
Accepted manuscripts are peer-reviewed but have not been through the copyediting, formatting, or proofreading
process.

Copyright © 2017 the authors

This Accepted Manuscript has not been copyedited and formatted. The final version may differ from this version.

Research Articles: Behavioral/Cognitive

Interaction between scene and object processing revealed by human fMRI
and MEG decoding

Talia Brandman1 and Marius Vincent Peelen1

1Center for Mind/Brain Sciences, University of Trento, 38068 Rovereto (TN), Italy

DOI: 10.1523/JNEUROSCI.0582-17.2017

Received: 1 March 2017

Revised: 5 June 2017

Accepted: 28 June 2017

Published: 7 July 2017

Author contributions: T.B. and M.V.P. designed research; T.B. performed research; T.B. analyzed data; T.B.
and M.V.P. wrote the paper.

Conflict of Interest: The authors declare no competing financial interests.

We thank Nikolaas Oosterhof and Daniel Kaiser for useful advice on data analysis, and Clayton Hickey,
David Melcher and our reviewers for valuable comments on this manuscript. The research was funded by
the Autonomous Province of Trento, Call "Grandi Progetti 2012", project "Characterizing and improving brain
mechanisms of attention - ATTEND", and by the European Union's Horizon 2020 research and innovation
programme under the Marie Sklodowska-Curie grant agreement No 659778. This manuscript reflects only the
authors' view and the Agency is not responsible for any use that may be made of the information it contains.

Corresponding Author: Talia Brandman, Corso Bettini, 31, 38068 Rovereto (TN), Italy, +39-3245408541,
talli.brandman@gmail.com

Cite as: J. Neurosci ; 10.1523/JNEUROSCI.0582-17.2017

Alerts: Sign up at www.jneurosci.org/cgi/alerts to receive customized email alerts when the fully formatted
version of this article is published.



 

 1 

Interaction between scene and object processing revealed by human fMRI and MEG 1 

decoding 2 

 3 

(Scene-object interactions in visual cortex) 4 

 5 

Talia Brandman1 and Marius Vincent Peelen1 6 

 7 
1 Center for Mind/Brain Sciences, University of Trento, 38068 Rovereto (TN), Italy 8 

 9 

Corresponding Author: 10 

Talia Brandman 11 

Corso Bettini, 31, 38068 Rovereto (TN), Italy 12 

+39-3245408541 13 

talli.brandman@gmail.com 14 

 15 

33 pages; 8 figures. 16 

Word count: Abstract 213; Introduction 650; Discussion 1159. 17 

 18 

The authors declare no competing financial interests. 19 

 20 

Acknowledgements 21 

We thank Nikolaas Oosterhof and Daniel Kaiser for useful advice on data analysis, and 22 

Clayton Hickey, David Melcher and our reviewers for valuable comments on this manuscript. 23 

The research was funded by the Autonomous Province of Trento, Call "Grandi Progetti 24 

2012", project "Characterizing and improving brain mechanisms of attention - ATTEND", 25 

and by the European Union’s Horizon 2020 research and innovation programme under the 26 

Marie Sklodowska-Curie grant agreement No 659778. This manuscript reflects only the 27 

authors’ view and the Agency is not responsible for any use that may be made of the 28 

information it contains. 29 

 30 

 31 

  32 



 

 2 

Abstract 33 

 34 

Scenes strongly facilitate object recognition, such as when we make out the shape of a distant 35 

boat on the water. Yet, though known to interact in perception, neuroimaging research has 36 

primarily provided evidence for separate scene- and object-selective cortical pathways. This 37 

raises the question of how these pathways interact to support context-based perception. Here 38 

we used a novel approach in human fMRI and MEG studies to reveal supra-additive scene-39 

object interactions. Participants (men and women) viewed degraded objects that were hard to 40 

recognize when presented in isolation but easy to recognize within their original scene 41 

context, in which no other associated objects were present. fMRI decoding showed that the 42 

multivariate representation of the objects’ category (animate/inanimate) in object-selective 43 

cortex was strongly enhanced by the presence of scene context, even though the scenes alone 44 

did not evoke category-selective response patterns. This effect in object-selective cortex was 45 

correlated with concurrent activity in scene-selective regions. MEG decoding results revealed 46 

that scene-based facilitation of object processing peaked at 320 ms after stimulus onset, 100 47 

ms later than peak decoding of intact objects. Altogether, results suggest that expectations 48 

derived from scene information, processed in scene-selective cortex, feed back to shape object 49 

representations in visual cortex. These findings characterize, in space and time, functional 50 

interactions between scene- and object-processing pathways.  51 

 52 

Significance Statement 53 

 54 

Although scenes and objects are known to contextually interact in visual perception, the study 55 

of high-level vision has mostly focused on the dissociation between their selective neural 56 

pathways. The current findings are the first to reveal direct facilitation of object recognition 57 
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and neural representation by scene background, even in the absence of contextually-58 

associated objects. Using a multivariate approach to both fMRI and MEG, we characterize the 59 

functional neuroanatomy and neural dynamics of such scene-based object facilitation. Finally, 60 

the correlation of this effect with scene-selective activity suggests that while functionally 61 

distinct, scene and object processing pathways do interact at a perceptual level to fill in for 62 

insufficient visual detail. 63 

 64 

Introduction 65 

 66 

Scene context powerfully shapes our perception of objects in everyday life, facilitating 67 

recognition when objects are small, distant, shaded, or partially occluded (Oliva and Torralba, 68 

2007). For example, Figure 1A gives the clear impression of a sailing ship, but not when 69 

isolated from its background. The neural basis of such scene-based object perception remains 70 

largely unexplored. Previous work has focused on distinct neural mechanisms of object and 71 

scene processing, providing evidence for separate object- and scene-selective areas (Malach et 72 

al., 1995; Epstein and Kanwisher, 1998) that each have a causal role in the perception of their 73 

preferred category (Mullin and Steeves, 2011; Dilks et al., 2013). In the present study we used 74 

functional magnetic resonance imaging (fMRI) and magnetoencephalography (MEG) to ask 75 

how these two types of information interact in the brain, probing the functional neuroanatomy 76 

and neural dynamics of contextual facilitation of objects in real-world scenes. 77 

