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 40 

Abstract 41 

Categorization involves organizing perceptual information so as maximize differences along 42 

dimensions that predict class membership, while minimizing differences along dimensions that do not. 43 

In the current experiment, we investigated how neural representations reflecting learned category 44 

structure vary according to generalization demands. We asked male and female human participants to 45 

switch between two rules when determining whether stimuli should be considered members of a single 46 

known category. When categorizing according to the “strict” rule, participants were required to limit 47 

generalization in order to make fine-grained distinctions between stimuli and the category prototype. 48 

When categorizing according to the “lax” rule, participants were required to generalize category 49 

knowledge to highly atypical category members. As expected, frontoparietal regions were primarily 50 

sensitive to decisional demands (i.e., the distance of each stimulus from the active category boundary), 51 

while occipitotemporal representations were primarily sensitive to stimulus typicality (i.e., the 52 

similarity between each exemplar and the category prototype). Interestingly, occipitotemporal 53 

representations of stimulus typicality differed between rules. While decoding models were able to 54 

predict unseen data when trained and tested on the same rule, they were unable to do so when trained 55 

and tested on different rules. We additionally found that the discriminability of the multivariate signal 56 

negatively covaried with distance from the active category boundary. Thus, whereas many accounts of 57 

occipitotemporal cortex emphasize its important role in transforming visual information to accentuate 58 

learned category structure, our results highlight the flexible nature of these representations with regards 59 

to transient decisional demands. 60 

  61 

 62 
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 64 

Significance Statement 65 

Occipitotemporal representations are known to reflect category structure, and are often assumed to be 66 

largely invariant with regards to transient decisional demands. We found that representations of 67 

equivalent stimuli differed between strict and lax generalization rules, and that the discriminability of 68 

these representations increased as distance from abstract category boundaries decreased. Our results, 69 

therefore, indicate that occipitotemporal representations are flexibly modulated by abstract decisional 70 

factors. 71 

 72 

 73 

 74 

 75 

  76 

  77 
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     Organisms must be able to flexibly adjust the degree of generalization applied to category 78 

knowledge in order to accomplish different goals (Chumbley et al., 2012; Collins and Frank, 2013; 79 

Norman and O’Reilly, 2003; Roy et al., 2010; Seger and Miller, 2010). For instance, when using a 80 

vending machine, it may be necessary to use a strict generalization threshold in order to distinguish 81 

“dimes” from “non-dimes”, but when cleaning out your desk, it may be necessary to use a more lenient 82 

threshold in order to distinguish “coins” from “non-coins”.  In the present study, we sought to 83 

investigate how perceptual representations differ between generalization strategies. We did so by 84 

having participants learn and apply multiple generalization thresholds during the performance of an 85 

A/notA categorization task (Figure 1), in which behavioral performance typically varies according to 86 

the degree of perceptual similarity between visual stimuli and a prototype, and in which knowledge is 87 

often difficult to verbalize. 88 

 Although A/notA tasks superficially resemble A/B categorization tasks (in which participants 89 

categorize stimuli into two categories), neurobiological differences have been observed between them. 90 

For instance, although deficits in A/B performance are observed in healthy aging and in 91 

neuropsychological disorders affecting the hippocampus, A/notA categorization is typically preserved 92 

(Bozoki et al., 2006; Glass et al., 2012; Knowlton and Squire, 1993; Zaki, 2003). Additionally, whereas 93 

A/B tasks tend to elicit activity in frontoparietal and hippocampal regions (Seger et al., 2000; 94 

Zeithamova et al., 2008), A/notA tasks tend to elicit activity in visual cortices and in the basal ganglia 95 

(Aizenstein et al., 2000; Reber et al.,1998; Reber et al., 2003; Summerfield and Koechlin, 2008; 96 

Zeithamova et al., 2008). Regions associated with A/notA categorization thus closely resemble those 97 

associated with perceptual priming and repetition suppression (Henson, 2003; Koutstaal et al., 2001; 98 

Wiggs and Martin, 1998), as well as the theorized neurobiological substrate of the perceptual 99 

representation system (Ashby and O’Brien, 2005; Casale and Ashby, 2008; Reber and Squire, 1999; 100 

Schacter, 1990).   101 
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 In typical instantiations of the A/notA task, participants learn to apply a single generalization 102 

threshold (but see: Nosofsky, Little, and James, 2012), and so neural signals reflecting representational 103 

factors (which vary with distance from the prototype; Davis et al., 2012; Seger et al. 2015; Seger et al, 104 

2011; Strange et al.,  2005) and decisional factors (which vary with distance from the category 105 

boundary; Grinband et al., 2006; Kayser et al., 2010; White et al.,  2012) are confounded, in that 106 

decisional difficulty increases with distance from the category prototype. In the current experiment, 107 

participants categorized filled dot prototype stimuli as category members or non-members according to 108 

“strict” and “lax” generalization rules (Figure 1). For the lax rule, participants used a lenient criterion 109 

that allowed all stimuli formed as distortions of the prototype into the category, while excluding 110 

random exemplars. For the strict rule, participants used a strict criterion which allowed only the 111 

prototype stimulus into the category, while excluding all other exemplars (both low and high level 112 

distortions and randomly formed stimuli). The two rules allowed us to differentiate effects associated 113 

with distance from the prototype, from effects associated with distance from the bound. This allowed 114 

us to differentiate representational factors from decisional factors, and to investigate whether category 115 

representations vary according to generalization demands. 116 

 117 

Methods 118 

Participants 119 

Eighteen participants (mean age=20.7, =2.5; 10 female) were recruited from the undergraduate 120 

population at South China Normal University. All were paid for their participation and met criteria for 121 

MR scanning. Two participants were excluded for excessive motion during the scan (greater than 2 mm 122 

in any of the ordinal directions, or 2 degrees pitch, roll, or yaw), resulting in a total of 16 participants 123 

included in the final analyses. 124 
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Stimuli 125 

We generated “filled” dot-prototype stimuli at four levels of distortion (Figure 1). This approach of 126 

making complex polygons from dot patterns has been used successfully in previous category learning 127 

studies (Homa et al., 1981; Posner and Keele, 1968; Smith et al., 2005). Three stimulus sets based on a 128 

different prototype were constructed, and each subject learned one of these randomly assigned sets.  129 

Prototypes were formed from nine points, or dots, pseudo-randomly assigned to locations within a 23 x 130 

