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separable, such as shape, size, and color. Although there is some
empirical evidence that these dimensions show the hallmarks of
integrality, we seek to show that these dimensions are processed in
an independent fashion. That is, our results accord better with
converging operations that support the separability of these dimensions rather than integrality. We also seek to add to the growing
body of work on dimensional processing in categorization. In
particular, we apply a set of computational models that have been
previously applied to explain the processing of separable dimensions that are located in different spatial locations, or to separable
dimensions that are comprised of a whole-object feature (e.g.,
background color) plus a part (see, e.g., Little, Nosofsky, &
Denton, 2011). Our goal is to provide a solution to an empirical
puzzle about how whole-object dimensions are combined to support decision making by mapping out the entire time course of
processing.

Theories that place emphasis on the selective nature of attention
are bounded by the fact that not all types of stimulus dimensions
can be easily attended to independently. A classic distinction in the
study of perception is between separable and integral dimensions.
Separable dimensions are those that can be selectively attended
with ease, such as the color and shape of visual objects (Garner,
1974; Garner & Felfoldy, 1970). Conversely, integral dimensions,
such as the saturation and brightness of Munsell colors, are difficult to attend to selectively (Lockhead & King, 1977; Nosofsky,
1988). This idea has been central to theories of categorization
(Nosofsky, 1986, 1988) and is starting to be appreciated in related
paradigms such as visual search (Hout, Godwin, Fitzsimmons,
Robbins, Menneer, & Goldinger, 2016). For example, separable
dimensions are assumed to engage relatively independent processes, whereas integral dimensions involve an integration of each
perceptual dimension (Ashby & Townsend, 1986; Fifić, Little, &
Nosofsky, 2010). It is clear that the implications of the separability/integrality question extend to all investigations combining aspects of perception and decision making.
In this article, we seek to clarify the processing of whole-object
dimensions that comprise the entire object but are ostensibly

Integrality and Separability
Among the large number of converging operations that differentiate integral and separable dimensions, we will focus on the
following: First, the distance metric assumed as a model of similarity in a multidimensional scaling solution (MDS; Attneave,
1950; Hyman & Well, 1967, 1968; Nosofsky, 1992; Shepard,
1964; Torgerson, 1958) is typically found to be a linear combination of the distances on each dimension (i.e., a city-block metric)
for separable dimensions. By contrast, for integral dimensions, the
distance typically corresponds to the square root of a linear combination of the squared distances (i.e., euclidean distance).
The second operational definition of separability arose from
Garner’s (Garner & Felfoldy, 1970; Garner, 1974) classic experiments in which participants had to classify two-dimensional objects on the basis of one dimension (e.g., saturation) while ignoring
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the other dimension (e.g., size). Across three conditions, there
might be no variation on the irrelevant dimension (i.e., the control
condition), the values of stimuli might be correlated (i.e., correlated condition), or there might be variation along with the irrelevant dimension (i.e., the filtering condition). Integrality is associated with faster response times (RTs) in the correlated condition
and slower RTs in the filtering condition, presumably because
participants cannot selectively filter out the irrelevant dimension
(Dykes & Cooper, 1978; Garner, 1974; Garner & Felfoldy, 1970;
Lockhead, 1966). Where no facilitation occurs and no interference
with orthogonal variation is found, dimensions are assumed to be
separable (Egeth & Mordkoff, 1991).
Interference and facilitation have been demonstrated with a
range of purportedly integral-dimensioned stimuli such as Munsell
colors varying in brightness and saturation (Garner, 1974; Garner
& Felfoldy, 1970), auditory stimuli varying in pitch and loudness
(Grau & Nelson, 1988), and face morphs varying in components
(eyes, nose, and mouth) and configural information (intereye and
nose-mouth distances; Amishav & Kimchi, 2010; Fifić, Nosofsky,
& Townsend, 2008). However, the empirical definition of separability and integrality offered by these tasks remains ambiguous as
some studies have observed facilitation and interference effects
with dimensions that were thought to be separable, such as object
size, orientation, and brightness (Burns, Shepp, McDonough, &
Wiener-Ehrlich, 1978; Garner & Felfoldy, 1970).

Whole-Object Features
Biederman and Checkosky (1970) observed facilitation effects
in the correlation condition for the dimensions of size and brightness. In addition, Smith and Kilroy (1979) observed an interference effect, but not a facilitation effect, with two different sets of
stimuli: (a) arrow-shaped objects that varied in their length and
orientation and (b) square-shaped objects that varied in their
brightness and width. It is important to note that these separable
dimensions (orientation, size, and brightness) took the form of
dimensions that comprised the entirety of the stimulus. These
whole-object features are distinct from other separable dimensions
because selective attention cannot be easily guided to individual
perceptual dimensions (cf., dimensions that are spatially separated;
Fifić et al., 2010). These findings suggest that whole-object features may be processed holistically and encoded as integrated
mental representations. Indeed, earlier literature defined integrality
as “those [dimensions] that belong to the same object. Thus, size
and color of the same object are integral but size and color of
different objects are separable” (Keele & Neill, 1978, p. 14).
On the other hand, there is compelling evidence that separable
dimensions are not processed holistically but are broken down into
their component parts and processed independently. For example,
consider recent studies of how features decay from visual working
memory. According to one theory, it is easier to remember a set of
visual features bound into a small number of objects than it is to
remember the same set of features distributed across multiple
objects (Delvenne & Bruyer, 2004; Vogel, Woodman, & Luck,
2001; Wheeler & Treisman, 2002). The benefit of encoding information from fewer objects is apparent, but this improvement does
not necessarily imply that the features are stored as integrated,
object-based representations.

Fougnie, Cormiea, and Alvarez (2013) measured memory for color
and orientation when both features appeared in the same object versus
when the features appeared in different objects, while probing memory for both color and orientation within the same trial. They
posited that, if the object benefit were because of the features being
stored as an integrated object, memory of one feature would be
associated with the object’s other feature, and that decay of one
feature would affect the memory for the other feature. In other
words, the probability of guessing for one feature would be highly
correlated with guessing for the second feature. Examination of
participants’ guess responses, as revealed by fitting a mixture of
uniform and Gaussian distributions to visual continuous report
responses, revealed that the pattern of guessing was approximately
independent for each perceptual dimension. That is, a high proportion of memory responses was reported for color selection after
participants guessed on orientation selection, and vice versa. Consequently, the storage and decay of each perceptual feature in
memory appears to be largely independent.
However, this finding only provides a coarse understanding of
the underlying information processing architecture or time course
of processing, as the methodology does not definitively differentiate between independent and holistic processing. For example, to
measure memory for orientation, participants were asked to rotate
a black object (i.e., with the studied color removed). Similarly,
memory for color was measured by presenting participants with an
orientation-less circle and asking them to reproduce the color using
a color wheel. These degraded response cues necessarily break the
representation of any holistically stored item. Similar arguments
have been raised by Townsend and Thomas (1993) for why participants seem to be able to separately attend to pitch and loudness
when only one can be manipulated in isolation (see, e.g., Zagorski,
1973) when these dimensions are found to be combined integrally
in other tasks (Garner, 1974).
Furthermore, the presentation of a set of response cues (i.e., a
color wheel) may have allowed for additional access to features,
thereby increasing the appearance of independence in the retrieved
features even if those features were stored holistically. In addition,
it is not clear that the use of mixture models (i.e., a Gaussian
memory distribution mixed with a uniform guessing distribution)
to assess memory and guessing responses is warranted; that is, the
appearance of guess responses in continuous report may reflect a
sequential sampling or diffusion process (e.g., Ratcliff, 1978) with
weak evidence carried out on the continuous response circle
(Smith, in press).
The current study uses a series of complementary RT-based
nonparametric and parametric analyses to determine the processing architecture underlying the integration of information from
whole-object features. We note that our goal is not to provide an
explanation of how separability and integrality develop but rather
to understand the time course of processing of separable and
integral dimensions. This is crucial for many reasons, including the
fact that classical empirical distinctions between integrality and
separability lack rigorous, formal definitions of both concepts,
which means that generating fine-grained predictions are not possible rendering those empirical demonstrations susceptible to
model mimicry (see, e.g., Townsend, 1972, 1990). The nonparametric methods we use here allow distinction between a large
number of different information processing architectures (e.g.,
serial vs. parallel processing, and self-terminating vs. exhaustive
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stopping rules; see Figure 1). Our parametric modeling approach
(hereafter known as the logical-rule models) combines formal
definitions of integrality and separability at the representational
level (i.e., using General Recognition Theory, GRT; Ashby &
Townsend, 1986) with different information processing architectures and stopping rules. Hence, we generalize and test a number
of models of categorization RT while providing a characterization
of integrality and separability at the level of RT distributions (cf.
dynamic GRT; Townsend, Houpt, & Silbert, 2012; described below).

Processing Architectures as a Theoretical Definition
of Separability
Recent investigation of dimensional processing in categorization (Fifić et al., 2010; Little et al., 2011; Little, Nosofsky, Donkin,
& Denton, 2013) has shown that information from separable
dimensions may be processed independently either in sequence
(serial) or simultaneously (parallel; Sternberg, 1969; Townsend,

Figure 1.

