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Categorization involves organizing perceptual information so as to maximize differences along dimensions that predict class member-
ship while minimizing differences along dimensions that do not. In the current experiment, we investigated how neural representations
reflecting learned category structure vary according to generalization demands. We asked male and female human participants to switch
between two rules when determining whether stimuli should be considered members of a single known category. When categorizing
according to the “strict” rule, participants were required to limit generalization to make fine-grained distinctions between stimuli and the
category prototype. When categorizing according to the “lax” rule, participants were required to generalize category knowledge to highly
atypical category members. As expected, frontoparietal regions were primarily sensitive to decisional demands (i.e., the distance of each
stimulus from the active category boundary), whereas occipitotemporal representations were primarily sensitive to stimulus typicality
(i.e., the similarity between each exemplar and the category prototype). Interestingly, occipitotemporal representations of stimulus
typicality differed between rules. While decoding models were able to predict unseen data when trained and tested on the same rule, they
were unable to do so when trained and tested on different rules. We additionally found that the discriminability of the multivariate signal
negatively covaried with distance from the active category boundary. Thus, whereas many accounts of occipitotemporal cortex empha-
size its important role in transforming visual information to accentuate learned category structure, our results highlight the flexible
nature of these representations with regards to transient decisional demands.
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Introduction
Organisms must be able to flexibly adjust the degree of general-
ization applied to category knowledge to accomplish different

goals (Norman and O’Reilly, 2003; Roy et al., 2010; Seger and
Miller, 2010; Chumbley et al., 2012; Collins and Frank, 2013). For
instance, when using a vending machine, it may be necessary to
use a strict generalization threshold to distinguish “dimes” from
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Significance Statement

Occipitotemporal representations are known to reflect category structure and are often assumed to be largely invariant with
regards to transient decisional demands. We found that representations of equivalent stimuli differed between strict and lax
generalization rules, and that the discriminability of these representations increased as distance from abstract category bound-
aries decreased. Our results therefore indicate that occipitotemporal representations are flexibly modulated by abstract decisional
factors.
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“non-dimes,” but when cleaning out your desk, it may be neces-
sary to use a more lenient threshold to distinguish “coins” from
“non-coins.” In the present study, we sought to investigate how
perceptual representations differ between generalization strate-
gies. We did so by having participants learn and apply multiple
generalization thresholds during the performance of an A/notA
categorization task (see Fig. 1), in which behavioral performance
typically varies according to the degree of perceptual similarity
between visual stimuli and a prototype, and in which knowledge
is often difficult to verbalize.

Although A/notA tasks superficially resemble A/B catego-
rization tasks (in which participants categorize stimuli into
two categories), neurobiological differences have been observed
between them. For instance, although deficits in A/B perfor-
mance are observed in healthy aging and in neuropsychological
disorders affecting the hippocampus, A/notA categorization is
typically preserved (Knowlton and Squire, 1993; Zaki, 2003; Bo-
zoki et al., 2006; Glass et al., 2012). Additionally, whereas A/B
tasks tend to elicit activity in frontoparietal and hippocampal
regions (Seger et al., 2000; Zeithamova et al., 2008), A/notA tasks
tend to elicit activity in visual cortices and in the basal ganglia
(Reber et al., 1998, 2003; Aizenstein et al., 2000; Summerfield and
Koechlin, 2008; Zeithamova et al., 2008). Regions associated with
A/notA categorization thus closely resemble those associated
with perceptual priming and repetition suppression (Wiggs and
Martin, 1998; Koutstaal et al., 2001; Henson, 2003), as well as the
theorized neurobiological substrate of the perceptual representa-
tion system (Schacter, 1990; Reber and Squire, 1999; Ashby and
O’Brien, 2005; Casale and Ashby, 2008).

In typical instantiations of the A/notA task, participants learn
to apply a single generalization threshold (but see Nosofsky et al.,
2012), and so neural signals reflecting representational factors
(Strange et al., 2005; Seger et al., 2011, 2015; Davis et al., 2014),
which vary with distance from the prototype, and decisional fac-
tors (Grinband et al., 2006; Kayser et al., 2010; White et al., 2012),
which vary with distance from the category boundary, are con-
founded, in that decisional difficulty increases with distance from
the category prototype. In the current experiment, participants
categorized filled dot prototype stimuli as category members or
nonmembers according to “strict” and “lax” generalization rules
(see Fig. 1). For the lax rule, participants used a lenient criterion
that allowed all stimuli formed as distortions of the prototype
into the category while excluding random exemplars. For the
strict rule, participants used a strict criterion which allowed only
the prototype stimulus into the category while excluding all other
exemplars (both low- and high level distortions and randomly
formed stimuli). The two rules allowed us to differentiate effects
associated with distance from the prototype, from effects associated
with distance from the bound. This allowed us to differentiate rep-
resentational factors from decisional factors and to investigate
whether category representations vary according to generalization
demands.

Materials and Methods
Participants
Eighteen participants (age 20.7 � 2.5 years; mean � SD; 10 female) were
recruited from the undergraduate population at South China Normal
University. All were paid for their participation and met criteria for MR
scanning. Two participants were excluded for excessive motion dur-
ing the scan (�2 mm in any of the ordinal directions, or 2 degrees
pitch, roll, or yaw), resulting in a total of 16 participants included in
the final analyses.

Stimuli
We generated “filled” dot-prototype stimuli at four levels of distortion
(Fig. 1). This approach of making complex polygons from dot patterns
has been used successfully in previous category learning studies (Posner
and Keele, 1968; Homa et al., 1981; Smith et al., 2005). Three stimulus
sets based on a different prototype were constructed, and each subject
learned one of these randomly assigned sets. Prototypes were formed
from nine points, or dots, pseudo-randomly assigned to locations within
a 23 � 23 grid. To increase visual salience, the nine dots were connected
with lines, and the resultant shape was then filled with solid blue color.
We designed the distorted exemplars according to a well-established
procedure (Posner et al., 1967; Smith and Minda, 2001), which allowed
us to create a large number of unique exemplars. After defining the
category prototypes, this involved perturbing the locations of the dots by
first identifying 12 “rings” surrounding each dot. Each ring was com-
prised of the cells surrounding the previous ring; therefore, the dot itself
comprised a single cell, the adjacent ring comprised 8 cells, and the
outermost ring comprised 88 cells. Although a dot had equal probability
of moving to any cell within each ring, the probability of a dot moving to
a ring decreased with distance from its original position. Using this
framework, the uncertainty of the dot positions of a particular stimulus,
s, can be defined according to its entropy, H as follows:

H�s� � � �k�1

K
pk � log2� pk� (1)

where K is the number of cells that a point could be located and pk is the
probability that a point is within a particular cell, k.