23 grid. To increase visual salience, the nine dots were connected with lines and the resultant shape 131 

was then filled with solid blue color. We designed the distorted exemplars according to a well-132 

established procedure (Posner et al., 1967; Smith and Minda, 2001), which allowed us to create a large 133 

number of unique exemplars. After defining the category prototypes, this involved perturbing the 134 

locations of the dots by first identifying 12 “rings” surrounding each dot. Each ring was comprised of 135 

the cells surrounding the previous ring; therefore, the dot itself comprised a single cell, the adjacent 136 

ring comprised 8 cells and the outermost ring comprised 88 cells. Although a dot had equal probability 137 

of moving to any cell within each ring, the probability of a dot moving to a ring decreased with 138 

distance from its original position. Using this framework, the uncertainty of the dot positions of a 139 

particular stimulus, s, can be defined according to its entropy, H: 140 

  1.       141 

where K is the number of cells that a point could be located, and where pk is the probability that a point 142 

is within a particular cell, k. 143 

     We first generated 2000 exemplars at each entropy level (low distortion exemplars were created 144 

with 3.5 bits per dot, high distortion exemplars were created with 6.5 bits per dot, and random 145 

exemplars were generated without regards to the template, so as to be perceptually-distinct. Thus, if we 146 

describe the prototype as a point in 18-dimensional space, through this procedure, we produced three 147 
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stimulus “clouds” surrounding this point, such that average Euclidean distance moved per dot per 148 

stimulus increased from the low-distortion to the high-distortion stimulus set, and from high-distortion 149 

set to random stimulus set, but such that there was considerable variance within each set (Figure 1C). 150 

An attractive characteristic of dot prototype stimuli is that the psychological distance, dψ, between 151 

stimuli has been shown to follow a logarithmic function of the average Euclidean distance moved by 152 

each dot (see Posner et al., 1967; Smith and Minda, 2001): 153 

  2.   154 

where represents the average Euclidean distance moved per dot between an 155 

exemplar and the prototype.  To reduce the variance within each stimulus set, we selected 300 156 

exemplars from the low uncertainty stimulus set and 300 stimuli from the high uncertainty stimulus set 157 

that fell closest to a specific distance from the prototype (Figure 1D), and we selected 300 random 158 

stimuli that were farther from the prototype than the farthest high-distortion exemplar.  Through pilot 159 

testing, we adjusted these distances to minimize differences in behavioral performance (accuracy and 160 

reaction time) between the two rules. As there was greater variability within the random stimulus set, to 161 

accurately model effects associated with these stimuli, we used equation 2 to parametrically define 162 

stimulus distances in the neuroimaging models used for voxel selection. To estimate the location of 163 

each decision bound, we calculated the point midway between the clusters closest to it (i.e., for the 164 

strict rule, the optimal category boundary lay midway between the prototype and the mean of the low-165 

distortion exemplars; for the lax rule, the it lay midway between the means of the high-entropy and 166 

random exemplars). 167 

Procedure 168 
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Training session: Participants were told that there would be two different conditions, strict and lax, and 169 

that each would be indicated by an instruction cue and a distinctive background color. They were 170 

further told that in the strict condition they should be careful to exclude any stimuli that might not be 171 

members. In the lax condition, they should try not to miss any potential category members and only 172 

exclude stimuli that were unrelated to the category. During the fMRI study, participants were given 173 

written instructions in English and spoken instructions in Mandarin Chinese. All participants had 174 

studied English previously; however, Chinese speaking research assistants discussed the instructions 175 

with participants in Chinese and answered any questions before beginning testing procedures to ensure 176 

comprehension. After instructions, participants learned to categorize by these rules through trial and 177 

error. On each trial, the active rule was indicated by an instructional cue presented below the stimulus. 178 

During pilot testing in the US, the instructional cues were the words: “strict” and “lax”, however, as the 179 

final fMRI experiment took place in China, the equivalent Chinese characters were used instead: strict: 180 

 (pinyin transliteration: yan, tone2) and lax  (pinyin transliteration: song, tone1). To mitigate the 181 

possibility that participants might not notice switches between cues, each rule was also indicated by the 182 

background color of the screen (orange or grey). To avoid possible visual confounds associated with 183 

background color, the mapping between rule and color was counter-balanced across participants. 184 

      In order to avoid confounding motor response with decision (member or nonmember), we cued 185 

participants as to which hand response to use for each response on each trial. Each stimulus display 186 

included two response cues: a “+” and a “-”, in the lower left and right corners. The “+” indicated that a 187 

stimulus was a category member, while the “-” indicated that a stimulus was a category non-member. 188 

The locations of the “+” and “-” signs were randomized on each trial, but were counterbalanced across 189 

rules, distortion levels and categories. During training, the word “Correct!” was shown for 0.75 seconds 190 

in green font, following correct responses. Following incorrect responses, the word “Wrong” was 191 
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shown for 0.75 seconds in red font. If no response was made within the 2.25 s response window, the 192 

words “Too slow” were displayed in black font. No feedback was provided in the scanner. 193 

     During training, a greater number of stimuli near the category boundaries were included so that 194 

participants could efficiently gain experience with the category boundaries associated with each rule. 195 

Thus, while the probability of category member vs. non-member was held at 50% for each rule, when 196 

learning the strict rule, there were three low-distortion exemplars for every high distortion or random 197 

exemplar, and when learning the lax rule, there were three high-distortion stimuli for every low 198 

distortion or prototype exemplar. During scanning, we adjusted the proportion of stimuli within each 199 

distortion level so that for each rule, we could have the same number of trials within each distortion 200 

level. This altered the proportion of stimuli belonging within the category for each rule, but was 201 

necessary in order to compare representations of stimulus distortion between rules.   202 

     So that we could unpredictably switch between rules in the scanner (to mitigate effects associated 203 

with anticipation of rule-switches and to be able to directly compare rules), we adopted a training 204 

protocol that encouraged participants to frequently switch between rules. Participants trained on five 205 

alternating task blocks. In each block, participants trained until reaching a 90% accuracy criterion over 206 

k trials on each task. After each successful block, k decreased by 5 trials, so while participants had to 207 

complete (at least) 26 trials in the first block, they only had to complete 6 trials in the final block if they 208 

were 100% accurate. The criterion window was reset after [k + 5] trials, and if participants failed to 209 

achieve the accuracy criterion within this window, they had to complete at least another k trials. After 210 

completing the initial training, participants completed a brief task (100 trials) which included temporal 211 

jitter and excluded feedback, so as to be as similar as possible to the actual scanner task. 212 