3

1990; see Figure 1). This processing is governed by a stopping
rule, which may either be exhaustive if both dimensions must be
processed to reach a decision, or self-terminating if processing one
dimension is sufficient (Townsend, 2001; Townsend & Colonius,
1997). Information from integral dimensions, however, is pooled
into a single channel (coactive processing; Townsend & Nozawa,
1995). Independent and coactive processing provide a novel theoretical definition of separability and integrality that coheres with
the traditional definitions of these concepts, which emphasize
analytic versus nonanalytic or holistic processing. We use Systems
Factorial Technology (SFT; Townsend & Nozawa, 1995), which
allows us to nonparametrically assess these theories. In addition,
the use of processing architectures to theoretically define separability and integrality coheres with a recent extension of GRT to the
RT domain.
Townsend et al.’s (2012) dynamic GRT formalizes the definition perceptual and decisional separability in a dynamic systems
framework. The most important definitions for the current pro-

Schematic illustration of serial, parallel, and coactive processing architectures.
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posal involve the case where (a) stimulus dimensions only input
into the accumulator for that dimension (i.e., direct separability;
Townsend et al., 2012) and (b) there are no interactions between
the processing channels (i.e., channel independence). These two
assumptions define perceptual separability in their dynamic modeling framework, and this definition is commensurate with the
description of the serial and parallel processing models that we use
in this article. Likewise, the dynamic GRT definition of decisional
separability (i.e., that the response thresholds of one channel are
unaffected by the other channel) is also commensurate with our
use of the logical-rule models. Nonetheless, the dynamic GRT
definitions of perceptual and decisional separability are somewhat
different from the static GRT (Ashby & Townsend, 1986) definitions, which we also adopt as a model of evidence accumulation
rate (i.e., drift rate) in our models. Dynamic GRT provides a richer
framework with which to explore these issues as violations of the
static and dynamic GRT concepts of separability can be considered
independently. However, our use of GRT is consistent with both
the static and dynamic definitions of separability and integrality.

Logical-Rule Modeling Framework
The models are best explained with reference to the schematic
depiction of the stimulus space shown in the top panel of Figure 2.

F2
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In this space, nine stimuli are created by orthogonally combining
two perceptual dimensions, each varying in three levels. Four of
the stimuli are assigned to a target category (Category A) defined
by a conjunctive rule on both stimulus dimensions (i.e., a stimulus
is assigned to category A if it has a value on dimension X larger
than the value set by the vertical boundary AND a value on
dimension Y larger than the value set by the horizontal boundary).
The remaining stimuli are assigned to the contrast category (Category B), defined by a disjunctive rule on both dimension (i.e., if
the value of either dimension is less than the vertical boundary OR
the horizontal boundary).
The four target category stimuli in the upper right quadrant vary
in their distance from the category boundary and, consequently,
vary in the difficulty with which they can be correctly categorized
(Ashby & Gott, 1988). Low (L) discriminability items lie close to
a decision boundary and should be harder to distinguish from
contrast category stimuli; by contrast, high (H) discriminability
items are far from the boundary and should be easier to distinguish.
The target category factorially combines both levels of difficulty
on two dimensions (and termed LL, LH, HL, and HH; Figure 2,
top right panel). The logical-rule models assume that the more
difficult the item is to classify, the larger the RT. Subsequently, LL
is expected to have the slowest mean RT; HH is expected to have

C
O
L
O
R
Figure 2. Category space used in the logical-rules paradigm (top left) and discriminability values of the items
(top right). Includes positions of high (H) and low (L) discriminability items (target category; A) as well as
internal (I), external (E), and redundant (R), stimuli (contrast category; B). The dotted line represents the decision
boundary. Bottom panels: Illustration of the stimulus category space used in each condition. See the online
article for the color version of this figure.

APA NLM
tapraid5/zfn-xhp/zfn-xhp/zfn00616/zfn3422d16z xppws S⫽1

3/11/16 4:56 Art: 2015-0555

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

WHOLE-OBJECT FEATURES

the fastest mean RT; and HL and LH are expected to fall somewhere in between.
Following typical applications of GRT (Ashby & Townsend,
1986), we assume a normal distribution of perceptual effects for
each stimulus dimension. Following decision-bound theory
(Ashby & Gott, 1988; Ashby & Townsend, 1986), we further
assume that participants establish a decision boundary to separate
Categories A and B. To make a category decision, the participant
samples from the perceptual distribution and uses these samples to
drive a random walk process. A sample that falls in Category A,
for instance, will lead to a step toward the ⫹A criterion. This
process continues until enough evidence is accumulated to reach a
criterion.
The different combinations of separate random-walk processes
can be described using serial, parallel, and coactive mental archi-

5

tectures coupled with self-terminating and exhaustive decision
rules (see Figure 1). Both the serial and parallel architectures
assume independent processing of the stimulus dimensions whose
perceptual distributions drive two separate random walks. When
processing is self-terminating, the dimension that finishes first
determines the final categorization decision and RT. By contrast,
for exhaustive processing, all of the dimensions are processed even
if a decision can be made after processing the first dimension.
Conversely, coactive processing assumes a single random walk is
driven by samples from a joint distribution on both dimensions.

Qualitative Model Predictions
The characteristic RT patterns for the Category A and B stimuli
are shown in the left panel of Figure 3. The double factorial

Figure 3. Qualitative RT predictions for each architecture and stopping rule. Left panel: mean RT predictions
for target category, Category A. Right panel: mean RT predictions for contrast category, Category B. The
predictions for the Exemplar-Based Random Walk model (EBRW; Nosofsky & Palmeri, 1997) are qualitatively
identical to the predictions of the coactive model. Figure adapted from Fifić, Little, and Nosofsky (2010).
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Figure 3 (continued)

combination of the dimensional values in the target category
allows us to compute the mean interaction contrast (MIC) and
survivor interaction contrasts (SIC; Townsend & Nozawa, 1995;
Townsend & Wenger, 2004). The MIC is calculated as:
MIC ⫽ (RTLL – RTLH) – (RTHL – RTHH)

(1)

where RTLL, RTLH, RTHL, and RTHH- refer to the mean RTs for
each of the target category stimuli. The serial model predicts an
additive pattern of mean RTs (MIC ⫽ 0), the parallel model
predicts an underadditive pattern of mean RTs (MIC ⬍0), and the
coactive model predicts an overadditive pattern of mean RTs
(MIC ⬎0; Townsend & Nozawa, 1995).
Why do these models predict these patterns? For the serial
model, the final RT is the sum of the RTs taken to process each

dimension (i.e., because the target category requires exhaustive
processing). For a serial model, the sum of the difference based on
the change from H to L on one dimension should be equivalent to
the difference when both dimensions change from H to L. Hence,
Equation 1 evaluates to 0 for a serial model.
For a parallel model, target category RTs are determined by the
maximum time taken to process either dimension, which should be
relatively slower for any item containing an L component. Hence,
LL, LH, and HL should have similar RTs compared with HH. This
results in Equation 1 evaluating to be negative. In a coactive
model, having two L components slows down processing much
more than having only one L component, resulting in Equation 1
evaluating to be positive (see, e.g., Townsend & Nozawa, 1995,
for proofs). These predictions are nonparametric in that they do no
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rely on any distributional assumptions about the RTs, and the
predictions hold so long as the assumption of selective influence
holds (see Supplementary Material).
We can also contrast the entire RT distributions by computing
the SIC function for each of the target category stimuli:
SIC共t) ⫽ 关SLL(t) – SLH(t)兴 – 关SHL(t) – SHH(t)兴
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where S(t) is the survivor function (e.g., S(t) ⫽ 1 – F(t)). Each
mental architecture model produces a characteristic SIC function
(Townsend & Nozawa, 1995; see Figure 4) because of the fact that
each of the candidate models makes different distributional predictions for each of the items. Parallel exhaustive models predict
an entirely negative function, and serial exhaustive models predict
an initially negative function, which becomes positive, with the
area under the function integrating to zero. Coactive models predict an initial negative blip, followed by an increased positive
deflection.1
For the contrast category (Category B), processing may be
self-terminating if information from the first-processed dimension
is sufficient to reach a decision. The contrast category stimuli are
referred to by their positions in the category space. For instance,
the stimulus in the bottom left corner (see Figure 2, top right) is
termed the redundant (R) stimulus, as it satisfies the disjunctive
rule on both dimensions. Following Fifić et al., (2010), the remaining contrast stimuli are termed the interior (I) and exterior (E)
stimuli (see Figure 2).
Fifić et al. (2010; see p. 315 for detailed descriptions) demonstrated that each of the architectures and stopping rules also make
qualitatively different mean RT predictions for the contrast category stimuli (see Figure 3). To provide an intuition, if processing
occurs in a serial self-terminating fashion and fixed order (i.e., X
is always processed before Y), then the stimuli with an X value
less than the vertical boundary should be processed at the same
rate. Hence, R, Ix, and Ex should have the same mean RT. For the
remaining stimuli, processing dimension X first does not allow for
a correct response. Instead, processing must shift to the other
dimension, which will occur faster for Ey than for Iy because the
value on X for Ey compared to Iy is further from the vertical bound.
In general, serial models predict that the interior stimuli should be
slower than the exterior stimuli.
Both the serial and parallel exhaustive models also predict that
the interior will be slower than the exterior stimuli. However, both
exhaustive models also predict that the redundant stimulus should
be slower than the exterior stimuli. In further contrast, a parallel
self-terminating model predicts that the interior and exterior stimuli should have equivalent RTs. And, a general prediction of the
coactive model is that the interior stimuli will be processed faster
than the exterior stimuli. Consequently, the contrast category taken
together with the target category provide a fully diagnostic set of
predictions that can be used to differentiate a large number of
different models (see Figure 1).

