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Abstract 26 

Visual object perception is mediated by information flow between regions of the ventral visual stream 27 
along feedforward and feedback anatomical connections. However, feedforward and feedback signals 28 

during naturalistic vision are rapid and overlapping, complicating their identification and precise 29 

functional specification. Here we recorded human layer-specific fMRI responses to naturalistic object 30 
images in early visual cortex (EVC) and lateral occipital complex (LOC) to isolate feedforward and 31 

feedback information signals spatially by their cortical layer specific termination pattern. We combined 32 

these layer-specific fMRI responses with electroencephalography (EEG) responses for the same images 33 
to segregate feedforward and feedback signals in both time and space. Feedforward signals emerge early 34 

in the middle layers of EVC and LOC, followed by feedback signals in the superficial layer of both 35 
regions, and the deep layer of EVC. Comparing the identified dynamics in LOC to a visual deep neural 36 

network (DNN), revealed that early feedforward signals in LOC encode medium complexity features, 37 

whereas later feedback signals increase the representational format to high complexity features. 38 
Together this specifies the spatiotemporal dynamics and functional role of feedforward and feedback 39 

information flow mediating visual object perception.  40 
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Introduction 41 

Human object vision relies on anatomical bidirectional connections along the ventral visual stream1,2, 42 

spanning the visual hierarchy from early visual cortex (EVC) to the lateral occipital complex (LOC)3. 43 

These connections mediate visual computations via feedforward and feedback information flows, with 44 

complex overlapping spatiotemporal dynamics4–6. While the feedforward flow carries sensory 45 

information up the visual processing hierarchy7,8, downstream feedback concurrently carries 46 

information down the hierarchy, refining and shaping feedforward neural dynamics9. Identifying the 47 

distinct contributions of these information flows to visual computation in space and time is therefore 48 

crucial for understanding the mechanism of human object vision. 49 

 50 
Previous efforts to disentangle the specific signatures of feedforward from feedback have typically used 51 

one of two main approaches. The first involves invasive manipulations on the anatomically-8 and 52 

functionally-defined6,10,11 neural circuits in non-human primates, selectively targeting bottom-up vs top-53 

down processes. While these interventions offer precise circuit-level control, their invasive nature makes 54 
them largely impractical for human research. The second approach comprises contrasting experimental 55 

conditions where the feedforward and feedback contributions vary, such as perception vs mental 56 

imagery12, attention vs non-attention13, and early vs late backward masking5. However, this method 57 

does not directly assess information flow during naturalistic vision and has conceptual limitations, as it 58 

relies on indirect comparisons of experimental conditions that may be confounded by incompletely 59 

controlled differences between them14–16. 60 

 61 
Instead, here we capitalized on the layer-specific anatomical connectivity found in the primate visual 62 

cortex7,8,17, to dissect feedforward from feedback signals: while feedforward connections terminate 63 

primarily in the middle layer18, feedback connections target superficial and deep layers19,20. 64 

 65 

Based on this three-compartment model of cortical depth, we characterized the layer-specific 66 
spatiotemporal dynamics of feedforward and feedback signals in object perception. Using sub-67 

millimeter resolution fMRI at 7T, we recorded layer-specific brain activity in human EVC and LOC 68 

while participants viewed naturalistic object images. We then combined these layer-specific fMRI 69 
responses with time-resolved EEG responses for the same images within the framework of 70 

representational similarity analysis (RSA)21–23 to resolve feedforward and feedback processing in 71 

millisecond resolution. Based on this, we then characterized the representational format in terms of 72 

visual feature complexity of feedforward and feedback processing using artificial deep neural networks. 73 

 74 

Results 75 
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Using sub-millimeter resolution 7T MRI, we recorded gradient-echo blood oxygenation level-dependent 76 
(GE-BOLD) signals in human EVC and LOC in response to 24 different naturalistic object images (Fig. 77 

1A). During the acquisition participants viewed naturalistic object images on real-world backgrounds in 78 

random order (Fig 1B). We estimated the neural response to each condition, i.e., object image, by fitting 79 

a general linear model. 80 
 81 

Robust object information in both EVC and LOC is a precondition for further dissecting feedback and 82 
feedforward-related aspects. To ascertain this, we extracted voxel values from EVC and LOC separately 83 

to form condition-specific pattern vectors (Fig. 1C). Based on these pattern vectors we trained and tested 84 

a support vector machine (SVM) to perform pairwise-object classification of objects. We found robust 85 
decoding accuracy in both EVC (71,16 %, P = 0.0039, one-sample permutation test) and LOC (60,69 86 

%, P = 0.0092), ascertaining reliable object information in those regions (Fig. 1D). 87 

 88 

 89 
Figure 1. Stimuli, experimental design and multivariate pattern classification. (A) Stimulus set. The stimuli consisted of 90 
24 different naturalistic object images. (B) fMRI experimental design. On each trial, participants viewed images for 1 s followed 91 
by a 4-s baseline interval. Participants were required to perform a color-change detection task on the fixation cross that occurred 92 
randomly throughout the experiment. (C) Extraction of voxel values to form condition-specific pattern vectors from region of 93 
interest (example here: EVC) and pairwise-object classification using a support vector machine. ROIs are depicted for 94 
visualization purposes only (D) Object-pairwise multivariate decoding output. Robust object-specific information was reliably 95 
decoded from EVC (71,16 %, P = 0.0039) and LOC (60,69 %, P = 0.0092) using one-sample permutation tests. Error bars 96 
indicate the standard error of the mean across participants. 97 
 98 

We then proceeded to identify and examine the spatiotemporal neural dynamics of visual representations 99 

in two steps that build upon each other. First, we assessed the macroscale of cortical regions (i.e., EVC 100 
and LOC) to establish and thus validate representational EEG-fMRI fusion at 7T, and to characterize 101 

the representational format of the identified dynamics. Based on this validation, we dissect feedforward 102 

from feedback neural processing at the finer mesoscale level of cortical layers. 103 
 104 
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Spatiotemporal neural dynamics of object representations in EVC and LOC at the macroscale of 105 
brain regions 106 