Scanning Session: Participants performed the task during four 10-minute scanner runs. Each participant 213 

performed 368 trials in total. To mitigate effects associated with the prediction of impending rule 214 
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switches, participants switched unpredictably between rules every 4, 6, 8 or 10 trials. The trial format 215 

was identical to training, except feedback was not included (to isolate representations associated with 216 

stimulus and response). The inter-trial interval was jittered according to a positively skewed geometric 217 

distribution ranging from 2.25 to 9.75 seconds (M = 4.06 seconds). The efficiency of the design was 218 

optimized using custom software. Participants made responses via magnet compatible response boxes 219 

with fingers of their right and left hands.  220 

Image Acquisition 221 

Images were obtained with a 3.0 Tesla MRI scanner (Siemens Tim Trio) at the Brain Imaging Center at 222 

South China Normal University. The scanner was equipped with a 12-channel head coil. Structural 223 

images were collected using a T1-weighted magnetization-prepared rapid gradient echo sequence [256 224 

x 256 matrix; field of view (FOV), 256 mm; 192 1-mm slices]. Each scanning session included four 225 

10-minute functional runs, each of which involved the collection of 400 whole brain volumes. 226 

Functional images were reconstructed from 25 axial oblique slices obtained using a T2*-weighted two-227 

dimensional echoplanar sequence (repetition time, 1500 ms; echo time, 30 ms; flip angle, 76; FOV, 220 228 

mm; 64x64 matrix; 4.5-mm-thick slices). The first three volumes, which were collected before the 229 

magnetic field reached a steady state, were discarded. 230 

Neuroimaging Analyses 231 

Preprocessing: Preprocessing was implemented using SPM12 (version 6470), and for both the 232 

univariate and multivariate analyses consisted of slice time correction to the middle slice, motion-233 

correction, and coregistration. While the multivariate pattern analyses (MVPA) were based on the 234 

unsmoothed images in each participant’s native space, the functional images were additionally warped 235 

to MNI space (using the deformation fields derived from the anatomical segmentation), and smoothed 236 
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with a 6mm full-width-at-half-maximum Gaussian kernel for univariate analyses and for group-level 237 

MVPA analyses. Time-series were filtered using a 128s high-pass filter.  238 

Univariate Analyses: We modeled each event with its precise duration (stimulus onset to response and 239 

simultaneous stimulus offset), an approach that is known to be more sensitive to events with variable 240 

durations than constant epoch or variable amplitude impulse models (Grinband et al., 2008). In addition, 241 

as mismodeling of the HRF can bias estimates of HRF amplitude, we modeled the hemodynamic 242 

response function (HRF) with a double-gamma HRF function, and included both the temporal and 243 

dispersion derivatives in the first-level design matrices. We combined this information using a low-244 

dimensional parameterization, which allows separately estimating the amplitude, time-to-peak, and 245 

width of the hemodynamic response for each voxel, condition and subject (Wager et al., 2005). We did 246 

not find differences in the time-to-peak or width parameters between conditions, and thus report only 247 

analyses related to the amplitude of the HRF. To minimize effects associated with differences in 248 

behavioral strategy, univariate statistical analyses were limited to correct trials (defined as being in 249 

concordance with the current decision bound). To control the familywise error rate at the group level, 250 

we estimated the null distribution by randomly flipping the signs associated with the subject-level 251 

contrast maps 10,000 times (using the BROCCOLI software package; Eklund, Dufort, et al., 2014; 252 

Eklund, Nichols, and Knutsson, 2016). For the univariate analyses, we used a cluster-based threshold 253 

(initial cluster-forming threshold: p < 0.001, q < 0.05). For the MVPA analyses, the familywise error 254 

rate was corrected at the voxel level (minimum threshold: p < 0.01).  255 

Multivariate analyses: We first used the least squares separate procedure (“LSS”; Mumford et al., 2012) 256 

to obtain individual trial beta- and t-statistic images. Unlike the univariate analyses, we did not exclude 257 

incorrect trials, and included an equal number of trials for each distortion level within each rule. We 258 

mitigated effects associated with reaction times through a two-step procedure (Todd et al., 2013). We 259 
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first modeled each event with a duration equal to the reaction time prior to convolution with the 260 

hemodynamic response function, which has the effect of minimizing effects of systematic mismodeling, 261 

and thus mitigating confounds associated with reaction times in MVPA. We then used regression to 262 

remove the effect of reaction time from the LSS statistical maps prior to analysis. We additionally 263 

repeated the analysis illustrated in Figure 6E after removing the minimum number of trials such that the 264 

mean reaction time was either equal between rules for each distortion level, or switched direction from 265 

the original results; this yielded the same qualitative pattern of results, and confirmed that the effects 266 

were not driven by differences in reaction time.  267 

 To identify neighborhoods of voxels representing distance from the prototype or distance from 268 

the decision bound, we used a searchlight approach (sphere radius 10mm; Kriegeskorte et al., 2006), in 269 

conjunction with linear support vector regression (SVR). We implemented the searchlight using custom 270 

code based on the Nilearn python package (Abraham et al., 2014), and implemented the SVR analysis 271 

using the SciKit-Learn machine learning package for python (Pedregosa et al., 2011), setting the SVR 272 

penalty parameter, C, to 0.01 based on the results from a separate dataset. We used a 4-fold cross-273 

validated approach in which we repeatedly trained the model on 3 out of the 4 runs, and tested the 274 

accuracy of the model on the held-out data (each time holding out data from a different scanner run). 275 

For group-level analyses, we Fisher z-transformed the Pearson correlation values, smoothed the 276 

resultant maps with a 6mm full-width-at-half maximum Gaussian kernel, and then performed a 277 

permutation test (10,000 sign-flips of the individual subject z-statistic maps), controlling the 278 

familywise error rate at the voxel-level. 279 

 We performed additional permutation tests to confirm that we could decode information from 280 

the individual ROI’s (Etzel et al., 2013) and to test specific hypotheses about the nature of the 281 

representation.  Although the details of the specific tests are described with the results (below), each 282 
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permutation test involved using a support vector machine (SVM; with C=0.01) in conjunction with the 283 

same 4-fold, leave-one-run-out cross-validation procedure used in the searchlight analysis. We 284 

compared the predictive accuracy of the SVM to that of a null distribution, which was estimated by 285 

repeating the analysis 500 times, each time permuting the labels of the training (but not the test) data.  286 