Application of the Logical-Rules Framework
Fifić, Little, and colleagues have applied the logical-rules
framework to investigate the processing architectures of a variety
of stimuli (Fifić, Nosofsky, & Townsend, 2008; Fifić et al., 2010;
Little et al., 2011, 2013). First, they explored the processing of
spatially separate dimensions that are bound within a single object

7

(e.g., lamps varying in base width and top piece curvature; Fifić et
al., 2010). Data for each participant was best fit by a serial
self-terminating model (Little et al., 2011). Fifić et al. (2010) also
investigated separable dimensions in two spatially separate rectangles that varied in the saturation one and the position of a
vertical bar in the other. Again, the serial self-terminating model
provided the best fit of each participant’s data. Little et al. (2011)
investigated processing of separable dimensions (i.e., saturation
and bar position) that overlapped in space. These stimuli are
analogous to the whole-object stimuli described earlier (see Figure
2), with the exception that only one of the dimensions comprised
the entire stimulus (i.e., color). A mixture model, which assumed
participants switched between serial and parallel processing between trials, provided the best fit of each participant’s data.
Little et al. (2013) applied the logical-rules framework to examine stimuli that varied in the brightness and saturation of a
Munsell color. As mentioned, these dimensions consistently exhibit facilitation and interference effects in Garner’s speeded classification task (Garner, 1974; Garner & Felfoldy, 1970). Unlike the
previous examples, the coactive model provided the best fit of each
participant’s data. Consequently, the distinction between single
(coactive) and multiple (serial or parallel) channel processing
provides a theoretically motivated and identifiable operational
definition of integrality and separability.

Current Study
The present study examined whether whole-object features are
processed independently or holistically (i.e., serially or in parallel
vs. coactively). To increase the generality of our results, we
examine the processing of three sets of whole-object-featured
stimuli that vary on the dimensions of saturation, orientation, or
size (see Figure 2, bottom panels). These experiments are novel
because, as reviewed above, there is conflicting evidence as to
whether whole-object features are better thought of as truly integral or as separable dimensions. If the former is true, then we
would expect whole-object dimensions to demonstrate coactivity
similar to what was observed in Little et al.’s (2013) investigation
of brightness and saturation. If the latter is true then we would
expect to find evidence for a more complex processing architecture. Clarifying this question is important because it reveals the
necessity of additional theoretical mechanisms to explain previous
results using other methods. For example, if we do not observe
coactivity, then this draws into question theoretical explanations of
the Garner tasks that rely on a pooling of stimulus information
(Ashby & Maddox, 1994; Maddox, 1992; Nosofsky, 1988). It also
further suggests that facilitation or interference may arise because
of mechanisms other than pooling (e.g., response caution). On the
other hand, an observation of independent processing (e.g., in
serial or in parallel) makes the observation of independent decay
from working memory less interesting. That is, one would expect
1
Note that self-terminating models make different SICs predictions
from their exhaustive counterparts (see Townsend & Nozawa, 1995);
however, in the present design a correct decision in the target category
requires exhaustive processing. Hence, for the target category, we only
present the SIC predictions of the exhaustive models, and our analyses will
consequently focus on correct RTs. Note, however, that self-terminating
processing might still be observed overall, and this can be assessed by
analyzing the contrast category (see Figure 3).
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Survivor interaction contrast (SIC) predictions for serial, parallel, and coactive architectures.

independent decay if, in fact, the dimensions are processed independently anyway. Based on the mixed serial-parallel processing
reported with spatially overlapping features (Little et al., 2011), we
expect that whole-object features will be processed independently
with a serial or parallel architecture.

General Method
Participants
Twelve students from the University of Melbourne community
with normal or corrected-to-normal vision were recruited for participation in the study with four in each condition. Participants
were reimbursed $5 per session plus a $3 bonus per session for
accurate (ⱖ90% correct) performance.

Stimuli
There were nine rectangular stimuli in each condition (see
Figure 2, bottom). Within each condition, the stimuli were composed of three levels of saturation and orientation (Condition 1),
size and saturation (Condition 2), and size and orientation (Condition 3). Saturation values were derived from the Munsell color
system, which were converted to RGB using standard transformations (Travis, 1991). Stimuli had a constant hue (5R) and a constant lightness (Value 5; see Table 1).
The study was conducted on monitors with display resolution
(1,280 ⫻ 1,024). All stimuli were presented on a gray background
with RGB values of 200, 200, and 200, respectively.

constrain our model fitting procedure. These methods and analysis
are reported in the supplementary materials.

Results and Discussion
Saturation and Orientation
The saturation and orientation participants are referred to as
SO1-SO4. The first session was considered practice and excluded
from subsequent analyses. RTs less than 200 ms and greater than
three times the SD from the mean were also excluded from
analyses. This removed less than 1% of trials for this condition.
Mean and distributional RT analyses. Tests demonstrating
stochastic dominance, and hence, selective influence, are presented
in the supplement. The mean correct RTs for each participant are
presented in Figure 5. For SO1, the mean RTs for the targetcategory was underadditive, suggesting parallel processing (see
bootstrapped MIC results in supplemental Figure 2). The SIC
function (see Figure 6) also most resembled the canonical predictions of the parallel processing model (cf. Figure 4). Conversely,
the contrast category exhibited RTs commensurate with the serial
model (e.g., faster exterior than interior RTs). Similarly, SO2
demonstrated target category RTs consistent with parallel processing. However, because the interior was faster than the exterior

Table 1
Stimulus Dimension Values in the Three Conditions
Level

Procedure
Participants completed nine sessions over a 3-week period. At
the commencement of each session, participants were shown a
schematic diagram of the category space that displayed all nine
stimuli along with the decision rule boundaries, which was then
removed. Each session consisted of 459 trials (9 practice trials and
450 experimental trials, divided into 10 blocks of 45 trials with a
short break between blocks). Presentation of stimuli was randomized anew for each block. Each trial was initiated with a fixation
cross presented for 1,500 ms, followed by the presentation of a
single stimulus. Participants responded A or B using a calibrated
RT box. The stimulus was presented until response or until 5,000
ms lapsed. Feedback was presented after incorrect or time-out
responses. There was an 1,870 ms blank interval between trials.
We additionally collected similarity ratings for each set of
stimuli to derive multidimensional scaling solutions that we use to

Condition
1. Saturation & Orientation
Saturation
Orientation
Size
2. Size & Saturation
Saturation
Orientation
Size
3. Size & Orientation
Saturation
Orientation
Size

0

1

2

16
40°
4.58°

14
50°
4.58°

10
70°
4.58°

16
0°
2.84°

14
0°
3.32°

10
0°
4.58°

16
40°
2.84°

16
50°
3.32°

16
70°
4.58°

Note. Levels are based on the layout of the category space shown in
Figure 2, and sizes are reported in terms of the visual angles the stimuli
subtended at a view distance of 70 cm. Orientation is reported in clockwise
degrees from vertical. In each condition, the value of the irrelevant dimension was held constant for all stimuli.
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Figure 5. Observed mean response times (RTs) for individual participants and stimuli in the size and
orientation condition. The left panels show the results for target category stimuli, and the right panels show the
results for contrast category stimuli. Participants are referred to as SO1-SO4, in which SO indicates that stimuli
varied on saturation and orientation. Left panels: L ⫽ low-discriminability dimension value; H ⫽ highdiscriminability dimension value. Right panels: R ⫽ redundant stimulus; I ⫽ interior stimulus; E ⫽ exterior
stimulus. Error bars show ⫾1 SE.

stimulus for one dimension, the contrast category did not reflect
parallel processing. For SO3, the target category RTs support an
inference of serial processing. Analysis of the contrast category
RTs were consistent with the fixed-order serial self-terminating

model (i.e., RTs were different for the interior and exterior saturation dimension but not the orientation dimension). Finally, for
SO4, the RT results from both the target and contrast category
imply a parallel self-terminating architecture (however, note that
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Figure 6. Survivor interaction contrasts (SIC) for participants in Condition 1. Blue lines represent bootstrapped
95% confidence intervals. Participants are referred to as SO1-SO4, in which SO indicates that stimuli varied on
saturation and orientation. See the online article for the color version of this figure.

the bootstrapped MICs do overlap 0 in the 95% HDI region; see
supplemental Figure 2).
Statistical tests. To analyze the effect of each dimension, we
conducted an 8 session ⫻ 2 saturation (Low vs. High) ⫻ 2
orientation (Low vs. High) Bayesian analysis of variance
(ANOVA) using JASP (Love et al., 2015) to compute Bayes
factors (BF) for comparing General Linear Models (GLMs) that
include or omit each main effect or interaction effect (see Rouder
et al., 2012). The BF provides the ratio of model evidence for the
null hypothesis compared with the alternative hypothesis. Hence,
the BF for inclusion of a particular main effect or interaction
(BFinc) can be interpreted in the same manner as a traditional Null
Hypothesis ANOVA table, except, unlike traditional analysis, the
BFinc can be interpreted either as evidence for or against the null
hypothesis.2
Target category. The BFinc for SO1 and SO2 favored including each of the main effects along with the interaction between
session and orientation (see Table 2). There was also support for
the inclusion of the Session ⫻ Saturation effect for SO1 and the
Session ⫻ Orientation effect for SO2, indicating that these dimensions became faster across sessions. Crucially, the three way
interaction had a BFinc less than 1, suggesting the interaction
between saturation and orientation (as indexed by the MIC), and
consequently the processing architecture, was stable across sessions.
The largest posterior probability model included all three
main effects, the interaction between both dimensions, and the
interaction between one of the dimensions and session; for
example, p(MSess ⫹ Sat ⫹ Ori ⫹ SessXSat ⫹ SatXOri|dataSO1) ⫽ .86
and p(MSess ⫹ Sat ⫹ Ori ⫹ SessXOri ⫹ SatXOri|dataSO2) ⫽ .65 for
SO1 and SO2, respectively. The next highest posterior probability
model included all three main effects and only the interaction between

