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Abstract  24 

We typically recognize visual objects, by utilizing the spatial layout of their parts, 25 

simultaneously present on the retina. Thus, shape extraction is based on integration of the 26 

relevant retinal information over space. The lateral occipital complex (LOC) can faithfully 27 

represent shape in such conditions. However, sometimes, integration over time is required 28 

to determine object shape. To study shape extraction through temporal integration of 29 

successive partial-shape views, we presented human participants (both men and women) 30 

with artificial shapes that moved behind a narrow vertical or horizontal slit. Only a tiny 31 

fraction of the shape was visible at any instant, at the same retinal location. Yet, observers 32 

perceived a coherent whole shape instead of a jumbled pattern.  33 

Using fMRI and multivoxel-pattern analysis we searched for brain regions that encode 34 

temporally-integrated shape identity. We further required that the representation of shape 35 

should be invariant to changes in the slit-orientation. We show that slit-invariant shape 36 

information is most accurate in LOC. Importantly, the slit-invariant shape representations 37 

matched the conventional whole-shape representations assessed during full-image runs. 38 

Moreover, when the same slit-dependent shape-slivers were shuffled, thereby preventing 39 

their spatiotemporal integration, slit-invariant shape information was dramatically reduced. 40 

The slit-invariant representation of the various shapes also mirrored the structure of shape 41 

perceptual space, as assessed by perceptual similarity-judgment tests. Thus, LOC is likely 42 

to mediate temporal integration of slit-dependent shape-views, generating a slit-invariant 43 

whole-shape percept. These findings provide strong evidence for a global encoding of 44 

shape in LOC, regardless of integration processes required to generate the shape percept. 45 

 46 

 47 
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Significance Statement  48 

Visual objects are recognized through spatial integration of features, available 49 

simultaneously on the retina. The lateral occipital complex (LOC) faithfully represents 50 

shape in such conditions, even if the object is partially occluded. However, sometimes 51 

shape must be reconstructed over both space and time. Such is the case in anorthoscopic 52 

perception, when an object is moving behind a narrow slit: Spatial information is so 53 

limited at any moment that the whole-shape percept can only be inferred by integration of 54 

successive shape-views over time. We find that LOC carries shape-specific information, 55 

recovered using such temporal-integration processes. The shape representation is invariant 56 

to slit-orientation and is similar to that evoked by a fully-viewed image. Existing models of 57 

object recognition lack such capabilities. 58 

Introduction 59 

The ability to identify objects despite great variation in their appearance is a fundamental 60 

characteristic of the visual system. Identity-preserving invariance to object transformations 61 

develops along the human ventral visual hierarchy and is most conspicuous in LOC (Grill- 62 

Spector et al., 1999; Vuilleumier et al., 2002; Eger et al., 2008; Op de Beeck et al., 2008; 63 

Vinberg and Grill-Spector, 2008; Liu et al., 2009; Cichy et al., 2011). Classical models of 64 

object recognition typically start from a spatially-extended retinal image of an object, in 65 

which the spatial layout of the object-parts is available simultaneously. In such a case, 66 

local form elements can be integrated over space into higher-order units representing 67 

unique object shape (see DiCarlo and Cox, 2007 for a review). Partial occlusion in 68 

stationary visual scenes can potentially be a problem (Tang et al., 2014), but object- 69 

recognition models can cope with it quite well (e.g. O’Reilly et al., 2013) by providing 70 

recurrent (top-down) signals in order to fill-in the missing information. The models 71 
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implement spatial-integration rules, taking advantage of the fact that the viewed parts of 72 

the objects maintain a fixed relationship in retinotopic coordinates.  73 

However, there are situations in which integration must be applied in the temporal domain. 74 

Anorthoscopic viewing paradigm provides such a case: Consider an object moving behind 75 

a narrow slit, with only a small part of its contour visible at any moment. In these 76 

conditions the translating object shape stimulates the same narrow retinal strip, thus, 77 

creating retinotopic conflict between visual inputs presented in succession. Yet, the shape 78 

is typically perceived as an integrated whole despite the lack of the extended, simultaneous 79 

retinal image (Parks, 1965; Anstis and Atkinson, 1967). This perceptual phenomenon 80 

cannot be explained by the existing spatial-integration models: if a simple spatial- 81 

integration policy is applied, it would produce a jumbled pattern instead of a coherent 82 

shape.  83 

 To create such a coherent percept, the successive views of the stimulus must be integrated 84 

over time, taking into account the direction and speed of the occluded shape to piece 85 

together correctly its fragments (slivers). Theoretical and behavioral studies suggest that 86 

the fragments must be conveyed into a non-retinotopic space (Öğmen and Herzog, 2016) 87 

so that their spatial order could be accurately recovered (based on the motion estimation) to 88 

allow a spatially-extended percept from retinotopically-limited and conflicting visual 89 

inputs (Rock, 1981; Morgan et al., 1982; Casko and Morgan, 1983; Shimojo and Richards, 90 

1986; Sohmiya and Sohmiya, 1994; Palmer at al., 2006; Rieger et al., 2007; Aydin et al., 91 

2008; Palmer and Kellman, 2014).   92 

 Only a few fMRI studies tried to assess the degree to which cortical areas are responsive 93 

to complex object shapes under similar slit-viewing conditions (Yin et al., 2002; Reichert 94 

et al., 2014). Slit-viewed drawings of familiar objects are perceived as a unified whole but 95 



- 4 - 
 

 - 4 -

when they are distorted, they are seen as fragmented lines (Yin et al., 2002). Interestingly, 96 

both human LOC and the motion sensitive complex (MT+) were more active when the 97 

whole object was perceived than when the emergent percept was of multiple fragmented 98 

lines. However, to our knowledge no study tried to assess the degree to which cortical 99 

areas can encode shape identity under such conditions, showing a preservation of shape- 100 

identity encoding across slit orientations.  101 

In the current fMRI study we presented 3D shapes moving behind a narrow slit that could 102 

be either vertical or horizontal.  Importantly, we used artificial, unfamiliar shapes to ensure 103 

that the integrated-shape information is not contaminated by whole-shape priors. Crucially, 104 

we applied advanced information-based pattern analysis and focused on shape 105 

representations which preserve their shape selectivity regardless of the slit orientation.  106 

We reasoned that since in such conditions there is almost no overlap between the views 107 

seen through the vertical and horizontal slit at any moment, such representations are likely 108 

to truly encode temporally-integrated whole-shapes.  We provide evidence that LOC 109 

carries the richest and most accurate shape-specific information which is tolerant to 110 

changes in slit orientation. 111 

Materials and methods 112 

Participants 113 

16 healthy volunteers (15 right-handed, mean age, 26.5 years; 4 females) participated in 114 

the fMRI study and completed all fMRI scans of our main experiment and behavioral tests. 115 

A subset of 11 volunteers (10 right-handed, mean age, 26.4 years; 2 females) participated 116 

also in a control fMRI experiment. The Helsinki Ethics Committee of Hadassah Hospital, 117 

Jerusalem, Israel approved the experimental procedure. Written informed consent was 118 

obtained from each participant prior to the procedure.  119 
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Stimuli and experimental setup 120 

Visual stimuli were presented on a MR-compatible LCD screen (NNL LCD Monitor, 121 

NordicNeuroLab, Bergen, Norway, resolution: 1920 × 1800; refresh rate: 60 Hz) placed 122 

behind the scanner bore. The screen was made visible to the participants via a tilted mirror, 123 

mounted on the head coil. 124 

Main fMRI experiment 125 

Participants: Sixteen participants completed the main experiment. 126 

Stimuli: The stimuli were abstract, parametrically defined 3D shapes with complex shape 127 

characteristics (Figure 1A) generated by a parametric shape model (“superformula”; 128 

Gielis, 2003). Two model parameters were varied to create a 2D parameter space. Nine 129 

combinations of the parameters (i.e. nine points in the space arranged in a cross-like 130 

pattern) were chosen to create nine different shapes. We then equated the shape images 131 

(without background) in terms of mean luminance and contrast.  132 

Experimental paradigm: We used an event-related fMRI paradigm. In slit-runs the slit 133 

orientation was either vertical or horizontal (Figure 1B-D).  The shapes were not shown 134 

before as a whole. In each trial participants viewed one of the shapes moving behind a 135 

narrow slit in a fixed speed (6.6 °/s), orthogonally to the slit orientation. The shape initially 136 

appeared in the slit after 0.083 s delay, moved across the slit for 0.783 s till its edges 137 

disappeared and then (after additional 0.15 s delay) reversed its direction, and completed 138 

the move across the slit in another 0.783 s. The initial direction of the shape motion was 139 

chosen randomly. The active phase of the trial lasted 1.8 s followed by 1.2 s of "empty 140 

slit". Participants were required to fixate a fixation point. To maintain attention to the 141 

stimuli and ensure shape perception, they were also asked to press a button whenever the 142 
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same shape appeared in two consecutive trials (a one-back recognition task).  The same 143 

shape was shown in 8.4% of such trials. 144 

The slit width was set to 0.47° of visual angle. The shapes subtended 4.7×4.7° of visual 145 

angle. Thus, only 1/10 of the shape contour was visible at any moment through the slit. The 146 

fixation point, a small red rectangle, was placed to the left/right of the vertical slit and on 147 

the top/ bottom of the horizontal slit so it would not interfere with the motion within the 148 

slit. A half of the participants fixated on the 'left' and 'top' fixation point in the vertical and 149 

horizontal runs, respectively while the rest fixated on the 'right' and 'bottom' fixation point, 150 

respectively. Each of the nine abstract shapes was presented 3 times, over the course of 151 

either vertical or horizontal run in a counter-balanced manner, using Optseq procedure. 152 

Thus, the total amount of trials in slit-runs comprised 3 repetitions × 9 shapes × 16 153 

runs=432 trials.  The trials (3 s) were pseudo-randomly embedded with fixation periods (an 154 

"empty slit" with a fixation point) ranging from 1 to 9 s. Each participant completed 8 155 

vertical- and 8 horizontal-slit runs. The runs were acquired in an interleaved order (vertical, 156 

horizontal, vertical, horizontal etc.). Each run was 115-119 s long (115-119 volumes) and 157 

ended with a 10-12 s fixation period.  158 

Only after all slit-runs were completed, subjects were presented for the first time with full 159 

images of the shapes and performed the same task. In each trial of a full-image run (Figure 160 

1E), a full-shape image was shown for 0.8 s followed by 1.2 s fixation period (a screen 161 

with a central small red rectangle). Each of the nine shapes was presented 4 times in each 162 

run. The total amount of trials in full-image runs comprised 4 repetitions × 9 shapes × 8 163 

runs=288 trials.  Eight full-image runs were completed in a counter-balanced manner. As 164 

above, the trials (2 s long) were pseudo-randomly embedded with fixation periods ranging 165 

from 1 to 10 s. Each run lasted 113-120 s (113-120 volumes) ending with a 10-12 s 166 

fixation period.  167 
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Eye tracking: Participants were required to maintain their gaze on a fixation point 168 

throughout the experiment. To ensure that fixation was maintained in the slit fMRI trials,  169 

the monocular eye position of 5 (out of 16) participants was tracked during 3-6 slit runs 170 

using a video-based, infrared illumination eye tracker (Eye Link1000; SR Research) with a 171 

sampling rate of 250 Hz. To determine fixation gaze stability we computed spatial 172 

dispersion of eye position (Di Russo et al., 2003) across the active phase of a slit trial 173 

(when the shapes were moving). Since visual motion can skew gaze position 174 

(Zimmermann et al., 2012) the dispersion may be larger in the axis of motion direction (i.e. 175 

in X for vertical-slit trials and Y for horizontal-slit trials). The dispersion was small 176 

relative to the slit width (0.47°) ranging across participants between 0.16° to 0.43° (mean 177 

0.26°) for the motion axis dimension and  between 0.11° to 0.35° (mean 0.26°) for 178 

orthogonal dimension. This indicates that fixation was relatively stable in both cases. A 2- 179 

way ANOVA on the dispersion values with two factors, slit orientation and dispersion 180 

dimension, confirmed that spatial dispersion of eye position didn't differ between the 181 

dimensions (F(1,4) = 0.21, p = 0.667 and F(1,4) = 0.002, p = 0.970, respectively). 182 

 Behavioral experiment 183 

Participants: Sixteen subjects who participated in the main fMRI experiment also 184 

performed the complementary behavioral experiment. 185 

Stimuli: The same shapes served as stimuli. 186 

Experimental paradigm: Before and after the fMRI scans, participants performed a 187 

similarity-rating task under slit-viewing conditions. In the 1st rating session (before fMRI 188 

scans) the participants had not seen the whole shapes yet. The experiment started with a 189 

very short familiarization phase in which each of the nine shapes were shown once 190 