We then transformed the resultant p-values to z-scores, and performed a single-sample t-test to estimate 287 

statistical significance at the group level.  288 

Results 289 

Behavioral Results 290 

     We examined performance across the strict and lax rules, with the stimuli associated with each rule 291 

considered in relation to its respective boundary (3 levels: close, middle, and far; Figure 2A) and to 292 

stimulus distance in perceptual space independent of categorization rule (4 levels: prototype, low 293 

distortion, high distortion, and random; Figure 2B). A 2 x 3 repeated-measures ANOVA with factors of 294 

rule (strict and lax) and distance from the category boundary (close, middle, and far) indicated that 295 

subjects had a difference in accuracy between the two rules (mean percent correct for the strict 296 

condition = 95%, SD = 5%; mean percent correct for the lax condition = 90%, SD= 10%), F(1,15) = 297 

4.7, p = 0.05, 2  = 0.24. Accuracy increased with distance from the decision boundary, F(1.25, 18.75) 298 

= 39.06,  p < 0.01, 2  = 0.72. The interaction between rule and boundary distance was not significant, 299 

F(1.31, 19.76) = 1.71, p = 0.21, 2  = 0.1. A 2 x 4 repeated measures ANOVA with factors of rule 300 

condition (strict and lax) and stimulus distortion level (prototype, low, high, and random) further 301 

indicated that accuracy differed depending on stimulus distortion level F(3, 45) = 6.21,  p < 0.01, 2  = 302 

0.29.  303 
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     A visual inspection of Figure 2B indicated that the difference between strict and lax rule 304 

performance was likely due to high distortion stimuli in the lax condition. An examination of the 305 

individual subject means reveals large individual differences. Nine subjects maintained high levels of 306 

accuracy (80% or greater), but three subjects performed near 50% (indicating random accuracy) and an 307 

additional 4 subjects performed at below 40% accuracy, consistently judging high distortion stimuli as 308 

out of the category rather than in the category. This pattern can be interpreted as these 4 subjects 309 

shifting to categorizing using a decision boundary that fell between the low and high distortion stimuli 310 

rather than the trained boundary between the high distortion and random stimuli; this boundary change 311 

was likely enabled by the lack of corrective feedback during the testing phase in the scanner. As we 312 

were interested in whether the boundary setting influenced the neural expression of perceptual 313 

information, we did not discard data from these participants, but instead conducted post-hoc analyses to 314 

investigate the effect. We did not find effects associated with these participants (or with idiosyncratic 315 

variation in behavioral performance across the group as a whole), and so do not discuss these results 316 

further, and did not exclude these participants from the analyses. 317 

     To investigate effects associated with reaction time, we conducted two repeated measures 318 

ANOVAs. In the first, we binned trials according to their distortion level, resulting in a 2 x 4 repeated 319 

measures ANOVA with factors of rule condition (strict and lax) and stimulus distortion level 320 

(prototype, low, high and random). In the second, we binned trials based on distance from the active 321 

category boundary, resulting in a 2 x 3 repeated-measures ANOVA with factors of rule (strict and lax) 322 

and distance from the category boundary (close, middle, and far). To correct for violations of sphericity, 323 

we report Greenhouse–Geisser adjusted degrees of freedom where appropriate. We conducted post-hoc 324 

Tukey HSD tests where relevant. In the first ANOVA examining stimulus distortion, we found that the 325 

main effect of rule was not significant F(1,15) = 1.89, p = 0.2, 2  = 0.11. The effect of distortion level 326 
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was significant F(2.02, 30.3) = 15.1, p < 0.01, 2  = 0.5, such that reaction times were faster for the 327 

prototype (M = 1.12, SD = 0.2)  and for random exemplars (M = 1.05, SD = 0.2) than for the low 328 

distortion (M = 1.2, SD = 0.18; prototype vs. low distortion: t = -3.11, p(Tukey)  = 0.02,  low distortion vs. 329 

random: t =5.84,  p(Tukey)  < 0.01) and high-distortion stimuli (M = 1.19, SD = 0.22;  prototype vs. high 330 

distortion: t = -2.87,  p(Tukey)  = 0.03, high distortion vs. random: t = 5.6,  p(Tukey) <  0.01). The 331 

interaction between rule and distortion level was also significant, F(2.08, 31.25) = 27.15, p < 0.01, 2  332 

= 0.64, such that reaction times tended to be slower for distortion levels neighboring the active 333 

category boundary.  334 

  In the second repeated-measures ANOVA, examining distance from the active category 335 

boundary, the main effect of rule was again not significant, F(1,15) = 3.93,  p = 0.07, 2  = 0.21. The 336 

main effect of distance from the category boundary was significant, F(1.3, 19.46) = 49.8,  p < 0.01, 2  337 

= 0.77,  such that reaction times decreased with distance from the boundary (low distance: M = 1.23, 338 

SD = 0.19; medium distance: M = 1.11, SD = 0.15; high distance: M = .99, SD = 0.13). Tukeys HSD 339 

tests indicated a significant difference between low and medium distance stimuli (t = 5.2,   p(Tukey) 340 

<0.01), and a significant difference between medium and high-distance stimuli (t = 0.98, p(Tukey)  < 341 

0.01). The interaction between rule and distance was not significant, F(1.54, 23.1) = 2.3, p = 0.14, 2  = 342 

0.13.  343 

 344 

Neuroimaging Results 345 

Distance from Decision Boundary: To investigate decision processes common to both categorization 346 

rules, we investigated parametric contrasts for the effects associated with distance from the strict and 347 

lax category boundaries. Increasing distance from the categorical boundary is sometimes termed 348 
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“decisional confidence” (e.g., Braunlich and Seger, 2016; Sanders et al., 2016) as it positively covaries 349 

with behavioral accuracy. It should be noted, however, that this normative estimate of decisional 350 

confidence differs from subjective estimates of confidence, which are sensitive to additional sources of 351 

bias and noise, and which may involve separate representations and/or neural systems (Paul et al., 352 

2015). 353 

     As shown in Figure 3 and Table 1, decisional confidence was associated with lateral inferior parietal 354 

activity extending from the angular gyri to the temporal-parietal junction and superior temporal gyri. 355 

Medial frontoparietal activity was found across the cuneus and posterior cingulate and the ventromedial 356 

prefrontal cortex. In addition, activity extended along the bilateral superior and middle temporal gyri, 357 

similar to that which has been reported in previous categorization studies (Paul et al., 2015; 358 

Zeithamova et al., 2008). Decisional uncertainty was associated with activity within bilateral clusters 359 

along the intraparietal sulcus immediately superior to the regions associated with decisional confidence. 360 