saturation and orientation: p(MSess ⫹ Sat ⫹ Ori ⫹ SatXOri|dataSO1) ⫽ .14
and p(MSess ⫹ Sat ⫹ Ori ⫹ SatXOri|dataSO2) ⫽ .34. The BF for including
the Saturation ⫻ Orientation interaction was greater than 3 for both
participants (and greater than 150 for SO1) indicating positive support
that the interaction was less than 0 supporting an inference of parallel
processing in line with Figure 5 and Figure 6.
For SO3, the BFinc supported including the main effects and
Session ⫻ Orientation interaction. The BFinc for the Saturation ⫻
Orientation interaction equalled .42 indicating that the null hypothesis was about twice as likely as the alternative. The highest
posterior probability model included the three main effects and
Session ⫻ Orientation interaction, p(MSess ⫹ Sat ⫹ Ori ⫹ SessXOri|
dataSO3) ⫽ .83. The next highest posterior probability model
added the Saturation ⫻ Orientation interaction, p(MSess ⫹ Sat ⫹
Ori ⫹ SatXOri ⫹ SessXOri| dataSO3) ⫽ .16. The balance of evidence,
therefore, supports the inference of serial processing, but there is
some nonnegligible posterior belief reserved for the inference of
2
For the Bayesian analysis of variance (ANOVA), the null hypothesis is
implemented as indicating that a coefficient on a given fixed effect or
interaction equals zero. The alternative hypothesis is that the coefficient is
not equal to 0. Bayes factors were interpreted in accordance with Kass and
Raftery (1995); that is, any Bayes factor less than 1 indicating support for
the null hypothesis are reported as BF ⬍1. Any Bayes factor greater than
150 indicating very strong support for the alternative hypothesis are reported as BF ⬎150. Bayes factors between 1 and 3 provide weak evidence
for the alternative hypothesis (barely worth a mention, Kass & Raftery,
1995, see also Jeffreys, 1961), between 3 and 20 provide positive evidence
for the alternative hypothesis, and between 20 and 150 provide strong
support for the alternative hypothesis. An upshot of the Bayesian ANOVA
analysis is that we need not make any hard inference about which GLM is
correct and can quantify our uncertainty with regard to the inferences for
each participant.
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Table 2
Bayesian ANOVA Results for Participants in the Saturation &
Orientation Condition
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Effects

T3

Participant SO1
Saturation
Orientation
Session
Sat ⴛ Ori
Sat ⴛ Session
Ori ⴛ Session
Sat ⴛ Ori ⴛ Session
Participant SO2
Saturation
Orientation
Session
Sat ⴛ Ori
Sat ⴛ Session
Ori ⴛ Session
Sat ⴛ Ori ⴛ Session
Participant SO3
Saturation
Orientation
Session
Sat ⴛ Ori
Sat ⴛ Session
Ori ⴛ Session
Sat ⴛ Ori ⴛ Session
Participant SO4
Saturation
Orientation
Session
Sat ⴛ Ori
Sat ⴛ Session
Ori ⴛ Session
Sat ⴛ Ori ⴛ Session

P(incl)

P(incl|data)

BFinc

.74
.74
.74
.32
.32
.32
.05

1
1
1
1
⬍1
<1
⬍1

>150
>150
>150
13.76
⬍1
>150
⬍1

.74
.74
.74
.32
.32
.32
.05

1
1
1

>150
>150
>150
4.15
⬍1
>150
⬍1

.74
.74
.74
.32
.32
.32
.05
.74
.74
.74
.32
.32
.32
.05

.66
.02
1
⬍001
1
1
1
.16
⬍.001
1
⬍.001
1
1
1
.37
.19
.01
⬍.001

>150
>150
>150
⬍1
⬍1
>150
⬍1
>150
>150
>150
1.25
⬍1
⬍1
⬍1

Note. Effects or interactions with Bayes factors greater than 1 are shown
in bold and italics. SO indicates that stimuli varied on saturation and
orientation. P(incl) is the prior probability for a model that includes the
listed effect(s). P(incl|data) is the posterior probability for a model that
includes the listed effect. BFinc is the Bayes factor for including the listed
effect. Sat ⫽ Saturation; Ori ⫽ Orientation; ANOVA ⫽ analysis of
variance.

parallel processing. The BFinc of the three way interaction was less
than 1.
For Participant SO4, the posterior supported the inclusion of all
three main effects and the Saturation ⫻ Orientation interaction.
However, the BFinc for Saturation ⫻ Orientation was only marginally greater than 1 (BFinc ⫽ 1.25). The model with the highest
posterior included only the three main effects, p(MSess ⫹ Sat ⫹
Ori|dataSO4) ⫽ .51 with the next highest posterior probability
model adding the interaction between saturation and orientation,
p(MSess ⫹ Sat ⫹ Ori ⫹ SatXOri |dataSO4) ⫽ .30. Like SO3, we adopt a tentative
inference in favor of serial but reserve some posterior belief for
parallel processing.
Contrast category. For the contrast category, we conducted a
series of pairwise comparisons (following Fifić et al., 2010) using
Bayesian independent samples t tests (see Table 3). We report the
BF that the effect size equals zero (the null hypothesis) compared
with the alternative that the effect size was greater than zero (BF10;
Rouder, Speckman, Sun, Morey, & Iverson, 2009). The Bayesian
t test results were again computed using JASP (Love et al., 2015).

11

For SO1 and SO2, BF10 indicated that the redundant stimulus
was faster than any of the remaining contrast category stimuli (see
Table 3). The BF10 also indicated that for SO1, the interior was
slower than the exterior stimulus on orientation but not saturation.
This is consistent with fixed order serial processing. For SO2,
there was no difference between the interior and exterior saturation
dimensions, but the interior was faster than the exterior stimulus
for orientation (see Table 3). This result is somewhat inconsistent
with any of the model predictions (see Figure 3); however, it may
reflect some deviation in the locations of the stimuli relative to the
decision bound.
SO3 showed equivalent RTs for the redundant, interior, and
exterior stimuli on the orientation dimension. By contrast, the
interior was slower than the exterior stimulus on saturation (see
Table 3). This pattern is the hallmark of a fixed-order serial
self-termination. SO4 showed no difference between the interior
and exterior stimuli on either dimension. The redundant stimulus
was faster than both interior and exterior stimuli on the orientation
dimension but was equivalent to the interior and exterior stimuli on
the saturation dimension. This pattern is indicative of a parallel
self-terminating process.
Summary. Taken together, the target and contrast results
point to serial self-termination for SO3. SO4 was consistent with
Table 3
Bayesian t Test Results for the Saturation &
Orientation Condition
Paired comparison
Participant SO1
Esat - Isat
Eori - Iori
Esat - R
Eori - R
Isat - R
Iori - R
Participant SO2
Esat - Isat
Eori - Iori
Esat - R
Eori - R
Isat - R
Iori - R
Participant SO3
Esat - Isat
Eori - Iori
Esat - R
Eori - R
Isat - R
Iori - R
Participant SO4
Esat - Isat
Eori - Iori
Esat - R
Eori - R
Isat - R
Iori - R

Mdiff

BF10

95% HDI

⫺43.40
⫺125.90
183.50
127.30
226.90
253.20

⬍1
>150
>150
>150
>150
>150

[⫺.28, ⫺.005]
[⫺.47, ⫺.19]
[.51, .80]
[.27, .55]
[.70, 1.00]
[.65, .94]

⫺51.1
142.5
298.9
239
350
96.5

⬍1
>150
>150
>150
>150
>150

[⫺.24, .05]
[.20, .47]
[.62, .92]
[.51, .80]
[.69, .99]
[.16, .43]

⫺99.7
⫺25.2
320.8
22.3
420.5
47.5

9.44
⬍1
>150
⬍1
>150
⬍1

[⫺.39, ⫺.08]
[⫺.21, .08]
[⫺1.01, ⫺.71]
[⫺.20, .08]
[⫺1.24, ⫺.93]
[⫺.01, .27]

⫺44.8
59
39
429.9
83.8
370.9

⬍1
⬍1
⬍1
>150
56.21
>150

[⫺.28, ⫺.001]
[⫺.04, .25]
[⫺.27, .01]
[⫺1.12, ⫺.82]
[⫺.395, ⫺.12]
[⫺.96, ⫺.67]

Note. Comparisons with Bayes factors greater than 1 are shown in bold
and italics. SO indicates that stimuli varied on saturation and orientation
BF10 is the Bayes Factor in favor of the hypothesis the effect size of the
mean difference is not equal to 0. Mdiff ⫽ mean difference; R ⫽ redundant
stimulus; the adjacent neighbors of the R stimulus are denoted as the
interior (I) stimuli, and the stimuli at the far edges of the contrast-category
are denoted as the exterior (E) stimuli.
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serial target processing but with some probability reserved for
parallel processing. On balance, the contrast category suggests that
SO4 was parallel and self-terminating.
SO1 and SO2 are more equivocal. The target category was
indicative of parallel processing, but the corresponding contrast
category RTs were consistent with mixed-order serial selfterminating processing for SO1. For SO2, the faster interior than
exterior stimulus for the orientation dimension is somewhat suggestive of coactive processing, but this inference is not supported
by any of the other results. Saturation was slower on the interior
than the exterior stimulus, and the target category is clearly not
coactive; instead the target category is marginally suggestive of
parallel processing. Overall, we did not find any strong evidence
for coactivity in the processing of saturation and orientation.
Hence, we can make some initial inferences about the nature of
object representation (i.e., of orientation and saturation) based on
these results. The lack of coactivity implies that it is not the entire
object that is processed but rather the individual features themselves. Under a strong interpretation of our nonparametric results,
evidence for a categorization decision is assumed to be accumulated from each dimension independently and then pooled into a
final decision using a rule appropriate for each category. We will
refine this interpretation after the presentation of our remaining
experiments.

