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Adversarial testing of global neuronal
workspace and integrated information
theories of consciousness
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Accepted: 11 March 2025 Different theories explain how subjective experience arises from brain activity2.
PSS e These theories have independently accrued evidence, but have not been directly
compared?. Here we present an open science adversarial collaboration directly
juxtaposing the integrated information theory (IIT)** and the global neuronal
workspace theory (GNWT)® ', via a theory-neutral consortium™ 3, The theory
proponents and the consortium developed and preregistered the experimental
design, divergent predictions, expected outcomes and interpretation thereof™.
Human participants (n = 256) viewed suprathreshold stimuli for variable durations
while neural activity was measured with functional magnetic resonance imaging,
magnetoencephalography and intracranial electroencephalography. We found
information about conscious contentin visual, ventrotemporal and inferior frontal
cortex, with sustained responses in occipital and lateral temporal cortex reflecting
stimulus duration, and content-specific synchronization between frontal and early
visual areas. These results align with some predictions of ITand GNWT, while
substantially challenging key tenets of both theories. For the lIT, alack of sustained
synchronization within the posterior cortex contradicts the claim that network
connectivity specifies consciousness. The GNWT is challenged by the general
lack of ignition at stimulus offset and limited representation of certain conscious
dimensions in the prefrontal cortex. These challenges extend to other theories
of consciousness that share some of the predictions tested here** ™. Beyond
challenging the theories, we present an alternative approach to advance cognitive
neuroscience through principled, theory-driven, collaborative research and
highlight the need for a quantitative framework for systematic theory testing
and building.

M Check for updates

Philosophers and scientists have sought to explainthe subjective nature ~ We preregistered these predictions, including pass or fail criteria,
of consciousness (for example, the feeling of pain or of seeingacolour-  expected outcomes and their interpretation ex-ante™'2, We focus on
ful rainbow) and how it relates to physical processes in the brain'®®.  the GNWT and IIT, among other widely discussed theories (for example,
This quest has led to various theories of consciousness evolvingin  recurrent processing theory and higher-order theories'?), because they
parallel' and often providing incompatible accounts of the neural  feature prominently in consciousness science, as demonstrated by a
basis of consciousness"?. Furthermore, empirical support foragiven recent systematic review of the literature>.
theory is often highly dependent on methodological choices, point- ThellT and GNWT explain consciousness differently: the lIT proposes
ing towards a confirmation bias in theory testing®. Convergenceona that consciousnessis the intrinsic ability of aneuronal network to influ-
broadly accepted neuroscientific theory of consciousness willhave  ence itself, as determined by the amount of maximally irreducible
profound medical, societal and ethical implications. integrated information (phi) supported by a network. On the basis of
To advance this goal, we tested two theories of consciousness, theoreticaland neuroanatomical considerations, thelIT suggests that
through a large-scale, open-science adversarial collaboration™??°22 a3 complex of maximum phiprobably resides primarily in the posterior
aimed ataccelerating progressin consciousness researchbybuilding  cerebral cortex, in atemporo-parietal-occipital ‘hot zone*>**%, The
on constructive disagreement. We brought together proponents of GNWT instead posits that consciousness arises from global broadcast-
thelIT** and GNWT®?, inaddition to theory-neutral researchers. The  ingand late amplification (or ‘ignition’) of information across inter-
groupidentified differential existing and novel predictionsofthetwo  connected networks of higher-order sensory, parietal and especially
theories and developed an experimental design to test them (Fig.1a).  prefrontal cortex (PFC)*%,

*A list of authors and their affiliations appears at the end of the paper.
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Fig.1|Predictions and experimental design. a, Predictions of the lIT and
GNWT. For prediction1(decoding of conscious content), the lIT predicts
maximal decoding of conscious contentin posterior brain areas, whereas the
GNWT emphasizes anecessary role for the PFC. For prediction 2 (maintenance
of conscious content), the lIT posits that conscious content is actively
maintained in the posterior cortex, whereas the GNWT predicts brief
content-specificignition (approximately 0.3-0.5 s) in the PFC at stimulus
onset and offset, with content stored inanon-conscioussilent state between
these events. Waveforms (left) and temporal generalization matrices (right)
illustrate the predicted amplitude-based and information-based temporal
profiles: coloured rectangles indicate the three stimulus durations for the PFC
(GNWT) and the posterior cortex (IIT; left); the arrows mark stimulus onset
(brown) and offset (red), whereas predicted temporal generalization is depicted
ingreen (GNWT) and blue (IIT; right). For prediction 3 (interareal connectivity
supporting consciousness), the starsand arrows on the brain diagramillustrate
predicted synchrony patterns, withgreenrepresenting the GNWT and blue

Both theories have a mathematical or computational core (inte-
grated information for the IIT, and global workspace for the GNWT)
and proposed biological implementations (the posterior cortex versus
the PFC and associated areas, respectively). Although it is difficult to
test the mathematical or computational core of either theory directly,
their competing biological implementations are empirically testable
with current methodologies. Thus, our study focuses on brainregions
where the predictions diverge most significantly — the posterior cortex
for the lIT and the PFC for the GNWT, rather than the associated areas
in higher-order sensory or parietal cortex — facilitating maximally
diagnostic experiments.

One consequence of this biological focus is that theorists could
respond to challenging data by modifying the proposed biological
implementation while retaining the mathematical or computational
core of a theory. Another consequence is that some predictions (and
their associated consequences) may overlap with other theories of
consciousness sharing similar biological bases, such as higher-order
theories'®” in the PFC, and local recurrency theories'? in the visual
cortex. Although these are inherent aspects of studying theoretical
proposals about neural mechanisms of consciousness, the results are
expected to help the community make more informed judgements
about the tested theories (for rationale, see the preregistration docu-
ment (https://osf.io/92tbg/)).
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representing the lIT. Images are from Freesurfer. b, Conscious experience is
multifaceted. Forinstance, viewing the Mona Lisainvolves experiencingit as
occupying aspecific spatial location, categorizingitasaface, recognizingan
identity and notingits leftward orientation, with this complex experience
maintained over time. ¢, To manipulate conscious content, stimuli varied
across four dimensions: category (faces, objects, letters and false fonts),
identity (different exemplars within each category), orientation (left, right
and front views) and duration (0.5s,1.0 sand 1.5 s). Example stimuliare
shown.d, Experimental paradigm. Participants detected predefined targets
(forexample, aspecific face and object or aletter and false-font) in sequences
of high-contrast stimuli. Each trial contained three stimulus types: targets
(red; coloured frames for illustration only), task-relevant stimuli (orange-

red; same categories as targets) and task-irrelevant stimuli (purple; other
categories). Blank intervals between stimuli are not depicted. Stimulus
imagesin panels c,d are courtesy of Michael]. Tarr, Carnegie Mellon University,
http://www.tarrlab.org/.

Preregistered predictions and analyses

We tested three preregistered, peer-reviewed predictions of the IIT
and GNWT"for how the brain enables conscious experience (Fig. 1a):
prediction 1addresses the cortical areas holding information about
different aspects of conscious content. The lIT predicts that conscious
content is maximal in posterior brain areas, whereas the GNWT predicts
anecessary role for the PFC. Prediction 2 pertains to the maintenance of
conscious percepts over time? 2, The lIT predicts that conscious con-
tentisactively maintained by neural activity in the posterior ‘hot zone’
throughout the duration of a conscious experience, whereas the GNWT
predictsignition eventsin the PFC at stimulus onset and offset, updat-
ing the global workspace, with activity-silentinformation maintenance
in between’, Prediction 3 examines interareal connectivity during
conscious perception. The IIT predicts sustained short-range con-
nectivity within the posterior cortex, linking low-level sensory (V1/V2)
with high-level category-selective areas (for example, the fusiform
face areaandthe lateral occipital cortex), whereas the GNWT predicts
long-range connectivity between high-level category-selective areas
and the PFC. The combination of predictions, tested through highly
powered, multimodal studies, places a high bar for either theory to pass,
rendering failures more informative. Predictions were differentially
weighted based on their centrality to the theory and methodological
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considerations (Extended Data Table 1; for an additional preregistered
non-critical analysis, see section 8 in Supplementary Information).

To empirically test these predictions, we investigated the content
and temporal extent of conscious visual experiences, focusing on
their phenomenological richness and multifaceted nature, even for
asingle stimulus. For instance, when viewing the Mona Lisa (Fig. 1b),
oneexperiencesit as having a specificidentity, orientation, locationin
visual space andfor aslong as one looks at the painting. To approximate
such multifaceted experiences, we manipulated several attributes of
conscious content by presenting suprathreshold visual stimuliacross
four different categories (faces, objects, letters and false fonts), each
containing 20 uniqueidentities showninthree orientations (front, left
andright view) and for three durations (0.5,1.0 and 1.5 s). Ineach block,
participants were instructed to detect two infrequent target stimuli
fromeither the pictorial (face-object) or symbolic (letter—false fonts)
stimulus categories (for example, a specific face or object), making
these categories task relevant for that block (Fig. 1c,d).

This paradigm offers several advantages. First, it provides robust
conditions totest the predictions of the theories by focusing on clearly
experienced conscious content, studied through high signal-to-noise,
suprathreshold, fully attended single stimulus at fixation. This ampli-
fies the significance of any challenges to the theories, as they cannot
be explained by weak signals. Second, it minimizes task and report
confounds, isolating neural activity specifically related to conscious-
ness. Third, itallowed testing novel predictions, addressing previously
unexplored questions, that is, how experience is maintained over time,
refining theories and yielding new insights.

All research was conducted by theory-neutral teams to minimize
confirmatory bias. We evaluated the predictions of theories in 256 par-
ticipants performing the same behavioural task in three neuroimaging
modalities: functional magnetic resonance imaging (fMRI; n=120),
magnetoencephalography (MEG; n =102) and intracranial electroen-
cephalography (iEEG; n = 34). To overcome the spatial and temporal
limitations of each modality, we combined whole-brain, non-invasive
fMRI and MEG with invasive iEEG, ensuring methodological rigour.
Combined with large sample sizes, this minimizes the likelihood that
negative results are due to methodological or sensitivity issues. Data
collection occurred in two (or three) independent laboratories for
each modality to guarantee generalization across groups of partici-
pants, instruments and experimenters. To foster informativeness,
reproducibility and robustness, we (1) separated theory proponents
from data acquisition and analysis to minimize bias and post-hoc
interpretation, (2) used a multimodal approach maximizing spati-
otemporal resolution and coverage for a stringent and comprehen-
sive tests of the theories in humans, (3) predefined large samples to
increase statistical power, (4) followed standardized® and preregistered
protocols®? to reduce setup differences and confirmatory bias? (see
sectionsland2inSupplementary Information), and (5) implemented
an analysis optimization phase (one-third of the sample) followed by
afinal testing phase (two-thirds of the sample) on independent data
for result validation®. Consequently, this large-scale international
effort aimed at implementing a rigorous adversarial collaboration
framework, establishing a precedent for an alternative scientific
approach.

Decoding of conscious content

According to the IIT, the PFC is not necessary for consciousness.
Consequently, decoding conscious content should be most effec-
tive from the posterior cortex, and adding PFC activity as additional
information should not improve decoding accuracy. This prediction
was considered non-critical for testing the IIT as the theory focuses
on the intrinsic, causal perspective of information within a neural
substrate rather than the amount of information decodable from the
perspective of an extrinsic observer®. By contrast, the GNWT posits that

conscious content can be decoded from PFC activity. Both theories
predict that conscious content should be evident in theory-relevant
areasindependently of other cognitive processes (for example, report
and task); thus, conscious content should be present irrespective of
task manipulations®?*, This prediction was tested by evaluating the
decodingaccuracy of stimulus category (faces-objects (pictorial) and
letters—false fonts (symbolic)) and orientation (left, right and front
facing) in all theory-relevant areas. All stimulus categories alternated
betweenbeingtask relevantandtaskirrelevant across blocks (Fig. 1d).
Stimulus orientation, being orthogonal to the task, remained task
irrelevantinall blocks.

Onthebasis of our preregistered predictions and pre-approved inter-
pretations (Extended Data Table 1; https://osf.io/92tbg/), the theories
would pass the testif decodingis possible for both category (in at least
one category pairing) and orientation (in at least one category), but
would fail otherwise. Testing both category and orientation decoding
constitutes a stringent test, as it requires two conditions to be satis-
fied, increasing the likelihood of failures®, while capturing the critical
multidimensionality of conscious content, that is, phenomenological
richness (Fig.1b).

For decoding of category, we tested whether information s present
intherelevantregionsirrespective of the task, using a cross-task gen-
eralization approach (see Methods).

Here we report the most robust results for decoding of category
(faces-objects) and orientation (left, right and front views of faces).
Qualitatively similar results were observed for decoding of letters-
false fonts (Extended Data Fig.1a-d). Results for orientation decoding
were consistent across stimulus categories and data modalities in
the posterior cortex, but mostly absentin the PFC (see section 5.1.2in
Supplementary Information).

In the iEEG data, pattern classifiers were trained on high gamma
frequency band activity (70-150 Hz), which correlates with spiking
activity®*¥, at each time point in the task-irrelevant condition, and
tested in the task-relevant condition, for each stimulus duration and
category, and across all electrodes within the theory-relevant region
of interests (ROIs; see Fig. 2a for a visualization of ROIs and the Meth-
ods section for anatomical ROI definitions). In the posterior ROIs,
face-object decoding showed significant cross-task generalization
(morethan 95% accuracy) for the approximate duration of the stimulus
(Fig. 2b, top row). In the PFC ROIs, significant cross-task face-object
decodingaccuracy (approximately 70%) was also evident, but the tem-
poral generalization of this decoding was restricted to approximately
0.2-0.4 s (Fig. 2b, bottom row). Training on task-relevant and testing
ontask-irrelevant trials showed similar results (Extended Data Fig. 1e;
within-task decoding is presented in Extended Data Fig. 2).

Although electrode coverage across our sample of iEEG patients
(n=29 for decoding analyses) was exceptional in the relevant brain
regions (Fig. 2a; PFC ROIS Ngjectrodes = 376, posterior ROIS ngjecirodes = 583),
we further analysed alarger population of healthy participants (n = 65)
using MEG, focusing on theory-relevant ROls (see Methods). Here too,
cross-task generalization of face-object decoding was significant in
both posterior and prefrontal ROIs (Fig. 2c) within the theory-predicted
time windows. Cross-temporal generalization of decoding in MEG was
sustained in posterior ROIs and briefin PFC ROIs for all three stimulus
durations (see section 5.1.1.2 in Supplementary Information).

We leveraged the higher spatial resolution of fMRI (n =73) to com-
plement the analysis. A searchlight approach (see Methods) revealed
distributed, robust cross-task generalization (approximately 75%) in
the striatal and extrastriatal, ventral temporal and intraparietal cortex
(Fig. 2d and Extended Data Table 2). Generalization in the PFC had
lower accuracy (approximately 60%) and was spatially restricted to the
middle and inferior frontal cortex regions (Fig. 2d). Theory-relevant
ROIs defined in the Destrieux atlas yielded comparable results (see
section 5.1.1.3 in Supplementary Information). These results closely
matched those fromiEEG-restricted to theory-specified ROIs and time
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Fig.2|Prediction1: decoding of conscious content. a, Spatial coverage of
intracranial electrodes (Myyenes = 29) onastandard inflated cortical surface map
(top), and within theory-defined ROls (bottom): posterior (blUe; Ngjecerodes = 583)
and prefrontal (green; Ngiecirodes = 576). b, iEEG cross-task temporal generalization
of decoding of high-gammasignal. Pattern classifiers were trained to
discriminate stimulus category (faces-objects) in the task-irrelevant condition
ateachtime pointand testedin the task-relevant conditionacross all time-
points. Columns denote stimulus durations (0.5 s (left), 1.0 s (centre) and

1.5 s (right)), and rows indicate theory ROIls (posterior (top) and prefrontal
(bottom)). Contoured red-shaded regions depict significant above-chance
(50%) decoding. Here and below, significance was evaluated through anon-
parametric cluster-based permutation test (P < 0.05; two-sided). c, MEG
average cross-task decoding of stimulus category (n = 65) from task-relevant
totask-irrelevant stimuli (purple) and vice versa (orange), separately for the
posterior (top) and prefrontal (bottom) ROls, depicted oninflated cortical
surfaces (posteriorinblue and prefrontalingreen), across durations, using
pseudotrial aggregation. Underlying lines indicate significance. The shading

windows (Fig. 2e). Hence, across modalities, face-object decoding
occurred in both posterior and prefrontal ROIs, consistent with IIT
and GNWT predictions.