Counter to our predictions, we did not find that regions of the “salience” network (anterior cingulate 361 

and frontal operculum / anterior insula) covaried with conflict (e.g., Seger et al., 2015). To investigate 362 

this effect, we performed an exploratory analysis at a lower statistical threshold, and found that these 363 

regions showed subthreshold patterns corresponding to our prediction. 364 

     To further explore the direction of these effects, we examined the percent signal change within each 365 

of these regions across the four levels of distortion and two rule conditions (strict and lax). To avoid 366 

circular analyses, these data were not subjected to non-orthogonal post-hoc statistical tests. As can be 367 

seen in Figure 3, the intraparietal sulci (greater activity closer to the bound) exhibited an expected 368 

pattern: for the strict rule activity was greatest for the prototype and low distortion stimuli adjacent to 369 

the strict decision bound, and lowest for the random stimuli furthest from the decision bound. In 370 

contrast, for lax stimuli activity was greatest for the high distortion stimuli near the bound, and lower 371 
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for the prototype and low distortion stimuli further from the bound. In the lax condition, activity for the 372 

random stimuli was lower than for the high distortion stimuli; this could be due to the greater 373 

variability within the random stimuli in regard to distance from the prototype.  Regions identified as 374 

having activity increasing with distance from the category bound (middle and superior frontal gyri, 375 

angular gyri, ventromedial prefrontal, and precuneus) overall showed the expected pattern that was 376 

opposite to that found for the intraparietal sulcus: greater activity for the high and random stimuli when 377 

using the strict rule, and greater activity for prototype stimuli when using the lax rule. 378 

 379 

Distance from the Prototype: As shown in Figure 4, activity in the inferior temporal regions including 380 

the bilateral lingual and fusiform gyri covaried with distance from the prototype. Although these voxels 381 

were selected based on this effect, visual inspection of the plots suggested an interaction between rule 382 

and distortion level. We therefore conducted a post-hoc analysis (which was orthogonal to the contrast 383 

used for voxel selection; Friston et al., 2006; Kriegeskorte et al., 2009). A repeated measures ANOVA 384 

indicated that the interaction was significant for both the left (F(3,45) = 9.48, p < 0.01, 2   = 0.39) and 385 

right (F(3,45) = 11.76, p < 0.01, 2  = 0.44) fusiform gyri, suggesting that the visual characteristics of 386 

the stimuli were processed differently between categorization rules. Post-hoc t-tests (FDR corrected p-387 

values; Benjamini and Hochberg, 1995) indicated that for the left fusiform, the amplitude of the 388 

response significantly differed between rules for the prototype t(15) = 2.97, p =  0.01, d = 0.74, CI = 389 

[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 390 

did not differ for the low distortion exemplars t(15) = 0.47, p =  0.65), or for the high-distortion 391 

exemplars t(15) = -1.92, p =  0.1). For the right fusiform, the amplitude significantly differed between 392 

rules for the prototype t(15) = 3.38, p <  0.01, d = 0.84, CI = [0.02, 0.1]), and for the high-distortion 393 
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exemplars t(15) = -3.42, p <  0.01, d = -0.85, CI = [-0.12, -0.03]), but not for the random exemplars 394 

t(15) = -2.26, p =  0.05, or the low distortion exemplars t(15) = 0.3, p =  0.77. 395 

 396 

Strict vs. Lax: To compare differences between the rules, we compared all correct lax trials to all 397 

correct strict trials (irrespective of their distances from the category boundary or from the prototype). 398 

We found that a region in superior bank of the posterior intraparietal sulcus (see Figure 5; spatial extent 399 

305 voxels, coordinates of voxel with maximal t-value: x = -18, y = -70, z = 52) showed greater 400 

activity when subjects categorized according to the lax categorization rule than according to the strict 401 

categorization rule. No regions showed greater activity for the strict rule than for the lax rule. 402 

 403 

Multivariate Pattern Analyses: To investigate multivariate representations associated with decisional 404 

and perceptual factors, we conducted several multivariate pattern analyses (MVPA). We first used 405 

support vector regression, in conjunction with a searchlight approach (described above) to localize 406 

neighborhoods of voxels representing relevant information. We were able to decode information 407 

related to distance from the decision bound from several frontoparietal regions, including bilateral 408 

superior and inferior parietal regions (neighboring the intraparietal sulcus), and right middle frontal 409 

cortex (illustrated in Figure 6A and Table 2).  Representations associated with distance from the 410 

prototype (illustrated in Figure 6B and Table 2) were primarily restricted to visual regions (bilateral 411 

lingual gyri and ventral temporal lobe extending to the calcarine sulcus and extrastriate cortex), and 412 

small bilateral regions of the superior parietal lobe/precuneus (which overlapped both with regions 413 

representing distance from the decision bound (Figure 3), and with the contrast of Lax > Strict (Figure 414 

5)).  For each resultant ROI, we then performed permutation tests (as described above) to confirm that 415 

information was represented at the ROI level (rather than only at the searchlight level; Etzel et al., 416 
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2013), and to confirm the representations were decodable within each rule. To perform the permutation 417 

tests, we trained each model using trials from both rules, but, for each cross-validation fold, tested the 418 

model separately for each rule. This allowed us to train the model using as much data as possible, but 419 

then test each rule separately.  The statistical maps shown in Figure 6 and Table 2 include only ROI’s 420 

that were significant for these ROI-level permutation tests, and are color-coded to indicate association 421 

with rule. Finally, to investigate whether the rules might be represented differently within subregions of 422 

the occipitotemporal ROI, we conducted a searchlight analysis, in which we sought to decode 423 

distortion-level separately for each rule. As we did not find notable regional differences between rules, 424 

we will not discuss this analysis further.  425 

 We additionally investigated whether stimulus distortion was represented in the same way 426 

between the two rules. If occipitotemporal category representations differed between the strict and lax 427 

rules, we would predict that a support vector machine trained on one rule would have difficulty making 428 

predictions concerning the other rule. To test this hypothesis, we conducted four separate support 429 

vector regression (SVR) analyses (C=0.01, with 4-fold, leave-one-run-out cross-validation). On each 430 

cross-validation fold, we trained the model on one rule, and then tested it on held-out trials associated 431 

with either the same rule or the other rule. As illustrated in Figure 6D, this allowed us to investigate 432 

how the performance of the model varied according to how it was trained.  For each analysis, we 433 

Fisher-z transformed the resultant Pearson correlation values, and then performed a paired-samples t-434 

test. When trained on the strict rule, the model performed significantly better when tested on the strict 435 

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 436 

model performed significantly better when tested on the lax rule than on the strict rule, t(15) = 4.49, p 437 