 107 
Figure 2. Representational EEG-fMRI fusion at the macroscale. (A) Representational similarity analysis. For each 108 
condition, we extracted the neural pattern from the region of interest (example here: EVC). We assessed the extent of pattern 109 
dissimilarity by calculating 1 – Pearson’s correlation for all combinations of experimental conditions (i, j) and assigned the 110 
dissimilarity values to an fMRI representational dissimilarity matrix (RDM) indexed by the conditions in rows and columns, 111 
at entry (i, j). ROIs are depicted for visualization purposes only (B) Representational EEG-fMRI fusion. For each time point t, 112 
we correlated the EEG-RDM to the fMRI-RDMs of EVC and LOC using Spearman’s rank order correlation. (C) 113 
Spatiotemporal neural dynamics at the macroscale level. Time course in EVC peaked earlier than in LOC. (D) Difference 114 
between EVC and LOC curves in C. EEG signals correlated first more with EVC than with LOC and later more with LOC 115 
than with EVC. Shaded area indicates the standard error of the mean across participants; colored circles indicate significant 116 
time points (N = 32, cluster-defining threshold P < 0.05, cluster threshold P < 0.05); uncolored circles and horizontal lines 117 
indicate peak latency means and 95% confidence intervals, respectively. (E) Commonality analysis. For each AlexNet layer, 118 
we correlated its RDM to each ROI-specific fMRI-RDM and the mean EEG-RDM at the time interval with significant ROI-119 
specific temporal dynamics. (F) Format of representation (≈ feature complexity) in EVC and LOC. Visual representations of 120 
low-complexity emerge early in EVC, while mid-to-high-level object representations emerge later in LOC. Error bars indicate 121 
the standard error of the mean across participants; colored asterisks indicate significant correlations (N = 32, right-tailed 122 
permutation tests, FDR-corrected; *P < 0.05; **P < 0.01; ***P < 0.001); colored triangles represent model layers with the 123 
highest occurrence proportion, determined through 1,000-iteration bootstraps. 124 
 125 
To establish the time course of object processing in EVC and LOC at the macroscale, we employed 126 

representational EEG-fMRI fusion22–24, which integrates time-resolved EEG with spatially resolved 127 
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fMRI measurements for a combined spatiotemporally resolved view. For MRI, we used the dataset 128 
collected in this study, complemented with EEG responses from an existing dataset to the same set of 129 

24 images5 as in the MRI experiment. We assessed the representational geometry of EVC and LOC with 130 

region-specific representational dissimilarity matrices (RDMs; Fig. 2A), and the representational 131 

geometry of EEG signals with RDMs in a time-resolved way from -200 to 600 ms with respect to image 132 
onset (Fig. 2B). We related EVC and LOC RDMs to the time-resolved EEG-RDMs, yielding a time 133 

course of representational similarity for EVC and LOC each, for which we report peak latency and peak 134 

latency differences with 95% confidence intervals in parenthesis as assessed by bootstrapping (1,000 135 
iterations). 136 

 137 

As expected from the well-established hierarchical organization of the visual system7,8,25, object 138 

processing in EVC preceded that in LOC (Fig. 2C): The EVC time course peaked at 120 ms (100 – 120 139 

ms), whereas the LOC time course peaked later at 180 ms (170 – 370 ms), with a significant difference 140 

between peak times of 60 ms (50 – 250 ms; P < 0.001). Furthermore, in direct comparison by subtraction 141 

of the correlation curves of LOC from EVC, early representations correlated stronger with EVC than 142 
with LOC at 90 ms (90 – 120 ms; Fig. 2D), whereas late representations correlated stronger with LOC 143 
than with EVC at 300 ms (180 – 510 ms). A supplementary EEG-fMRI fusion analysis accounting for 144 
similarities in representational geometry between LOC and EVC by partial correlations confirmed these 145 

observations (Suppl. Fig. 1A and B). Our results extend EEG-fMRI fusion5,22,24,26 from 3T to 7T fMRI 146 

and provide additional support to the procedure, thus warranting a spatially finer investigation of the 147 

spatiotemporal neural dynamics at the mesoscale level of cortical layers. 148 
 149 
The format of object representations in EVC and LOC at the macroscale of brain regions 150 
The visual cortex represents objects in formats of increasing feature complexity from low to high along 151 

the ventral visual stream27–30. To confirm this progression here, we related the neural dynamics of EVC 152 

and LOC to the AlexNet deep neural network (DNN) trained on object categorization31. The underlying 153 

rationale is that the feature complexity of visual representations progressively increases from lower to 154 

higher layers across the network’s layers, so that assessing the fit of the model layers to brain data reveals 155 

feature complexity of the neural representations30,32. We conducted commonality analysis, linking each 156 

of the 7 layer-specific DNN-RDMs to the ROI-specific fMRI-RDMs from EVC and LOC, and to the 157 
mean EEG-RDM at corresponding time intervals, defined by the significant time points of the raw 158 

curves in Fig. 2C. We report peak layers with 95% confidence intervals in parenthesis (1,000 159 

bootstraps). 160 
 161 

We found commonality with predominantly low model layers, with a peak at model layer 2 (2 – 2) in 162 
EVC. and with predominantly middle to high model layers with a peak at model layer 5 (4 – 5) in LOC 163 

(Fig. 2F). This indicates representations of primarily low complexity in EVC and mid- to high-164 
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complexity in LOC. This pattern of results remained consistent when using an alternative experimental 165 
choice based on significant time points from the difference between EVC and LOC curves in Fig. 2D 166 

(Suppl. Fig. 2). Our results thus confirm a transition from representations of low complexity processed 167 

early in EVC into representations of higher complexity processed later in LOC28, further providing 168 

additional support to the analytic approach at 7T and warranting a finer investigation of representational 169 
format at the mesoscale level. 170 

 171 
Spatiotemporal neural dynamics of object representations in EVC and LOC at the mesoscale of 172 

cortical layers 173 

 174 
Figure 3. Representational EEG-fMRI fusion at the mesoscale. (A). For each cortical layer — deep, middle, and superficial 175 
— (example here: for EVC) we computed the partial Spearman’s rank-order correlation between its layer-specific fMRI-RDM 176 
and the EEG-RDM at each time point t. (B) Layer-specific spatiotemporal neural dynamics in EVC. EEG signals correlated 177 
early across layers, with the time course in the middle layer peaking earlier than in the deep and superficial layers. (C) 178 
Difference between EVC layer curves in B. EEG signals correlated lately more with deep and superficial layers than with the 179 
middle layer (D) Layer-specific spatiotemporal neural dynamics in LOC. EEG signals correlated early in the middle layer and 180 
later in the superficial layer. (E) Difference between LOC layer curves in D. EEG signals correlated early more with the middle 181 
layer than with the superficial layer, and later more with the superficial layer than with the middle layer. Shaded area indicates 182 
the standard error of the mean across participants; colored circles indicate significant time points (N = 32, cluster-defining 183 
threshold P < 0.05, cluster threshold P < 0.05); uncolored circles and horizontal lines indicate peak latency means and 95% 184 
confidence intervals, respectively. 185 
 186 
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To investigate the spatiotemporal neural dynamics at the mesoscale level, we applied the research 187 
procedure validated above to the finer level of cortical layers (Fig. 3A). To this end, we segmented the 188 