4 | Nature | www.nature.com

Testing time (s)

Decoding accuracy (%) Time (s)

40 60 80 100

e
Relevant to irrelevant Irrelevant to relevant

Decoding accuracy (%)
|

50 100 50 100

Decoding accuracy (%)
e

S S 100 -
S S
E 25 S
z 53
g gg 80
3 53
8 £ 601
g g
e a o
Q Q 404
g "33 3 ——
a] © T T

— 100 -

S

5g 80

S S 3
= 100 €8 60
[9) S5
g T
3 a5 40
® 8 A
g’ hel T T T 1
3 0 05 1.0 15 20
® 33 Time (s)
[=]

depicts 95% Clacross participants. d, fMRIsearchlight cross-task decoding

of stimulus category (n="73), collapsed across durations, from task-relevant
stimuli to task-irrelevant stimuli (left; purple) or vice versa (right; orange). The
outlined coloured regions on the inflated cortical surfaces (left-right lateral
views; right-left medial views (bottom)) indicate significant above-chance
decoding. e, iEEG ROIs significant cross-task decoding of stimulus category,
collapsed across durations. Conventions are asin paneld, displayed fromaleft
lateral (top left), posterior (top right) and left medial (bottom) views. f,iEEG
average decoding of stimulus orientation (left, right and front) within posterior
(top) and prefrontal (bottom) ROIs, collapsed across durations. Underlying
linesindicate above-chance (33%) decoding. The shading depicts 95% CI
estimated across cross-validation folds. g, fMRIsearchlight decoding of face
orientation (left, right and front). Regions with significantly above-chance
(33%) decoding accuracies are outlined inblue. h, iEEG ROIs decoding of face
orientation (left, right and front). Conventions are asin panel g.i, MEG ROIs
average decoding of face orientation (left, right and front). Conventions are as
in panelf.Imagesin panelsa,c-e,gare fromFreesurfer.

Given the rich and multidimensional nature of conscious content,
we assessed the decoding of stimulus orientation, which was always
taskirrelevant. We obtained divergent results for the IIT and GNWT:



decoding of face orientation (left, right or front views) was achieved in
posterior but not in prefrontal ROIs, both withiEEG (Fig. 2f,h, approxi-
mately 95% with pseudotrial aggregation; Extended Data Fig. 3a) and
the fMRI searchlight approach (Fig. 2g, approximately 45%). Decod-
ing of face orientation was robust from MEG cortical time series in
posterior ROIs (approximately 75% with pseudotrial aggregation), but
was weaker, yet above chance (35%), in prefrontal ROIs (Fig. 2i), with
a possibility of signal leakage from posterior regions (Extended Data
Fig. 3b). Bayesian testing further validated these findings. For iEEG,
Bayes factor (BF),, values (5.11-8.65) supported the null hypothesis
of no face orientation decoding in prefrontal regions. fMRI Bayes-
ian analysis revealed substantial-to-very strong support for the null
hypothesis in 34-55% of prefrontal voxels (BF ,;: 3-71.5), with support
for the alternative hypothesis in only 1-9% of voxels, whereas the rest
remained inconclusive. Across allmodalities, orientation decoding was
observed for letters and false fonts — but not objects —in posterior, but
not prefrontal, ROIs (see section 5.1.2 in Supplementary Information).

Finally, we tested the prediction fromthe lIT that prefrontal regions
donotcontribute furtherinformation beyond that specified by poste-
rior areas (or may even degrade performance by introducing noise)®. If
PFCactivity increased decoding accuracy, the lIT would be challenged,
whereas noimprovementin decoding accuracy would align with both
the lIT and GNWT, as the GNWT posits that PFC workspace neurons
broadcastbut donotaddinformation. We compared the performance
of decoders trained exclusively on posterior ROIs with those trained
on posterior and prefrontal ROIs together (Extended Data Fig. 3c;
see Methods). Across critical time-resolved methods (iEEG and MEG)
andvarious PFC ROl definitions, adding prefrontal ROIs did notimprove
—and in some cases reduced — category and orientation decoding
(Extended Data Fig. 3d,e and section 5.1.3 in Supplementary Infor-
mation). Bayesian testing confirmed these findings: we found strong
evidence againstincreased decodingaccuracy whenincluding PFCROIs
for category decoding (face versus object: iEEG BF,; =1.94 x 10* and
MEG BF,, = 3.05; letter versus false font: iEEG BF,, = 1.91 x 10°and MEG
BF,;=4.70) and face orientation iEEG BF;; = 1,205 and MEG BF ;; = 3.26).

Maintenance of conscious content

According to the lIT, the network that specifies the content of con-
sciousness in the posterior cortex is actively maintained over the
duration of the conscious experience (manipulated here via dif-
ferent stimulus durations). By contrast, the GNWT predicts brief,
content-specific ignition in the PFC within 0.3-0.5 s after stimulus
onset, as the workspace is updated™. Activity then decays back to
baseline, with information maintained in a latent state, until another
ignition marks the offset of the current percept and the onset of anew
percept (for example, the fixation screen following stimulus offset).
Thus, although the underlying brain responses (the workspace update)
are temporally discrete (that is, an onset and an offset response), the
conscious experience can be temporally continuous, spanning from
one update to the next.

Following the preregistration (Extended Data Table 1; https://osf.
io/92tbg/), the lIT would be challenged if sustained content-specific
information and activation tracking stimulus duration were absent in
the posterior cortex. The GNWT would be challenged if transient pre-
frontal activation (at stimulus onset and offset) was not observed. These
patterns were expected for at least one conscious feature (category,
identity or orientation). We assessed activation strength as afunction
of stimulus duration and the informational content of this activation
within theory-relevant ROIls. For the lIT, both activation and informa-
tion content were critical predictions, jointly determining result inter-
pretation. For the GNWT, activation was the primary measure due to
the difficulty of reliably detecting content-specific reinstatement at
stimulus offset. The temporal predictions were tested in time-resolved
iEEG and MEG data. We focused on the task-irrelevant condition as it

bestisolates neural activity related to consciousness while minimizing
confounds (see sections 6.1 and 6.2.9 in Supplementary Information
for task-relevant results).

First, we tested the predictions of theories investigating iEEG neural
activationas afunction of stimulus duration using linear mixed models
(LMMs; see Methods) to model the time course of neural activity in the
high gamma frequency. Among the 31 patients included, 29.5% (194
of 657) of posterior ROl electrodes and 18.7% (123 of 655) of PFC ROI
electrodes exhibited high gamma responses to stimuli (see section
6.1.2in Supplementary Information).

In the posterior cortex ROIs, 25 electrodes (out of 657) measured
sustained activity tracking stimulus duration (Extended Data Table 3
forelectrodelocalization and section 6.1.1in Supplementary Informa-
tion for results of the fullmodel), consistent with the prediction by the
IIT (Fig. 3a). Of these, 12 electrodes tracked duration independent of
stimulus category, primarily in early visual areas (for example, the
occipital pole; Fig.3b), whereas 13 showed category-specific duration
tracking (mostly for faces) in the ventral temporal cortex (for example,
thelateral fusiform gyrus; Fig. 3b). Overall, only a small proportion of
electrodes exhibited both category selectivity and duration tracking
— for example, just 15% (8 of 53) of face-selective electrodes showed
sustained activity as predicted by the IIT, suggesting a sparse neural
substrate. These responses were mostly localized to the lateral fusiform
gyrus, whereas the majority of face-selective electrodes displayed
transient activations at stimulus onset across the striatial, extrastriatial
and ventral areas (see section 6.1.2 in Supplementary Information).

In PFC ROIs, 99 and 24 electrodes showed non-selective and
category-selective onset responses, respectively (Fig. 3c). However,
none of the 655 electrodes measured the temporal profile predicted
by the GNWT (that is, onset and offset). Bayesian analysis confirmed
this result (BF,;, > 3 for all electrodes in PFC ROIs), providing stronger
evidenceforeitheranintercept-only or atime-varying amplitude model
over the GNWT model, with or without category interaction. This null
result was not due to analysis limitations, as the LMM successfully
detected the GNWT-predicted pattern in 10 electrodes in other ROIs
(inthestriatial or extrastriatial cortex; Fig. 3b). An exploratory decod-
ing analysis of stimulus duration with unrestricted temporal profiles
identified only oneelectrode, in the inferior frontal sulcus, showing the
GNWT-predicted pattern, although with transient responses occurring
earlier than expected (0.15 s post-onset and post-offset; Fig. 3¢). Addi-
tional control analyses confirmed the lIT-predicted patternin posterior
ROIs, and the absence of the GNWT-predicted patternin PFCROIs (see
sections 6.2.1-6.2.3 in Supplementary Information).

We used LMMs to track gamma frequency band (60-90 Hz) power
changes from the MEG source time series across posterior (15 parcels)
and PFC (11 parcels) ROIs. Although signals were strong in posterior
areas, none of the theory-based models adequately fit the data (BF,, > 3
for all parcels; see section 6.1.3.1in Supplementary Information).
We also examined alpha band activity (8-13 Hz), which negatively
correlates with neural spiking activity***°, Validation of theoretical
predictions from iEEG and MEG data was inconclusive: no prefrontal
iEEG electrodes showed the GNWT-predicted combination of anonset
and offset response (BF,, > 3 for all prefrontal electrodes); instead,
this patternappeared in posterior sites and in MEG data, including the
anterior cingulate cortex. However, the MEG results were sensitive to
parameter choices, and signal leakage from posterior sites could not be
ruled out (seesections 6.1.1and 6.1.3.2inSupplementary Information).

Next, we used cross-temporal representational similarity analysis
(RSA) onbothiEEG and MEG source data, within each theory-relevant
ROI, to test for IIT and GNWT predictions about the temporal profile
of the maintenance of conscious content (Fig. 1a, middle panel): sus-
tained versus phasic (onset and offset) representation for the lIT and
GNWT, respectively. This test was critical for the IIT only. Results for
faces and objects are presented below (see Extended Data Fig. 4 for
similar results for letters—false fonts).
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Fig.3|Prediction2: maintenance of conscious content. a, Intracranial
electrodelocalization onthe MNItemplate, for posterior (left; blue; n,,genes =31
and Nejecirodes = 657) and prefrontal (right; green; 1, ents = 31aNd Nejecrrodes = 655)
ROIs. Electrodes are colour coded by response type based on model comparison
(see Methods): sustained non-category-selective activation (light blue; n=12),
sustained category-selective activation (dark blue; n = 5), sustained face-
selectiveactivation (purple; n = 8), biphasic onset-offset activationin
posterior areas (green; n=11) and in the PFC (black; n =1), and onset-responsive
activationinthe PFC (grey; n=99).Images are from Freesurfer. b, Posterior ROI
activation. Time-series plots depict average HGP, separated by stimulus
duration (0.5 s (dark),1s (medium)and 1.5 s (light)) for non-selective (left) and
face-selective (middle) electrodes. The shading here and in panel c depicts
standard error of the mean across electrodes and trials. The barplots (right)
depictthe average HGP signal across sustained face-selective electrodes (n = 8)
inl1.5-strials, separated by category (facesin dark blue, objectsin orange, letters
inturquoise and false fontsin dark red) and theory-defined time windows
(xaxis). Raster plots show single-trial (n=320) HGP of individual electrodes

IniEEG, we calculated the correlation distance between high gamma
activity patterns across 583 electrodes in posterior (f,gens = 28) and
576 electrodes in PFC (n,,ens = 28) ROIs separately (see Methods). We
analysed the 1.5-s duration trials because this condition provided the
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duringtask-irrelevant trials: a sustained non-selective (left), sustained face-
selective (middle) and onset-offset (right) electrode. The rows depict single
trials, sorted per duration (from top: 0.5,1.0 and 1.5 s), and then category (from
top: false fonts, letters, objects and faces). ¢, Prefrontal ROl activation. Time-
series plots (top left) depict the average HGP response per stimulus duration
(shades of grey) for onset-responsive electrodes (n=99) in task-irrelevant trials
(n=320). Average HGP response per stimulus duration for asingle electrode
exhibiting onset-offset responses, with an earlier-than-predicted offset (top
right). Raster plots for example onset (bottom left) and onset-offset (bottom
right) responses are also shown. Conventions are asin panelb.d, Cross-temporal
RSAmatrices in posterior (Mpiencs = 28 and Njecrrodes = 583) and prefrontal
(Mpatients = 28 and Ngjecrrodqes = 576) ROIs. The titles indicate the compared contrasts,
andthe subtitles denote the ROls. Matrix values represent z-scored, within-
class-corrected correlation distances derived from alabel shuffle null
distribution. Contours denote significance (cluster-based permutation tests,
P<0.05, uppertail).

strongest contrast between the temporal profiles predicted by the
theories.

In posterior cortex ROls, cross-temporal RSA revealed sustained
face-object categorical representation, with larger correlation



distances between categories (face-objects) than within category (face,
object; compare Fig.3d, left, with Fig.1a). The RSA matrix matched the
IIT model better thanthe GNWT model (see section 6.3 in Supplemen-
tary Information for results of all contrasts).

InPFCROIs, cross-temporal RSA revealed transient face-object cat-
egorical representation at stimulus onset, but not at stimulus offset.
Consequently, no significant correlation was found with the GNWT
onset and offset model (compare Fig. 3f, left, with the predicted pat-
ternin Fig.1a). This pattern held even for the task-relevant condition,
inwhich face-objectinformation was stronger, more stable and longer
lasting. Additional evidence for the absence of GNWT-predicted pat-
ternsin PFCROIs emerged from three control analyses using (1) feature
selection, whichimproved RSA inthe PFC; (2) modified time windows
to account for a potential earlier ignition at stimulus offset; and (3) a
decodinganalysis time locked to stimulus offset to enhance sensitivity
(seesection 6.4 in Supplementary Information). These results align with
two independent studies using comparable methods**,

Ithasbeen argued that because conscious experiences are specific,
therepresentation ofidentity and orientation are more stringent tests
of the neural substrate of conscious experience* than of category. We
thusalso evaluated the predictions of the theories on these dimensions.

In posterior ROIs, EEG revealed sustained object identity informa-
tion, with smaller distances for same-identity objects than for different
identities (Fig. 3d). The IIT model significantly correlated with the
observed RSA matrix, providing a better fit than the GNWT model.
Similar results were found for letter and false-font identity, but not
for faces (Extended DataFig.4).In PFCROIs, identity information was
absent for all categories across analysed time windows (Fig.3d, objects).
Face orientation information appeared weakly in posterior ROlIs at
stimulus onset but was not sustained, decaying after 0.5 s, contrary to
the predictions by the lIT. No face orientation information was detected
in PFC ROIs (Fig. 3d). Finally, the predictions of neither theory were
supported for category, identity or orientation by the MEG data (see
section 6.5 for Supplementary Information).