We first generated 2000 exemplars at each entropy level: low distortion
exemplars were created with 3.5 bits per dot, high distortion exemplars
were created with 6.5 bits per dot, and random exemplars were generated
without regards to the template, so as to be perceptually distinct. Thus, if
we describe the prototype as a point in 18-dimensional space, through
this procedure, we produced three stimulus “clouds” surrounding this
point, such that average Euclidean distance moved per dot per stimulus
increased from the low distortion to the high distortion stimulus set, and
from high distortion set to random stimulus set, but such that there was
considerable variance within each set (Fig. 1C). An attractive character-
istic of dot prototype stimuli is that the psychological distance, d�, be-
tween stimuli has been shown to follow a logarithmic function of the
average Euclidean distance moved by each dot (Posner et al., 1967; Smith
and Minda, 2001):

d� � log�1 � d� prototype, exemplar�� (2)

where d( prototype, exemplar) represents the average Euclidean distance
moved per dot between an exemplar and the prototype. To reduce the
variance within each stimulus set, we selected 300 exemplars from the
low uncertainty stimulus set and 300 stimuli from the high uncertainty
stimulus set that fell closest to a specific distance from the prototype (Fig.
1D), and we selected 300 random stimuli that were farther from the
prototype than the farthest high distortion exemplar. Through pilot test-
ing, we adjusted these distances to minimize differences in behavioral
performance (accuracy and reaction time) between the two rules. As
there was greater variability within the random stimulus set, to accurately
model effects associated with these stimuli, we used Equation 2 to para-
metrically define stimulus distances in the neuroimaging models used for
voxel selection. To estimate the location of each decision bound, we
calculated the point midway between the clusters closest to it (i.e., for the
strict rule, the optimal category boundary lay midway between the pro-
totype and the mean of the low distortion exemplars; for the lax rule, it lay
midway between the means of the high-entropy and random exemplars).

Procedure
Training session. Participants were told that there would be two different
conditions, strict and lax, and that each would be indicated by an instruc-
tion cue and a distinctive background color. They were further told that,
in the strict condition, they should be careful to exclude any stimuli that
might not be members. In the lax condition, they should try not to miss
any potential category members and only exclude stimuli that were un-
related to the category. During the fMRI study, participants were given
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written instructions in English and spoken instructions in Mandarin
Chinese. All participants had studied English previously; however,
Chinese-speaking research assistants discussed the instructions with par-
ticipants in Chinese and answered any questions before beginning testing
procedures to ensure comprehension. After instructions, participants
learned to categorize by these rules through trial and error. On each trial,
the active rule was indicated by an instructional cue presented below the
stimulus. During pilot testing in the United States, the instructional cues
were the words: “strict” and “lax.” However, as the final fMRI experiment
took place in China, the equivalent Chinese characters were used instead:
strict: ( pinyin transliteration: yan, tone2) and lax ( pinyin trans-
literation: song, tone1). To mitigate the possibility that participants
might not notice switches between cues, each rule was also indicated by
the background color of the screen (orange or gray). To avoid possible
visual confounds associated with background color, the mapping be-
tween rule and color was counterbalanced across participants.

To avoid confounding motor response with decision (member or
nonmember), we cued participants as to which hand response to use for
each response on each trial. Each stimulus display included two response
cues: a “�” and a “	” in the lower left and right corners. The “�”
indicated that a stimulus was a category member, whereas the “	” indi-
cated that a stimulus was a category nonmember. The locations of the
“�” and “	” signs were randomized on each trial but were counterbal-
anced across rules, distortion levels, and categories. During training, the
word “Correct!” was shown for 0.75 s in green font, following correct
responses. Following incorrect responses, the word “Wrong” was shown
for 0.75 s in red font. If no response was made within the 2.25 s response
window, the words “Too slow” were displayed in black font. No feedback
was provided in the scanner.

During training, a greater number of stimuli near the category bound-
aries were included so that participants could efficiently gain experience
with the category boundaries associated with each rule. Thus, while the

Figure 1. A, Participants categorized dot-prototype stimuli at four levels of distortion, according to two decision rules (indicated by red vertical lines). In the lax condition (top, gray), participants
had to categorize all prototype distortions as category members, excluding only random stimuli. In the strict condition (bottom, orange), participants had to categorize only the prototype stimuli as
category members, excluding all other stimuli. This design dissociates perceptual generalization (distance from the prototype) from distance from category boundary. When the strict bound was in
play, the random stimuli were farthest from the categorization boundary, whereas when the lax bound was in play, the prototype stimuli were farthest from the boundary. Each of the four distortion
levels neighbored one of the decision boundaries: the prototype and low distortion stimuli were closest to the strict bound, whereas the high distortion and random stimuli were closest to the lax
bound. The position of each stimulus on the screen was spatially jittered in the x and y planes, and the mapping between background color and categorization rule was randomized between
participants. B, On each trial, participants saw a stimulus, a cue at the bottom of the screen indicating the current rule, and two response-location cues (“�,” which indicated a stimulus belonged
“inside the category”; and “	,” which indicated “outside of the category”), which were pseudo-randomly assigned to the left versus right bottom corners of the screen on each trial. C, We first
generated 2000 stimuli for each of the three category prototypes (P1, P2, and P3) at two entropy levels (low: 3.5 bits per dot, and high: 6.5 bits per dot). y axis: Log Euclidean distance from the
prototype. D, To control the visual similarity between stimuli of different distortion levels, we included only the 300 exemplars closest to a specific distance from each prototype at each distortion
level. Through pilot testing, we adjusted this distance to minimize behavioral differences between tasks. The random exemplars (data not shown) were created without consideration of their
distance from the prototype.
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probability of category member versus nonmember was held at 50% for
each rule, when learning the strict rule, there were three low distortion
exemplars for every high distortion or random exemplar; and when
learning the lax rule, there were three high distortion stimuli for every
low distortion or prototype exemplar. During scanning, we adjusted the
proportion of stimuli within each distortion level so that, for each rule,
we could have the same number of trials within each distortion level. This
altered the proportion of stimuli belonging within the category for each
rule but was necessary to compare representations of stimulus distortion
between rules.