Size and Saturation
The size and saturation participants are referred to as SS1-SS4.
The same statistical analyses are applied from the previous condition. The exclusion criteria removed less than 1% of trials for
this condition.
Mean and distributional RT analyses. Mean correct RTs are
presented in Figure 7. It is clear that the MIC is negative for all
participants, indicative of parallel processing for the target category. However, only SS1 and SS2 have bootstrapped MIC distributions that do not overlap 0 in the 95% HDI region (see supplemental Figure 3). Hence, SS3 and SS4 each show some support for
serial processing. This is supported by the SICs that have only a
large negative deflection for SS1 and SS2; SS3 and SS4 each show
some positive deflection in the SIC at later RTs (see Figure 8).
The contrast mean RTs are varied across participants (see Figure
7). SS1 and SS2 have slower RTs on both interior items than on the
exterior items suggesting mixed order serial self-terminating process. SS2 has faster interior than exterior RTs, which is suggestive
of coactive processing. SS4 has roughly equivalent mean RTs
across the interior and exterior contrast category items suggesting
parallel processing.
Statistical analyses. We applied a Bayesian ANOVA to test
for underadditivity and parallel processing in the mean RTs, and to
check the stability of processing across sessions by assessing the
posterior probability of the three-way interaction between size,
saturation, and session.
Target category. The BFinc are shown in Table 4. All participants showed very strong evidence for the three main effects, and
none of the participants had BFinc ⬎ 1 for the three-way interaction. For SS1 and SS2, the BFinc provided positive or strong
support, respectively, for the Size ⫻ Saturation interaction, supporting the inference of parallel processing. Both SS1 and SS2 also

had very high BFinc values for the Saturation ⫻ Session interaction
indicating that saturation became faster over time.
For SS1 and SS2, the largest posterior probability model contained all three main effects and the Size ⫻ Saturation and Saturation ⫻ Session interactions: p(Msize ⫹ sat ⫹ sess ⫹ sizeXsat ⫹
satXsess|dataSS1) ⫽ .78 and p(Msize ⫹ sat ⫹ sess ⫹ sizeXsat ⫹
satXsess|dataSS2) ⫽ .96. The next highest posterior probability
model only included the three main effects and the Saturation ⫻
Session interaction: p(Msize ⫹ sat ⫹ sess ⫹ satXsess|dataSS1) ⫽ .2 and
p(Msize ⫹ sat ⫹ sess ⫹ satXsess|dataSS2) ⫽ .02. By contrast, SS3 and
SS4 did not show any support for a Size ⫻ Saturation interaction
suggesting serial processing. The highest posterior probability model
only included the three main effects: p(Msize ⫹ sat ⫹ sess|dataSS3) ⫽
.77 and p(Msize ⫹ sat ⫹ sess|dataSS4) ⫽ .91. The next highest
posterior probability added the Size ⫻ Saturation interaction suggesting some evidence for parallel processing: p(Msize ⫹ sat ⫹ sess ⫹
sizeXsat|dataSS3) ⫽ .14 and p(Msize ⫹ sat ⫹ sess ⫹ sizeXsat|dataSS4) ⫽
.09.
Contrast category. The results of the contrast category analyses are presented in Table 5. We are primarily interested in the
posterior probability that the interior is slower or faster than the
exterior stimulus. SS1 showed no support for a difference
between the interior and exterior stimuli supporting an inference of parallel processing. SS4 also showed no difference
between the interior and exterior stimuli on either dimension.
SS2 had a faster interior than exterior stimulus on the saturation
dimension and no difference on the size dimension. This result
is inconsistent with any of the processing models. SS3’s exterior
stimulus was faster than the interior stimulus on the size dimension, but showed no difference between the interior and exterior
stimuli on the saturation dimension. This pattern is mostly consistent with fixed order serial self-terminating processing, but unlike
the mean RT predictions shown in Figure 3, the dimension that
shows no difference between the interior and exterior stimuli is the
slower of the two dimensions. This suggests that determining that
a dimensional value was evidence for the contrast category was
more difficult for saturation than for size. A similar result was also
found in the saturation and orientation condition (see Participant
SO1, Figure 5).
Summary. On the whole, there was little evidence for coactive processing of size and saturation. SS1 and SS3 were most
consistent with parallel, self-termination processing and fixedorder serial, self-termination, respectively. By contrast, SS2 and
SS4 were more equivocal. SS2 showed strong evidence for parallel
processing in the target category, but the contrast category was
inconsistent with any of the models. SS4 showed strong evidence
for serial processing in the target category but parallel selfterminating processing in the contrast category. Like saturation
and orientation, we find that size and saturation appear to be
processed independently.

T5

Orientation and Size
The participants from the orientation and size condition are
referred to as OS1-OS4. The exclusion criteria removed less than
1% of trials for this condition.
Mean and distributional RT analyses. The mean correct
RTs for each participant are presented in Figure 9. The target
category revealed parallel processing for only Participant OS1; the
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Figure 7. Observed mean response times (RTs) for individual participants and stimuli in Condition 2. The left
panels show the results for target category stimuli, and the right panels show the results for contrast category
stimuli. Participants are referred to as SS1-SS4, in which SS indicates that stimuli varied on size and saturation.
Left panels: L ⫽ low-discriminability dimension value; H ⫽ high-discriminability dimension value. Right
panels: R ⫽ redundant stimulus; I ⫽ interior stimulus; E ⫽ exterior stimulus.

F10

remaining participants (OS2-OS4) were more consistent with serial processing. This inference is supported by the bootstrapped
MIC results (see supplemental Figure 4) and the SICs (see Figure
10).

For OS1, the contrast-category exterior stimuli were processed
faster than the interior stimuli on both dimensions, suggesting a
mixed-order serial self-termination. For OS2, the target and contrast categories are consistent with fixed-order serial self-
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Figure 8. Survivor interaction contrasts (SIC) for participants in size and saturation condition. Blue lines
represent 95% confidence intervals. Participants are referred to as SS1-SS4, where SS indicates that stimuli
varied on size and saturation. See the online article for the color version of this figure.

termination. For OS3, the contrast category mostly matched the
predictions from the parallel self-termination, and not the serial
model indicated by the target category. Finally, for OS4, the
contrast category most closely resembled parallel self-termination
except for the interior being slower than the exterior item on the
orientation dimension.
Statistical analyses.
Target category. Consistent with the mean RT and SIC results, only OS1 showed any support for an Orientation ⫻ Size
interaction (see Table 6). The remaining participants only showed
strong support for the three main effects of orientation, size, and
session. Participant OS1 reserved most of the posterior probability
for the model containing the three main effects and the Orientation ⫻ Size interaction, p(Mori ⫹ size ⫹ sess ⫹ oriXsize|dataOS1) ⫽ .63,
with substantial probability reserved for a model also containing
the Size ⫻ Session interaction: p(Mori ⫹ size ⫹ sess ⫹ oriXsize ⫹
sizeXsess|dataOS1) ⫽ .35. OS2’s highest posterior probability model
contained only the three main effects, p(Mori ⫹ sixe ⫹ sess
|dataOS2) ⫽ .72, with some posterior probability reserved for the
model that added the Size ⫻ Session interaction, p(Mori ⫹ size ⫹
sess ⫹ size x sess|dataOS2) ⫽ .20. Likewise, OS3 had a highest
posterior probability model that contained only the three main
effects, p(Mori ⫹ size ⫹ sess|dataOS3) ⫽ .89, with some posterior
probability reserved the addition of the Orientation ⫻ Size interaction, p(Mori ⫹ size ⫹ sess ⫹ oriXsize|dataOS3) ⫽ .10. OS4’s highest
posterior probability model contained only the three main effects,
p(Mori ⫹ size ⫹ sess |dataOS4) ⫽ .66, with some posterior probability
reserved for the Orientation ⫻ Session interaction, p(Mori ⫹ size ⫹
sess ⫹ oriXsess|dataOS4) ⫽ .27.
Contrast category. For OS1, the interior is slower than the
exterior stimulus only on orientation (see Table 7). Likewise, BF10
indicate support for the alternative hypothesis only for the redundant versus interior comparisons. This is most consistent with a

fixed-order, serial self-terminating process. A similar pattern was
found for OS2. The interior was slower than the exterior stimulus
only on orientation, and the redundant was faster than the interior
stimulus again suggestive of fixed-order, serial self-termination.
For OS3, all Bayes factors indicated that the redundant stimulus
was faster than the other stimuli. There was only a weak support
for a difference between the interior and exterior stimuli on orientation and support for a null difference between the interior and
exterior stimuli on size. Taken together, these results suggest
parallel self-termination.
OS4 demonstrated BFs consistent with a slower interior than
exterior stimulus on size but no difference on orientation. The
redundant stimulus was also faster than the other stimuli (except
for the exterior size stimulus). These results are suggestive of serial
self-termination in which the decision is more difficult for size
than for orientation (see SS3; Figure 7).
Summary. Inference across all items suggests fixed-order serial self-termination for OS2 and OS4. OS1 shows parallel processing for the target category and mixed-order, serial selftermination for the contrast category. OS3 shows the reverse: serial
processing for the target category and parallel self-termination for
the contrast category. Hence, like the other conditions, we find no
evidence for coactive processing, but the exact nature of the
independent processing is somewhat equivocal for some of the
participants.