cortical ribbon into three equidistant layers33: deep, middle and superficial. We then applied 189 

representational EEG-fMRI fusion as established above, but now at the level of layers, to yield time-190 

resolved and layer-specific visual object processing time courses in EVC and LOC. To control for non-191 

specific macrovascular responses34 that affect layer specificity35, we conducted EEG-fMRI fusion 192 

analysis partialing out for each layer the effect of the layers beneath. 193 
 194 
In EVC we observed a correlation pattern suggesting two processing stages (Fig. 3B, C) indexed by 195 

different profiles across layers and in timing. The first stage is marked by a peak in the middle layer at 196 
100 ms (90 – 120 ms; Fig. 3B). The second stage is characterized by peaks at 140 ms in both the deep 197 

(120 –180 ms) and superficial (120 – 190 ms) layers, with significant latency differences of 40 ms (10 198 

– 50 ms; P = 0.004) between the middle layer and the deep layer and 40 ms (20 – 80 ms; P = 0.002) 199 
between the middle layer and superficial layer, but not between the deep layer and the superficial layer 200 

0 ms (-20 – 40 ms; P = 0.814). This pattern was further substantiated by subtracting the layer-specific 201 
time courses which showed significant effects (Fig. 3C). We observed stronger correlations of late 202 
representations at 140 ms with the deep (140–150 ms) and the superficial (140–140 ms) layers than with 203 

the middle layer. This suggests initial feedforward processing in the middle layer and a later emerging 204 
feedback processing with a distinctive layer profile in the deep and superficial layers in EVC. 205 
 206 

In LOC, the results pattern also indicated two stages with a distinctive layer and temporal profile (Fig. 207 
3D, E). We observe earlier processing in the middle layer, followed by processing in the superficial 208 
layer later (Fig. 3D). In detail, time courses of object processing peaked first in the middle layer at 160 209 

ms (160 – 170 ms), and later in the superficial layer at 400 ms (270 – 450 ms), with a significant 210 

difference in peak latency of 240 ms (110 – 290 ms; P < 0.012). A direct comparison of time courses 211 
by subtraction (Fig. 3E) substantiated the observation in that representations correlated stronger with 212 

the middle layer early than the superficial layer at 160 ms (160 – 180 ms), and late representations 213 

correlated stronger with the superficial layer than the middle layer later, at 400 ms (90 – 410 ms). This 214 
suggests an initial feedforward processing in the middle layer and a later emerging feedback processing 215 

with a distinctive layer profile in the superficial layer in LOC. 216 
 217 

An analogous results pattern in EVC (Suppl. Fig. 3A, B) and LOC (Suppl. Fig. 3C, D) was observed 218 
when assessing layers directly without partialing out the effect of deeper layers, confirming the 219 

robustness of the results to particular analysis choices. 220 

 221 
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Together, this resolves the spatiotemporal dynamics of feedforward and feedback information flow 222 
during visual object processing across EVC and LOC through cortical layer-specific and temporally 223 

distinct response profiles. 224 

 225 

The format of object representations in EVC and LOC at the mesoscale of cortical layers 226 
One interpretation of the observed layer-specific spatiotemporal dynamics, being guided by the 227 

functional pattern of cortical layer connectivity36,37, is that they indicate interareal communication via 228 

feedforward and feedback connections38,39. However, an alternative explanation is that they arise intra-229 

areal communication via lateral connections40 or from superficial bias in the fMRI measurements41. 230 

 231 

To disambiguate between these options, we characterized the format of representations by assessing 232 

feature complexity as present in DNN layers, from low to high, applying the research approach as used 233 
at the macroscale but now at the level of cortical layers. If the observed layer-specific spatiotemporal 234 

dynamics reflect an interplay of feedforward and feedback information flow, we would expect the flow 235 

to carry information of varying complexity42,43 across different levels of the visual hierarchy44,45, 236 

resulting in distinct representational formats across cortical layers. In contrast, if the observed layer-237 

specific spatiotemporal dynamics reflect lateral connections modulating the neural gain46–50 or a 238 

superficial bias, we would expect uniform feature complexity across layers51. 239 

 240 
We conducted commonality analysis, linking each model layer-specific DNN-RDM to the deep, middle 241 

and superficial layer-specific fMRI-RDM and mean EEG-RDM at corresponding time intervals, defined 242 
by the significant time points of the raw curves in Fig. 3B and D indicating periods of layer-specific 243 
neural dynamics (Fig. 4A). 244 

 245 

 246 
Figure 4. Commonality analysis between fMRI, EEG and AlexNet at the mesoscale. (A) Procedure. For each AlexNet 247 
layer, we correlated its RDM to each layer-specific fMRI-RDM in EVC and LOC and the mean EEG-RDM at the time interval 248 
with significant layer-specific temporal dynamics. (B) Format of representation (≈ feature complexity) across cortical layers in 249 
EVC. Low model layers correlated strongly across layers in EVC. (C) Format of representation (≈ feature complexity) across 250 
cortical layers in LOC. Middle model layers correlated strongly with the middle layer in LOC, while high model layers 251 
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correlated primarily with the superficial layer. Colored asterisks indicate significant correlations (N = 32, right-tailed 252 
permutation tests, FDR-corrected; *P < 0.05; **P < 0.01; ***P < 0.001); colored triangles represent model layers with the 253 
highest occurrence proportion, determined through 1,000-iteration bootstraps. 254 
 255 
In EVC (Fig. 4B) we observed a uniform results pattern across cortical layers: object representations 256 

shared variance with all DNN layers, but most strongly with model layer 2 (2 – 3), indicating mainly 257 

representations of low-to-mid level complexity. This suggests that the observed layer-specific 258 

spatiotemporal dynamics in EVC reflect lateral connections modulating the neural gain46–50 or 259 

superficial bias41 rather than feedback. 260 

 261 

In contrast, in LOC (Fig. 4C) we observed a shift from mid-to high feature complexity across cortical 262 

layers. The early emerging representations in the middle cortical layer (Fig. 3D) were of mid-263 

complexity, as indicated by a peak at model layer 4 (4 – 6). In contrast, the late emerging representations 264 
in the superficial layers were of high complexity, with a peak at model layer 7 (4 – 7). This results 265 

pattern was robust: making alternative experimental choices based on the average of the significant time 266 
intervals from the difference between layer curves in Fig. 3C and E (Suppl. Fig. 4 and 5) and individual 267 

time points spanning the full-time course (Suppl. Fig. 6) yielded equivalent results. Together, these 268 
findings suggest a dynamic shift in representational format in LOC, transitioning from early 269 
representations of mid-level feature complexity in the feedforward flow to later representations of high 270 
feature complexity through interareal feedback. 271 

