Finally, we show
that there are reliable individual differences in automatic race categorization that cannot be
attributed to working memory ability or differential fatigue effects. Performance on the ASCAT
is also relatively stable across multiple testing sessions. These results suggest that the ASCAT is
a useful new tool for research on the correlates and consequences of automatic social

categorization.
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CHAPTER 1. INTRODUCTION

Many aspects of the world vary continuously; for instance, light varies in wavelengths,
musical pitches vary in frequency, and speech sounds vary in factors like voice onset time
(which makes the difference between the sounds /ba/ and /pa/). Yet, people tend to experience
the world in terms of categories (e.g., colors, musical notes, phonemes). Researchers have taken
a variety of different theoretical and empirical approaches to understanding this phenomenon.
Most generally, the process of categorization is fundamental to perception, cognition, and
language (Harnad, 1987; Medin, 1989) and has been a focal point of important debates in
cognitive research (e.g., whether categories are represented by prototypes or exemplars; whether
similarity judgments are best accounted for by spatial or feature set models). However, the focus
of this dissertation is categorical perception, specifically defined as a differential ability to
discriminate pairs of stimuli depending on where they are located along a continuum. A poorer
ability to tell two items apart is interpreted as an indication that they have been parsed into the
same category. In addition to documenting categorical perception (which has already been done
in many ways and in many domains; see a brief review below), we are interested in exploring
differences in the degree to which this phenomenon occurs, focusing on the domain of social
categories. Do some social dimensions (e.g. gender) elicit stronger categorical perception than

others? Do people differ in their tendencies to categorize others?

In order to answer these questions, we have developed a measurement tool we call the
Automatic Social Categorization Test (ASCAT). A detailed description of the task will follow in
Chapter 2, but briefly, it is a sequential discrimination task based on the 2-back memory
procedure, which was originally developed for use in neuroimaging studies of verbal working
memory (Smith, Jonides, Marsheutz, & Koeppe, 1998). Participants are presented with targets
one at a time on a computer screen and are asked to indicate whether each one is identical to the
last target. In our version of the task, targets are faces that vary along a social continuum (e.g.,
from a White face to a Black face). The task is designed to be difficult enough that participants
will make errors, but not too difficult with stimuli that are difficult to verbalize (i.e., faces;

Schooler & Engstler-Schooler, 1990).

One reason we chose a memory performance task to assess categorical perception is that

we think it reduces the opportunity for self-presentation bias. Historically, categorical perception



research has focused on fairly neutral domains, such as colors or phonemes, and methods often
included self-report measures such as direct classifications or similarity ratings. But social
categories are laden with evaluative and affective associations, such as racial stereotypes
(Allport, 1954; Devine, 1989; Tajfel, 1981). To the extent that participants notice that stimuli
vary along a social dimension, they may become sensitized to the fact that they are being
evaluated on how they perceive that attribute and may wish to avoid appearing, for instance, as
someone who thinks “all X people look alike.” However, we think that the indirect and
challenging nature of the memory task reduces the likelihood that participants will alter their

responses in order to present themselves in a particular way.

As we will discuss in greater detail in Chapter 2, we operationalize automatic categorical
perception as a pattern of confusion rates that reflects lower memory errors at a boundary
between categories, typically in the middle of a continuum, than within categories. If a
participant wanted to manipulate their responses to appear less categorical, they would need to
either increase their accuracy for within-category stimuli (typically at the ends of the continuum)
or intentionally make errors for stimuli at the boundary (typically in the middle of the
continuum). This seems unlikely, given the sophistication and complexity of the required
strategy, as well as the difficulty of the task. We require participants to respond fairly quickly,
within 1500 milliseconds on average (see Chapter 2 for timing details). This is enough of a
challenge that the average confusion rate for neighboring stimuli is approximately 50%. Thus,
participants’ attention is likely to be focused on performing the task, without room for thoughts
of how they are self-presenting, much less how they might go about manipulating their responses

in a systematic way.

In addition to making self-presentation bias unlikely, we think the ASCAT taps into the
automatic nature of social categorization. We have chosen to refer to the construct that the
ASCAT measures as “automatic social categorization” (or “automatic categorical perception,”
more generally). Automatic processes specifically are thought to differ from controlled processes
in that they occur outside of awareness and are largely involuntary, unintentional, and effortless
(Macrae & Bodenhausen, 2001). However, we recognize that there are a variety of ways to
describe dual processes in cognition (implicit vs. explicit, unaware vs. aware, unconscious vs.

conscious, intuitive vs. analytic, direct vs. indirect, and procedural vs. declarative; Greenwald &



Banaji, 1995), and several of these distinctions may be relevant to the ASCAT. The task might
be described as an indirect measure in that we infer representational categories from participants’
errors. It might also be considered implicit to the degree that participants’ performance on the
task is influenced by past experience in a way that they are not able to report. For instance, the
degree to which a participant confuses faces that have similar racial phenotypes might be

affected by the racial diversity they were exposed to growing up.

We have not systematically tested these aspects of ASCAT performance, but research in
stereotyping suggests that the activation of social category information occurs automatically
(e.g., Brewer, 1988; Devine, 1989; Fiske & Neuberg, 1990). To the extent that social
categorization is a prerequisite for stereotype activation, social categorization processes are
likely to be automatic as well. In fact, social categories like age, gender, and race are noticed
very quickly — in the case of race, as soon as 120 ms after being exposed to a target face (Ito
references). Because the ASCAT requires a fairly quick response (participants are given a
response window of about 1500 ms per trial), performance is likely to reflect encoding processes

on a timescale similar to perception of these categories in the real world.

The studies presented in this dissertation aim to validate the ASCAT as a measure of
automatic categorical perception, capable of detecting variation in the strength of this tendency
across social categories and individuals. But first, to situate the present research with regard to
related literatures, below follows a selective review of categorization, models of similarity,

categorical perception, and social categorization.
Categorization (object concepts and general knowledge structures).

Categorization is a fundamental cognitive process. Categories allow people to view the
world in terms of discrete objects and ideas rather than an infinitely varying array of stimuli.
They allow items belonging to the same category to be treated equivalently, guiding people’s
behavior. By classifying an item as, say, a chair, then one knows the item can be sat upon. There
has been a good deal of theoretical and empirical work on general categorization processes (for
reviews, see Rosch, 1978; Medin & Smith, 1984; Smith & Medin, 1981; Medin, 1989),
addressing the structure of category knowledge, classification strategies, and the relation

between categories and variation in the real world.



The classical view of concept structure held that a category should be definable based on
a finite set of rules. For instance, the category “bachelorette” requires being an adult, never
married, eligible, living, female, and human. Thus, any given stimulus can be determined as
either belonging to a category or not in an all-or-none fashion. This view is problematic because
for many categories, it is difficult to come up with an adequate set of defining rules (e.g., the
category “games”; Wittgenstein, 1953), and category membership is often not all-or-none. Some
instances of a category are better than others (e.g., a robin is seen as a better example of the
category “bird” than an ostrich; Rosch, 1973), and there are ambiguous cases which do not
clearly fall into or outside of a given category (e.g., is croquet a sport or not?; McCloskey &

Glucksberg, 1978).

Because of these issues, the probabilistic view of concept structure is preferred by
scholars. This view allows for the existence of “fuzzy categories” which have a graded structure;
categories are defined by clusters of correlated attributes rather than by all-or-none rules, so
particular items can be more or less typical of a category (Rosch, 1973; 1975; Rips, Shoben, &
Smith, 1973; Smith, Shoben, & Rips, 1974; Barsalou, 1985). Thus, although people have a
tendency to parse the world into categories, they also perceive variation within categories. This
perspective in turn allows for the possibility of variation in the “categoricalness” of categories.
That is, since categories do not need to be all-or-none, then some categories can be more discrete
than others. Also, people may vary in their tendency to perceive variation within categories, in

their sensitivity to the fact that some items are more typical of a category than others.