(translating behind a vertical slit). All participants reported that they clearly perceive a 191 
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whole shape moving behind a slit. This ensured that they are able to perform the 192 

subsequent experiments (i.e. reliable similarity rating in the behavioral experiment and a 193 

one-back shape-recognition task in fMRI scans). Next, they were asked to rate shape 194 

similarity using a rating scale (1-7; 1- most dissimilar; 7- most similar).  Subjects were 195 

instructed to use the entire scale for their responses and to rate shape similarity taking into 196 

account the 3D shape structure.  In each trial, the two shapes were sequentially seen 197 

through a slit, and then participants reported their degree of similarity (by pressing a 198 

keyboard button). An example of such trial is shown schematically in Figure 2A. The 199 

shapes moved exactly as in the fMRI trials, for 1.8 s each, with interval of 1.4 s between 200 

them. Each trial ended after a response from the response button.  Vertical- and horizontal- 201 

slit trials were presented in two different blocks to prevent generalization of shape 202 

information across slits. Each of the 45 shape pairs (36 pairs comprising images of 203 

different shapes and 9 pairs with images of the same shape) was presented 6 times in a 204 

pseudorandom order across the blocks (3 times per block). All other trial details were the 205 

same as in the fMRI main experiment.  206 

In the 2nd rating session the participants had already seen the whole shapes in the course of 207 

the fMRI experiment. This time, to reinforce manifestation of global-shape percept the first 208 

shape in a pair was shown through a vertical slit while the second shape was presented 209 

behind a horizontal slit (and vice versa in other trial, Figure 2B). All other experimental 210 

details were the same as in the 1st rating session. Each session lasted ~35 min. 211 

Statistical analysis: First, we determined the reliability of the scores, i.e. the extent to 212 

which our rating procedure yielded the same result for each shape pair on repeated trials in 213 

the same participant and across participants. We calculated both individual and inter- 214 

subject reliability with a split-half method and a Spearman–Brown correction (as 215 

commonly accepted in psychometrics, Carmines & Zeller, 1979). Specifically, we split the 216 
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total number of pair-assessment trials to two halves, averaged the scores per each half, and 217 

correlated the resulting two vectors of scores (using Pearson correlation). We then applied 218 

Spearman-Brown formula [2 * r/(1 + r)] to yield the reliability estimate for the full set of 219 

trials (we performed the split 100 times to get a good estimate of reliability). The obtained 220 

reliability coefficients were further averaged across participants. To estimate the inter- 221 

subject reliability, we split the total group of subjects in two halves, and then proceeded as 222 

above. The within- and across-subject reliability was 0.94 and 0.98, respectively, 223 

indicating the high overall consistency of the similarity rating scores [reliability estimates 224 

vary within the range between 0 and 1]. 225 

In further analysis, the similarity-rating scores were averaged across trials per shape-pair 226 

for each session in each participant. We normalized them to values between [0-1] and 227 

converted these values to perceived-shape dissimilarity estimates (by subtracting the 228 

resulting values from 1). Each session's estimates for 36 pairs (comprising images of 229 

different shapes) were used, resulting in two dissimilarity vectors.  Next, we assessed the 230 

degree of perceptual distance correspondence between the sessions (before and after seeing 231 

the full images) by calculating the Pearson correlation between the two dissimilarity 232 

vectors in each participant. The resulting r values (one per subject) were Fisher z- 233 

transformed to allow averaging across subjects. We then calculated the mean and standard 234 

error, and determined the lower and upper bounds of the 95% confidence interval. The 235 

mean and the bounds were transformed back into correlations (which are reported).  236 

Furthermore, to assess the degree of perceptual distance correspondence within the group 237 

we calculated the correlation between the dissimilarity vectors (pooled across the two 238 

behavioral sessions) across participants resulting in the group mean and its confidence 239 

intervals. We also computed a pixel-wise Euclidean distance measure of shape similarity 240 

(Grill-Spector et al., 1999). Perceptual distances between the shapes assessed by the 241 
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similarity-rating task were tested for their correspondence to the pixel-wise physical 242 

distances, in each individual.  243 

Control fMRI experiment 244 

Participants: A subset of our participants (N=11) completed also an auxiliary control 245 

fMRI experiment. 246 

Stimuli: The rationale behind this experiment was to assure that shape recognition was not 247 

based on a distinct feature allowing for shape recognition without a need for a temporal 248 

integration process. To test this explicitly, we presented the same set of slit-dependent 249 

shape-views in a random temporal order, thereby eliminating the possibility of temporal 250 

shape integration but preserving all features within a given frame. The same shapes served 251 

as stimuli at the same rate and during the same trial periods. 252 

Experimental paradigm: The experiment included vertical and horizontal slit conditions 253 

only. However, the shape views (slivers) were now presented in a shuffled order thereby 254 

eliminating the percept of both global shape and coherent motion (Morgan et al., 1982). 255 

The exact shuffle order was varied from trial to trial.  To maintain attention to the stimuli 256 

and their shape features, participants performed a one-back recognition task:  they were 257 

asked to press a button whenever the same set of shape views appeared in two consecutive 258 

trials. Each participant completed 8 vertical- and 8 horizontal-slit runs with the same 259 

parameters as above. The task was perceptually difficult but it was performed well above 260 

chance [group-mean d' (SD) = 1.0 (0.6)].  261 

Auxiliary localizer scans 262 

LOC localizer: All participants completed the LOC localizer scan. Grayscale images of 263 

real objects/abstract shapes and phase-scrambled versions of these images (while 264 
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preserving the original power spectra of the images) were presented in a block-design 265 

fashion. The localizer scan was composed of four conditions (objects, abstract shapes, 266 

phase-scrambled objects and phase-scrambled abstract shapes), with 11 blocks for each 267 

condition. Each block lasted 8 s and was comprised of 10 images (0.7 s per image with a 268 

0.1 s interval of gray screen with a fixation point). The images were selected out of a pool 269 

of 45 photographs for each category (real objects and abstract shapes), and were presented 270 

centrally, spanning 9×9°. Participants were instructed to fixate on a central fixation point, 271 

and to press a button whenever the same image appeared twice consecutively. This 272 

occurred on average once per block. 273 

Early visual cortex mapping: We defined the early visual areas in all participants using 274 

two polar angle mapping scans (Sereno et al., 1995; Engel et al., 1997). The polar angle 275 

stimuli consisted of a clockwise or counter-clockwise rotating wedge composed of 276 

monochromatic checkerboard patterns with counter-phasing flicker frequency of 7.5 Hz. 277 

The radial size of the pattern segments was adjusted to approximate the cortical 278 

magnification factor (Sereno et al., 1995). Each wedge covered 45° of arc, and extended 279 

from the fixation point to 8.5° into the visual periphery. Each scan, either clockwise or 280 

counter-clockwise, comprised of 6 cycles of the rotating wedge of 24 s duration. 281 

Participants were instructed to fixate on a central fixation point. To ensure fixation was 282 

maintained throughout the run, the color of the fixation point changed for 0.1 s 9 times per 283 

scan, and participants were asked to indicate the change with a button press.  284 

Visual motion localizer: All participants completed the MT+ localizer scan (Huk et al., 285 

2002). Participants were presented with a dot pattern that was either moving at 8°/s 286 

[alternating direction radially inward and outward from fixation once per second (10 s)] or 287 

stationary (10 s). The task was to fixate on a central fixation point and covertly count the 288 

number of fixation point blinks (presented 25 times throughout the scan). During a motion 289 
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block, 1200 white dots on a black background were presented within a 16°×16° aperture, 290 

centered at the fixation point. Each dot appeared for 0.1 s and was then replaced by another 291 

dot at a randomly selected position. The moving/stationary pair of blocks was repeated 12 292 

times. 293 

Body/face localizer :  A subset of our participants (N=11) completed also the body/face 294 

localizer scan. This included three experimental conditions (headless bodies, faces and 295 

everyday objects), with 9 blocks for each condition. Each block lasted 10 s and was 296 

comprised of 12 images (0.7 s per image with a 0.13 s interval). The three conditions were 297 

counterbalanced and interleaved with ’baseline’ blocks, including a fixation point only. 298 

The images were selected out of a pool of 58 photographs for each category, and were 299 

presented centrally, spanning 9×9°. Participants performed the same one-back task as 300 

above.  301 

MRI data acquisition and processing 302 

The blood oxygenation level-dependent (BOLD) fMRI measurements were acquired using 303 

a 3 Tesla Magnetom Skyra Siemens scanner, and a 32 channel head coil. The fMRI 304 

protocols were based on a multiband echo-planar imaging sequence with the following 305 

parameters: TR=1 s, TE=30 ms, flip angle=62°, acquisition matrix=64×64, FOV=192×192 306 

mm, multiband factor= 3. 42 slices with 3 mm slice thickness (with no gap) were oriented 307 

in an oblique position covering the whole brain, with functional voxels of 3 × 3 × 3 mm. In 308 

addition, high-resolution T1-weighted magnetization-prepared rapid acquisition gradient- 309 

echo images were acquired (1 × 1 × 1 mm resolution). 310 

MRI data were processed using BrainVoyager QX software (Version 2.8 Brain Innovation, 311 

Maastricht, The Netherlands). Subsequent analyses were performed using Matlab (version 312 

7.11, The Mathworks Inc, Natick, MA). Head motion correction and high-pass temporal 313 
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filtering in the frequency domain (2 cycles/total scan time) were applied. The slice-based 314 

functional images were co-registered with the high-resolution 3D anatomical image. The 315 

complete functional data sets were then re-sampled into a standard 3D space (Talairach and 316 

Tournoux, 1988) with 3 mm isotropic resolution. All functional data were analyzed with 317 

no spatial smoothing. The cortical surface of each participant was reconstructed from the 318 

high-resolution T1-weighted scan, which was transformed into the standard brain template. 319 

To assess BOLD responses we applied a conventional general linear model (GLM).  320 

Repressors were obtained by convolving stimulus presentation with a double-gamma 321 

hemodynamic response function. 322 

Selection of regions of interest (ROIs) 323 

Standard ROI set: Eleven bilateral ROIs were defined for each of the 16 participants. 324 

These were volume-based ROIs with 3 mm isotropic voxels' resolution restricted to the 325 

gray matter. Figure 3 shows the ROIs of one representative participant. Six visual 326 

retinotopic areas, i.e. V1, V2, V3, V3ab, V4 and LO-1, were identified based on 327 

retinotopic mapping. Using a phase encoding approach (Sereno et al., 1995; Engel et al., 328 

1997) we constructed individual polar maps and overlaid them on inflated cortical surfaces 329 

(as implemented by BrainVoyager QX software). The retinotopic borders were manually 330 

delineated (Wandell et al., 2007) in each hemisphere.  The volume-based ROIs for V1, V2, 331 

V3, V3ab, hV4, and LO-1 in both hemispheres were then extracted comprising 394 (95) 332 

[group-mean (SD)], 309 (90), 250 (46), 241 (65), 97 (29) and 93 (43) voxels, respectively. 333 

MT+ was defined based on its greater BOLD response to moving dots compared to 334 

stationary dots.  A false discovery rate (FDR) criterion was applied to correct for multiple 335 

comparisons. MT+ comprised significant contiguous voxels [q(FDR)<0.05] located in the 336 

posterior inferior temporal sulcus (Huk et al., 2002). The group-mean ROI size for MT+ 337 

was 164 (47) voxels across both hemispheres. 338 
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Object-selective regions were identified using our LOC localizer (Malach et al., 1995). To 339 

better separate between LOC and object-selective foci in the dorsal visual pathway (as well 340 

as between different LOC subparts) we first created three bilateral anatomical masks 341 

(matching the standard anatomical boundaries for these regions, Grill-Spector et al., 1998; 342 

Golarai et al., 2007; Vinberg and Grill-Spector, 2008; Julian et al., 2012). The masks 343 

included: 1) lateral occipital cortex 2) the posterior and mid-fusiform gyrus and 3) the 344 

caudal part of the intraparietal sulcus (cIPS). They did not include retinotopic cortex and 345 

MT+.   LOC was identified within the lateral occipital cortex and the fusiform gyrus in 346 

both hemispheres (i.e. within both 1st and 2nd anatomical masks) using the standard 347 

contrast: intact images > their scrambled counterparts; with [q(FDR)<0.05] (Grill-Spector 348 

et al., 1999). To avoid issues related to the variability of LOC sizes across participants, we 349 

limited the number of voxels in the LOC ROIs: we sorted the voxels according to their t- 350 

values (in the standard LOC contrast) and picked the 350 voxels with highest values (if an 351 

individual LOC comprised less than 350 voxels, all these voxels were taken for the 352 

analysis). This number was chosen conservatively, based on LOC sizes (in mm3) 353 

previously reported in the literature (Golarai et al., 2007; Vinberg and Grill-Spector, 2008; 354 

Julian et al., 2012). LOC voxels were selected based on their t-values, regardless of their 355 

contiguity (as long as they were within the standard anatomical boundaries). Still, in most 356 

cases they were contiguous.  357 

 In addition, using the same contrast (intact images > scrambled images) we identified two 358 

LOC sub-regions: the lateral occipital (LO) and posterior fusiform (pFs) regions (Grill- 359 