 78 

Previous behavioral and neuroimaging studies have examined contextual processing using 79 

scene-object congruity paradigms, measuring the effects of contextual violations on object 80 

perception and neural responses. These studies found that semantic violations and spatial 81 

violations impair object detection and recognition (Biederman et al., 1982; Boyce and 82 
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Pollatsek, 1992; Bar and Ullman, 1996; Davenport and Potter, 2004). Neuroimaging studies 83 

show increased EEG and fMRI responses to incongruent scene-object displays, depending on 84 

the type of violation and task (Ganis and Kutas, 2003; Demiral et al., 2012; Vo and Wolfe, 85 

2013; Mudrik et al., 2014; Remy et al., 2014). These increased responses to incongruent 86 

conditions – potentially reflecting prediction error signals (Noppeney, 2012) – suggest 87 

contextual cues present in the scene influence the processing of objects, at some level of 88 

processing. However, extant results do not identify the mechanisms by which scene 89 

information acts to shape the perceptual interpretation of objects.  90 

 91 

There are two competing accounts of how the brain could use scene information to shape 92 

object processing. One possibility is that scene information facilitates the processing of 93 

objects at a perceptual stage. For example, according to the contextual-facilitation model (Bar, 94 

2004), rapidly formed predictions derived from contextual associations project back to the 95 

inferior-temporal cortex, activating candidate object representations. Such an account is 96 

broadly similar to recent views on the role of expectation in perception (Summerfield and de 97 

Lange, 2014), with scene context creating expectations about object identities. 98 

 99 

An alternative is that visual scene and object processing proceed in parallel with information 100 

being integrated only at post-perceptual stages (Hollingworth and Henderson, 1999), in line 101 

with studies showing the functional independence of these visual pathways (Mullin and 102 

Steeves, 2011; Dilks et al., 2013). Thereby, object and scene processing regions in the visual 103 

cortex would independently represent bottom-up sensory information, with integration 104 

occurring at post-perceptual regions. 105 

 106 
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To distinguish between these possibilities, we developed a new approach that boosts the 107 

facilitating effect of scenes on the perceptual interpretation of objects, by reducing internal 108 

object information. Specifically, we presented degraded objects either in their intact scenes or 109 

in isolation, as well as the scenes alone (Figure 1b). These three conditions allowed us to test 110 

whether perceptual representations of objects and scenes are independent or interactive by 111 

comparing responses evoked by degraded objects in scenes with the sum of responses evoked 112 

by degraded objects alone and scenes alone. This supra-additivity test of object and scene 113 

processing was applied to fMRI, MEG and behavioral measures. We used multivariate pattern 114 

analysis (MVPA) (Haxby et al., 2001) to track how objects were represented in the brain. To 115 

this end, we trained a machine-learning algorithm to classify the neural responses elicited by 116 

intact objects, and then tested its classification of neural responses evoked by degraded 117 

objects with and without scenes, and scenes alone (Figure 1c). This allowed us to determine 118 

how scene context impacted the resemblance of response patterns evoked by degraded objects 119 

to those evoked by intact objects. We thus characterize, in space and time, the facilitating 120 

effects of scene context on the neural representation of objects. 121 

 122 

Materials & Methods 123 

 124 

In Study 1 and Study 2 we measured the multivariate representations of object animacy in 125 

fMRI and MEG signals, while participants performed an oddball detection task (see General 126 

Procedure). In a separate animacy pattern localizer used for classifier training, participants 127 

viewed intact animate and inanimate objects, fully visible and in high resolution, presented in 128 

isolation. In addition, for the fMRI experiment, a region-of-interest (ROI) localizer served to 129 

localize object- and scene-selective ROIs in visual cortex. Finally, Study 3 measured object 130 
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perception behaviorally. All procedures were approved by the ethics committee of the 131 

University of Trento.  132 

 133 

Experimental Stimuli 134 

The stimulus set consisted of degraded objects that were perceived as ambiguous on their own 135 

but that were easily categorized in context. We ensured that the background scenes did not 136 

contain objects that were specifically associated with one of the object categories, such as 137 

other animals or traffic signs. The main experiment included photographs of 30 animate 138 

(animals and people) and 30 inanimate (cars, boats, planes and trains) objects in outdoor 139 

scenes. Sixty photographs of scenes from MorgueFile database (www.morguefile.com) were 140 

cropped and cleaned to include one dominant foreground object. Each object was selected and 141 

downsized in resolution (i.e. pixelated), and saved once in its original background, and once 142 

on a uniform gray background of mean luminance of the original background. The image was 143 

also edited to exclude the object and saved as background only. The final images (180 in 144 

total) included the degraded objects in scenes, the degraded objects alone, and the scenes 145 

alone (see samples in Figure 1b). To avoid familiarity effects passing from objects in scenes 146 

to objects alone, the stimulus set was split in two, such that different objects were presented 147 

for degraded objects in scenes and for degraded objects alone within a given subject (For 148 

example, for two stimuli Bird1 and Bird2, a given participant would either view Bird1 in 149 

isolation and Bird2 in the sky, or vice versa). The scenes alone matched the degraded objects 150 

alone (participants who viewed Bird1 in isolation would also view its background separately, 151 

but not embedded). The two sets were counterbalanced across subjects. The animacy pattern 152 

localizer used in studies 1-2 included the 60 objects from the main experiment, and an 153 

additional set of 60 new objects that were matched for category and sub-category of the main-154 

experiment set, enlarged, in high resolution and centered on a white background. Visual 155 
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angles: 6.07x4.55 behavioral, 6.15x4.61 in MRI, 5.99x4.50 in MEG (400x300 pixels on MRI 156 

and MEG displays). 157 

 158 

Stimulus Optimization and Selection 159 

The stimulus set was optimized and validated in a behavioral pilot experiment in laboratory 160 

setting, in which participants rated the degraded objects’ animacy, to compare the level of 161 

object ambiguity in isolation vs. in context. Participants were asked to rate each degraded 162 

object, presented either within its original scene context or on a white background, on a scale 163 

of animacy from 1 – inanimate to 8 – animate. Participants’ ratings were normalized to a 164 

mean of 0 and standard deviation of 1. The final stimulus set, used in the fMRI and MEG 165 

studies, consisted of objects that were perceived as more ambiguous on their own than in 166 

context (N=8; animate: t = 3.70, p = 0.008; inanimate: t = 6.42, p < 0.001), with a mean 167 

difference of 0.70 between normalized scores of objects with and without context. Fifty-four 168 

additional objects, showing smaller differences in ratings (between scene background or white 169 

background), were tested in the piloting stages but were excluded from the final stimulus set. 170 