Discussion
In each condition, processing is most consistent with either
serial, self-terminating processing or parallel self-terminating processing. The data from these conditions do not support the notion
that whole-object features are processed coactively. Overall, the
results provide a strong indication that whole-object features are
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Table 4
Bayesian ANOVA Results for Participants in the Size and
Saturation Condition
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Effects
Participant SS1
Size
Saturation
Session
Size ⴛ Sat
Size ⴛ Session
Sat ⴛ Session
Size ⴛ Sat ⴛ Session
Participant SS2
Size
Saturation
Session
Size ⴛ Sat
Size ⴛ Session
Sat ⴛ Session
Size ⴛ Sat ⴛ Session
Participant SS3
Size
Saturation
Session
Size ⴛ Sat
Size ⴛ Session
Sat ⴛ Session
Size ⴛ Sat ⴛ Session
Participant SS4
Size
Saturation
Session
Size ⴛ Sat
Size ⴛ Session
Sat ⴛ Session
Size ⴛ Sat ⴛ Session

P(incl)
.74
.74
.74
.32
.32
.32
.05
.74
.74
.74
.32
.32
.32
.05
.74
.74
.74
.32
.32
.32
.05
.74
.74
.74
.32
.32
.32
.05

P(incl|data)
1
1
1
.79
⬍.001
.99
⬍.001
1
1
1
.98
.02
1.00
⬍.001
1
1
.94
.15
.03
.007
⬍.001
1
1
1
.09
.005
.001
⬍.001

BFinc
>150
>150
>150
8.16
⬍1
>150
⬍1
>150
>150
>150
96.79
⬍1
>150
⬍1
>150
>150
5.97
⬍1
⬍1
⬍1
⬍1
>150
>150
>150
⬍1
⬍1
⬍1
⬍1

Note. Effects or interactions with Bayes factors greater than 1 are shown
in bold and italics. SS indicates that stimuli varied on size and saturation.
P(incl) is the prior probability for a model that includes the listed effect(s).
P(incl|data) is the posterior probability for a model that includes the listed
effect. BFinc is the Bayes factor for including the listed effect; Sat ⫽
Saturation; ANOVA ⫽ analysis of variance.

processed independently. However, some ambiguity about the
specific nature of that processing remains.
Recall that Little et al. (2011) reported similar findings using
separable dimensions that were part of the same object. It is still
possible that like those results, processing might be best thought of
as a trial-by-trial mixture of serial and parallel processing. Indeed,
many of the SICs and mean RTs demonstrate characteristics that
might reflect this mixture. To test this account, we fit several different
mental architecture models using maximum likelihood and compared
the fits using the Bayesian Information Criterion (BIC; Wasserman,
2000), which penalizes the log-likelihood on the basis of the number
of free parameters and the size of the sample. We also reported the
BIC weights (Wagenmakers & Farrell, 2004), which can be interpreted as the posterior probability of each model. The model parameterization, description of the models, and model fitting procedure are
described in the supplementary materials.

Computational Modeling Results
Quantitative models were fitted to individual participant data
using quantile-based maximum likelihood estimation (Heathcote,
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Brown, & Mewhort, 2002). Coactive, as well as exhaustive and
self-terminating serial and parallel architectures were tested along
with the mixed serial-parallel model introduced by Little et al.
(2011), which allows for a trial-by-trial mixture of serial and
parallel processing. We also fit a very flexible free stimulus drift
rate model that provides a strong test of coactivity by assuming
that all of the information is pooled into a single process but is
unconstrained by the representational assumptions in that the drift
rate for each stimulus is freely estimated. This allows us to assess
the extent to which some of the observed contrast category RT
patterns (i.e., when the interior stimulus was faster than the exterior stimulus) are truly evidence for coactivity. The parameterization and description of the models is provided in the supplementary material.
For each stimulus, predictions were generated of correct RTs for
the following quantile bins: the fastest 10%, the next four 20%
intervals, and the slowest 10%. Because error rates were so low,
we did not attempt to fit error-RT distributions. However, the error
data still strongly constrained the models, because they are required to simultaneously fit both the correct-RT distributions and
overall error rates for each stimulus. The fit of the models to the
data was evaluated using the multinomial log-likelihood function:

Table 5
Bayesian t Test Results for the Size and Saturation Condition
Paired comparison
Participant SS1
Esize - Isize
Esat - Isat
Esize - R
Esat - R
Isize - R
Isat - R
Participant SS2
Esize - Isize
Esat - Isat
Esize - R
Esat - R
Isize - R
Isat - R
Participant SS3
Esize - Isize
Esat - Isat
Esize - R
Esat - R
Isize - R
Isat - R
Participant SS4
Esize - Isize
Esat - Isat
Esize - R
Esat - R
Isize - R
Isat - R

Mdiff

BF10

95% HDI

⫺30.50
⫺12.80
78.70
54.00
109.20
66.80

⬍1
⬍1
>150
36.96
>150
>150

[⫺.28, .004]
[⫺.20, .08]
[.24, .52]
[.11, .39]
[.36, .65]
[.17, .45]

⬍1
>150
>150
>150
>150
>150

[⫺.09, .21]
[.24, .53]
[.92, 1.23]
[.65, .94]
[.70, 1.00]
[.25, .54]

⫺44.70
⫺9.60
92.00
128.20
136.70
137.80

1.87
⬍1
>150
>150
>150
>150

[⫺.32, ⫺.04]
[⫺.18, .10]
[.33, .61]
[.47, .76]
[.45, .73]
[.51, .80]

17.70
.10
158.00
76.90
140.30
76.80

⬍1
⬍1
>150
44.82
>150
54.72

[⫺.09, .19]
[⫺.14, .14]
[.37, .66]
[.12, .39]
[.31, .60]
[.12, .40]

18.90
107.40
260.40
200.10
241.50
92.70

Note. Comparisons with Bayes factors greater than 1 are shown in bold
and italics. SS indicates that stimuli varied on size and saturation. BF10 is
the Bayes Factor in favor of the hypothesis the effect size of the mean
difference is equal to 0. Mdiff ⫽ mean difference; R ⫽ redundant stimulus;
the adjacent neighbors of the R stimulus are denoted as the interior (I)
stimuli, and the stimuli at the far edges of the contrast-category are denoted
as the exterior (E) stimuli.

APA NLM
tapraid5/zfn-xhp/zfn-xhp/zfn00616/zfn3422d16z xppws S⫽1

3/11/16 4:56 Art: 2015-0555

MONEER, WANG, AND LITTLE

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

16

Figure 9. Observed mean response times (RTs) for individual participants and stimuli in Condition 3. The
left panels show the results for target category stimuli, and the right panels show the results for contrast
category stimuli. Participants are referred to as OS1-OS4, in which OS indicates that stimuli varied on
orientation and size. Left panels: L ⫽ low-discriminability dimension value; H ⫽ high-discriminability
dimension value. Right panels: R ⫽ redundant stimulus; I ⫽ interior stimulus; E ⫽ exterior stimulus.

lnL ⫽

n

n m⫹1

n m⫹1

ln(f ij !) ⫹ 兺 兺 f ij · ln(pij)
兺 ln(Ni !) ⫺ i⫽1
兺兺
i⫽1
j⫽1
i⫽1 j⫽1

(3)

where Ni is the number of observations of stimulus i (i ⫽ 1, n), fij
is the frequency with which stimulus i had a correct RT in the j’th

quantile (j ⫽ 1, m) or was associated with an error response (j ⫽
m ⫹ 1), and pij (that is a function of the model parameters) is the
predicted probability that stimulus i had a correct RT in the j’th
quantile or was associated with an error response. The loglikelihood values were then transformed to account for the number
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O
L
O
R
Figure 10. Survivor interaction contrasts (SIC) for participants in Condition 3. Blue lines represent 95%
confidence intervals. Participants are referred to as OS1-OS4, in which OS indicates that stimuli varied on
orientation and size. See the online article for the color version of this figure.

of free parameters used by each model using the BIC (Schwarz,
1978; Wasserman, 2000), which penalizes the log-likelihood on
the basis of the number of free parameters and the size of the
sample being fit:
BIC ⫽ ⫺ 2lnL ⫹ npln (M)

(4)

where np is the number of free parameters in the model, and M is
the total number of observations in the data set. The model that
yields the smallest BIC is the preferred model. For the BIC
comparison, we also included a saturated model that was assumed
to have one free parameter for each estimated quantile and error
rate. This model fits the data perfectly but has a high penalty for
complexity.
We also report the BIC weights (wBIC), which are computed as
follows:

共

兲
兲

exp ⫺ 1 ⌬BICM
2
wBICM ⫽
exp ⫺ 1 ⌬BICi
2
i

兺 共

(5)

where wBICM is the BIC weight for model m and ⌬BICM ⫽
mini共BICi兲 ⫺ BICM ; ⌬BIC is the difference between model m and
the model with the lowest BIC (i.e., the best model) in our set. BIC
weights can be interpreted as the posterior probability of each
model given the data (i.e., assuming a uniform prior over each of
the models; Lewandowsky & Farrell, 2011; Wagenmakers & Farrell, 2004).
We used a modified Hooke and Jeeves’s (1961) parametersearch procedure starting from 100 different random starting configurations. In fitting the models, the means of the perceptual
distributions equal the coordinate values derived from the twodimensional scaling solutions for the stimuli for all models except
the free drift model.