Spector et al., 1998; Vinberg and Grill-Spector, 2008).  For each participant, we first 360 

selected significant voxels (q(FDR)<0.05) located within the corresponding anatomical 361 

mask (either 1st or 2nd ). Then, the number of voxels was limited to the 200 or 150 most 362 

responsive voxels in LO or pFs, respectively (taking into account their reported sizes, 363 
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Vinberg and Grill-Spector, 2008). Finally, object-selective regions in the dorsal visual 364 

pathway were also identified (using the 3rd mask), and included cIPS (and, sometimes, 365 

adjacent transverse occipital sulcus, Grill-Spector et al., 1998; 2000).  366 

Furthermore, since LOC overlaps with category-specific visual regions (Downing et al., 367 

2007), we defined a set of additional bilateral ROIs in 11 of the 16 participants (using our 368 

body/face localizer). These included extrastriate body area (EBA) and fusiform body area 369 

(FBA, Downing et al., 2001), as well as fusiform face area (FFA) and occipital face area 370 

(OFA, Kanwisher et al., 1997).  EBA and FBA were identified as lateral and ventral 371 

occipital regions, respectively, that were activated more strongly to images of human 372 

bodies than to objects (q(FDR)<0.05). FFA and OFA were defined in their standard 373 

anatomical locations based on their greater BOLD response to faces compared to objects 374 

(q(FDR)<0.05; OFA was identified in 10 participants).  Voxels overlapping with the 375 

previously delineated retinotopic cortex and MT+ were excluded. The group-mean size for 376 

the initially defined EBA, FBA, FFA and OFA was 192 (31), 48 (30), 79 (30) and 51 (25) 377 

voxels, respectively. Then, six new ROIs were constructed. First, in each participant, we 378 

labeled all mutual voxels between the LOC ROI and each body/face ROI. These voxels 379 

(comprising on average 29% from the total LOC volume) were grouped into "shared LOC" 380 

ROI. The rest of LOC voxels represented "non-shared LOC" ROI. EBA, FBA, FFA and 381 

OFA ROIs were eventually restricted to the voxels that don’t overlap with LOC. 382 

 Fixed-size ROI set: equalizing the number of voxels in each ROI: Since ROI size can 383 

affect the results of multivariate pattern analysis in the ROIs (Schreiber and Krekelberg, 384 

2013; Walther et al., 2015), our fixed-size ROI set was created such that all areas will 385 

have an equal number of voxels. As above, we applied activation-based voxels' ranking. 386 

But this time, we chose voxels that responded best to all slit-viewed shapes irrespective of 387 

slit orientation. Before the procedure, V4 and LO-1 were combined (due to their small 388 
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sizes in some participants). V2 and V3 voxels were also pooled into one ROI. Thus, the 389 

new set comprised nine ROIs in each of our 16 participants:  V1, V2&V3, V3ab, V4&LO- 390 

1, MT+, cIPS, LOC, LO and pFs.  The ranking procedure was applied iteratively.  In each 391 

iteration ROIs' data from one vertical- and one horizontal-slit run were jointly taken. Then, 392 

a single t-value for each voxel was calculated in the contrast testing all shape-conditions 393 

against all rest periods (irrespective of a slit orientation). Next, we sorted the voxels 394 

according to their t-values and took the 100 most active voxels that responded best to all 395 

slit-viewed shapes (a few individual ROIs comprised less than 100 voxels, all these voxels 396 

were taken for the analysis). The remaining data were used for MVPA. The procedure was 397 

repeated eight times (according to the number of slit-runs):  i.e. 1st vertical and 1st 398 

horizontal run were taken for voxel selection in the 1st iteration, etc. Thus, in each iteration 399 

an independent data set was used for voxel selection. Importantly, MVPA and feature 400 

selection were always performed on different datasets, to exclude issues of circular 401 

inference. The MVPA results were averaged across the iterations.  402 

Note, that in a subset of our participants (N=11) six additional ROIs had been defined (i.e. 403 

"shared LOC", "non-shared LOC", EBA, FBA, FFA and OFA). Now, the EBA, FBA, FFA 404 

and OFA ROIs were pooled into one body/face ROI (due to their small sizes in some 405 

participants). Using the above voxels' ranking procedure, "shared LOC", "non-shared 406 

LOC" ROIs, as well as combined Body/Face ROI were similarly limited to 100 voxels that 407 

responded best to all slit-viewed shapes (irrespective of slit orientation). Thus, the new set 408 

comprised twelve ROIs in these participants. 409 

ROI-based multivoxel pattern analysis (MVPA)  410 

We used support vector machine classification (SVM, based on LIBSVM, Chang and Lin, 411 

2011) and a complementary correlation analysis (Haxby et al., 2001) for MVPA. Although 412 
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these methods probe somewhat different aspects of the brain activation patterns we 413 

expected their results to largely correspond to each other (Walther et al., 2015). 414 

 Cross-validation scheme: We applied a cross-validation approach to assess the degree to 415 

which the voxel patterns of activation convey shape information in the various slit 416 

conditions. To that end, we first partitioned our data. In the main ROI analysis (for the 417 

standard ROI set) all collected data samples were used for MVPA (comprising 3 viewing 418 

conditions × 8 runs=24 runs in total). For classification analysis, each viewing-condition 419 

data was split into 2 unequal non-overlapping subsets comprised of six and two runs. The 420 

data from six runs was used to train a SVM model. The remaining data from the other two 421 

runs was used to test the SVM performance. The splitting process was performed multiple 422 

times to reduce the variance of the performance (using all possible permutations of a split 423 

of the 8 runs into the two subsamples, N=28). 424 

 In the correlation analysis, we divided the data using the classical split-half approach 425 

(Haxby et al., 2001; Chan et al., 2010) and the unequal-split approach as in our SVM 426 

analysis (see also Walther et al., 2015). Both split-schemes gave similar correlation-based 427 

decoding results. We used here the unequal split to be consistent with the classification 428 

analysis, so that the variance of both SVM and correlation results could be similarly 429 

attenuated by cross-validation (due to the same cross-validation scheme). The raw data 430 

from runs within each subgroup (of 6 and 2 runs) was then z-transformed and 431 

concatenated.  432 

In our equal-size ROI analysis we divided the row data using two iteration loops. In the 433 

"outer" loop one vertical- and one horizontal-slit run was chosen for voxel selection (and 434 

therefore was excluded from MVPA). This was done iteratively using the 8 possible 435 

choices of the one run (e.g. 1st vertical and 1st horizontal run were chosen in the 1st iteration 436 
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etc., as explained previously). The remaining seven runs were further divided to two 437 

subgroups for MVPA using the "inner" loop. In classification analysis, five runs were used 438 

for training the SVM model while the two other runs were used for cross-validation 439 

testing. In the correlation analysis, the raw data from runs within each subgroup (a block of 440 

5 or 2 runs) was z-transformed and concatenated. The inner-loop cross-validation 441 

procedure was repeated 21 times (thus including all possible partitions of 7 runs into 442 

subgroups of 5 and 2 runs).  443 

Shape discrimination analysis: We had nine predictors (i.e. one per each shape image) to 444 

fit the data in each voxel. In the classification analysis this was done separately for each 445 

run. In the correlation analysis the predictors were computed per run block [consisting of 446 

either 6 or 2 runs in the main ROI analysis (using the standard ROI set) or either 5 or 2 447 

runs in the equal-size ROI analysis (using the fixed-size ROI set)]. We then applied a 448 

standard GLM to estimate the BOLD response per each shape in each separate run (in the 449 

classification analysis) or subgroup (in the correlation analysis). Before analyzing the 450 

resulting patterns of regression coefficients, we used a de-noising procedure designed to 451 

account for the noise in the patterns of activation. This was done because noise 452 

normalization enhances the reliability of both pattern classification and the estimates of 453 

dissimilarity between the activation patterns (Walther et al., 2015). The noise structure in 454 

each voxel within a ROI was assessed from the residual error of the GLM. We then 455 

normalized each voxel's regression coefficient by the standard deviation of its residual, 456 

thus suppressing the contribution of noisy voxels which can have high (either positive or 457 

negative) regression coefficients due to high noise (Misaki et al., 2010). In addition, we 458 

accounted for the noise covariance between the voxels in each ROI (see Walther et al., 459 

2015 for further details).  460 
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To perform pattern classification the regression coefficients were normalized (by 461 

subtracting from each coefficient the population mean and dividing by the population 462 

standard deviation). The SVM model used a linear kernel function and one-versus-rest 463 

(OVR) multi-class classification scheme (Reddy et al., 2010).  SVMs were iteratively 464 

trained (based on the above cross-validation scheme) to distinguish between the shapes in 465 

one viewing condition (e.g. vertical-slit) and its generalization performance was tested in 466 

the other two conditions (horizontal-slit or full-image runs, and vise versa). In total there 467 

were six combinations of viewing conditions. Classification performance across slits (two 468 

combinations) and across slit- and full-image viewing (four combinations) was averaged 469 

across the relevant combinations. Shape classification was also tested in full-image runs (to 470 

get a benchmark for performance) with generalization performance assessed across 471 

different runs.  472 

Consequently, three 9 × 9 confusion matrices were calculated by assessing the proportion 473 

of trials of each predicted shape (by the classifier) for each input shape: each row in the 474 

matrices represents a specific shape that was shown and each column represents a 475 

predicted shape. Thus each entry in the matrix P(i,j) is simply the proportion of cases in 476 

which the classifier classified shape (i) as being shape (j). Correct classification accuracy is 477 

represented by the diagonal elements P(i,i) and was averaged to receive a mean value 478 

across all shapes. The accuracy was further averaged across the cross-validation iterations 479 

in each individual ROI. Chance level decoding is 1/9 = 11%. The original confusion 480 

matrices were used for further analysis (see next section). 481 

In the correlation analysis, the response vectors per image were first extracted per iteration 482 

for each run subset, and normalized (by subtracting the voxel’s mean activation level 483 

across shape-image conditions).  In total, 18 response vectors (9 shapes × 2 subsets of the 484 

data) were extracted for each viewing condition (i.e. for vertical-slit, horizontal-slit and 485 
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full-image viewing).  Next, for each pair of images, we calculated the Pearson correlation 486 

between their response patterns from different viewing conditions. That is, response vectors 487 

from the subset#1 (in one viewing condition) were cross-correlated with the response 488 

vectors from the subset#2 (in another viewing condition) resulting in six versions of  9 x 9 489 

correlation matrix. Correlation values were Fisher's z-transformed.  The 2 across-slit 490 

correlation matrices and 4 slit- vs. full-viewing matrices were averaged.  The benchmark 491 

correlation matrix was also calculated for the response-vector pairs in the full-viewing 492 

condition, across independent subsets of these vectors.  Thus, the end result was three 9 × 9 493 

correlation matrices: two of them measure the degree of similarity of the response vectors 494 

across different viewing conditions and one across different runs in the same full-viewing 495 

condition. To assess the degree of shape discrimination we subtracted the mean off- 496 

diagonal scores (i.e. correlations between different-shape patterns) from the mean diagonal 497 

scores (i.e. correlations between same-shape patterns). The resulting excess correlation 498 

was averaged across the iterations in each ROI to obtain a shape discrimination score per 499 

participant. The original correlation matrices were used for further analysis (see next 500 

section). 501 

Shape-related representational similarity analysis: To assess the degree of 502 

correspondence between the similarity of the evoked brain responses to a pair of images 503 

and their perceptual resemblance (as reflected by their similarity rating score), we used the 504 

representational similarity analysis (RSA). Perceptual distances between each two shapes 505 

(i.e. dissimilarity measures) were estimated in two separate behavioral sessions, performed 506 

before and after scanning (as explained in "Behavioral experiment" section). The resulting 507 

estimates were highly correlated across the sessions (see Results). Therefore, the distances 508 

were pooled across the two sessions for each participant. Similarly, the distances were 509 
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highly correlated across participants (see Results), so we decided to use their group-mean 510 

average for the RSA.  511 

To assess the degree of dissimilarity between brain activation-patterns for each pair of 512 

shapes, the off-diagonal correlation scores in the correlation matrices (from the above 513 

discrimination analysis) were converted into dissimilarity measures. The dissimilarity 514 

(distance) was calculated as 1- Pearson’s r, yielding the representational dissimilarity 515 

matrix (RDM) (Kriegeskorte et al., 2008; Nili et al., 2014). Misclassifications (off-diagonal 516 

scores) in the classification matrices also provide information about the distance between 517 

patterns corresponding to different shapes (Haxby et al., 2014; Walther et al., 2015). We 518 

normalized the resulting values in the matrix (by dividing each entry by the maximum 519 

value in the matrix) and subtracted the resulting values from 1 (to get a pattern 520 

dissimilarity measure). Since our distance measures are derived after multivariate noise 521 

normalization and cross-validated they are (relatively) independent of the patterns' noise, 522 

and therefore reflect the true distances between the patterns (Walther et al., 2015).  523 