Interareal connectivity

The IIT predicts sustained gamma-band connectivity within the
posterior cortex, that is, between high-level and low-level sensory
areas (V1/V2), throughout any conscious visual experience. By con-
trast, the GNWT predicts brief, late-phase metastable connectivity
(more than 0.25 s) with information sharing between the PFC and
category-specific areas, manifested in long-range gamma-band or
beta-band synchronization*:.

On the basis of our preregistration (see Extended Data Table 1), the
IIT would be challenged in the absence of sustained content-specific
synchronization between face-object selective areas and V1/V2;
whereas a challenge for the GNWT would be a lack of phasic con-
nectivity (0.3-0.5 s) between category-selective areas and the PFC.
Given the dynamical nature of these predictions, iEEG and MEG pro-
vided the most informative empirical test. These predictions were
tested computing pairwise phase consistency (PPC)* between each
category-selective time series (face-selective and object-selective
nodes) and either the V1/V2 or the PFC time series in the intermediate
(1.0 s) and long-stimulus-duration (1.5 s), task-irrelevant trials (see
section 7.1.2 in Supplementary Information for task-relevant trials).
Gamma activity was analysed due to its close link to neuronal spik-
ing*®, which the lIT considers a constituent property of the physical
substrate of consciousness>.

ForiEEG, we analysed connectivity between electrodes showing face
and object selectivity, using a different subset of electrodes to test con-
nectivity with V1/V2and the PFC (see Methods; Extended Data Fig. 5a for
ROIs and examples of face-selective and object-selective electrodes).
Giventhesparse electrode coverage, the requirement to focus on ‘acti-
vated’ electrodes (see Methods) wasrelaxed, although restrictingit to

only activated electrodes yielded similar results. We found increased
category-selective synchrony between category-selective and V1/V2
electrodes (Extended Data Fig. 5b). These effects were early and brief
(forexample, lessthan 0.75 s), and restricted to low frequencies, that is,
2-25 Hz. This synchrony was mostly explained by the stimulus-evoked
response (Extended Data Fig. 6a). These results fail to align with IIT pre-
dictions: the activity was neither sustained nor observed in the gamma
frequency band. Bayesian analysis further supported the null hypoth-
esis (BF,, =1.15-4.9). No content-selective PPC was found between
face-selective and object-selective electrodes and PFC electrodes in
the relevant time window, contradicting the prediction by the GNWT
(Extended DataFig. 6a; BF,, =2.62-5.32).

For MEG, we found selective synchronizationbetween face-selective
areas and both V1/V2 and the PFC. These effects were again early,
restricted to low frequencies (2-25 Hz), and mostly explained by
stimulus-evoked responses (Extended Data Figs. 5b and 6b). Bayes-
ian analysis of the gamma-band synchronization further supported
the null hypothesis (all BF,, > 3).

Theresults of the preregistered PPC metric for prediction 3, critical
forboth thellT and the GNWT, supported neither theory. PPC was cho-
sen based on the mechanistic considerations of the theories because
itassesses oscillatory phase. However, phase estimation from macro-
scopic recordings is susceptible to noise.

We thus used dynamic functional connectivity (DFC; see Methods),
ametricsensitive to co-modulations of signal amplitude, after remov-
ing stimulus-evoked responses (Extended Data Fig. 6¢,d includes the
evoked response).

In iEEG, we observed significant connectivity between object-
selective electrodes and V1/V2 (Fig. 4a), spanning multiple frequency
bands, with the gamma band being the most predominant. In con-
trast to the predictions of the lIT, the observed connectivity was brief.
Connectivity between face-selective electrodes and V1/V2 was scarce,
further supported by Bayesian analysis (BF,, =1.3 in favour of the null
hypothesis). Significant connectivity was observed between the PFC
and both the face-selective and the object-selective areasin the gamma
frequency band within the GNWT-predicted time window. For MEG,
brief DFC in the alpha-beta frequency bands was found between
face-selective nodes and both the PFC and V1/V2 (Fig. 4b).

The exploratory DFCresults iniEEG were consistent with the predic-
tions of the GNWT while challenging the predictions of the IIT, as con-
nectivity with V1/V2 was not sustained. However, V1/V2 were sparsely
sampled in our population, with only 12 electrodes localized to V1/V2
compared with 472 in the PFC.

Using fMRI, we evaluated connectivity across the entire cortex with
homogeneous sampling. We computed the generalized psychophysi-
ological interaction, defining the fusiform face area (FFA) and lateral
occipital complex as seed regions (see Methods). Task-relevant and
irrelevant trials were pooled to increase statistical power (see sections
7.1.1and 12 in Supplementary Information for separate preregistered
analyses). FFA showed content selective (face > object stimuli) con-
nectivity with V1/V2, the inferior frontal gyrus and the intraparietal
sulcus, consistent with predictions from both theories (Fig. 4c).
No selective increase in interareal connectivity between object-
selective nodes and the PFC or V1/V2 was found in fMRI, even when
separating task conditions (Extended Data Fig. 6f). Bayesian testing
across prefrontal ROIs confirmed our findings with 62-94% of voxels
across ROIs showing substantial evidence for the null hypothesis of
no interareal connectivity (BF,, = 3-7.75). Support for the alternative
hypothesis was observed only in 0-4% of voxels. The remaining voxels
showed inconclusive evidence.

TodeterminewhetherconnectivitytothePFCandV1/V2wastaskdriven
in the generalized psychophysiological interaction, we explored the
iEEG data, separating task-relevant andirrelevant trials. We found task-
independent, selective DFC connectivity (face > objects) for face-
selective electrodes inboth theinferior frontal gyrus and V1/V2 (Fig. 4d).
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Fig.4 |Prediction 3:interareal connectivity. a,iEEG DFC analysis of task-
irrelevant trials reveals significant content-selective synchrony only for object-
selectiveelectrodesinV1/V2 (for example, top-right; n,,enes = 4 and Mejecrroges = 21),
whereas showed significant content-selective synchrony for both categories in
the PFCROI (bottom row; face selective: nyenes = 19 and Nejecrodes = 81, 0bject
selective: Myyients =14 and Ngecrroqes = 57). Here and in panel b, significance was
assessed using a cluster-based permutation analysis (P < 0.05, two-sided) and
the colourbarsrepresent the average changeinthe DFCbetween conditions.
b, MEG DFC analysis of task-irrelevant trials (n = 65) reveals significant content-
selective synchrony below 25 Hz for the face-selective GED filter inboth V1/V2
(top left) and PFC (bottom left), but not for the object-selective GED filter (right
panels). c,fMRIgeneralized psychophysiological interaction (gPPI; n=70)

on task-relevant and task-irrelevant trials combined reveals significant

Discussion

This adversarial collaboration aimed to address confirmation biases
by researchers, breaking theoretical echo chambers® and identify-
ing the strengths and weaknesses of theories>* by forcing them to be
explicit and committal about their empirical predictions, rigorously
testing them on common methodological grounds**, and providing
the means for theorists to change their minds given conflicting results*,
Doingso catalyses our ability to evaluate and arbitrate between theories
of consciousness. Embracing this spirit,and adhering to guidelines for
structuring adversarial collaborations?, we opted for a three-voice
discussion format, acknowledging that despite stringent testing of
incompatible theoretical views, differentinterpretations of the same
evidence may persist. Below, the theory-neutral consortium presents
the main challenges our findings pose to the theories, based on the
preregistered predictions, methods and analysis agreed onin advance
with the adversaries. Then, adversaries offer their own interpreta-
tion of the findings and future directions (see sections 12 and 13 in
Supplementary Information).
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content-selective connectivity when FFA is used as the analysis seed. Various
significant regions showing task-related connectivity with the FFA seed were
observedincluding V1/V2, therightintraparietal sulcus (IPS) and the right
inferior frontal gyrus (IFG). LH, left hemisphere; RH, right hemisphere. d, Analysis
of iEEG face-selective DFC synchrony across tasksis shownatthe single-electrode
level in PFC (top) and V1/V2 (bottom) ROIs. Electrodes showing significant
synchrony (tested using apermutation test, FDR-corrected, P<0.05) inrelevant
(orange-red), irrelevant (purple) or combined relevant andirrelevant (black)
trialsare shown (averaged over 70-120 Hzand 0-0.5-stime window). DFC
synchrony was observed in both tasks, but restricted to IFG for the GNWT
analysisand V2regions for the lIT analysis, consistent with the fMRIgPPI
analysis shownin panel c.Imagesin panels ¢,d are from Freesurfer.

Extended Data Fig. 7summarizes the key results, including the crite-
riaused to assess whether findings support or contradict the theories.
This summary covers both central and peripheral findings related to
theory evaluation. The consortium adopted Lakatos’ sophisticated
falsificationist approach to philosophy of science®*’, emphasizing that
challenged predictions provide more valuable insights than those con-
firmed by the data (see section11in Supplementary Information). Out-
comes are weighted differentially across predictions and with respect
tothedifferent brainimaging modalities (Extended Data Table 1). This
approach ensures a nuanced evaluation of the theories, highlighting
areas of strength and those requiring further refinement.

For thelIT, the lack of sustained synchronization within the posterior
cortex represents the most direct challenge, based on our preregistra-
tion. This is incompatible with [IT’s claim that the state of the neural
network, including its activity and connectivity, specifies the degree
and content of consciousness®. Although this null result could stem
from methodological limitations (for example, limited iEEG sampling
of V1/V2 areas), our multimodal and highly powered study provided
the best conditions so far for evaluating the prediction. We urge lIT



proponents to direct future efforts to evaluate this prediction and
determine the significance of this failure.

More broadly, although the IIT passed the predefined criteria for
the duration prediction (number 2), there was no evidence for a sus-
tained representation of orientation, despite being a property of the
consciously perceived stimuli®. This is an informative challenge for
thelIT, as orientation decoding was robust across all three data modali-
ties, leaving open the question of whether and how information about
orientation is maintained over time.

For the GNWT, the most significant challenge based on our preregis-
tered criteria pertains to its account for the maintenance of a conscious
perceptover timeand, in particular, the lack ofignition at stimulus off-
set. Thisresultis unlikely to stem from sensitivity limitations, as offset
responses were robustly found elsewhere (for example, visual areas);
inthe PFC, strong onset responses were found to the very same stimuli.
The lack of ignition at stimulus offset is especially surprising given
the change of conscious experience at the onset of the blank fixation
screen. This clear update to the content of consciousness should have
beenrepresented somehow by the global workspace'. Thus, that aspect
of consciousness remains unexplained within the GNWT framework.

Another key challenge for the GNWT pertains to representing the
contents of experience: although we found representation of category
in the PFCirrespective of the task, hereby demonstrating the sensi-
tivity of our methods, no representation of identity was found, and
representation of orientation was only evident in MEG (signal leakage
notwithstanding); however, these dimensions were clearly a part of the
conscious experience of participants of the stimuli. This raises the ques-
tion of whether the PFCisinvolved in broadcasting all conscious con-
tentas predicted by the GNWT? or only asubset (for example, abstract
concepts and categories, rather than low-level details), in which case
the role of the PFC in consciousness might need to be redefined.

Before this study, predictions from the ITand GNWT were typically
tested with one data modality at a time?*, leaving room for negative
results to be easily attributed to the limitations of the chosen modal-
ity*®. We combined multiple techniques (iEEG, MEG and fMRI) to miti-
gate these limitations, cross-compensating for their weaknesses. This
methodological approach was mutually agreed on by the theory leaders
before data collection and results disclosure as the most powerful
and conclusive approach, making both positive and negative findings
more meaningful.

Although this study was designed around the lIT and GNWT, the
results may have implications for other theories of consciousness. For
example, the prediction by the GNWT about the PFCis shared by those
higher-order theories of consciousness that hypothesize the PFC to
actually supply the content of visual consciousness (for example, ref. 17),
rather than those that take it to merely enable the consciousness of
contentthatislocatedinposterior visual areas (forexample, refs. 51,52).
Asaresult, the failures to confirm this prediction challenge not only the
GNWT butalso those higher-order theories™. Predictions 2and 3 about
timing and connectivity are more distinctive to the GNWT but could
also be shared by other theories. Likewise, the non-core prediction 1
about the posterior cortex by the IIT is also shared by many theories
(forexample, recurrent processing theory™), andits prediction 2 about
timing may be shared by some posterior theories of consciousness,
such asthelocal recurrency theory®. Its prediction 3 about interareal
connectivity is more distinctiveto the lIT (for example, itisnot shared
by synchrony theory**), so the challenge here is more specific as well.

Our study focused on the contents of consciousness (for example,
category, identity, orientation and duration), linking brain activity to
subjective phenomenology. This departs from the traditional con-
trastive method, which compares the presence and absence of con-
sciousness but conflates it with other cognitive processes (forexample,
decision-making or memory formation)**. Some might argue that
our approach tracks stimulus processing rather than consciousness.
Yet, our aimis to challenge and potentially falsify*>*® the ITand GNWT,

by examining where their predictions differ, rather than to discover
the neural correlates of consciousness. In this context, what might
seem like a weakness — focusing on the presence of fully attended,
consciously experienced stimuli —is actually beneficial for testing the
primary positive predictions of the theories and their failures. This is
because such failures are harder to dismiss due to weak signals. Thus,
our approach assesses whether the proposed neural mechanisms are
truly necessary for consciousness.

Our study, although comprehensive, is not without limitations. First,
we cannot entirely rule out residual task engagement with respect to
category, although our design ensured that orientation and duration
remained task irrelevant, so the results on these dimensions cannot
be explained by task-related effects. Second, although we aimed to
capture multiple aspects of consciousness, our approach still falls short
of encompassing its full phenomenal richness. Third, despite the high
spatial and temporal resolution of our data, it lacks single-unit record-
ings, whicharetypically restricted to patients with epilepsy and selected
brainregions. Ongoing studies in animal models, as part of a separate
adversarial collaboration, can accordingly complement our findings.

Beyond directly challenging the theories, our study raises broader
questions about theory testing and development across disciplines.
A key challenge is how to weigh predictions and integrate evidence
across different analyses and measurement techniques (forexample,
fMRI, MEG and iEEG). We adopted a lenient falsificationist approach,
in which evidence for any tested feature (for example, decoding of
category or orientation) was sufficient to rule out failure, rather than
requiring consistency across all features. However, aformal framework
isurgently needed to quantitatively integrate evidence, accounting for
prediction centrality, measurement error and cross-sample consist-
ency.Such aframework would enhance systematic theory building in
anera of accumulating results®.

After reviewing the results and the discussions by adversaries,
readers might expect a definitive verdict on the two theories under
evaluation.Instead, weinvitereaderstoweightheevidence themselves —
considering the support for each preregistered prediction, the breadth
of the data, the sophistication of the methods and analyses, and the
cognitive biases that shape interpretation. Scientific progressisrarelya
matter of simple verdicts; evidence s filtered through previous beliefs
and motivations®®, making theory evaluation a dynamic process. By
presenting results and adversarial responses transparently, we embrace
the openness needed for science to converge on robust explanations
of complex phenomena such as consciousness.
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Methods

Ethics statement

The experiment was approved by the institutional ethics committees
of each participating data-collecting laboratory, including the Science,
Technology, Engineering and Mathematics Ethical Review Committee
at the Centre for Human Brain Research, University of Birmingham
(ERN_18-0226AP20); the Committee for Protecting Human and Animal
Subjects at the School of Psychological and Cognitive Sciences, Peking
University (2020-05-07e); the Commissie Mensgebonden Onderzoek
Regio Arnhem-Nijmegen at the Centre for Cognitive Neuroimaging
at Donders Institute (NL45659.091.14); the Human Research Protec-
tion Program Institutional Review Board at Yale School of Medicine
(2000027591); the Office of Science and Research Institutional Review
Board at New York University Langone Health (i14-02101_CRé6); the
Boston Children’s Hospital Institutional Review Board at Children’s
Hospital Corporation d/b/aBoston Children’s Hospital (04-05-065R);
the Institutional Review Board at the University of Wisconsin-Madison
(ID:2017-1299); and the Ethics Council of the Max Planck Society at Max
Planck Institute for Empirical Aesthetics (Nr.2017_12). All participants
and patients provided oral and written informed consent before par-
ticipatingin the study. All study procedures were carried out inaccord-
ance with the Declaration of Helsinki. Patients were also informed that
clinical care was not affected by participationin the study.