 272 

Discussion  273 

We leveraged layer-resolved fMRI, time-resolved EEG data and DNNs to identify and characterize the 274 
spatiotemporal neural dynamics of feedforward and feedback information flow underlying object 275 

perception. We validated our methods using 7T fMRI at the macroscale of cortical regions by replicating 276 
the temporal dynamics and representational format in EVC and LOC observed in 3T fMRI 277 

studies5,22,26,30, allowing us to proceed to the mesoscale of cortical layers. There we made two key 278 

observations. First, we observed distinct layer-specific temporal profiles for EVC and LOC. Visual 279 

representations in the middle layers emerged earlier than in the deep and superficial layers of EVC and 280 
the superficial layers of LOC. Second, the identified layer-specific dynamics in LOC had distinctive 281 

visual feature complexity profiles: the early emerging middle layer representations were of mid-282 
complexity and the later emerging superficial layer representations were of high complexity. 283 

 284 
Layer-specific EEG-fMRI fusion reveals sequential feedforward and feedback processing in visual 285 

object perception 286 

Visual object perception unfolds through intricate spatiotemporal neural dynamics4–6,52,53, mediating 287 

feedforward and feedback information flow22,54 rapidly and through temporally overlapping responses. 288 

Here, we disentangle the temporal dynamics of feedforward from feedback signals by leveraging the 289 
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anatomical canonical microcircuit of cortex7,8 at the input and output stage of cortical object 290 

processing3,55,56 – EVC and LOC. We find that feedforward signals emerge early in the middle layer of 291 

both EVC at 100 ms and in LOC at 160 ms, while feedback appears relatively later in deep and 292 

superficial layers of EVC at 140 ms and superficial layer of LOC at 400 ms, supporting the idea of 293 

sequential processing of visual information first through feedforward, then through feedback 294 

processing37,57. Our results thus provide a functional temporal characterization for the anatomical 295 

canonical cortical microcircuit model of feedforward and feedback connectivity in the human ventral 296 

visual stream. 297 
 298 

Our findings have theoretical implications. For example, they specify in spatiotemporal terms the 299 

dynamical communication model in predictive coding theory58 which posits distinct neural channels for 300 

the transmission of sensory and predictive information59. Our results indicate that whereas sensory 301 

signals are convened early in middle layers, subsequent predictive signals are transmitted later as 302 

feedback in deep and superficial layers. This specification opens a new path for further testing 303 
predictions of predictive coding by investigating the content and integration of predictive feedback and 304 

sensory feedforward signals60–62. For example, our results invite investigating layer-specific neural 305 

dynamics at distinct frequency bands for feedforward and feedback processing as predicted from 306 

human63,64 and non-human invasive studies59,65–67. 307 

 308 

Our approach facilitates resolving the interplay of feedforward and feedback processing in a variety of 309 
visual research contexts. It may allow dissecting the distinctive roles of feedforward and feedback 310 
information flow crucial to cognitive functions such as attention, expectation and memory by identifying 311 
and characterizing their distinct spatiotemporal dynamics. Similarly, using multi- rather than univariate 312 

methods12,59,68 to assess layer-specific fMRI extends content-sensitive analysis69–71 from the macro- to 313 

the mesoscale of cortical organization, allowing for the assessment of the representational contents of 314 

feedforward and feedback information flow underlying human cognition. 315 

 316 
Layer-specific EEG-fMRI fusion clarifies neural dynamics of high-level visual cortex regions 317 

Neural dynamics in response to faces22, scenes72 and objects73,74 assessed at the macroscale of cortical 318 

regions commonly display a double peak pattern (see also Fig. 2B), with a sharp, early peak around 100-319 

130 ms followed by a wide second peak around 200-450 ms, suggesting distinct contributing neural 320 

circuits and kinds of processing. Our layer-specific results clarify the neural circuits22 and functional 321 

nature of the components underlying this pattern: it results from mixing the early, narrow-peaked and 322 

neural dynamics at the middle layer ~160 ms of feedforward information flow with the later, wide-323 
peaked and thus more persistent dynamics at the superficial layer ~400 ms of feedback information flow. 324 

Whereas the early peak latency matches that of sensory feedforward signals75, the late peak dynamics 325 

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 16, 2025. ; https://doi.org/10.1101/2025.05.13.653501doi: bioRxiv preprint 

https://doi.org/10.1101/2025.05.13.653501
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

12 
 

match that of and attention-76, consciousness-77 or task-related78 feedback, originating from higher-326 

order brain regions, such as the frontal eye fields10 or the prefrontal cortex79, outside the visual cortex. 327 

Thus, our results provide circuit-level mechanistic as well as functional interpretative guidance for 328 

standard 3T human neuroimaging studies that typically cannot resolve visual information flow at this 329 

fine spatiotemporal level. 330 
 331 

Differential representational format across layer-specific dynamics in LOC implies interareal 332 

feedback mediating high-complexity visual features 333 
The analysis of the representational format of the neural dynamics in LOC revealed that early 334 

feedforward signals primarily convey mid-complexity features, while feedback signals convey high-335 

complexity features. This indicates that feedback does not merely modulate the gain of pre-existing 336 
features but is actively involved in the emergence of additional, more complex features that are absent 337 

in feedforward processing5. This finding supports the notion that interareal feedback is integral to core 338 

object recognition80–82. A potential source of this feedback might be the dorsolateral prefrontal cortex 339 

(DLPFC)83, whose silencing decreases feature complexity in monkey inferior temporal cortex84, the 340 

homologue of human LOC. Based on our results we predict that disrupting processing in human DLPFC, 341 

e.g. through transcranial magnetic stimulation85,86, will yield analogous effects specifically on 342 

superficial, late cortical layer responses in LOC.  343 

 344 
Limitations of the study 345 

We based our analyses on the GE-BOLD signal that is affected by locally nonspecific responses from 346 

macrovasculature41, compromising the estimation of the laminar response. To mitigate this effect, we 347 

used Pearson’s correlation as a scale-invariant measure and partialed out effects of lower cortical layers 348 

when assessing the layers above. However, some residual bias may persist, particularly if the GE-BOLD 349 

response across layers follows a point spread function87 that a linear model cannot fully account for. 350 