The fits of the models to the individual participant data from all
conditions are shown in Table 8. Inspection of the table reveals
that for almost all participants across the three conditions, the
mixed serial-parallel model yields the best BIC fit among the
competing models. The sole exception was for Participant SS2 in
the size and saturation condition, whose data was best fit by the
parallel self-terminating model. It is interesting that the free stimulus drift model, which instantiates a highly flexible single channel
model that can mimic any coactive model, did not fit as well as the
mixed serial-parallel model. This indicates that even allowing
increased flexibility did not allow a single channel model to fit the
observed RT data. This provides very strong evidence that the RT
data were generated by a process that did not pool evidence into a
single object representation.
The best-fitting parameters and the mean RT predictions for
each of the best-fitting models are shown in Table 9. Inspection of
these tables indicates that the mixed serial-parallel model, or the
parallel self-terminating model in the case of SS2, provides a good
account of the intricate pattern of observed mean RTs and error
rates. A mixture of serial and parallel trials would explain the
conflicting patterns of mean RTs for target- and contrast-category
items, and account for the positive SIC values at large RTs that are
not predicted by the parallel model. More important, the results of
the computational modeling provide further evidence that wholeobject features are analyzed independently and are not processed
as integral dimensions.
Although there are a number of goals that could inform the
application of computational models (e.g., parameter recovery,
selective influence, quantifying uncertainty, and model comparison and selection; Heathcote, Brown, & Wagenmakers, 2015), our
goal is to compare a number of different architectures to (a)
confirm our initial inferences based on the nonparametric SFT
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Table 6
Bayesian ANOVA Results for Participants in the Orientation
and Size Condition
Effects
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Participant OS1
Orientation
Size
Session
Ori x Size
Ori x Session
Size x Session
Ori x Size x
Session
Participant OS2
Orientation
Size
Session
Ori x Size
Ori x Session
Size x Session
Ori x Size x
Session
Participant OS3
Orientation
Size
Session
Ori x Size
Ori x Session
Size x Session
Ori x Size x
Session
Participant OS4
Orientation
Size
Session
Ori x Size
Ori x Session
Size x Session
Ori x Size x
Session

P(incl)
.74
.74
.74
.32
.32
.32
.05
.74
.74
.74
.32
.32
.32
.05
.74
.74
.74
.32
.32
.32
.05
.74
.74
.74
.32
.32
.32
.05

P(incl|data)
1
1
1
.98
.008
.36
⬍.001
1
1
1
.07
.002
.22
⬍.001
1
1
1
.097
.003
.008
⬍.001
1
1
1
.075
.29
⬍.001
⬍.001

BFinc
>150
>150
>150
110.96
⬍1
1.2
⬍1
>150
>150
>150
⬍1
⬍1
⬍1
⬍1
>150
>150
>150
⬍1
⬍1
⬍1
⬍1
>150
>150
>150
⬍1
⬍1
⬍1
⬍1

Note. Effects or interactions with Bayes factors greater than 1 are shown
in bold and italics. OS indicates that stimuli varied on orientation and size.
P(incl) is the prior probability for a model that includes the listed effect(s).
P(incl|data) is the posterior probability for a model that includes the listed
effect. BFinc is the Bayes factor for including the listed effect; Ori ⫽
Orientation; ANOVA ⫽ analysis of variance.

analyses and (b) to test mechanisms beyond the base models
considered by SFT. Nonetheless, it is informative to ensure that the
fit of the model is adequate and consider what the estimated
parameter values reveal about the behavior of our participants. We
present the predictions of the best fitting models compared against
the RT distributions for each item for each participant in our
supplemental Figure 5 (Saturation & Orientation Condition), supplemental Figure 6 (Size & Saturation Condition), and supplemental Figure 7 (Orientation & Size Condition). These figures show
that the model fits the item RT distribution very well in all cases.
Regarding the best fitting parameter estimates (see Table 9),
there is a good deal of consistency in the estimates of the boundary
locations and the residual mean and variance estimates. The remaining parameters vary considerably between participants with
some parameters trading off against other parameters. For example, participants with larger boundary location (⫹A and ⫺B)
estimates tend to have smaller estimates of the scaling parameters,

ks and kp. The most relevant parameter to the present discussion is
the value of ps, the probability of processing a stimulus on a given
trial in a serial fashion. This parameter varies considerably between participants but tends to take on values near .2 to .35,
indicating a higher proportion of parallel processing trials than
serial trials. This is reversed for Participants SO1, SO3, and OS4,
who tend toward more serial processing than parallel processing.
The value of the ps parameter tends to trade off against the value
of the perceptual variability estimates, x and y, applied to
dimensions x and y, respectively. Larger values of these parameters would tend to result in smaller rates of processing leading to
slower RTs. However, these parameters also tend to tradeoff
against the parallel process multiplier on this variability, m, in the
mixed model (see Table 9). Participants, such as SO1, SO3, and
OS4, who have higher proportions of serial processing, tend to
have smaller variability parameters (i.e., indicating decreased variability in the serial component of the mixture process) and larger
parallel variability multipliers (i.e., indicating increased variability
in the parallel component of the mixture process). These three
participants also have similar SICs that are mostly negative with a
small short-lived positive deflection (see Figure 6). To understand
the effects of these variability parameters, it is worth noting that,
compared to the other models, the serial-parallel mixture model is

Table 7
Bayesian t Test Results for the Orientation and Size Condition
Paired comparison
Participant OS1
Eori - Iori
Esize - Isize
Eori - R
Esize - R
Iori - R
Isize - R
Participant OS2
Eori - Iori
Esize - Isize
Eori - R
Esize - R
Iori - R
Isize - R
Participant OS3
Eori - Iori
Esize - Isize
Eori - R
Esize - R
Iori - R
Isize - R
Participant OS4
Eori - Iori
Esize - Isize
Eori - R
Esize - R
Iori - R
Isize - R

Mdiff

BF10

95% HDI

ⴚ85.30
ⴚ55.20
37.60
24.30
122.90
79.50

>150
⬍1
⬍1
⬍1
>150
21.31

[ⴚ.47, ⴚ.19]
[ⴚ.30, ⴚ.02]
[.006, .29]
[ⴚ.06, .22]
[.27, .55]
[.099, .38]

52
⬍1
⬍1
⬍1
>150
⬍1

[ⴚ.40, ⴚ.11]
[ⴚ.23, .06]
[ⴚ.002, .28]
[ⴚ.11, ⴚ.17]
[.24, .53]
[ⴚ.03, .26]

24.30
ⴚ.40
86.50
41.80
62.20
42.20

1.68
⬍1
>150
>150
>150
>150

[.04, .32]
[ⴚ.13, .16]
[.57, .86]
[.23, .51]
[.37, .65]
[.19, .47]

ⴚ7.90
ⴚ40.80
69.40
11.20
77.30
52.00

⬍1
10.49
>150
⬍1
>150
>150

[ⴚ.19, .09]
[ⴚ.37, ⴚ.08]
[.31, .59]
[ⴚ.07, .21]
[.34, .62]
[.16, .43]

ⴚ136.30
ⴚ43.80
66.50
14.60
202.80
58.40

Note. Comparisons with Bayes factors greater than 1 shown in bold and
italics. OS indicates that stimuli varied on orientation and size. BF10 is the
Bayes Factor in favor of the hypothesis the effect size of the mean
difference is not equal to 0. Mdiff ⫽ mean difference; R ⫽ redundant
stimulus; the adjacent neighbors of the R stimulus are denoted as the
interior (I) stimuli, and the stimuli at the far edges of the contrast-category
are denoted as the exterior (E) stimuli.
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Table 8
Model Fits, Bayesian Information Criteria (BIC), and BIC Weights for Each Model and Each Participant
Model
Coactive
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Participant

-ln L

Saturation & Orientation
SO1
SO2
SO3
SO4
Size & Saturation
SS1
SS2
SS3
SS4
Size & Orientation
OS1
OS2
OS3
OS4
Saturation & Orientation
SO1
SO2
SO3
SO4
Size & Saturation
SS1
SS2
SS3
SS4
Orientation & Size
OS1
OS2
OS3
OS4
Note.

BIC

Parallel EX
wBIC

-ln L

BIC

Parallel ST
wBIC

-ln L

BIC

Serial EX
wBIC

-ln L

BIC

wBIC

375
466
426
426

823
1,005
925
927

.00
.00
.00
.00

375
742
542
600

824
1,005
1,158
1,274

.00
.00
.00
.00

266
399
348
333

606
871
770
630

.38
.00
.00
.00

422
800
578
606

918
1,674
1,231
1,287

.00
.00
.00
.00

551
331
380
448

1176
736
833
970

.00
.00
.00
.00

500
561
466
523

1074
1196
1007
1120

.00
.00
.00
.00

346
270
319
352

765
615
712
778

.00
1.00
.00
.00

632
640
490
537

1338
1354
1054
1147

.00
.00
.00
.00

374
538
398
353

884
1,149
870
918
Serial ST

.00
.00
.00
.00

380
566
596
378

834
1,205
1,266
830
Mixed S-P

.00
.00
.00
.00

286
469
307
274

645
1,011
687
622
Free drift

.00
.00
.00
.00

405
531
701
422

884
1,137
1,476
918
Saturated

.00
.00
.00
.00

283
526
274
419

648
1,134
630
919

.00
.00
.00
.00

249
265
253
221

605
637
613
549

.62
1.00
1.00
1.00

254
308
358
270

623
731
831
654

.00
.00
.00
.00

⫺141
⫺143
⫺144
⫺141

798
801
804
799

.00
.00
.00
.00

392
340
323
371

867
761
729
824

.00
.00
.00
.00

251
278
221
233

608
663
549
572

1.00
.00
1.00
1.00

355
259
242
282

824
632
599
679

.00
.00
.00
.00

⫺145
⫺145
⫺142
⫺142

805
805
801
801

.00
.00
.00
.00

278
438
372
264

638
959
825
610

.00
.00
.00
.13

240
314
252
250

586
735
610
606

1.00
1.00
1.00
.87

282
346
294
285

678
807
703
684

.00
.00
.00
.00

⫺142
⫺146
⫺143
⫺142

800
807
802
799

.00
.00
.00
.00

Model with highest WBIC is bolded. EX ⫽ Exhaustive, ST ⫽ Self-terminating. See supplementary material for the details about each model.

particularly good at accommodating the large initial peak in the RT
distribution followed by a long-tail (see, e.g., item HH for Participant SO2, supplemental Figure 5). Hence, the perceptual variances and parallel multiplier coupled with the proportion of serial
processing parameter determine which process is used to generate
the initial peak, which contains most of the probability mass, in the
RT distribution. For Participants SO1, SO3, and OS4, the initial
peak is generated by the serial component of the mixture, but for
the remaining participants the initial peak is generated by the
parallel component of the mixture process. For each participant,
the model assumes that the longer RTs are generated by the
process that forms the less-used component of the mixture process.