Participants

Healthy participants and patients with pharmaco-resistant focal epi-
lepsy participated in this study. The datasets reported here consist of:
(1) behaviour, eye tracking and iEEG data collected at the Comprehen-
sive Epilepsy Center at New York University (NYU) Langone Health,
the Brigham and Women'’s Hospital, the Boston Children’s Hospital
(Harvard), and the University of Wisconsin School of Medicine and
Public Health (WU). (2) Behaviour, eye tracking, MEG and EEG data col-
lected at the Centre for Human Brain Health (CHBH) of the University
of Birmingham (UB), and at the Center for MRIResearch of Peking Uni-
versity (PKU). (3) Behaviour, eye tracking and fMRI data collected at the
Yale Magnetic Resonance Research Center (MRRC) and at the Donders
Centre for Cognitive Neuroimaging (DCCN), of Radboud University
Nijmegen. For both the MEG and fMRI datasets, one-third of the data
that passed quality tests (henceforth, the optimization dataset; see the
section ‘Preregistration’ (https://osf.io/92tbg/) for details about quality
test criteria) were used to optimize the analysis methods, which were
subsequently added tothe preregistration as an additionalamendment.
These preregistered analyses were then run on the remaining two-thirds
ofthe data (henceforth, the replication dataset) and constitute the data
reported in the main study. This procedure was not used for the iEEG
data due to the serendipitous nature of the recording and electrode
placement, the rarity of this type of data and the increased difficulty
of data collection due to the COVID-19 pandemic.

Atotal of 97 healthy participants were included in the MEG sample
(mean age of 22.79 + 3.59 years, 54 females, all right handed), 32 of
those datasets were included in the optimization phase (mean age of
22.50 £ 3.43 years, 19 females, all right handed), and 65 in the replica-
tion sample (mean age of 22.93 + 3.66, 35 females, all right handed).
Five additional participants were excluded from the MEG dataset: two
due to failure to meet predefined behavioural criteria (that is, hits of
less than 80%, and/or FA >20%), two due to excessive noise from sen-
sors, and one due to incorrect sensor reconstruction. A total of 108
healthy participants were included in the fMRI sample (mean age of
23.28 +3.46 years, 70 females, 105 right handed), 35 of those datasets
were included in the optimization sample (mean age of 23.26 + 3.64
years, 21 females, 34 right handed) and 73 in the replication sample
(meanage 0f23.29 + 3.37,49 females, 71 right handed). Twelve additional
participants were excluded from the fMRI dataset: eight due tomotion
artefacts, two due to insufficient coverage and two due toincomplete

data (with respect to these last two participants, see section 14 of the
Supplementary Information for deviations from the preregistration
document). For the iEEG arm of the project, a total of 34 patients were
recruited. Two patients were excluded due toincomplete data. Demo-
graphic, medical and neuropsychological scores for each patient, when
available, arereportedin Supplementary Table 25. Three iEEG patients
whose behaviour fell slightly short of the predefined behavioural cri-
teria (thatis hits of less than 70%, FA > 30%) were nonethelessincluded
given the difficulty to obtain additional iEEG data (see section 14 in
Supplementary Information for deviation from the preregistration).

Experimental procedure

Experimental design. To test critical predictions of the theories,
five experimental manipulations were included in the experimental
design: (1) four stimulus category (faces, objects, letters and false fonts),
(2) 20 stimulusidentity (20 different exemplars per stimulus category),
(3) three stimulus orientation (front, left and right view), (4) three
stimulus duration (0.5s,1.0 sand 1.5 s), and (5) task relevance (relevant
targets, relevant non-targets and irrelevant).

Stimulus category, stimulusidentity and stimulus orientation served
to test predictions about the representation of the content of con-
sciousnessin different brain areas by the theories. Inaddition, stimulus
duration served to test predictions about the temporal dynamics of
sustained conscious percepts and interareal synchronizationbetween
areas. Task relevance served to rule out the effect of task demands, as
opposed to conscious perception per se, on the observed effects®. This
aspect of the experimental design was inspired by ref. 62.

Stimuli. Four stimulus categories were used: faces, objects, letters and
false fonts. These stimulinaturally fell into two clearly distinct groups:
pictures (faces and objects) and symbols (letters and false fonts). These
natural couplings were aimed at creating a clear difference between
task-relevantand task-irrelevant stimuliin each trial block (see the sec-
tion‘Procedure’). All stimuli covered asquared aperture atan average
visual angle of 6° by 6°. Face stimuli were created with FaceGen Modeler
3.1; letter and false-font stimuli were generated with MAXON CINEMA
4D Studio (RC-R20)20.059; object stimuli were taken from the Object
Databank®, Stimuli were grey scaled and equated for luminance and
size. Tofacilitate faceindividuation, faces had different hairstyles and
belongedto different ethnicities and genders. Equal proportion of male
and female faces was presented. The orientation of the stimuli was
manipulated, such that half of the stimuli from each category had aside
view (30° and -30° horizontal viewing angle, left and right orientation)
and the other half had a front view (0°).

Procedure. Participants performed a non-speeded target detection
task (see Supplementary Video 1). The experiment was divided into
runs, with four blocks in each run (see the section ‘Trial counts’). Ona
givenblock, participants viewed asequence of single, supra-threshold,
foveally presented stimuli belonging to one of four stimulus catego-
ries and presented for one of three stimulus durations onto a fixation
cross that was present throughout the experiment. Within each block,
half of the stimuli were task-relevant and half were task-irrelevant.
To manipulate task relevance, at the beginning of each block partici-
pants were instructed to detect the rare occurrences of two target
stimulus identities, one from each relevant category (for pictures, face-
object; for symbols, letter—false font), irrespective of their orientation.
This was specified by presenting the instruction ‘detect face A and
object B’ or ‘detect letter C and false-font D’, accompanied by images
foreachtarget (seeFig.1d). Targets did not repeat across blocks. Each
run contained two blocks of the face-object task and two blocks of the
letter—false-font task, with block order counterbalanced across runs.

Accordingly, each block contained three different trial types:
(1) targets: the two stimuli being detected (for example, the specific
face and object identities); (2) task-relevant stimuli: all other stimuli
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from the task-relevant categories (for example, the non-target faces-
objects); and (3) task-irrelevant stimuli: all stimuli from the two other
categories (for example, letters—false fonts). An advantage of this
designis that the three trial types enabled a differentiation of neural
responses related to task goal, task relevance and simply consciously
seeing a stimulus. We confirmed that participants were conscious of the
stimuliinboth the task-relevant and task-irrelevant trialsin aseparate
experiment, which included a surprise memory test (see section 3 in
Supplementary Information).

Stimuliwere presented for one of three durations (0.5s,1.0sor1.55s),
followed by ablank period of a variable duration to complete an overall
trial length fixed at 2.0 s. For the MEG and iEEG version, random jitter
wasadded at the end of each trial (meaninter-trialinterval of 0.4 s, jit-
tered 0.2-2.0 s, truncated exponential distribution) to avoid periodic
presentation of the stimuli. The mean trial length was 2.4 s. For the fMRI
protocol, timing was adjusted as follows: the randomyjjitter between tri-
alswasincreased (meaninter-trialinterval of 3 s, jittered 2.5-10 s, with
truncated exponential distribution), with each trial lasting approxi-
mately 5.5 s. Thismodification helped to avoid non-linearitiesin BOLD
signal, which may affect fMRI decoding®*. Second, to increase detec-
tion efficacy for amplitude-based analyses, three additional baseline
periods (blank screen) of 12 s each were included per run (total of 24).
Theidentity of the stimuli was randomized with the constraint that they
appeared equally across durations and tasks conditions. Participants
were further instructed to maintain central fixation on a black circle
with a white cross and another black circle in the middle throughout
each trial (see Supplementary Fig. 1d and Supplementary Video 1 for
ademonstration of the experimental paradigm).

Trial counts. The MEG study consisted of 10 runs containing 4 blocks
each with 34-38 trials per block, 32 non-targets (8 per category) and
2-6 targets, for a total of 1,440 trials. The same design was used for
iEEG, but with half the runs (5 runs total), resulting in a total of 720
trials. For fMRI, there were 8 runs containing 4 blocks each with17-19
trials per block, 16 non-targets (4 per category) and 1-3 targets, for a
total of 576 trials. Rest breaks between runs and blocks were included.

Data acquisition

Behavioural data acquisition. The task was run on Matlab (PKU:
R2018b; DCCN, UB and Yale: R2019b; Harvard: R2020b; NYU: R2020a,
and WU:2021a) using Psychtoolbox (v3)®. TheiEEG version of the task
wasrunonaDell Precision 5540 laptop, witha15.6” Ultrasharp screen
atNYU and Harvard and on a Dell D29M PC with an Acer 19.1” screen
in WU. Participants responded using an eight-button response box
(Millikey LH-8; response hand (or hands) varied based on the setting
inthe patient’s room). The MEG version was run on a custom PC at UB
and a Dell XPS desktop PC on PKU. Stimuli were displayed on a screen
placed in front of the participants with a PROPixx DLP LED projector
(VPixx Technologies). Participants responded with both hands using
two 5-buttonresponse boxes (NAtA or SINORAD). The fMRIversion was
runonan MSl laptop at Yale and a Dell Desktop PC at DCCN. In DCCN,
stimuliwere presented onan MRl compatible Cambridge Research Sys-
tems BOLD screen32” IPSLCD monitor, and in Yale they were presented
onaPsychology Software Tools Hyperion projection system to project
stimuli on the mirror fixed to the head coil. Participants responded with
theirright hand usinga2 x 2 current designs response box at Yale and
alx4 current designs response box at DCCN.

Eye tracking data acquisition. For the iEEG setup, eye tracking and
pupillometry datawere collected using aEyeLink 1000 Plusinremote
mode, sampled monocularly at 500 Hz (from the left eye at WU, and
depending on the setup at Harvard), or on a Tobii-4C eye tracker,
sampled binocularly at 90 Hz (NYU). The MEG and fMRI laboratories
used the MEG-compatible and fMRI-compatible EyeLink 1000 Plus
Eye-tracker system (SR Research) to collect dataat1,000 Hz. For MEG,

eye tracking data were acquired binocularly. For fMRI, data were
acquired monocularly from either the left or the right eye, in DCCN
and Yale, respectively. For all recordings, a 9-point calibration was
performed (besides Harvard, where a 13-point calibration was used)
atthe beginning of the experiment, and recalibrated as needed at the
beginning of each block or run.

iEEG data acquisition. Brain activity was recorded witha combination
of intracranially subdural platinum-iridium electrodes embedded in
SILASTICsheets (2.3-mmdiameter contacts, Ad-Tech Medical Instrument
and PMT Corporation) and/or depth stereo-electroencephalographic
platinum-iridium electrodes (PMT Corporation; 0.8 mm in diam-
eter, 2.0-mm length cylinders; separated from adjacent contacts by
1.5-2.43 mm), or Behnke-Fried depth stereo-electroencephalographic
platinum-iridium electrodes (BFO8R-SP21X-0C2, Ad-Tech Medical;
1.28 mmindiameter,1.57 mmin length, 3-5.5-mm spacing). Electrodes
were arranged as grid arrays (either 8 x 8 with10-mm centre-to-centre
spacing, 8 x 16 contacts with 3-mm spacing, or hybrid macro-micro
8 x 8 contacts with 10-mm spacing and 64 integrated microcontacts
with 5-mm spacing), linear strips (1 x 8/12 contacts), depth electrodes
(1x 8/12 contacts) oracombination thereof. Recordings from grid, strip
and depthelectrode arrays were done using a Natus Quantum amplifier
or a Neuralynx Atlas amplifier. A total of 4,057 electrodes (892 grids,
346 strips and 2,819 depths) were implanted across 32 patients with
drug-resistant focal epilepsy undergoing clinically motivated invasive
monitoring. Atotal of 3,512 electrodes (780 grids, 307 strips and 2,425
depths) that were unaffected by epileptic activity, artefacts or electrical
noise were used in subsequent analyses. To determine the electrode
localization for each patient, a post-operative computed tomography
scanand a pre-operative TL MRl were acquired and co-registered.

MEG data acquisition. MEG was acquired using a 306-sensor TRIUX
MEGIN system, comprising 204 planar gradiometres and 102 mag-
netometresinahelmet-shaped array. The MEG gantry was positioned at
68° for optimal coverage of frontal and posterior brain areas. Simultane-
ous EEGwasrecorded using anintegrated EEG system and a 64-channel
electrode cap (EEG dataare notreported here, but areincluded inthe
shared dataset). During acquisition, MEG and EEG data were bandpass
filtered (0.01and 330 Hz) and sampled at 1,000 Hz. The location of
the head fiducials, the shape of the head, the positions of the 64 EEG
electrodes and the head positionindicator (HPI) coil locationsrelative
to anatomical landmarks were collected with a 3D digitizer system
(Polhemussotrack). ECGwasrecorded with aset of bipolar electrodes
placed on the chest of the participant. Two sets of bipolar electrodes
were placed around the eyes (two at the outer canthi of the right and
left eyes and two above and below the centre of the right eye) torecord
eye movements and blinks (EOG). Ground and reference electrodes
were placed ontheback of the neck and on the right cheek, respectively.
The head position of participants on the MEG system was measured at
the beginningand end of eachrun, and also before and after each rest-
ing period, using four HPI coils placed on the EEG cap, next to the left
and right mastoids and over left and right frontal areas.

Anatomical MRI data acquisition. For source localization of the
MEG data with individual realistic head modelling, a high-resolution
T1-weighted MRI volume (3 T Siemens MRI Prisma scanner) was
acquired per participant. Anatomical scans were acquired either with
a32-channel coil (TR/TE =2,000/2.03 ms; Tl = 880 ms; 8° flip angle;
field of view = 256 x 256 x 208 mm; 208 slices; 1-mm isotropic voxels,
UB) or a 64-channel coil (TR/TE=2,530/2.98 ms; TI=1,100 ms; 7° flip
angle; field of view = 224 x 256 x 192 mm, 192 slice, 0.5 x 0.5 x 1 mm
voxels, PKU). The FreeSurfer standard template was used (fsaverage)
for participants lacking an anatomical scan (n =5).

fMRI data acquisition. MRI data were acquired using a 32-channel
head coil on a3 T Prisma scanner. A session included high-resolution



anatomical T1-weighted MPRAGE images (GRAPPA acceleration
factor =2, TR/TE=2,300/3.03 ms, 8° flip angle, 192 slices, 1-mm iso-
tropic voxels), and a whole-brain T2*-weighted multiband-4 sequence
(TR/TE=1,500/39.6 ms, 75° flip angle, 68 slices, voxel size of 2 mm
isotropic, A/P phase-encoding direction, field of view =210 mm,
BW =2,090 Hz px™). A single-band reference image was acquired be-
foreeachrun. To correct for susceptibility distortions, additional scans
usingthe same T2*-weighted sequence, but withinverted phase-encoding
direction (inverted RO/PE polarity), were collected while the participant
wasresting at multiple points throughout the experiment.