Human fMRI studies using contrasts with higher spatial specificity88–90, optimized for condition-rich 351 

experimental designs21, are needed to confirm our findings. 352 

 353 

Conclusion 354 

Understanding how the abundant feedforward and feedback connections in visual cortex mediate object 355 

vision requires specifying their functional role. Here we provided two key advances in this regard. First, 356 

leveraging layer-specific fMRI with EEG-fMRI fusion we dissociated temporally overlapping 357 
feedforward and feedback processing in LOC and EVC, specifying their unique temporal profile. 358 

Second, by assessing feature complexity, we showed that feedback in LOC actively increases the 359 
complexity of LOC’s feature format. 360 

 361 
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 368 

Materials and Methods 369 

 370 
fMRI participants 371 

10 adult volunteers (mean age 29.4 years; age range 20-37 years; 5 female) participated in the study and 372 

provided written informed consent. The sample size was based on previous conventional layer fMRI 373 

studies conducted at 7T68,88,91. All participants had normal or corrected-to-normal vision and no history 374 

of neurological disorders. All participants received a monetary reward at the end of the study. The study 375 

was approved by the Ethics Committee of the Faculty of Medicine at Leipzig University, Germany, and 376 
conducted in accordance with the ethical principles of the Declaration of Helsinki, except for study 377 
preregistration, which was not performed. 378 
 379 

Stimulus set  380 
The stimulus set consisted of 24 naturalistic color images of everyday objects on real-world 381 
backgrounds, each of a different category from the ImageNet image database (i.e. animals, tools, 382 

vehicles, foods and others)30. 383 

 384 
fMRI experimental design 385 

The study was composed of a main experimental part and a localizer run.  386 

 387 

The main experimental part consisted of 6 to 14 runs, each lasting 621 s. Each run started and ended 388 

with a 10.5-s baseline period and included all 24 images, each repeated five times, for a total of 120 389 
trials presented in random order. Each trial began with a 1-s stimulus-on interval, during which a 390 

centrally displayed object image (5° visual angle) appeared on a grey background with a pink fixation 391 
cross. This was followed by a 4-s stimulus-off interval, where only the fixation cross was shown. 392 

Participants were instructed to maintain their gaze on the fixation cross throughout the experiment and 393 
to perform a color-change detection task, pressing a button as soon as the fixation cross turned blue for 394 

300 ms. 395 

 396 
The functional localizer run was intended to define regions of interest (ROIs) EVC and LOC. 397 

Participants completed it at the beginning of the recording session. The localizer consisted of 15-s blocks 398 

displaying objects (not included in the main experiment) and scrambled objects overlayed with a fixation 399 
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cross, interleaved with 7.5-s baseline blocks showing only a fixation cross on a grey background. In 400 
each block images were centrally presented (12° visual angle) for 400 ms, followed by a 350-ms display 401 

of the fixation cross. Participants were instructed to maintain their gaze on the fixation cross and to press 402 

a button if the same image appeared in consecutive trials. The localizer run included 12 blocks of each 403 

image type, resulting in a total duration of 465 s. Block order was pseudo-randomized to avoid 404 
immediate repetition of the same block type. 405 

 406 
MRI Procedure 407 

MRI data were acquired at the Max Planck Institute for Human Cognitive and Brain Sciences in Leipzig, 408 

Germany. Four participants completed the experiment in one scanning session. Six participants 409 
completed the experiment in two scanning sessions on two separate days. During the first scanning 410 

session, we acquired a T1-weighted anatomical image, the functional localizer and 5 to 8 runs of the 411 

main experiment. During the second scanning session, participants completed 6 to 8 runs of the main 412 
experiment. Additionally, to enable distortion correction, five volumes with reversed phase-encoding 413 

polarity were acquired following the first run of each main experimental session. To ensure that 414 
participants were familiar with the experimental tasks, we provided them with verbal and written 415 
instructions prior to the scanning, and the participants completed a 2-min training for both the localizer 416 

and the main tasks. 417 
 418 
MRI acquisition parameters 419 

We acquired MR images on a Siemens Magnetom Terra 7T whole-body system (Siemens Healthineers, 420 
Erlangen, Germany) with a single-channel-transmit and a 32-channel radio-frequency (RF) receive head 421 
coil (Nova Medical Inc, Wilmington, USA). We acquired the functional data using a 2D Gradient-echo 422 

(GE) echo planar imaging (EPI) sequence92 (voxel size = 0.9 mm isotropic resolution, TE/TR = 423 

26.2/3500 ms, in-plane field of view (FoV) 192 × 192 mm2, 48 axial slices, flip angle = 75°, echo spacing 424 
= 1.0 ms, GRAPPA factor = 3, partial Fourier = 6/8, phase encoding direction anterior-posterior). We 425 

recorded anatomical data using an MP2RAGE sequence93 (voxel size = 0.7 mm isotropic resolution, 426 

TE/TR = 2.01/5590 ms, in-plane FoV 224 × 224 mm, GRAPPA factor = 2) yielding two inversion 427 
contrasts (TI1 = 900 ms, flip angle 1 = 5°; TI2 = 2750 ms, flip angle 2 = 3°). The two inversion contrasts 428 

were combined to produce T1-weighted MP2RAGE uniform (UNI) images with high contrast to noise 429 
ratio.  430 

 431 
MRI preprocessing 432 

For each recording session, we spatially realigned the functional volumes to their mean volume using 433 

SPM12 (http://www.fil.ion.ucl.ac.uk/spm). To correct for geometric distortions in the phase encoding 434 
direction, we calculated a deformation field based on reverse gradient estimation, using the Advanced 435 

Normalization Tools (ANTs) software package (http://stnava.github.io/ANTs/). In detail, we combined 436 
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the mean functional volume (forward image) with the mean volume acquired with opposing phase 437 
encoding direction to generate a distortion-corrected template. Next, we estimated the deformation map 438 

by registering the forward image to the corrected template reference using non-linear (SyN) 439 

transformations. Finally, the deformation map was used to produce a distortion-corrected mean 440 

functional volume. 441 
 442 

To co-register the anatomical and the distortion-corrected mean functional volumes, we initially referred 443 

to the Glasser’s atlas94 and the Kanwisher’s atlas95 to identify the approximate location of EVC and 444 