General Discussion
Contribution
We have shown that the whole-object features of orientation,
saturation, and size, exhibit independent, multichannel (i.e., serial
or parallel) processing, and there is little evidence for single
channel (coactive) processing. Our primary contribution was to
demonstrate this result using a convergent set of analyses utilizing:

1.

Nonparametric MIC and SIC analyses for the target category that can differentiate serial, parallel, and coactive processing (see Figures 3 and 4). Our MIC and SIC analyses of
the target category items show that participants process
these dimensions using either serial or parallel architectures.

2. Mean RT predictions based on the contrast category items.
Fifić et al. (2010) showed that these can differentiate not
only serial, parallel, and coactive processing but also selfterminating and exhaustive stopping rules (see Figure 3).
The mean RT results largely confirmed the architecture
results from the target category while also determining that
processing was likely self-terminating. Participants
SO2 and SS2 had minor exceptions to the expected
parameters, namely faster interior than exterior RTs on
one of the stimulus dimensions. However, taken together with the other analyses, these deviations seem
minor and on the whole, independent processing is the
best inferences for these participants.
3.

Parametric computational modeling that simultaneously considers all of the stimuli and allows testing of
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Table 9
Best Fitting Parameters From the Best Fitting Model (Lowest BIC) for Each Participant
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Parameters
Participant

Dx

Dy

x

y

⫹A

SO1
SO2
SO3
SO4

1.26
1.35
1.28
1.28

1.36
1.35
1.32
1.47

.79
2.62
.99
2.87

.7
3.54
2.34
1.95

SS1
SS2
SS3
SS4

1.27
1.23
1.27
1.26

1.47
1.35
1.47
1.44

1.58
.52
1.51
.97

2.62
.91
1.88
2.53

8
4
6
7

OS1
OS2
OS3
OS4

1.44
1.28
1.28
1.25

1.61
1.61
1.58
1.62

3.23
5.33
3.03
.46

3.1
2.89
1.67
.27

6
12
10
6

⫺B

R

R

ks

kp

m

px

ps

.4
.12
.23
.3

5.441
16.56
6.531
20.79

2.752
24.43
10.49
33.62

5.42
.25
2.47
.18

.72
.06
.96
.09

.71
.21
.76
.25

Size & Saturation
7
5.9
4
5.90
5
5.92
5
5.84

.12
.18
.17
.17

9.25
35.25
23.96
18.25

16.86
—
23.1
17.63

.23
—
.28
.41

.50
—
.79
.28

.34
—
.18
.29

Orientation & Size
7
5.86
11
5.51
7
6.02
8
6.12

.49
.67
.09
.2

15.21
8.959
3.472
8.326

37.26
39.8
5.933
8.213

.05
.05
.25
3.12

.01
.99
.66
.86

.14
.32
.38
.62

Saturation & Orientation
21
15
6.36
8
6
5.98
11
10
6.14
8
8
5.69

Note. Parameters are for the mixed serial-parallel model for all participants except SS2 where the parameters are for the parallel self-terminating model.
Dx and Dy are the decision bounds on the x and y dimensions. x and y are the perceptual standard deviations for x and y. ⫹A and ⫺B are the random
walk thresholds. R and R are the mean and SD of the log-normal residual time distribution. ks and kp are the scaling parameters for the serial and parallel
components of the mixture model. m is a multiplier on the perceptual SD for the parallel component of the mixture model. px is the probability that
dimension x is processed before dimension y in the serial component of the mixture model, and ps is the probability that a stimulus on a given trial is
processed serially.

novel theoretical mechanisms (i.e., beyond those
shown in Figure 2). The computational modeling revealed that the best fitting model for all participants
(save SS2) was the mixed serial-parallel model, which
allows for a mixture of serial and parallel processing
from trial to trial.
Taken together, these results show that whole object features are
processed independently. The fact that the dimensions can be
processed in parallel, at least on some proportion of the trials,
explains the discrepancy found in previous results. In the study of
feature binding, the benefit of having two features in the same
location occurs simultaneously with the independent decay of
these features from VSTM. The parallel processing of wholeobject features explains both the efficient encoding of colocated
features and the seeming independence of their decay. Simply
observing a benefit for visual features presented as a set of whole
objects in and of itself does not imply any pooling information
across those features.

Relation to Previous Research
The absence of evidence for coactive processing does not agree
with the findings that whole-object features exhibit interference
effects in the Garner (1974) speeded classification tasks. For
example, Smith and Kilroy (1979) reported longer RTs in the
filtering task with stimuli that varied along size and orientation. It
is plausible to assume that longer RTs in the filtering task might
arise from factors other than perceptual integrality. For example,
more items are presented during the filtering task than either of the
control or correlated tasks. The presence of more items may
encourage participants to be more conservative in their response,

especially if the stimuli are highly confusable. Alternatively, the
perceptual variability might be increased relative to the control
task that would also slow RTs in the filtration task (Nosofsky &
Palmeri, 1997; see Little et al., 2013, for an extended discussion of
this idea). In a nutshell, there are several potential explanations for
why one might see facilitation or interference in a Garner paradigm using whole-object features. In our tasks, however, which
carefully tease apart these explanations, the data support the independent processing of whole-object features.
This conclusion is consistent with the observation by Fougnie et
al. (2013) that color and orientations of whole-objects are encoded
separately into memory, and not as an integrated mental representation. However, the current paradigm provides more compelling
evidence for the separability of whole-object features than that
used by Fougnie et al. (2013), as the logical-rules approach does
not rely on the presentation of degraded response cues that necessarily break holistic representations to diagnose the processing
of individual features. Consequently, the observation that memory
for whole-object features decays independently is perhaps less
surprising given our results, as the independent processing of these
dimensions suggests that the encoding and decision making stages
proceed independently.

Implications for RT Theories of Categorization
Computational model fitting, which accounts for both target and
contrast category item RTs, was necessary to resolve the precise
architecture of this processing. The majority of subjects (all but
SS2) were best fitted by a mixture of serial and parallel selfterminating processes. This result is commensurate with Little et
al. (2011) who observed mixed serial-parallel processing for rectangles varying in saturation and inset bar position. Our result
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consequently provides further evidence against the idea that categorization decisions for separable dimensions are made by pooling
all of the dimensions of a stimulus into a single coactive channel.
Several prominent models of categorization make this assumption
(e.g., the Exemplar-based Random Walk model, EBRW, Nosofsky
& Palmeri, 1997; Stochastic GRT, Ashby, 2000). This is not to
conclude that the assumptions that those models make more generally are incorrect (e.g., similarity-based processing in the case of
EBRW) because each of our logical-rule models could be reformulated using, for instance, the similarity-based assumptions inherent to models like the GCM (Nosofsky, 1988). It may also be
the case that extensions to these models that allow for the dynamic
introduction of information into the decision processes (see, e.g.,
Cohen & Nosofsky, 2003; Lamberts, 2000) might be able to
account for our results.
More generally, categorization models that assumed that stimuli
were processed as whole objects could not explain the RTs observed in the categorization of separable dimensioned stimuli. This
was true even if (a) the model allowed for differential weighting of
each dimension (i.e., as in the EBRW, Nosofsky & Palmeri, 1997),
(b) the model adopted a flexible approach to estimating RTs (e.g.,
the RT-distance hypothesis; Ashby & Maddox, 1994), and (c)
when the whole-object models were maximally flexible and estimated the processing rate of each stimulus as a free parameter
(e.g., as in a diffusion model; Ratcliff, 1978). Taken together with
previous findings that serial processing was observed for perceptual dimensions when each dimension was presented in a separate
spatial location (Little et al., 2011), the present results highlight the
importance of spatial location as a determinant of processing
architecture. Parallel processing of separable dimensions emerges
when dimensions are presented overlapping in space. A general
conclusion is that that information processing in categorization
depends on spatial aspects of visual attention.
This conclusion is perhaps unsurprising, but it is not one that is
typically considered in the domain of perceptual categorization
where the focus tends to be on how stimulus similarity relations
are altered by attentional processes (see, e.g., Nosofsky, 1988).
That is, attending to a dimension highlights differences between
stimuli varying on that dimension and reduces differences between
stimuli on unattended dimensions. Considering the time course of
attention allows links to be drawn between categorization and the
visual attention literature more broadly. For example, Bahcall and
Kowler (1999) showed that identification of targets in a large
stimulus array was poorer when target pairs fell within the boundaries of a single “window of attention.” Similarly, Yang, Little,
and Hsu (2014), in a cueing paradigm with a redundant-target
detection task, observed parallel processing when the focus of
attention was diffuse across two target locations, but serial processing when attention was focused to a single target location.
These findings indicate that there are spatially local limits on the
capacity of visual information-processing. Smith and Sewell
(2013) tie these limits to a theory of object processing and visual
short-term memory (VSTM), arguing that when two features belong to different perceptual objects they compete for access to
VSTM, but not when they belong to the same object. Consequently, serial processing may be utilized when participants must
attend to each perceptual dimension in different spatial locations.
Participants however, may engage parallel processing when these
dimensions overlap in space. The present experiments thus provide
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a compelling illustration of the time course of visual-spatial attention and decision-making in perceptual categorization.
In summary, the current study showed that whole-object features are processed independently. Moreover, it adds to the body of
literature that demonstrates that the logical-rules framework provides a clear theoretical definition of separable and integral dimensions. Nevertheless, more work is required to articulate the
interaction of serial and parallel processing of separable dimensions that overlap in space. This study has eliminated a number of
candidate models and guides the way to more refined explanations
of perceptual information-processing by narrowing the focus of
future research.
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