< 0.01, d = 1.12, CI = [0.16,  0.43]. The models also only performed significantly above chance when 438 

trained and tested on the same rule (trained and tested on the strict rule: t(15) = 10.13, p < 0.01, d = 439 
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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, 440 

0.44]) than when trained and tested on different rules (trained on the strict rule and tested on the lax 441 

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). 442 

These findings suggest that stimulus distortion was represented differently between the two rules. 443 

 To investigate whether this effect was driven by distance from the active category boundary, or 444 

existed across all levels of stimulus distortion, we sought to distinguish neighboring distortion levels 445 

for each rule separately (see Figure 6E). To do so, we used a linear support vector classifier (C= 0.01) 446 

in conjunction with a 4-fold, leave-one-run-out, cross-validation procedure. First, for each pairwise test 447 

(prototype vs. low-distortion exemplars, low distortion exemplars vs. high distortion exemplars, and 448 

high-distortion exemplars vs. random stimuli), we performed a permutation test (as described in 449 

Methods) to determine whether each model could successfully classify neighboring distortion levels. 450 

We found that we were able to differentiate between neighboring distortion levels for both the strict 451 

(prototype vs. low-distortion: t(15) = 5.75,  p < 0.01, d = 1.44, CI (z statistic) = [1.11, 2.41]; low distortion 452 

vs. high-distortion: t(15) =  3.84, p < 0.01, d = 0.96, CI (z statistic)  = [0.58, 2.02]; high-distortion vs. 453 

random exemplars: t(15) = 3.82, p < 0.01, d =  0.95, CI (z statistic)  = [0.42, 1.47]) and for the lax rule 454 

(prototype vs. low-distortion: t(15) = 3.12, p < 0.01, d = 0.83, CI (z statistic)  = [0.28, 1.28], low-distortion 455 

vs. high-distortion: t(15) = 3.41, p <  0.01, d  = 0.85, CI (z statistic)  = [0.4, 1.75], high-distortion vs. 456 

random exemplars: t(15) =  4.86, p < 0.01, d = 1.22, CI (z statistic)  = [0.86, 2.21]). To determine whether 457 

the classification accuracy of neighboring distortion levels interacted with generalization rule, we 458 

conducted a repeated measures ANOVA with rule, distortion-level, and the interaction between rule 459 

and distortion-level as factors. We found that the interaction between rule and distortion-level was 460 

significant (F(2,30) = 4.95, p = 0.01, 2   = 0.25), but the main effects of rule (F(1,15) =  1.59, p = 461 

0.23, 2   =  0.1) and distortion-level  (F(2,30) =  0.06, p = 0.94) were not. These findings indicate that 462 
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the discriminability of stimulus distortion negatively covaried with distance from the active category 463 

boundary.  464 

Discussion 465 

 We investigated how perceptual representations interacted with top-down factors in a task 466 

requiring switches between “strict” and “lax” generalization thresholds. When categorizing according 467 

to the strict rule, participants had to notice fine-grained differences between low-distortion exemplars 468 

and the category prototype, and when categorizing according to the lax rule, they had to generalize 469 

knowledge to atypical category members.  Behavioral differences between rules were minimized 470 

through pilot experiments on separate participants, and equivalent stimulus distributions were 471 

employed for each task. 472 

 Activity within primary and higher-order visual cortices covaried with increasing stimulus 473 

distortion, while activity within frontoparietal and dorsal attention networks covaried with decisional 474 

demands (distance from the active category boundary). This pattern can be broadly interpreted as 475 

reflecting neural separation of functionally-independent processes, with higher-order visual cortex 476 

transforming stimulus attributes into an abstract representation of stimulus typicality (i.e., distance 477 

from the category prototype), and frontoparietal and dorsal attention networks applying this visual 478 

information flexibly, according to current task goals (Gold and Shadlen, 2007; Jiang et al., 2007; Li et 479 

al., 2009; McKee et al., 2014). However, regions which were most sensitive to stimulus distortion 480 

(occipitotemporal cortex) were also sensitive to differences between the categorization rules (Figures 5, 481 

6D, and 6E), and regions which were strongly sensitive to decisional factors (precuneus and superior 482 

parietal) were also sensitive to stimulus distortion (Figure 6B). Interestingly, the slope of the line 483 

relating distance from the prototype to univariate amplitude was steeper under the strict rule than the 484 

lax rule (Figures 4 and 6F): activity for the prototype was lower under the strict rule than the lax rule, 485 
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and activity for the highly-distorted and random exemplars was greater under the lax rule than the strict 486 

rule. This suggests that distance from the active category-boundary influenced perceptual processing. 487 

The MVPA results support this interpretation, as representations of stimulus distortion differed 488 

between rules (Figure 6D), and the discriminability of this information negatively covaried with 489 

distance from the active category boundary; this means that perceptual attributes of stimuli near the 490 

active category boundary were more easily differentiated than attributes belonging to stimuli far from 491 

the boundary (Figure 6E).    492 

 Contemporary accounts of occipitotemporal function tend to emphasize its important role in the 493 

transformation of high-dimensional perceptual information into a lower-dimensional abstract space, 494 

where representations are robust to various sources of perceptual variance (e.g., partial occlusion and 495 

changes in position and size), and where decision-relevant information can be easily integrated by 496 

downstream neurons. For instance, feedforward neural networks (Güçlü and van Gerven, 2015; 497 

Khaligh-Razavi and Kriegeskorte, 2014; Riesenhuber and Poggio, 1999; Yamins et al., 2014) support 498 

this kind of abstraction via a hierarchical architecture where receptive field size increases across 499 

successive layers. Within this framework, switches between strict and lax generalization thresholds can 500 

be implemented in abstract space, by adjusting the threshold of an output unit tuned to the category 501 

prototype, and perceptual representations within lower hierarchical layers could thus remain largely 502 

insensitive to transient generalization demands.  503 

In biological visual systems, feedback projections from higher-order brain regions play an 504 

important role in optimizing sensory computations during transient decisional context (Gilbert and Li, 505 

2013; Lehky and Tanaka, 2016; Reynolds and Chelazzi, 2004). Attention, for instance, is known to 506 

improve neural sensitivity to attended stimuli in extrastriate and inferior temporal cortices (Moran and 507 

Desimone, 1985; Reynolds et al., 2000; Zhang et al., 2011), and inferior temporal representations in 508 
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both primate (Freedman et al., 2003; Meyers et al., 2008; Sigala and Logothetis, 2002), and human (Li 509 

et al., 2007), similarly covary with their behavioral significance. With regards to the current experiment, 510 

one possibility is that top-down signals may have supported a mnemonic representation of the 511 

prototype, against which incoming sensory information could be compared (Myers et al., 2015; Sugase-512 