Finally, we computed the Pearson correlation between the shape perceptual distances and 524 

response patterns' RDMs (Ejaz et al., 2015) per ROI. We then squared the resulting 525 

correlation coefficient to assess the proportion of variance in the RDMs (R2), which can be 526 

accounted for by the perceived-shape dissimilarity.  527 

Whole-brain searchlight MVPA  528 

We applied a volume-based searchlight analysis (Kriegeskorte et al. 2006). For each 529 

participant, we iteratively searched through the brain (using a cubic search window 530 

comprising 125 voxels; 5 × 5 × 5; 15 × 15 × 15 mm3, respectively) for a multivoxel pattern 531 

that carries slit-invariant shape-related information. On each iteration the window was 532 

centered on a new Talairach voxel and we performed cross-validated classification analysis 533 
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in the exact same way as for the standard ROI set. A classifier was trained to discriminate 534 

between shapes under one slit orientation and its generalization performance was tested 535 

under the other orientation. We calculated classification performance per cluster (centered 536 

on a specific Talairach voxel), extracted the cluster's activation-pattern RDM and assessed 537 

the proportion of variance in that RDM accounted for by the perceived-shape dissimilarity.  538 

Experimental design and statistical analysis  539 

All experiments were planned as within-subjects designs. Statistical analyses of shape 540 

perceptual-similarity judgments and fMRI-based estimates of shape information were 541 

performed on datasets from 16 human participants (4 females). Statistical analysis of 542 

behavioral data is detailed in "Behavioral experiment" section. 543 

ROI-based statistical analysis of shape information: Statistical analysis was applied to the 544 

shape discrimination scores [i.e. classification accuracy (%) and excess correlation] and R2 545 

(i.e. the explained variance in the classification-based and correlation-based RDMs). In 546 

each ROI, for each generalization rule (e.g. across slit orientation), we determined whether 547 

the accuracy (across participants) was significantly greater than chance level using one- 548 

sample (two-tailed) t tests. The same approach was used to check if excess correlation and 549 

R2 were significantly greater than zero. To differentiate between the various regions of 550 

interest (i.e. those showing view-invariant shape information, vs. those that do not have 551 

this capability) we applied a two-way repeated-measures ANOVA: The factors were ROI 552 

identity and the generalization capability. The generalization factor was a three-level 553 

factor that reflects the type of generalization (i.e. 1: across slit orientation, 2: across slit- 554 

and full-viewing and 3: across different full-viewing runs, see inset in Figure 4). The 555 

number of levels in the ROI identity factor was equal to the total number of ROIs (in either 556 

the standard or fixed-size ROI set), excluding LO and pFs (since the majority of LO and 557 
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pFs voxels are contained within LOC ROI). Having found a significant interaction term 558 

using this analysis, we continued with a subsequent analysis of simple main effects using 559 

one-way ANOVA, separately in each ROI.  We also used post-hoc paired (two-tailed) t 560 

tests, between ROIs, to test if the shape information estimate (e.g. classification accuracy) 561 

was different between ROIs. Statistics were performed based on all participants in the 562 

study. 563 

In the control fMRI experiment, we tested if slit-invariant shape discrimination and R2 564 

change when the same set of slit-dependent shape-views (slivers) are presented in a 565 

shuffled temporal order. A repeated-measures ANOVA with two factors, ROI identity 566 

(levels indicating different ROIs) and temporal order (two levels, indicating the correct or 567 

random temporal order) was run, followed up with post hoc t tests. Statistics were 568 

performed based on a subset of our participants (N=11). 569 

 The simple-main-effects and t-test statistics were corrected for multiple comparisons using 570 

Šidák correction. In addition, to corroborate the robustness of the perceptual-neural 571 

correspondence estimate (R2) we ran a permutation analysis. To that end, the values within 572 

each previously calculated confusion matrix were permuted across the matrix space, for 573 

each ROI in each participant. This procedure was repeated 2000 times, and the same RSA 574 

analysis as described in the previous paragraph had been repeated, resulting in a chance 575 

distribution of the group-mean R2 in each ROI. Given these chance distributions, we 576 

assessed the significance of the estimates. The obtained values were very close to the 577 

values from the parametric tests. We therefore reported the results of the parametric tests 578 

alone. 579 

 Whole-brain statistical analysis: Statistical analysis was applied to cross-slit classification 580 

accuracy (%) per searchlight cluster and the explained variance in the cluster's 581 

classification-based RDM (R2). Cluster-wise one-sample two-tailed t-tests were used to 582 
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identify search windows showing significant values of the estimates across 16 participants.  583 

The resulting t-value statistical maps were corrected for multiple comparisons 584 

[q(FDR)<0.001]. For comparison, we present the location of the most significant clusters 585 

in the searchlight analysis and the location of the most significant ROI showing the 586 

greatest cross-slit shape sensitivity (LOC, Figure 10). To that end, we calculated the group 587 

probability map for LOC voxels. For this purpose, all individual LOC ROIs (from the 588 

standard ROI set) were combined into one ROI. The probability of each Talairach voxel 589 

was assessed by counting the proportion of individuals in which that specific voxel was 590 

included in the individual-based ROI. 591 

Results 592 

We used nine novel artificial 3D shapes (which were not seen previously), to maximize the 593 

need for temporal shape integration to recognize the image (Figure 1A). In each fMRI 594 

trial, 16 participants viewed one of the shapes moving behind a narrow slit so that only one 595 

tenth of its contour was visible at any instant. As Figure 1B demonstrates, these individual 596 

views of the shape fragments were poor indicators of the overall shape when seen alone. 597 

But the participants recognized the overall shapes using temporal integration exceedingly 598 

well. To assure that they paid attention to the overall shape during the scan, they performed 599 

a one-back shape-matching task [group-mean d' (SD) = 2.8 (0.7)], pressing a button 600 

whenever the same whole shape appeared in two consecutive trials. After all slit-runs were 601 

acquired (Figure 1C-D), full images of the shapes were shown in separate runs (in the 602 

context of the same task, Figure 1E). 603 

A subset of our participants (N=11) completed additional (control) slit-runs, in which the 604 

slit-limited slivers were presented in a shuffled order, thereby eliminating the possibility of 605 

temporal integration for shape recovery. The rationale for this auxiliary experiment was to 606 
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rule out the possibility that encoding of shape information was based on specific features 607 

(e.g. cues) which may have been present in the individual slit-seen slivers. All participants 608 

reported that they perceived a (static) mixture of vertical or horizontal shape fragments 609 

presented in a jumbled sequence, and failed to see a whole shape.     610 

Behavioral experiment: Slit-viewed shape perception before and after full-shape 611 

exposure 612 

How accurate are the shape percepts established under slit-viewing? If they truly represent 613 

the whole, integrated shape, the perceptual distances between the shapes should not 614 

substantially change after full-shape exposure. To test this hypothesis we measured 615 

perceptual shape similarity twice, before and after full-shape presentation during the course 616 

of full-image fMRI scans. In the 1st behavioral session (that preceded all fMRI scans 617 

including the full-image scans) the same 16 participants saw pairs of sequentially presented 618 

shapes through either vertical or horizontal slit (in two different blocks), and reported their 619 

degree of similarity using a rating scale (1-7, Figure 2A). Figure 2C represents the 620 

resulting group-mean shape dissimilarity (obtained by averaging of rating scores per 621 

shape-pair across blocks and participants, normalizing them to values between [0-1] and 622 

subtracting the resulting values from 1). When the participants were tested for the 2nd time, 623 

they had already seen full-shape images during the course of full-image fMRI scans. In this 624 

case, to reinforce manifestation of global-shape percept, the first shape in each pair was 625 

presented through a vertical-slit while the second one moved behind a horizontal slit (and 626 

vice versa, Figure 2B). Corresponding group-mean shape dissimilarity matrix is shown in 627 

Figure 2D.  628 

Perceptual shape dissimilarities acquired in the two sessions were highly correlated 629 

between the sessions in each individual [group-mean Pearson’s r = 0.868 (95% confidence 630 
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interval, 0.842 – 0.890)]. This indicates that full-shape exposure did not add a lot: the 631 

percept of the whole shape in slit-viewing conditions was robust even before the observers 632 

saw the full-shape images. Furthermore, the judged perceptual distances between the 633 

shapes (pooled across the tests) were also highly correlated across participants [group- 634 

mean Pearson’s r = 0.820 (0.799 – 0.839)]. This across-subject agreement indicates that 635 

the structure of shape perceptual space exhibits a common configuration across 636 

individuals. 637 

It is possible that the participants might have performed the similarity-rating task (and the 638 

one-back shape recognition task in fMRI scans) without shape integration. Yet, we believe 639 

that this possibility is unlikely. First, all our subjects reported that they can see the whole 640 

shape in the initial familiarization trials preceding all our experiments (see Methods). Also, 641 

the fact that the cross-slit similarity judgments (Figure 2B,D) was very similar to the 642 

similarity judgments in the fixed-slit configuration (Figure 2A,C) provides further 643 

evidence that the participants were assessing global shape (resulted from temporal 644 

integration) rather than a local 2D spatial feature match. Finally, we computed a pixel-wise 645 

Euclidean distance measure of shape similarity (see Methods). This distance estimate 646 

indicates how the shapes are similar to each other physically (i.e. in their spatially- 647 

extended retinal images) when the layout of the shape parts is available simultaneously. 648 

Perceptual distances between the shapes assessed during slit-viewing were highly 649 

correlated with the pixel-wise physical distances, in each individual [group-mean 650 

Pearson’s r =0.773 (0.735 – 0.806)]. It seems unlikely that the correlation would be 651 

significant if the observers rated the shapes on the basis of specific slit-dependent shape 652 

features, without having a percept of the whole, spatially-extended shape.  653 

ROI-based MVPA 654 
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Our main goal was to identify brain regions that encode temporally-integrated shape 655 

identities. For that purpose, we studied the multi-voxel patterns of fMRI activity evoked by 656 

the shapes under slit- and full-image viewing in three groups of ROIs (Figure 3): Early 657 

visual cortex (V1, V2 and V3), dorsal stream areas (V3ab, MT+ and object-selective cIPS) 658 

and ventral stream areas (V4, LO-1, and object-selective LOC). In addition, we isolated 659 

two functionally distinct sub-regions within LOC: a posterior lateral sub-region (area LO) 660 

and a more ventral (and anterior) sub-region (pFs), and defined them separately (Grill- 661 

Spector et al., 1999; Op de Beeck et al., 2008; Vernon et al., 2016).   662 

We hypothesized that if a certain ROI represents the integrated shape percept, it should 663 

carry information about the shape irrespective of slit-orientation. Furthermore, if 664 

temporally-integrated and conventional shape representations converge on the same neural 665 

network, the ROI should also generalize shape-specific information across slit- and full- 666 

image viewing.  To test our hypothesis we trained a classifier to distinguish between the 667 

activation patterns in one viewing condition (e.g. vertical-slit) and tested its generalization 668 

performance in the other conditions (horizontal-slit or full-image runs, and vise versa, see 669 

Methods and Figure 4, Top panels). For comparison, shape classification was also tested 670 

across different full-image runs.  671 

Since subjects kept a stable fixation during the experiment (see Methods for details about 672 

eye tracking), each shape stimulated the same narrow strip of the retina over time, either 673 

vertical or horizontal. The slit width was set to be equal to one tenth of the shape image. 674 

Thus, at any time point only 10% of the image was common to both the slit condition and 675 

full-viewing condition. In fact, strictly speaking, the same retinal image was available only 676 

at one time point (per motion direction, when the central 10% of shape was visible through 677 

the slit). Vertical- and horizontal-slit runs could share only 1% of the retinal images 678 

(without taking into account the retinal magnification factor), while training and testing 679 
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across different full-image runs meant that the full retinal image was available (see inserts 680 

in Figure 4, Middle panels). This gives a rough proxy estimate to how much information 681 

about the shape may be generalized across these conditions due to shared retinal image, 682 

without any shape integration over time.  683 

Figure 4 (Bottom panels) shows the group-mean confusion matrices for shape decoding 684 

across viewing conditions in V1 and LOC. Values along the main diagonal indicate correct 685 

classifications while the off-diagonal values indicate misclassifications by the decoder. Not 686 

surprisingly, both V1 and LOC represented the shapes well above chance when full-shape 687 

images were presented (Figure 4C). In this case, the whole shape was mapped onto the 688 

retina, and this spatially extended retinal image was the same in both training and testing 689 

trials (i.e. 100% of the shape image was shared). In contrast, only LOC showed above- 690 

chance generalization performance across slit orientation (Figure 4A). The tiny degree of 691 

joint retinal-image information in this case (1%) is certainly not enough to decode shapes 692 

across slits. Clearly, only a slit-invariant representation of the integrated shape can support 693 

this generalization. Similarly, LOC, but not V1, showed robust generalization across 694 

presentation mode (slit vs. full-viewing; Figure 4B). This suggests that the temporally- 695 

integrated and conventional shape representations have much in common and may share 696 

the same neural substrate. 697 

Discrimination analysis: Decoding of temporally integrated shape in visual cortex 698 