Preprocessing and analysis details

For readability, we first detail the preprocessing protocols for each
of the modalities (iEEG, MEG and fMRI) separately. Then, we describe
the different analyses, combining information across the modalities,
while noting any differences between them.

Analysis strategy

As part of our testing framework, after excluding a limited number of
participants due to data quality checks, we conducted aninitial optimi-
zation phase on one-third of the MEG (n = 32) and fMRI (n = 35) datasets
to evaluate data quality across sites and to optimize analysis pipelines.
Following the optimization phase, pipelines were preregistered (https://
osf.io/92tbg/) and applied to the novel datasets containing twice as
much data (MEG n=65and fMRIn=73).

Inthe main paper, we report results obtained on the novel, previously
unexamined datasets. For iEEG, given the smaller sample, a different
analysis strategy was implemented. We refer the reader to the iEEG
methods sectionand textin the main paper for numbers of participants
that were entered in each analysis. Results from the optimization phase
arereported insection 4 of Supplementary Information. The results of
the optimization phase and the preregistered replication phase were
compared and deemed to be largely compatible, with some minor
exceptions (section 4 of Supplementary Information).

iEEG preprocessing. Datawere converted to BIDS®® and preprocessed
using MNE-Python (v0.24)%, and custom-written functions in Python
and Matlab. Preprocessing steps included downsampling to 512 Hz,
detrending, bad channel rejection, line noise and harmonic remov-
al, and re-referencing. Electrodes were re-referenced to a Laplacian
scheme®®, whereas bipolar referencing was used for electrodes at the
edge of astrip, grid or sEEG, and the signal was localized at the midpoint
(Euclidean distance) between the two electrodes. Electrodes with no
direct neighbours were discarded. Seizure-onset zone electrodes,
those localized outside the brain and/or containing no signal or high
amplitude noise level were discarded. Line noise and harmonics were
removed using a one-pass, zero-phase non-causal band-stop FIR filter.
The high-gamma power (70-150 Hz) was obtained by bandpass filter-
ingtherawsignalin 8 successive 10-Hz-wide frequency bands, comput-
ingthe envelope using astandard Hilbert transform, and normalizing
it (dividing) by the mean power per frequency band across the entire
recording. To produce a single high-gamma envelope time series, all
frequency bands were averaged together®. Most analyses focused on
the high-gamma power asit closely correlated with neural spiking activ-
ity’° and with the BOLD signal®. To obtain the event-related potentials
(ERPs), the raw signal was low-pass-filtered at 30 Hz with a one-pass,
zero-phase, non-causal low-pass FIR filter. Epochs were segmented
between 1-s pre-stimulus until 2.5-s post-stimulus of interest.
Surfacereconstructionand electrodelocalization. Electrode posi-
tions were determined based on acomputed tomography scan coreg-
istered witha pre-implant T1-weighted MRI. A3D reconstruction of the
brain of each patient was computed using FreeSurfer (http://surfer.
nmr.mgh.harvard.edu). For visualization, the electrode positions for
individual participants were converted to the Montreal Neurological
Institute (MNI)152 space. As each theory specified a set of anatomical

ROIs, after electrode localization, electrodes were labelled according
tothe Freesurfer-based Destrieux atlas segmentation’”>and/or Wang
atlas segmentation”.

Identification of task-responsive channels. To identify task-
responsive electrodes, we computed the area under the curve (AUC) for
the baseline (-0.3to 0 s) and the stimulus-evoked period (0.05-0.35 s)
separately for the task-relevant and task-irrelevant conditions, and
compared them per electrode using a Wilcoxon sign-rank test, cor-
rected for false discovery rate (FDR)™. A Bayesian t-test” was used to
quantify evidence for non-responsiveness.

Identification of category-selective channels. To determine cat-
egory selectivity for faces, objects, letters and false fonts on the high
gamma, we followed the method of Kadipasaoglu and colleagues™.
Per category, we computer a d’ (AUC of 0.05-0.4 s) comparing the
activation between the category of interest (u;) and each of the other
categories (u;), normalized by the standard deviation of each category:
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Apermutation test (10,000 permutations) was used to evaluate sig-

nificance.d’was computed for the task-relevant and task-irrelevant con-
ditions separately. An electrode was considered selective if it showed
selectivity on both tasks.
Multivariate analysis electrodes combination. Owing to the sparse
and highly variable coverage of iEEG data, all collected electrodes were
combined into a ‘super participant’ multivariate analyses (RSA and
decoding). To create asingle-trial matrix for the super participant, we
equated the trialmatrices of all our participants by subsampling to the
lowest number of trials in the relevant conditions. Participants that
did not complete the full experiment were discarded (n = 3), resulting
inatotal of 29 participants with 583 electrodes in posterior ROIs and
576 electrodes in prefrontal ROls. For analyses on stimuli identities,
stimuli that were presented less than three times to any of the par-
ticipants across intermediate and long trials in the task-relevant and
task-irrelevant trials were discarded. We then subsampled the trials for
eachidentity to three trials per participant. The subsampling proce-
dure was repeated 100 times to avoid random fluctuation induced by
the subsampling. The analysis was computed for each repetition and
average across repetitions.

MEG preprocessing. The MEG data were converted to BIDS”” using
MNE-BIDS?, and preprocessed following the FLUX Pipeline” in MNE-
Python (v0.24.0)%". Preprocessing steps included MEG sensor recon-
struction using asemi-automatic detection algorithm and signal-space
separation® to reduce environmental artefacts. FastICA® was used
to detect and remove cardiac and ocular components from the data
for each participant (mean =2.90 components, s.d. = 0.92). Before
ICA, datawere segmented, and segments containing muscle artefacts
were removed. After preprocessing, data were epoched into a 3.5-s
segment (1-s pre-stimulus to 2.5-s post-stimulus onset). Trialsin which
gradiometre values exceeded 5,000 fT cm™, magnetometres exceeded
5,000 fT and/or contained muscle artefacts were rejected from the
MEG dataset. Finally, tobeincluded in the analyses, participants should
have aminimum of30 cleantrials per condition. No participants were
excluded because of not meeting this criterion.

Source modelling. MEG source modelling was performed using
the dynamic statistical parametric mapping method®, based on
depth-weighted minimum-norm estimates (MNEs)®**%*, on epoched
and baseline (-0.5 s to O s before stimulus onset) corrected data. To
build aforwards model, the MRl images were manually aligned to the
digitized head shape. A single shell boundary elements model was
constructed in MNE-Python based on the inner skull surface derived
from FreeSurfer’”?, to create a volumetric forwards model (5-mm grid)
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coveringthe full-brain volume. The lead field matrix was then calculated
according to the head position with respect to the MEG sensor array.
A noise covariance matrix for the baseline and a covariance matrix
for the active time window were calculated and the combined (that s,
sum) covariance matrix was used with the forwards model to create
acommon spatial filter. Data were spatially pre-whitened using the
covariance matrix fromthe baseline interval to combine gradiometre
and magnetometre data®.

fMRI preprocessing. Source DICOM data were converted to BIDS
using BIDScoin (v3.6.3)%¢. This includes converting DICOM data to
NIfTI using dcm2niix¥ and creating event files using custom Python
codes. BIDS compliance of the resulting dataset was controlled using
BIDS-Validator. Subsequently, MRI data quality control was performed
using MRIQC (0.16.1)* and custom scripts for data rejection. All (f)MRI
data were preprocessed using fMRIPrep (20.2.3)%, based on Nipype
(1.6.1)°°. For further details on the fMRIprep pipeline, see preregistra-
tion. Custom scripts used NumPy (1.19.2)” and Pandas (1.1.3)*%
Analysis-specific functional preprocessing. Additional, analysis-
specific, fMRI data preprocessing was performed using FSL 6.0.2
(FMRIB Software Library)®, Statistical Parametric Mapping (SPM 12)
software®, and custom Python scripts (using NiBabel (3.2.2)* and SciPy
(1.8.0)%¢ after the above-outlined general preprocessing. Functional
datafor univariate dataanalyses were spatially smoothed (Gaussian ker-
nelwith full-width at half-maximum of 5 mm), grand mean scaled and
temporal high-pass filtered (128 s). No spatial smoothing was applied
for multivariate analyses.

Contrast of parameter estimates. We modelled BOLD signal responses
tothe experimental variables by fitting voxel-wise general linear model
(GLM) to the data of each run using FSL FEAT. The following regressors
were modelled inanevent-related approach, with event duration cor-
responding to the stimulus duration (thatis, 0.5s,1.0 sand 1.5 s), and
convolved with a double gamma haemodynamic response function:
12 regressors of interest (targets, task-relevant and task-irrelevant
stimuli per stimulus category, that is, faces, objects, letters and false
fonts; and a regressors of no interest, that is, target screen display).
We included the first-order temporal derivatives of the regressors of
interest, and aset of nuisance regressors: 24 motion regressors (FSL's
standard + extended set of motion parameters) plus a CSF and a WM
tissue regressor. Each of the 12 regressors of interest was contrasted
against an implicit baseline (used in the putative NCC analysis; see
below). In addition, we obtained contrast of parameter estimates for
‘relevant faces versusrelevant objects’, ‘relevant letters versus relevant
false fonts’, ‘irrelevant faces versusirrelevant objects’, ‘irrelevant letters
versusirrelevant false fonts’ (used for the definition of decoding ROls),
‘relevant and irrelevant faces versus relevant and irrelevant objects’
and ‘all stimuliversus baseline’ (used for the definition of seeds for the
generalized psychophysiological interaction (gPPI) analysis). Data were
averaged across runs per participant using FSL'’s fixed-effects analysis
and subsequently averaged across participants using FSL's FLAME1
mixed-effect analysis. Gaussian random-field cluster thresholding was
used to correct for multiple comparisons, using the default settings of
FSL, with a cluster formation threshold of one-sided P< 0.001(z > 3.1)
and a cluster significance threshold of P < 0.05.

Anatomical ROIs. ROIs were defined a prioriin consultation with the
adversarial theories. They were determined per participant based
on the Destrieux atlas’ including both hemispheres, and then resa-
mpled to standard MNI space (see Supplementary Table 26). For the
connectivity analysis, areas V1/V2 (combining dorsal and ventral)
were defined based on the Wang cortical parcellation’. For details
on the process of selecting the ROIs and the justification of the ROI
selectionin the context of this study, see section 10 in Supplementary
Information. All anatomical segmentations were performed using
Freesurfer (6.0.1)".

Behavioural analyses. Log-linear-corrected d’”, false alarms and
reaction times were computed per category and stimulus duration,
separately (false alarms were also calculated per task relevance, without
duration) and per modality GEEG, MEG and fMRI). These measures were
compared with linear-logistic mixed models, where appropriate. For
the former, we report analysis of variance omnibus F-tests, and for the
latter, omnibus x* test from an analysis of deviance. We approximated
degrees of freedom using the Satterthwaite method®s. Pairwise t-tests
following significant interactions were Bonferroni corrected. To esti-
mate Bayesian information criterion (BIC) differences between the
original and nulllogistic models, we used the Pvalues and sample size®
(p_to_bfpackageinR).
Eye-tracking analyses. For Eyelink, gaze and pupil data were seg-
mented, and trials with missing data were excluded. Blinks were
detected using the Hershman algorithm'®°, and removed with 200-ms
padding'®. The Eyelink standard parser algorithm was used for saccade
and fixation detection. Saccades were further corroborated using the
Engbert and Kliegl'® algorithm. Fixations were baseline corrected
(-0.25 sto 0 s). Mean fixation distance, mean blink rate, mean sac-
cade amplitude and mean pupil size were compared in a LMM with
category and task relevance as fixed effects, and participant and item
asrandom effects. Separate analyses were carried out onthefirst 0.5 s
after stimulus onsetincludingalltrials; and onthe 1.5-s trialsincluding
timewindow (0-0.5s,0.5-1.0 sand 1.0-1.5 s) as fixed effects. BIC was
used to test the models against the null hypothesis models. For Tobii,
gaze coordinate data were segmented, missing data were excluded and
coordinates were baseline corrected to depict heatmaps of patients’
gaze. Of note, the coordinate datawerenotadded tothe LMMs due to
its poorer quality with respect to the EyeLink data.
Decoding analysis. All decoding analyses were performed using a
linear support vector machine (SVM; scikit learn (0.23.2), https://
scikit-learn.org/) classifier. Below, we explain how this was done for
each one of the predictions.

iEEG decoding was done on the high-gammaresponse, averaged over
non-overlapping windows of 0.02 s separately for electrodes located
in the GNWT and IIT ROIs. The top 200 electrodes (selectKbest!?®), as
determined by a F-test withinagiven set of electrodes fromthe theory
ROIs, were used as features for the classifier. Two-hundred features
were selected to provide a balance between model optimization (for
example, feature selection) and participant representation (for exam-
ple, electrodes or features coming from multiple participants). Statis-
tical significance of decoding performance was assessed via
permutation test, randomly permuting the sample labels and repeating
the decoding analysis1,000 times, corrected for multiple comparisons
using a cluster-based correction (cluster mass inference with cluster
forming threshold at P < 0.05)'°*1%, Also, to assess the decoding accu-
racy within unique ROIs (for example, S_temporal_sup of the Destrieux
atlas), separate classifiers were trained using all electrodes in a given
parcel. Each classifier was fitted using all electrodes in a parcel and time
window (GNWT: 0.3-0.5s,1IT: 0.3-1.5 s) as features, resulting inasingle
accuracy value per parcel. SelectKbest (200 features for iEEG) feature
selectionand fivefold cross-validation with three repetitions was used.
To assess the statistical significance of the decoding accuracy within
unique ROIs (so only one accuracy score is obtained per ROI), Pvalues
obtained via permutation tests were corrected for multiple compari-
sonsacrossall ROIs using FDR correction (g < 0.05™). To compute Bayes
factors onthe decodingaccuracy values, we used a 3-binomial approach
that compares the marginal likelihood under a point-null hypothesis
againstaflat B(a=1, f=1)alternative prior, yielding an analytic Bayes
factor. We then derived the null hypothesis parameters from the empir-
ical null distribution by updating a tight prior centred at chance level
(B(a=1,000, B=1,000)) with the shuffle-based accuracies, thereby
incorporating any bias presentin the null distribution.

MEG decoding was done on bandpass-filtered (1-40 Hz) and
downsampled (100 Hz) data. The reconstructed source-level MEG
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data within a subset of the predefined anatomical ROIs (GNWT: ‘G_
and_S_cingul-Ant’/G_and_S_cingul-Mid-Ant’,‘G_and_S_cingul-Mid-Post’,
‘G_front_middle’;S_front_inf’,‘S_front_sup’; lIT: ‘G_cuneus’, ‘G_oc-temp_
lat-fusifor’, ‘G_oc-temp_med-Lingual’/Pole_occipital’, ‘S_calcarine’,S_
oc_sup_and_transversal’ as they show high response to the stimulus
on the optimization dataset) were extracted for further analysis (500
vertices and 800 vertices per hemisphere for each of the anatomical
ROl defined by the theories). We applied temporal smoothing (0.05-s
window, 0.01-s sliding window), computed pseudotrials'®, normalized
the dataand selected the top 30 features within agiven ROl as features
for the different classifiers. A group-level one-sample ¢-test per time
point was performed onthe decoding accuracy results, corrected for
multiple comparisons using a cluster-based correction'®.

The overall decoding strategy for fMRIwas similar to that used on the
iEEG and MEG data, yet with some differences. A multivariate pattern
analysis approach was used on the pattern of BOLD activity over voxels.
A non-spatially smoothed parameter estimate map was obtained by
fittinga GLM per event with that event as the regressor of interest and
allthe other remaining events as one regressor of no interest'’ asimple-
mented in NiBetaSeries (0.6.0) package. The model also included the
24 nuisance regressors described in the fMRI preprocessing’ section.