Given the probabilistic view of categorization, a further debate in this field concerns how
people determine how typical of a category a particular item is; is it compared to an idealized
prototype of that category (Posner & Keele, 1968; Reed, 1972; Rosch & Mervis, 1975), or to
specific exemplars of the category that have been encountered in the past (Medin & Schaffer,
1978; Nosofsky, 1986; 1992)? Although each of these models has empirical support, there is not
a general consensus on which one is correct. With regard to the phenomena explored in this
dissertation, the tendency to view continuously varying stimuli in a more or less categorical
manner could be explained by either the prototype or the exemplar theory of categorization. That

is, a particular social target could be compared to either a prototype of a social category (e.g., a



“stereotypical Black person”) or to exemplars of the category (e.g., “Black people I have met”).

Thus, we do not take a stance on this particular debate.

An issue that relates more directly to this dissertation is the relation between conceptual

categories and variation in the real world. One possible view is that

“... the physical and social environment of a young child is perceived as a continuum. It
does not contain any intrinsically separate ‘things.” The child, in due course, is taught to
impose upon this environment a kind of discriminating grid which serves to distinguish
the world as being composed of a large number of separate things, each labeled with a
name” (Leach, 1964, p. 34, as quoted in Rosch, Mervis, Gray, Johnson, & Boyes-Braem,
1976).

However, Rosch et al. claim that variation in the world is not intrinsically unstructured, and the
“discriminating grid” we use to make sense of the world is not imposed in an arbitrary way.
There seem to be natural ways of grouping items based on patterns of co-occurrence in their
attributes. For instance, feathers are more likely to co-occur with wings than is fur, so the
category “bird” is more likely than a category representing “furry things that have wings.” There
are also levels of abstraction that are more informative than others; knowing that something is a
bird tells us more about that object than knowing it is an animal, but knowing that it is
specifically a robin does not add information that would significantly change predictions about
or behavior toward it. Rosch and colleagues argue that the most common and useful categories

are these basic objects.

The application of this idea to the social domain is complicated, because while some
human attributes do vary in predictable ways (e.g., depending on the particular culture and time
period, having long hair might co-occur more frequently with being a woman than with being a
man), people often have inaccurate beliefs about the ways in which social attributes vary (e.g.,
gender stereotypes). However, people may vary in the strength and content of these beliefs, as
well as the extent to which social categories guide behavior (e.g., prejudice). Thus, although
there are likely to be basic levels at which people tend to categorize others (e.g., gender, race,
and age categories), people may vary in the extent to which they find these categories important

and useful. We expect these individual differences to be associated with the tendency to



automatically group people with ambiguous category-relevant attributes (e.g., a gender-neutral
hairstyle) into to one category or another. With the ASCAT, we hope to facilitate the empirical

investigation of this type of question.
Models of similarity.

Closely related to categorization is the study of similarity. If category membership is
determined by similarity to a category prototype or exemplar, then how is similarity represented?
And how can measures of similarity be used to reveal the underlying structure of categories?
Two major approaches to these questions are spatial models (e.g., Shepard, 1962a; 1962b; Kruskal
& Wish, 1978) and feature set models (Tversky, 1977) of similarity.

Spatial models of similarity typically use multidimensional scaling (MDS) to arrange
stimuli in a multidimensional space; similarity is defined as the metric distance between two
items. This technique relies on behavioral indicators of perceived similarity (e.g., similarity
ratings, sorting tasks, or confusion errors) and uses an iterative mathematical function to generate
an optimal arrangement of items such that the distance between each pair reflects their degree of
psychological similarity. The dimensions that emerge from this process and the locations of
items with respect to each other can then be inspected to reveal the structure of underlying
categories. Individual differences in the importance of dimensions can also be examined using
individual differences scaling (INDSCAL; Carroll & Chang, 1970), which generates a common
solution for all participants and assigns each participant a weight for each dimension, indicating

its relative importance for that participant.

One difficulty with spatial models of similarity is that it can be difficult to interpret the
dimensions produced by MDS. Researchers may perform post hoc inspections of the way stimuli
are arranged (a bottom-up approach) or verify the meanings of dimensions with independent
ratings of the stimuli on features they believe to be relevant (a top-down approach), or both.
However, the MDS solution in itself does not explain what the resulting dimensions mean. In

using INDSCAL, it can also be problematic to assume a common solution across individuals.

Tversky (1977) had two fundamental criticisms of the spatial model, leading him to
develop the contrast (or feature set) model as an alternative. First, spatial models assume that

variation among stimuli can be represented by a relatively small number of quantitative



dimensions. Tversky pointed out that this assumption may be appropriate for some domains, but
that many domains vary in more than just a few ways and can vary qualitatively. Secondly, the
metric approach assumes three axioms that similarity judgments do not satisfy: minimality,
symmetry, and the triangle inequality. The minimality axiom implies that an object must be more
similar to itself than to another object, the symmetry axiom implies that the similarity between A
and B must be equal to the similarity between B and A, and the triangle inequality implies that if
A is similar to B and B is similar to C, then A must be similar to C. However, experimental data

have disconfirmed each of these axioms with regard to human perceptions of similarity.

To address these issues with spatial models, the contrast model represents similarity
between two items instead as a weighting of their common and distinctive features. Similarity
increases with the number of features two items share and decreases with the number of features
that are unique to either item. This model also includes parameters for the importance of each

feature in the particular context in which similarity judgment occurs.

Although the ASCAT paradigm is not in principle tied to a spatial model, the stimuli
discussed in this dissertation were developed with a spatial model of similarity in mind; stimuli
are conceptualized as being equally spaced along a social dimension (e.g., race), and the
“distance” between two stimuli is interpreted as the objective similarity between them. This
objective distance is contrasted with the psychological distance between pairs of stimuli,
operationalized as confusion rates. Although MDS is not our primary analytic technique for
interpreting ASCAT data, for illustrative purposes we performed MDS with confusion rates (data
from Study 4), constraining the solution to one dimension. In Figure 1.1, the resulting
psychological distances given by MDS are plotted on the Y axis against the objective distances
between faces morphed between a White face and a Black face. The data suggest a threshold

function characteristic of categorical perception (to be discussed in more detail below).
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The Average Participant’s Perception of Mixed-race Stimuli (N = 135)
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Figure 1.1. Psychological Distance Plotted Against Objective Distance Between Faces Morphed

Between a White Face and a Black Face.

Since the stimuli we have used, such as those shown in Figure 1.1, are based on a spatial
model of perceived similarity, we must bear in mind the criticisms of spatial models when
interpreting our results. Social stimuli vary along many different dimensions, but as it has been
used thus far, our paradigm examines only one dimension at a time. This is reflected in the way
that stimuli are created, as well as in how the data are analyzed. Also, the perceived similarity
between a given pair of faces may vary depending on the context. For instance, if the 100%
Black face is seen as more typical of its group, then the 83.33% Black face may be seen as more

similar to the 100% Black face than vice versa.

It is also possible that the feature set model could explain data obtained from the
ASCAT; rather than representing faces as being closer or farther apart on a social dimension,

participants might represent faces in terms of the proportion of features they have in common. In



fact, during debriefing sessions, participants have occasionally mentioned that they paid attention
to specific features of the faces when determining whether they were identical or not. It is not a
goal of the present research to differentiate between spatial and feature set models of similarity;
whichever form of representation underlies perceived similarity, it is the evidence of changing

degrees of psychological similarity across pairs of faces that we are interested in.
Categorical perception (sensory concepts).