 171 

General Procedure for Studies 1-2 172 

On each trial, participants viewed a single briefly presented (50 ms) stimulus. During main-173 

experiment runs participants performed an oddball task, in which they pressed a button each 174 

time a number was presented instead of an object or scene. They were also instructed to 175 

memorize the objects. The main experiment was followed by the animacy pattern localizer. 176 

On the first run of the pattern localizer participants pressed a button each time they recognized 177 

a memorized object. On the following runs they performed the oddball number task.  178 

 179 

Study 1: fMRI 180 
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 181 

Participants 182 

Nineteen healthy participants (12 female, mean 25 years ± 4.4 SD) were included. All 183 

participants had normal or corrected to normal vision and gave informed consent. Sample size 184 

was chosen to exceed that of previous studies using similar fMRI decoding methods, (e.g. 185 

Proklova et al., 2016). Two additional participants were excluded from data analysis due to 186 

excessive head motion during scanning.  187 

 188 

Experimental Design 189 

The main experiment consisted of 5 scanner runs of 352 s duration, each composed of 4 190 

fixation blocks and 3 blocks for each of the 6 conditions: animate/inanimate x 191 

object/scene/object-in-scene (total 18). The animacy pattern localizer consisted of 3 scanner 192 

runs of 336 s duration, each composed of 5 fixation blocks and 4 blocks per condition: 193 

animate/inanimate x old/new (total 16). Each block consisted of 16 trials, in which a stimulus 194 

was presented for 50 ms followed by a 950 ms fixation.  This resulted in 240 trials (120 2-sec 195 

volumes) per condition in the main experiment, and 192 trials (96 2-sec volumes) per 196 

condition in the animacy pattern localizer. 197 

 198 

Data Acquisition and Preprocessing 199 

Whole-brain scanning was performed with a 4T Bruker MedSpec MRI scanner using an 8-200 

channel head-coil. T2*-weighted EPIs were collected (TR = 2.0 s, TE = 33 ms, 73° flip angle, 201 

3 × 3 × 3 mm voxel size, 1-mm gap, 30 slices, 192-mm FOV). A high-resolution T1-weighted 202 

image (magnetization prepared rapid gradient echo; 1 × 1 × 1 mm voxel size) was obtained as 203 

an anatomical reference. The data were analyzed using MATLAB (MathWorks; 204 

RRID:SCR_001622) with statistical parametric mapping (SPM; RRID:SCR_007037). Each 205 
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run was preceded by 12 s fixation discarded from the analysis. Preprocessing included slice-206 

timing correction, realignment and spatial smoothing with a 6 mm full-width at half-207 

maximum (FWHM) Gaussian kernel. A GLM HRF model was estimated for each participant 208 

for the univariate analyses.  209 

 210 

Category-Selectivity Localizer 211 

A category-selectivity localizer ended the scanning session, designed to identify object-212 

selective and scene-selective areas. The localizer included 80 grayscale images per category 213 

of objects, scenes, bodies and scrambled objects (i.e. a random mixture of pixels of each of 214 

the object images). It consisted of 2 scanner runs of 336 s duration, each composed of 5 215 

fixation blocks and 4 blocks per condition: object/scene/body/scrambled-object (total 16). 216 

Each block consisted of 20 trials, in which a stimulus was presented for 350 ms followed by a 217 

450 ms fixation. Participant performed a 1-back task, in which they pressed a button every 218 

time the same image was presented twice in a row. One participant was removed from the 219 

ROI analysis due to excessive head motion during the category-selectivity localizer. 220 

 221 

Individual ROI Selection 222 

Object-selective areas were functionally defined by stronger responses to intact objects than 223 

to scrambled objects in the category-selectivity localizer. These were defined for each 224 

participant in native space by contrasting activity evoked by intact objects against scrambled 225 

objects and against baseline activity. Lateral occipital (LO) and posterior fusiform sulcus 226 

(pFs) ROIs were generated bilaterally for each participant by identifying occipital and 227 

temporal voxels in the ventral visual stream where both contrasts garnered uncorrected p 228 

values less than 0.01. Similarly, scene-selective areas were functionally defined by stronger 229 

responses to scenes than to objects and scrambled objects. These were defined for each 230 
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participant in native space by contrasting activity evoked by scenes against objects, against 231 

scrambled objects and against baseline activity. Transverse occipital sulcus (TOS) and 232 

parahippocampal place area (PPA) ROIs were generated bilaterally for each participant by 233 

identifying occipital and temporal voxels in the ventral visual stream where the 3 contrasts 234 

garnered uncorrected p values less than 0.01. In most participants, individually-selected 235 

retrosplenial complex (RSC) was too small to perform MVPA, and it was therefore excluded 236 

from the individual ROI analysis. To limit dimensionality effects on classifier performance 237 

and prevent over-fitting (Hastie et al., 2001), only the most significant 100 voxels of each 238 

ROI were included in the analysis. ROIs smaller than 20 voxels were discarded (one 239 

participant removed from LO, 2 removed from TOS). Decoding accuracy was then averaged 240 

across hemispheres.  241 

 242 

Multivariate Analysis 243 

The data within each voxel were detrended and normalized (mean and STD) across the time-244 

course of each run, and shifted two volumes (4 s) to account for the hemodynamic lag. The 245 

data were then averaged across blocks within each run, resulting in one block of 8 volumes 246 

per condition per run. Multivariate analysis was performed using CoSMoMVPA toolbox 247 

(Oosterhof et al., 2016; RRID:SCR_014519). An LDA classifier discriminated between 248 

response patterns to animate vs. inanimate objects. The decoding approach is illustrated in 249 

Figure 1c. First, decoding of intact object animacy was measured within the animacy pattern 250 

localizer, by training on old-object trials (i.e. objects included in the main-experiment set), 251 

and testing on new-object trials. Next, cross-decoding was achieved by training on all 252 

conditions of the animacy pattern localizer, and testing on each of the main-experiment 253 

conditions (object, scene, object-in-scene). For each participant, cross decoding was 254 
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performed across all voxels of each ROI, resulting in an overall accuracy score for the ROI 255 

for each of the 3 conditions.  256 

 257 

Searchlight Analysis 258 

The same cross-decoding method described above was applied in a searchlight approach 259 