Decoding was performed using whole-brain and ROI-based app-

roaches. The whole-brain analysis was performed using a searchlight
approach with 4-mm radius. For ROI-based decoding, decoding ROIs
were defined based on functional fMRI contrasts (see the ‘fMRI pre-
processing’ section) and constrained with pre-defined anatomical
ROIs (see Extended Data Table 2 on anatomical ROIs). A one-sample
permutation test was used to determine whether decoding signifi-
cantly exceeded chancelevel within each ROI. FDR was used to correct
for multiple comparisons across ROls. For whole-brain decoding, a
cluster-based permutation test was used to evaluate the decoding
statistical significance across participants (P < 0.05), complemented
by Bayesian analysis. Inaddition, stimulus versus baseline searchlight
decoding was performed using leave-one-run out cross-validation,
and the resultant decoding accuracy maps were used as input for the
multivariate putative NCC analysis (see below). To perform stimulus
versus baseline decoding, we subsampled the stimuli trials toa 2:1
ratio with respect to baseline. The SVM cost function was weighted
by the number of trials from each class. Plots were generated using
Matplotlib (3.3.2)1°8,
Decoding schemes for the different predictions. Totest GNWT and lIT
decoding predictions, stimulus category (faces versus objects and let-
tersversus false fonts) was decoded separately for the task-relevant and
task-irrelevant conditions (within-task category decoding), whereas ori-
entation (front view versus left view versus right view) was decoded on
the combined data from the two task conditions. Inaddition, cross-task
category decoding from the task-relevant to task-irrelevant condi-
tion and vice versa was performed to test generalization by training
classifiers on one condition and testing on the other condition. Both
within-task category and orientation decoding were performedina
leave-one-run-out cross-validation scheme for fMRI and in an k-fold
cross-validation scheme for MEG and iEEG.

For category decoding, trials from each task condition (that is, task
relevantor taskirrelevant) were extracted for each category compari-
son of interest: 160 face/160 objects classification, 160 letters/160
false-fonts classification within each task-relevant condition for MEG,
and half the trials for iEEG. For fMRI, there were 64 trials for each
category in each task-relevant condition. For orientation decoding,
task-relevant and task-irrelevant trials were collapsed within category
toincrease the signal-to-noise ratio, resulting in160 front, 80 left and
80 right trials per category for MEG, and half these numbers for iEEG.
For fMRI, there were 64 front and 32 left and right trials per category.
Decoding was evaluated using accuracy measures, tested against 50%
chancelevel for category decoding (binary classification) and against
33% chance level for orientation decoding (three-class classification).

For orientation decoding, balanced accuracy was used due to the unbal-
anced number of trials for the different orientations. The SVM cost
function was weighted by the number of trials per class to reduce bias
to the class with the highest number.

Balanced accuracy

L censitivitv.  + Sensitivity. + Sensitivi
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For within-task decoding (for example, classification of categories
acrosstime), aclassifier at each time point was trained and tested sepa-
rately using a fivefold cross-validation (with three separate repeats of
cross-validation). For cross-task decoding (task relevant - irrelevant
and taskirrelevant - relevant), each SVM model was trained on one task
(forexample, faces-objectsin the task-relevant condition) and tested
on the second task (for example, faces—objects in the task-irrelevant
condition). As cross-decoding in iEEG data is performed across all
pooledelectrodes, an additional cross-validation step was performed
on this modality data to provide a confidence metric (for example,
confidenceintervals) using a fivefold cross-validation with three rep-
etitions (for example, train on 80% of task 1, and test on held-out 20%
of task 2).

Within-task temporal generalization was performed by traininga clas-
sifier at each time point (using selectKbest feature selection) and test-
ingits performance across all time points using the same set of selected
features and threerepetitions of fivefold cross-validation. To generalize
fromonetask to another across all time points, cross-temporal gener-
alization was used: a classifier was trained at each time pointin task 1
(for example, task relevant) using selectKbest feature selection, and
tested across all time pointsintask 2 (for example, taskirrelevant) using
the same set of selected features. Cross-validation was performed in
the same manner asin cross-decoding.

Additional decoding analyses were performed onall trials aligned to
the stimulus onset (for example, -0.2to 2 srelative to stimulus onset)
and stimulus offset (-0.5to0 0.5 saround stimulus offset). For the latter
analysis, all trials from different durations were aligned to the stimulus
offset.

Toassess the prediction of lIT thatincluded prefrontal regions along
with posterior regions to the decoding of categories will not signifi-
cantly affect decoding accuracy, we performed anadditional decoding
analysis in which the decoding performance of electrodes from the
IIT region were compared with the decoding performance when elec-
trodes from both the posterior + PFC ROIs are included. The PFC ROI
included all PFC ROls, except for inferior frontal sulcus, as it belongs
to the IIT extended ROIs. Posterior ROl included all IIT ROIs shown in
Supplementary Table 26. The analysis compared the decoding accu-
racy for amodel including all electrodes from posterior regionsto a
separate modelinwhich electrodes (features) from posterior and PFC
regions were combined (for example, feature combination). Training
and testing of the individual models followed all previously described
cross-validation procedures, and model comparison was performed
using a variance-corrected paired t-test'®® and complemented with
Bayesian analysis.

We also tested this prediction on the fMRI data. To select features
to be used for both analyses, the face versus object contrast for each
participant was masked by a predefined anatomical posterior ROIs as
wellas PFC anatomical ROIs, defined the same way as described above.
Within each of the two ROIs, the 150 voxels that are most selective to
each of the to-be-decoded stimuli were defined as the decoding ROls
(300 voxels total) for each participant. The first analysis compared the
decodingaccuracies foramodel thatincluded 300 voxels from the pos-
terior ROIs as features to another model thatincluded 600 voxels (300
features from each ROI). In the second analysis, two separate models
were constructed, calibrated and combined as described above. For the
two analyses, model comparison was performed using a group-level
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one-sample permutation test to determine if accuracies obtained by
combining posterior and PFC ROIs were significantly higher than the
accuracies obtained based on posterior ROIs only. FDR was used to
correct for multiple comparisons. Bayesian analysis was performed to
quantify evidence for the null hypothesis that adding prefrontal ROIs
will notimprove decoding accuracy.

Duration analysis. Neural responses were extracted from three win-
dowsof interest (0.8-1.0 s,1.3-1.5 sand 1.8-2.0 s) and compared using
LMMs. Four theory agnostic models were fitted: anullmodel, aduration
model (three durations), awindows of interest model, and a duration
and windows of interest model. Two theory model were fitted: the
GNWT model predicts activation (ignition) following stimulus off-
set (0.3-0.5 s) independent of duration, with virtually no response in
between. The lIT model predicts sustained activation for the duration of
the stimulus returning to baseline after stimulus offset. Both theoretical
models were complemented with aninteraction termbetween category
(faces, objects, letters and false fonts) and the theories’ predictors, to
account for regions showing selective responses to categories. BIC was
used to define the winning model and we computed Bayes factors based
on the difference in BIC values, comparing the GNWT model (with or
without interaction) against either the null model (intercept only) or
the time-window model (capturing amplitude changes over time)"°.

Models for iEEG were fitted per electrode on the predefined ROIs,
using the high-gamma (AUC), alpha (8-13 Hz, obtained through Morlet
wavelets, f=8-13 Hz, in 1-Hz steps; f/2 cycles, AUC),and ERPs (peak to
peak) as signal, separately for task-relevant and task-irrelevant condi-
tion.

MEG models werefitted to source data on the predefined ROIs, using

thegamma (60-90 Hz) and alpha (8-13 Hz) band as signal, separately
for task-relevant and task-irrelevant conditions. Time-frequency analy-
seswere performed on source-datausing Morlet wavelets (f=8-13 Hz,
in1-Hzsteps; f/2 cycles;f=60-90 Hz, in2-Hz steps, f/4 cycles) and were
baseline corrected. Spectral activity was computed for each vertex,
baseline corrected and then averaged across trials within each parcel
included in the ROIs, yielding a unique time course per ROl parcel. In
addition, a single-source time course capturing the entire prefrontal
ROl and the posterior ROl was computed by averaging the spectral
activity within an ROI. Models were fitted on each parcel and ROI, as
defined by the theories.
Representational similarity analysis. To examine how the neural
representations evolved over timein response to the different stimulus
properties (thatis, category, orientation and identity representation),
we performed cross-temporal RSA on source-level MEG dataandiEEG
high-gamma power within each of the theory-defined ROIs, using all
trials. Specifically, at each set of data points, we computed a repre-
sentational dissimilarity matrix (RDM) by calculating the correlation
distance (1 - Pearson’sr, Fisher corrected) between all pairs of stimuli
(the preregistration document described a different method that was
however updated to optimize trial numbers; see section 14 in Supple-
mentary Information for justification). Next, to quantify the repre-
sentational space occupied by one class versus another, we computed
the average within-class distances versus the average between-class
distances. This analysis was performed in a cross-temporal manner,
inwhich RDMs were computed between all stimuli at time point ¢,and
the corresponding set of stimuli at time points ¢,, t,,...t,.

Long trials (1.5 s) were used to investigate category and orientation
representation. As specificidentities wererepeated alimited number
of times per duration, both intermediate (1.0 s) and long (1.5 s) trials
were combined and equated in duration by cropping the 1-1.5-s time
interval for long trials. This was done to allow for the analysis of at least
three (3) presentations of the same identity.

To evaluate the theoretical predictions about when significant con-
tent representation should occur, we subsampled the observed
cross-temporal representational matrices in four time windows
(0.3-0.55,0.8-1.05,1.3-1.5sand 1.8-2.0 s). The subsampled matrices

were correlated to the model matrices predicted by GNWT and lIT
(seeFig.1a, right panel) using Kendall's tau correlation. If the correlation
was significant (see below) for at least one of the predicted matrices,
we computed the difference between the transformed correlation
((r+1)/2)toeach theory,and compared this difference againstarandom
distribution to obtain a P value. If the correlation with the theory-
predicted pattern in the theory ROl was significantly higher than the
other model, we considered the theory prediction to be fulfilled.

To generate a null distribution of cross-temporal RSA surrogate
matrices, we repeated the procedure outlined above 1,024 times, ran-
domly shuffling thelabels. Next, the observed RSA matrix was z-scored
using the null distribution as:

ObsiJ - ﬂsurr,-J

Zi,j: a

surr; ;
Whereobs; ;is the observed within-versus-between class difference at
time pointsiand,j, and Msurrm and Osurr,; are the mean and standard
deviation of the surrogate representational similarity matrix at time
pointsiandj, respectively. Cluster-based permutation tests', z-score
threshold of z=1.5 for clustering, were used to evaluate significance.
RSA surrogates were also used to assess the significance of the correla-
tionbetween the observed matrices and the predicted matrices of the
theories. First, anull distribution of possible correlations was generated
for each of the theories by correlating each of the surrogate matrices
toeachofthetheory-predicted matrices. Next, a Pvalue was obtained
for each theory-predicted matrix, by locating its observed correlation
withinthe null correlation distribution. The same procedure was used
to assess the significance of the difference in correlation to lIT and
GNWT matrices (for example, each of the surrogate matrices was cor-
related to each of the theory-predicted matrices and the difference
between the two was computed). P values were FDR corrected
(g<0.05)™,

ForiEEG, the high-gamma power per electrode within the predefined
anatomical ROl was averaged in 0.02-s non-overlapping windows. Elec-
trodes were used as features for the RDM. The data were vectorized
across all electrodes within a ROI (for example, samples x significant
electrodes) to compute the RDMs. A total of 576 and 583 electrodes
entered this analysis for the prefrontal and posterior ROI, respectively.
Theresultant RDM was subjected to aPCA, and the first two dimensions
were plotted against each other to produce a 2D projection of dissimi-
larity scores across all pairs for each of the 100 subsampling repetitions.
The PCA components were aligned across repetitions using Procrustes
alignment and averaged together for visualization purposes™>'>,

For MEG, the same analysis was run on the source reconstructed
data within the predefined anatomical ROIs used for the decoding
analysis, bandpass filtered (1-40 Hz) and downsampled (100 Hz).
For the category and orientation analysis, pseudotrials and temporal
moving-average methods were used to optimize the RSA analysis and
improve the signal-to-noise ratio. For identity, single trials were used.
Vertices within the ROIs were used as features. The statistical testing
differed from that conducted on the iEEG data, as it was performed
at the participant level. Similarly to the iEEG analysis, we first tested
whether the correlation between the dataand the model predicted by
eachtheorywas greater than zero using the Kendall’s tau measure, and
then compared between the theories using the Mann-Whitney Urank
test on two independent samples.

Functional connectivity analysis. For both iEEG and MEG, PPC* was
computed between each category-selective time series (face selective
and object selective) and either the V1/V2 or the PFC time series.

ForiEEG, the PPC analysisincluded electrodesinV1/V2visual areas,
in PFC ROIs (see Supplementary Table 26), and face-selective and
object-selective electrodes (see ‘Identification of task-responsive
channels’), as long as they were ‘active’ during the task. As both theo-
ries predict different types of activation (for example, ignition versus



sustained activation), channels were categorized as active if they
showed an increase in high-gamma power relative to baseline (-0.5
to-0.3s, P<0.05, signed-rank test) evaluated across all trials (task
relevant +irrelevant, intermediate +long trials, combined across both
categories), for the 0.3-0.5-swindow (GNWT), or in all time windows:
0.3-0.55,0.5-0.8 sand 1.3-1.5s (IIT).

For MEG, the category-selective single-trial time courses used to
define the ROIs for PPC analysis were extracted using the generalized
eigenvalue decomposition (GED) method". Two GED spatial filters
were built by contrasting either faces or objects against all other cat-
egoriesduring thefirst 0.5 s after stimulus onset. Single-trial covariance
matrices were computed separately for signal and reference for all ver-
tices withinthe fusiform ROl identified from the FreeSurfer parcellation
using the Desikan atlas™, and the Euclidean distance between them
was z-scored. Trials exceeding 3 z-scores were excluded. The reference
covariance matrix was regularized to reduce overfitting and increase
numerical stability. The GED was then performed on the two covariance
matrices, resulting in n (=rank of the data) pairs of eigenvectors and
eigenvalues. The eigenvector associated with the highest eigenvalue
was selected as a GED spatial filter, which in turn was applied to the
data to compute the single-trial GED component time series. A GED
spatial filter was extracted also for the PFC ROI, on parcels from the
Destrieux atlas’, to identify the distributed pattern of sources that
areresponsive to visually presented stimuli. Specifically, a spatial filter
was built by contrasting source-level frontal slow-frequency activity
(30-Hz low-pass filter) after stimulus onset (0-0.5 s) against baseline
(-0.5to0 0s). V1/V2 areas were identified using the Wang Atlas” and a
singular values-decomposition approach. For the GED, the 1.0-s and
1.5-s duration trials were used to minimize overlap with the transient
evoked at stimulus onset.

PPC was computed for each MEG time series—-iEEG electrode pair-
ing, for all face trials and object trials separately. Analyses were per-
formed on1.0-sand1.5-sdurationtrials, separately on task-relevantand
task-irrelevant trials and also combined to maximize statistical power.
To compute synchrony, time-frequency analysis of the broadband MEG
and LFP signal was performed using Morlet wavelets (f=2-30 Hz, in
1-Hz steps; 4 cycles; f=30-180 Hz for iEEG or f=30-100 Hz for MEG,
in 2-Hz steps, f/4 cycles), and PPC was then computed by taking the
difference in phase angle between MEG time series—iEEG electrode
ateach time t and frequency ffor a specific trial and computing PPC
across all trials in a category (for example, faces) as:

2 N-1 N
WD 2,2, 0006600

={1, ..., Ntrials}

PPC(f,0) =

ej.k (f’ t) : 0 (f’ t) elorGEDfilter 6 (f’ t) e2 or GEDfilter” forall frequencies
fandatalltimest.