LOC, respectively. Then we outlined a volume containing these regions in the occipito-temporal cortex 445 

of both hemispheres on the individual participant's native space (from here on referred to as manual 446 

mask) using ITK-SNAP with the 3D paintbrush tool (v.3.8)96. We then estimated a second deformation 447 

map in ANTs by registering the distortion-corrected mean volume to the T1-weighted volume, applying 448 

nonlinear (SyN) transformations within the manual mask. We visually inspected the fixed and registered 449 

volumes in ITK-SNAP for each participant. If the volume was not correctly registered within the region 450 

of the manual mask, we repeated the registration, adding linear transformations (rigid and affine) with 451 
stricter convergence criteria and increased iterations, until an accurate alignment was achieved. To 452 
minimize spatial resolution loss during resampling, we combined both deformation maps and resampled 453 
the functional images to the anatomical reference in a single interpolation step using a fifth-order spline 454 

function. 455 
 456 
Finally, we spatially smoothed the functional localizer images using a 6-mm full width at half maximum 457 

(FWHM) Gaussian kernel. Functional images of the main runs were not smoothed to preserve spatial 458 
specificity. 459 
 460 

Before segmenting the T1-weighted UNI volume into grey matter, white matter and cerebrospinal fluid 461 
following the procedure in ITK-SNAP outlined here 462 

(https://www.youtube.com/watch?v=tSA77mFTwcg&t=1042s), we corrected for bias field effects with 463 

a customized script97. Next, we divided the cortical ribbon into laminar and columnar compartments 464 

using LAYNII (v2.2.1)98. In detail, applying the equi-distant model33, we segmented the gray matter 465 

into three cortical depths: deep, middle and superficial (Fig. 3A). Here, we used the term cortical layers 466 

to refer to the depth-dependent compartments along the cortical ribbon, distinct from the actual 467 
anatomical layers found in cortex. Additionally, we segmented the gray matter into columnar 468 

compartments within the manual masks. 469 

 470 
fMRI univariate analysis 471 

To estimate neural responses, we ran separate General Linear Model (GLM) analyses in SPM12 for 472 

each pre-processed functional run, i.e., all main experimental runs and the localizer run. All analyses 473 
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were conducted in each participant’s native anatomical space. Specifically, we modelled 25 regressors 474 
(i.e., 24 object images + baseline) for each main experimental run, and 3 regressors (i.e., objects, 475 

scrambled objects, and baseline) for the localizer run. We created the regressors by convolving a boxcar 476 

function representing the onsets and durations of the corresponding condition with the canonical (2 477 

Gamma) hemodynamic response function (HRF). We incorporated the motion estimates into the model 478 
as nuisance regressors. By fitting a GLM, we obtained beta weight estimates for each condition (i.e., 479 

regressor) for each run, which were subsequently used in further analyses. 480 
 481 

Definition of regions of interest 482 

At the macroscale, we defined two regions of interest (ROIs) for each participant: EVC, comprising 483 
areas V1, V2, and V3, and LOC in a two-step procedure. First, we used anatomical masks from the 484 

above-mentioned brain atlases for EVC94 and for LOC95. These masks were resampled from the 485 

MNI152 space into each participant's individual space. Second, we identified the overlap between the 486 
participant-specific anatomical masks and the corresponding functional contrast T-statistic map from 487 

the localizer experiment, retaining the top 2,000 voxels. Specifically, we ranked the voxels according to 488 
the objects + scrambled > baseline contrast T-statistic for EVC, and the objects > scrambled contrast T-489 

statistic for LOC. Due to lack of activation in the lateral occipitotemporal cortex for one participant (3), 490 

we used the objects + scrambled > baseline contrast to define LOC. Any voxels overlapping across ROIs 491 

were excluded. This process resulted in one final EVC and LOC mask for each participant. 492 
 493 
At the mesoscale, we defined six ROIs based on the two brain regions – EVC and LOC – and the three 494 
cortical layers – deep, middle and superficial (see above for definition of cortical layers). Here, the ROI 495 

definition was analogous, with the following deviations to address issues arising specifically at the 496 
mesoscale level. Voxels with higher spatial resolution exhibit a reduced SNR and increased 497 

susceptibility to noise sources41, compromising the quality of the recorded signal. Additionally, signal 498 

reliability gradually decreases along the ventral visual cortex from lower to higher visual areas99, likely 499 

due to signal loss and susceptibility-induced distortions100. To address this, we chose a higher number 500 

of voxels for EVC compared to LOC. This resulted in 3000 and 1500 voxels with the highest T-statistic 501 

within the cortical ribbon of EVC and LOC, respectively. We then assigned each voxel to one of the 502 
three layers and selected only those sharing full overlap of columnar compartments.  503 

 504 
EEG data – paradigm, acquisition and analysis 505 

We used a subset of the EEG data (N = 32) collected by Xie et al., 20245 for the same images as in the 506 

fMRI experiment. Below is a summary of the relevant experimental procedures and acquisition steps. 507 

 508 
The EEG experiment employed and backward masking paradigm consisting of 2,544 trials. In each trial, 509 

an object image was briefly presented for 17 ms and followed by a dynamic mask under two conditions: 510 
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an early mask condition with inter-stimulus interval (ISI) of 17 ms or a late mask condition with an ISI 511 
of 600 ms. Object images and masks were randomly paired on each trial. All stimuli were centrally 512 

displayed on a gray background, with a size of 5° visual angle, and overlaid with a bull’s-eye fixation 513 

symbol. Participants were instructed to maintain fixation and refrain from blinking during trials, except 514 

during designated task trials (i.e., two-alternative forced-choice task, 25% of total trials) where blinking 515 
was allowed after making a response. The inter-trial interval (ITI) ranged from 900 – 1,100 ms; 516 

following the task trials, the ITI was extended to 2,000 ms to reduce motor artifacts. 517 
 518 

For the present analyses, we focused on data from the late mask condition (ISI = 600 ms), yielding 519 

approximately 53 trials per object image. We analyzed the time window from 200 ms pre-stimulus to 520 
600 ms post-stimulus, before mask onset. 521 