(Kriegeskorte et al., 2006), across the whole brain of each participant. The searchlight 260 

analysis was performed separately for each of the main experiment conditions, in native 261 

space, with a radius of 3 voxels, resulting in an accuracy score for each voxel for each of the 3 262 

conditions. Thereafter, accuracy maps were normalized to MNI space for group significance 263 

testing. Supra-additive contextual facilitation was examined by contrasting decoding accuracy 264 

for degraded objects in scenes against the sum of accuracies for degraded objects alone and 265 

scenes alone. To ensure that the resulting clusters were driven by enhanced decoding of 266 

degraded objects in scenes rather than below-chance decoding of objects alone or scenes 267 

alone, this contrast was tested in conjunction with three additional contrasts of decoding 268 

accuracy for degraded objects in scenes against chance (50%), against degraded objects alone 269 

and against scenes alone. For each of these 4 contrasts separately, voxel-wise significance was 270 

tested by computing random-effect cluster statistics corrected for multiple comparisons, using 271 

threshold free cluster enhancement (TFCE, p < 0.05) (Smith and Nichols, 2009; Stelzer et al., 272 

2013). The group searchlight ROI is the full conjunction of the 4 TFCE maps. 273 

 274 

Correlation Analysis   275 

We tested for a significant correlation across subjects, between the contextual facilitation 276 

revealed by the searchlight analysis, and evoked activity in 5 scene-selective areas: right RSC, 277 

bilateral PPA and bilateral TOS. These ROIs were defined in a group analysis in MNI space 278 

by contrasting activity evoked by scenes against objects, against scrambled objects, and 279 
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against baseline activity. RSC, PPA and TOS were generated by identifying occipital, 280 

temporal and retrosplenial voxels in the ventral visual stream where all 3 contrasts garnered 281 

uncorrected p values less than 0.01 at group-level (random effects). The RSC was identified 282 

only in the right hemisphere, whereas the TOS and PPA were identified bilaterally. Univariate 283 

activity in scene-selective areas was defined by the average across voxel-wise T-values, 284 

contrasting degraded objects in scenes with the mean of degraded objects alone and scenes 285 

alone. As a comparable measure, contextual facilitation for this analysis was calculated as the 286 

average across voxel-wise decoding accuracies for degraded objects in scenes minus the mean 287 

of degraded objects alone and scenes alone, as revealed by the searchlight analysis (similar 288 

results were obtained with the supra-additive measure of contextual facilitation). Since the 289 

main cluster found in the searchlight analysis was in the right occipital-temporal cortex, this 290 

region was chosen as the seed for the correlation analysis. Thus, the seed was defined as 291 

voxels in the right hemisphere showing significant supra-additive contextual facilitation in the 292 

4-way conjunction analysis (see Searchlight Analysis above). In addition, we tested the same 293 

correlation using object-selective voxels in the lateral occipital cortex (LOC) as seed region, 294 

composed of LO and pFs bilaterally. 295 

 296 

Controlling for multiple comparisons 297 

All significant t-tests and correlations reported remained significant when correcting for 298 

multiple comparisons within each section of the Results, using False discovery rate (FDR) at a 299 

significance level of .05.  300 

 301 

Study 2: MEG 302 

 303 

Participants 304 
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Twenty-five healthy participants (10 female, mean 25 years ± 3.3 SD) were included. All 305 

participants had normal or corrected to normal vision and gave informed consent. Sample size 306 

was chosen to exceed that of previous studies using similar MEG decoding methods, (e.g. 307 

Carlson et al., 2013). Four additional participants were excluded from data analysis due to 308 

excessive signal noise, which incurred removal of many noisy trial and/or channels, leaving 309 

insufficient data for classification analysis. 310 

 311 

Experimental Design 312 

The main experiment consisted of 8 runs of 285 s duration, each composed of 5 fixation 313 

breaks (8 s each), 6 oddball trials and 15 trials per condition: animate/inanimate x 314 

object/scene/object-in-scene (96 trials/run). The animacy pattern localizer consisted of 3 runs 315 

of 382 s duration, each composed of 7 fixation breaks (8 s each), 8 oddball trials and 30 trials 316 

per condition: animate/inanimate x old/new (128 trials/run). This resulted in 120 trials per 317 

condition in the main experiment, and 90 trials per condition in the animacy pattern localizer. 318 

Each trial began with 500 ms fixation, followed by 50 ms stimulus presentation, and followed 319 

by a mean ITI of 2 s ± 500 ms jitter. Trials were randomly intermixed. 320 

 321 

Data Acquisition and Preprocessing 322 

Electromagnetic brain activity was recorded using an Elekta Neuromag 306 MEG system, 323 

composed of 204 planar gradiometers and 102 magnetometers. Signals were sampled 324 

continuously at 1000 Hz and band-pass filtered online between 0.1 and 330Hz. Offline 325 

preprocessing was done using MATLAB (RRID:SCR_001622) and the FieldTrip analysis 326 

package (RRID:SCR_004849). Artifact removal was performed manually by excluding noisy 327 

trials and channels. Data were then demeaned, detrended, down-sampled to 100 Hz and time-328 
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locked to stimulus onset. The data were averaged across trials of the same exemplar within 329 

each run, resulting in one trial per exemplar per run. 330 

 331 

Multivariate Analysis 332 

Decoding was performed across posterior magnetometers (48 channels before noise-based 333 

exclusion) of each participant, between 0 and 500 ms. Prior to decoding, temporal smoothing 334 

was performed by averaging across neighboring time-points with a radius of 2 (20 ms). 335 

Decoding of intact object animacy as well as the cross-decoding analysis followed the same 336 

classification method as in Study 1. Decoding was performed for every possible combination 337 

of training and testing time-points between 0 and 500 ms, resulting in a 50 x 50 matrix of 10 338 

ms time-points, for each of the 3 conditions, per subject. In addition, to generate a measure of 339 

same-time cross-decoding, decoding accuracy of each time-point along the diagonal of the 340 

matrix was averaged with its neighboring time-points at a radius of 2 (20 ms). Significance 341 

was tested on contrasts across the entire time-by-time matrix as well as along same-time cross 342 

decoding using TFCE (p < 0.05). 343 

 344 

Study 3: behavior 345 

 346 

Object perception was measured in a series of online behavioral studies conducted via 347 

Amazon Mechanical Turk. Although the physical experimental settings (e.g. screen 348 

parameters, room lighting) in online data collection vary across participants, these settings did 349 

not systematically vary across conditions because each participant completed trials of all 350 

conditions in random order. 351 

 352 

Study 3a: object recognition 353 
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 354 