For iEEG, PPC for each category-selective site was then averaged
acrossallits pairings (for example, all PFC electrodes pairings or all V1/
V2 pairings within that patient). The variability in electrode coverage
across patients precluded a within-participants analysis. Therefore, to
achieve sufficient statistical power, we pooled all derived PPC values
from one electrode pairing (for example, face selective to the PFC)
across all patients into one ROI-specific analysis. A similar approach
was used on the MEG parcels.

To quantify content-specific synchrony enhancement, the difference
in PPC was computed between within-category and across-category
trials (for example, for face-selective sites, the change in PPC was
computed between faces versus objects trials) using a cluster-based
permutation test'®, This was done for both modalities.

Asanexploratory analysis, we also investigated dynamic functional
connectivity using the Gaussian copulamutual information¢ approach
to evaluate the dependencies between time series. This power-based

measure of connectivity was implemented using the conn_dfc method
from the Frites Python package'’. We used the same parameters as
for the PPC analysis, with the following exceptions: for both MEG
andiEEG, power was estimated through a multitaper-based method
(using afrequency-dependent dynamic slidingwindow:2-30 Hz, T=4
cycles; 30-100 Hz, T4/f using a 0.25-s sliding window). For iEEG, the
high-frequency range was extended from 30 to 180 Hz, T = 4/fcycles).
DFCwas performed per frequency band, 0.1-s sliding window and 0.02-s
steps.

For fMRI, connectivity was assessed through gPPlimplemented in
SPM"® The FFA and lateral occipital cortex were defined as seed regions
per participant based on an anatomically constrained functional
contrast. Anatomically, FFA seeds were constrained to the ‘inferior
occipital gyrus (03) and sulcus’ and ‘lateral occipito-temporal gyrus
(fusiform gyrus; 04-T4)". LOC seeds were constrained to the ‘middle
occipital gyrus (02; lateral occipital gyrus)’ and the ‘middle occipital
sulcus and lunatus sulcus’ (Destrieux ROIs 2 and 21 for FFA, and ROIs
19 and 57 for LOC; see ‘Anatomical ROIs’).

Candidate seed voxels within the above-mentioned anatomical
ROIs were defined as those with z > 1in the contrast of parameter esti-
mates of all stimuli versus baseline. Three participants with less than
300 candidate seed voxels were excluded from the analysis. This was
donetoensurethat the seed voxels were visually driven. Next, using an
unthresholded contrast of parameter estimates between ‘relevantand
irrelevant faces’ and ‘relevant and irrelevant objects’, the 300 voxels
most responsive to faces within the FFA anatomical ROIs were selected
forthe FFA seed, and the 300 voxels most responsive to objects within
the LOC anatomical ROIs were selected for the LOC seed.

gPPl analysis was performed per participant and seed region sepa-

rately, including an interaction term between the seed time-series
regressor (physiological term) and the task regressor (psychological
term) at the participant-level GLM"8, separately for task-relevant and
irrelevant conditions, and also combining across tasks toincrease statis-
tical power. For combined conditions, the model design matrix for each
participant included regressors for task-relevant and task-irrelevant
faces, objects, letters and false fonts collapsed across conditions (four
regressors) as well as a regressor for targets (irrespective of their cat-
egory), yielding five regressors in total. As for separated conditions,
the model design matrix included regressors for task-relevant and
task-irrelevant faces, objects, letters and false fonts (eight regressors)
aswellas aregressor for targets (irrespective of their category), yield-
ing nine regressors in total. For each seed, group-level analysis was
performed using a cluster-based permutation test (preferred over the
preregistered FDR correction), complemented by Bayesian analysis.
Seesection14in Supplementary Information for ajustification of this
changeto evaluate the statistical significance of face > object contrast
parameter estimates across participants (P < 0.05).
Putative NCC analyses. A series of conjunction analyses were per-
formed on the fMRI data to identify (1) areas responsive to task goal,
(2) areas responsive to task relevance, and (3) areas putatively involved
in the neural correlate of consciousness. We note that the contrasts
proposed below might overestimate the neural correlates of conscious-
ness and that the fast-event-related design adopted here might be
suboptimal to detect activity changes in the salience network'’, that
is, potentially underestimating some regions that might be involved
in conscious processing. We therefore have adopted a conservative
approach that distinguishes between areas that might participate in
consciousness versus those that definitely do not.

The conjunction defining areas responsive to task goals was defined
as[TaskRelTar > bsl] and [(TaskRelNonTar = bsl) and (TaskIrrel = bsl)].
This contrast captures areas that show anincrease of BOLD signal for
targets but not for other stimuli. The following conjunction identified
areasresponsive to task relevance: [(TaskRelTar > bsl) and (TaskRelNon-
Tar # bsl)] and [TaskIrrel = bsl]. This contrastidentifies areas displaying
differential activity for all task-relevant stimuli, but are insensitive to
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non-task-relevant stimuli. Finally, the following conjunction was used
to identify the putative NCC areas: [(TaskReINonTar (stimid) > bsl)
and (Tasklrrel (stim id) > bsl)] or [(TaskRelNonTar (stim id) < bsl) and
(Tasklrrel (stimid) < bsl)], critically detecting areas that are responsive
to any stimulus category irrespective of task, with consistent activa-
tion or deactivation. Thus, this analysis casts a wide net to identify
areas that can potentially be the neural correlates of consciousness,
whereas excluding areas that do not respond to task-relevant or irrel-
evant stimuli (meaning that areas thatrespond both to the taskand to
the content of perception are still included).

To compute conjunctions, we first rana GLM (see above) corrected
for multiple comparisons (Gaussian random-field cluster-based infer-
ence). Equivalenceto baseline was established using aJZS Bayes factor
test, with a Cauchy prior (r scale value of 0.707, as implemented in
Pingouin (0.5.1)?°. Evidence maps were thresholded at BF, > 3. The
thresholded zmaps and the Bayesian evidence maps onthe group level
were used for the conjunction analysis. For conjunctionsincluding an
‘unequalto’,a‘logical and’ operation was used between the directional
zmaps, after thresholded maps were binarized. For the putative NCC
contrast, conjunctions were performed separately for activations and
deactivations, using a ‘logical and’ operator for the task-relevant and
irrelevant zmaps. The resulting maps were combined using a ‘logical
or’operationto discard areas showing effects of opposite direction for
task-relevant and task-irrelevant stimuli. This analysis was also done
atthe participantlevel, masked using the anatomical ROIs, to account
forinter-participant variability. For each ROI, the proportion of partici-
pantswithvoxelsincludedin the conjunctionis reported. The multivari-
ate version of the putative NCC analysis was done using the thresholded
statistical maps obtained from the whole-brain searchlight decod-
ing based on a participant-level stimulus versus baseline-decoding
accuracy maps (for details regarding the decoding approach used,
see ‘Decoding analysis’).

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The full study protocol is available in the preregistration on the OSF
webpage (https://osf.io/92tbg/), including a detailed description of
the experimental design, the predictions of the theories and agreed-on
interpretations of the results, as well asiEEG, MEG and fMRI data acqui-
sition details, preprocessing pipelines and data analysis procedures.
Deviations from the preregistration are documented throughout the
articleand summarizedin section 14 of the Supplementary Information.
Alldatageneratedinthisstudy are available under a CCBY 4.0 license.
The M-EEG, fMRIandiEEG datasets are distributed through two meth-
ods: as downloadable data bundles and via an XNAT instance, which
enables search functionality and single-participant downloads. Data
bundles canbeaccessed (https://www.arc-cogitate.com/data-bundles)
in raw format (M-EEG raw', fMRI raw'? and iEEG raw'*®) and BIDS
format (M-EEG BIDS™*, fMRI BIDS'® and iEEG BIDS™). Alternatively,
the datasets are accessible via the Cogitate XNAT instance'” (https://
cogitate-data.ae.mpg.de). All distribution formatsinclude robust meta-
data, and detailed documentation of experimental procedures and
dataset structure is available (https://cogitate-consortium.github.io/
cogitate-data/). For furtherinquiries, please contact the correspond-
ing authors.

Code availability

Task and analysis codes have been shared under an MIT license. The
task code'®® has beenshared on GitHub (https://github.com/Cogitate-
consortium/cogitate-experiment-code). The analysis code'® has also

been shared on GitHub (https://github.com/Cogitate-consortium/
cogitate-mspl).
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Extended DataFig.1|Prediction#1Complementary results for decoding
of conscious content. a.fMRIsearchlight decoding accuracies (letters/false-
fonts), collapsed across durations. Pattern classifiers trained on relevant
stimuliand tested onirrelevant stimuli (left, purple) or vice versa (right,
orange): Outlined colored regions on the inflated cortical surfaces (top: lateral
views; bottom: medial views) indicate significant above-chance (50%) decoding.
Here and below, significance was evaluated througha cluster-based permutation
test (p <0.05; two-sided). Sample sizes asreported in Fig. 2. b.iEEG ROIs
decodingaccuracies (letters/false-fonts) collapsed across durations.
Conventions asina. Theresultsare displayed oninflated surface maps from
aleftlateral (top left), posterior (top right) and left medial (bottom) views.
c.MEG cross-task decoding of category (letters/false-fonts) when classifiers
were trained onrelevant stimuliand tested onirrelevant stimuli (purple); or
vice versa (orange), separately for the whole posterior (left) and prefrontal

(right) ROIs. Underlying lines indicate significantly above-chance (50%)
decoding. Error bars depict 95% Clacross participants. d.iEEG cross-task
temporal generalization of category decoding (letters/false-fonts) classifiers
trained on task-relevant stimuliand tested on task-irrelevant stimuli. Columns:
stimulus durations (left: 0.5s; center:1.0 s; right: 1.5 s). Rows: theory ROls
(top: posterior; bottom: prefrontal). Contoured red-shaded regions depict
significant above-chance (50%) decoding. e.iEEG cross-task temporal
generalization of category decoding (faces/objects), classifiers were trained
ontask-relevant stimuliand tested ontask-irrelevant ones. Conventionsasin
d.f.iEEG cross-task temporal generalization of category decoding (faces/
objects) from task-irrelevant to task-relevant stimuli, yet using pseudotrial
aggregationtoboost decodingaccuracy. Conventions asind.g.iEEGROI
decodingaccuracies (faces/objects) using pseudotrials. Conventionsasinb.
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Extended DataFig. 3| Control analyses for the decoding prediction. a. Left:

iEEG ROIs decodingresults of orientation (left/right/front view) over time as
inFig.2, butusing pseudotrials akin to the MEG analysis. Right: Regions with
electrodes showing significant above-chance (33%) accuracies areindicated
inoutlined blue on theinflated surfaces (left: left lateral view; middle:

posterior view; right: left medial view). Here and below, error bars depict 95%

Cl. Significance assessed using a cluster-based permutation test (p < 0.05, two-

sided).b. Two analyses were performed to evaluate potential leakage in MEG
decoding, usingindependent data from the optimization phase (N =32). Top:
averaged stimulus-evoked response in face task-relevant trials, combined
across durations, at different latencies, projected on theinflated surfaces.
Activity in posterior areas (blue ellipse) showed the highest peak-0.1-0.2's,
while prefrontal areas showed a later highest peak -0.2-0.3 s. This challenges
theleakage interpretation. Bottom: Analysis of face/object decoding in task-
relevant trials across durations, separately within parcelsin parietal and PFC.

Left: Average decoding accuracy inan early time window (0.25-0.5 s) projected
ontwo differently inflated surfacesto better depict gyriandsulci. Right: Time-
resolved decodingthese parcels. Decodingis highestin posteriorareasand
lowestin anterior areas, with fairly similar time courses, suggesting a posterior-
to-anterior gradient consistent with leakage. c. ROIsusedin the decoding
analysisincluding (blue) and excluding (red) PFC areas. d.iEEG decoding of
faces/objects (left), letters/false-fonts (middle) and face orientation (right),
withand without PFC (blue/red). Underlying lines indicate significantly worse
decoding whenincluding PFC. e. MEG decoding results, same conventions
asind.f.fMRIdecoding of faces/objects. Histogram shows the differencesin
classificationincluding and excluding frontal areas. fMRI accuracies including
PFCshow1.2%increase compared to excluding PFC, observedin 56% of the
participants. Notably, this slightincrease was observed only in the combined
features analysis and not the combined models’ analysis (see Methods). Images
inpanelse,fare fromFreesurfer.
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Extended DataFig. 4 |Maintenance of conscious content over time
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condition, separability was significant only for a brief period at the beginning.
Identity information was significant for letters and false-fonts but not for faces.

Whileidentity information was not sustained throughout the entire stimulus
duration, elevated z-scores up to1ssuggest a potential limitation in statistical
power. No statistically significant orientation information was observed for

any category. ConventionsasinFig.3.b. Cross-temporal representational
similarity matrices in Prefrontal ROI (N ycients=28, Nejectrodes = 576) for the same

contrastsas and following the same conventionsasina.No contrast yielded
statistically significant resultsin the PFECROI.
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Extended DataFig.5|Prediction#3: Interareal connectivity preregistered
analysis. a.iEEG electrode coverage used to assess content-selective
synchrony for lIT ROIs (top, Npgients = 4) & GNWTROIs (bottom, Npgiencs = 21).
Electrode coverage varied between ROIs as interareal connectivity was
assessed between electrodes on aper-participant basis. In addition, two
example category-selective electrodes are shown (right): one face-selective,
and one object-selective. Error bars depict standard error ofthe mean.b. MEG
(N =65) cortical time-series were extracted per participant from cortical
parcelsinV1/V2 (blue), PFC (green) and in a fusiform (red) ROls. Category-
selective signals were obtained by creating a category-selective GED filter (i.e.,
contrasting face/object trials against any other stimulus category trials) on the
activity extracted from the fusiform ROI. Face- (bottom left) and object-selective
(bottomright) responses averaged across participants are shown atthe
bottom. Error bars depict 95% CI. Here and below, significance was assessed

using cluster-based permutation tests, p <0.05, two-sided. c.iEEG Pairwise
phase consistency (PPC) analysis of task-irrelevant trials reveals significant
content-selective synchrony (e.g. faces > objects for face-selective electrodes;
left; objects > faces for object-selective electrodes; right) in V1/V2ROls (top
row), butnotin PFCROIs (bottom row). Color barsrepresent the average
changein PPC (face-object trials) for each node (face-selective, object-selective).
Positive values reflect stronger connectivity for faces, while negative values
reflectstronger connectivity for objects. d. MEG PPC analysis of task-irrelevant-
trials (N = 65) reveals significant category-selective synchrony below 25 Hz for
the face-selective GED filter (i.e., faces > objects for face-selective electrodes)
inboth V1/V2 (top row) and PFCROIs (bottom row) and for the object-selective
synchrony (objects > faces for object-selective electrodes) in the PFECROl only.
Imagesin panelsa-care from Freesurfer.
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Extended DataFig. 6 | Control analysis for the interareal connectivity
prediction.a.iEEG PPC analysis of task-irrelevant trials did not reveal any
significant category-selective synchrony cluster in posterior (top) or PFC
(bottom) ROIs after removing the evoked response. Same conventions and
statistical tests asin Extended DataFig. 8 are used here and below.b. MEG PPC
analysis of task-irrelevant trials also did not reveal any synchrony clusterinany
ROl after removing the evoked response. c.iEEG DFC analysis of task-irrelevant
trials without removing the evoked response reveals significant content-
selective connectivity between object-selective electrodesand V1/V2
electrodes (top-right), reflected as broadband (25-125 Hz) decrease in the
changeinDFC (e.g., faces <objects). Similar broadband changesin DFC (faces >
objects) were observed for face-selective electrodes in PFC (bottom-left).
Smaller significant effects were detected between face-selectiveand V1/V2
electrodes (top-left) and for object-selective and PFC electrodes (bottom-
right). d. MEG DFC analysis of task-irrelevant trials without removing the
evokedresponse reveal significant content-selective synchrony between the

face-selective GED filter node and both V1/V2 (top-left) and PFC (bottom-left).
Thisisreflectedinanincrease inlow-frequency connectivity (<25Hz) combined
withadecreaseinhigh-frequency connectivity (25-100 Hz). Smaller yet
significant effects were detected for the object-selective GED filter (right).
e.Generalized psychophysiological interactions (gPPI) task-related connectivity
analysis of task-irrelevant (left) and task-relevant (right) trials revealed weak
clusters of content-selective connectivity with FFA as the analysisseed (p < 0.01,
uncorrected). Commonsignificant regions showing task-related connectivity in
task-irrelevant, task-relevant, and combined conditionsinclude V1/V2, right
intraparietal sulcus (IPS), and right inferior frontal gyrus (IFG). f. gPPI task-
related connectivity analysis of task-irrelevant (left), task-relevant (middle),
and combined conditions revealed weak clusters of content-selective
connectivity with lateral occipital complex (LOC) as the analysis seed (p < 0.01,
uncorrected). Overall, no commonsignificant regions showed task-related
connectivity.
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Extended DataFig.7|Anoverview of theoretical predictions, experimental
outcomes and interpretations. Left: Preregistered predictions of [IT (top)
and GNWT (bottom) (see also Melloni, 2023; Fig.1). Key hypotheses (second
column, Key hypotheses) are described alongside the three analyses used to
test them (third column, Test): decoding (prediction #1; Fig. 2), activation &
RSA (prediction #2; Fig.3), and synchrony (prediction #3; Fig. 4). Potential
outcomes and theirinterpretations are detailed in the fourth column (Possible
outcomeand interpretation), with outcomes aligning with predictions framed
ingreen (pass) and contradictory outcomes framed in red (fail). Solid frames
denote critical predictions, while dotted gray framesindicate non-critical
predictions. Thissectionreflects the theoretical expectations before the
experiment. Right: summary of the actual findings, integrating results across
modalities and analyses. Key findings for each prediction are described