 522 

EEG data were recorded with a 64-electrode ActiCap system and a Brainvision actiChamp amplifier. 523 
Electrodes were positioned according to the international 10-10 system, with a ground electrode and a 524 

reference electrode placed on the scalp. The signals were sampled at 1,000 Hz and online filtered 525 
between 0.03 and 100 Hz. EEG data were preprocessed using Brainstorm-3101. Noisy channels (mean = 526 
2.2, SD = 1.8) were removed, and the data were low-pass filtered at 40 Hz. Independent component 527 

analysis was applied to remove eye movement and other artifact components (mean = 2.7, SD = 0.9). 528 
Data were then segmented into epochs from -200 ms to 600 ms relative to stimulus onset, baseline-529 
corrected, and multivariate noise normalization102 was applied for decoding analyses. 530 

 531 
Multivariate analysis was performed on a participant-specific basis using SVMs as implemented in the 532 
LIBSVM toolbox in MATLAB (2021a). To determine when the brain processes object information, 533 

time-resolved decoding analysis was conducted from -200 ms to 600 ms relative to target image onset 534 

in 10 ms intervals. At each time point, trial-specific EEG channel activations were extracted and 535 
arranged into 64-dimensional pattern vectors for each of the 24 object image conditions. For each 536 

condition, trials were randomly grouped into four equally sized bins and averaged to create four pseudo-537 

trials, repeated over 100 permutations. Pseudo-trials were then divided into a training set (three pseudo-538 
trials) and a testing set (one pseudo-trial) for pairwise object identity decoding. This process was 539 

repeated for all pairwise combinations of object conditions. 540 
 541 

Multivariate pattern analysis of fMRI data 542 
To decode object information from voxel activation patterns in EVC and LOC, we used SVMs as 543 

implemented in the scikit-learn library in Python. Analyses were conducted separately for each 544 

participant and for EVC and LOC at the macroscale. We aggregated run-specific voxel-wise beta 545 
estimates derived from the GLM into pattern vectors for each of the 24 conditions. To enhance the signal 546 

to noise ratio, we averaged beta weights across two randomly selected subsets of trials into two pseudo-547 
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trials for each condition. We repeated this process 300 times, each time performing pairwise object 548 
decoding, for all object condition combinations, using a two-fold cross-validation approach. We 549 

averaged the results across all iterations and all object condition combinations to yield one grand-550 

average decoding accuracy for each ROI and participant. 551 

 552 
Representational similarity analysis 553 

To relate object representations across different signal spaces (i.e., voxel activation patterns in fMRI, 554 

sensor activation patterns in EEG, embeddings in DNNs), we used representational similarity analysis21. 555 

This approach is based on the rationale that if two images elicit similar neural representations, their 556 

corresponding fMRI, EEG or DNN signal patterns should also be similar. We used two variants of RSA: 557 

(i) representational similarity analysis-based fusion21,23,24, relating spatially localized object 558 

representations (from fMRI) to specific temporal dynamics (from EEG) to resolve the spatiotemporal 559 

dynamics with which visual representations emerge, and ii) representational similarity analysis-based 560 

commonality analysis103,104 to determine the visual feature complexity (from layer-specific DNN 561 

embeddings) of spatiotemporally identified dynamics. For this we calculated the common variance 562 
between spatially localized object representations (from fMRI), specific temporal dynamics (from 563 
EEG), and layer embeddings (from DNNs). We detail both approaches below after describing the 564 

specifics of summarizing representational similarity for each signal space in representational 565 
dissimilarity matrices (RDMs).  566 
 567 

Construction of fMRI representational dissimilarity matrices 568 
To construct the fMRI-RDMs, we first extracted and vectorized beta weight estimates for each of the 569 
24 conditions to form fMRI neural patterns for a given ROI (area or cortical layer) and applied 570 
multivariate noise normalization in order to enhance the SNR. We then quantified the extent of pattern 571 

similarity by calculating the Pearson’s correlation for all pairwise combinations of experimental 572 

conditions. Output correlations were transformed into dissimilarity values using 1 – Pearson’s 573 
correlation, and organized into a 24×24 fMRI representational dissimilarity matrix (RDM), indexed in 574 

rows and columns by the compared conditions. For each participant, this yielded two fMRI-RDMs at 575 

the macroscale level of brain areas: the EVC RDM and LOC RDM; and six layer-specific fMRI-RDMs 576 
at the mesoscale level of cortical layers: Deep EVC RDM, Middle EVC RDM, Superficial EVC RDM, 577 

and Deep LOC RDM, Middle LOC RDM and Superficial LOC RDM. For all further analyses we 578 

averaged the MRI-RDMs across participants. 579 
 580 

Construction of EEG representational dissimilarity matrices 581 

A detailed description of the creation of the EEG-RDMs is provided by Xie et. al., (2024)5. Briefly, for 582 

each participant and each time point in the epoch from -200 to 600 ms, we pairwise decoded object 583 

information using EEG channel activation patterns, via SVMs as implemented in the LIBSVM 584 
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toolbox105 in MATLAB (2021a). The decoding accuracies for each pair of object images were assembled 585 
into 24×24 EEG-RDM for each time point (801 in total), with rows and columns indexed by the 586 

conditions. Each matrix was symmetric across the diagonal, with diagonal entries left undefined. 587 

 588 

Construction of DNN representational dissimilarity matrices 589 

To compute DNN-RDMs, we used the AlexNet architecture31 trained on visual object categorization on 590 

the ImageNet dataset106. In detail, we fed the pre-trained network with the same set of 24 object images 591 

as input and extracted the activation pattern for each object condition from each of the five convolutional 592 
layers and the two subsequent fully-connected layers. Next, we quantified the pairwise pattern 593 

dissimilarity using 1 – Pearson’s correlation for all pairs of image combinations and organized the 594 

outputs into 24×24 DNN-RDMs, with rows and columns representing Pearson’s based dissimilarity 595 
measure between object conditions. This resulted in a total of 7 layer-specific DNN RDMs. 596 

  597 

Representational similarity analysis-based EEG-fMRI fusion 598 

We used representational similarity analysis-based fusion21,23,24, relating fMRI-RDMs to EEG-RDMs 599 

using Spearman rank order correlation. We applied this analysis at the macroscale and at the mesoscale, 600 
for each participant separately. At the macroscale, we related region-specific RDMs (i.e., EEG, LOC) 601 

to EEG-RDMs, yielding one time course for each ROI for each participant. At the mesoscale we related 602 
region- and layers-specific ROIs to EEG-RDMs, yielding one time course for each of the six ROI-layer 603 
combinations for each participant. 604 