Two experiments measured the behavioral recognition of degraded objects, degraded objects 355 

in scenes and scenes alone. The first experiment was conducted with the original stimulus set 356 

used in Studies 1-2, and the second experiment tested its replicability with a cropped version 357 

of these stimuli. 358 

 359 

Participants 360 

Thirty-eight participants (19 female, mean 35 years ± 10 SD) were included in the initial 361 

experiment, and 19 participants (6 female, mean 37 years ± 10 SD), who did not participate in 362 

the initial experiment, participated in the replication. All participants had normal or corrected 363 

to normal vision and gave informed consent. Initial sample size was chosen to exceed that of 364 

previous studies investigating similar behavioral effects, (e.g. Munneke et al., 2013). Two 365 

additional participants were excluded from data analysis due to chance-level performance 366 

throughout the task. One additional participant was excluded from the analysis of the 367 

replication due to insufficient valid responses. 368 

 369 

Stimuli 370 

In the replication experiment, degraded objects alone were cropped to exclude redundant 371 

pixels including shadows and reflections of the original stimuli.   372 

 373 

Procedure 374 

On each trial, participants typed in the object they perceived in the briefly presented image. 375 

They were instructed to guess the appropriate object for empty scenes. The stimulus subset 376 

was presented once per subject, in random order, resulting in 90 test trials. Eight practice 377 
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trials preceded the test trials. In each trial, a stimulus was presented for 50 ms, after which a 378 

blank screen with an open question field appeared until response. 379 

 380 

Response Quantification 381 

Behavioral data were quantified by coding open answers into 9 object categories: bird, fish, 4-382 

legged mammal, human, road vehicle, train, watercraft, aircraft, and other. In addition to this 383 

9-category coding scheme, fine-grain recognition was measured by coding open answers into 384 

18 object categories: duck (or swan, goose), bird, whale, dog, sheep (or goat, lamb), squirrel 385 

(or chipmunk), deer (or elk, moose), dog, cat (or kitten), horse (or pony, donkey), calf (or 386 

cow, bull, buffalo), rabbit, human, boat (but not raft, barge), plane (but not helicopter), tractor 387 

(or truck), car (but not bus, carriage), train, and other. 388 

 389 

Study 3b: object detection 390 

 391 

The last online experiment measured the rapid detection of animacy (yes/no) in degraded and 392 

intact objects, with and without scenes.   393 

 394 

Participants 395 

Forty participants (14 female, mean 36 years ± 10 SD) were included in the experiment. Half 396 

of the participants were presented with degraded objects, and the other half were presented 397 

with intact objects. All participants had normal or corrected to normal vision and gave 398 

informed consent. 399 

 400 

Stimuli 401 
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Degraded-object stimuli included the degraded objects and degraded objects in scenes used in 402 

Studies 1, 2 and 3a. Intact-object stimuli were the same objects and objects in scenes without 403 

object degradation, such that object resolution was as high as scene resolution. 404 

 405 

Procedure 406 

On each trial, participants pressed 1 if they detected an animate object in the image or 0 if 407 

they did not. They were instructed to respond as fast as possible without compromising 408 

accuracy. The stimulus subset was presented 3 times per subject, in random order, resulting in 409 

180 test trials. Two practice blocks, 4 trials each, preceded the test trials. Timing feedback 410 

was given on the second practice block and on the test trials. In each trial, a stimulus was 411 

presented for 50 ms, after which a blank screen appeared until response. Following responses 412 

longer than 1 second, participants were presented with the feedback “Too slow” on the screen 413 

before proceeding to the next trial.  414 

 415 

Results 416 

 417 

Study 1: fMRI 418 

 419 

Decoding intact object animacy in object-selective cortex 420 

In a first analysis of the fMRI data, we assessed the representation of animacy in object-421 

selective cortex for the animacy pattern localizer data. Results showed that object animacy 422 

was strongly represented in two object-selective areas: the lateral occipital area (LO; decoding 423 

accuracy M = 81.19%; against chance: t(16) = 11.02, p < 0.001, d = 2.67) and the posterior 424 

fusiform area (pFs; M = 79.75%; t(17) = 12.16, p < 0.001, d = 2.87). These results replicate 425 

previous findings of animacy decoding in visual cortex (Kriegeskorte et al., 2008). 426 
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 427 

Scene-based object facilitation in object-selective cortex 428 

Next, we examined the representation of object animacy in object-selective areas for each of 429 

the three main experiment conditions. Classifiers were trained on data from the animacy 430 

pattern localizer and tested on the conditions in the main experiment using a cross-decoding 431 

approach (Figure 1c). Animacy of degraded objects presented within scene context could be 432 

reliably decoded in both LO and pFs (against chance; LO t(16) = 6.43, p < 0.001, d = 1.56; 433 

pFs t(17) = 6.14, p < 0.001, d = 1.45; Figure 2). Most importantly, decoding accuracy for 434 

degraded objects in scenes was higher than the sum of accuracies (minus chance: 50%) for 435 

degraded objects alone and scenes alone (LO t(16) = 2.99, p = 0.008, d = 0.72; pFs t(17) = 436 

2.62, p = 0.018, d = 0.62), demonstrating supra-additive contextual facilitation. Moreover, the 437 

presence of the scene strongly boosted the decoding of degraded objects in scenes relative to 438 

when these same objects were shown in isolation (LO t(16) = 3.25, p = 0.005, d = 0.79; pFs 439 

t(17) = 2.96, p = 0.009, d = 0.70), even though activity patterns evoked by the scenes 440 

themselves did not carry any information about object animacy (against chance; LO t(16) = 441 

0.75, p = 0.465, d = 0.18; pFs t(17) = 0.07, p = 0.946, d = 0.02). 442 

 443 

In addition, as an alternative method to test for supra-additive contextual facilitation, we 444 

summed the BOLD responses for degraded objects alone and scenes alone before decoding 445 

(MacEvoy and Epstein, 2011), then tested the difference in decoding accuracy between 446 

degraded objects in scenes and the combined signal for degraded objects alone and scenes 447 

alone. All other steps were the same as in the analysis reported above above. Using this 448 

approach too, supra-additive contextual facilitation was significant (LO t(16) = 5.60, p < 449 