According to Rosch (1977), categorical perception occurs when continuously varying
stimuli are perceived as falling into discrete groups and when stimuli within each group are seen
as interchangeable (i.e., all group stimuli are perceived as more or less equivalent to each other).
For instance, most Japanese speakers do not perceive the difference between English /r/ and /1/
sounds (e.g., the words “rock” and “lock” sound the same; McClelland, Fiez, & McCandliss,
2002). In their minds, /t/ and /1/ belong to the same category of sounds. However, for English
speakers, the two sounds are clearly distinguishable, even though they are physically similar
(Slawinski, 1999). Thus, stimuli that fall near each other on a physical continuum, such as /r/ and
/I/, can be automatically perceived either as the same or different, depending on the categories

they are sorted into by an individual’s perceptual system.

Such discrete changes in discriminability at category boundaries, referred to as
categorical perception (CP), have been documented in a number of domains, including colors
(e.g. Bornstein & Korda, 1984; Rosch, 1975; Winawer, et al., 2007), linguistic phonemes (e.g.,
Liberman, Harris, Hoffman, & Griffith, 1957; MacKain, Best, & Strange, 1981), and musical
intervals (Burns & Ward, 1978; Perlman & Krumhansl, 1996). Categorical perception has also
been documented with faces, with morphed continua created from familiar faces showing a
stronger CP effect than those created from unfamiliar faces (Beale & Keil, 1995; Campanella,
Quinet, Bruyer, Crommelinck, & Guerit, 2002). There is also evidence that facial expressions are
perceived categorically (Calder et al., 1996; Etcoff & Magee, 1992). However, to our
knowledge, only two studies have examined CP of morphed faces varying from one race to
another (Levin & Angelone, 2002; MacLin et al., 2009). The relation of these studies to the

current research will be discussed in greater depth in Chapter 4.
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Measuring categorical perception. Categorical perception (CP) has been defined in a
number of different ways. The most typical definition of CP involves the relation between
identification performance (labeling stimuli as belonging to one category or another) and
discrimination performance (the ability to tell two stimuli apart). However, some definitions use
only identification (Ehret, 1987) or only discrimination performance (Wilson, 1987; Pastore;
1987). The strong definition of CP, consistent with the classical view of categorization described
earlier, holds that items within a category are indistinguishable from one another (e.g., Liberman
et al., 1957). However, this position does not hold up to empirical evidence; for instance, people
are able to hear differences between speech sounds within a phoneme category (Pisoni & Tash,
1974). Another definition requires that discrimination performance be the same within categories
(Eimas, Miller, & Jusczyk, 1987); here, discrimination may be above chance, but it must be

worse than performance between categories.

There are also various ways to measure discrimination performance. The ABX paradigm
presents two targets (A, then B), followed by a third target (X), which is always the same as
either A or B and must be identified as such. A variant of this procedure is the 4IAX paradigm,
in which two pairs are shown, one which is identical, and one with two different stimuli;
participants must identify the non-identical pair. Other researchers have used a same-different
task, in which two stimuli are presented simultaneously, and participants identify whether they
are identical or not; the dependent variable is then accuracy (Goldstone, 1994) or reaction time
(Bornstein & Korda, 1984). Discrimination performance can be inferred in infants, using a
novelty-preference procedure (e.g., Quinn, 2002) or habituation paradigm (e.g., Lasky, Syrdal-
Lasky, & Klein, 1975). It can also be measured in animals; for instance, pigeons can be trained
to respond when two stimuli match, and then tested with stimuli that differ by varying degrees
(e.g, Wright & Cumming, 1971). Non-human primates can be tested for discrimination ability by
being rewarded for one response when presented with identical targets and a different response
when presented with non-identical targets, or being rewarded for identifying a target that

matches a sample (Thompson & Oden, 2000).

In addition to behavioral measures, ERP indicators can be used to measure perceptual
discrimination. For auditory stimuli, mismatch negativity (MMN) response occurs when a series

of identical sounds is occasionally interrupted by a deviant sound (the oddball paradigm); this
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response can occur without conscious awareness and is considered a measure of pre-attentive
processing of sound differences (Nditinen, 2001). The P300 is examined with the same oddball
paradigm but reflects conscious processes (Gaillard & Verduin, 1985), elicited when participants
perform a task in which they must discriminate between different stimuli. Because it reflects a
general task response rather than auditory processing specifically, the P300 measure can be used
with both auditory and visual stimuli. ERP measures of discrimination performance have the
advantage of eliminating the possibility of self-report bias, since they directly measure brain
activity. They also allow researchers to examine the time course of categorization processes.
However, ERP studies are typically more time-consuming and expensive than behavioral studies,
and because they are often limited in their number of participants, they are less conducive to

examining individual differences.

Categorical perception vs. categorical partitioning. Although categorical perception,
defined as better within-category than between-category discrimination, has been documented
with a variety of procedures in a number of stimulus domains, research has not supported the
strict definition of categorical perception, in which within-category stimuli are not
distinguishable from one another at all. For many domains, although participants may be poorer
at discriminating items within a category than between categories, they are still able to make
within-category distinctions. For instance, in color perception research, Bornstein and Korda
(1984) found that reaction times for a same-different judgment task were faster for identical
color pairs than for non-identical color pairs, even if the two colors belonged to the same color

category.

This type of finding has led to a discussion of whether CP is truly a perceptual
phenomenon or whether it is a result of task demands (Massaro, 1987; 1998; Hary & Massaro,
1982). For instance, if a same-different task requires participants to hold items in memory, they
may recode the stimulus as a verbal label in order to remember it (Pisoni, 1971, 1973; Pisoni &
Lazarus, 1974), producing a categorical pattern of responses even if participants originally
perceived the stimuli to vary continuously. Thus, Massaro (1987) advocates a continuous view of
perception and conceptualizes CP phenomena as “categorical partitioning” rather than

categorical perception.
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This criticism of categorical perception research is likely to hold for the ASCAT; the task
has high memory demands, so it is a strong possibility that participants use verbal labels as a
strategy to perform the task. Thus, high confusion rates between two stimuli may indicate that
participants assigned them the same label, rather than literally perceiving them to be the same.
The data presented here do not allow us to differentiate between these two possibilities, but even
if the phenomenon captured by the ASCAT is categorical partitioning rather than categorical
perception, we are still interested in how this tendency varies across domains and individuals.
The possibility that individual differences in a partitioning effect could explained instead by

individual differences in working memory is addressed in Chapter 5.

Despite the possibility that the term categorical perception may not be fully warranted by
what can be measured with the ASCAT, we use the term because of the task’s conceptual and
methodological ties to the tradition of categorical perception research. However, in the present
research we mean perception in a broader sense than is usually used in the cognitive field, to
encompass both automatic perceptual processes and categorical vs. continuous representation of

stimuli.
Social categorization.

So far, the focus of this introduction has been on general categorization processes and the
empirical phenomenon of categorical perception. These topics have been well-explored in the
area of cognitive psychology and encompass many interesting and important debates about the
structure of knowledge representation and the processes underlying similarity. However, the
purpose of this dissertation is not to address those questions, but rather to apply insights and
methods gained from research in cognitive psychology to address questions of interest to social

psychologists.

The field of social categorization has a long history of doing just that. Cantor and Mischel
(1979) drew parallels between object concepts and person concepts such as personality traits,
exploring whether a prototype structure could account for personality judgments. Other
researchers followed, drawing further comparisons between general knowledge categories and
social categories (e.g., Cantor & Kihlstrom, 1981; Srull, 1981; Lingle, Altom, & Medin, 1984).

However, an important distinction between social and non-social categories is that social
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categories have stronger behavioral and affective consequences, particularly for the social

category of race.