So that we could unpredictably switch between rules in the scanner (to
mitigate effects associated with anticipation of rule switches and to be
able to directly compare rules), we adopted a training protocol that en-
couraged participants to frequently switch between rules. Participants
trained on five alternating task blocks. In each block, participants trained
until reaching a 90% accuracy criterion over k trials on each task. After
each successful block, k decreased by 5 trials; so while participants had to
complete (at least) 26 trials in the first block, they only had to complete 6
trials in the final block if they were 100% accurate. The criterion window
was reset after [k � 5] trials; and if participants failed to achieve the
accuracy criterion within this window, they had to complete at least
another k trials. After completing the initial training, participants com-
pleted a brief task (100 trials), which included temporal jitter and ex-
cluded feedback, so as to be as similar as possible to the actual scanner
task.

Scanning session. Participants performed the task during four 10 min
scanner runs. Each participant performed 368 trials in total. To mitigate
effects associated with the prediction of impending rule switches, partic-
ipants switched unpredictably between rules every 4, 6, 8, or 10 trials. The
trial format was identical to training, except feedback was not included
(to isolate representations associated with stimulus and response). The
intertrial interval was jittered according to a positively skewed geometric
distribution ranging from 2.25 to 9.75 s (mean 4.06 s). The efficiency of
the design was optimized using custom software. Participants made re-
sponses via magnet compatible response boxes with fingers of their right
and left hands.

Image acquisition
Images were obtained with a 3.0 tesla MRI scanner (Siemens Tim Trio) at
the Brain Imaging Center at South China Normal University. The scan-
ner was equipped with a 12-channel head coil. Structural images were
collected using a T1-weighted MP-RAGE sequence (256 � 256 matrix;
FOV, 256 mm; 192 1 mm slices). Each scanning session included four 10
min functional runs, each of which involved the collection of 400 whole-
brain volumes. Functional images were reconstructed from 25 axial
oblique slices obtained using a T2*-weighted 2D echoplanar sequence
(repetition time, 1500 ms; echo time, 30 ms; flip angle, 76; FOV, 220 mm;
64 � 64 matrix; 4.5-mm-thick slices). The first three volumes, which
were collected before the magnetic field reached a steady state, were
discarded.

Neuroimaging analyses
Preprocessing. Preprocessing was implemented using SPM12 (version
6470), and for both the univariate and multivariate analyses consisted of
slice time correction to the middle slice, motion correction, and coregis-
tration. While the multivariate pattern analyses (MVPA) were based on
the unsmoothed images in each participant’s native space, the functional
images were additionally warped to MNI space (using the deformation
fields derived from the anatomical segmentation), and smoothed with a
6 mm FWHM Gaussian kernel for univariate analyses and for group-
level MVPA. Time-series were filtered using a 128 s high-pass filter.

Univariate analyses. We modeled each event with its precise duration
(stimulus onset to response and simultaneous stimulus offset), an ap-
proach that is known to be more sensitive to events with variable dura-
tions than constant epoch or variable amplitude impulse models
(Grinband et al., 2008). In addition, as mismodeling of the HRF can bias
estimates of HRF amplitude, we modeled the HRF with a double-gamma
HRF function and included both the temporal and dispersion derivatives
in the first-level design matrices. We combined this information using a

low-dimensional parameterization, which allows separately estimating
the amplitude, time-to-peak, and width of the hemodynamic response
for each voxel, condition, and subject (Wager et al., 2005). We did not
find differences in the time-to-peak or width parameters between condi-
tions, and thus report only analyses related to the amplitude of the HRF.
To minimize effects associated with differences in behavioral strategy,
univariate statistical analyses were limited to correct trials (defined as
being in concordance with the current decision bound). To control the
familywise error rate at the group level, we estimated the null distribution
by randomly flipping the signs associated with the subject-level contrast
maps 10,000 times (Eklund et al., 2014, 2016) using the BROCCOLI
software package. For the univariate analyses, we used a cluster-based
threshold (initial cluster-forming threshold: p 
 0.001, q 
 0.05). For the
MVPA, the familywise error rate was corrected at the voxel level (mini-
mum threshold: p 
 0.01).

Multivariate analyses. We first used the least-squares separate proce-
dure (Mumford et al., 2012) to obtain individual trial �- and t-statistic
images. Unlike the univariate analyses, we did not exclude incorrect tri-
als, and we included an equal number of trials for each distortion level
within each rule. We mitigated effects associated with reaction times
through a two step procedure (Todd et al., 2013). We first modeled each
event with a duration equal to the reaction time before convolution with
the HRF, which has the effect of minimizing effects of systematic mis-
modeling, and thus mitigating confounds associated with reaction times
in MVPA. We then used regression to remove the effect of reaction time
from the least-squares separate statistical maps before analysis. We addi-
tionally repeated the analysis illustrated in Figure 6E after removing the
minimum number of trials, such that the mean reaction time was either
equal between rules for each distortion level or switched direction from
the original results; this yielded the same qualitative pattern of results and
confirmed that the effects were not driven by differences in reaction time.

To identify neighborhoods of voxels representing distance from the
prototype or distance from the decision bound, we used a searchlight
approach (sphere radius 10 mm) (Kriegeskorte et al., 2006), in conjunc-
tion with linear support vector regression (SVR). We implemented the
searchlight using custom code based on the Nilearn python package
(Abraham et al., 2014) and implemented the SVR analysis using the
SciKit-Learn machine learning package for python (Pedregosa et al.,
2011), setting the SVR penalty parameter, C, to 0.01 based on the results
from a separate dataset. We used a fourfold cross-validated approach
in which we repeatedly trained the model on 3 of the 4 runs, and tested
the accuracy of the model on the held-out data (each time holding out
data from a different scanner run). For group-level analyses, we Fisher
z-transformed the Pearson correlation values, smoothed the resultant
maps with a 6 mm FWHM Gaussian kernel, and then performed a
permutation test (10,000 sign-flips of the individual subject z-statistic
maps), controlling the familywise error rate at the voxel level.