Miyamoto et al., 2008; Summerfield et al., 2006). Within the predictive coding framework (Friston, 513 

2005; Rao, 2005; Rao and Ballard, 1999), similar signals represent contextually-sensitive predictions 514 

for activity within lower hierarchical levels, and only unpredicted information is propagated to higher-515 

order brain regions. This reduces the transfer of redundant information, and provides an important 516 

learning signal to higher-order regions. Additionally, as the univariate signal can be conceptualized as 517 

reflecting the difference between the expected (statistically, the category centroid/prototype was the 518 

most-likely percept) and the observed stimuli (Auksztulewicz and Friston, 2015; Murray et al., 2002; 519 

Summerfield et al., 2008), the predictive coding framework provides a compelling account for the 520 

typicality-driven effect illustrated in Figures 4 and 6F (see also Chouinard et al., 2008; Vuilleumier et 521 

al.,2002). 522 

 Although top-down anticipatory signals can support the transformation of high-dimensional 523 

sensory information into a lower-dimensional space, where decision-relevant information can be easily 524 

integrated by downstream neurons (Myers et al., 2015; Sugase-Miyamoto et al., 2008), they do not 525 

easily account for the observed differences between rules. As differences in psychological 526 

representation can alter neural similarity gradients (Davis and Poldrack, 2013), and as the strict rule 527 

required participants to notice fine-grained perceptual details, but the lax rule did not, one possibility is 528 

that the prototype may have been represented with greater mnemonic precision (Ma et al., 2014) under 529 

the strict rule. This would predict that occipitotemporal representations should be more sensitive to 530 

stimulus distortion under the strict rule than the lax rule. Although we did find that the slope of the line 531 
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relating distance from the prototype to univariate amplitude was steeper under the strict rule (Figures 4 532 

and 6F), this hypothesis provides an incomplete account of our results, as distortion level could be 533 

decoded from each rule separately (Figure 6D), and that the discriminability of this information 534 

increased as distance from the active category boundary decreased (Figure 6E).  535 

 As the stimuli used in the current study were selected from spheres surrounding the category 536 

prototype, it was impossible to perform the task by learning simple linear or unidimensional category 537 

boundaries in perceptual space. Instead, participants were required to compare incoming sensory 538 

information to a mnemonic representation of the prototype, and to place category boundaries within 539 

this abstract space. As the discriminability of stimulus distortion negatively covaried with distance 540 

from the active category boundary, our findings imply that perceptual processes were influenced by 541 

decisional uncertainty. Our findings are therefore consistent with theories wherein low-level sensory 542 

processes first convey coarse resolution information, and fine-grained perceptual processes are then 543 

guided by top-down attentional signals (e.g., Hochstein and Ahissar, 2002). They are also consistent 544 

with Bayesian frameworks wherein perceptual processing can be described as a series of mutually-545 

informative interactions between top-down and bottom-up signals (Friston, 2005; Lee and Mumford, 546 

2003), and with experimental results indicating that the time-course of neural representation often 547 

proceeds from coarse-to-fine resolution (Goffaux et al., 2011; Hegdé, 2008; Sugase et al., 1999). 548 

Although trial-wise effects reflecting ad hoc decisional factors may be present in many neuroimaging 549 

results, it should be noted that not all category structures influence perceptual representation (Folstein 550 

et al., 2012); and we encourage the reader to be cautious when interpreting the results of any single 551 

fMRI study, particularly when sample size is small. 552 

 Although previous studies of A/notA categorization focused on low-level occipital regions (e.g., 553 

V1 and V2; Aizenstein et al., 2000; Reber et al., 1998), we identified univariate signals related to 554 
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distance from the prototype in the bilateral fusiform. Our approach, however, differed in several ways: 555 

we used polygonal stimuli rather than dot patterns, primarily parametric analyses (tracking distance 556 

from the prototype, and distance from the category boundary) rather than analyses based on pairwise 557 

contrasts between conditions, supervised training through trial and error with feedback rather than 558 

observation (unsupervised learning), and employed a longer training period. Since the discriminability 559 

of relevant stimulus dimensions emerges with category training (Folstein et al., 2013), this last factor 560 

may have been particularly important.  561 

 562 

Conclusion. Category learning allows us to make sense of the external world by assigning common 563 

meaning to perceptually-distinct stimuli. Frontoparietal regions represent abstract category signals 564 

more strongly, but representations within sensory cortices are also modulated by these factors 565 

(Freedman et al., 2003; Meyers et al., 2008). Neural representations of perceptual dimensions that 566 

predict category membership are often more discriminable than dimensions which do not (De Baene et 567 

al., 2008; Folstein et al., 2013; Li et al., 2007; Sigala and Logothetis, 2002). Similarly, category 568 

training selectively facilitates perceptual discrimination of behaviorally-relevant dimensions (Folstein 569 

et al., 2012; Goldstone, 1994; Gureckis and Goldstone, 2008; Op de Beeck et al., 2003), particularly for 570 

perceptual values neighboring active category boundaries (Goldstone et al., 1996). Thus, categorization 571 

is often described as “stretching” perceptual space to accentuate differences between categories, while 572 

“compressing” perceptual space to minimize differences within categories.  573 

 Instead of investigating how occipitotemporal representations reflect differences in category 574 

structure, we investigated how they were modulated by differences in generalization. We found that 575 

representations of equivalent stimuli differed between “strict” and “lax” generalization rules, and that 576 

the discriminability of perceptual information negatively covaried with distance from the active 577 
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category boundary. Thus, occipitotemporal representations were sensitive not only to learned category 578 

structure, but were flexibly modulated via interactions with abstract decisional factors. This implies 579 

that decisional uncertainty can “stretch” occipitotemporal representations to improve classification of 580 

stimuli neighboring abstract category boundaries.  581 

  582 
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Table 1:  Parametric Modulators: Distance from the bound and Distance from the Prototype. 851 

 852 

Increase with distance from decision bound 853 

   Region                                                                Size               x           y           z 854 

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 

 855 

Decrease with distance from decision bound 856 

   Region                                                                Size               x           y           z 857 

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 

 858 

Increase with distance from prototype 859 

   Region                                                                Size               x           y           z 860 

R Lingual and Fusiform gyri 442 26 -62 -6 
L Lingual and Fusiform gyri 550 -28 -58 -14 