(fifth column; ‘Result’) with white denoting alignment with predictions, red
indicating contradiction, white/red mixtures showing partial supportor failure,
and yellow indicating inconclusive results. Final conclusions synthesize these
findings, using the same color coding. For IIT, the results mix a passed prediction
(content-specific complex of neural unitsin posterior cortex, throughout the
persistence of apercept, independent of the task) with a failure (maximum
integrated information). For GNWT, amixture of a partly challenged prediction
(ofanall-or-none threshold and amplification of information updating

the content of consciousness in PFC) and a partly supported one, given the
inconclusive result for orientation (of global broadcasting of informationin the
PFC). Theseresults are discussed in the main text, including theirimplications
for other consciousness theories. Stimulusimages are courtesy of Michael ). Tarr,
Carnegie Mellon University, http://www.tarrlab.org/.
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Extended Data Table 1| Key Predictions and Integration of Evidence Across Planned Analyses

GNWT predictions

IIT predictions

Prediction # 1: Decoding analyses

(A1) Cross-task generalization of decoding of ANY
CATEGORY that showed decoding in the TR
condition in ANY PREFRONTAL areas from Task
irrelevant (Tl) to Task relevant (TR) OR from TR to
T, during 300-500ms post-stimulus onset

(A1) Cross-task generalization of decoding of ANY CATEGORY
that showed decoding in the TR condition in ANY
POSTERIOR from Tl to TR (data taken from any time
window)

(A2) Decoding of ORIENTATION for ANY category in
ANY PREFRONTAL area, during 300-500ms post
stimulus onset

(A2) Decoding of ORIENTATION, for ANY category in ANY
POSTERIOR areas (data taken from any time window)

(B1) NO increase in decoding accuracy' for ANY CATEGORY
that showed decoding in the TR condition when adding
non-specialized frontal areas (only for task irrelevant)
(data taken from any time window for posterior ROl and
from 300-500ms post-stimulus onset for frontal areas)

(B2) NO increase in decoding accuracy' of ORIENTATION for
ANY category that showed decoding when adding non-
specialized frontal areas (only for task irrelevant) (data
taken from any time window for posterior ROl and from

300-500ms post-stimulus onset for frontal areas)

A1 & A2 should be TRUE for MEG OR iEEG B1 & B2 should be TRUE for MEG OR iEEG

Prediction #2: Activation and representational similarity analyses

(A) Phasic ignition in ANY PREFRONTAL area at stimulus
ONSET (300-500ms post onset) AND OFFSET (300-
500ms post offset) in Tl for ALL stimulus durations for
at least ONE cetgory in at least ONE measure of
activation (ERP, High gamma, alpha)

(A) Content-specific sustained activation (from 300ms
until the offset) in Tl for ALL durations for at least
ONE category in posterior cortical areas in at least
ONE measure of activation (increased gamma,
decreased alpha)

Phasic RSA during ONSET and OFFSET (300-500ms
post stimulus onset/offset) in Tl for 1.0 and 1.5 durations
for at least ONE content (category OR orientation OR
identity) in any PREFRONTAL area

(B) Sustained RSA (from 300ms until the offset) in Tl for
1.0 and 1.5 durations for at least ONE content
(category OR orientation OR identity) in any
POSTERIOR area (contingent on results of the blink

control analysis)

A should be TRUE for MEG OR iEEG A & B should be TRUE for MEG OR iEEG

Prediction #3: Synchronization analyses

(A) Stronger synchronization between PFC and FFA for
faces vs. objects during the 300-500ms time window
in ANY technique?, AND the STIMULUS difference
should be larger than the TASK difference

(B) Stronger sustained (from 300ms until the offset)
synchronization between (activated) V1/V2 and FFA
for faces vs. objects for ALL durations in MEG/IEEG,
AND the difference in the pattern of synchronization
should be more consistent with the STIMULUS than
with the TASK

(C) Stronger synchronization between PFC and LOC for
objects vs. faces during 300-500ms time window in
ANY technique, AND the STIMULUS difference should
be larger than the TASK difference

AORB
Integration across predictions:
Prediction #1 (Decoding) AND
Prediction #2 (Activation) AND
Prediction #3 (Synchronization)

Stronger sustained (from 300ms until the offset)
synchronization between (activated) V1/V2 and LOC
for objects vs. faces for ALL durations in MEG/iEEG,
AND the difference in the pattern of sumchronization
should be more consistent with the STIMULUS than
with the TASK

(B

-~

AORB
Integration across predictions:
Prediction #2 (Activation) = AND
Prediction #2 (RSA) AND
Prediction #3 (Synchronization)

" Assuming above chance (statistically significant) decoding.

2 Although fMRI cannot be used to determine the temporal aspects of this prediction, we still consider a finding of synchronization between the
expected areas as supporting evidence for GNWT.

Key predictions of each theory and plan for integrating outcomes across the different brain recording modalities and analyses. Each prediction (Bolded titles, light gray cells) is broken down
to sub-predictions, which are then integrated together to provide the final conclusion per prediction (dark gray rows, appearing at the bottom for each prediction). Bolded predictions are
the ones appearing on Extended Data Fig. 7 on the Preregistration, and are defined as the critical predictions for evaluating the theories. Numbered sub-predictions are the ones considered
when integrating across sub-predictions to reach the final conclusion of each prediction (black rows). Finally, light red row denotes vertical integration across all predictions, to form the final
conclusion for each theory based on its critical predictions.



Extended Data Table 2 | Decoding of faces vs. objects in the theory-defined ROIs

Anatomical ROIs Irrelevant- Relevant- Irrelevant Relevant
(Destrieux atlas) Relevant irrelevant
% % % %

nvoxels voxels nvoxels voxels nvoxels voxels nvoxels voxels
Posterior ROI
G_and_S_occipital_inf 1868 93 1866 93 1868 93 1876 93
G_oc-temp_lat-fusifor 2549 98 2550 98 2542 98 2561 99
G_occipital_middle 1979 80 1952 79 1909 76 2096 85
S_oc_middle_and_Lunatus 1009 100 1008 100 1000 100 1010 100
G_cuneus 600 24 542 22 587 23 1233 49
G_occipital_sup 1351 69 1295 66 1299 66 1302 66
G_oc-temp_med-Lingual 1403 47 1374 46 1375 46 1499 50
G_oc-temp_med-Parahip 430 30 408 29 432 31 521 37
G_temporal_inf 686 47 692 47 756 52 859 59
Pole_occipital 1952 80 1934 80 1870 77 1968 81
Pole_temporal 0 0 0 0 0 0 15 2
S_calcarine 448 18 427 18 395 16 657 27
S_intrapariet_and_P_trans 261 7 287 8 799 21 1670 44
S_oc_sup_and_transversal 1163 82 1166 82 1225 87 1230 87
S_temporal_sup 1100 22 944 19 820 17 2264 46
PFC ROI
G_and_S_cingul-Mid-Post 0 0 0 0 0 0 0 0
Lat_Fis-ant-Horizont 0 0 0 0 0 0 1250 23
Lat_Fis-ant-Vertical 6 1 1 0 3 1 36 8
G_and_S_cingul-Ant 0 0 0 0 5 0 278 8
G_and_S_cingul-Mid-Ant 0 0 0 0 0 0 200 1
G_front_inf-Opercular 134 6 65 3 98 4 436 20
G_front_inf-Orbital 0 0 0 0 0 0 34 5
G_front_inf-Triangul 142 9 68 4 130 78 608 37
G_front_middle 50 1 15 0 154 3 1301 21
S_front_middle 0 0 4 0 29 1 86 4
S_front_sup 0 0 0 0 0 0 300 8
S_front_inf 164 8 89 4 184 9 1022 49

The table presents the number of voxels in each theory-defined ROI that were detected in the searchlight decoding of category (faces vs. objects; N=73), using a cluster-based permutation test
(p<0.05). The results are presented separately for cross-task decoding (i.e., when classifiers are trained on the task-irrelevant trials and tested on task-relevant ones, or vice versa), as well as for
within task decoding (irrelevant and relevant conditions).
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Extended Data Table 3 | Electrode locations found to be significant in the LMM analysis

Channel X y z Destrieux ROI Wang ROI Desikan ROI Model
SE107-O2PH16 -0.03618 -0.08678 0.000733 S_oc_middle_and_Lunatus TO1 ctx-lh-lateraloccipital IIT x Cate
SE120-T3bOT10 -0.05876 -0.06964 -0.02078 G_oc-temp_lat-fusifor Unknown  ctx-lh-fusiform IIT x Cate
SE120-T3bOT9 -0.05712 -0.0689 -0.02016  G_oc-temp_lat-fusifor Unknown  ctx-lh-fusiform IIT x Cate
SF102-LO1 -0.01976 -0.10359 0.001174 Pole_occipital vad ctx-lh-lateraloccipital IIT x Cate
SF102-LO2 -0.02301 -0.09792 0.005426 Pole_occipital vad ctx-lh-lateraloccipital IIT x Cate
SF103-PIT1 -0.04072 -0.06213 -0.02039 G_oc-temp_lat-fusifor Unknown  ctx-lh-fusiform IIT x Cate
SF103-PIT2 -0.04156 -0.04393 -0.02499 G_oc-temp_lat-fusifor Unknown  ctx-lh-fusiform IIT x Cate
SF104-LO1 -0.01396 -0.10275 0.008659 Pole_occipital vad ctx-lh-lateraloccipital IIT x Cate
SF104-LO2 -0.01663 -0.10338 0.005258 Pole_occipital vad ctx-lh-lateraloccipital IIT x Cate
SF109-103 0.006178 -0.07586 -0.00279 G_oc-temp_med-Lingual V2v ctx-rh-lingual IIT x Cate
SF109-104 0.005093 -0.07816 -0.0047 G_oc-temp_med-Lingual V2v ctx-rh-lingual IIT x Cate
SF113-RIT1 0.038119  -0.04974 -0.02225 G_oc-temp_lat-fusifor Unknown Cerebellum-Cortex IIT x Cate
SF113-RIT2 0.040545  -0.04845 -0.02346 G_oc-temp_lat-fusifor Unknown Cerebellum-Cortex IIT x Cate
SE107-O1b3 -0.01196 -0.06305 -0.00094 G_oc-temp_med-Lingual Unknown  ctx-lh-lingual GNWT
SE107-O2PH14 -0.03383 -0.08203 6.93E-05 S_oc_middle_and_Lunatus LO2 ctx-lh-lateraloccipital GNWT
SE107-O2PH15 -0.0354 -0.08519 0.000512 S_oc_middle_and_Lunatus LO2 ctx-lh-lateraloccipital GNWT
SE108-02b14 -0.0294 -0.09064 -0.00472 S_oc_middle_and_Lunatus LO1 ctx-lh-lateraloccipital GNWT
SE120-02*5 -0.04225 -0.09646 -0.00451 G_and_S_occipital_inf Unknown ctx-lh-lateraloccipital GNWT
SE120-02*6 -0.04354 -0.09769 -0.00357 G_and_S_occipital_inf Unknown ctx-lh-lateraloccipital GNWT
SE120-T3c6 -0.05264 -0.08681 0.025426 S_temporal_sup Unknown ctx-lh-inferiorparietal GNWT
SF104-LO3 -0.02255  -0.10253  0.000551 Pole_occipital vad ctx-lh-lateraloccipital GNWT
SF109-DL4 0.022039 -0.07051 0.008421 S_calcarine Unknown ctx-rh-pericalcarine GNWT
SF109-DL5 0.02433 -0.07204 0.008081 S_calcarine Unknown  ctx-rh-pericalcarine GNWT
SF109-G45 0.04645 -0.08224 -0.00242 G_occipital_middle Unknown ctx-rh-lateraloccipital GNWT
SE108-02b13 -0.02856 -0.08853 -0.00505 G_and_S_occipital_inf Unknown ctx-lh-lateraloccipital 1T
SE110-02*10 0.036288 -0.1042 -0.00079 G_and_S_occipital_inf Unknown ctx-rh-lateraloccipital 1T
SE110-02*7 0.031792  -0.09698 -0.00721 S_oc-temp_lat Unknown ctx-rh-lateraloccipital nT
SE110-02*8 0.03359 -0.09987 -0.00464 G_and_S_occipital_inf Unknown ctx-rh-lateraloccipital 1T
SE110-02*9 0.035389 -0.10276 -0.00207 G_and_S_occipital_inf Unknown ctx-rh-lateraloccipital 1T
SE120-O1b10 -0.02828  -0.11893  0.004408 Pole_occipital vad ctx-lh-lateraloccipital T
SF102-LO3 -0.0356 -0.08904 -0.00424 G_occipital_middle LO2 ctx-lh-lateraloccipital 1T
SF107-01 0.024693 -0.10108 -0.00812 Pole_occipital Unknown ctx-rh-lateraloccipital nT
SF107-02 0.027381  -0.09982 -0.00773 Pole_occipital Unknown ctx-rh-lateraloccipital 1T
SF107-03 0.042207 -0.08618 -0.00419 G_occipital_middle Unknown ctx-rh-lateraloccipital 1T
SF113-RO1 0.034984  -0.08617  0.010333 G_occipital_middle V3B ctx-rh-lateraloccipital nT
SF113-RO2 0.040244  -0.08034 0.011692 G_occipital_middle LO2 ctx-rh-inferiorparietal 1T

Electrodes location in MNI coordinates, as well as in the corresponding parcellations of the Destrieux Atlas, Wang Atlas and Desikan Atlas.
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