We performed additional permutation tests to confirm that we could
decode information from the individual ROIs (Etzel et al., 2013) and to
test specific hypotheses about the nature of the representation. Although
the details of the specific tests are described with the results (below), each
permutation test involved using a support vector machine (with C �
0.01) in conjunction with the same fourfold, leave-one-run-out cross-
validation procedure used in the searchlight analysis. We compared the
predictive accuracy of the support vector machine to that of a null dis-
tribution, which was estimated by repeating the analysis 500 times, each
time permuting the labels of the training (but not the test) data. We then
transformed the resultant p values to z scores and performed a single-
sample t test to estimate statistical significance at the group level.

Results
Behavioral results
We examined performance across the strict and lax rules, with the
stimuli associated with each rule considered in relation to its
respective boundary (three levels: close, middle, and far; Fig. 2A)
and to stimulus distance in perceptual space independent of
categorization rule (four levels: prototype, low distortion, high
distortion, and random; Fig. 2B). A 2 � 3 repeated-measures
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ANOVA with factors of rule (strict and lax) and distance from the
category boundary (close, middle, and far) indicated that subjects
had a difference in accuracy between the two rules (percentage
correct for the strict condition 95 � 5%; percentage correct for
the lax condition 90 � 10%) (F(1,15) � 4.7, p � 0.05, � 2 � 0.24).
Accuracy increased with distance from the decision boundary
(F(1.25,18.75) � 39.06, p 
 0.01, �2 � 0.72). The interaction between
rule and boundary distance was not significant (F(1.31,19.76) � 1.71,
p � 0.21, � 2 � 0.1). A 2 � 4 repeated-measures ANOVA with
factors of rule condition (strict and lax) and stimulus distortion
level (prototype, low, high, and random) further indicated that
accuracy differed depending on stimulus distortion level (F(3,45) �
6.21, p 
 0.01, � 2 � 0.29).

A visual inspection of Figure 2B indicates that the difference
between strict and lax rule performance was likely due to high
distortion stimuli in the lax condition. An examination of the
individual subject means reveals large individual differences.
Nine subjects maintained high levels of accuracy (�80%), but 3
subjects performed near 50% (indicating random accuracy) and
an additional 4 subjects performed at below 40% accuracy, con-
sistently judging high distortion stimuli as out of the category
rather than in the category. This pattern can be interpreted as
these 4 subjects shifting to categorizing using a decision boundary
that fell between the low and high distortion stimuli rather than
the trained boundary between the high distortion and random
stimuli; this boundary change was likely enabled by the lack of
corrective feedback during the testing phase in the scanner. As we

were interested in whether the boundary setting influenced the
neural expression of perceptual information, we did not discard
data from these participants but instead conducted post hoc anal-
yses to investigate the effect. We did not find effects associated
with these participants (or with idiosyncratic variation in behav-
ioral performance across the group as a whole), and so do not
discuss these results further, and did not exclude these partici-
pants from the analyses.

To investigate effects associated with reaction time, we con-
ducted two repeated-measures ANOVAs. In the first, we binned
trials according to their distortion level, resulting in a 2 � 4
repeated-measures ANOVA with factors of rule condition (strict
and lax) and stimulus distortion level (prototype, low, high, and
random). In the second, we binned trials based on distance from
the active category boundary, resulting in a 2 � 3 repeated-
measures ANOVA with factors of rule (strict and lax) and dis-
tance from the category boundary (close, middle, and far). To
correct for violations of sphericity, we report Greenhouse-
Geisser–adjusted degrees of freedom where appropriate. We con-
ducted post hoc Tukey HSD tests where relevant. In the first
ANOVA examining stimulus distortion, we found that the main
effect of rule was not significant (F(1,15) � 1.89, p � 0.2, � 2 �
0.11). The effect of distortion level was significant (F(2.02,30.3) �
15.1, p 
 0.01, � 2 � 0.5), such that reaction times were faster for
the prototype (1.12 � 0.2) and for random exemplars (1.05 �
0.2) than for the low distortion (1.2 � 0.18; prototype vs low
distortion: t � 	3.11, p(Tukey) � 0.02, low distortion vs random:

Figure 2. Accuracy (top) and reaction time (bottom) results. A, C, Independent variable of boundary distance within the strict and lax conditions. B, D, Independent variable of stimulus distortion
level within the strict and lax conditions. Vertical red bars represent the trained decision bound in each condition (as in Fig. 1A). Red dots represent individual participant means. Shaded rectangles
represent middle quartiles. Interior horizontal line indicates the mean. Error bars indicate the range of the distribution within 1.5 � the interquartile range. mid, Middle boundary distance; prot,
prototype; low, low distortion; high, high distortion; rand, random stimuli.
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t � 5.84, p(Tukey) 
 0.01) and high distortion stimuli (1.19 � 0.22;
prototype vs high distortion: t � 	2.87, p(Tukey) � 0.03, high
distortion vs random: t � 5.6, p(Tukey) 
 0.01). The interaction
between rule and distortion level was also significant (F(2.08,31.25) �
27.15, p 
 0.01, � 2 � 0.64), such that reaction times tended to be
slower for distortion levels neighboring the active category
boundary.

In the second repeated-measures ANOVA, examining dis-
tance from the active category boundary, the main effect of rule
was again not significant (F(1,15) � 3.93, p � 0.07, � 2 � 0.21). The
main effect of distance from the category boundary was signifi-
cant (F(1.3,19.46) � 49.8, p 
 0.01, � 2 � 0.77), such that reaction
times decreased with distance from the boundary (low distance:
1.23 � 0.19; medium distance: 1.11 � 0.15; high distance: 0.99 �
0.13). Tukey’s HSD tests indicated a significant difference be-
tween low and medium distance stimuli (t � 5.2, p(Tukey) 
 0.01)
and a significant difference between medium and high-distance
stimuli (t � 0.98, p(Tukey) 
 0.01). The interaction between rule
and distance was not significant (F(1.54,23.1) � 2.3, p � 0.14, � 2 �
0.13).