0.001, d = 1.36; pFs t(17) = 4.09, p < 0.001, d = 0.96).  450 

 451 
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Finally, to test whether contextual facilitation found in object-selective areas was related to 452 

differences in overall activation in these regions, we examined animate and inanimate 453 

univariate BOLD responses within each area. Data were processed similarly as for 454 

multivariate analysis, excluding the normalization step. Results showed no differences 455 

between animate and inanimate degraded objects in scenes (LO t(16) = 1.08, p = 0.324, d = 456 

0.08; pFs t(17) = 1.16, p = 0.262, d = 0.06) or degraded objects alone (LO t(16) = 1.65, p = 457 

0.119, d = 0.03; pFs t(17) = 1.40, p = 0.179, d = 0.04). Thus, multivariate representations of 458 

object animacy as measured here cannot be explained by regional response-magnitude 459 

differences between animate and inanimate objects.  460 

 461 

Scene-based object facilitation in scene-selective cortex 462 

Given previous reports of object decoding in scene-selective areas (e.g. Harel et al., 2013), we 463 

extended the same cross-decoding approach to TOS and PPA. Animacy of degraded objects 464 

in scenes could be reliably decoded in both TOS and PPA (against chance; TOS t(15) = 3.80, 465 

p = 0.002, d = 0.95; PPA t(17) = 5.71, p < 0.001, d = 1.34; Figure 3), in line with previous 466 

reports. However, in scene-selective areas, in contrast to object-selective areas, decoding 467 

accuracy for degraded objects in scenes was not significantly different from the sum of 468 

accuracies (minus chance) for degraded objects alone and scenes alone (TOS t(15) = 0.49, p = 469 

0.630, d = 0.12; PPA t(17) = 1.99, p = 0.062, d = 0.47), demonstrating additive facilitation in 470 

these areas. This was confirmed by a significant interaction (F(2,28) = 11.48, p < 0.001, p
2 = 471 

0.45) between regions (object-selective, scene-selective) and context (degraded object in 472 

scene, degraded object, scene). 473 

 474 

Scene-based object facilitation in the whole brain 475 
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To test for contextual facilitation outside object- and scene-selective areas we performed the 476 

cross-decoding analysis (Figure 1c) using a searchlight approach, in which contextual 477 

facilitation was defined by a supra-additive boost in decoding accuracy for degraded objects 478 

when presented within scene context. Voxels that reached significance (TFCE p < 0.05) in a 479 

stringent conjunction test (see Materials & Methods) were found in regions of the extrastriate 480 

visual cortex (Figure 4a). These clusters partly overlapped with object-selective cortex but not 481 

scene-selective cortex (Figure 4b). 482 

 483 

The role of scene-selective areas in scene-based object facilitation  484 

In a final analysis, we tested whether the contextual facilitation observed in the extrastriate 485 

visual cortex was related to concurrent processing in scene-selective areas (Figure 5), as 486 

previously proposed (Bar et al., 2001; Kveraga et al., 2011; Aminoff et al., 2013). First, we 487 

tested for a correlation across subjects, between the contextual facilitation in the searchlight 488 

region and evoked activity in 5 scene-selective areas: right RSC, bilateral PPA and bilateral 489 

TOS. Correlation was most significant for the right RSC (r(15) = 0.67, p = 0.002), and also 490 

significant for the right and left PPA and left TOS (r(15) > 0.49, p < 0.038, for all tests), but 491 

not for the right TOS (r(15) = 0.18, p = 0.474). Next, we tested for a correlation between 492 

contextual facilitation in the object-selective LOC and evoked activity in the same 5 scene-493 

selective areas. This similarly revealed significant correlations for the right RSC, right and left 494 

PPA and left TOS (r(15) > 0.70, p < 0.002, for all tests). These results indicate that increased 495 

activity in scene-selective areas was associated with increased contextual facilitation of 496 

objects in extrastriate visual cortex and particularly in object-selective areas, providing 497 

evidence for functional interactions between scene and object processing. 498 

 499 

Study 2: MEG 500 



 

 21 

To characterize the time course of scene-based object facilitation we used the same 501 

experimental approach during MEG recording.  502 

 503 

Decoding intact object animacy across time 504 

In a first analysis, we assessed the temporal dynamics of animacy decoding of intact objects 505 

within the animacy pattern localizer. Classifiers were trained and tested on 10 ms time 506 

intervals from 0 ms to 500 ms relative to stimulus onset, resulting in a 50x50 time-by-time 507 

matrix of decoding accuracy. Results showed significant decoding of object animacy along 508 

the diagonal of the matrix (same training and testing time-points), peaking between 180 and 509 

200 ms after stimulus onset (Figure 6). These results replicate recent findings of animacy 510 

decoding using MEG (Carlson et al., 2013; Cichy et al., 2014). 511 

 512 

Scene-based object facilitation across time 513 

Next, we examined the time course of decoding of object animacy in the main experiment, 514 

using the same cross-decoding approach as in the fMRI study (Figure 1c). Supra-additive 515 

contextual facilitation of degraded objects by scene context was significant (TFCE p < 0.05) 516 

at multiple time points between 320 and 340 ms after stimulus onset (Figure 7). Similar to the 517 

fMRI results (Figure 2), activity patterns evoked by scenes alone did not carry any 518 

information about object animacy (TFCE p > 0.05 across all time-points), yet having the 519 

scene as background to the degraded objects strongly boosted decoding relative to degraded 520 

objects alone. 521 

 522 

Study 3: behavior 523 

 524 

Study 3a: object recognition 525 
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 526 

The fMRI and MEG results show that neural activity evoked by the degraded objects were 527 

better categorized when the objects were presented within scenes. To test whether adding 528 

scene context also leads to better visual recognition of degraded objects, we examined the 529 

perceptual effect of these stimuli in behavioral experiments. 530 

 531 

In an online behavioral task we examined recognition of degraded objects with and without 532 

context, as well as expectations about objects induced by the scene alone. Results revealed 533 

strong object recognition for degraded objects in scenes, which was significantly better than 534 

the summed accuracy for degraded objects alone and scenes alone (t(37) = 3.28, p = 0.002, d 535 

= 0.53), calculated as the distance from chance by subtracting 11.11% (100% divided by 9 536 

object categories) (Figure 8a). A similar effect was found for fine-grained recognition using 537 

the alternative quantification scheme with 18 object categories (t(37) = 2.91, p = 0.006, d = 538 

0.47). These results show that scene context explicitly facilitated the visual recognition of 539 

degraded objects in our experimental stimuli. These results were replicated (t(18) = 2.33, p = 540 