Decrease with distance from prototype 861 

No activated clusters. 862 

Note:  Model-Based Univariate Results for correct trials only.  The familywise error rate for each 863 
contrast was controlled at the cluster level using a non-parametric permutation testing approach (initial 864 
cluster-forming threshold:   < 0.001,   < 0.05). 865 

 866 

  867 
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Table 2: MVPA: Distortion and Decision Boundary Distance 868 

 
Distortion 
      
   Region Size x y z Rule 
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 
      
   Region Size x y z Rule 
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 

 869 

 870 

Note:   Multivariate Pattern Analysis (MVPA):  Searchlight Results using a 10mm. searchlight radius. 871 
Linear support vector regression (SVR) was used to identify regions sensitive to stimulus distortion 872 
(TOP; familywise error rate corrected at the voxel-level: p < 0.001) and distance from the decision 873 
boundary (BOTTOM; familywise error rate corrected at the voxel-level: p < 0.01) across categorization 874 
rules. The familywise error rate was controlled using a non-parametric permutation approach. For each 875 
ROI, we additionally conducted permutation tests for each rule separately to confirm the generality of 876 
the decoded representations (see text). ROI's that were not significant for at least one rule were 877 
removed from the map. Rule column: whether the ROI was significant for both rules (“B”) or the strict 878 
rule only (“S”); no ROI’s were significant for only the lax rule. Size: Size of cluster in voxels.  x, y, z: 879 
MNI coordinates of cluster voxel with highest t value. 880 

 881 

 882 

 883 
  884 
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Figure Captions 885 

 886 

Figure 1: A) Participants categorized dot-prototype stimuli at four levels of distortion, according to 887 

two decision rules (indicated by red vertical lines). In the lax condition (top, gray), participants had to 888 

categorize all prototype distortions as category members, excluding only random stimuli. In the strict 889 

condition (bottom, orange), participants had to categorize only the prototype stimuli as category 890 

members, excluding all other stimuli. Note that this design dissociates perceptual generalization 891 

(distance from the prototype) from distance from category boundary.  When the strict bound was in 892 

play, the random stimuli were farthest from the categorization boundary, whereas when the lax bound 893 

was in play, the prototype stimuli were farthest from the boundary. Each of the four distortion levels 894 

neighbored one of the decision boundaries: the prototype and low distortion stimuli were closest to the 895 

strict bound, while the high distortion and random stimuli were closest to the lax bound.  The position 896 

of each stimulus on the screen was spatially jittered in the x and y planes, and the mapping between 897 

background color and categorization rule was randomized between participants. B) On each trial, 898 

participants saw a stimulus, a cue at the bottom of the screen indicating the current rule, and two 899 

response-location cues (“+”, which indicated a stimulus belonged “inside the category”, and “-”, which 900 

indicated “outside of the category”), which were pseudo-randomly assigned to the left vs. right bottom 901 

corners of the screen on each trial. C) We first generated 2000 stimuli for each of the three category 902 

prototypes (“P1”, “P2” and “P3”) at two entropy levels (low: 3.5 bits per dot, and high: 6.5 bits per dot). 903 

Y-axis: Log Euclidean distance from the prototype. D) To control the visual similarity between stimuli 904 

of different distortion levels, we included only the 300 exemplars closest to a specific distance from 905 

each prototype at each distortion level. Through pilot testing, we adjusted this distance to minimize 906 
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behavioral differences between tasks. The random exemplars (not shown) were created without 907 

consideration of their distance from the prototype.  908 

 909 

Figure 2: Accuracy (top) and reaction time (bottom) results. The left column (A and C) illustrates the 910 

independent variable of boundary distance within the Strict and Lax conditions. Plots in the right 911 

column (B and D) show the independent variable of stimulus distortion level within the Strict and Lax 912 

conditions. Vertical red bars indicate the trained decision bound in each condition (as in Figure 1A). 913 

Individual participant means are indicated by individual red dots; shaded rectangles indicate middle 914 

quartiles, the interior horizontal line indicates the mean, error bars indicate the range of the distribution 915 

within 1.5 * the interquartile range. “mid”: middle boundary distance. “prot”: prototype. “low”: low 916 

distortion. “high”: high distortion. “rand”: random stimuli. 917 

 918 

Figure 3: Regions sensitive to distance from the decision bound across Strict and Lax trials. Warm 919 

colors indicate increasing distance (i.e., increasing decisional confidence), while cool colors indicate 920 

decreasing distance (i.e., increasing decisional uncertainty). Y-axes indicate mean percent signal 921 

change. X-axes indicate distortion level.  Separate lines indicate decision rule (Blue: lax. Green: strict). 922 

Error bars: + SEM. 923 

 924 

Figure 4: Distance from the prototype. Activity within bilateral inferior temporal lobe regions 925 

neighboring the mid-fusiform sulci positively covaried with distance from the prototype. Although the 926 

ROI’s were selected based on their sensitivity to stimulus distortion, a post-hoc analysis indicated a 927 

significant interaction between distortion level and rule. Asterisks indicate significant pairwise t-tests 928 

(FDR-corrected p-values: p < 0.01: **; p < 0.05: *). Error bars: + SEM. 929 
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Figure 5:  Categorization rule. Regions of the medial bank of the left posterior intraparietal sulcus 930 

showed greater activity during categorization according to the “lax” rule than the “strict” rule. Error 931 

bars: + SEM. 932 

 933 

Figure 6:  Multivariate Pattern Analyses (MVPA). A) Regions representing distance from the category 934 

boundary (familywise error rate corrected at the voxel level, p< 0.001) B) Regions representing 935 

distance from the prototype (familywise error rate corrected at the voxel level, p< 0.01).  Warm colors 936 

indicate ROI’s that were significant under only the strict rule. Cool colors indicate voxels that were 937 

significant under both rules. C) The occipitotemporal region of interest (ROI) referred to by 6D, 6E, 938 

and 6F. D) Within this ROI, distortion level could be decoded significantly more accurately when the 939 

model was trained (x-axis) and tested (bar color) on the same rule than when it was trained and tested 940 

on different rules. E) For each rule, classification accuracy (of neighboring stimulus distortion levels) 941 

decreased with distance from the category boundary. Y-axis: classification accuracy. X axis:  942 

‘P’=prototype, ‘L’=low distortion, ‘H’=high distortion, ‘R’=random. F) The univariate pattern of the 943 

occipitotemporal ROI.  Note that this pattern is similar to that shown in Figure 4, indicating that the 944 

multivariate analysis did not select voxels with radically different univariate response properties. Error 945 

bars: + SEM. 946 
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