Neuroimaging results
Distance from decision boundary
To investigate decision processes common to both categorization
rules, we investigated parametric contrasts for the effects associ-
ated with distance from the strict and lax category boundaries.
Increasing distance from the categorical boundary is sometimes
termed “decisional confidence” (e.g., Sanders et al., 2016; Braun-

lich and Seger, 2016) as it positively covaries with behavioral
accuracy. It should be noted, however, that this normative esti-
mate of decisional confidence differs from subjective estimates of
confidence, which are sensitive to additional sources of bias and
noise and which may involve separate representations and/or
neural systems (Paul et al., 2015).

As shown in Figure 3 and Table 1, decisional confidence was
associated with lateral inferior parietal activity extending from
the angular gyri to the temporal-parietal junction and superior
temporal gyri. Medial frontoparietal activity was found across the
cuneus and posterior cingulate and the ventromedial prefrontal
cortex. In addition, activity extended along the bilateral superior
and middle temporal gyri, similar to that which has been reported
in previous categorization studies (Zeithamova et al., 2008; Paul
et al., 2015). Decisional uncertainty was associated with activity
within bilateral clusters along the intraparietal sulcus immedi-
ately superior to the regions associated with decisional confi-
dence. Counter to our predictions, we did not find that regions of
the “salience” network (anterior cingulate and frontal opercu-
lum/anterior insula) covaried with conflict (e.g., Seger et al.,
2015). To investigate this effect, we performed an exploratory
analysis at a lower statistical threshold and found that these
regions showed subthreshold patterns corresponding to our
prediction.

To further explore the direction of these effects, we examined
the percentage signal change within each of these regions across
the four levels of distortion and two rule conditions (strict and

Figure 3. Regions sensitive to distance from the decision bound across strict and lax trials. Warm colors represent increasing distance (i.e., increasing decisional confidence). Cool colors represent
decreasing distance (i.e., increasing decisional uncertainty). y axes indicate mean percentage signal change. x axes indicate distortion level. Separate lines indicate decision rule: blue represents lax;
green represents strict. Error bars indicate SEM.
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lax). To avoid circular analyses, these data were not subjected to
nonorthogonal post hoc statistical tests. As can be seen in Figure 3,
the intraparietal sulci (greater activity closer to the bound) exhib-
ited an expected pattern: for the strict rule, activity was greatest
for the prototype and low distortion stimuli adjacent to the strict
decision bound, and lowest for the random stimuli furthest from
the decision bound. In contrast, for lax stimuli, activity was great-
est for the high distortion stimuli near the bound, and lower for
the prototype and low distortion stimuli further from the bound.
In the lax condition, activity for the random stimuli was lower
than for the high distortion stimuli; this could be due to the
greater variability within the random stimuli in regard to distance
from the prototype. Regions identified as having activity increas-
ing with distance from the category bound (middle and superior
frontal gyri, angular gyri, ventromedial prefrontal, and precu-
neus) overall showed the expected pattern that was opposite to
that found for the intraparietal sulcus: greater activity for the high
and random stimuli when using the strict rule and greater activity
for prototype stimuli when using the lax rule.

Distance from the prototype
As shown in Figure 4, activity in the inferior temporal regions,
including the bilateral lingual and fusiform gyri, covaried with
distance from the prototype. Although these voxels were selected
based on this effect, visual inspection of the plots suggested an
interaction between rule and distortion level. We therefore con-
ducted a post hoc analysis (Friston et al., 2006; Kriegeskorte et al.,
2009), which was orthogonal to the contrast used for voxel selec-
tion. A repeated-measures ANOVA indicated that the interaction
was significant for both the left (F(3,45) � 9.48, p 
 0.01, � 2 �
0.39) and right (F(3,45) � 11.76, p 
 0.01, � 2 � 0.44) fusiform
gyri, suggesting that the visual characteristics of the stimuli were
processed differently between categorization rules. Post hoc t tests
(FDR corrected p values) (Benjamini and Hochberg, 1995) indi-
cated that, for the left fusiform, the amplitude of the response

significantly differed between rules for the prototype (t(15) �
2.97, p � 0.01, d � 0.74, CI � [0.02, 0.09]), and for the random
exemplars (t(15) � 	2.97, p � 0.02, d � 	0.74, CI � [	0.09,
	0.02]), but did not differ for the low distortion exemplars (t(15) �
0.47, p � 0.65) or for the high distortion exemplars (t(15) �
	1.92, p � 0.1). For the right fusiform, the amplitude signifi-
cantly differed between rules for the prototype (t(15) � 3.38, p 

0.01, d � 0.84, CI � [0.02, 0.1]), and for the high distortion
exemplars (t(15) � 	3.42, p 
 0.01, d � 	0.85, CI � [	0.12,
	0.03]), but not for the random exemplars (t(15) � 	2.26, p �
0.05) or the low distortion exemplars (t(15) � 0.3, p � 0.77).

Strict versus lax
To compare differences between the rules, we compared all cor-
rect lax trials with all correct strict trials (regardless of their dis-
tances from the category boundary or from the prototype). We
found that a region in superior bank of the posterior intraparietal
sulcus (Fig. 5; spatial extent 305 voxels, coordinates of voxel with
maximal t value: x � 	18, y � 	70, z � 52) showed greater
activity when subjects categorized according to the lax categori-
zation rule than according to the strict categorization rule. No
regions showed greater activity for the strict rule than for the lax
rule.