Race is accorded special significance, particularly in America where a person’s race may
dictate economic (e.g., job opportunities), political (e.g., power, social policy, resource
distribution), social (e.g., interpersonal friendliness), or psychological (e.g., stereotype threat)
advantages or disadvantages (e.g., Bertrand & Mullainathan, 2004; Bonilla-Silva, 1999;
Eberhardt, Goff, Purdie, & Davies, 2004; Kaiser, Drury, Malahy, & King, 2011; Maddux,
Galinsky, Cuddy, & Polifroni, 2008; Sanchez & Bonam, 2009; Steele & Aronson, 1995). One’s
race can even determine the difference between life and death (Baldus, Woodworth, Zuckerman,

Weiner, & Broffitt, 1998; Correll, Park, Judd, & Wittenbrink, 2002).

Social psychological research on race has tended to focus on issues such as 1) When or in
what contexts do people use social categories (e.g., Devine, 1989; Dovidio, Evans, & Tyler,
1986; Lepore & Brown, 1997; Macrae & Bodenhausen, 2000)? and 2) Which social categories
are activated for multiply categorizable individuals (e.g., gender, race, profession; Bodenhausen
& Macrae, 1998; Crisp & Hewstone, 2007)? Additionally, researchers examined consequences
of grouping people into categories — that categorization often leads to group stereotyping and
prejudice (e.g., Tajfel, 1970, 1978; Tajfel, Billig, Bundy, & Flament, 1971). Surprisingly little
research has, however, has examined how people mentally represent the concept of race itself. In
fact, for the most part, it has been assumed, but not shown, that race perception is categorical.
This oversight may be in part due to the lack of an empirical tool to measure the extent to which
race is perceived categorically, a lack which we hope to remedy with the development of the

ASCAT.
The present research.

This chapter has briefly reviewed prior approaches to categorization, similarity,
categorical perception, and social categorization. We hope to build on these approaches and add
a new way of conceptualizing social categorization by focusing on the degree of automatic
categorical vs. continuous perception. We also hope to provide a valid and productive new tool
for measuring individual differences in this construct.

In the following chapters, we provide a full description of the ASCAT, as well as
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statistical approaches to analyzing memory confusion data. In Studies 1, 2, and 3, we
demonstrate that the ASCAT detects differences in automatic categorical perception of targets
that vary continuously or discontinuously in lightness, saturation, and hue. In Studies 4 and 5, we
compare targets varying in gender, age, and race. In Study 6, we find evidence that the results
from a ASCAT with faces as targets reflect the processing of social information, likely involving
the activation of social concepts. Study 7 extends our findings for automatic race categorization
to White-to-Asian face morphs. Finally, in Study 8, we assess the reliability of individual

differences in automatic social categorization.
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CHAPTER 2. THE AUTOMATIC SOCIAL CATEGORIZATION TEST

In order to measure the ways in which people automatically group items into categories,
we have developed the Automatic Social Categorization Test (ASCAT). In this chapter, I will
describe the principles underlying the ASCAT, task specifications and procedures, statistical
approaches, and general properties of the ASCAT.

Definition and operationalization of automatic categorical perception.

As described in the introduction, categorical perception occurs when two items belonging
to the same category are seen as more similar to each other than two items belonging to different
categories, even when the objective difference between item pairs is the same. We define
automatic categorical perception as the tendency for people to perceive continuously varying
targets as falling into discrete groups. We use the term “automatic” because we are interested in
examining uncontrolled perceptual processes rather than explicitly held views. The indirect
nature of the ASCAT becomes especially important when it is applied in social domains, such as
race perception, which could be susceptible to self-presentation concerns. Our focus on
confusion errors, rather than explicit categorization, is also consistent with the methodological
tradition in categorical perception research, which often relies on discrimination tasks to uncover
perceptual processes indicative of categorical representation.

The Automatic Social Categorization Test (ASCAT) is a measure that relies on the
following principles: 1) items that are perceived as more similar will be confused in memory
more often and 2) people tend to perceive items belonging to the same category as more similar
to each other than items belonging to different categories.

Automatic Social Categorization Test. This task capitalizes on confusion patterns using a
modified two-back memory task (Smith & Jonides, 1998). Participants view target stimuli that
vary continuously along a perceivable dimension (e.g. digitally morphed faces; see Figure 2.1).
Targets appear one at a time, interlaced with distractors (e.g. numbers; see Figure 2.2). For each
stimulus that appears, participants are asked to identify whether it is the same as (identical to) the
last item of that kind that they saw. The computer presents the first target and the first distractor
(e.g. a gray block and a number) for 1000 ms each, with a blank screen appearing for 500 ms
between stimuli. Each trial begins with a subsequent new stimulus displayed until the participant
indicates whether the item is the same as the last item of that kind. After each trial, a blank

screen appears for 500 ms. Participants first complete practice trials in which they receive
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feedback about whether their responses are correct or incorrect. There are 20 untimed practice
trials, followed by 20 timed practice trials (this was increased to 25 untimed practice trials and
25 timed practice trials for Study 4). During the timed practice trials, if a participant’s reaction
time is on average greater than 2000 ms on any five consecutive trials, the participant is
prompted to respond faster. After the practice trials, the response window is shortened to an

average of 1500 ms on any three consecutive trials.

Morphed Faces

0% Black / |16.67% Black /|33.33% Black /| 50% Black / |66.67% Black /|83.33% Black /| 100% Black /
100% White | 83.33% White | 66.67% White | 50% White | 33.33% White | 16.67% White | 0% White

Figure 2.1. Automatic Social Categorization Test Targets. ASCAT targets consist of
systematically varying stimuli, such as faces morphed between a prototypically White face and a
prototypically Black face.

Stimulus Presented Participant Response

1000 ms

500 ms

1000 ms

500 ms

time

Remains onscreen 2 NO
until P's response
Remains onscreen - YES
until P’'s response
Remains onscreen 2 YES

until P's response

Figure 2.2. The Automatic Social Categorization Test. Stimuli are presented one at a time, with
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targets (e.g. faces) interlaced with distractors (e.g. numbers). The italicized response illustrates
the type of confusion error that was analyzed.

On each trial during the Automatic Social Categorization Test, an item is randomly
selected from the set of targets in such a way that there is a 50% chance that the correct answer is
yes on a given trial (i.e. the target is the same as the last one presented 50% of the time). The
trials continue until the participant is presented with each of the possible sequences of targets
(e.g. face 1 followed by face 1, face 1 followed by face 2, ... face 7 followed by face 6, face 7
followed by face 7) at least once (Studies 1, 2, 3, 5, and 6) or until each possible adjacent
sequence is presented at least six times (Studies 4 and 7). The average number of trials ranged
from 68.13 (Study 1, in which there were 6 targets) to 119 (Studies 4 and 7, in which there were
7 targets and the maximum number of trials was specified as 120).

The dependent variable is the extent to which participants confuse one target with
another. We treat the rate of confusion as indicative of subjective similarity between the two
faces. Specifically, by examining how often a given target is confused with its neighbor, one can
determine perceptual categories. In theory, strictly categorical perception would have a threshold
point on the continuum where all items before the threshold are seen as belonging to one
category, and all items after the threshold are seen as belonging to another category. This would
result in a “V” shaped graph when confusion rates are plotted against target pairs, as illustrated
on the left side of Figure 2.3. By contrast, perfectly continuous perception would result in equal

confusion rates for each pair of targets, as shown on the right side of Figure 2.3.

Categorical Perception Continuous Perception

Average Confusion Rate (Perceived Similarity)

Faces 1&2 Faces 283 Faces 3&4 Faces 4&5 Faces 5&6 Faces 6&7 Faces 1&2 Faces 2&3 Faces 3&4 Faces 4&5S Faces 5&6 Faces 6&7

Target Pairs Target Pairs

Average Confusion Rate (Perceived Similarity)

Figure 2.3. Hypothetical Confusion Rate Patterns. Hypothetical confusion rate data for
categorical automatic perception and continuous automatic perception.
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Although Figure 2.3 illustrates ideal confusion rate patterns for strictly categorical and
strictly continuous perception, actual data patterns for the majority of participants and targets
have fallen between these two extremes. And in fact, we are less interested in determining
whether or not categorical perception occurs than in examining variation in degrees of
categoricalness. I will now describe the statistical approaches we have employed to capture
variation in automatic categorical perception.