0.031, d = 0.52) in a second experiments using cropped versions of the degraded objects. 541 

 542 

Study 3b: object detection 543 

 544 

Results of Study 3a show that the perception of degraded objects is facilitated by scene 545 

context. To test whether the facilitating effect of scenes is unique to ambiguous objects, we 546 

compared their effect on degraded objects versus intact objects. Since intact objects were 547 

expected to be easily recognized in the paradigm used for Study 3a, we instead used a rapid 548 

detection task with degraded and intact objects, with and without scenes.  549 

 550 
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Results revealed better animacy-detection accuracy for objects in scenes than for objects 551 

alone, for both degraded objects (t(19) = 5.25, p < 0.001, d = 1.17) and intact objects (t(19) = 552 

3.42, p = 0.003, d = 0.76). However, contextual facilitation, measured by the difference 553 

between objects in scenes and objects alone, was much stronger for degraded objects than for 554 

intact objects (t(38) = 3.01, p = 0.004, d = 0.96; Figure 8b). Similar effects were found for 555 

sensitivity (d’; t > 2.5, p < 0.02, for all tests). 556 

 557 

The reduced effect of facilitation for intact objects relative to degraded objects, resembles 558 

accounts of inverse effectiveness observed in multisensory integration (Stein and Stanford, 559 

2008). Thus, to better examine the relationship between input redundancy and integration 560 

effectiveness, we tested the correlation between object-alone ambiguity found in Study 3b and 561 

contextual facilitation found in Study 3a. Ambiguity was defined as [1-accuracy] per object 562 

categorization viewed in isolation. We then correlated these ambiguity scores with the supra-563 

additive measure of contextual facilitation in the original behavioral recognition task, across 564 

object exemplars. The result was a significant correlation between contextual facilitation and 565 

intact-object ambiguity (r(28) = 0.35, p = 0.006), and a weak positive correlation between 566 

contextual facilitation and degraded-object ambiguity (r(28) = 0.21, p = 0.100). In addition, 567 

the two ambiguity scores were highly correlated (r(28) = 0.58, p < 0.001). These results 568 

suggest that the more ambiguous the object, the more effective the facilitation.         569 

 570 

Discussion 571 

 572 

In the current study we investigated how scene and object processing interact to support 573 

context-based perception. We found that scene context facilitated neural representation of 574 

degraded objects in fMRI and MEG, as well as their visual recognition and detection, in a 575 
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supra-additive manner; scenes facilitated the representation of degraded objects even when 576 

they did not evoke such representations on their own. Furthermore, contextual facilitation in 577 

visual cortex and particularly in object-selective areas was correlated with scene-selective 578 

activation, revealing a clear interaction between scenes and objects in their neural 579 

mechanisms of visual processing. These findings suggest that scene information facilitates the 580 

processing of objects at a perceptual stage (i.e. within the visual cortex), thereby providing 581 

direct evidence for interactive views of scene and object perception (Biederman et al., 1982; 582 

Bar and Ullman, 1996; Bar, 2004; Davenport and Potter, 2004). In the following paragraphs, 583 

we employ the current findings to characterize, in space and time, the process of scene-based 584 

object facilitation. 585 

 586 

The fMRI results showed scene-based facilitation in object-selective areas LO and pFs as well 587 

as in extended regions of the extrastriate visual cortex. These results indicate that object 588 

representations in visual cortex can fully rely on low-spatial-frequency object information (i.e. 589 

degraded object resolution) when facilitated by scene context, even in the absence of 590 

contextually-associated objects. Importantly, the degree to which scenes facilitated object 591 

representation was correlated with concurrent activity in scene-selective areas, mostly in the 592 

RSC and PPA. This finding provides novel evidence that scene-selective areas are associated 593 

with scene-based facilitation of object representations, extending previous work on the role of 594 

RSC and PPA in object-object interactions (Bar, 2004).  595 

 596 

Using MEG, we characterized the time course of scene-based object perception, showing 597 

supra-additive contextual facilitation starting from 320 ms after stimulus onset; over 100 ms 598 

later than peak category decoding of intact objects (Carlson et al., 2013; Cichy et al., 2014) 599 

and initial category decoding of intact objects embedded in scenes (Kaiser et al., 2016). This 600 
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delayed timing is unlikely to reflect feed-forward effects (e.g. Johnson and Olshausen, 2003; 601 

Joubert et al., 2007). Rather, given our fMRI results, we propose it reflects a feedback loop 602 

within visual processing. Relatedly, recent findings show that high-level scene representations 603 

emerge at around 250 ms after stimulus onset (Cichy et al., 2016). Taken together with the 604 

correlation with scene-selective areas observed in the fMRI study, this indicates a longer 605 

processing route for scene-defined objects relative to intact objects, in which scene cues are 606 

first processed along the scene pathway, then relayed back to the extrastriate visual cortex to 607 

facilitate object processing.  608 

 609 

The present findings show that when intrinsic object information is insufficient, extrinsic cues 610 

play an important role in shaping the representation of objects. These modulatory influences 611 

have been observed in studies investigating interactions between nearby representations of 612 

frequently co-occurring objects (Cox et al., 2004; Brandman and Yovel, 2010). However, 613 

whereas Cox et al. proposed that object representations themselves contain some embodiment 614 

of likely contexts, the current results suggest that contextual modulation of object 615 

representation can additionally come from a separate processing pathway. Particularly, the 616 

current findings of a temporal delay and a correlation between contextual facilitation and 617 

scene-selective activity point towards the interaction between separate object and scene 618 

processing pathways, rather than the direct embodiment of context within bottom-up object 619 

representations.  620 

 621 

Altogether, our results provide support for matching models of contextual processing, which 622 

postulate that contextual cues reduce the amount of perceptual evidence needed to match an 623 

object with its unique representation, thereby facilitating identification (Bar and Ullman, 624 