MVPA
To investigate multivariate representations associated with deci-
sional and perceptual factors, we conducted several multivariate
pattern analyses. We first used SVR, in conjunction with a search-
light approach (described above) to localize neighborhoods of
voxels representing relevant information. We were able to decode
information related to distance from the decision bound from
several frontoparietal regions, including bilateral superior and
inferior parietal regions (neighboring the intraparietal sulcus),
and right middle frontal cortex (illustrated in Fig. 6A; Table 2).
Representations associated with distance from the prototype (il-
lustrated in Fig. 6B; Table 2) were primarily restricted to visual
regions (bilateral lingual gyri and ventral temporal lobe extend-
ing to the calcarine sulcus and extrastriate cortex), and small
bilateral regions of the superior parietal lobe/precuneus, which
overlapped both with regions representing distance from the de-
cision bound (Fig. 3) and with the contrast of lax � strict (Fig. 5).
For each resultant ROI, we then performed permutation tests (as
described above) to confirm that information was represented at
the ROI level (rather than only at the searchlight level) (Etzel et
al., 2013), and to confirm the representations were decodable
within each rule. To perform the permutation tests, we trained
each model using trials from both rules, but, for each cross-
validation fold, tested the model separately for each rule. This
allowed us to train the model using as much data as possible, but
then test each rule separately. The statistical maps shown in Fig-
ure 6 and Table 2 include only ROIs that were significant for these
ROI level permutation tests, and are color-coded to indicate as-
sociation with rule. Finally, to investigate whether the rules
might be represented differently within subregions of the oc-
cipitotemporal ROI, we conducted a searchlight analysis, in
which we sought to decode distortion level separately for each
rule. As we did not find notable regional differences between
rules, we will not discuss this analysis further.

We additionally investigated whether stimulus distortion was
represented in the same way between the two rules. If occipito-
temporal category representations differed between the strict and
lax rules, we would predict that a support vector machine trained
on one rule would have difficulty making predictions concerning

Table 1. Parametric modulators: distance from the bound and distance from the
prototypea

Region Size x y z

Increase with distance from decision bound
L angular gyrus 2296 	50 	52 46
L middle temporal gyrus 	60 	10 	20
R superior temporal gyrus 	40 	32 22
R angular gyrus 2686 58 	50 32
R middle temporal gyrus 60 	12 	24
R superior temporal gyrus 54 	32 2
B cuneus 4092 8 	74 28
B posterior cingulate 0 	38 30
B supplementary motor area 4 	20 64
L superior and middle frontal gyri 1017 	20 24 42
B ventromedial frontal cortex 1824 4 37 2
R superior and middle frontal gyri 749 24 28 42

Decrease with distance from decision bound
L intraparietal sulcus 708 	44 	40 46
L intraparietal sulcus, superior parietal 	18 	68 54
L intraparietal sulcus, superior parietal 1125 20 	70 48
L intraparietal sulcus, supramarginal 32 	40 42

Increase with distance from prototype
R lingual and fusiform gyri 442 26 	62 	6
L lingual and fusiform gyri 550 	28 	58 	14

Decrease with distance from prototype
No activated clusters

aModel-based univariate results for correct trials only. The familywise error rate for each contrast was controlled at
the cluster level using a nonparametric permutation testing approach (initial cluster-forming threshold: p 
 0.001,
q 
 0.05).
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the other rule. To test this hypothesis, we conducted four separate
SVR analyses (C � 0.01, with fourfold, leave-one-run-out cross-
validation). On each cross-validation fold, we trained the model
on one rule and then tested it on held-out trials associated with
either the same rule or the other rule. As illustrated in Figure 6D,
this allowed us to investigate how the performance of the model
varied according to how it was trained. For each analysis, we
Fisher z-transformed the resultant Pearson correlation values,
and then performed a paired-samples t test. When trained on the
strict rule, the model performed significantly better when tested
on the strict rule than the lax rule (t(15) � 5.1, p 
 0.01, d � 1.27,
CI � [0.21, 0.5]). When trained on the lax rule, the model per-
formed significantly better when tested on the lax rule than on the
strict rule (t(15) � 4.49, p 
 0.01, d � 1.12, CI � [0.16, 0.43]). The
models also only performed significantly above chance when
trained and tested on the same rule (trained and tested on the
strict rule: t(15) � 10.13, p 
 0.01, d � 2.53, CI � [0.32, 0.49];
trained and tested on the lax rule: t(15) � 7.74, p 
 0.01, d � 1.94,
CI � [0.25, 0.44]) than when trained and tested on different rules
(trained on the strict rule and tested on the lax rule: t(15) � 1.15,

p � 0.27; trained on the lax rule and tested on the strict rule: t(15) �
1.47, p � 0.16). These findings suggest that stimulus distortion
was represented differently between the two rules.

To investigate whether this effect was driven by distance from
the active category boundary, or existed across all levels of stim-
ulus distortion, we sought to distinguish neighboring distortion
levels for each rule separately (Fig. 6E). To do so, we used a linear
support vector classifier (C � 0.01) in conjunction with a four-
fold, leave-one-run-out, cross-validation procedure. First, for
each pairwise test (prototype vs low distortion exemplars, low
distortion exemplars vs high distortion exemplars, and high dis-
tortion exemplars vs random stimuli), we performed a permuta-
tion test (as described in Materials and Methods) to determine
whether each model could successfully classify neighboring
distortion levels. We found that we were able to differentiate
between neighboring distortion levels for both the strict (proto-
type vs low distortion: t(15) � 5.75, p 
 0.01, d � 1.44, CI(z statistic) �
[1.11, 2.41]; low distortion vs high distortion: t(15) � 3.84, p 

0.01, d � 0.96, CI(z statistic) � [0.58, 2.02]; high distortion vs
random exemplars: t(15) � 3.82, p 
 0.01, d � 0.95, CI(z statistic) �
[0.42, 1.47]) and for the lax rule (prototype vs low distortion: t(15) �
3.12, p 
 0.01, d � 0.83, CI(z statistic) � [0.28, 1.28], low distortion
vs high distortion: t(15) � 3.41, p 
 0.01, d � 0.85,
CI(z statistic) � [0.4, 1.75], high distortion vs random exemplars:
t(15) � 4.86, p 
 0.01, d � 1.22, CI(z statistic) � [0.86, 2.21]). To
determine whether the classification accuracy of neighboring dis-
tortion levels interacted with generalization rule, we conducted a
repeated-measures ANOVA with rule, distortion level, and the
interaction between rule and distortion level as factors. We found
that the interaction between rule and distortion level was signif-
icant (F(2,30) � 4.95, p � 0.01, � 2 � 0.25), but the main effects of
rule (F(1,15) � 1.59, p � 0.23, � 2 � 0.1) and distortion level
(F(2,30) � 0.06, p � 0.94) were not. These findings indicate that
the discriminability of stimulus distortion negatively covaried
with distance from the active category boundary.