 605 
Representational similarity analysis-based commonality analysis 606 
To characterize the level of feature complexity of the neural representations identified above in space 607 
and time, we related them to DNN embeddings across model layers. Feature complexity increases 608 

progressively across DNN layers: early model layers are more sensitive to low complexity features, 609 

whereas later layers are tuned to high-complexity features107,108, analogous to the ventral visual 610 

hierarchy in humans and non-human primates30,32. Thus, by linking the neural representations to those 611 

from the DNN layers, we can determine the feature complexity of spatially localized object 612 

representations to particular time points. We did this using representational similarity analysis-based 613 

commonality analysis109. In detail, we calculated the commonality coefficient corresponding to the 614 

shared variance among fMRI-RDMs for each brain region and cortical layer, EEG-RDMs at time points 615 

with significant effects in EEG-fMRI fusion (averaged across time), and DNN RDMs for each model 616 

layer.  617 
 618 

Quantification and statistical analysis 619 
To assess statistical significance, we performed non-parametric statistical analyses that do not rely on 620 

assumptions about the data distribution. The empirical estimations, including decoding accuracy as well 621 
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as correlation values from the representational similarity analysis-based fusion and from the 622 
commonality analysis, were tested against a null distribution created by sign permutation (1,000 623 

permutations). We randomly multiplied the participant-specific data by ±1 to generate permutation 624 

samples, recomputed the statistic for each sample, and derived P values.  625 

 626 
We controlled the familywise error rate across time points using cluster-based statistics. First, P-value 627 

maps were thresholded at P < 0.05 to define temporally contiguous suprathreshold clusters. These 628 
clusters were then used to construct an empirical null distribution of maximum cluster weights, and a 629 

corrected threshold was determined at the 95th percentile of the right tail of this distribution. For the 630 

commonality analyses we corrected P values for multiple comparisons by FDR-correction. 631 

 632 

We estimated the 95% confidence intervals for the peak latencies in the RSA-derived time courses using 633 

bootstrapping (1,000 paired bootstrap resamples with replacement). For each bootstrap we calculated 634 
the statistic, resulting in a bootstrap estimate of peak latencies from which we derived the confidence 635 

intervals. 636 
 637 

To estimate confidence intervals for peak latency differences, we used an analogous bootstrapping 638 

approach, resampling the mean peak-to-peak latency difference for each resample. This generated a 639 

distribution of mean differences, from which we derived the 95% confidence interval. We set P < 0.05, 640 
i.e., if the 95% confidence interval did not include 0, we rejected the null hypothesis of no peak-to-peak 641 
latency differences. 642 
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Supplementary information 
 

Supplementary Figure 1. Representational EEG-fMRI fusion at the macroscale using partial correlations. For EVC we 
partialed out the effect of LOC and for LOC we partialed out the effect of EVC. Early representations correlated stronger with 
EVC than with LOC and later representations stronger with LOC than with EVC. Shaded area indicates the standard error of 
the mean across participants; colored circles indicate significant time points (N = 32, cluster-defining threshold P < 0.05, cluster 
threshold P < 0.05); uncolored circles and horizontal lines indicate peak latency means and 95% confidence intervals, 
respectively. 
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Supplementary Figure 2. Commonality analysis at the macroscale based on significant time intervals of curve EVC – 
LOC differences. Visual representations of low-complexity emerge primarily in EVC, while mid-to-high-level object 
representations emerge in LOC. Colored asterisks indicate significant correlations (N = 32, right-tailed permutation tests, FDR-
corrected; *P < 0.05; **P < 0.01; ***P < 0.001); colored triangles represent model layers with the highest occurrence 
proportion, determined through 1,000-iteration bootstraps. 
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Supplementary Figure 3. Representational EEG-fMRI fusion at the mesoscale without partial correlations. Object 
representations derived from GE-BOLD signals are strongly influenced by non-specific macrovascular responses, which can 
compromise layer-specificity. To address this, we applied partial rank-order Spearman correlation, reducing the laminar 
influence of the layers beneath. Specifically, for the superficial layer, we partialed out the effect of the middle layer. Similarly, 
for the middle layer, we partialed out the effect of the deep layer. The deep layer remained unaffected by this approach. (A) 
Early representations emerged across layers in EVC, while late representations appeared in middle and superficial layers. (B) 
Early representations emerged in middle layers of LOC, whereas late representations appeared in superficial layers. Shaded 
area indicates the standard error of the mean across participants; colored circles indicate significant time points (N = 32, cluster-
defining threshold P < 0.05, cluster threshold P < 0.05); uncolored circles and horizontal lines indicate peak latency means 
and 95% confidence intervals, respectively. 
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Supplementary Figure 4. Commonality analysis in EVC at the mesoscale based on significant time intervals of curve 
differences across cortical layers. We defined two clusters (labeled 1 and 2) from the significant time intervals. For each 
cluster, we performed commonality analysis by linking each model layer-specific DNN-RDM to each layer-specific fMRI-
RDM in EVC and LOC and the mean EEG-RDM at the time interval with significant layer-specific temporal dynamics. Error 
bars indicate the standard error of the mean across participants; colored asterisks indicate significant correlations (N = 32, right-
tailed permutation tests, FDR-corrected; *P < 0.05; **P < 0.01; ***P < 0.001). 
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Supplementary Figure 5. Commonality analysis in LOC at the mesoscale based on significant time intervals of curve 
differences across cortical layers. We defined three clusters (labeled 1, 2 and 3) from the significant time intervals. For each 
cluster, we performed commonality analysis by linking each model layer-specific DNN-RDM to each layer-specific fMRI-
RDM in EVC and LOC and the mean EEG-RDM at the time interval with significant layer-specific temporal dynamics. Error 
bars indicate the standard error of the mean across participants; colored asterisks indicate significant correlations (N = 32, right-
tailed permutation tests, FDR-corrected; *P < 0.05; **P < 0.01; ***P < 0.001). 
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Supplementary Figure 6. Commonality analysis at the mesoscale based on all individual time points. (A, D) Deep layer, 
(B, E) Middle layer and (C, F) Superficial layer in (A-C) EVC and (D-F) LOC. Shaded area indicates the standard error of the 
mean across participants; colored circles indicate significant time points (N = 32, cluster-defining threshold P < 0.05, cluster 
threshold P < 0.05). 
 

.CC-BY-NC-ND 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted May 16, 2025. ; https://doi.org/10.1101/2025.05.13.653501doi: bioRxiv preprint 

https://doi.org/10.1101/2025.05.13.653501
http://creativecommons.org/licenses/by-nc-nd/4.0/