Statistical approaches. In order to capture the V-shaped pattern illustrated in Figure 2.3,
we have chosen to use the quadratic term from a repeated measures ANOVA for confusion rates
across target pairs (see Figure 2.4 for an example of real data). If the quadratic term is
statistically significant, this suggests that participants were more likely to confuse targets at the
same end of a spectrum than targets in the middle. In order to test for differences between
groups, we look for the interaction between the quadratic trend and the current between-subjects

variable of interest (or a significant covariate, for continuous individual difference measures).

White-to-Black Face Morphs

-

o
©

o
o

o
o

F(1,59) = 35.96, p<.001,n2=.11

Mean Confusion Rate
o
=-J

e
o

1&2 28&3 3&4 485 586 6&7

Faces Confused

Figure 2.4. Example Confusion Rate Data Plotted Against Adjacent Face Pairs.

! Note that because the confusion rates are proportions, standard errors were computed in the following way. First,
let p; be the proportion correct for participant i. Then p; *(1 - p;)/n is the unbiased estimate of the variance of the
proportion for the i™ subject (assuming n trials for the given pair). So Xi p; *(1 - p;)/n is the unbiased estimate of the
variance of the sum of the proportions, Yi p;, and (Xi p; *(1 - p;)/n )/N? is the unbiased estimate of the variance of

the mean proportion correct, ( Xi p; /N. Thus, the standard error of the mean proportion correct is V(i p; *(1 -
pi)/n )/N.
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A limitation of the repeated-measures ANOVA approach to analyzing ASCAT data is
that it may obscure individual-level confusion patterns. For example, if one group has a weaker
quadratic trend than another (e.g., due to a shallower V-shape), this could be the result of
averaging across individuals who in fact demonstrate strongly categorical confusion patterns but

have different category boundaries (see Figure 2.5).

Averaged Data Individual Data

- [

Faces 1&2 Faces 2&3 Faces 3&4 Faces 4&5 Faces S&6 Faces 6&7 Faces 1&2 Faces 2&3 Faces 3&4 Faces 4&5 Faces 586 Faces 6&7

Target Pairs Target Pairs

Average Confusion Rate (Perceived Similarity)
Average Confusion Rate (Perceived Similarity)

Figure 2.5. Hypothetical Data Illustrating How a Flat Line May be the Result of Averaging
Across Individuals.

In order to rule out this possibility, we also use a multilevel modeling approach (using
HLM), with confusion rates for adjacent pairs nested within individuals. Because the confusion
rates are based on dichotomous judgments (“yes,” this target is the same as the last one or “no,”
it’s different), we use a binomial model, with the number of times a pair was confused as the

outcome variable. The level 1 model is as follows (with the variable Pair being centered):

E(/Number of times a pair was confused] = 1 | m) = ¢*[Number of times each pair appeared]

Log[o(1- 9)] =1
N =mny + n;(Pair) + n(Pair®)

The level 2 model is as follows:
o= Boo + 10
=Bt r

=Pt 72
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The parameter of interest here is ., the coefficient for the individual-level quadratic term.
This approach allows us to determine whether this individual-level indicator of categorical
perception is significant, whether there are reliable individual differences, and whether
differences can be predicted by level 2 factors (e.g. participant characteristics). Note that for all

analyses, the reported results are from the unit-specific model with robust standard errors.

Known limitations of statistical approaches. We recognize that a quadratic model is an imperfect
approximation of the ideal shape shown in Figure 2.3. That is, it does not allow for equal
confusion rates within categories (represented by the flat sections on either side of the “V”
shape). However, a quadratic curve captures the general trend of interest (higher confusion rates
at the ends and lower confusion rates in the middle of a spectrum) and has served as a productive
dependent variable in the studies described below.

We also recognize that by focusing on a two-category model, we exclude participants who
may have more than two categories for a particular set of targets. For instance, the pattern of
confusion rates for someone with three categories would look more like a “W” shape, which is
not captured by a quadratic equation. Future research would benefit from a model of automatic

categorical perception that accounts for varying numbers of categories.

General properties of the ASCAT.

The remaining chapters in this dissertation will present empirical support for the validity
and potential usefulness of the ASCAT as a measure of automatic categorical perception.
However, as a first check that confusion rates from the task “work” as a measure of perceived
similarity, we present a general analysis of the effect of target pair distance on confusion rates. If
confusion rates do reflect similarity as we suggest, then they should decrease as pairs of targets
become farther apart along a continuum.

To perform an overall test of the relation between target distance and confusion rate, we
combined data sets across Studies 1, 2, 4, 5, 6, and 7 (data from Study 3 were excluded because
the objective distances between pairs were not easily definable) in an three-level HLM analysis.

The outcome variable was confusion rate, predicted by the group-centered objective difference
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between pairs.” The total number of observations per individual was either 15 (for Studies 1 and
2, which used sets of six stimuli) or 21 (for Studies 4-7, which used sets of seven stimuli). These
observations were nested within individuals, who were in turn nested within one of nine studies
and/or target types: 1) grey blocks in Study 1, 2) colors varying in saturation in Study 2, 3)
White-to-Black morphed faces in Study 4, 4) scrambled faces in Study 4, 5) White-to-Black
morphed faces in Study 5, 6) female-to-male morphed faces in Study 5, 7) young-to-older
morphed faces in Study 5, 8) White-to-Asian faces in Study 6, 9) White-to-Black morphed faces
in Study 7. To remove noise from unreliable data, participants with a total number of errors
greater than two standard deviations above the mean for their study were removed from the

analysis. Also, pair distance was normalized to vary between 0 and 6 for all data sets.

Level 1:

Confusion rate = my + n;(Pair distance) + error

Level 2:
o= Boo + 10

=Bt r

Level 3:
Boo = Yooo+ uoo

Bro="Y100+ uro

We estimate the coefficient 7t; as y;00=-0.13, p <.001 (df = 8). Thus, the relation between pair
difference and confusion rate was in the expected direction, with confusion rates decreasing as
the difference between pairs increases.

For the majority of studies, the distractor stimuli are numerals (the numbers 1 through 7
or 1 through 6), with the exception of Study 4 (which used scrambled images as distractors). We

did not have any clear hypotheses about automatic categorical perception of numbers; it is

% For morphed faces, differences were defined as the number of steps apart the faces were along the morphed
continuum, e.g. faces 1 and 2 were 1 apart, faces 1 and 3 were 2 apart, etc. For the grey blocks and scrambles, the
difference was defined in terms of lightness, computed using the pixmap image program in R (with 0 = black and 1
= white), and for saturation, the difference was based on saturation values in Paint.NET.
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possible that people perceive numbers in terms of low vs. high values, or even vs. odd. Across
studies, we found that memory task performance for numbers did not show evidence of
categorical perception (the pattern of confusion rates was a flat line). However, the confusion
rates tended to be very low (around 5% for adjacent numbers), suggesting that there may be a
floor effect for numbers. Because of this, we also do not expect a clear relation between

confusion rate and the difference between numbers.

Conclusion.