Next, we extended our discrimination analysis to include all of our predefined ROIs. For 699 

each ROI, we first applied the same classification methods as described above to calculate 700 

the shape decoding confusion matrix. We then assessed classification performance by 701 

calculating the correct classification score (the mean diagonal score in the confusion 702 

matrix). We also used the standard correlation technique, computing the correlation 703 
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between the patterns of activation for each pair of stimuli across viewing conditions (and 704 

across different full-image runs). We calculated the excess correlation (for same vs. 705 

different stimuli), by subtracting the average correlation for different shapes from the 706 

correlation level for the same shape (average diagonal score minus average off-diagonal 707 

score in the correlation matrix). Figure 5 shows the resulting classification accuracy (Top) 708 

and the excess correlation (Bottom) in the various visual cortical ROIs.  Statistically 709 

significant performance (i.e. classification performance greater than chance level 11% or 710 

excess correlation above zero) is denoted by asterisks (corresponding t- and p-values are 711 

listed in Table 1). Left ("Across slits") and middle ("Slit vs. full viewing") panels depict 712 

the degree of viewing-invariant shape discrimination in the different ROIs. The right panel 713 

provides a quantitative benchmark for this discrimination (when the whole shape is seen at 714 

its full in "Full-viewing" runs).   715 

The crucial generalization test is the one in which shape discrimination is maintained 716 

although the shape is viewed across an orthogonal slit orientation to the one used in the 717 

training set. Highly significant shape discrimination across slits (Figure 5, Left panels) was 718 

found using both methods in MT+ and higher-level object-selective regions cIPS and LOC, 719 

as well as LOC sub-regions pFs and LO. In addition, significant excess correlation was 720 

found in V4, V3ab and even V3. However, V1, V2 and LO-1 failed in slit-invariant shape 721 

discrimination. In contrast, in two other tests where generalization of shape information 722 

may be partially (Figure 5, Middle panels) or substantially (Figure 5, Right panels) 723 

attributed to shared retinal input, both the classification accuracy and the excess correlation 724 

were significant in all regions, including early visual cortical areas (V1, V2 & V3, termed 725 

collectively EVC). 726 

To corroborate the existence of viewing-invariant shape representations in MT+, cIPS and 727 

LOC we applied a two-way ANOVA. The factors were ROI identity (V1-V3, V3ab, MT+, 728 
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cIPS, V4, LO-1 and LOC) and a three-level factor that reflects the type of generalization 729 

(1: across slit orientation, 2: across slit and full viewing and 3: across different full-viewing 730 

runs). These levels are defined by the proportion of shape information shared on the retina 731 

in each generalization test. If a particular ROI carries viewing-invariant information about 732 

whole shape this factor should not influence the ROI's shape decoding. Yet, the impact of 733 

the factor should be significant if shape information in the ROI is viewing-condition 734 

dependent. A significant ROI × generalization-type interaction showed that areas differ in 735 

their degree of generalization across viewing conditions (Classification: F(16,240)  = 21.7, p = 5 × 736 

10-38; Excess correlation:  F(16,240) = 26.5, p = 3 × 10-44). Subsequent simple-main-effects analysis 737 

confirmed that LOC, cIPS and MT+ were least sensitive/not sensitive to this factor (a one- 738 

way ANOVA per ROI: Classification: F(2,30) = 7.6, 7.4, 5.0;  p = 0.047, 0.053, 0.254; Excess correlation: 739 

F(2,30) = 11.3, 8.9, 4.0;  p = 0.005, 0.020, 0.486, respectively, Šidák corrected). In contrast, V1, V2, V3, 740 

LO-1 and V4 were highly sensitive (Classification: F(2,30) =59.8, 43.3, 47.4, 32.8, 23.6; p = 8 × 10-10, 3 741 

× 10-8, 1 × 10-8, 6 × 10-7, 2 × 10-5; Excess correlation: F(2,30) = 58.0, 46.3, 38.0, 27.5, 25.8;  p = 1 × 10-9, 1 × 742 

10-8, 1 × 10-7, 4 × 10-6, 7 × 10-6, respectively).  743 

Importantly, LOC discriminated between the shapes across viewing conditions much better 744 

than both MT+ and cIPS (the regions with the second and third highest discrimination 745 

capability) (post hoc paired t tests: "Across slits": Classification: t (15) = 7.3, 8.7; p = 2 × 10-5, 2 × 10-6; "Slit 746 

vs. Full viewing": Classification: t (15) = 8.4, 7.9; p = 4 × 10-6, 8 × 10-6; Excess correlation: t (15) = 5.5, 6.1;  p 747 

= 5 × 10-4, 2 × 10-4; respectively, Šidák corrected).  Within the LOC, the lateral LOC part (LO) was 748 

more sensitive to viewing-invariant shape information than the corresponding ventral part 749 

(pFs) ("Across slits": Classification: t (15) = 3.4, p = 0.015; Excess correlation: t (15) = 4.9, p = 8 × 10-4; "Slit 750 

vs. Full viewing": Classification: t (15) = 5.7, p = 2 × 10-4; Excess correlation:  t (15) = 7.0, p = 2 × 10-5).  751 

To summarize, higher-level visual ROIs in both visual pathways as well as MT+ represent 752 

viewing-invariant information about global shape. The strongest shape discrimination 753 
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capability that is generalized across viewing conditions is seen in LO, the lateral part of 754 

LOC. In contrast, viewing-invariant shape information is much more limited in mid-tier 755 

dorsal and ventral visual regions and totally absent in EVC. Thus, although EVC does 756 

carry information about the entire shape when the full image is available, this information 757 

is a mere copy of the retinal input. Note, that mid-tier visual regions V3ab, V4 and MT+ 758 

receive retinotopically organized inputs from EVC (Wandell et al., 2007; Amano et al., 759 

2009). On the other hand, they show some sensitivity to slit-invariant (non-retinotopic) 760 

information. Thus, slit-specific and slit-invariant visual representations are likely to coexist 761 

in these regions pinpointing to a transition from the slit-dependent analysis of visible 762 

stimulus fragments to the inferred global-shape representation.  763 

Representational similarity analysis (RSA): Relating shape perception and brain 764 

responses to shapes  765 

Our next goal was to relate the structure of neural shape space (the degree of activation- 766 

pattern similarity between any two shapes, in a specific area) to the structure of perceptual 767 

shape space, as reported by participants in perceptual similarity judgment test. This could 768 

be done by applying RSA (Kriegeskorte et al., 2008).  769 

To do so, we used group-mean perceptual distances between the shapes (i.e. dissimilarity 770 

measures) estimated in the two behavioral sessions, performed before and after scanning 771 

(the distances were averaged across the sessions and participants, see Figure 6A, Top 772 

panel and Methods). In addition, to assess the degree of dissimilarity between brain 773 

activation-patterns for each pair of shapes, the off-diagonal scores in the classification- 774 

confusion (or correlation) matrices were converted into dissimilarity (or distance) measures 775 

(see Methods). This yielded two representational dissimilarity matrices (RDMs) for each 776 
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generalization test in each individual ROI (see example of such RDM, Figure 6A, Bottom 777 

panel).  778 

A close match between the perceptual dissimilarity matrix and a particular ROI RDM may 779 

indicate that the ROI's shape representations are relevant for the perceptual outcome 780 

(although this is obviously only correlative evidence). To test this correspondence, we 781 

calculated the proportion of variance (R2) in the pattern-activation RDMs, which can be 782 

accounted for by the perceived-shape dissimilarity. Figure 6B illustrates the resulting 783 

estimates in different ROIs for the various generalization tests (for significance of these 784 

estimates see Table 1). 785 

The metric properties of the shape perceptual space accounted for 18-27% of variance in 786 

"Across slits" and "Slit vs. Full viewing" LOC RDMs (Figure 6B, Left & Middle panels, 787 

respectively). This proportion was much lower in MT+, cIPS and mid-tier dorsal- and 788 

ventral-stream regions V3ab, V4 and LO-1 (5 - 13%). The accounted variance was also 789 

significant in EVC when some of the shape was shared on the retina across viewing 790 

conditions (i.e. in " Slit vs. Full viewing " test, Figure 6B, Middle panels) but not when 791 

this amount was negligible (i.e. in "Across slits" test, Figure 6B, Left panels). 792 

Next, we applied the same two-way ANOVA as before with the accounted variance as the 793 

dependent variable.  Similar to the previous results, the interaction term (ROI × 794 

generalization type) was highly significant (Classification-RDMs: F(16,240)  = 10.2, p = 2 × 10-19; 795 

Correlation-RDMs:  F(16,240) = 27.6, p = 2 × 10-45).  Subsequent analysis of simple main effects 796 

showed that the three level factor that reflects the type of generalization was not significant 797 

in LOC, cIPS, MT+ and V3ab (a one-way ANOVA per ROI: Classification-RDMs: F(2,30) = 0.1, 0.2, 798 

0.1, 2.8, p = 0.99, 0.99, 0.99, 0.820; Correlation-RDMs: F(2,30) = 0.5, 0.1, 0.2, 5.3, p = 0.99, 0.99, 99, 0.204, 799 

respectively). Thus, the degree of correspondence between the perceived-shape dissimilarity 800 
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and the activity-pattern dissimilarity in these regions does not depend on viewing 801 

condition.  In contrast, this factor was significant in V1 - V3 and V4/LO-1 indicating a  802 

dependence on the viewing condition (V1, V2 and V3: Classification-RDMs: F(2,30) = 56.7, 21.4,  803 

13.7;  p = 1 × 10-9, 4 × 10-5, 0.0013; Correlation-RDMs: F(2,30) = 138.4, 72.6, 38.0, p = 2 × 10-14, 7 × 10-11, 1 804 

× 10-7, respectively; V4 and LO-1: Correlation-RDMs: F(2,30) = 10.0, 12.0;  p = 0.011, 0.003 , respectively).  805 

In line with the shape discrimination analysis, the estimated variance in viewing-invariant 806 

LOC RDMs was much higher than in MT+ and cIPS RDMs (post hoc paired t test: "Across 807 

slits": Classification-RDMs: t (15) = 5.74, 5.68; p = 3.1 × 10-4, 3.5 × 10-4 ; Correlation-RDMs: t (15) = 6.2, 8.5; 808 

p = 1 × 10-4, 3 × 10-6 ; "Slit vs. Full-viewing": Classification-RDMs: t (15) = 5.3, 7.2; p = 7 × 10-4, 3 × 10-5 ;  809 

Correlation-RDMs: t (15) = 8.6,  12.8, p = 3 × 10-6, 1 × 10-8 , respectively).  Finally we found that within 810 

LOC, LO was superior to pFs in the percent variance explained within viewing-invariant 811 

RDMs. However, this was evident both when generalizing across slit-viewing conditions 812 

(Classification- and Correlation-RDMs: t (15) = 2.84, 4.11, p = 0.049, 0.004, respectively) and when using 813 

the full images (Classification- and Correlation-RDMs: t (15) = 3.56, 4.14, p = 0.011, 0.003, respectively). 814 

We therefore suggest that LO superiority is not specific to temporal shape integration.  815 

To summarize, both dorsal and ventral stream regions show a correspondence between the 816 

perceived shape dissimilarity and the viewing-invariant activity-pattern dissimilarity. 817 

Nevertheless, of all cortical regions tested, the viewing-invariant shape- space based on the 818 

patterns of activity in LOC best matches the whole-shape perceptual space. This finding is 819 

complementary to the decoding results but goes far beyond the question of shape 820 

discriminability: it points to candidate visual regions that are likely to be involved in the 821 

integrated shape percept (although this is obviously only circumstantial evidence).  822 

Shape decoding and RSA in fixed-volume ROIs 823 
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Since ROI size can affect MVPA results we repeated the analyses with newly defined nine 824 

ROIs using a uniform fixed size. To that end, we applied an activation-based voxel ranking 825 

to restrict the size of the ROIs. Some ROIs were combined (due to their small sizes in 826 

some participants). Thus, the new set comprised nine ROIs in each of our 16 participants:  827 

V1, V2&V3, V3ab, V4&LO-1, MT+, cIPS, LOC, LO and pFs.   We divided the data using 828 

two iteration loops. In the "outer" loop one vertical- and one horizontal-slit run was chosen 829 

for ROI voxel selection. This was done iteratively using the 8 possible choices of the one 830 

run (e.g. 1st vertical and 1st horizontal run were chosen in the 1st iteration, etc.). The 831 

remaining seven runs were further divided to two subgroups for MVPA using the "inner" 832 

loop. For the two runs chosen for voxels' selection, a single t-value for each voxel was 833 

calculated using the contrast: all slit-viewed shapes vs. rest periods (irrespective of a slit 834 

orientation). Next, we took the 100 most active voxels that responded best to the shapes. 835 