Discussion
We investigated how perceptual representations interacted with
top-down factors in a task requiring switches between “strict”
and “lax” generalization thresholds. When categorizing accord-
ing to the strict rule, participants had to notice fine-grained
differences between low distortion exemplars and the category
prototype; and when categorizing according to the lax rule, they
had to generalize knowledge to atypical category members. Be-
havioral differences between rules were minimized through pilot

Figure 4. Distance from the prototype. Activity within bilateral inferior temporal lobe regions neighboring the mid-fusiform sulci positively covaried with distance from the prototype. Although
the ROIs were selected based on their sensitivity to stimulus distortion, a post hoc analysis indicated a significant interaction between distortion level and rule. Significant pairwise t tests: **p 
 0.01
(FDR-corrected); *p 
 0.05. Error bars indicate SEM.

Figure 5. Categorization rule. Regions of the medial bank of the left posterior intraparietal
sulcus showed greater activity during categorization according to the “lax” rule than the “strict”
rule. Error bars indicate SEM.
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experiments on separate participants, and equivalent stimulus
distributions were used for each task.

Activity within primary and higher-order visual cortices co-
varied with increasing stimulus distortion, whereas activity
within frontoparietal and dorsal attention networks covaried
with decisional demands (distance from the active category
boundary). This pattern can be broadly interpreted as reflecting
neural separation of functionally independent processes, with

higher-order visual cortex transforming stimulus attributes into
an abstract representation of stimulus typicality (i.e., distance
from the category prototype), and frontoparietal and dorsal at-
tention networks applying this visual information flexibly, ac-
cording to current task goals (Gold and Shadlen, 2007; Jiang et al.,
2007; Li et al., 2009; McKee et al., 2014). However, regions that
were most sensitive to stimulus distortion (occipitotemporal cor-
tex) were also sensitive to differences between the categorization
rules (Figs. 5, 6D, 6E), and regions that were strongly sensitive to
decisional factors (precuneus and superior parietal) were also
sensitive to stimulus distortion (Fig. 6B). Interestingly, the slope
of the line relating distance from the prototype to univariate am-
plitude was steeper under the strict rule than the lax rule (Figs. 4,
6F); activity for the prototype was lower under the strict rule than
the lax rule, and activity for the highly distorted and random
exemplars was greater under the lax rule than the strict rule. This
suggests that distance from the active category boundary influ-
enced perceptual processing. The MVPA results support this in-
terpretation, as representations of stimulus distortion differed
between rules (Fig. 6D), and the discriminability of this informa-
tion negatively covaried with distance from the active category
boundary; this means that perceptual attributes of stimuli near
the active category boundary were more easily differentiated than
attributes belonging to stimuli far from the boundary (Fig. 6E).

Contemporary accounts of occipitotemporal function tend to
emphasize its important role in the transformation of high-
dimensional perceptual information into a lower-dimensional
abstract space, where representations are robust to various sources of
perceptual variance (e.g., partial occlusion and changes in position
and size) and where decision-relevant information can be easily
integrated by downstream neurons. For instance, feedforward
neural networks (Riesenhuber and Poggio, 1999; Khaligh-Razavi
and Kriegeskorte, 2014; Yamins et al., 2014; Güçlü and van Ger-

Figure 6. MVPA. A, Regions representing distance from the category boundary (familywise error rate corrected at the voxel level, p 
0.001). B, Regions representing distance from the prototype
(familywise error rate corrected at the voxel level, p 
 0.01). Warm colors represent ROIs that were significant under only the strict rule. Cool colors represent voxels that were significant under both
rules. C, The occipitotemporal ROI referred to by D–F. D, Within this ROI, distortion level could be decoded significantly more accurately when the model was trained (x axis) and tested (bar color)
on the same rule than when it was trained and tested on different rules. E, For each rule, classification accuracy (of neighboring stimulus distortion levels) decreased with distance from the category
boundary. y axis: classification accuracy. x axis: P, Prototype; L, low distortion; H, high distortion; R, random. F, The univariate pattern of the occipitotemporal ROI. This pattern is similar to that shown
in Figure 4, indicating that the multivariate analysis did not select voxels with radically different univariate response properties. Error bars indicate SEM.

Table 2. MVPA: distortion and decision boundary distancea

Region
Size of cluster
(voxels) x y z Ruleb

Distortion
B occipital, lingual gyri, inferior temporal 8408 	12 	98 12 B
L superior parietal/precuneus 361 	10 	70 58 B
L inferior parietal 76 	58 	32 42 S
R superior parietal/precuneus 116 12 	76 52 S
L inferior frontal gyrus 27 	42 6 28 S

Boundary distance
B intraparietal sulcus, lateral parietal 5701 56 	46 46 B

12 	76 52
	38 	74 40

L middle frontal/precentral 786 	50 8 38 B
L lateral occipital/inferior temporal 246 	52 	70 	4 B
R middle frontal 343 28 40 26 B
L inferior frontal 53 	54 28 6 B
R inferior temporal 40 54 	54 	12 B
R precentral gyrus 40 44 6 32 B

aSearchlight results using a 10 mm searchlight radius. Linear SVR was used to identify regions sensitive to stimulus
distortion (familywise error rate corrected at the voxel level: p 
 0.001) and distance from the decision boundary
(familywise error rate corrected at the voxel level: p 
 0.01) across categorization rules. The familywise error rate
was controlled using a nonparametric permutation approach. For each ROI, we additionally conducted permutation
tests for each rule separately to confirm the generality of the decoded representations. ROIs that were not significant
for at least one rule were removed from the map. MNI coordinates (x, y, z) of cluster voxel with highest t value.
bWhether the ROI was significant for both rules (B) or the strict rule only (S); no ROIs were significant for only the lax
rule.
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ven, 2015) support this kind of abstraction via a hierarchical
architecture where receptive field sizes increase across successive
layers. Within this framework, switches between strict and lax
generalization thresholds can be implemented in abstract space
by adjusting the threshold of an output unit tuned to the category
prototype, and perceptual representations within lower hierar-
chical layers could thus remain largely insensitive to transient
generalization demands.