In sum, the ASCAT is a measure that relies on the following principles: 1) items that are
perceived as more similar will be confused in memory more often and 2) people tend to perceive
items belonging to the same category as more similar to each other than items belonging to
different categories. By focusing on memory confusions rather than direct measures like
similarity ratings or explicit classifications, we are able to obtain a measure of categorical
perception that is not likely to be subject to the biases that limit the utility of self-report
measures. The indirect nature of the measure is especially important for domains that may be
sensitive to self-presentation bias, such as perceptions of social categories (e.g., race). We
operationalize automatic social categorization as the degree to which the pattern of confusion
rates across adjacent face pairs follow a quadratic trend (i.e., with higher confusion rates at either
end of the stimulus continuum and lower confusion rates in the middle), with the caveat that this
is an imperfect approximation of the ideal V-shaped pattern described above. We treat a stronger
quadratic trend as indicative of a more discrete, either/or manner of automatically perceiving the

task stimuli, focusing on relative differences in this tendency.
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VALIDATION STUDIES WITH TARgE"I?\SP;r/iRR\%ING IN LIGHTNESS, SATURATION,
AND HUE

We propose that the ASCAT measures automatic categorical perception by detecting
changes in confusion rates across continuously varying stimuli. We would like to use the task to
identify differences in the degree of automatic categorical perception depending on
characteristics of the perceiver and of the target domain. However, before the task can be used in
these ways, we need to know that task confusion rates do, in fact, reflect patterns of perceived
similarity. In Chapter 2, we presented evidence that as the objective difference between a pair of
ASCAT targets increases, confusion rates between those targets decrease, suggesting that the
memory task is able to detect differences in perceived similarity between targets. However, the
phenomenon we hope to capture with the ASCAT is not this monotonic decrease in memory
confusion as targets become more distinguishable, but a drop in confusion rates at subjective
category boundaries along the target continuum.

Studies 1, 2, and 3 were designed to test whether the memory task would elicit this
pattern of confusion rates when we clearly expected it to — that is, when there was an objective
basis for a category boundary. We created sets of stimuli that varied systematically on a physical
property of color (lightness, saturation, or hue). The stimulus sets either varied at equal intervals
or contained a gap such that one adjacent pair was objectively more different than the others (see
Figures 3.1, 3.4, and 3.6). In each study, participants performed the ASCAT twice, once with a
continuous set (with equal intervals) and once with a non-continuous, “categorical” set (with a
gap). We had three hypotheses about the confusion patterns that would result.

Hypothesis 1: Where there is an objective gap in the target set, we predicted that
confusion rates would drop, producing a V-shaped graph. This is a continuation of the analysis
presented in Chapter 2, extended to stimuli for which we expect a pattern of confusion rates that
resembles categorical perception.

Hypothesis 2: For the continuous target sets, we predicted that confusion rates would be
roughly the same across adjacent pairs. As described in Chapter 2, perfectly continuous
perception should result in equivalent confusion rates (i.e. a flat line rather than a V-shaped
graph). However, there is evidence that categorical perception can occur even for novel continua

for which there are no pre-existing mental categories (Campanella et al., 2003; Goldstone 1994;
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Levin & Angelone, 2002; Levin and Beale 2000; Livingston et al, 1998). Thus, we might expect
to see a slight dip in confusion rates even for stimulus sets that do not contain psychologically
meaningful boundaries. But we would expect this pattern to be less pronounced for continuous
stimuli than for stimuli with a gap. For ASCAT to serve as a valid measure of CP, it is important
that we see a clear difference in confusion rates between continuous and non-continuous sets of
stimuli.

Hypothesis 3: Although it was not a central purpose of these studies, they allowed us to
test the hypothesis that being exposed to the non-continuous stimulus sets would cause people to
perceive those stimuli more categorically than the continuous sets, beyond the expected drop in
confusion rates at the objective gap. Categorical perception has been described as a “warping” of
similarities, such that within-category similarity increases and between-category similarity
increases relative to the objective differences between stimuli (Harnad, 1987). The non-
continuous stimuli could be considered “warped” in the sense that we increased the similarity of
within-category stimuli and decreased the similarity of between-category stimuli in order to
create a gap. If exposure to this type of target set encourages categorical perception, then we
predict that two targets belonging to the same objective category will be confused more often
than two targets that are the same distance apart but presented as part of a continuously varying
target set.

Because categorical perception is well-documented in the domain of color perception
(e.g. Berlin & Kay, 1969; Bornstein & Korda, 1984; Rosch, 1975), we chose to use blocks of
color as targets for our initial validation studies. In order to create systematically varying stimuli
that could be presented on a computer screen, we relied on the HSV model of color variation,
which represents colors along three dimensions: hue, saturation, and value. In image editing
software (e.g., Paint. NET), each of these dimensions can be specified precisely while holding the
other two constant. The studies described in this chapter involved targets that varied in value

(i.e., lightness; Study 1), saturation (Study 2), or hue (Study 3).

Study 1
In Study 1, we manipulated the spacing of memory task targets varying in lightness. We
created two sets of gray blocks such that one set varied in lightness at equally-spaced intervals

and the other had a gap in the middle, creating an objective category boundary. We predicted that
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participants’ confusion rates from the ASCAT would show a quadratic trend for the categorical
target set, driven by a drop in confusion rates at the gap, and that any quadratic trend for the
continuous set, if present, would be much weaker. We also predicted that confusion rates for
within-category pairs would be greater than confusion rates for comparable pairs in the
continuous set.

Method
Participants.

Participants were 79 students who were recruited from the University of Washington
Psychology Department Subject Pool and participated for extra credit. Due to a data collection
error, demographic information was not collected for all participants. Information regarding sex
and ethnicity was collected for 76 participants, with 38 males and 38 females. In terms of
ethnicity, 48% (n = 38) were White, 28% (n = 22) were Asian, 3% (n = 2) were Latino/Hispanic,
and 1% (n = 1) were African American, 10% (n = 8) selected more than one ethnicity, and 6% (n
= 5) marked “Other.” Information regarding age was collected for 75 participants, with age
ranging from 16 to 38 (M =19.77, SD = 2.86). There were no differences in confusion rate

patterns based on gender, age, or ethnicity.

ASCAT stimuli.

We used the Paint.NET image editing software program to create two sets of six gray
rectangles, varying their lightness using the “value” parameter of the HSV color model. For both
sets, hue and saturation were kept constant (at 0). The continuous set varied at equal intervals
along the value (lightness) parameter (20, 32, 44, 56, 68, and 80). The categorical set was
constructed so that there was a greater difference in lightness between the third and fourth gray
rectangles (20, 25, 30, 70, 75, and 80; see Figure 3.1). Note that the darkest gray and the lightest

gray were the same, respectively, in both target sets.
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Categorical Target Set:

Continuous Target Set:

Figure 3.1. Categorical and Continuous Target Sets Varying in Lightness.

Procedure.
Participants completed two memory tasks, one with each target set. The order in which
they completed the tasks was randomized. Participants also completed demographic information

(age, gender, ethnicity).

Results

In order to remove random noise from participants who may not have given the task their
full attention, participants with high confusion rates for targets 1 and 6 (greater than 50%) in
either or both conditions were removed. The resulting data set included 56 participants.

Hypothesis 1. Confusion rates for adjacent target pairs in the categorical set showed a
significant quadratic trend, F(1,55) = 247.16, p < .001, #° = .31, with a pronounced drop in
confusion rates at the category boundary between targets 3 and 4 (see Figure 3.2).

Hypothesis 2. Confusion rates for adjacent target pairs in the continuous set also showed
a significant quadratic trend, F(1,55) = 8.77, p = .005, ° = .04. However, this trend was
significantly weaker than that for the categorical set. A 5 (adjacent target pair) x 2 (target set:
categorical vs. continuous) repeated measures ANOVA revealed an interaction between target
pair and target set for the quadratic term, F(1,55) = 43.19, p <.001, 5° = .14 (see Figure 3.2).%
There was also a main effect of target set; the categorical set produced higher overall confusion

rates than the continuous set (F(1,55)=31.47, p <.001).

® For quadratic interactions between two within-subjects factors, eta squared was computed by dividing the sums
of squares for the quadratic interaction by the total SS for the quadratic model (omitting the SS for target type).