1996; Bar and Aminoff, 2003; Bar, 2004; Mudrik et al., 2014). This framework is in line with 625 
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predictive coding models (Srinivasan et al., 1982), by which feedback connections carry 626 

predictions of activation, while bottom-up connections convey the residual errors in 627 

prediction (Rao and Ballard, 1999; Huang and Rao, 2011). Here, the scene may generate 628 

contextual expectations, which evoke predicted object templates that are subsequently 629 

compared with bottom-up input given by the degraded object. More generally, this may 630 

reflect Hebbian learning (Hebb, 1949): stimuli that frequently co-occur in the environment co-631 

activate connected neural representations. Specifically, the degraded object and the scene 632 

context may both induce sub-threshold activation of multiple plausible representations in the 633 

visual cortex. The intersection between scene- and object-triggered activations is then a 634 

unique neural circuit that is activated by both, resulting in an overall supra-threshold 635 

activation of that representation. 636 

 637 

Along these lines, if contextual integration is the convergence of sub-threshold feed-forward 638 

and feedback activations, then it will become redundant for feed-forward inputs that exceed 639 

the threshold on their own. By this logic, the supra-additive effects found in our data may 640 

depend on the insufficiency of ambiguous objects in activating bottom-up representations. In 641 

line with this notion, we found that the facilitating effect of the scene on object detection was 642 

reduced for intact objects, and that object ambiguity was correlated with the effectiveness of 643 

contextual facilitation. In other words, when feed-forward object input was informative on its 644 

own, the scene contributed less to its perception. This inverse relationship, between 645 

redundancy of integrated information and the magnitude of interactive effect, corresponds 646 

with the principle of inverse effectiveness characterized in the field of multisensory 647 

integration (Stein and Stanford, 2008). We therefore propose that a similar principle may 648 

apply for scene-object integration.  649 

 650 
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Finally, we lay out a few open questions inspired by the current findings. First, we must 651 

consider that scene-object integration examined here is unidirectional, in that it tests the 652 

effects of scenes on object encoding, but not the effects of objects on scene encoding. Here, 653 

scene-selective areas did not exhibit supra-additive facilitation of object encoding, and are 654 

therefore less likely to be the locus of integration. However, this does not rule out 655 

convergence of scene and object information within scene selective regions, and should be 656 

examined also for scene encoding, when objects are the facilitator. Second, the current study 657 

targeted mid-to-high-level visual object processing, by generalizing from object-category 658 

representations evoked by large intact isolated objects to responses evoked by degraded 659 

objects in scenes. This approach precludes decoding driven by low-level visual features, but 660 

does not rule out semantically-driven decoding of object category. It could therefore be asked 661 

whether semantic representations of object category contribute to contextual facilitation 662 

emerging in visual cortex, and whether it would generalize to non-visual semantic cues. 663 

Lastly, we point out that there may be other extra-visual factors contributing to the visual 664 

integration of scenes and objects, such as attention and task relevance. 665 

 666 

In sum, the current study provides comprehensive insight into the neural basis of scene-based 667 

object perception. By demonstrating supra-additive contextual facilitation in the visual cortex, 668 

our data provide evidence for the interaction of object and scene processing at a perceptual 669 

stage, likely via feedback processes converging around 320-340 ms after scene onset. Taken 670 

together with correlated activity in scene-selective areas, these findings characterize 671 

functional interactions between scene and object neural pathways. These interactions likely 672 

play an important role in supporting efficient natural vision by facilitating object recognition 673 

in real-world scenes.   674 

 675 
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Figure Legends 785 

 786 

Figure 1. Measuring the representation of contextually-defined objects. 787 

(A) Context-based object perception is demonstrated in this painting by Georges Seurat, 788 

Grandcamp, Evening (1885), in which the boat is a coarse shape (enlarged underneath) 789 

gaining its meaning from scene context; (B) Sample stimuli – animate and inanimate 790 

degraded objects, degraded objects in scenes, and scenes alone; (C) Cross-decoding object 791 

animacy – classifier trained on the multi-voxel (fMRI) or multi-sensor (MEG) response 792 

pattern to animate and inanimate intact objects, and then tested on animate and inanimate 793 

degraded objects, degraded objects in scenes and scenes alone. 794 

 795 

Figure 2. fMRI cross-decoding of object animacy in object-selective cortex. 796 

Analysis of object-selective areas revealed supra-additive contextual facilitation of object-797 

animacy representation in both the LO and pFs. Data are represented as mean distance from 798 

chance (50% decoding accuracy) + SEM. * p < 0.05 ** p < 0.01. 799 

 800 

Figure 3. fMRI cross-decoding of object animacy in scene-selective cortex. 801 

Analysis of scene-selective areas revealed additive contextual facilitation of object-animacy 802 

representation in both the TOS and PPA. Data are represented as mean distance from chance 803 

(50% decoding accuracy) + SEM. 804 

 805 

Figure 4. fMRI cross-decoding of object animacy across the whole brain. 806 

(A) Searchlight analysis revealed supra-additive contextual facilitation of object-animacy 807 

representation in a widespread region of the extrastriate visual cortex (TFCE p < 0.05); (B) 808 
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The searchlight region (red) partially overlapped object-selective areas LO and pFs (blue), but 809 

not scene-selective areas TOS and PPA (green). 810 

 811 

Figure 5. fMRI correlation of contextual facilitation with scene-selective activity 812 

Scatterplots present correlations across subjects between multivariate contextual facilitation in 813 

seed region and context-dependent univariate activity in scene-selective RSC and PPA (right 814 

hemisphere). (A) Searchlight region as seed region; (B) Object-selective LOC as seed region. 815 

* p < 0.05 ** p < 0.01. 816 

 817 

Figure 6. MEG decoding of intact object animacy. 818 

Decoding accuracy across a time-by-time space from stimulus onset to 500 ms, averaged 819 

across subjects. Object animacy was successfully decoded from intact objects within the 820 

animacy pattern localizer. Data are represented as mean distance from chance (50% decoding 821 

accuracy).  822 

 823 

Figure 7. MEG cross-decoding of object animacy. 824 

Matrices represent the decoding accuracy across a time-by-time space from stimulus onset to 825 

500 ms, averaged across subjects. (A) Summed accuracies for degraded objects alone and 826 

scenes alone; (B) Cross-decoding accuracy for degraded objects in scenes; (C) Cross-827 

decoding accuracy along the smoothed time diagonal (matched training and testing times). 828 

Data are represented as mean distance from chance (50% decoding accuracy). * TFCE p < 829 

0.05. 830 

 831 

Figure 8. Visual object perception. 832 
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(A) Object recognition: Category coding of open answers revealed supra-additive contextual 833 

facilitation of object recognition. Data are represented as mean distance from chance (11.11% 834 

recognition accuracy) + SEM; (B) Object-animacy detection: Scenes facilitated performance 835 

for degraded objects significantly more than for intact objects. Data are represented as mean 836 

distance from chance (50% animacy detection accuracy) + SEM. ** p < 0.01.  837 


