Note that in each iteration relatively small data part (i.e. 1/8) was used for voxel selection, 836 

assuring the independence between voxel selection and MVPA. Hence, the chosen 100 837 

voxels in each iteration were somewhat different, for each fixed-size ROI. The mean 838 

degree of overlap between the voxels selected at the different iterations was 59%.  The 839 

MVPA results were averaged across all eight iterations.  840 

The results of discrimination and RSA analyses are shown in Figures 7A, B, respectively 841 

(for significance of these results see Table 2). As Figure 7 shows, the new results largely 842 

confirm the results of the previous ROI analysis and, importantly, highlight the superiority 843 

of LOC in viewing-invariant shape representation upon the other ROIs. This is reflected in 844 

both slit-invariant shape discrimination and degree of correspondence between the 845 

perceived-shape dissimilarities and slit-invariant pattern dissimilarities ( Comparison with the 846 

regions with the second and third highest discrimination capability, MT+ and cIPS: paired t test: 847 

Classification: t (15) = 7.6, 7.1; p = 6 × 10-6, 1 × 10-5 ; Excess correlation: t (15) = 5.7, 5.2; p = 2 × 10-4, 4 × 10-4 848 
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; Classification-RDMs: t (15) = 5.0, 8.3; p = 6 × 10-4, 2 × 10-6 ; Correlation-RDMs: t (15) = 5.9, 8.8;  p = 1 × 10- 849 

4, 1 × 10-6 , respectively).  850 

Lack of shape decoding information during randomized temporal-order presentation 851 

One worry is that the slit-invariant shape information present in LOC was due to some 852 

feature in the image (e.g. specific curvature) which was retained across the radical slit- 853 

angle change.  The images were symmetric and receptive fields increase dramatically along 854 

the hierarchy from V1 to LOC, possibly allowing for such an explanation of our slit- 855 

invariant decoding capabilities, especially in higher-order areas. To test this explicitly, we 856 

ran an additional control experiment (in 11 of the 16 participants), presenting the same set 857 

of slit-dependent shape-views in a shuffled temporal order. This “random temporal order” 858 

condition never gave rise to the percept of a whole shape, in contrast to the stimuli 859 

presented in their original temporal order (Morgan et al., 1982).  Although shape features 860 

can potentially still be extracted (from single shape fragments), they are perceived as 861 

separate events, without regard to the global shape information that potentially exists in 862 

their correct temporal sequence. 863 

We hypothesized that if a particular cortical region truly represents a whole, temporally- 864 

integrated shape it would fail to show across-slit generalization in such conditions. Figure 865 

8 shows the results of discrimination (Top panels) and RSA analyses (Bottom panels) for 866 

the standard ROI set (A) and fixed-volume ROIs (B). A two-way ANOVA was run to 867 

examine the effect of sliver-presentation order and ROI identity on the estimates of shape 868 

information. A significant temporal order × ROI identity interaction was found when 869 

testing both the standard-set ROIs and fixed-volume ROIs (Classification: F(8,80)  = 12.9, p = 9 × 870 

10-12 ; F(6,60)  = 13.6,  p = 1 × 10-9; Excess correlation:  F(8,80)  = 9.8, p = 2 × 10-9; F(6,60)  = 18.1, p = 8 × 10-12 ; 871 

Classification-RDMs: F(8,80)  = 5.7, p = 9 × 10-6; F(6,60)  = 9.7,  p = 2 × 10-7; Correlation-RDMs: F(8,80)  = 14.4, 872 

p = 9 × 10-13; F(6,60) = 12.4, p = 5 × 10-9, respectively). Post hoc paired t tests revealed that the 873 
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amount of shape information in LOC and LO ROIs (in the standard set) significantly 874 

dropped when the successive shape views were presented in a random temporal order 875 

(Figure 8A, Left panels) compared to their correct temporal order (Right panels).  876 

Importantly, this was evident for both shape discrimination (LOC and LO: Classification: t (10) = 877 

8.6, 6.0; p = 2 × 10-5, 5 × 10-4; Excess correlation: t (10) = 11.5, 8.8; p = 2 × 10-6, 2 × 10-5, respectively) and 878 

the degree of correspondence between the perceived-shape dissimilarities and slit-invariant 879 

pattern dissimilarities (LOC and LO: Classification-RDMs: t (10) =  5.2,  6.7; p = 0.0016,  2 × 10-4; 880 

Correlation-RDMs: t (10) = 7.2, 8.3; p = 1 × 10-4, 3 × 10-5, respectively). Furthermore, the effect was the 881 

same for the fixed-size ROI set (Figure 8B; LOC and LO: Classification: t (10) = 8.0, 5.2; p = 1 × 10- 882 

4, 0.005; Excess correlation: t (10) = 7.7, 7.2 ;  p = 2 × 10-4, 3 × 10-4; Classification-RDMs: t (10) = 11.3, 7.1 ;  p 883 

= 6 × 10-6, 4 × 10-4; Correlation-RDMs: t (10) = 8.1, 8.4; p = 1 × 10-4, 9 × 10-5, respectively).  884 

The effect is likely related to the fact that a global shape percept cannot be formed in the 885 

"random order condition" (despite that the same shape shape-features were presented and 886 

attended). Temporal integration is therefore probably an essential element for global shape 887 

perception in our slit-viewing conditions. We conclude that across-slit generalization of 888 

shape information seen in LOC and LO in the original presentation condition does not 889 

reflect mere generalization of low-level feature-related information (available within a slit).  890 

Recovered-shape information in higher-level ventral-stream regions, within and beyond 891 

LOC 892 

LOC is a vast cortical expanse, including a number of distinguishable ventral sub-regions. 893 

We examined the distribution of recovered-shape information in higher-level visual 894 

regions, within and beyond LOC. For that purpose, we ran an additional Face/Body 895 

localizer (in 11 of our original 16 participants) and defined a new set of ROIs (i.e. EBA, 896 

FBA, FFA and OFA). Face/Body ROIs were restricted to voxels that don’t overlap with 897 
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LOC. Furthermore, we divided each individual LOC ROI into two parts. All overlapping 898 

voxels (between the LOC and each category-specific ROI) were grouped and labeled 899 

"shared LOC". The rest of the LOC voxels were defined as "non-shared LOC". We then 900 

extended our analyses to these ROIs, in an effort to localize where is the information about 901 

integrated shape present, within the higher-level regions of the ventral visual pathway. 902 

Note that our study focuses on patterns of activation related exclusively to object shape, 903 

and therefore applies to artificial, unfamiliar objects (to dissociate these patterns from 904 

categorical, semantic representations, as in other fMRI studies, Op de Beeck et al. 2008; 905 

Vernon et al. 2016). We therefore expected that such shapes might be encoded in non- 906 

specialized higher-level ventral-stream regions (i.e. "non-shared LOC").  907 

Figure 9A represents the results of shape decoding (i.e. classification accuracy, %) and 908 

RSA (i.e. the estimated variance in ROIs' RDMs, the variance was averaged across 909 

classification- and correlation-based RSA). Both the group-mean decoding accuracy and 910 

accounted variance were significantly higher in "non-shared LOC" compared to a 911 

body/face ROI (with the highest discrimination capability/accounted variance). This was 912 

the case in each generalization test (paired t test: "Across slits": Classification: t (10) = 7.2, p = 8 × 10-5; 913 

RDMs: t (10) = 2.9, p = 0.045; "Slit vs. Full viewing": Classification: t (10) = 5.9, p = 5 × 10-4; RDMs: t (10) = 914 

6.4, p = 2 × 10-4; " Full viewing": Classification: t (10) = 5.3, p = 0.00103; RDMs: t (10) = 4.0, p = 0.007). To 915 

ensure that the result does not depend on the ROIs' size we pooled all body/face voxels into 916 

one ROI and limited the amount of voxels in "shared LOC", "non-shared LOC" and 917 

combined body/face ROI to 100 voxels (using the same procedure as previously, see 918 

Methods). As Figure 9B shows, "non-shared LOC" is still clearly better than the 919 

categorical ROI in its shape information irrespective of generalization test ("Across slits": 920 

Classification: t (10) = 3.9, p = 0.008; RDMs: t (10) = 5.0, p = 0.0015 ; "Slit vs. Full viewing": Classification: t 921 
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(10) = 4.3, p = 0.005; RDMs: t (10) = 4.8, p = 0.002; " Full viewing": Classification: t (10) = 5.9, p = 4 × 10-4; 922 

RDMs: t (10) = 4.6, p = 0.003).   923 

Thus, both conventional and temporally-integrated shape representations are embedded in 924 

the activation profiles of the least specialized (i.e. non categorical) parts of LOC. 925 

Whole brain MVPA 926 

It is possible that there are other cortical regions which carry information regarding a 927 

temporally-integrated shape, beyond the classical ROIs tested. To that end, we applied a 928 

volume-based searchlight MVPA that makes no assumption about the location of the 929 

shape-specific information (Kriegeskorte et al. 2006). We iteratively searched through a 930 

brain with a cubic search window comprising 125 voxels (i.e. a total volume of 15mm × 931 

15mm × 15mm = 3375 mm3) and then performed SVM classification analysis as in the 932 

ROI analysis. A classifier was trained to distinguish between shapes under one slit 933 

orientation and its generalization performance was tested under the other orientation.  934 

Figure 10 depicts the group-wise statistical maps showing above-chance classification 935 

accuracy (A) and significant variance in across-slit activation-pattern dissimilarity 936 

accounted for by the perceived-shape dissimilarity (B). The whole-brain analysis does not 937 

reveal any additional loci carrying substantial information about the recovered shape: Both 938 

group-wise classification accuracy and accounted variance are most significant in similar 939 

regions of the lateral occipitotemporal cortex (x-y-z Talairach mean coordinates: Left: -40, 940 

-71, -1 and -39, -74, -4, respectively; Right: 39, -69, -3 and 39, -72, -5, respectively). 941 

Importantly, the coordinates of these regions in standard space closely correspond to either 942 

the group-mean LO coordinates (left and right hemisphere: -42 ± 3 (±SD), -71 ± 5,   -5 ± 6 943 

and 41 ± 3, -70 ± 5,   -5 ± 5, respectively) or LOC coordinates (-41 ± 2, -66 ± 4,   -7 ± 5 944 

and 40 ± 2, -65 ± 4,   -7 ± 3, respectively). A probabilistic map of LOC voxels across 945 
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participants (Figure 10C) allows visualization of the voxels' location in the brain. The 946 

overlap between the LOC voxels and the searchlight clusters is shown here by depicting 947 

the probabilistic map boundaries, superimposed on the searchlight statistical maps (solid 948 

black contour in Figure 10A,B). The spatial correspondence between the searchlight 949 

clusters and LOC corroborates the results of our ROI analysis about the crucial role of this 950 

region in representation of slit-invariant global-shape information. 951 

Discussion  952 

We demonstrate here that ventral-stream object representations maintain their selectivity 953 

for object shape when shape structure can only be inferred by integration over time (e.g. in 954 

slit-viewing conditions). The strength of the present study is that it can distinguish between 955 

temporally-integrated shape information and "trivial" shape information available already 956 

in the retinal input. This was achieved by manipulating slit orientation, and testing for 957 

generalization of shape representation across slit conditions. Our results compellingly 958 

show that LOC best meets this requirement (Figures 5, 7, 10). Importantly, slit-invariant 959 

shape information in LOC was correlated with the global-shape perception (Figures 6, 7, 960 

10). Shape information in LOC was almost totally gone when the shape percept was 961 

eliminated (by shuffling the order of slit-dependent shape-views, Figure 8). Together these 962 

results suggest that LOC represents the outcome of the shape temporal integration and is 963 

likely to mediate the percept of the integrated shape. Finally, the slit-invariant, shape- 964 

specific patterns of activation also matched those elicited by conventional whole-shape 965 

images (which were assessed independently, in full-image runs after slit-runs). 966 

Importantly, the two representation forms (of full-shape images, vs. temporally-integrated 967 

ones) emerge from largely different integrative processes. Yet, our results provide evidence 968 

that they converge on a common representation in LOC (Figures 5-7). Thus, LOC holds an 969 
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abstract representation of global shape invariant not only to scale, position, viewpoint, etc. 970 

(Grill-Spector et al., 1998; 1999; Kourtzi and Kanwisher, 2001; Vuilleumier et al., 2002; 971 

Weigelt et al., 2007; Eger et al., 2008; Vinberg  and Grill-Spector , 2008;  Cichy et al., 972 

2011) but also to the type of integration by which it was obtained. 973 

LOC has been found to mediate object spatial completion in stationary (partially occluded) 974 

visual scenes (Lerner et al., 2002; Murray et al., 2004; Tang et al., 2014). Unlike spatial 975 

completion process, temporal shape integration requires recovery of the global-motion 976 

vector for shape reconstruction (Shimojo and Richards, 1986) and thus, may engage 977 

mechanisms located separately from the conventional shape representations in LOC. 978 