27

Categorical vs. Continuous Grayscale Target Sets

0.9 -
0.8 1
0.7 1
0.6 1

—— Categorical
0.5 4

- -® - Continuous

0.4 1
0.3 1

Mean Confusion Rate

0.2 1
0.1 1

1&2 283 384 485 586
Target Pair

Figure 3.2. Results for Categorical and Continuous Target Sets Varying in Lightness.
Categorical stimuli produced a stronger quadratic trend than continuous stimuli for gray targets
varying in lightness.

To find out whether this pattern of results held true at the individual level, we conducted
a multi-level analysis using a binomial model in HLM, as described in Chapter 2. To test the
quadratic interaction between target type and target pair, we used the following models, with

Target Type coded as 1 (categorical target set) or 2 (continuous target set).

Level 1:
E(/Number of times a pair was confused] = 1 | t) = ¢* [Number of times each pair appeared]

Log[o(1- @)1 =n
n = ny + ny(Target Type) + nx(Pair) + n3(Pair’) + nTarget Type*Pair) + ns(Target Type*Pair’)

Level 2:
o= Boo + 10
=B tr

=B+
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n3= P30+ 13
s =PBgo+ 14

s =PBso+ 715

The target type X target pair’ interaction was significant, sy = -2.22, p <.001, such that the
confusion rates across target pairs for the continuous target set had a significantly smaller
quadratic coefficient than confusion rates for the categorical target set. We also examined each

of these target sets separately, using the following model:

Level 1:
E(/Number of times a pair was confused] = 1 | n) = ¢*[Number of times each pair appeared]

Log[o(1- 9)] =1
N =my + n,(Pair) + n(Pair’)

Level 2:
o= Boo + 10
=Bt r

=Pt 72

For the categorical target set, the coefficient for the quadratic term was significant, B, = 2.31, p
<.001. For the continuous target set, the quadratic coefficient was also significant, but much
smaller, B, =0.15, p = .005.

Hypothesis 3. To test whether merely viewing the categorical target set during the
memory task produced categorical perception, we examined confusion rates for target pairs that
belonged to the same category in the categorical set (e.g. targets 1 and 3), compared with
confusion rates for targets that differed by a similar amount from the continuous target set (e.g.
targets 1 and 2). Figure 3.3 illustrates objective differences between such pairs, along with
average confusion rates. Targets 1 and 3 from the categorical set were confused at a higher rate
than targets 1 and 2 from the continuous set, even though the physical differences are about the

same. Likewise, targets 4 and 6 from the categorical set were confused more often than targets 5
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and 6 from the continuous set. Each of these differences was significant when tested with a

paired-samples t-test (ps <.01).

Categorical Target Set:

\/ \/

difference = 10 difference = 10

confusion rate = .79° confusion rate = .81°

Continuous Target Set:

'\_/ \_/

difference =12 difference =12

confusion rate = .572 confusion rate = .67°

Figure 3.3. Objective Lightness Differences and Confusion Rates for Categorical and
Continuous Target Sets. Confusion rates marked with the same superscript are significantly
different at p <.01.

Study 2
The purpose of Study 2 was to replicate Study 1 with another dimension of color space,

varying the saturation of blocks of color rather than the lightness of blocks of gray.

Method
Participants. Participants were 22 students who were recruited from the University of
Washington Psychology Department Subject Pool and participated for extra credit. Due to a data
collection error, demographic information was not collected for all participants. Information
regarding sex, age, and ethnicity was collected for 19 participants, with 7 males and 12 females.

In terms of ethnicity, 36% (n = 8) were White, 32% (n = 7) were Asian, 5% (n = 1) selected
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more than one ethnicity, and 14% (n = 3) marked “Other.” Age ranged from 18 to 21 (M = 19.58,

SD = 0.96). There were no differences in confusion rate patterns based on gender, age, or

ethnicity.

ASCAT stimuli

Two sets of six green rectangles and two sets of magenta rectangles were created in

Paint.NET by varying the saturation parameter of the HSV (hue, saturation, value) color model.

For all stimulus sets, hue and value were kept constant (hue was 120 for the green sets, and 300

for the magenta sets; value was 100 for all sets). The continuous sets varied at equal intervals

along the saturation parameter (40, 52, 64, 76, 88, 100). The categorical sets were constructed so

that there was a greater difference in saturation between the third and fourth rectangles (40, 46,

52, 88, 94, 100; see Figure 3.4). The endpoints were the same in all stimulus sets.

Categorical Target Sets:

Continuous Target Sets:

.

Figure 3.4. Categorical and Continuous Target Sets Varying in Saturation.
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Procedure.

Participants completed two memory tasks, one with each type of stimulus set. The order
in which they completed the tasks was randomized. Each participant completed the tasks with
either green or magenta stimuli. Participants also completed demographic information (age,
gender, ethnicity).

Results

After removing data from participants with high confusion rates between targets 1 and 6,
there were 14 participants with reliable data (6 assigned to the green target sets, 8 assigned to the
magenta target sets). A 5 (adjacent target pair, within-subjects) x 2 (stimulus set: categorical vs.
continuous, within-subjects) x 2 (target color: green vs. magenta, between-subjects) ANOVA
was conducted. There were no effects of target color, so further analyses were collapsed across
green and magenta sets.

Hypothesis 1. Confusion rates for adjacent target pairs in the categorical sets showed a
significant quadratic trend, F(1,13) = 55.60, p < .001, ° = .30, with a pronounced drop in
confusion rates at the category boundary between targets 3 and 4 (see Figure 3.5).

Hypothesis 2. Confusion rates for adjacent target pairs in the continuous sets also showed
a significant quadratic trend, F(1,13) =9.98, p = .008, #° = .09. However, this trend was
significantly weaker than that for the categorical sets. A 5 (adjacent target pair) x 2 (target set:
categorical vs. continuous) repeated measures ANOVA revealed an interaction between target
pair and target set for the quadratic term, F(1,13) = 11.71, p = .005, 5° = .08 (see Figure 3.5).

There was no main effect of target set.
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Categorical vs. Continuous SaturationTarget Sets
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Figure 3.5. Results for Categorical and Continuous Target Sets Varying in Saturation.
Categorical stimulus sets produced a stronger quadratic trend than continuous stimulus sets for

targets varying in saturation.

To find out whether this pattern of results held true at the individual level,
we conducted a multi-level analysis with HLM using the same models as in Study 1. Again, the
target type X target pair’ interaction was significant, B5y = -0.83, p = .001, such that the
confusion rates across target pairs for the continuous target set had a significantly smaller
quadratic coefficient than confusion rates for the categorical target set. Color set was not a
significant level 2 predictor for the interaction term. We also examined each of these target sets
separately. For the categorical target set, the coefficient for the quadratic term was significant,
B2 =0.85, p <.001. For the continuous target set, the quadratic coefficient was also significant,
but much smaller, $,)=0.20, p = .01.

Hypothesis 3. To test whether merely viewing the categorical target sets produced
categorical perception, we examined confusion rates for target pairs that belonged to the same
category in the categorical sets (e.g. targets 1 and 3), compared with confusion rates for targets

that differed by a similar amount from the continuous target sets (e.g. targets 1 and 2). Note that
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these pairs differed in saturation by the same amount. Consistent with categorical perception, the
average confusion rates for targets 1 and 3 in the categorical sets (M = .70, SD = .37) were higher
than that for targets 1 and 2 in the continuous sets (M = .64, SD = .36), but these differences were
not statistically significant. The same held for the comparisons between targets 4 and 6 in the
categorical sets (M = .91, SD = .23) and targets 5 and 6 in the continuous sets (M = .86, SD =

.23). The results were similar when computed separately for green and magenta target sets.