In biological visual systems, feedback projections from higher-
order brain regions play an important role in optimizing sensory
computations during transient decisional context (Reynolds and
Chelazzi, 2004; Gilbert and Li, 2013; Lehky and Tanaka, 2016).
Attention, for instance, is known to improve neural sensitivity to
attended stimuli in extrastriate and inferior temporal cortices
(Moran and Desimone, 1985; Reynolds et al., 2000; Zhang et al.,
2011), and inferior temporal representations in both primate (Si-
gala and Logothetis, 2002; Freedman et al., 2003; Meyers et al.,
2008) and human (Li et al., 2007) similarly covary with their
behavioral significance. With regards to the current experiment,
one possibility is that top-down signals may have supported a
mnemonic representation of the prototype, against which in-
coming sensory information could be compared (Summerfield et
al., 2006; Sugase-Miyamoto et al., 2008; Myers et al., 2015).
Within the predictive coding framework (Rao and Ballard, 1999;
Friston, 2005; Rao, 2005), similar signals represent contextually
sensitive predictions for activity within lower hierarchical levels
and only unpredicted information is propagated to higher-order
brain regions. This reduces the transfer of redundant information
and provides an important learning signal to higher-order regions.
Additionally, as the univariate signal can be conceptualized as
reflecting the difference between the expected (statistically, the
category centroid/prototype was the most-likely percept) and the
observed stimuli (Murray et al., 2002; Summerfield et al., 2008;
Auksztulewicz and Friston, 2016), the predictive coding frame-
work provides a compelling account for the typicality-driven ef-
fect illustrated in Figures 4 and 6F (Vuilleumier et al., 2002;
Chouinard et al., 2008).

Although top-down anticipatory signals can support the
transformation of high-dimensional sensory information into a
lower-dimensional space, where decision-relevant information
can be easily integrated by downstream neurons (Sugase-Miyamoto
et al., 2008; Myers et al., 2015), they do not easily account for the
observed differences between rules. As differences in psycholog-
ical representation can alter neural similarity gradients (Davis
and Poldrack, 2014), and as the strict rule required participants to
notice fine-grained perceptual details, but the lax rule did not,
one possibility is that the prototype may have been represented
with greater mnemonic precision (Ma et al., 2014) under the
strict rule. This would predict that occipitotemporal representa-
tions should be more sensitive to stimulus distortion under the
strict rule than the lax rule. Although we did find that the slope of
the line relating distance from the prototype to univariate ampli-
tude was steeper under the strict rule (Figs. 4, 6F), this hypothesis
provides an incomplete account of our results, as distortion level
could be decoded from each rule separately (Fig. 6D), and the
discriminability of this information increased as distance from
the active category boundary decreased (Fig. 6E).

As the stimuli used in the current study were selected from
spheres surrounding the category prototype, it was impossible to
perform the task by learning simple linear or unidimensional
category boundaries in perceptual space. Instead, participants
were required to compare incoming sensory information with a
mnemonic representation of the prototype, and to place category

boundaries within this abstract similarity space. As the discrim-
inability of stimulus distortion negatively covaried with distance
from the active category boundary, our findings imply that per-
ceptual processes were influenced by decisional uncertainty. Our
findings are therefore consistent with theories wherein low level
sensory processes first convey coarse resolution information and
fine-grained perceptual processes are then guided by top-down
attentional signals (e.g., Hochstein and Ahissar, 2002). They are
also consistent with Bayesian frameworks wherein perceptual
processing can be described as a series of mutually informative
interactions between top-down and bottom-up signals (Lee and
Mumford, 2003; Friston, 2005), and with experimental results
indicating that the time course of neural representation often
proceeds from coarse-to-fine resolution (Sugase et al., 1999;
Hegdé, 2008; Goffaux et al., 2011). Although trial-wise effects
reflecting ad hoc decisional factors may be present in many neu-
roimaging results, it should be noted that not all category struc-
tures influence perceptual representation (Folstein et al., 2012);
and we encourage the reader to be cautious when interpreting the
results of any single fMRI study, particularly when sample size is
small.

Although previous studies of A/notA categorization focused
on low level occipital regions (Reber et al., 1998; Aizenstein et al.,
2000) (e.g., V1 and V2), we identified univariate signals related to
distance from the prototype in the bilateral fusiform. Our ap-
proach, however, differed in several ways: we used polygonal
stimuli rather than dot patterns, primarily parametric analyses
(tracking distance from the prototype, and distance from the
category boundary) rather than analyses based on pairwise con-
trasts between conditions, supervised training via trial and error
rather than observation (unsupervised learning), and used a lon-
ger training period. Because discriminability of relevant stimulus
dimensions may emerge with category training (Folstein et al.,
2013), this last factor may have been particularly important.

In conclusion, category learning allows us to make sense of the
external world by assigning common meaning to perceptually
distinct stimuli. Frontoparietal regions represent abstract cate-
gory signals more strongly, but representations within sensory
cortices are also modulated by these factors (Freedman et al.,
2003; Meyers et al., 2008). Neural representations of perceptual
dimensions that predict category membership are often more
discriminable than dimensions that do not (Sigala and Logothe-
tis, 2002; Li et al., 2007; De Baene et al., 2008; Folstein et al., 2013).
Similarly, category training selectively facilitates perceptual dis-
crimination of behaviorally relevant dimensions (Goldstone,
1994; Op de Beeck et al., 2003; Gureckis and Goldstone, 2008;
Folstein et al., 2012), particularly for perceptual values neighbor-
ing active category boundaries (Goldstone et al., 1996). Thus,
categorization is often described as “stretching” perceptual space
to accentuate differences between categories while “compress-
ing” perceptual space to minimize differences within categories.

Instead of investigating how occipitotemporal representa-
tions were modulated by differences in category structure, we
investigated how they were modulated by differences in general-
ization strategy. We found that representations of equivalent
stimuli differed between “strict” and “lax” generalization rules,
and that the discriminability of stimulus distortion negatively
covaried with distance from the active category boundary. Thus,
occipitotemporal representations were sensitive not only to
learned category structure, but were flexibly modulated via interac-
tions with abstract decisional factors. This implies that decisional
uncertainty can “stretch” occipitotemporal representations to im-
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prove classification of stimuli neighboring abstract category
boundaries.
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