However, there were some indications that LOC might also be involved in temporal 979 

integration of object shapes. A previous study showed that LOC was highly active when 980 

slit-viewed drawings of familiar objects were perceived as an integrated whole, and this 981 

activity decreased when distortion of the objects' contours precluded recognition (Yin et 982 

al., 2002).  A recent fMRI study addressed contour integration under slit-viewing 983 

conditions. The stimuli were composed of multiple collinear Gabor elements, embedded 984 

among other randomly-oriented Gabor elements (Kuai et al., 2017). The pattern was 985 

nonetheless perceived as a straight line (due to the collinearity of Gabor elements), tilted to 986 

the left or to the right (according to the spatial arrangement of the aligned Gabor patches). 987 

This emergent percept was also present if the stimulus was translating behind a slit. Under 988 

slit-viewing, the patterns of activation in LOC allowed significant discrimination between 989 

collinear- and randomly-oriented Gabors. However, unlike our case, LOC did not show 990 

contour specificity: it failed to discriminate between left- and right-tilted contours. 991 

Crucially, this failure was not only under slit-viewing conditions but also present when 992 

using static Gabor-pattern displays. This is probably due to the fact that stimuli composed 993 

of hundreds of Gabor patches are first and foremost textures rather than objects. Objects 994 
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are clearly perceived when the integrated contours form a closed shape (e.g. a circle). LOC 995 

is defined by its preference for objects compared to textures (Malach et al., 1995). 996 

Therefore, it is expected that this region would be "blind" to the internal structure of the 997 

textures unless the components form a clear shape. 998 

Our experiment was designed to account for global-shape information focusing on the final 999 

product of the temporal-integration process. We therefore cannot answer the question how 1000 

exactly was integration achieved. However, below we suggest at what stage of the visual 1001 

hierarchy the relevant computations for temporal-integration may take place, and 1002 

distinguish this process from the extraction of shape in full-viewing conditions:   1003 

When a fully-viewed object is presented, a mere feedforward (initial) sweep of visual 1004 

processing is probably sufficient to integrate the local shape elements over space, thus 1005 

generating a whole-shape percept. This is possible because the complete spatial layout of 1006 

the object parts is available simultaneously, and in the same retinotopic reference frame 1007 

(DiCarlo and Cox, 2007). Classical models of object perception start with this retinal 1008 

image as the necessary first step and apply spatial integration of the retinal information at 1009 

larger and larger scales along the visual hierarchy, culminating in the representation of 1010 

object identity (Riesenhuber and Poggio, 1999; Serre et al., 2007; Hong et al., 2016; see 1011 

DiCarlo and Cox, 2007 for a review).  1012 

However, in our experimental conditions, the slit-viewed shapes stimulated the same 1013 

narrow retinal strip over time. This is a serious challenge for those models: a solely space- 1014 

based mechanism would incorrectly blend the shape fragments presented in succession. 1015 

Hence, shape integration must be guided by a process that can potentially integrate 1016 

information across both space and time. Previous behavioral studies show that coherent 1017 

shape perception under slit-viewing strongly depends on the correct recovery of global- 1018 
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shape velocity (Morgan et al., 1982; Casko and Morgan, 1983; Shimojo and Richards, 1019 

1986; Sohmiya and Sohmiya, 1994; Rieger et al., 2007; Aydin et al., 2008; Palmer and 1020 

Kellman, 2014). Obviously, correct estimation of the velocity is critical for predicting the 1021 

future spatial positions of the occluded shape-parts (Shimojo and Richards, 1986). If 1022 

spatial positions of these internally maintained shape-fragments are updated over time, the 1023 

fragments can be integrated with the visible portion of the shape (using Gestalt principles 1024 

such as good continuation, Palmer et al., 2006). To perform this update successfully, the 1025 

slit-dependent shape-views must be "freed" from retinotopy and encoded in non- 1026 

retinotopic sensory memory (Öğmen and Herzog, 2016). Importantly, when the 1027 

spatiotemporal continuity of the stimulus is violated (i.e. in our "random temporal order" 1028 

condition) this non-retinotopic reconstruction cannot be established, and the percept of 1029 

both shape and motion are gone.   1030 

Our study shows that LOC is likely to mediate this reconstructive behavior. This may not 1031 

be a great surprise: If shape integration over time depends on the correct assessment of the 1032 

global-shape motion it cannot start at the earliest stages of visual hierarchy, before the 1033 

point at which the aperture problem is resolved. Indeed, slit-viewed objects activate EVC 1034 

irrespective of whether they are perceived as a whole or as separate line segments (Yin et 1035 

al., 2002). Obviously, the patterns of activity in EVC allow discrimination between the 1036 

various shapes when the extended shape retinal image is available, but they do not carry 1037 

any noticeable slit-invariant shape information (Figures 5, 7). Feedback loops to EVC may 1038 

be used to achieve space-based object completion (Murray et al., 2004; Ban et al., 2013; 1039 

Muckli et al., 2015). Indeed, neurons in V1 are selective to subjective contours (Peterhans 1040 

and von der Heydt, 1989), but reconstruction of shape based on temporal integration is 1041 

probably beyond V1 as it requires shifting the contour position from its retinal location to a 1042 

new, inferred location, using the global-velocity estimate.  1043 
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Human fMRI and transcranial magnetic stimulation studies show that both MT+ and V3a 1044 

compute global motion and track the location of a moving object even after it becomes 1045 

hidden behind an occluder (Maus et al., 2010; 2013; Vetter et al., 2015; Chen et al., 2016). 1046 

These dorsal-stream regions are interconnected with various ventral-stream regions  1047 

through the vertical occipital fasciculus (VOF), a major fiber bundle connecting dorsal and 1048 

ventral parts of human occipital cortex, and adjacent parietal and temporal cortex 1049 

(Yeatman et al., 2014; Takemura et al., 2016). VOF is therefore likely to provide the 1050 

communication of signals between ventral-stream regions involved in form perception and 1051 

dorsal-stream regions involved in analysis of visual motion (Yeatman et al., 2014).  Thus, 1052 

MT+ and V3a can potentially mediate the motion-derived information (necessary for 1053 

object reconstruction under slit-viewing conditions) to LOC. Previous studies showed that 1054 

LOC is activated by objects solely defined by their common motion (Grill-Spector et al., 1055 

1998; Vinberg  and Grill-Spector , 2008), and its activity continues  even when the motion 1056 

is stopped, as long as the percept of the object persists (Ferber et al., 2003). Possibly, such 1057 

persistent representations might also allow the integration of visible and occluded shape- 1058 

parts (Palmer et al., 2006) in LOC, to represent hidden shape-parts in their inferred 1059 

locations.  1060 

Our study also found some degree of slit-invariant shape sensitivity in mid-level regions of 1061 

both dorsal and ventral pathways (e.g. MT+, V3ab, V4&LO-1; see Figures 5, 7).  Whether 1062 

temporal integration process is initiated in these regions, and finalized in LOC or 1063 

propagated back to these areas later is unknown. Evidently, techniques with finer temporal 1064 

resolution (EEG, MEG) are required to understand the complex, hierarchical neural 1065 

networks underlying this sophisticated process. 1066 
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Figure legends 1235 

Figure 1. Shape percept under slit viewing.  1236 

(A) 3D shapes were generated by a parametric shape model (“superformula”) with two 1237 

model parameters. Nine combinations of the parameters were chosen to create the shapes 1238 

(B) In each trial, a shape was seen moving behind a narrow slit (either vertical or 1239 

horizontal) in a fixed speed so that only one tenth of the shape contour was visible at any 1240 

moment. The shape moved behind the slit till it disappeared and then reversed its direction 1241 
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(i.e. it moved twice in a trial, in opposite directions). (C, D) In fMRI trials, participants 1242 

maintained fixation and pressed a button whenever the same shape appeared in two 1243 

consecutive trials (one-back recognition task. Only a single trial is seen in the figure). 1244 

Vertical and horizontal-slit trials were presented in separate runs. Each participant 1245 

completed eight runs of each type. (E) After completion of all slit-runs, subjects were 1246 

presented with full images of the shapes and performed the same task in eight full-image 1247 

runs.    1248 

Figure 2. Perceived-shape dissimilarity under slit-viewing conditions before and after 1249 

full-image exposure. 1250 

 Participants performed a similarity-rating task under slit-viewing conditions before (A) 1251 

and after (B) full-image exposure. (A) In each trial the two shapes were sequentially 1252 

presented through either a vertical or a horizontal slit (in separate blocks), and subjects 1253 

reported their degree of similarity using a rating scale (1-7). The similarity scores were 1254 

averaged across the blocks. (B) In the later test, the first shape in each pair was presented 1255 

through a vertical-slit while the second one translated behind a horizontal slit (or vice 1256 

versa).  (C & D) Group-mean perceptual distances between the shapes estimated based on 1257 

the similarity-rating scores before (C) and after (D) the full-mage exposure. Color code: 1258 

The degree of dissimilarity for each shape pair. The distances between the shapes did not 1259 

change substantially following the exposure.   1260 

Figure 3. Main set of regions-of-interest (ROIs).  1261 

Individual-participant ROIs shown on the corresponding cortical surface from a posterior 1262 

view. (A) Polar map of the participant. White solid lines: the borders of six visual 1263 

retinotopic areas, i.e. V1, V2, V3, V3ab, V4 and LO-1. The color code reflects the 1264 

preferred polar angle.  (B)  MT+ (marine), LOC (red) and cIPS (green) ROIs. (C) In 1265 
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addition, two LOC sub-regions were defined separately: LO (dark red) and pFs (dark 1266 

magenta). 1267 

Figure 4. Confusion matrices for shape decoding in V1 and LOC across viewing 1268 

conditions. 1269 

 (A-C) Top panels: A classifier was trained to distinguish between shapes in one viewing 1270 

condition, and its generalization performance was tested in the other conditions. 1271 

Specifically, the training and testing was performed (A) across different slit conditions and 1272 

(B) across slit and full-image conditions. (C)  Shape classification was also tested across 1273 

different runs of the same full-image condition. Middle panels: The inserts represent the 1274 

proportion of the shape image that was shared on the retina across different training and 1275 

testing conditions. This indicates how much shape information could have been 1276 

generalized merely due to the shared retinal image, without shape integration over time. 1277 

Bottom panels: Group-mean confusion matrices for LOC and V1 in different 1278 

generalization tests. Rows: actual shapes. Columns: predicted shapes. Main diagonal 1279 

values: correct classifications; Off-diagonal values: misclassifications. Chance level 1280 

decoding: classification performance at 11%. While both V1 & LOC show above-chance 1281 

performance for the full view conditions (C), only LOC shows above-chance 1282 

generalization across slit orientations (A) and across slit- and full-image viewing 1283 

conditions (B). 1284 

Figure 5. Shape discrimination in visual cortex across viewing conditions.  1285 

Cross-validated above-chance classification accuracy (Top) and excess correlation for 1286 

same vs. different shapes (Bottom) in different visual ROIs (averaged across participants). 1287 

The insert on the left shows a schematic representation of a shape classification confusion 1288 

matrix. White (diagonal) matrix entries represent correct classifications, while black (off- 1289 
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diagonal) matrix entries are misclassifications (see example in Figure 4). The excess 1290 

correlation is the difference between the main diagonal and off-diagonal correlation levels 1291 

(in the correlation matrix). The insert on the right: the color code and location of the 1292 

representative participant's ROIs. Left, Middle and Right panels: Shape discrimination 1293 

across slits, across slit and full-image condition, and across different runs of the same full- 1294 

image condition, respectively. LOC (and its lateral part LO in particular) carries most 1295 

significant viewing-invariant shape information. The error bars indicate SEM. The levels 1296 

of significance: *p<0.05; **p<0.01; ***p<0.001. Other details are as in Figure 4. 1297 

Figure 6. Perceived shape dissimilarity predicts activity-pattern dissimilarity across 1298 

viewing conditions.  1299 

(A) Top panel: Group-mean perceived-shape dissimilarity. Bottom panel: Individual 1300 

example of activation-pattern dissimilarity in LO (across slit orientations). Color code: the 1301 

degree of perceptual (top) or activation-pattern (bottom) dissimilarity for each shape pair. 1302 

(B) Group-mean proportion of variance in participants' activity-pattern dissimilarity, 1303 

accounted for by the perceived-shape dissimilarity, in the different ROIs.  The values are 1304 

the variance explained in either classification-based (Top) or correlation-based (Bottom) 1305 

pattern-dissimilarity. Other details are as in Figure 5. Perceived-shape dissimilarity 1306 

corresponds well to the activation-pattern dissimilarity in LOC (and LO in particular), 1307 

irrespective of viewing condition. In contrast, in the low-level visual areas this 1308 

correspondence is highest in the full viewing conditions, but is greatly reduced as the 1309 

degree of shared retinal input becomes lower.  1310 

Figure 7. Shape discrimination and RSA in fixed-volume ROIs.  1311 

(A) Cross-validated classification accuracy (Top) and excess correlation (Bottom) for 1312 

same vs. different shapes across participants in each ROI. To better visualize the 1313 
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differences between the ROIs, the degree of perceptual-neural correspondence is plotted as 1314 

a function of shape information that is shared on the retina across viewing conditions in the 1315 

different generalization tests (i.e. 1, 10, and 100% on log scale). Other details are as in 1316 