Discussion: Studies 1 and 2

Studies 1 and 2 provide support for hypothesis 1, demonstrating that the ASCAT can
detect a category boundary where it is expected to occur based on the objective distribution of
targets along a continuum. This finding increases our confidence that the task will detect
category boundaries for stimuli that are objectively continuous but may be automatically grouped
into categories, such as faces that vary along a racial continuum but are perceived as being Black
or White.

Hypothesis 2 was partially supported; we did not see a flat line for confusion rates
between adjacent pairs for the continuous target sets. For targets varying at equal intervals
according to lightness or saturation, there was a significant quadratic trend in confusion rates
from the ASCAT. This suggests that even for continuously varying targets, participants may
have automatically parsed the stimuli into categories. However, this pattern of confusion rates
was much weaker (“flatter”) than for the categorical sets. This increases our confidence that the
task will detect differences in automatic categorical perception for other types of targets.

In addition to the expected interaction between target pair and target type, in Study 1
there was also a main effect of target type, with higher overall confusion rates for the categorical
than the continuous target set. This might be explained by the fact that within-category target
pairs in the categorical set were objectively more similar than adjacent pairs in the continuous
set. This occurred because the lightness values at the endpoints were the same for both sets, so
creating a gap between targets 3 and 4 of the categorical set resulted in target pairs that were
objectively more similar to each other. The main effect of target type on confusion rates was not
replicated in Study 2, although this may be due to the small sample size.

As for hypothesis 3, in Study 1 we found support for the idea that viewing categorically

organized stimuli can lead to categorical thinking beyond what would be expected based on
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objective differences among the targets. The data from Study 1 suggest that confusion errors
during the ASCAT reflected differences in perceived similarity due not only to the actual gap in
the categorical set, but also to exaggerated perceptions of similarity within these categories,
compared to perceptions of the continuous set. Although this effect was not statistically
significant in Study 2, results were consistent with the phenomenon.

Returning to our finding for hypothesis 2, a potential construct validity issue arises when
we consider that even for stimuli that vary continuously, the ASCAT produced confusion rates
that seem to indicate categorical perception. Could it be that performing the memory task with
any set of stimuli that vary along a continuum between two endpoints will produce what we are
calling a categorical pattern of confusion rates? We test this possibility in Study 3 by using a

stimulus set that does not have fixed endpoints but varies along a circle.

Study 3
In Study 3 we extend our investigation to hue, which is different than lightness or

saturation in that it varies along a circle, rather than along a dimension with two endpoints. If the
dip in confusion rates seen in Studies 1 and 2 was merely an artifact of the target sets’ having
endpoints, then this pattern should disappear in Study 3, being replaced by a flat line. In Study 3,
participants also completed a memory task with one of the targets omitted, creating a gap in the
circular stimulus set. Removing a target also results in a set of stimuli that could be described as
varying from one endpoint to another. If the confusion rates for the circular set of hues do form a
flat line, then we would expect confusion rates for target pairs straddling the gaps to be lower
than confusion rates for the other adjacent target pairs. We would also be able to test whether

creating endpoints results in a dip in confusion rates between those endpoints.

Method
Participants.

Participants were 35 students who were recruited from the University of Washington
Psychology Department Subject Pool and participated for extra credit. Due to a data collection
error, demographic information was not collected for all participants. Information regarding sex
and age was collected for 33 participants, with 12 males and 21 females. Age ranged from 18 to

35 (M =19.64, SD = 2.88). Information regarding ethnicity was collected for 32 participants;
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31% (n=11) were White, 20% (n = 7) were Asian, 11% (n = 4) were Latino/Hispanic, 3% (n =
1) were African American, 20% (n = 7) selected more than one ethnicity, and 6% (n = 2) marked

“Other.” There were no differences in confusion rate patterns based on gender, age, or ethnicity.

ASCAT stimuli.

A set of seven targets was created in Paint. NET by varying the hue parameter of the HSV
(hue, saturation, value) color model at equal intervals (hue = 0, 51, 103, 154, 206, 257, and 309).
Saturation was kept constant at 100, and value (luminance) was kept constant at 24. Two
additional sets of six targets each were created by removing one of the hues (see Figure 3.6).
Because these two sets each have a gap in them, they contain endpoints, whereas set with seven

targets does not.

Circular target set Target sets with endpoints

=
&

Figure 3.6. Targets Sets Varying in Hue.

|

Procedure.

Participants completed two memory tasks, one with the circular target set, and one with a
target set with endpoints. The order in which participants completed the tasks, as well as which
target set with endpoints they were assigned, were randomized. Participants also completed

demographic information (age, gender, ethnicity).
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Results
Due to a program error, data for the continuous target set were not collected for 5
participants. For the remaining 30 participants, Figure 3.7 shows their average confusion rates
across adjacent target pairs.
Hypothesis 1. Because the pattern of confusion rates for the circular target set do not form
a flat line (see Figure 3.7), it does not make sense to look for a quadratic trend to indicate a drop

in confusion rates at gaps in the continuum, the way we did for Studies 1 and 2.

Circular Hue Target Set Varying in Hue

0.9 -

0.8 1

0.7 -

0.6 -
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0.4 -

Mean Confusion Rate

0.3 1

0.2 -

0.1 1

G T T T T
1&2 28&3 3&4 485 586 6&7 78&1

Target Pair

Figure 3.7. Confusion Rates for Targets Varying Continuously in Hue.

Hypothesis 2. A one-way ANOVA for target pairs allows us to reject the null hypothesis
that confusion rates are the same across target pairs, F(6, 174) = 30.63, p <.001. In particular,
there is a spike in confusion rates between targets 5 and 6. Pairwise comparisons with
Bonferroni’s adjustment for multiple comparisons reveal that this confusion rate is significantly
higher than confusion rates for all other adjacent pairs (ps <.001). There are also significant
drops in the average confusion rates between pairs 3 and 4, and between pairs 6 and 7. These
confusion rates are significantly different than those for their neighboring pairs (ps < .05 for

targets 3 & 4, ps <.001 for targets 6 & 7).
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To explore this pattern further, we performed multidimensional scaling on the average
confusion rates for each adjacent pair, limiting the solution to two dimensions. The targets in the
resulting graph form a rough circle, with targets that were confused more often clustered together

creating gaps between targets that were confused less often (see Figure 3.8).

15 ]

0.5
.
6 ™5 0.5
-1 1

1.5 7

2

Figure 3.8. Two-Dimensional MDS Solution for Complete Target Set Varying in Hue.

Hypothesis 3. In Study 3, we see little evidence that performing the ASCAT with a target
set that is missing a color (creating a gap relative to the circular target set) causes participants to
confuse within-category targets more often than they do for the complete target set. Figure 3.9
shows the patterns of confusion rates when one of the targets is removed. Fifteen participants
completed the memory task with target 2 omitted, and 17 participants completed the memory
task with target 5 omitted. These confusion rates are plotted along with the corresponding
confusion rates from the complete target set. The pattern of errors did not change when a target
was omitted, with the exception of targets 7 and 1 in the set with target 5 omitted; a paired-
samples z-test revealed a significant difference between the confusion rate for 7 and 1 in the
complete (M = .56, SD = 0.38) and incomplete (M = .34, SD = 0.40) conditions, #(16) =2.37, p =
.03.
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Figure 3.9. Confusion Rates for Complete vs. Incomplete Hue Sets.

Discussion

The pattern of confusion rates for stimuli varying in hue was different than the patterns

for both categorical and continuous sets from Studies 1 and 2. If the V-shaped results from the

first two studies were due to the fact that the stimuli varied between two endpoints, then we

would have expected confusion rates for hue to form a flat line, since hue varies along a circle

without endpoints. However, we rejected the hypothesis that there are no differences among

confusion rates for adjacent target pairs, and the pattern 