Figure 5.  (B) Group-mean proportion of variance in the activation-pattern dissimilarity 1317 

that can be accounted for by perceived-shape dissimilarity, in different fixed-volume ROIs 1318 

for different generalization tests.  The results with the fixed-size ROIs corroborate the 1319 

previous analysis shown in Figures 5 and 6. 1320 

Figure 8. Lack of shape decoding information during randomized temporal-order 1321 

presentation  1322 

Upper panels:  Shape discrimination performance (Classification accuracy) across slit 1323 

viewing conditions during the shuffled presentation ("random") and the original order 1324 

("correct") of presentation. The data are shown for the standard ROIs (A) and the fixed- 1325 

volume ROIs (B). Note the dramatic drop in decoding information, between the "random" 1326 

and correct" order, especially in LO and LOC.  The same general pattern can be seen in the 1327 

analysis of excess correlation for the same shape when compared to different shapes. 1328 

Bottom panels: The proportion of variance in the activation-pattern dissimilarity that can 1329 

be accounted for by perceived-shape dissimilarity using classification-based RDMs and 1330 

correlation-based RDMs. The same drop in the amount of information regarding the 1331 

various shapes is evident in the random temporal order condition. Thus, low-level (feature- 1332 

based) cues per se are not sufficient to generate the slit-invariant shape information evident 1333 

in LOC. Other details are as in Figure 5.  1334 

Figure 9. Recovered-shape information in higher-level ventral-stream regions, within 1335 

and beyond LOC 1336 
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(A & B) Average shape decoding levels (classification accuracy) and the degree of 1337 

matching between the perceptual and pattern activation dissimilarity (% variance 1338 

explained) in the various ROIs that comprise higher-level ventral-stream areas.  The color 1339 

code indicates different regions of interest.  Voxels that were mutual to LOC and 1340 

specialized ROIs are denoted in grey ("shared LOC"). The data in (A) are from the 1341 

standard ROI set; and in (B) from the fixed-size ROI set. The largest amount of view- 1342 

invariant shape information is seen in the least specialized higher-level ventral-stream 1343 

regions (i.e. "non-shared LOC"). Other details are as in Figure 5. 1344 

Figure 10. Slit-invariant shape representation in the whole brain.  1345 

(A, B) Group searchlight statistical t-maps are shown on the cortical surface of one 1346 

participant from a posterior ventral and dorsal (in inset) views (searchlight size: 5 × 5 × 5 1347 

voxels; q (FDR) <0.001). The classifier was trained to distinguish between shapes in one 1348 

slit condition and its generalization performance was tested in the orthogonal slit condition. 1349 

(A) A map showing the regions in which classification accuracy was significantly greater 1350 

than chance level across participants. (B) A map of the regions in which there was a 1351 

significant correspondence between perceived shape judgments and the patterns of 1352 

activation evoked by these shapes during slit viewing. Formally, these were areas in which 1353 

the proportion of variance in activation-pattern dissimilarity matrix accounted for by the 1354 

perceived-shape dissimilarity, was significantly greater than zero across participants. Color 1355 

code indicates the degree of statistical significance. (C) Group ROI probability map for 1356 

LOC ROI, in which all individual LOC ROIs were superimposed yielding a probability 1357 

map. Warmer colors represent standard voxels that were included in a greater proportion of 1358 

the individual ROIs. Solid black line in (A) and (B) represents iso-probability contours 1359 

extracted from the map. The regions within the contour boundaries enclose standard voxels 1360 

that are part of at least two individual ROIs (i.e. the inclusion probability is ≥ 13%). As can 1361 
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be seen both the group-wise classification accuracy (A) and accounted variance (B) are 1362 

most significant within the contour boundaries thus corroborating strong LOC sensitivity 1363 

to the temporally-integrated shape information. 1364 

Table legends  1365 

Table 1. Statistical analysis of shape discrimination and perceptual-neural 1366 

correspondence for the standard ROI set. Statistics were performed based on 16 1367 

participants.  Left, Middle and Right panels:  Shape discrimination across slits, across slit 1368 

and full-image condition, and across different runs of the same full-image condition, 1369 

respectively. P- and t-values correspond to one-sample two-tailed t test of 1) classification 1370 

accuracy against chance level, 2) excess correlation against zero, 3) explained variance 1371 

(R2) in participants' classification-based RDMs (accounted for by perceived-shape 1372 

dissimilarity) and 4) correlation-based RDMs  against zero.  P-values are corrected for 1373 

multiple comparisons using Šidák correction. 1374 

Table 2. Statistical analysis of shape discrimination and perceptual-neural 1375 

correspondence for the fixed-size ROIs. Statistics were performed based on 16 1376 

participants. Other details are as in Table 1.  1377 























 

 

Table 1. Statistical analysis of shape discrimination and perceptual-neural 

correspondence for the standard ROI set  

 

Test Variable ROIs     Across slits Slit vs. Full viewing      Full viewing 

   t p-corrected t p-corrected t p-corrected 

1  Classification V1 2.1 0.979 5.2 0.007 8.2 4 × 10-5 

  performance V2 3.3 0.259 6.9 4 × 10-4 7.33 2 × 10-4 

  V3 2.2 0.935 8.7 2 × 10-5 7.5 1 × 10-4 

  V3ab 3.8 0.107 6.4 8 × 10-4 5.1 0.008 

  MT+ 6.4 8 × 10-4 4.7 0.018 6.1 0.001 

  cIPS 5.9 0.002 6.1 0.001 5.3 0.006 

  V4 4.0 0.077 7.4 2 × 10-4 5.9 0.002 

  LO-1 3.3 0.255 4.3 0.041 6.5 6 × 10-4 

  LOC 11.7 4 × 10-7 8.9 1 × 10-5 7.8 7 × 10-5 

  LO 8.6 2 × 10-5 8.3 3 × 10-5 7.30 2 × 10-4 

  pFs 6.0 0.002 5.6 0.003 5.0 0.010 

2   Excess  V1 0.5 0.999 7.04 3 × 10-4 7.7 9 × 10-5 

   correlation V2 2.8 0.611 7.8 8 × 10-5 7.1 2 × 10-4 

  V3 4.6 0.021 9.7 5 × 10-6 6.7 5 × 10-4 

  V3ab 5.6 0.004 6.9 3 × 10-4 5.86 2 × 10-3 

  MT+ 5.9 0.002 6.99 3 × 10-4 6.1 1 × 10-3 

  cIPS 6.1 0.001 8.0 6 × 10-5 7.2 2 × 10-4 

  V4 5.0 0.011 9.5 7 × 10-6 5.95 2 × 10-3 

  LO-1 2.8 0.620 5.1 8 × 10-3 6.0 2 × 10-3 

  LOC 11.4 6 × 10-7 10.7 1 × 10-6 7.6 1 × 10-4 

  LO 10.9 1 × 10-6 10.9 1 × 10-6 7.8 8 × 10-5 



- 1 - 
 

 - 1 -

  pFs 7.1 2 × 10-4 7.2 2 × 10-4 5.8 2 × 10-3 

3 Explained variance V1 2.0 0.982 9.3 9 × 10-6 8.9 1 × 10-5 

 (R2) V2 3.6 0.154 5.4 0.005 5.5 0.004 

  in classification- V3 2.3 0.903 4.9 0.012 4.6 0.023 

  based RDMs V3ab 5.0 0.010 4.9 0.013 5.6 0.004 

  MT+ 4.2 0.045 4.5 0.028 3.6 0.155 

  cIPS 3.6 0.145 3.8 0.113 4.1 0.066 

  V4 3.8 0.106 5.0 0.011 4.0 0.070 

  LO-1 4.0 0.074 4.6 0.022 6.7 5 × 10-4 

  LOC 8.4 3 × 10-5 11.2 8 × 10-7 6.2 0.0012 

  LO 8.1 5 × 10-5 8.9 1 × 10-5 6.0 0.002 

  pFs 4.3 0.040 3.8 0.113 4.1 0.058 

4 Explained variance V1 2.5 0.822 8.5 3 × 10-5 17.0 2 × 10-9 

 (R2) V2 3.6 0.145 7.1 3 × 10-4 11.1 8 × 10-7 

  in correlation- V3 4.4 0.031 10.1 3 × 10-6 8.9 2 × 10-5 

  based RDMs V3ab 7.0 3 × 10-4 7.9 6 × 10-5 8.0 6 × 10-5 

  MT+ 8.3 4 × 10-5 9.0 1 × 10-5 5.59 0.0034 

  cIPS 5.2 0.007 6.9 3 × 10-4 5.58 0.0035 

  V4 5.7 0.003 7.8 7 × 10-5 7.1 2 × 10-4 

  LO-1 7.0 3 × 10-4 6.2 0.0011 7.5 1 × 10-4 

  LOC 18.4 7 × 10-10 25.4 6 × 10-12 11.6 4 × 10-7 

  LO 14.5 2 × 10-8 18.5 6 × 10-10 11.1 8 × 10-7 

  pFs 4.9 0.012 6.7 5 × 10-4 4.6 0.024 

 



 

 

Table 2. Statistical analysis of shape discrimination and perceptual-neural 

correspondence for the fixed-volume ROIs  

Test Variable ROIs     Across slits Slit vs. Full viewing      Full viewing 

   t p-corrected t p-corrected t p-corrected 

1  Classification V1 1.0 0.999 7.7 7 × 10-5 8.2 4 × 10-5 

  performance V2 & V3 1.9 0.991 9.3 7 × 10-6 7.4 1 × 10-4 

  V3ab 5.4 0.004 6.3 7 × 10-4 5.2 0.006 

  MT+ 7.3 1 × 10-4 5.4 0.004 7.1 2 × 10-4 

  cIPS 5.7 0.002 7.66 8 × 10-5 5.6 0.003 

  V4 & LO-1 6.9 3 × 10-4 7.68 8 × 10-5 6.9 3 × 10-4 

  LOC 13.0 8 × 10-8 9.4 6 × 10-6 7.9 5 × 10-5 

  LO 9.2 8 × 10-6 8.9 1 × 10-5 7.3 1 × 10-4 

  pFs 7.3 1 × 10-4 5.9 0.002 5.8 0.002 

2   Excess  V1 -0.5 0.999 7.8 7 × 10-5 8.3 3 × 10-5 

   correlation V2 & V3 3.8 0.085 8.5 2 × 10-5 7.0 2 × 10-4 

  V3ab 5.30 0.005 7.2 2 × 10-4 5.6 0.003 

  MT+ 5.9 0.0015 6.2 9 × 10-4 6.1 0.0011 

  cIPS 6.5 6 × 10-4 8.3 3 × 10-5 7.3 1 × 10-4 

  V4 & LO-1 5.26 0.005 7.1 2 × 10-4 6.4 7 × 10-4 

  LOC 10.1 2 × 10-6 10.3 2 × 10-6 8.0 5 × 10-5 

  LO 9.9 3 × 10-6 10.9 8 × 10-7 7.6 9 × 10-5 

  pFs 7.2 2 × 10-4 6.8 4 × 10-4 5.7 0.002 

3 Explained variance V1 2.8 0.505 8.2 4 × 10-5 10.7 1 × 10-6 

 (R2) V2 & V3 4.3 0.035 7.7 7 × 10-5 6.9 3 × 10-4 

  in classification- V3ab 5.9 0.0015 6.6 4 × 10-4 4.8 0.013 

  based RDMs MT+ 4.8 0.013 5.7 0.002 3.7 0.104 



- 1 - 
 

 - 1 -

  cIPS 4.0 0.066 4.4 0.027 4.0 0.067 

  V4 & LO-1 3.0 0.379 5.9 0.0014 5.1 0.007 

  LOC 16.6 2 × 10-9 16.8 2 × 10-9 6.8 3 × 10-4 

  LO 13.2 7 × 10-8 11.1 7 × 10-7 7.0 2 × 10-4 

  pFs 4.0 0.060 5.3 0.004 5.0 0.008 

4 Explained variance V1 3.0 0.362 9.2 8 × 10-6 19.5 3 × 10-10 

 (R2) V2 & V3 3.4 0.191 9.9 3 × 10-6 11.0 8 × 10-7 

  in correlation- V3ab 6.4 6 × 10-4 10.2 2 × 10-6 7.1 2 × 10-4 

  based RDMs MT+ 8.6 2 × 10-5 9.2 8 × 10-6 5.76 0.002 

  cIPS 4.7 0.016 7.0 2 × 10-4 5.78 0.002 

  V4 & LO-1 6.7 4 × 10-4 11.2 6 × 10-7 8.7 2 × 10-5 

  LOC 18.5 5 × 10-10 21.1 8 × 10-11 10.6 1 × 10-6 

  LO 14.8 1 × 10-8 18.0 8 × 10-10 11.4 5 × 10-7 

  pFs 4.9 0.011 7.3 1 × 10-4 4.7 0.017 

 


